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AMD ROCm is a software stack, composed primarily of open-source software, that provides the tools for programming
AMD Graphics Processing Units (GPUs), from low-level kernels to high-level end-user applications.

The AMD ROCm Programming Guide introduces the core concepts, APIs, and best practices for programming with
ROCm and the HIP programming language. It provides hands-on guidance for writing GPU kernels, managing memory,
optimizing performance, and integrating HIP with the broader AMD ROCm ecosystem of tools and libraries.

For details on changes and version information, see Release notes.

Getting started

• Introduction

• What is ROCm?

• What is HIP?

• Introduction to the HIP programming model

• Hardware implementation

• SAXPY Tutorial - Hello HIP

Core HIP programming

• Introduction to core HIP programming

• HIP kernel programming

• Using HIP runtime API

– Initialization

– Memory management

– Error handling

– Asynchronous concurrent execution

– Cooperative groups

– HIP graphs

– Call stack

– OpenGL interoperability

– External resource interoperability

• GPU programming patterns

– Two-dimensional kernels: matrix multiplication tutorial

– Atomic operations: histogram tutorial

– CPU-GPU cooperative computing: K-means clustering tutorial

– Stencil operations: image convolution tutorial

– Multi-kernel programming: breadth-first search tutorial

• HIP compilers

Performance optimization techniques

• Optimizing performance

– Highly parallel workload: image gamma correction

– Fixed-size kernels: image gamma correction
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– Tiling and coalescing: matrix transpose

For GPU performance concepts, profiling-driven optimization patterns, and multi-GPU programming, see the AMD
ROCm Optimization Guide.

ROCm platform

• Install AMD ROCm 10.1.0

• Third-party tools

Known issues are listed and can be reported on the on the AMD ROCm Programming Guide GitHub repository.

To contribute to the documentation, see Contributing to ROCm for contribution guidelines.

You can find licensing information on the Licensing page.
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CHAPTER

ONE

RELEASE NOTES

This page tracks releases of the AMD ROCm Programming Guide.

Version Release date

10.1.0 October 5, 2026
10.0.0 August 26, 2026
7.14.1 September 2, 2026
7.14.0 July 15, 2026
7.2.4 May 29, 2026
7.2.3 May 4, 2026
7.2.2 April 14, 2026
7.2.1 March 25, 2026
7.2.0 January 21, 2026
7.1.1 November 26, 2025

1.1 ROCm 10.1.0

1.1.1 Updated content

• Updated the installation instructions for ROCm 10.1.0, including revised install methods and operating system and
version selectors.

1.2 ROCm 10.0.0

1.2.1 New content

Added the Execution contexts page, describing how to query and use the HIP execution context.

1.2.2 Updated content

• Updated the installation instructions for ROCm 10.0.0, including revised install methods, operating system and
version selectors, and pip package information.

• Updated the compatibility matrix for 10.0.0.

• Updated profiling references to point to ROCprofiler-SDK.

• Enhanced the following HIP topics:

– Cooperative groups

– Unified memory management

3

https://rocm-handbook.amd.com/projects/amd-rocm-programming-guide/en/docs-10.1.0/
https://rocm-handbook.amd.com/projects/amd-rocm-programming-guide/en/docs-10.0.0/
https://rocm-handbook.amd.com/projects/amd-rocm-programming-guide/en/docs-7.14.1/
https://rocm-handbook.amd.com/projects/amd-rocm-programming-guide/en/docs-7.14.0/
https://rocm-handbook.amd.com/projects/amd-rocm-programming-guide/en/docs-7.2.4/
https://rocm-handbook.amd.com/projects/amd-rocm-programming-guide/en/docs-7.2.3/
https://rocm-handbook.amd.com/projects/amd-rocm-programming-guide/en/docs-7.2.2/
https://rocm-handbook.amd.com/projects/amd-rocm-programming-guide/en/docs-7.2.1/
https://rocm-handbook.amd.com/projects/amd-rocm-programming-guide/en/docs-7.2.0/
https://rocm-handbook.amd.com/projects/amd-rocm-programming-guide/en/docs-7.1.1/


AMD ROCm™ Programming Guide, Release 10.1.0

– Stream-ordered memory allocator

1.3 ROCm 7.14.1

No changes were made to the AMD ROCm Programming Guide.

1.4 ROCm 7.14.0

1.4.1 New content

Added the ROCm Runfile Installer page, describing how to install ROCm, the AMD GPU driver, or both on systems with
or without network access.

1.4.2 Updated content

• Updated the installation instructions for ROCm 7.14.0, including revised prerequisites, install methods, and pip
package information.

• Updated the compatibilitymatrix for 7.14.0, coveringAI ecosystem, core SDK components, and supported Instinct,
Radeon, and Ryzen systems.

• Enhanced the following HIP topics:

– Cooperative groups

– Unified memory management

– Coherence control

– Stream-ordered memory allocator

– Virtual memory management

1.5 ROCm 7.2.4

No changes were made to the AMD ROCm Programming Guide.

1.6 ROCm 7.2.3

No changes were made to the AMD ROCm Programming Guide.

1.7 ROCm 7.2.2

No changes were made to the AMD ROCm Programming Guide.

1.8 ROCm 7.2.1

1.8.1 New content

Added HIP compilers page with description of HIP compilers.
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1.8.2 Updated content

Enhanced the following topics:

• SAXPY Tutorial - Hello HIP

• how-to/multi-gpu_programming (removed; see the AMD ROCm Optimization Guide)

• how-to/performance_optimization (removed; see the AMD ROCm Optimization Guide)

1.9 ROCm 7.2.0

1.9.1 New content

Added a page listing third-party software compatible with ROCm: Third-party tools.

1.9.2 Updated content

• Minor command line argument update on reference/rocm_in_data_centers/kubernetes/configuration page.

• Enhanced Hardware implementation page.

• Enhanced how-to/performance_optimization page (removed; see the AMD ROCm Optimization Guide).

1.10 ROCm 7.1.1

Initial release of the AMD ROCm Programming Guide.

1.9. ROCm 7.2.0 5
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CHAPTER

TWO

INTRODUCTION

The rapid growth of high-performance computing (HPC) and artificial intelligence (AI) has driven an equally rapid
evolution in the software ecosystems that power these workloads. Users increasingly require an open, flexible, and
high-performance GPU compute platform capable of scaling from exploratory prototyping to mission-critical production
workloads. AMD’s ROCm open-source software platform emerged to meet these needs by enabling developers to fully
harness the computational power of AMD Instinct™ GPUs, AMD Radeon™ GPUs, and supported Ryzen™ APUs,
while maintaining compatibility with widely adopted industry frameworks.

2.1 Key drivers of ROCm

Several major trends underpin the adoption and growth of ROCm:

• Open ecosystem demand: Organizations—from academic institutions to large-scale HPC centers—value trans-
parent, community-driven platforms. ROCm’s open-source foundation gives developers insight, flexibility, and
long-term sustainability for their GPU computing stack.

• HPC andAI convergence: Modern workloads increasingly blend simulation, data analytics, and machine learning.
ROCm is designed to accelerate this convergence, offering a unified environment that supports scientific computing,
deep learning, training and inference, large-scale simulations, and data-driven modeling.

• Performance and efficiency: ROCm is optimized to extract maximum performance from AMD GPUs, enabling
fine-grained optimizations across on-premise clusters and cloud deployments.

ROCm users include HPC researchers, AI practitioners, system integrators, cloud providers expanding GPU compute
offerings, and developers building high-performance workloads on AMD hardware—fromworkstation users with desktop
Radeon GPUs to large-scale supercomputing installations.

2.2 Key features of ROCm tools and the HIP runtime

At the heart of the ROCm ecosystem is the HIP runtime and programming model, a C++ API introduced by AMD in
2016. HIP provides a familiar, NVIDIA CUDA-like interface for high-performance development on AMD GPUs. Its
design balances performance with maintainability, allowing developers to write quality parallel code.

Key features of the ROCm tools and HIP runtime include:

• Rich language interoperability: ROCm supports multiple programming languages and interfaces—including
HIP, OpenMP, and OpenCL—offering flexibility for different application domains.

• Optimized math, AI, and HPC libraries: The platform includes a robust set of tuned libraries for BLAS, FFT,
sparse linear algebra, random number generation, graph analytics, and deep learning primitives.

• Comprehensive development tools: ROCm provides profilers, debuggers, compilers, and analysis utilities that
give developers control over performance tuning and hardware-aware optimization.

7
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• Scalable performance across AMD GPU families: Applications can seamlessly run on AMD Instinct accelera-
tors for datacenters as well as Radeon GPUs for workstations and development environments.

• Integration with industry frameworks: ROCm supports PyTorch, TensorFlow, JAX, and numerous HPC frame-
works, allowing developers to adopt GPU acceleration without needing to rewrite entire codebases.

Together, HIP and the ROCm toolchain form a cohesive, high-performance environment for parallel programming,
whether targeting deep learning pipelines or large-scale scientific simulation.

2.3 About AMD ROCm programming guide

This guide serves as a comprehensive programming guide for developers working with HIP and the broader ROCm
ecosystem. It introduces HIP fundamentals, demonstrates best practices for GPU development, and provides practical
examples that run on any AMD GPU supported by ROCm. While many examples reference AMD Instinct accelerators
such as the MI100, the material remains portable and applicable across ROCm-supported hardware.

Importantly, this guide is derived from the official ROCm docs portal, reorganized for PDF export and offline usage. By
consolidating and refining the online documentation into a unified volume, this guide provides developers with a clear,
accessible, and convenient reference.

The chapters that follow introduce the principles of parallel programming on AMD GPUs, explore the features and
ecosystem of HIP, and provide practical guidance for building efficient, portable, high-performance GPU applications.

8 Chapter 2. Introduction
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CHAPTER

THREE

WHAT IS ROCM?

ROCm is the AMD open software stack for GPU‑accelerated computing. It provides the tools needed to program AMD
GPUs — including runtimes, compilers, performance and system utilities, and optimized math and compute libraries.
The wider ROCm ecosystem includes ROCm‑enabled HPC applications and deep learning frameworks such as PyTorch.

ROCm10.1.0 is built through TheRock, AMD’s open build and release system. TheRock replaces the previousmonolithic
release process with a modular workflow that makes ROCm components easier to build, integrate, and distribute. See
the Release notes for more information.

3.1 ROCm Core SDK

The ROCm Core SDK provides the foundational components that power the ROCm ecosystem — runtimes, compilers,
math libraries, and system utilities for GPGPU computing. See ROCm Core SDK components for more information.

3.2 ROCm Extras

ROCm Extra components are supplementary tools for benchmarking, validating, and managing ROCm deployments.
These tools are not required for GPU application development but are useful for verifying hardware health, measuring
system performance, and managing GPU fleets. For more information, see ROCm Extras components.

9
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3.3 Get started

• See the release notes – Release notes – to learn about the latest changes and the current state of ROCm.

• See the compat-matrix – for system requirements and AMD hardware compatibility information.

• Follow Install AMD ROCm 10.1.0 to set up ROCm on your system.

10 Chapter 3. What is ROCm?
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CHAPTER

FOUR

WHAT IS HIP?

HIP is a C++ runtime API and kernel language for AMD GPUs. It is part of AMD’s ROCm platform and lets developers
create applications that run on heterogeneous systems, using CPUs and AMD GPUs from a single source code base.

• HIP is a thin API with little or no performance impact over coding directly in AMD ROCm.

11
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• HIP enables coding in a single-source C++ programming language, including features such as templates, C++11
lambdas, classes, namespaces, and more.

• Developers can tune for performance or handle tricky cases via HIP.

ROCm offers compilers (clang, hipcc), code profilers (rocprofv3), debugging tools (rocgdb), libraries and HIP with
the runtime API and kernel language, to create heterogeneous applications running on both CPUs and GPUs. ROCm
provides libraries like hipFFT and hipBLAS that provide API compatibility with equivalent NVIDIA CUDA libraries,
making it easier to port existing NVIDIA CUDA applications. These libraries provide pointer-based memory interfaces
and can be easily integrated into your applications.

GPU programmers with NVIDIA CUDA experience will find the HIP API straightforward. You can quickly port
NVIDIA CUDA applications to run on AMD GPUs. The HIPify tools, based on the clang front-end and Perl lan-
guage, can convert NVIDIA CUDA API calls into the corresponding HIP API calls. However, HIP is not intended to be
a drop-in replacement for NVIDIA CUDA, and developers should expect to do some manual coding and performance
tuning work to port existing projects to AMD GPUs as described in the HIP porting guide.

HIP provides two components: those that run on the CPU, also known as host system, and those that run on GPUs, also
referred to as device. The host-based code is used to create device buffers, move data between the host application and
a device, launch the device code (also known as kernel), manage streams and events, and perform synchronization. The
kernel language provides a way to develop massively parallel programs that run on GPUs, and provides access to GPU
specific hardware capabilities.

In summary, HIP simplifies porting NVIDIA CUDA applications to AMD GPUs, maintains performance, and provides
a familiar C++ experience for GPU programming.

4.1 HIP components

HIP consists of the following components. For information on the license associated with each component, see HIP
licensing.

4.1.1 C++ runtime API

HIP provides headers and a runtime library built on top of HIP-Clang compiler in the repository Compute Language
Runtime (CLR). The HIP runtime implements HIP streams, events, and memory APIs, and is an object library that is
linked with the application. The source code for all headers and the library implementation is available on GitHub.

For further details, check HIP Runtime API Reference.

4.1.2 Kernel language

HIP provides a C++ syntax that is suitable for compiling most code that commonly appears in compute kernels (classes,
namespaces, operator overloading, and templates). HIP also defines other language features that are designed to target
accelerators, such as:

• Short-vector headers that can serve on a host or device

• Math functions that resemble those in math.h, which is included with standard C++ compilers

• Built-in functions for accessing specific GPU hardware capabilities

For further details, check HIP C++ language extensions and Kernel language C++ support.

12 Chapter 4. What is HIP?
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CHAPTER

FIVE

INTRODUCTION TO THE HIP PROGRAMMING MODEL

The HIP programming model enables mapping data-parallel C/C++ algorithms to massively parallel SIMD (Single In-
struction, Multiple Data) architectures like GPUs. HIP supports many imperative languages, such as Python via PyHIP,
but this document focuses on the original C/C++ API of HIP.

While GPUs may be capable of running applications written for CPUs if properly ported and compiled, it would not be
an efficient use of GPU resources. GPUs fundamentally differ from CPUs and should be used accordingly to achieve
optimum performance. A basic understanding of the underlying device architecture helps you make efficient use of HIP
and general purpose graphics processing unit (GPGPU) programming in general. The following topics introduce you to
the key concepts of GPU-based programming and the HIP programming model.

5.1 Hardware differences: CPU vs GPU

CPUs and GPUs have been designed for different purposes. CPUs quickly execute a single thread, decreasing the time
for a single operation while increasing the number of sequential instructions that can be executed. This includes fetching
data and reducing pipeline stalls where the ALU has to wait for previous instructions to finish.

With CPUs, the goal is to quickly process operations. CPUs provide low-latency processing for serial instructions. On
the other hand, GPUs have been designed to execute many similar commands, or threads, in parallel, achieving higher
throughput. Latency is the time between starting an operation and receiving its result, such as 2 ns, while throughput is
the rate of completed operations, for example, operations per second.

For the GPU, the objective is to process as many operations in parallel, rather than to finish a single instruction quickly.
GPUs in general are made up of basic building blocks called compute units (CUs), that execute the threads of a kernel.
As described in Hardware implementation, these CUs provide the necessary resources for the threads: the Arithmetic
Logical Units (ALUs), register files, caches and shared memory for efficient communication between the threads.

The following describes a few hardware differences between CPUs and GPUs:

• CPU:

– Optimized for sequential processing with a few powerful cores (4-64 typically)

– High clock speeds (3-5 GHz)

– One register file per thread. Onmodern CPUs you have at most 2 register files per core, called hyperthreading.

– One ALU executing the thread.

∗ Designed to quickly execute instructions of the same thread.

∗ Complex branch prediction.

– Large L1/L2 cache per core, shared by fewer threads (maximum of 2 when hyperthreading is available).

– A disadvantage is switching execution from one thread to another (or context switching) takes a considerable
amount of time: the ALU pipeline needs to be emptied, the register file has to be written to memory to free
the register for another thread.
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Fig. 1: Differences in CPUs and GPUs
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• GPU:

– Designed for parallel processing with many simpler cores (hundreds/thousands)

– Lower clock speeds (1-2 GHz)

– Streamlined control logic

– Small caches, more registers

– Register files are shared among threads. The number of threads that can be run in parallel depends on the
registers needed per thread.

– Multiple ALUs execute a collection of threads having the same operations, also known as awarp or wavefront.
This is called single-instruction, multiple threads (SIMT) operation as described in Single instruction multiple
threads (SIMT).

∗ The collection of ALUs is called SIMD. SIMDs are an extension to the hardware architecture that allows
a single instruction to concurrently operate on multiple data inputs.

∗ For branching threads where conditional instructions lead to thread divergence, ALUs still process the
full warp, but the result for divergent threads is masked out. This leads to wasted ALU cycles and should
be a consideration in your programming. Keep instructions consistent and leave conditionals out of
threads.

– The advantage for GPUs is that context switching is easy. All threads that run on a core/compute unit have
their registers on the compute unit, so they don’t need to be stored to global memory, and each cycle one
instruction from any wavefront that resides on the compute unit can be issued.

When programming for a heterogeneous system, which incorporates CPUs and GPUs, you must write your program
to take advantage of the strengths of the available hardware. Use the CPU for tasks that require complex logic with
conditional branching, to reduce the time to reach a decision. Use the GPU for parallel operations of the same instruction
across large datasets, with little branching, where the volume of operations is the key.

5.2 Heterogeneous programming

The HIP programming model has two execution contexts. The main application starts on the CPU, or the host processor,
and compute kernels are launched on the device such as Instinct accelerators or AMDGPUs. The host execution is defined
by the C++ abstract machine, while device execution follows the SIMT model of HIP. These two execution contexts are
signified by the __host__ and __global__ (or __device__) decorators in HIP program code. There are a few key
differences between the two contexts:

• The C++ abstract machine assumes a unified memory address space, meaning that one can always access any given
address in memory (assuming the absence of data races). HIP however introduces several memory namespaces,
an address from one means nothing in another. Moreover, not all address spaces are accessible from all contexts.

Every CU has an instance of storage backing the namespace __shared__. Even if the host were to have access
to these regions of memory, the performance benefits of the segmented memory subsystem are supported by the
inability of asynchronous access from the host.

• Not all C++ language features map cleanly to typical GPU device architectures. Some C++ features have poor
latency when implemented on GPU devices, therefore they are forbidden in device contexts to avoid using features
that unexpectedly decimate the program’s performance. Offload devices targeted by HIP aren’t general purpose
devices, at least not in the sense that a CPU is. HIP focuses on data parallel computations and as such caters to
throughput optimized architectures, such as GPUs or accelerators derived from GPU architectures.

• Asynchronicity is at the forefront of the HIP API. Computations launched on the device execute asynchronously
with respect to the host, and it is the user’s responsibility to synchronize their data dispatch/fetch with computations
on the device.

5.2. Heterogeneous programming 15
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Note

HIP performs implicit synchronization on occasions, unlike some APIs where the responsibility for synchro-
nization is left to the user.

5.2.1 Host programming

In heterogeneous programming, the CPU is available for processing operations but the host application has the additional
task of managing data and computation exchanges between the CPU (host) and GPU (device). The host acts as the
application manager, coordinating the overall workflow and directing operations to the appropriate context, handles data
preparation and data transfers, and manages GPU tasks and synchronization. Here is a typical sequence of operations:

1. Initialize the HIP runtime and select the GPU: As described in Initialization, refers to identifying and selecting a
target GPU, setting up a context to let the CPU interact with the GPU.

2. Data preparation: As discussed in Memory management, this includes allocating the required memory on the host
and device, preparing input data and transferring it from the host to the device. The data is both transferred to the
device, and passed as an input parameter when launching the kernel.

3. Configure and launch the kernel on theGPU:As described inDevice programming, this defines kernel configurations
and arguments, launches kernel to run on the GPU device using the triple chevron syntax or appropriate API call (for
example hipLaunchKernelGGL). On the GPU, multiple kernels can run on streams, with a queue of operations.
Within the same stream, operations run in the order they were issued, but on multiple streams operations are
independent and can execute concurrently. In the HIP runtime, kernels run on the default stream when one is
not specified, but specifying a stream for the kernel lets you increase concurrency in task scheduling and resource
utilization, and launch and manage multiple kernels from the host program.

4. Synchronization: As described in Asynchronous concurrent execution, kernel execution occurs in the context of
device streams, specifically the default (0) stream. You can use streams and events to manage task dependen-
cies, overlap computation with data transfers, and manage asynchronous processes to ensure proper sequencing of
operations. Wait for events or streams to finish execution and transfer results from the GPU back to the host.

5. Error handling: As described in Error handling, you should catch and handle potential errors from API calls, kernel
launches, or memory operations. For example, use hipGetErrorString to retrieve error messages.

6. Cleanup and resource management: Validate results, clean up GPU contexts and resources, and free allocated
memory on the host and devices.

This structure allows for efficient use of GPU resources and facilitates the acceleration of compute-intensive tasks while
keeping the host CPU available for other tasks.

5.2.1.1 HIP Runtime API

The HIP Runtime API provides a high-level C-style interface that abstracts the lower-level ROCr Runtime, simplifying
GPU programming on AMD hardware. It offers functions for memory management, kernel launches, synchronization,
and device control, enabling developers to write GPU-accelerated applications in a portable, C++-friendly way.

The Runtime API serves the same role within ROCm as the CUDA Runtime API does in NVIDIA’s stack. It simpli-
fies GPU programming by abstracting explicit device and context management handled by the HSA/ROCr driver layer.
Developers interact with familiar, high-level constructs such as hipMalloc(), hipMemcpy(), and hipLaunchKer-
nelGGL, while the runtime handles resource allocation, queue management, and synchronization transparently.

The Runtime API can be linked either statically or dynamically, with the shared object typically named libamdhip64.
so on Linux systems. It is open source and maintained as part of the ROCm ecosystem, allowing inspection, extension,
and integration into custom build environments.
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Fig. 2: Interaction of Host and Device in a GPU application

5.2.2 Device programming

The device or kernel program acts as a worker on the GPU application, distributing operations to be handled quickly and
efficiently. Launching a kernel in the host application starts the kernel program running on the GPU, defining the parallel
operations that repeat the same instructions across many datasets. Understanding how the kernel works and the processes
involved is essential to writing efficient GPU applications. Threads, blocks, and grids provide a hierarchical approach to
parallel operations. Understanding the thread hierarchy is critical to distributing work across the available CUs, managing
parallel operations, and optimizing memory access. The general flow of the kernel program looks like this:

1. Thread Grouping: As described in Hierarchical thread model, threads are organized into a hierarchy consisting of
threads, which are individual instances of parallel operations, blocks that group the threads, and grids that group
blocks into the kernel. Each thread runs an instance of the kernel in parallel with other threads in the block.

2. Indexing: The kernel computes the unique index for each thread to access the relevant data to be processed by the
thread.

3. Data Fetch: Threads fetch input data frommemory previously transferred from the host to the device. As described
inMemorymodel, the hierarchy of threads is influenced by thememory subsystem ofGPUs. Thememory hierarchy
includes local memory per-thread with very fast access, shared memory for the block of threads which also supports
quick access, and larger amounts of global memory visible to the whole kernel,but accesses are expensive due to
high latency. Understanding the memory model is a key concept for kernel programming.

4. Computation: Threads perform the required computations on the input data, and generate any needed output. Each
thread of the kernel runs the same instruction simultaneously on the different datasets. This sometimes require
multiple iterations when the number of operations exceeds the resources of the CU.

5. Synchronization: When needed, threads synchronize within their block to ensure correct results when working with
shared memory.

Kernels are parallel programs that execute the same instruction set across multiple threads, organized in warps, as de-
scribed below and as demonstrated in the Hello World tutorial or ../tutorial/saxpy. However, heterogeneous GPU ap-
plications can also become quite complex, managing hundreds, thousands, or hundreds of thousands of operations with
repeated data transfers between host and device to support massive parallelization, using multiple streams to manage
concurrent asynchronous operations, using rich libraries of functions optimized for GPU hardware as described in the
ROCm documentation.
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5.3 Single instruction multiple threads (SIMT)

The HIP kernel code, written as a series of scalar instructions for multiple threads with different thread indices, gets
mapped to the SIMD units of the GPUs. Every single instruction, which is executed for every participating thread of a
kernel, gets mapped to the SIMD.

This is done by grouping threads into warps, which contain as many threads as there are physical lanes in a SIMD, and
issuing that instruction to the SIMD for every warp of a kernel. Ideally, the SIMD is always fully utilized. However, if the
number of threads can’t be evenly divided by the warpSize, then the unused lanes are masked out from the corresponding
SIMD execution.

Fig. 3: Instruction flow of a sample SIMT program

A kernel follows the same C++ rules as the functions on the host, but it has a special __global__ label to mark it for
execution on the device, as shown in the following example:

__global__ void AddKernel(float* a, const float* b)

{

int global_idx = threadIdx.x + blockIdx.x * blockDim.x;

a[global_idx] += b[global_idx];

}

One of the first things you might notice is the usage of the special threadIdx, blockIdx and blockDim variables.
Unlike normal C++ host functions, a kernel is not launched once, but as often as specified by the user. Each of these
instances is a separate thread, with its own values for threadIdx, blockIdx and blockDim.

The kernel program is launched from the host application using a language extension called the triple chevron syntax,
which looks like the following:

AddKernel<<<number_of_blocks, threads_per_block>>>(a, b);

Inside the angle brackets, provide the following:
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• The number of blocks to launch, which defines the grid size (relating to blockDim).

• The number of threads in a block, which defines the block size (relating to blockIdx).

• The amount of shared memory to allocate by the host, not specified above.

• The device stream to enqueue the operation on, not specified above so the default stream is used.

Note

The kernel can also be launched through other methods, such as the hipLaunchKernel() function.

Here, the total number of threads launched for the AddKernel program is defined by number_of_blocks *

threads_per_block. You define these values when launching the kernel program to address the problem to be solved
with the available resources within the system. In other words, the thread configuration is customized to the needs of the
operations and the available hardware.

For comparison, the AddKernel program could be written in plain C++ as a FOR loop:

for(int i = 0; i < (number_of_blocks * threads_per_block); ++i){

a[i] += b[i];

}

In HIP, lanes of the SIMD architecture are fed by mapping threads of a SIMT execution, one thread down each lane
of an SIMD engine. Execution parallelism usually isn’t exploited from the width of the built-in vector types, but across
multiple threads via the thread ID constants threadIdx.x, blockIdx.x, etc.

5.3.1 Hierarchical thread model

The thread hierarchy defines how parallel work is structured and executed across AMD GPUs, from single threads up to
the full device. All threads of a kernel are uniquely identified by a set of integral values called thread IDs. The hierarchy
consists of three levels: threads, blocks, and grids.

• Threads are single instances of kernel operations, running concurrently

• Blocks group threads together and enable cooperation and shared memory

• Grids define the number of thread blocks for a single kernel launch

• Blocks and grids can be defined in three dimensions (x, y, z)

• By default, the Y and Z dimensions are set to 1

This hierarchy maps directly onto AMD hardware:

• Threads execute on SIMD lanes

• Work-groups occupy compute units

• Grids utilize all available CUs across the GPU

The combined values represent the thread index, and relate to the sequence that the threads execute. The thread hierarchy
is integral to how AMD GPUs operate, and is depicted in the following figure.

Thread (Work-item)
The smallest unit of execution in the HIP programming model is a thread, also called a work-item in lower-level
documentation such as AMDGPU ISA manuals and HSA specifications. Each thread represents an independent
control flow with its own registers and program counter.

Threads execute the same kernel function independently, using identifiers such as threadIdx.x and blockIdx.x
that determine which portion of data the thread operates on within its work group and grid. For example:

5.3. Single instruction multiple threads (SIMT) 19
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Fig. 4: Hierarchy of thread groups.
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int tid = threadIdx.x;

int bid = blockIdx.x;

int global_idx = tid + bid * blockDim.x;

Each thread maintains its own register state, including vector general-purpose registers (VGPRs), and a private
program counter. Threads have private storage for local variables, spilled registers, and function call stacks, which
reside in global memory when on-chip register limits are exceeded. High-performance kernels minimize this usage
by keeping data in registers or Local Data Share (LDS).

A single SIMD lane executes the instructions for one thread at a time. Because each CU contains multiple SIMD
units, thousands of threads can execute concurrently across the GPU. From a programmer’s perspective, a thread is
the fundamental unit of GPU computation, analogous to a CPU thread but scaled to tens of thousands of instances
operating in parallel.

Warp (or Wavefront)
The innermost grouping of threads is called a warp (HIP terminology) or wavefront (AMD ISA terminology). A
warp is the most tightly coupled group of threads, both physically and logically. Threads within a warp are executed
in lockstep, with each thread executing the same instruction simultaneously on different data elements.

A warp represents the fundamental execution unit of AMD GPUs. Each warp consists of multiple parallel threads
that execute the same instruction simultaneously across the SIMD pipelines of a compute unit. Threads in a warp
are also called lanes, and the value identifying them is the lane ID.

Tip

Lane IDs aren’t queried like other thread IDs, but are user-calculated. As a consequence, they are only as
multidimensional as the user interprets the calculated values to be.

The size of a warp is architecture dependent and always fixed:

• 64 threads for CDNA architectures

• 32 threads for RDNA architectures

Warps are signified by the set of communication primitives at their disposal, as discussed in Warp cross-lane
functions. On modern AMD datacenter GPUs, the number of resident warps per CU is limited by architectural
wave slots and available resources (such as registers and LDS). For example, if a CU supports 64 resident warps,
each containing 64 threads, this would correspond to 4,096 threads in flight; actual limits are architecture-specific
and described in the hardware implementation documentation.

When a warp issues an instruction whose operands are not yet ready, for instance, a global memory load fromHBM,
it becomes stalled. Rather than idling, the warp scheduler selects another ready warp to execute. This rapid context
switching hides memory and instruction latency and is key to achieving high utilization.

To keep the compute units busy, you should maximize occupancy, the number of resident warps per CU, ensuring
there is always at least one eligible warp ready to issue instructions. The ratio of active issue cycles to total cycles
is known as issue efficiency.

Block (Work-group)
The next level of the thread hierarchy is called a thread block (or work-group in OpenCL terminology). A block
is a collection of warps that can synchronize and share local data share (LDS) memory. The defining feature of a
block is that all threads in the block have shared memory that they can use to share data or synchronize with one
another, as described in Memory model.

All warps of a block execute on the same CU, ensuring they can access the same LDS and synchronize efficiently.
This locality is crucial for performance when threads need to cooperate on shared data.
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AMD ROCm™ Programming Guide, Release 10.1.0

Threads within a work-group can coordinate with one another through barriers and the shared Local Data Share
(LDS). Because LDS resides in the CU’s L1 cache subsystem, this cooperation is extremely fast. Threads in different
work-groups cannot synchronize directly and must communicate through global memory using atomics or fences.

The size of a block, or the block dimension, is the user-configurable number of threads per block, but is limited
by the queryable capabilities of the executing hardware. Common limits include:

• Maximum threads per block: typically 1024

• Maximum block dimensions: 1024 x 1024 x 64 (x, y, z)

• Limited by available resources (registers, LDS, warp slots)

The unique ID of the thread within a block can be 1, 2, or 3-dimensional as provided by the HIP API. You can
configure the thread block to best represent the data associated with the kernel instruction set.

Note

When linearizing thread IDs within a block, assume the fast index is the x dimension, followed by the y and z
dimensions.

Grid
The top-most level of the thread hierarchy is a grid. A grid represents the total collection of blocks (work-groups)
launched for a single kernel execution. It defines the overall problem size and how work is distributed across the
GPU.

When a kernel is launched, the host specifies the grid’s dimensions, the number of work-groups, and the number
of threads per work-group. Each thread within the grid is assigned a unique index derived from its position within
both its work-group and the global grid, allowing threads to cooperatively process large datasets.

All work-groups in a grid execute the same kernel code, but on different portions of input data. The scheduling of
work-groups is handled dynamically by the GPU driver and hardware scheduler, distributing them across available
compute units. Execution order is non-deterministic, work-groups may execute concurrently or in arbitrary order
depending on hardware availability and resource usage.

Work-groups within a grid cannot synchronize directly through barriers, since they may execute on different CUs.
Instead, they coordinate via global memory, often using atomic operations or device-wide synchronization mech-
anisms. The kernel itself returns only after all work-groups in the grid have finished execution.

This grid-level abstraction allows a single kernel launch to scale transparently with GPU size: larger GPUs simply
execute more work-groups concurrently, while smaller GPUs schedule them in more waves.

The grid is specified when launching a kernel and determines:

• Total number of threads: grid_size × block_size

• Distribution of work across compute units

• Overall parallelism of the computation

The unique ID of each block within a grid can be 1, 2, or 3-dimensional, as provided by the API, and is accessible
to every thread in the block through the blockIdx built-in variable.

Grid dimensions are limited by queryable hardware capabilities.

The three-dimensional thread hierarchy available to a kernel program lends itself to solutions that align closely to the
computational problem. The following are some examples:

• 1-dimensional: array processing, linear data structures, or sequential data transformation

• 2-dimensional: Image processing, matrix operations, 2 dimensional simulations

• 3-dimensional: Volume rendering, 3D scientific simulations, spatial algorithms
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5.3.2 Cooperative groups thread model

The Cooperative groups API introduces new functions to launch, group, subdivide, synchronize and identify threads, as
well as some predefined group-collective algorithms. Cooperative groups let you define your own set of thread groups
which may fit your use-cases better than those defined by the hardware. It relaxes some restrictions of the Hierarchical
thread model imposed by the strict 1:1 mapping of architectural details to the programming model.

Note

The implicit groups defined by kernel launch parameters are still available when working with cooperative groups.

For further information, see Cooperative groups.

5.4 Memory model

The GPU memory architecture is designed to support parallel execution across the thread hierarchy. Understanding the
following memory spaces and their relationships to thread groupings is crucial for efficient GPU programming. The
choice of memory type and access patterns significantly impacts kernel performance.

HIP’s memory hierarchy consists of three main levels that mirror the GPU’s physical structure:

• Private registers: Per-thread storage with the fastest access

• Local Data Share (LDS): Per-work-group shared memory with low latency

• High-Bandwidth Memory (HBM): Device-wide global memory with high capacity

This hierarchy gives you precise control over data locality and synchronization, allowing compute-bound kernels to ef-
ficiently exploit the massively parallel architecture. The following figure summarizes the memory namespaces and how
they relate to the various levels of the threading model.

Fig. 5: Memory hierarchy.
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Registers or per-thread memory
Read-write storage only visible to the threads defining the given variables, also called per-thread memory. This is
the default memory namespace.

Each thread uses registers to store temporary variables, operands, and intermediate results during execution. These
registers physically reside in the register file of a compute unit and are implemented using fast on-chip SRAM,
typically the fastest accessible memory in the GPU.

When a thread requires more storage than the available registers, some values may spill into global memory, which
incurs a significant performance penalty due to much higher latency. Registers are managed automatically by the
LLVM-based ROCm compiler toolchain during kernel compilation, optimizing register allocation to minimize
spills and maximize the number of threads that can run concurrently on a CU.

The size of the blocks for a given kernel, and thereby the number of concurrent warps, are limited by register usage.
This relates to the occupancy of the CU as described in Compute Units, an important concept in resource usage
and performance optimization.

Use registers when the data is specific to a thread. This includes temporary variables, loop counters, and intermedi-
ate results that don’t need to be shared across threads. Registers provide the lowest latency access for thread-specific
data.

Shared memory
Read-write storage visible to all the threads in a given block.

Shared memory corresponds to the Local Data Share (LDS), a fast, on-chip SRAM region within each compute
unit’s L1 cache subsystem. LDS provides low-latency, programmer-managed shared memory that enables efficient
coordination and reuse of data.

A typical high-performance kernel follows this pattern:

• Load data from global memory into LDS

• Perform arithmetic operations using SIMD or Matrix Cores (MFMA units)

• Synchronize threads within the work-group via barrier instructions

• Write results back to global memory, optionally using atomics for inter-work-group coordination

Each CU provides a fixed amount of LDS (the size depending on the architecture), shared among all resident
work-groups. How much LDS a kernel consumes directly influences occupancy, since larger allocations reduce the
number of active work-groups per CU.

Use shared memory when the data is reused within a thread block, when cross-thread communication is needed,
or to minimize global memory transactions by using on-chip memory whenever possible.

Global
Read-write storage visible to all threads in a given grid. There are specialized versions of global memory with
different usage semantics which are typically backed by the same hardware storing global.

Global memory serves as the main data store for input tensors, intermediate results, and kernel outputs. On AMD
GPUs, globalmemory is physically implemented inHigh-BandwidthMemory (HBM) orGDDRmemory, depending
on the product class.

Access to global memory is explicit and programmer-managed, with synchronization possible through atomic op-
erations or memory fences. Data transfers between the host and device are managed using HIP runtime APIs such
as hipMalloc(), hipMemcpy(), and hipFree(). Performance is largely determined by memory coalescing,
alignment, and reuse.

Use global memory when you have large datasets, are transferring memory between the host and the device, and
when you are sharing data between thread blocks.
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Constant
Read-only storage visible to all threads in a given grid. It is a limited segment of global with queryable size.
Use constant memory for read-only data that is shared across multiple threads, and that has a small data size.

Texture
Read-only storage visible to all threads in a given grid and accessible through additional APIs.

Surface
A read-write version of texture memory.

5.4.1 Memory optimizations and best practices

Fig. 6: Coalesced memory accesses

The following are a few memory access patterns and best practices to improve performance. You can find additional
information in Memory management and ../how-to/performance_guidelines.

• Global memory: Coalescing reduces the number of memory transactions.

Coalesced memory access in HIP refers to the optimization of memory transactions to maximize throughput when
accessing global memory. When a kernel accesses global memory, the memory transactions typically occur in
chunks of 32, 64, or 128 bytes, which must be naturally aligned. Coalescing memory accesses means aligning and
organizing these accesses so that multiple threads in a warp can combine their memory requests into the fewest
possible transactions. If threads access memory in a coalesced manner, meaning consecutive threads read or write
consecutive memory locations, the memory controller can merge these accesses into a single transaction. This
is crucial because global memory bandwidth is relatively low compared to on-chip bandwidths, and non-optimal
memory accesses can significantly impact performance. If all the threads in a warp can access consecutive memory
locations, memory access is fully coalesced.

To achieve coalesced memory access in HIP, you should:

1. Align Data: Use data types that are naturally aligned and ensure that structures and arrays are aligned properly.

2. Optimize Access Patterns: Arrange memory accesses so that consecutive threads in a warp access consecutive
memory locations. For example, if threads access a 2D array, the array and thread block widths should be
multiples of the warp size.
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3. Avoid strided access: For example array[i * stride] can lead to memory bank conflicts and inefficient access.

4. Pad Data: If necessary, pad data structures to ensure alignment and coalescing.

• Shared memory: Avoiding bank conflicts reduces the serialization of memory transactions.

Shared memory is a small, fast memory region inside the CU. Unlike global memory, shared memory accesses
do not require coalescing, but they can suffer from bank conflicts, which are another form of inefficient memory
access. Shared memory is divided into multiple memory banks (usually 32 banks on modern GPUs). If multiple
threads within a warp try to access different addresses that map to the same memory bank, accesses get serialized,
leading to poor performance. To optimize shared memory usage, ensure that consecutive threads access different
memory banks. Use padding if necessary to avoid conflicts.

• Texture memory: Spatial locality improves caching performance.

Texture memory is read-only memory optimized for spatial locality and caching rather than coalescing. Texture
memory is cached, unlike standard global memory, and it provides optimized access patterns for 2D and spatially
local data. Accessing neighboring values results in cache hits, improving performance. Therefore, instead of
worrying about coalescing, optimal memory access patterns involve ensuring that threads access spatially adjacent
texture elements, and the memory layout aligns well with the 2D caching mechanism.

• Unified memory: Structured access reduces the overhead of page migrations.

Unified memory allows the CPU and GPU to share memory seamlessly, but performance depends on access pat-
terns. Unified memory enables automatic page migration between CPU and GPU memory. However, if different
threads access different pages, it can lead to expensive page migrations and slow throughput performance. Ac-
cessing unified memory in a structured, warp-friendly manner reduces unnecessary page transfers. Ensure threads
access memory in a structured, consecutive manner, minimizing page faults. Prefetch data to the GPU before
computation by using hipMemPrefetchAsync(). In addition, using small batch transfers as described below,
can reduce unexpected page migrations when using unified memory.

• Small batch transfers: Enable pipelining and improve PCIe bandwidth use.

Memory transfers between the host and the device can become a major bottleneck if not optimized. One method
is to use small batch memory transfers where data is transferred in smaller chunks instead of dealing with large
datasets to avoid long blocking operations. Small batch transfers offer better PCIe bandwidth utilization over large
data transfers. Small batch transfers offer performance improvement by offering reduced latency with small batches
that run asynchronously using hipMemcpyAsync() as described in Asynchronous concurrent execution, pipelining
data transfers and kernel execution using separate streams. Finally, using pinned memory with small batch transfers
enables faster DMA transfers without CPU involvement, greatly improving memory transfer performance.

5.5 Execution model

As previously discussed in Heterogeneous programming, HIP programs consist of two distinct scopes:

• The host-side API running on the host processor.

• The device-side kernels running on GPUs.

Both the host and the device-side APIs have synchronous and asynchronous functions.

5.5.1 Host-side execution

The host-side API dealing with device management and their queries are synchronous. All asynchronous APIs, such as
kernel execution, data movement and potentially data allocation/freeing all happen in the context of device streams, as
described in Managing streams.

Streams are FIFO buffers of commands to execute relating to a given device. Operations that enqueue tasks on a stream
all return promptly, and the command is executed asynchronously. All side effects of a command on a stream are visible
to all subsequent commands on the same stream. Multiple streams may point to the same device and those streams may
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be fed from multiple concurrent host-side threads. Execution on multiple streams may be concurrent but isn’t required to
be.

Asynchronous APIs involving a stream all return a stream event, which can be used to synchronize the execution of
multiple streams. A user may enqueue a barrier onto a stream referencing an event. The barrier will block activity on the
stream until the operation related to the event completes. After the event completes, all side effects of the operation will
be visible to subsequent commands even if those side effects manifest on different devices.

Fig. 7: Multiple stream workflow

Streams also support executing user-defined functions as callbacks on the host. The stream will not launch subsequent
commands until the callback completes.

5.5.2 Device-side execution

Kernels may be launched in multiple ways, all with different syntaxes and intended use cases.

• Using the triple-chevron <<<...>>> operator on a __global__ annotated function.

• Using hipLaunchKernelGGL() on a __global__ annotated function.

Tip

This name, by default, is a macro expanding to the triple-chevron syntax. In cases where language syn-
tax extensions are undesirable, or where launching templated and/or overloaded kernel functions define the
HIP_TEMPLATE_KERNEL_LAUNCH preprocessor macro before including the HIP headers to turn it into a tem-
plated function.
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5.5.3 Asynchronous execution

Asynchronous operations between the host and the kernel provide a variety of opportunities, or challenges, for managing
synchronization, as described in Asynchronous concurrent execution. For instance, a basic model would be to launch an
asynchronous operation on a kernel in a stream, create an event to track the operation, continue operations in the host
program, and when the event shows that the asynchronous operation is complete, synchronize the kernel to return the
results.

However, one of the opportunities of asynchronous operation is the pipelining of operations between launching kernels
and transferring memory. In this case, you would be working with multiple streams running concurrently, or at least
overlapping in some regard, and managing any dependencies between the streams in the host application. The producer-
consumer paradigm can be used to convert a sequential program into parallel operations to improve performance. This
process can employ multiple streams to kick off asynchronous kernels, provide data to the kernels, perform operations,
and return the results for further processing in the host application.

These asynchronous activities call for stream management strategies. In the case of the single stream, the only man-
agement would be the stream synchronization when the work was complete. However, with multiple streams you have
overlapping execution of operations and synchronization becomes more complex, as shown in the variations of the ex-
ample in Programmatic dependent launch and synchronization. You need to manage each stream’s activities, evaluate the
availability of results, evaluate the critical path of the tasks, allocate resources on the hardware, and manage the execution
order.

5.5.4 Multi-GPU and load balancing

For applications requiring additional computational power beyond a single device, HIP supports utilizing multiple GPUs
within a system. Large-scale applications that need more compute power can use multiple GPUs in the system. This
enables the runtime to distribute workloads across multiple GPUs to balance the load and prevent some GPUs from
being over-utilized while others are idle.

For more information, see Multi-device management.

5.6 Domain-specific programming models

Beyond the low-level kernel-based programming model described in previous sections, ROCm provides domain-specific
library abstractions that offer alternative ways to express GPU computation. These libraries encapsulate common com-
putational patterns, providing higher-level programming models optimized for specific problem domains.

Rather than writing explicit kernels with manual memory management and optimization, developers can express algo-
rithms using domain-appropriate operations. The libraries handle kernel selection, memory layout, and performance
tuning automatically, adapting to different GPU architectures and problem sizes at runtime.

This section presents two representative examples: rocBLAS for linear algebra and MIOpen for deep learning. These
libraries illustrate how domain-specific abstractions can improve productivity while maintaining performance portability
across AMD GPU architectures.

5.6.1 Linear algebra with rocBLAS

rocBLAS implements the BLAS standard, providing a high-performance library for fundamental dense linear algebra op-
erations. It represents an alternative programming model where computation is expressed as matrix and vector operations
rather than explicit GPU kernels.

5.6.1.1 Programming model characteristics

The rocBLAS programming model differs from kernel-level HIP in several key aspects:

• Abstraction level: Developers call functions like rocblas_sgemm() for matrix multiplication instead of writing
tiled kernels manually
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• Memory layout: Matrices are conceptualized as mathematical objects with rows and columns, not raw pointers
and index arithmetic

• Automatic optimization: The library selects optimal kernel implementations based on problem dimensions, data
types (FP64, FP32, FP16, BF16, INT8), and target GPU architecture (for example, gfx90a, gfx942)

• Performance portability: The same API call adapts to CDNA, RDNA, and future architectures without code
changes

Instead of managing thread blocks, shared memory tiles, and register allocation, the developer specifies the mathematical
operation. rocBLAS handles all low-level optimizations, includingmemory coalescing, use ofMatrix Cores (MFMA units),
and exploitation of on-chip LDS.

5.6.1.2 Column-major versus row-major layouts

One practical consideration when using rocBLAS is matrix layout. To maintain compatibility with the original Fortran-
based BLAS specification, rocBLAS expects matrices in column-major order. Most C and C++ programs, including HIP
kernels, use row-major order by default.

This mismatch can be resolved mathematically without physically transposing data. Given the identity:

IfCCC = AAA×BBB, thenCCCT = BBBT ×AAAT

By swapping the operand order and dimensions when calling rocBLAS, and interpreting the result as a row-major matrix,
the correct result is obtained without memory rearrangement:

#include <rocblas/rocblas.h>

// Matrix multiply C = alpha * A @ B + beta * C

// for row-major matrices using rocBLAS

void sgemm_row_major(rocblas_handle handle, int M, int N, int K,

const float* alpha,

const float* A, const float* B,

const float* beta, float* C) {

// Swap A and B, swap M and N for row-major layout

rocblas_sgemm(handle,

rocblas_operation_none, rocblas_operation_none,

N, M, K,

alpha,

B, N, // leading dimension of B^T

A, K, // leading dimension of A^T

beta,

C, N); // leading dimension of C^T

}

This technique preserves both correctness and performance. The rocblas_operation_none flag indicates matrices
should be used as provided, avoiding additional device-side transposes that would harm performance.

5.6.1.3 Integration with HIP applications

rocBLAS integrates with HIP applications through a handle-based API. The library manages its own stream-based exe-
cution model, coordinating with HIP’s asynchronous operations:

rocblas_handle handle;

rocblas_create_handle(&handle);

(continues on next page)
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(continued from previous page)

// Optional: associate with HIP stream

rocblas_set_stream(handle, hipStream);

// Perform computation

rocblas_sgemm(handle, ...);

// Synchronize if needed

hipStreamSynchronize(hipStream);

rocblas_destroy_handle(handle);

Applications link against librocblas.so and include rocblas.h. The library serves as the foundation for deep learn-
ing frameworks such as PyTorch and TensorFlow when running on AMD GPUs, handling dense matrix operations in
fully connected and transformer layers.

5.6.2 Deep learning with MIOpen

MIOpen provides GPU-accelerated primitives for deep neural networks, offering a programming model centered on
neural network operations rather than explicit kernels. It occupies the same software layer as rocBLAS but is specialized
for deep learning workloads.

5.6.2.1 Programming model characteristics

MIOpen abstracts GPU programming to the level of neural network layers and operations:

• Domain expressiveness: Computations are expressed as convolutions, normalizations, activations, and attention
mechanisms, not thread hierarchies

• Declarative fusion: Operations can be combined (Convolution → Bias → ReLU) into fused kernels automatically

• Automatic algorithm selection: The library chooses between direct, FFT-based, Winograd, and GEMM-based
implementations at runtime

• Memory optimization: Fused operations keep intermediate results in LDS, minimizing global memory traffic

Rather than manually implementing convolutional kernels with careful attention to memory coalescing and MFMA unit
utilization, developers describe the neural network architecture. MIOpen handles low-level optimization, auto-tuning,
and performance-critical implementation details.

5.6.2.2 Graph and Fusion APIs

Modern MIOpen workflows use Graph and Fusion APIs, which allow declarative specification of operation sequences:

// Declarative fusion example (conceptual)

auto conv = createConvolution(input, weights, ...);

auto bias = createBiasAdd(conv, bias_vector);

auto relu = createActivation(bias, ACTIVATION_RELU);

// Library fuses into single optimized kernel

auto fused_op = fuseOperations({conv, bias, relu});

executeGraph(fused_op);

Operation fusion significantly improves performance by reducing memory bandwidth pressure. Instead of three separate
kernel launches with intermediate global memory writes and reads, a single fused kernel keeps data on-chip throughout
the computation pipeline.
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This is particularly important for operations like batch normalization followed by activation, where intermediate tensors
would otherwise require expensive round-trips through HBM. Keeping these values in LDS reduces memory traffic and
improves energy efficiency.

5.6.2.3 Runtime optimization and tuning

MIOpen maintains multiple implementations for each operation. For convolutions, this includes:

• Direct convolution: Explicit loops over kernel dimensions

• GEMM-based: Reformulates convolution as matrix multiplication

• Winograd: Reduces arithmetic complexity for small kernels

• FFT-based: Frequency-domain convolution for large kernels

The library uses runtime heuristics and pre-tuned configuration databases to select the optimal algorithm based on:

• Input tensor dimensions and layout

• Filter sizes and stride patterns

• Target GPU architecture (CDNA versus RDNA, specific gfx version)

• Available memory and compute resources

• Data types (FP32, FP16, BF16, INT8)

This auto-tuning abstracts performance optimization from the application developer. The same MIOpen call automat-
ically adapts when moving from a datacenter MI300X (gfx942) to a consumer RDNA3 GPU (gfx1200), selecting
architecture-appropriate implementations without code changes.

5.6.2.4 Framework integration

Deep learning frameworks like PyTorch and TensorFlow use MIOpen as their GPU backend on AMD hardware. When
a PyTorch model calls torch.nn.Conv2d or torch.nn.BatchNorm2d, these operations dispatch to MIOpen primi-
tives.

The framework provides the high-level neural network API, while MIOpen handles the GPU-specific implementation.
This separation allows framework developers to focus on model architectures and training algorithms, while library de-
velopers optimize GPU kernels for specific hardware generations.

For applications requiring both general linear algebra and specialized deep learning operations, rocBLAS and MIOpen
work together. MIOpen uses rocBLAS (via hipBLASLt and Tensile backends) for the matrix-multiply-intensive portions
of operations like fully connected layers, while providing specialized kernels for convolutions, pooling, and normalization.

5.6.3 Comparison of programming models

The following table summarizes how different programming models trade control for abstraction:

Table 1: Programming Model Comparison

Aspect HIP Kernels Domain-Specific Libraries

Programming unit Thread, block, grid Domain primitives (matrices, layers,
transforms)

Memory management Explicit (hipMalloc, hipMemcpy) Library-managed, handle-based
Optimization approach Manual tuning required Auto-tuned, architecture-adaptive
Thread hierarchy Explicit configuration Abstracted by API
Performance portability Requires retuning per architecture Automatic adaptation across architec-

tures
Development effort High (low-level control) Low (high-level API calls)
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The examples of rocBLAS and MIOpen illustrate a common pattern across the ROCm software stack: domain-specific
libraries that abstract low-level GPU programming into higher-level operations tailored to specific computational do-
mains. The ROCm ecosystem provides many additional libraries following this pattern, including rocFFT for Fast Fourier
Transforms, rocRAND for random number generation, rocSPARSE for sparse linear algebra, and RCCL for collective
communication across multiple GPUs.

Choosing the appropriate abstraction level depends on the application domain. For novel algorithms not covered by
existing libraries, kernel-level HIP provides full control. For well-established operations within specific domains, the
ROCm library ecosystem offers productivity and performance portability.

Many applications combine multiple programming models: HIP kernels for custom algorithms, domain-specific libraries
for standard operations, and framework integration for high-level workflows. The ROCm software stack supports this
layered approach, allowing developers to select the appropriate abstraction for each component of their application.

For a complete list of ROCm libraries and their capabilities, see the ROCm documentation.
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CHAPTER

SIX

HARDWARE IMPLEMENTATION

This topic describes the hardware architecture of AMD GPUs supported by HIP, focusing on the internal organization
and operation of GPU hardware components. Understanding these hardware details helps you optimize GPU applications
and achieve maximum performance.

6.1 Overall GPU architecture

AMDGPUs consist of interconnected blocks of digital circuits that work together to execute complex parallel computing
tasks. Unlike central processing units (CPUs), which dedicate significant silicon area to instruction flow control, branch
prediction, and complex caching hierarchies, GPUs allocate the majority of their die area to arithmetic pipelines. This
design choice enables extreme throughput density for data-parallel workloads. The architecture is organized hierarchically
to enable massive parallelism while efficiently managing resources.

6.1.1 Command processor and control

The command processor (CP) serves as the primary interface between the CPU and GPU, receiving and distributing
commands for execution. The CP consists of two main components:

• Command processor fetcher (CPF): Fetches commands from memory and passes them to the command proces-
sor packet processor (CPC) for processing.

• Command processor packet processor (CPC): A microcontroller that decodes the fetched commands and dis-
patches kernels to the workgroup processors for scheduling.

The command processor handles several types of operations:

• Kernel launches, which are forwarded to asynchronous compute engines (ACEs)

• Memory transfers, which are delegated to direct memory access (DMA) engines

• Synchronization operations and memory fences

DMA engines handle memory transfers between CPU and GPU memory without CPU involvement after initialization.
Most GPUs contain two DMA engines, enabling concurrent bidirectional transfers to better utilize PCIe bandwidth. The
DMA engines fetch data in small chunks and can process transfers in parallel but cannot handle multiple copy commands
on the same engine simultaneously.

Asynchronous compute engines (ACEs) break down kernels into workgroups for distribution to shader processor input
(SPI) blocks. Multiple ACEs enable concurrent kernel execution, with each ACE capable of dispatching one kernel
at a time. ACEs process commands from different queues asynchronously, enabling overlap between different kernel
executions and memory operations.
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6.1.2 Hierarchical organization

The GPU organizes compute resources in a three-level hierarchy that enables modular design and resource sharing:

1. Shader engines (SE): Top-level organizational units containing multiple shader arrays and shared resources

2. Shader arrays: Groups of compute units (CUs) sharing instruction and scalar caches

3. Compute units (CU): Basic execution units containing the arithmetic logic units (ALUs) and registers for thread
execution

Fig. 1: Hierarchical organization of compute units into shader engines

This hierarchical design allows different GPU configurations using the same underlying architecture.

6.2 Shader engine components

Shader engines group multiple compute units together, sharing resources to improve efficiency and reduce redundancy.
Each shader engine contains several key components shared across its compute units.

6.2.1 Workgroup manager (SPI)

The workgroup manager, also called the shader processor input (SPI), bridges the command processor and compute units.
After the CP processes a kernel dispatch, the SPI:

• Receives workgroups from the ACEs

• Schedules workgroups onto available compute units

• Initializes registers with kernel parameters

• Ensures all warps of a workgroup execute on the same CU for synchronization

• Monitors resource availability and queues workgroups when resources are exhausted

The SPI tracks four critical resources that limit concurrent execution:

• warp slots (execution contexts)

• Vector general-purpose registers (VGPRs)

• Scalar general-purpose registers (SGPRs)
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• Local data share (LDS) memory

Workgroup-to-CU mapping is non-deterministic and based on available resources. You should not assume any specific
mapping pattern, as the same kernel launched multiple times can have different workgroup distributions.

6.2.2 Scalar L1 data cache (sL1D)

The scalar L1 data cache (sL1D) serves scalar memory operations from multiple CUs within a shader array. The sL1D
is shared between CUs and caches data that is uniform across a warp, including:

• Kernel arguments and pointers

• Grid and block dimensions

• Constants accessed uniformly across threads

• Data from __constant__ memory when accessed uniformly

Unlike the vector L1 cache, the sL1D doesn’t use a “hit-on-miss” approach, meaning subsequent requests to the same
pending cache line count as duplicated misses rather than hits.

6.2.3 L1 instruction cache (L1I)

The L1 instruction cache (L1I) is a read-only cache shared between multiple CUs in a shader array. Like the sL1D, it’s
backed by the L2 cache and doesn’t use the “hit-on-miss” approach. The L1I stores kernel instructions fetched by the
compute units, reducing instruction fetch latency and L2 cache pressure.

6.3 Compute unit architecture

The compute unit (CU) is the fundamental execution block of AMDGPUs, serving as the atomic building block for mas-
sive parallelism. Each CU is responsible for executing kernels through its various specialized components and pipelines.
Data flows into these pipelines, undergoes arithmetic transformation, and exits as results, to maximize the number of
such transformations per clock cycle.

CUs enable latency hiding through massive hardware multithreading. A single CU can manage thousands of concurrent
threads organized as a number of warps, each containing 32 (RDNA) or 64 (CDNA) threads. This massive concurrency
allows the hardware to hide memory access latency by executing other warps while some wait for data.

Fig. 2: Internal architecture of an AMD CDNA compute unit

6.3.1 Sequencer and scheduling

The instruction sequencer (SQ) serves as the control center of each compute unit, managing instruction flow through the
execution pipelines. The sequencer maintains warp state and coordinates instruction execution across different functional
units.

Warp organization: The sequencer organizes active warps into four pools, each containing slots for up to ten warps
(eight on the CDNA2 MI200 Series). Each slot includes:
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• Warp-level registers (program counter, execution mask, and others)

• Instruction buffer for prefetched instructions

• State information for scheduling decisions

This organization theoretically allows up to 40 concurrent warps per CU, though actual occupancy is typically limited by
register and LDS usage.

Instruction fetching: The fetch arbiter selects one warp per cycle to fetch instructions from memory, prioritizing the
oldest warps. Each CU can fetch up to 32 bytes (4-8 instructions) per cycle.

Instruction issuing: The issue arbiter determines which instructions execute each cycle, selecting warps from one pool
per cycle in round-robin fashion. The arbiter can issue multiple instructions per cycle to different execution units, with a
theoretical maximum of five instructions per cycle:

• One VALU instruction

• One vector memory operation

• One SALU and/or scalar memory operation

• One LDS operation

• One branch operation

Instructions always issue at warp granularity, with all threads in the warp executing the same instruction in lockstep. The
hardware can perform single-cycle context switching between warps with zero overhead, as all warp contexts remain
resident on the CU. This enables efficient latency hiding, allowing the CU to switch to another warp immediately when
the current warp encounters a stall condition such as a memory access.

6.3.2 Execution pipelines

Each CU contains multiple specialized execution pipelines that process different types of instructions in parallel, enabling
efficient utilization of the hardware resources.

6.3.2.1 Vector arithmetic logic unit (VALU)

The VALU executes vector instructions across entire warps, with each thread potentially operating on different data. For
CDNA architectures, the VALU consists of:

• Four SIMD processors: Each containing 16 single-precision ALUs (or equivalent), for 64 total ALUs per CU. In
CDNA3, these are SIMD64 pipelines that can execute 256 operations per cycle per CU.

• Vector register files: 256-512 KiB of VGPR storage split across the four SIMDs. VGPRs are organized as 32-bit
lanes, providing flexibility for mixed-precision computations.

• Instruction buffers: Storage for up to 8-10 warps per SIMD

On architectures with 64-thread warps and 16-instruction wide SIMD units, executing one instruction takes four cycles
(one cycle per 16 threads). The four SIMD design ensures full utilization when sufficient warps are available, as a new
instruction can issue to each SIMD every cycle.

The VALU serves as the primary arithmetic engine, executing the majority of computation in GPU kernels. Data flows
into these pipelines, undergoes arithmetic transformation, and exits as results, with the goal of maximizing the number
of such transformations per clock cycle.

For CDNA architectures with matrix operations, the VALU also dispatches matrix fused multiply-add (MFMA) instruc-
tions to specialized matrix units.
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6.3.2.2 Register pressure and occupancy

Register usage directly impacts CU occupancy. Each warp requires a portion of the finite VGPR and SGPR pools. Higher
register usage per thread reduces the maximum number of concurrent warps, potentially limiting the CU’s ability to hide
latency. Mixed-precision workloads can optimize register usage by storing lower-precision values in fewer registers.

6.3.2.3 Scalar arithmetic logic unit (SALU)

The SALU executes instructions uniformly across all threads in a warp, handling operations such as:

• Control flow (branches, loops)

• Address calculations

• Loading kernel arguments and constants

• Managing warp-uniform values

The SALU includes:

• A scalar processor for arithmetic and logic operations

• 12.5 KiB of SGPR storage per CU

• A scalar memory (SMEM) unit for memory operations

Scalar operations reduce pressure on vector units and registers by handling uniform computations efficiently.

6.3.2.4 Vector memory unit (VMEM)

The VMEM unit handles all vector memory operations, including loads, stores, and atomic operations. Each thread
supplies its own address and data, though the hardware optimizes access through memory coalescing when threads ac-
cess nearby addresses. The VMEM unit connects to the vector L1 cache and implements both address generation and
coalescing logic.

6.3.2.5 Branch unit

The branch unit executes jumps and branches for control flow changes affecting entire warps. Note that the branch unit
handles warp-level control flow, not executionmask updates for thread divergence, which are handled through predication.

6.3.2.6 Special function unit (SFU)

The special function units accelerate certain arithmetic operations that are too complex and/or costly to implement purely
within the standard vector ALUs.

SFUs are responsible for executing transcendental and reciprocal mathematical functions, operations such as exp, log,
sin, cos, rcp (reciprocal), and rsqrt (reciprocal square root). These are heavily used in scientific, physics, andmachine
learning workloads, particularly in activation functions such as GELU, sigmoid, and/or softmax.

Each CU includes a set of specialized pipelines and/or transcendental function units (TFUs) that handle these operations
with dedicated hardware. While their throughput is lower than that of the primary SIMD pipelines, they enable these
functions to execute efficiently without consuming general ALU bandwidth.

From the compiler’s perspective, these operations map to specific AMDGPU ISA instructions, such as:

• v_exp_f32 - compute exponential base e

• v_log_f32 - compute natural logarithm

• v_sin_f32, v_cos_f32 - compute sine and/or cosine

• v_rsq_f32, v_rcp_f32 - compute reciprocal and/or reciprocal square root
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In CDNA3-based GPUs (such as MI300), SFU throughput and latency have been tuned for deep learning primitives.
For instance, exponentiation (exp) and logarithm (log) functions are now pipelined to complete in a few cycles per lane,
allowing vectorized activation functions in large-scale matrix workloads to execute without significant stalls.

For programmers targeting ROCm and/or HIP, these SFU-accelerated operations are typically accessed through math
intrinsics such as __expf, __logf, and/or __sinf, which the compiler lowers to the corresponding AMDGPU ISA
instructions at compile time.

6.3.2.7 Load/store unit (LSU)

The load/store units handle the transfer of data between the compute units and the GPU’s memory subsystems. They
are responsible for issuing, tracking, and retiring memory operations, including loads from and stores to global memory,
local shared memory, and caches, for thousands of concurrent threads.

Each CU includes a set of LSUs tightly integrated with its vector and scalar pipelines. These units handle memory
instructions generated by active warps, such as buffer_load, buffer_store, and flat_load_dword, and route
them through the GPU’s hierarchical memory system.

The LSU’s responsibilities include:

• Managing vector memory accesses for SIMD instructions

• Coordinating local data share (LDS) reads and writes

• Accessing the L0 and/or L1 caches and forwarding requests to the L2 cache and high-bandwidth memory (HBM)

• Handling synchronization and atomic operations between threads and workgroups

LSUsmanage thousands of outstandingmemory requests per GPU, dynamically scheduling them to hidememory latency.
While arithmetic pipelines continue executing other warps, the LSUsmaintain queues of pending transactions and reorder
responses as data returns from memory.

6.3.2.8 Matrix fused multiply-add (MFMA)

CDNA architectures (MI100 and newer) include specialized matrix acceleration units for high-throughput matrix op-
erations. These units execute independently from other VALU operations, allowing overlap between matrix and vector
computations. MFMA units support various data types including INT8, FP16, BF16, and FP32, with different throughput
characteristics for each.

Matrix cores are GPU execution units that perform large-scale matrix operations in a single instruction. In AMD architec-
tures, these units are formally known as MFMA (matrix fused multiply-add) units, the core hardware blocks responsible
for accelerating deep learning, high-performance computing (HPC), and dense linear-algebra workloads on modern In-
stinct GPUs.

Operating on entire tiles of matrices per instruction allows MFMA units to deliver far greater arithmetic throughput and
energy efficiency than scalar and/or vector ALUs. Rather than fetching and decoding thousands of per-element multiply-
add instructions, each MFMA instruction processes an entire matrix fragment, drastically reducing power per operation
and increasing overall throughput. The MFMA units implement a mini-systolic array design that efficiently processes
matrix tiles.

An example MFMA instruction from the AMDGPU ISA is:

v_mfma_f32_16x16x4f16 v[0:15], v[16:31], v[32:47], v[0:15]

This instruction performs a matrix multiplication and accumulationDDD = AAA×BBB +CCC, where the fragmentsAAA,BBB, andCCC
are stored in VGPRs. The suffix 16x16x4f16 indicates a tile size of 16 × 16, with an inner dimension of 4, operating
on half-precision (FP16) inputs and accumulating into 32-bit floating-point outputs.

Programmers can access MFMA functionality at multiple levels: through optimized libraries, compiler intrinsics, and/or
inline assembly, providing flexibility for different use cases.
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The MFMA units use both standard VGPRs and additional accumulation VGPRs (AGPRs) on supported architectures,
providing up to 512 KiB of combined register storage per CU.

6.3.2.9 Data movement engine (CDNA 3 / CDNA 4)

CDNA 3 and CDNA 4 architectures include specialized Data Movement Engine (DME) hardware units designed to
accelerate access to multi-dimensional tensor data in GPU memory. DMEs perform high-throughput, low-overhead
copies between global memory (HBM) and the on-chip memory hierarchy, particularly the Local Data Share (LDS) and
L0 and/or L1 caches, without consuming compute resources.

A DME issues bulk memory transactions for contiguous and/or affine data regions, such as tensors laid out as multi-
dimensional arrays in global memory. The hardware computes memory addresses for large block transfers in parallel,
offloading this work from the SIMD pipelines and reducing pressure on both the register file and the instruction scheduler.
This enables higher sustained bandwidth and lower latency for operations involving tiled matrix and/or tensor data.

In practice, DMEs handle transfers of the form addr = stride × index + offset across many threads and dimensions
simultaneously. By performing these affine address calculations directly in hardware, the DME avoids the need for per-
thread address arithmetic, freeing up scalar ALUs and registers for computation.

The DME design provides two key advantages:

• Resource decoupling: By removing large tensor copies from the main execution pipelines, the CU can continue
executing arithmetic instructions while data movement occurs in the background.

• Asynchronous execution model: A single warp can issue a DME copy command, immediately resume computa-
tion, and later synchronize only when the transfer has completed. This enables producer-consumer parallelism.

Programmers can access this functionality through asynchronous copy intrinsics in ROCm, such as
__builtin_amdgcn_async_work_group_copy, which map directly to hardware-level DME operations. These
intrinsics allow explicit control over data transfer overlap, synchronization, and cache placement.

6.3.3 Local data share (LDS)

The local data share provides fast on-CU scratchpad memory for communication between threads in a workgroup.

Organization: The LDS contains 32 (CDNA, CDNA 2, and CDNA 3) or 64 (CDNA 4 and RDNA 2, RDNA 3, and
RDNA 4) banks, each 4-bytes wide, providing 128 (CDNA, CDNA 2, and CDNA 3) or 256 (CDNA 4 and RDNA 2,
RDNA 3, and RDNA 4) bytes per cycle total bandwidth. Each bank can be accessed independently every cycle for reads,
writes, and/or atomic operations. The SIMDs connect to the LDS in pairs, with each pair sharing a 64-byte bidirectional
port.

Access patterns: A single warp can achieve up to 64 bytes per cycle throughput (16 lanes per cycle). The actual bandwidth
depends on data size and access patterns:

• 4-byte values: 8 cycles for 64 threads (50% peak bandwidth)

• 16-byte values: 20 cycles for 64 threads (80% peak bandwidth)

Conflict resolution: The LDS includes hardware to detect and resolve bank conflicts when multiple threads access
different addresses in the same bank. Conflicts are resolved by serializing accesses across multiple cycles. Address
conflicts (multiple threads atomically updating the same address) are similarly serialized. Broadcasting from the same
address to multiple threads is handled efficiently without conflicts.

6.3.4 Vector L1 cache

Each CU contains a dedicated vector L1 data cache (vL1D) serving vector memory operations. Key characteristics
include:

• Write-through design (writes go directly to L2)

• Optimization for high-bandwidth streaming access patterns
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Fig. 3: Local data share organization and SIMD connections
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• Coherent with other CUs through software management

• Typical size of 16 KB per CU

The vector cache tags are checked for all vector memory operations, with misses forwarded to the L2 cache. The write-
through design simplifies coherence at the cost of write bandwidth.

6.4 Memory hierarchy and system

The GPU memory system provides the bandwidth and capacity needed for massive parallel computation while managing
data coherence and access efficiency.

6.4.1 Memory organization

AMD GPUs typically use high-bandwidth memory (HBM) for data-intensive workloads, providing significantly higher
bandwidth than traditional GDDR memory at the cost of slightly higher latency. HBM achieves this through vertical
stacking of memory dies and wide memory buses, enabling massive parallel access to memory channels.

The memory system includes:

• Memory channels: Multiple independent memory controllers (typically 8-16)

• L2 cache banks: Distributed cache banks serving as the coherence point

• Infinity Fabric: High-speed interconnect for data routing

6.4.2 L2 cache architecture

The L2 cache serves as the coherence point for all GPU memory accesses and is shared by all compute units. The L2
consists of multiple independent channels (32 on CDNA GPUs at 256-byte interleaving) that operate in parallel.

Key characteristics:

• Channel organization: Each channel handles a portion of the address space, with addresses interleaved across
channels for load balancing.

• Hit-on-miss behavior: If a request arrives for a pending cache line fill, it counts as a hit, improving the effective
hit rate.

• Write coalescing: Multiple writes to the same cache line are combined.

• Atomic operation support: Atomics execute directly in the L2 cache for coherence.

L2-Fabric interface: Requests missing in L2 are routed through Infinity Fabric to the appropriate memory location,
which could be:

• Local HBM on the same GPU

• Remote GPU memory (in multi-GPU systems)

• System memory (CPU DRAM)

The interface categorizes requests by type (read and/or write), size (32B and/or 64B), and destination for optimal routing.

6.4.3 Memory coherence

GPU memory coherence differs significantly from CPU designs to optimize for throughput over latency:

Write-through L1 caches: All writes update both L1 and L2, ensuring L2 always has the latest data. This eliminates
the need for complex coherence protocols between L1 caches but requires higher write bandwidth.

Software-managed coherence: Coherence between CUs requires explicit synchronization through:
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Fig. 4: CDNA2 Graphics Compute Die organization showing memory subsystem
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Fig. 5: L2 cache to Infinity Fabric transaction flow

• Memory fences for ordering

• Cache invalidation instructions

• Atomic operations (executed at L2 level)

• Kernel boundaries (implicit synchronization)

Write combining: To handle partial cache line updates from different CUs, the GPU uses write masks indicating which
bytes to update. This prevents false sharing issues while maintaining correctness.

6.4.4 Memory coalescing

Memory coalescing combines memory accesses from multiple threads into fewer transactions, significantly improving
bandwidth utilization. The coalescing hardware in the VMEM unit analyzes addresses from all threads in a warp and
groups them into the minimum number of cache line requests.

Coalesced access pattern: When consecutive threads access consecutive memory addresses, the hardware can combine
all 64 thread requests into as few as 4-8 cache line requests (depending on data size and alignment).

Non-coalesced access pattern: When threads access widely separated addresses, each thread can generate a separate
memory transaction, reducing effective bandwidth by up to 16x or more.

To achieve optimal memory performance:

• Ensure consecutive threads access consecutive memory addresses

• Align data structures to cache line boundaries (64B and/or 128B)

• Use structure-of-arrays rather than array-of-structures layouts

• Consider padding to avoid bank conflicts
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6.5 Architecture variants

AMD supports multiple GPU architecture families optimized for different use cases while maintaining HIP compatibility.

6.5.1 CDNA architecture

CDNA (Compute DNA) specializes in high-performance computing and machine learning workloads. Key features
include:

Fig. 6: CDNA3 compute unit with matrix acceleration

Matrix Core Unit: Specialized hardware for matrix multiply-accumulate operations, providing significantly more
throughput than vector units for supported operations. Matrix cores support multiple precisions (INT8, FP16, BF16,
FP32) with varying performance characteristics.

Accumulation VGPRs (AGPRs): Additional register file space (up to 256 KB) dedicated to matrix accumulation, dou-
bling the available register storage for matrix operations. Data movement between VGPRs and AGPRs uses specialized
instructions (v_accvgpr_*).

Enhanced memory bandwidth: CDNA GPUs typically use HBM2, HBM2e, and/or HBM3 memory technology.

Multi-die designs: CDNA2 (MI250) and CDNA3 (MI300) use chiplet architectures with multiple dies connected
through high-speed links, scaling to higher compute and memory capacities.

6.5.2 RDNA architecture

RDNA optimizes for graphics and lower-latency compute workloads through fundamental architectural changes:

Fig. 7: RDNA3 work group processor architecture

Wave32 execution: Primary execution mode uses 32-thread warps, reducing divergence penalties and register pressure.

Dual compute units: The work group processor (WGP) replaces standalone CUs, containing two closely coupled com-
pute units sharing resources:

• Each CU has two 32-wide SIMD units

• Warps execute in a single cycle on 32-wide SIMDs
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• Reduced instruction latency improves responsiveness

Three-level cache hierarchy:

• L0 cache: Per-CU cache

• L1 cache: Shared between CUs in a WGP (new intermediate level)

• L2 cache: Global cache shared across all WGPs

128-byte cache lines: Aligning with Wave32 access patterns (32 threads × 4 bytes = 128 bytes).

These RDNA optimizations target gaming workloads where latency matters more than pure throughput, though the ar-
chitecture remains capable for general compute tasks.

6.6 Performance considerations

Understanding hardware characteristics helps you optimize GPU applications for maximum performance.

6.6.1 Occupancy and resource limits

Occupancy measures the ratio of active warps to maximum possible warps on a CU. Higher occupancy generally improves
latency hiding but is limited by:

• Register usage: Each warp requires VGPRs and SGPRs from finite pools

• LDS allocation: Shared memory used per workgroup

• warp slots: Fixed number of execution contexts per CU

• Workgroup size: Smaller workgroups can waste resources

Balancing these resources is critical for achieving optimal occupancy. Tools such as rocprofv3 can help analyze occu-
pancy and identify limiting factors.

6.6.2 Latency hiding through multithreading

GPUs hide memory and instruction latency through massive hardware multithreading rather than complex CPU tech-
niques such as out-of-order execution and/or speculation. With sufficient warps:

• Memory latency is hidden by executing other warps during waits

• Pipeline latencies are covered by round-robin warp scheduling

• No context switch overhead as all contexts remain resident

The hardware can switch between warps every cycle, maintaining high ALU utilization even with long-latency operations
in flight.

6.6.3 Memory bandwidth utilization

Effective memory bandwidth depends on access patterns:

• Coalesced access: Can achieve 70-90% of peak bandwidth

• Random access: Might achieve only 5-15% of peak bandwidth

• Bank conflicts: Can serialize LDS access, reducing throughput

Memory-bound kernels should focus on:

• Maximizing coalescing through proper data layout

• Prefetching and data reuse in LDS
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• Balancing computation with memory access

• Using appropriate cache policies

6.6.4 Hardware-specific optimizations

Different AMD GPU architectures benefit from tailored optimizations:

For CDNA:

• Optimize for 64-thread warp granularity

• Leverage matrix cores for applicable algorithms

• Consider AGPR usage for register spilling

For RDNA:

• Design for 32-thread warp execution

• Utilize improved divergence handling

• Take advantage of additional cache level

Architecture-agnostic:

• Minimize divergent control flow

• Ensure memory access coalescing

• Balance resource usage for occupancy

• Overlap computation with memory access

6.7 Summary

AMD GPU hardware architecture provides massive parallelism through hierarchical organization of compute resources,
specialized execution units, and a sophisticated memory system. Understanding these hardware details, from the com-
mand processor through shader engines to individual compute units and the memory hierarchy, enables you to write more
efficient GPU applications.

Key hardware concepts for optimization include:

• Workgroup scheduling and resource management by the SPI

• Instruction scheduling and warp execution in compute units

• Memory coalescing and cache behavior

• Architecture-specific features (matrix cores, Wave32 and/or Wave64 modes)

• Resource limits affecting occupancy

For details on mapping parallel algorithms to this hardware, see the Introduction to the HIP programming model chapter.
For specific optimization techniques, consult the performance optimization guides in the ROCm documentation.
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CHAPTER

SEVEN

SAXPY TUTORIAL - HELLO HIP

To follow this tutorial, you’ll need installed drivers and a HIP compiler toolchain to compile your code. Because HIP
supports compiling and running on Linux and Windows with AMD GPUs, the install instructions are more than worth
covering as part of this tutorial. For more information about installing HIP development packages, see installation in-
structions.

7.1 Heterogeneous programming

Heterogeneous programming and offloading APIs are often mentioned together. Heterogeneous programming deals with
devices of varying capabilities simultaneously. Offloading focuses on the “remote” and asynchronous aspects of compu-
tation. HIP encompasses both. It exposes GPGPU (general-purpose GPU) programming much like ordinary host-side
CPU programming and lets you move data across various devices.

When programming in HIP (and other heterogenous APIs for that matter), remember that target devices are built for
a specific purpose. They are designed with different tradeoffs than traditional CPUs and therefore have very different
performance characteristics. Even subtle changes in code might adversely affect execution time.

7.2 Your first lines of HIP code

First, let’s do the “Hello, World!” of GPGPU: SAXPY. Single-precision A times X Plus Y (SAXPY) is a mathematical
acronym; a vector equation a · x + y = z where a ∈ R is a scalar and x, y, z ∈ V are vector quantities of some large
dimensionality. This vector space is defined over the set of reals. Practically speaking, you can compute this using a
single for loop over three arrays.

for (int i = 0 ; i < N ; ++i)

z[i] = a * x[i] + y[i];

In linear algebra libraries, such as BLAS (Basic Linear Algebra Subsystem) this operation is defined as AXPY “A times X
PlusY”. The “S” comes from single-precision, meaning that array element is float -s (IEEE 754 binary32 representation).

To quickly get started, use the set of HIP samples from GitHub. With Git configured on your machine, open a command-
line and navigate to your desired working directory, then run:

git clone https://github.com/amd/rocm-examples.git

A simple implementation of SAXPY resides in the HIP-Basic/saxpy/main.hip file in this repository. The HIP code
here mostly deals with where data has to be and when, and how devices transform this data. The first HIP calls deal with
allocating device-side memory and copying data from host-side memory to device side in a C runtime-like fashion.

// Allocate and copy vectors to device memory.

float* d_x{};

(continues on next page)
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(continued from previous page)

float* d_y{};

HIP_CHECK(hipMalloc(&d_x, size_bytes));

HIP_CHECK(hipMalloc(&d_y, size_bytes));

HIP_CHECK(hipMemcpy(d_x, x.data(), size_bytes, hipMemcpyHostToDevice));

HIP_CHECK(hipMemcpy(d_y, y.data(), size_bytes, hipMemcpyHostToDevice));

HIP_CHECK is a custom macro borrowed from the examples utilities which checks the error code returned by API
functions for errors and reports them to the console. It is not essential to the API, but it is a good practice to check the
error codes of the HIP APIs in case you pass on incorrect values to the API, or the API might be out of resources.

The code selects the device to allocate to and to copy to. Commands are issued to the HIP runtime per thread, and every
thread has a device set as the target of commands. The default device is 0, which is equivalent to calling hipSetDe-
vice(0).

Launch the calculation on the device after the input data has been prepared.

__global__ void saxpy_kernel(const float a, const float* d_x, float* d_y, const␣

↪→unsigned int size)

{

// ...

}

int main()

{

// ...

// Launch the kernel on the default stream.

saxpy_kernel<<<dim3(grid_size), dim3(block_size), 0, hipStreamDefault>>>(a, d_x,␣

↪→d_y, size);

}

Analyze at the signature of the offloaded function:

• __global__ instructs the compiler to generate code for this function as an entrypoint to a device program, such
that it can be launched from the host.

• The function does not return anything, because there is no trivial way to construct a return channel of a parallel
invocation. Device-side entrypoints may not return a value, their results should be communicated using output
parameters.

• Device-side functions are typically called compute kernels, or just kernels for short. This is to distinguish them
from non-graphics-related graphics shaders, or just shaders for short.

• Arguments are taken by value and all arguments shall be TriviallyCopyable, meaning they should be memcpy-
friendly. (Imagine if they had custom copy constructors. Where would that logic execute? On the host? On the
device?) Pointer arguments are pointers to device memory, one typically backed by VRAM.

• We said that we’ll be computing a · x + y = z, however we only pass two pointers to the function. We’ll be
canonically reusing one of the inputs as outputs.

This function is launched from the host using a language extension often called the triple chevron syntax. Inside the angle
brackets, provide the following.

• The number of blocks to launch (our grid size)

• The number of threads in a block (our block size)

• The amount of shared memory to allocate by the host
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• The device stream to enqueue the operation on

The block size and shared memory become important later in reduction. For now, a hardcoded 256 is a safe default for
simple kernels such as this. Following the triple chevron is ordinary function argument passing.

Look at how the kernel is implemented.

__global__ void saxpy_kernel(const float a, const float* d_x, float* d_y, const␣

↪→unsigned int size)

{

// Compute the current thread's index in the grid.

const unsigned int global_idx = blockIdx.x * blockDim.x + threadIdx.x;

// The grid can be larger than the number of items in the vectors. Avoid out-of-

↪→bounds addressing.

if(global_idx < size)

{

d_y[global_idx] = a * d_x[global_idx] + d_y[global_idx];

}

}

• The unique linear index identifying the thread is computed from the block ID the thread is a member of, the block’s
size and the ID of the thread within the block.

• A check is made to avoid overindexing the input.

• The useful part of the computation is carried out.

Retrieval of the result from the device is done much like input data copy. In this current step the results copied from
device to host. The opposite direction of the input data copy:

HIP_CHECK(hipMemcpy(y.data(), d_y, size_bytes, hipMemcpyDeviceToHost));

7.3 Compiling on the command line

7.3.1 Setting up the command line

Strictly speaking there’s no such thing as “setting up the command-line for compilation” on Linux. To make invocations
more terse, Linux and Windows example follow.

Linux

While distro maintainers might package ROCm so that it installs to system-default locations, AMD’s packages aren’t
installed that way. They need to be added to the PATH by the user.

export PATH=/opt/rocm/bin:${PATH}

You should be able to call the compiler on the command line now:

amdclang++ --version

Note

Docker images distributed by AMD, such as rocm-terminal already have /opt/rocm/bin on the Path for convenience.
This subtly affects CMake package detection logic of ROCm libraries.
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Windows

Windows compilers and command line tooling have traditionally relied on extra environmental variables and PATH
entries to function correctly. Visual Studio refers to command lines with this setup as “Developer Command Prompt” or
“Developer PowerShell” for cmd.exe and PowerShell respectively.

The HIP SDK on Windows doesn’t include a complete toolchain. You will also need:

• The Microsoft Windows SDK. It provides the import libs to crucial system libraries that all executables must link
to and some auxiliary compiler tooling.

• A Standard Template Library (STL). Installed as part of the Microsoft Visual C++ compiler (MSVC) or with
Visual Studio.

If you don’t have a version of Visual Studio 2022 installed, for a minimal command line experience, install the Build
Tools for Visual Studio 2022 with the Desktop Developemnt Workload. Under Individual Components select:

• A version of the Windows SDK

• “MSVC v143 - VS 2022 C++ x64/x86 build tools (Latest)”

• “C++ CMake tools for Windows” (optional)

Note

The “C++ CMake tools for Windows” individual component is a convenience which puts both cmake.exe and
ninja.exe onto the PATH inside developer command prompts. You can install these manually, but then you must
manage them manually.

Visual Studio 2017 and later are detectable as COM object instances via WMI. To setup a command line from any shell
for the latest Visual Studio’s default Visual C++ toolset issue:

$InstallationPath = Get-CimInstance MSFT_VSInstance | Sort-Object -Property Version -

↪→Descending | Select-Object -First 1 -ExpandProperty InstallLocation

Import-Module $InstallationPath\Common7\Tools\Microsoft.VisualStudio.DevShell.dll

Enter-VsDevShell -InstallPath $InstallationPath -SkipAutomaticLocation -Arch amd64 -

↪→HostArch amd64 -DevCmdArguments '-no_logo'

$env:PATH = "${env:HIP_PATH}bin;${env:PATH}"

You should be able to call the compiler on the command line now:

clang++ --version

7.3.2 Invoking the compiler manually

To compile and link a single-file application, use the following commands:

Linux

amdclang++ ./HIP-Basic/saxpy/main.hip -o saxpy -I ./Common -lamdhip64 -L /opt/rocm/

↪→lib -O2
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Windows

clang++ .\HIP-Basic\saxpy\main.hip -o saxpy.exe -I .\Common -lamdhip64 -L ${env:HIP_

↪→PATH}lib -O2

Depending on your computer, the resulting binary might or might not run. If not, it typically complains about “Invalid
device function”. That error (corresponding to the hipErrorInvalidDeviceFunction entry of hipError_t) means
that the runtime could not find a device program binary of the appropriate flavor embedded into the executable.

So far, the discussion has covered how data makes it from the host to the device and back. It has also discussed the device
code as source, with the HIP runtime arguing that the correct binary to dispatch for execution. How can you find out
what device binary flavors are embedded into the executable?

Linux

The utilities included with ROCm help significantly to inspect binary artifacts on disk. Add the ROCmCC installation
folder to your PATH if you want to use these utilities (the utilities expect them to be on the PATH).

You can list embedded program binaries using llvm-objdump with --offloading option.

llvm-objdump --offloading ./saxpy

It should return something like:

./saxpy: file format elf64-x86-64

Extracting offload bundle: ./saxpy.0.host-x86_64-unknown-linux-gnu-

Extracting offload bundle: ./saxpy.0.hipv4-amdgcn-amd-amdhsa--gfx942

The compiler embeds a version 4 code object (more on code object versions) and used the LLVM target triple
amdgcn-amd-amdhsa--gfx942 (more on target triples). You can extract that program object in a disassembled fashion
for human consumption via llvm-objdump.

llvm-objdump --disassemble saxpy.0.hipv4-amdgcn-amd-amdhsa--gfx942 > saxpy.s

This creates a file on the disk called saxpy.s Opening this file or dumping it to the console using cat lets find the
disassembled binary of the SAXPY compute kernel, something similar to:

saxpy.0.hipv4-amdgcn-amd-amdhsa--gfx942: file format elf64-amdgpu

Disassembly of section .text:

0000000000001900 <_Z12saxpy_kernelfPKfPfj>:

s_load_dword s3, s[0:1], 0x2c // 000000001900:␣

↪→C00200C0 0000002C

s_load_dword s4, s[0:1], 0x18 // 000000001908:␣

↪→C0020100 00000018

s_waitcnt lgkmcnt(0) // 000000001910: BF8CC07F

s_and_b32 s3, s3, 0xffff // 000000001914:␣

↪→8603FF03 0000FFFF

s_mul_i32 s2, s2, s3 // 00000000191C: 92020302

v_add_u32_e32 v0, s2, v0 // 000000001920: 68000002

v_cmp_gt_u32_e32 vcc, s4, v0 // 000000001924: 7D980004

s_and_saveexec_b64 s[2:3], vcc // 000000001928: BE82206A

s_cbranch_execz 20 // 00000000192C:␣

↪→BF880014 <_Z12saxpy_kernelfPKfPfj+0x80>

(continues on next page)
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(continued from previous page)

s_load_dwordx4 s[4:7], s[0:1], 0x8 // 000000001930:␣

↪→C00A0100 00000008

v_mov_b32_e32 v1, 0 // 000000001938: 7E020280

v_lshlrev_b64 v[0:1], 2, v[0:1] // 00000000193C:␣

↪→D28F0000 00020082

s_load_dword s0, s[0:1], 0x0 // 000000001944:␣

↪→C0020000 00000000

s_waitcnt lgkmcnt(0) // 00000000194C: BF8CC07F

v_lshl_add_u64 v[2:3], s[4:5], 0, v[0:1] // 000000001950:␣

↪→D2080002 04010004

v_lshl_add_u64 v[0:1], s[6:7], 0, v[0:1] // 000000001958:␣

↪→D2080000 04010006

global_load_dword v4, v[2:3], off // 000000001960:␣

↪→DC508000 047F0002

global_load_dword v5, v[0:1], off // 000000001968:␣

↪→DC508000 057F0000

s_waitcnt vmcnt(0) // 000000001970: BF8C0F70

v_fmac_f32_e32 v5, s0, v4 // 000000001974: 760A0800

global_store_dword v[0:1], v5, off // 000000001978:␣

↪→DC708000 007F0500

s_endpgm // 000000001980: BF810000

s_nop 0 // 000000001984: BF800000

Alternatively, call the compiler with --save-temps to dump all device binary to disk in separate files.

amdclang++ ./HIP-Basic/saxpy/main.hip -o saxpy -I ./Common -lamdhip64 -L /opt/rocm/

↪→lib -O2 --save-temps --offload-arch=gfx942

List all the temporaries created while compiling main.hip with:

ls main-hip-amdgcn-amd-amdhsa-*

main-hip-amdgcn-amd-amdhsa-gfx942.bc

main-hip-amdgcn-amd-amdhsa-gfx942.o

main-hip-amdgcn-amd-amdhsa-gfx942.out.resolution.txt

main-hip-amdgcn-amd-amdhsa-gfx942.hipi

main-hip-amdgcn-amd-amdhsa-gfx942.out

main-hip-amdgcn-amd-amdhsa-gfx942.s

Files with the .s extension hold the disassembled contents of the binary. The filename notes the graphics IPs used by the
compiler. The contents of this file are similar to the *.s file created with llvm-objdump earlier.

Windows

The HIP SDK forWindows don’t yet sport the roc-* set of utilities to work with binary artifacts. To find out what binary
formats are embedded into an executable, one may use dumpbin tool from the Windows SDK to obtain the raw data of
the .hip_fat section of an executable. (This binary payload is what gets parsed by the roc-* set of utilities on Linux.)
Skipping over the reported header, the rendered raw data as ASCII has ~3 lines per entries. Depending on how many
binaries are embedded, you may need to alter the number of rendered lines. An invocation such as:

dumpbin.exe /nologo /section:.hip_fat /rawdata:8 .\saxpy.exe | select -Skip 20 -First␣

↪→12

The output may look like:
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000000014004C000: 5F474E414C435F5F 5F44414F4C46464F __CLANG_OFFLOAD_

000000014004C010: 5F5F454C444E5542 0000000000000002 BUNDLE__........

000000014004C020: 0000000000001000 0000000000000000 ................

000000014004C030: 0000000000000019 3638782D74736F68 ........host-x86

000000014004C040: 6E6B6E752D34365F 756E696C2D6E776F _64-unknown-linu

000000014004C050: 0000000000100078 00000000000D9800 x...............

000000014004C060: 0000000000001F00 612D347670696800 .........hipv4-a

000000014004C070: 6D612D6E6367646D 617368646D612D64 mdgcn-amd-amdhsa

000000014004C080: 3630397866672D2D 0000000000000000 --gfx906........

000000014004C090: 0000000000000000 0000000000000000 ................

000000014004C0A0: 0000000000000000 0000000000000000 ................

000000014004C0B0: 0000000000000000 0000000000000000 ................

We can see that the compiler embedded a version 4 code object (more on code object versions) and used the LLVM
target triple amdgcn-amd-amdhsa--gfx906 (more on target triples). Don’t be alarmed about linux showing up as a
binary format, AMDGPU binaries uploaded to the GPU for execution are proper linux ELF binaries in their format.

Alternatively we can call the compiler with --save-temps to dump all device binary to disk in separate files.

clang++ .\HIP-Basic\saxpy\main.hip -o saxpy.exe -I .\Common -lamdhip64 -L ${env:HIP_

↪→PATH}lib -O2 --save-temps

Now we can list all the temporaries created while compiling main.hip via

Get-ChildItem -Filter main-hip-* | select -Property Name

Name

----

main-hip-amdgcn-amd-amdhsa-gfx906.bc

main-hip-amdgcn-amd-amdhsa-gfx906.hipi

main-hip-amdgcn-amd-amdhsa-gfx906.o

main-hip-amdgcn-amd-amdhsa-gfx906.out

main-hip-amdgcn-amd-amdhsa-gfx906.out.resolution.txt

main-hip-amdgcn-amd-amdhsa-gfx906.s

Files with the .s extension hold the disassembled contents of the binary and the filename directly informs us of the
graphics IPs used by the compiler.

Get-ChildItem main-hip-*.s | Get-Content

.text

.amdgcn_target "amdgcn-amd-amdhsa--gfx906"

.protected _Z12saxpy_kernelfPKfPfj ; -- Begin function _Z12saxpy_

↪→kernelfPKfPfj

.globl _Z12saxpy_kernelfPKfPfj

.p2align 8

.type _Z12saxpy_kernelfPKfPfj,@function

_Z12saxpy_kernelfPKfPfj: ; @_Z12saxpy_kernelfPKfPfj

; %bb.0:

s_load_dword s0, s[4:5], 0x4

s_load_dword s1, s[6:7], 0x18

s_waitcnt lgkmcnt(0)

s_and_b32 s0, s0, 0xffff

s_mul_i32 s8, s8, s0

v_add_u32_e32 v0, s8, v0

(continues on next page)
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(continued from previous page)

v_cmp_gt_u32_e32 vcc, s1, v0

s_and_saveexec_b64 s[0:1], vcc

s_cbranch_execz .LBB0_2

; %bb.1:

s_load_dwordx4 s[0:3], s[6:7], 0x8

v_mov_b32_e32 v1, 0

v_lshlrev_b64 v[0:1], 2, v[0:1]

s_waitcnt lgkmcnt(0)

v_mov_b32_e32 v3, s1

v_add_co_u32_e32 v2, vcc, s0, v0

v_addc_co_u32_e32 v3, vcc, v3, v1, vcc

global_load_dword v2, v[2:3], off

v_mov_b32_e32 v3, s3

v_add_co_u32_e32 v0, vcc, s2, v0

v_addc_co_u32_e32 v1, vcc, v3, v1, vcc

global_load_dword v3, v[0:1], off

s_load_dword s0, s[6:7], 0x0

s_waitcnt vmcnt(0) lgkmcnt(0)

v_fmac_f32_e32 v3, s0, v2

global_store_dword v[0:1], v3, off

.LBB0_2:

s_endpgm

...

Now that you’ve found what binary got embedded into the executable, find which format our available devices use.

Linux

On Linux a utility called rocminfo helps us list all the properties of the devices available on the system, including which
version of graphics IP (gfxXYZ) they employ. You can filter the output to have only these lines:

/opt/rocm/bin/rocminfo | grep gfx

Name: gfx906

Name: amdgcn-amd-amdhsa--gfx906:sramecc+:xnack-

Now that you know which graphics IPs our devices use, recompile your program with the appropriate parameters.

amdclang++ ./HIP-Basic/saxpy/main.hip -o saxpy -I ./Common -lamdhip64 -L /opt/rocm/

↪→lib -O2 --offload-arch=gfx906:sramecc+:xnack-

Now the sample will run.

./saxpy

Calculating y[i] = a * x[i] + y[i] over 1000000 elements.

First 10 elements of the results: [ 3, 5, 7, 9, 11, 13, 15, 17, 19, 21 ]

Windows

OnWindows, a utility called hipInfo.exe helps us list all the properties of the devices available on the system, including
which version of graphics IP (gfxXYZ) they employ. Filter the output to have only these lines:

& ${env:HIP_PATH}bin\hipInfo.exe | Select-String gfx

(continues on next page)
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gcnArchName: gfx1032

gcnArchName: gfx1035

Now that you know which graphics IPs our devices use, recompile your program with the appropriate parameters.

clang++ .\HIP-Basic\saxpy\main.hip -o saxpy.exe -I .\Common -lamdhip64 -L ${env:HIP_

↪→PATH}lib -O2 --offload-arch=gfx1032 --offload-arch=gfx1035

Now the sample will run.

.\saxpy.exe

Calculating y[i] = a * x[i] + y[i] over 1000000 elements.

First 10 elements of the results: [ 3, 5, 7, 9, 11, 13, 15, 17, 19, 21 ]
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CHAPTER

EIGHT

INTRODUCTION TO CORE HIP PROGRAMMING

HIP is AMD’s GPU programming interface within the ROCm ecosystem. It provides a C++ runtime API and kernel
language for writingGPU applications. HIP is designed to exposeGPU hardware capabilities directly, enabling developers
to implement fine-grained parallelism for scientific computing, simulations, and AI workloads.

As described in Introduction to the HIP programming model, the HIP API uses the following features for GPU program-
ming:

• Kernels: Functions executed in parallel across many GPU threads.

• Thread hierarchy: Threads are organized into blocks, and blocks form a grid.

• Memory spaces: HIP supports global, shared, and constant memory, each optimized for different access patterns.

• Runtime API functions: Device management, memory allocation, kernel launches, synchronization, and error han-
dling.

Note

HIP syntax is similar to NVIDIA CUDA to facilitate porting applications from CUDA to HIP. However, its real
strength lies in enabling direct, efficient programming for AMD GPUs.

These elements are configured and accessed through the HIP runtimeAPI as described in this section. Beyond the runtime
API, there are specific GPU programming patterns that help to deliver parallelism and performance optimization for your
GPU applications. These programming patterns provide:

• Massive concurrency: Patterns map naturally to thousands of GPU threads.

• Memory efficiency: Shared memory and tiling reduce costly global memory accesses.

• Synchronization tools: HIP provides barriers and atomics to coordinate threads.

• Scalability: Patterns generalize across problem sizes, making them ideal for HPC and AI workloads.

The HIP runtime API gives developers direct control over GPU execution while tutorials on GPU programming patterns
provide practical strategies for implementing parallelism. Together, they form a foundation for building scalable, efficient
algorithms in HPC and AI.
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CHAPTER

NINE

HIP KERNEL PROGRAMMING

As described in the Introduction to the HIP programming model, there are two execution contexts in HIP application code:
host and device. These execution contexts are signified by the use of __host__ and __global__ (or __device__)
qualifiers in the code. The following text describes the various qualifiers that can be defined in your HIP code, and the
circumstances for using these qualifiers. Additional details are provided related to the use of built-in constants, HIP vector
types, and built-in device functions in your code.

9.1 HIP qualifiers

9.1.1 Function-type qualifiers

HIP introduces three different function qualifiers to mark functions for execution on the device or the host, and also adds
new qualifiers to control inlining of functions.

9.1.1.1 __host__

The __host__ qualifier is used to specify functions for execution on the host. This qualifier is implicitly defined for any
function where no __host__, __device__ or __global__ qualifier is added, in order to not break compatibility with
existing C++ functions.

You can’t combine __host__ with __global__.

9.1.1.2 __device__

The __device__ qualifier is used to specify functions for execution on the device. They can only be called from other
__device__ functions or from __global__ functions.

You can combine it with the __host__ qualifier and mark functions __host__ __device__. In this case, the function
is compiled for the host and the device. Note that these functions can’t use the HIP built-ins (e.g., threadIdx.x orwarpSize),
as they are not available on the host. If you need to use HIP grid coordinate functions, you can pass the necessary
coordinate information as an argument.

9.1.1.3 __global__

Functions marked __global__ are executed on the device and are referred to as kernels. Their return type must be
void. Kernels have a special launch mechanism, and have to be launched from the host.

There are some restrictions on the parameters of kernels. Kernels can’t:

• have a parameter of type std::initializer_list or va_list

• have a variable number of arguments

• use references as parameters
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• use parameters having different sizes in host and device code, e.g. long double arguments, or structs containing
long double members.

• use struct-type arguments which have different layouts in host and device code.

Kernels can have variadic template parameters, but only one parameter pack, which must be the last item in the template
parameter list.

Note

Unlike CUDA, HIP does not support dynamic parallelism, meaning that kernels can not be called from the device.

9.1.1.3.1 Calling __global__ functions

The launch mechanism for kernels differs from standard function calls, as they need an additional configuration, that
specifies the grid and block dimensions (i.e. the amount of threads to be launched), as well as specifying the amount of
shared memory per block and which stream to execute the kernel on.

Kernels are called using the triple chevron <<<>>> syntax known from CUDA, but HIP also supports the hipLaunchK-
ernelGGL macro.

When using hipLaunchKernelGGL, the first five configuration parameters must be:

• symbol kernelName: The name of the kernel you want to launch. To support template kernels that contain
several template parameters separated by use the HIP_KERNEL_NAME macro to wrap the template instantiation
(HIPIFY inserts this automatically).

• dim3 gridDim: 3D-grid dimensions that specifies the number of blocks to launch.

• dim3 blockDim: 3D-block dimensions that specifies the number of threads in each block.

• size_t dynamicShared: The amount of additional shared dynamic memory to allocate per block.

• hipStream_t: The stream on which to run the kernel. A value of 0 corresponds to the default stream.

The kernel arguments are listed after the configuration parameters.

#include <hip/hip_runtime.h>

#include <iostream>

#define HIP_CHECK(expression) \

{ \

const hipError_t err = expression; \

if(err != hipSuccess) \

{ \

std::cerr << "HIP error: " << hipGetErrorString(err) \

<< " at " << __LINE__ << "\n"; \

} \

}

// Performs a simple initialization of an array with the thread's index variables.

// This function is only available in device code.

__device__ void init_array(float * const a, const unsigned int arraySize)

{

// globalIdx uniquely identifies a thread in a 1D launch configuration.

const int globalIdx = threadIdx.x + blockIdx.x * blockDim.x;

(continues on next page)
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(continued from previous page)

// Each thread initializes a single element of the array.

if(globalIdx < arraySize)

{

a[globalIdx] = globalIdx;

}

}

// Rounds a value up to the next multiple.

// This function is available in host and device code.

__host__ __device__ constexpr int round_up_to_nearest_multiple(int number, int␣

↪→multiple)

{

return (number + multiple - 1)/multiple;

}

__global__ void example_kernel(float * const a, const unsigned int N)

{

// Initialize array.

init_array(a, N);

// Perform additional work:

// - work with the array

// - use the array in a different kernel

// - ...

}

int main()

{

constexpr int N = 100000000; // problem size

constexpr int blockSize = 256; //configurable block size

//needed number of blocks for the given problem size

constexpr int gridSize = round_up_to_nearest_multiple(N, blockSize);

float *a;

// allocate memory on the GPU

HIP_CHECK(hipMalloc(&a, sizeof(*a) * N));

std::cout << "Launching kernel." << std::endl;

example_kernel<<<dim3(gridSize), dim3(blockSize), 0/*example doesn't use shared␣

↪→memory*/, 0/*default stream*/>>>(a, N);

// make sure kernel execution is finished by synchronizing. The CPU can also

// execute other instructions during that time

HIP_CHECK(hipDeviceSynchronize());

std::cout << "Kernel execution finished." << std::endl;

HIP_CHECK(hipFree(a));

}
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9.1.1.4 Inline qualifiers

HIP adds the __noinline__ and __forceinline__ function qualifiers.

__noinline__ is a hint to the compiler to not inline the function, whereas __forceinline__ forces the compiler to
inline the function. These qualifiers can be applied to both __host__ and __device__ functions.

__noinline__ and __forceinline__ can not be used in combination.

9.1.1.5 __launch_bounds__

GPU multiprocessors have a fixed pool of resources (primarily registers and shared memory) which are shared by the
actively running warps. Using more resources per thread can increase executed instructions per cycle but reduces the
resources available for other warps and may therefore limit the occupancy, i.e. the number of warps that can be executed
simultaneously. Thus GPUs have to balance resource usage between instruction- and thread-level parallelism.

__launch_bounds__ allows the application to provide hints that influence the resource (primarily registers) usage of
the generated code. It is a function attribute that must be attached to a __global__ function:

__global__ void __launch_bounds__(MAX_THREADS_PER_BLOCK, MIN_WARPS_PER_EXECUTION_UNIT)

kernel_name(/*args*/);

The __launch_bounds__ parameters are explained in the following sections:

9.1.1.5.1 MAX_THREADS_PER_BLOCK

This parameter is a guarantee from the programmer, that kernel will not be launched with more threads than
MAX_THREADS_PER_BLOCK.

If no __launch_bounds__ are specified, MAX_THREADS_PER_BLOCK is the maximum block size supported by the
device (see ../reference/hardware_features). Reducing MAX_THREADS_PER_BLOCK allows the compiler to use more
resources per thread than an unconstrained compilation. This might however reduce the amount of blocks that can run
concurrently on a CU, thereby reducing occupancy and trading thread-level parallelism for instruction-level parallelism.

MAX_THREADS_PER_BLOCK is particularly useful in cases, where the compiler is constrained by register usage in order
to meet requirements of large block sizes that are never used at launch time.

The compiler can only use the hints to manage register usage, and does not automatically reduce shared memory usage.
The compilation fails, if the compiler can not generate code that satisfies the launch bounds.

On NVCC this parameter maps to the .maxntid PTX directive.

When launching kernels HIP will validate the launch configuration to make sure the requested block size is not larger
than MAX_THREADS_PER_BLOCK and return an error if it is exceeded.

If AMD_LOG_LEVEL is set, detailed information will be shown in the error log message, including the launch config-
uration of the kernel and the specified __launch_bounds__.

9.1.1.5.2 MIN_WARPS_PER_EXECUTION_UNIT

This parameter specifies the minimum number of warps that must be able to run concurrently on an execution unit.
MIN_WARPS_PER_EXECUTION_UNIT is optional and defaults to 1 if not specified. Since active warps compete for the
same fixed pool of resources, the compiler must constrain the resource usage of the warps. This option gives a lower
bound to the occupancy of the kernel.

From this parameter, the compiler derives a maximum number of registers that can be used in the kernel. The amount
of registers that can be used at most is available registers

MIN_WARPS_PER_EXECUTION_UNIT , but it might also have other, architecture specific,
restrictions.
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The available registers per Compute Unit are listed in rocm:reference/gpu-arch-specs. Beware that these values are per
Compute Unit, not per Execution Unit. On AMD GPUs a Compute Unit consists of 4 Execution Units, also known as
SIMDs, each with their own register file. For more information see ../understand/hardware_implementation. hipDevi-
ceProp_t also has a field executionUnitsPerMultiprocessor.

9.1.2 Memory space qualifiers

HIP adds qualifiers to specify the memory space in which the variables are located.

Generally, variables allocated in host memory are not directly accessible within device code, while variables allocated
in device memory are not directly accessible from the host code. More details on this can be found in Unified memory
management.

9.1.2.1 __device__

Variables marked with __device__ reside in device memory. It can be combined together with one of the following
qualifiers, however these qualifiers also imply the __device__ qualifier.

By default it can only be accessed from the threads on the device. In order to access it from the host, its address and
size need to be queried using hipGetSymbolAddress() and hipGetSymbolSize() and copied with hipMemcpy-
ToSymbol() or hipMemcpyFromSymbol().

9.1.2.2 __constant__

Variables marked with __constant__ reside in device memory. Variables in that address space are routed through the
constant cache, but that address space has a limited logical size. This memory space is read-only from within kernels and
can only be set by the host before kernel execution.

To get the best performance benefit, these variables need a special access pattern to benefit from the constant cache - the
access has to be uniform within a warp, otherwise the accesses are serialized.

The constant cache reduces the pressure on the other caches and may enable higher throughput and lower latency accesses.

To set the __constant__ variables the host must copy the data to the device using hipMemcpyToSymbol(), for
example:

__constant__ int const_array[8];

void set_constant_memory(){

int host_data[8] {1,2,3,4,5,6,7,8};

hipMemcpyToSymbol(const_array, host_data, sizeof(int) * 8);

// call kernel that accesses const_array

}

9.1.2.3 __shared__

Variables marked with __shared__ are only accessible by threads within the same block and have the lifetime of that
block. It is usually backed by on-chip shared memory, providing fast access to all threads within a block, which makes it
perfectly suited for sharing variables.

Shared memory can be allocated statically within the kernel, but the size of it has to be known at compile time.

In order to dynamically allocate shared memory during runtime, but before the kernel is launched, the variable has to
be declared extern, and the kernel launch has to specify the needed amount of extern shared memory in the launch
configuration. The statically allocated shared memory is allocated without this parameter.
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#include <hip/hip_runtime.h>

#include <cstdlib>

#include <iostream>

extern __shared__ int shared_array[];

__global__ void kernel()

{

// initialize shared memory

shared_array[threadIdx.x] = threadIdx.x;

// use shared memory - synchronize to make sure, that all threads of the

// block see all changes to shared memory

__syncthreads();

}

int main()

{

//shared memory in this case depends on the configurable block size

constexpr int blockSize = 256;

constexpr int sharedMemSize = blockSize * sizeof(int);

constexpr int gridSize = 2;

kernel<<<dim3(gridSize), dim3(blockSize), sharedMemSize, 0>>>();

if(auto err = hipDeviceSynchronize(); err != hipSuccess)

std::cerr << "HIP error " << err << ": " << hipGetErrorString(err) <<␣

↪→std::endl;

return EXIT_SUCCESS;

}

9.1.2.4 __managed__

Managed memory is a special qualifier, that makes the marked memory available on the device and on the host. For more
details see Unified memory management.

9.1.2.5 __restrict__

The __restrict__ keyword tells the compiler that the associated memory pointer does not alias with any other pointer
in the function. This can help the compiler perform better optimizations. For best results, every pointer passed to a
function should use this keyword.

9.2 Built-in constants

HIP defines some special built-in constants for use in device code.

These built-ins are not implicitly defined by the compiler, the hip_runtime.h header has to be included instead.
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9.2.1 Index built-ins

Kernel code can use these identifiers to distinguish between the different threads and blocks within a kernel.

These built-ins are of type dim3, and are constant for each thread, but differ between the threads or blocks, and are
initialized at kernel launch.

9.2.1.1 blockDim and gridDim

blockDim and gridDim contain the sizes specified at kernel launch. blockDim contains the amount of threads in the
x-, y- and z-dimensions of the block of threads. Similarly gridDim contains the amount of blocks in the grid.

9.2.1.2 threadIdx and blockIdx

threadIdx and blockIdx can be used to identify the threads and blocks within the kernel.

threadIdx identifies the thread within a block, meaning its values are within 0 and blockDim.{x,y,z} - 1. Likewise
blockIdx identifies the block within the grid, and the values are within 0 and gridDim.{} - 1.

A global unique identifier of a three-dimensional grid can be calculated using the following code:

(threadIdx.x + blockIdx.x * blockDim.x) +

(threadIdx.y + blockIdx.y * blockDim.y) * blockDim.x +

(threadIdx.z + blockIdx.z * blockDim.z) * blockDim.x * blockDim.y

9.2.2 warpSize

The warpSize constant contains the number of threads per warp for the given target device. On AMD hardware, this
is referred to as wavefront size, which may vary depending on the architecture. For more details, see the hardware
features.

Since warpSize can differ between devices, it can not be assumed to be a compile-time constant on the host. It has to
be queried using hipDeviceGetAttribute() or hipDeviceGetProperties(), e.g.:

int warpSizeHost;

hipDeviceGetAttribute(&warpSizeHost, hipDeviceAttributeWarpSize, deviceId);

Note

warpSize should not be assumed to be a specific value in portable HIP applications. NVIDIA devices return 32 for
this variable; AMD devices return 64 for gfx9 and 32 for gfx10 and above. HIP doesn’t support warpSize of 64 on
gfx10 and above. While code that assumes a warpSize of 32 can run on devices with a warpSize of 64, it only
utilizes half of the compute resources.

Prior to ROCm 7.0, the warpSize parameter was a compile-time constant. Starting with ROCm 7.0, it is early folded by
the compiler, allowing it to be used in loop bounds and enabling loop unrolling in a manner similar to a compile-time
constant warp size.

If compile time warp size is required, for example to select the correct mask type or code path at compile time, the
recommended approach is to determine the warp size of the GPU on host side and setup the kernel accordingly, as shown
in the following block reduce example.

The block_reduce kernel has a template parameter for warp size and performs a reduction operation in two main
phases:

• Shared memory reduction: Reduction is performed iteratively, halving the number of active threads each step until
only a warp remains (32 or 64 threads, depending on the device).
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• Warp-level reduction: Once the sharedmemory reduction completes, the remaining threads use warp-level shuffling
to sum the remaining values. This is done efficiently with the __shfl_down intrinsic, which allows threads within
the warp to exchange values without explicit synchronization.

WarpSize template parameter

template<std::uint32_t WarpSize>

using lane_mask_t = typename std::conditional<WarpSize == 32, std::uint32_t,␣

↪→std::uint64_t>::type;

template<std::uint32_t WarpSize>

__global__ void block_reduce(int* input, lane_mask_t<WarpSize>* mask, int* output,␣

↪→size_t size)

{

extern __shared__ int shared[];

// Read of input with bounds check

auto read_global_safe = [&](const std::uint32_t i, const std::uint32_t lane_id,␣

↪→const std::uint32_t mask_id)

{

lane_mask_t<WarpSize> warp_mask = lane_mask_t<WarpSize>(1) << lane_id;

return (i < size) && (mask[mask_id] & warp_mask) ? input[i] : 0;

};

const std::uint32_t tid = threadIdx.x,

lid = threadIdx.x % WarpSize,

wid = threadIdx.x / WarpSize,

bid = blockIdx.x,

gid = bid * blockDim.x + tid;

// Read input buffer to shared

shared[tid] = read_global_safe(gid, lid, bid * (blockDim.x / WarpSize) + wid);

__syncthreads();

// Shared reduction

for (std::uint32_t i = blockDim.x / 2; i >= WarpSize; i /= 2)

{

if (tid < i)

shared[tid] = shared[tid] + shared[tid + i];

__syncthreads();

}

// Use local variable in warp reduction

int result = shared[tid];

__syncthreads();

// This loop would be unrolled the same with the runtime warpSize.

#pragma unroll

for (std::uint32_t i = WarpSize/2; i >= 1; i /= 2)

{

result = result + __shfl_down(result, i);

}

(continues on next page)
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(continued from previous page)

// Write result to output buffer

if (tid == 0)

output[bid] = result;

}

HIP warpSize

__global__ void block_reduce(int* input, std::uint64_t* mask, int* output, std::size_

↪→t size)

{

extern __shared__ int shared[];

// Read of input with bounds check

auto read_global_safe = [&](const std::uint32_t i, const std::uint32_t lane_id,␣

↪→const std::uint32_t mask_id)

{

std::uint64_t warp_mask = 1ull << lane_id;

return (i < size) && (mask[mask_id] & warp_mask) ? input[i] : 0;

};

const std::uint32_t tid = threadIdx.x,

lid = threadIdx.x % warpSize,

wid = threadIdx.x / warpSize,

bid = blockIdx.x,

gid = bid * blockDim.x + tid;

// Read input buffer to shared

shared[tid] = read_global_safe(gid, lid, bid * (blockDim.x / warpSize) + wid);

__syncthreads();

// Shared reduction

for (std::uint32_t i = blockDim.x / 2; i >= warpSize; i /= 2)

{

if (tid < i)

shared[tid] = shared[tid] + shared[tid + i];

__syncthreads();

}

// Use local variable in warp reduction

int result = shared[tid];

__syncthreads();

// This loop would be unrolled the same with the compile-time WarpSize.

#pragma unroll

for (std::uint32_t i = warpSize/2; i >= 1; i /= 2) {

result = result + __shfl_down(result, i);

}

// Write result to output buffer

if (tid == 0)

output[bid] = result;

}
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The host code with the main function:

• Retrieves the warp size of the GPU (warpSizeHost) to determine the optimal kernel configuration.

• Allocates device memory (d_data for input, d_results for block-wise output) and initializes the input vector to
1.

• Generates the mask variables for every warp and copies them to the device.

WarpSize template parameter

template<std::uint32_t WarpSize>

void generate_and_copy_mask(

void *d_mask,

std::vector<int>& vectorExpected,

int numOfBlocks,

int numberOfWarp,

int mask_size,

int mask_element_size)

{

std::random_device rd;

std::mt19937_64 eng(rd());

// Host side mask vector

std::vector<lane_mask_t<WarpSize>> mask(mask_size);

// Define uniform unsigned int distribution

std::uniform_int_distribution<lane_mask_t<WarpSize>> distr;

// Fill up the mask

for(int i=0; i < numOfBlocks; i++)

{

int count = 0;

for(int j=0; j < numberOfWarp; j++)

{

int mask_index = i * numberOfWarp + j;

mask[mask_index] = distr(eng);

if constexpr(WarpSize == 32)

count += popcount(static_cast<std::uint32_t>(mask[mask_index]));

else

count += popcount(mask[mask_index]);

}

vectorExpected[i]= count;

}

// Copy the mask array

HIP_CHECK(hipMemcpy(d_mask, mask.data(), mask_size * mask_element_size,␣

↪→hipMemcpyHostToDevice));

}

HIP warpSize

void generate_and_copy_mask(

std::uint64_t *d_mask,

std::vector<int>& vectorExpected,

int warpSizeHost,

(continues on next page)
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int numOfBlocks,

int numberOfWarp,

int mask_size,

int mask_element_size)

{

std::random_device rd;

std::mt19937_64 eng(rd());

// Host side mask vector

std::vector<std::uint64_t> mask(mask_size);

// Define uniform unsigned int distribution

std::uniform_int_distribution<std::uint64_t> distr;

// Fill up the mask

for(int i=0; i < numOfBlocks; i++)

{

int count = 0;

for(int j=0; j < numberOfWarp; j++)

{

int mask_index = i * numberOfWarp + j;

mask[mask_index] = distr(eng);

if(warpSizeHost == 32)

count += popcount(static_cast<std::uint32_t>(mask[mask_index]));

else

count += popcount(mask[mask_index]);

}

vectorExpected[i]= count;

}

// Copy the mask array

HIP_CHECK(hipMemcpy(d_mask, mask.data(), mask_size * mask_element_size,␣

↪→hipMemcpyHostToDevice));

}

• Selects the appropriate kernel specialization based on the warp size (either 32 or 64) and launches the kernel.

WarpSize template parameter

// Fill up the mask variable, copy to device and select the right kernel.

if(warpSizeHost == 32)

{

// Generate and copy mask arrays

generate_and_copy_mask<32>(d_mask, vectorExpected, numOfBlocks,␣

↪→numberOfWarp, mask_size, mask_element_size);

// Start the kernel

block_reduce<32><<<dim3(numOfBlocks), dim3(threadsPerBlock),␣

↪→threadsPerBlock * sizeof(*d_data)>>>(

d_data,

static_cast<std::uint32_t*>(d_mask),

d_results,

arraySize);

}

else if(warpSizeHost == 64)

(continues on next page)
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{

// Generate and copy mask arrays

generate_and_copy_mask<64>(d_mask, vectorExpected, numOfBlocks,␣

↪→numberOfWarp, mask_size, mask_element_size);

// Start the kernel

block_reduce<64><<<dim3(numOfBlocks), dim3(threadsPerBlock),␣

↪→threadsPerBlock * sizeof(*d_data)>>>(

d_data,

static_cast<std::uint64_t*>(d_mask),

d_results,

arraySize);

}

else

{

std::cerr << "Unsupported warp size." << std::endl;

return EXIT_FAILURE;

}

HIP warpSize

// Generate and copy mask arrays

generate_and_copy_mask(

d_mask,

vectorExpected,

warpSizeHost,

numOfBlocks,

numberOfWarp,

mask_size,

mask_element_size);

// Start the kernel

block_reduce<<<dim3(numOfBlocks), dim3(threadsPerBlock), threadsPerBlock *␣

↪→sizeof(*d_data)>>>(

d_data,

d_mask,

d_results,

arraySize);

• Synchronizes the device and copies the results back to the host.

• Checks that each block’s sum is equal with the expected mask bit count, verifying the reduction’s correctness.

• Frees the device memory to prevent memory leaks.

Note

The warpSize runtime example code is also provided for comparison purposes and the full example codes are located
in the tools folder.

The variable warpSize can be used for loop bounds and supports loop unrolling similarly to the template parameter
WarpSize.
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For users who still require a compile-time constant warp size as a macro on the device side, it can be defined manually
based on the target device architecture, as shown in the following example.

#if defined(__GFX8__) || defined(__GFX9__)

#define WarpSize 64

#else

#define WarpSize 32

#endif

Note

mwavefrontsize64 compiler option is not supported by HIP runtime, that’s why the architecture based compile
time selector is an acceptable approach.

9.3 Vector types

These types are not automatically provided by the compiler. The hip_vector_types.h header, which is also included
by hip_runtime.h has to be included to use these types.

9.3.1 Fundamental vector types

Fundamental vector types derive from the fundamental C++ integral and floating-point types. These types are defined in
hip_vector_types.h, which is included by hip_runtime.h.

All vector types can be created with 1, 2, 3 or 4 elements, the corresponding type is <fundamental_type>i, where i
is the number of elements.

All vector types support a constructor function of the form make_<type_name>(). For example, float3

make_float3(float x, float y, float z) creates a vector of type float3 with value (x,y,z). The el-
ements of the vectors can be accessed using their members x, y, z, and w.

double2 d2_vec = make_double2(2.0, 4.0);

double first_elem = d2_vec.x;

HIP supports vectors created from the following fundamental types:

Integral Types
char uchar

short ushort

int uint

long ulong

longlong ulonglong

Floating-Point Types
float

double

9.3.2 dim3

dim3 is a special three-dimensional unsigned integer vector type that is commonly used to specify grid and group dimen-
sions for kernel launch configurations.

Its constructor accepts up to three arguments. The unspecified dimensions are initialized to 1.
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9.4 Built-in device functions

9.4.1 Memory fence instructions

HIP does not enforce strict ordering on memory operations, meaning, that the order in which memory accesses are
executed, is not necessarily the order in which other threads observe these changes. So it can not be assumed, that data
written by one thread is visible by another thread without synchronization.

Memory fences are a way to enforce a sequentially consistent order on the memory operations. This means, that all writes
to memory made before a memory fence are observed by all threads after the fence. The scope of these fences depends
on what specific memory fence is called.

HIP supports __threadfence(), __threadfence_block() and __threadfence_system():

• __threadfence_block() orders memory accesses for all threads within a thread block.

• __threadfence() orders memory accesses for all threads on a device.

• __threadfence_system() orders memory accesses for all threads in the system, making writes to memory
visible to other devices and the host

9.4.2 Synchronization functions

Synchronization functions cause all threads in a group to wait at this synchronization point until all threads reached it.
These functions implicitly include a threadfence, thereby ensuring visibility of memory accesses for the threads in the
group.

The __syncthreads() function comes in different versions.

void __syncthreads() simply synchronizes the threads of a block. The other versions additionally evaluate a pred-
icate:

int __syncthreads_count(int predicate) returns the number of threads for which the predicate evaluates to
non-zero.

int __syncthreads_and(int predicate) returns non-zero if the predicate evaluates to non-zero for all threads.

int __syncthreads_or(int predicate) returns non-zero if any of the predicates evaluates to non-zero.

The Cooperative Groups API offers options to synchronize threads on a developer defined set of thread groups. For
further information, check the Cooperative Groups API reference or the Cooperative Groups section in the programming
guide.

9.4.3 Math functions

HIP-Clang supports a set of math operations that are callable from the device. HIP supports most of the device functions
supported by CUDA. These are described on Math API page.

9.4.4 Texture functions

The supported texture functions are listed in texture_fetch_functions.h and texture_indirect_functions.
h header files in the HIP-AMD backend repository.

Texture functions are not supported on some devices. To determine if texture functions are supported on your device,
use Macro __HIP_NO_IMAGE_SUPPORT == 1. You can query the attribute hipDeviceAttributeImageSupport
to check if texture functions are supported in the host runtime code.
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9.4.5 Surface functions

The supported surface functions are located on Surface object reference page.

9.4.6 Timer functions

HIP provides device functions to read a high-resolution timer from within the kernel.

The following functions count the cycles on the device, where the rate varies with the actual frequency.

clock_t clock()

long long int clock64()

Note

clock() and clock64() do not work properly on AMD RDNA3 (GFX11) graphic processors.

The difference between the returned values represents the cycles used.

__global__ void kernel()

{

long long int start = clock64();

// kernel code

long long int stop = clock64();

long long int cycles = stop - start;

}

long long int wall_clock64() returns the wall clock time on the device, with a constant, fixed frequency. The
frequency is device dependent and can be queried using:

int wallClkRate = 0; //in kilohertz

HIP_CHECK(hipDeviceGetAttribute(&wallClkRate, hipDeviceAttributeWallClockRate,␣

↪→deviceId));

9.4.7 Atomic functions

Atomic functions are read-modify-write (RMW) operations, whose result is visible to all other threads on the scope of
the atomic operation, once the operation completes.

If multiple instructions from different devices or threads target the same memory location, the instructions are serialized
in an undefined order.

Atomic operations in kernels can operate on block scope (i.e. shared memory), device scope (global memory), or system
scope (system memory), depending on hardware support.

The listed functions are also available with the _system (e.g. atomicAdd_system) suffix, operating on system scope,
which includes host memory and other GPUs’ memory. The functions without suffix operate on shared or global memory
on the executing device, depending on the memory space of the variable.

HIP supports the following atomic operations, where TYPE is one of int, unsigned int, unsigned long, unsigned
long long, float or double, while INTEGER is int, unsigned int, unsigned long, unsigned long long:

Table 1: Atomic operations
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TYPE atomicAdd(TYPE* address, TYPE val)

TYPE atomicSub(TYPE* address, TYPE val)

TYPE atomicMin(TYPE* address, TYPE val)

long long atomicMin(long long* address, long long val)

TYPE atomicMax(TYPE* address, TYPE val)

long long atomicMax(long long* address, long long val)

TYPE atomicExch(TYPE* address, TYPE val)

TYPE atomicCAS(TYPE* address, TYPE compare, TYPE val)

INTEGER atomicAnd(INTEGER* address, INTEGER val)

INTEGER atomicOr(INTEGER* address, INTEGER val)

INTEGER atomicXor(INTEGER* address, INTEGER val)

unsigned int atomicInc(unsigned int* address)

unsigned int atomicDec(unsigned int* address)

9.4.7.1 Unsafe floating-point atomic operations

SomeHIP devices support fast atomic operations on floating-point values. For example, atomicAdd on single- or double-
precision floating-point values may generate a hardware instruction that is faster than emulating the atomic operation using
an atomic compare-and-swap (CAS) loop.

On some devices, fast atomic instructions can produce results that differ from the version implemented with atomic CAS
loops. For example, some devices will use different rounding or denormal modes, and some devices produce incorrect
answers if fast floating-point atomic instructions target fine-grained memory allocations.

The HIP-Clang compiler offers compile-time options to control the generation of unsafe atomic instructions. By default
the compiler does not generate unsafe instructions. This is the same behaviour as with the -mno-unsafe-fp-atomics
compilation flag. The -munsafe-fp-atomics flag indicates to the compiler that all floating-point atomic function calls
are allowed to use an unsafe version, if one exists. For example, on some devices, this flag indicates to the compiler that
no floating-point atomicAdd function can target fine-grained memory. These options are applied globally for the entire
compilation.

HIP provides special functions that override the global compiler option for safe or unsafe atomic functions.

The safe prefix always generates safe atomic operations, even when -munsafe-fp-atomics is used, whereas unsafe
always generates fast atomic instructions, even when -mno-unsafe-fp-atomics. The following table lists the safe and
unsafe atomic functions, where FLOAT_TYPE is either float or double.

Table 2: AMD specific atomic operations

FLOAT_TYPE unsafeAtomicAdd(FLOAT_TYPE* address, FLOAT_TYPE val)

FLOAT_TYPE safeAtomicAdd(FLOAT_TYPE* address, FLOAT_TYPE val)

9.4.8 Warp cross-lane functions

Threads in a warp are referred to as lanes and are numbered from 0 to warpSize - 1. Warp cross-lane functions
cooperate across all lanes in a warp. AMDGPUs guarantee, that all warp lanes are executed in lockstep, whereas NVIDIA
GPUs that support Independent Thread Scheduling might require additional synchronization, or the use of the __sync
variants.

Note that different devices can have different warp sizes. You should query the warpSize in portable code and not assume
a fixed warp size.

All mask values returned or accepted by these built-ins are 64-bit unsigned integer values, even when compiled for a device
with 32 threads per warp. On such devices the higher bits are unused. CUDA code ported to HIP requires changes to
ensure that the correct type is used.
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Note that the __sync variants are available in ROCm 7.0 (and enabled by default, unlike in previous versions). They can
be disabled by setting the preprocessor macro HIP_DISABLE_WARP_SYNC_BUILTINS.

The _sync variants require a 64-bit unsigned integer mask argument that specifies the lanes of the warp that will par-
ticipate. Each participating thread must have its own bit set in its mask argument, and all active threads specified in any
mask argument must execute the same call with the same mask, otherwise the result is undefined. The implementation
includes a static assert to check that the program source uses the correct type for the mask.

9.4.8.1 Warp vote and ballot functions

int __all(int predicate)

int __any(int predicate)

unsigned long long __ballot(int predicate)

unsigned long long __activemask()

int __all_sync(unsigned long long mask, int predicate)

int __any_sync(unsigned long long mask, int predicate)

unsigned long long __ballot_sync(unsigned long long mask, int predicate)

You can use __any and __all to get a summary view of the predicates evaluated by the participating lanes.

• __any(): Returns 1 if the predicate is non-zero for any participating lane, otherwise it returns 0.

• __all(): Returns 1 if the predicate is non-zero for all participating lanes, otherwise it returns 0.

To determine if the target platform supports the any/all instruction, you can query the hasWarpVote device property on
the host or use the HIP_ARCH_HAS_WARP_VOTE compiler definition in device code.

__ballot returns a bit mask containing the 1-bit predicate value from each lane. The nth bit of the result contains the
bit contributed by the nth lane.

__activemask() returns a bit mask of currently active warp lanes. The nth bit of the result is 1 if the nth lane is active.

Note that the __ballot and __activemask built-ins in HIP have a 64-bit return value (unlike the 32-bit value returned
by the CUDA built-ins). Code ported from CUDA should be adapted to support the larger warp sizes that the HIP version
requires.

Applications can test whether the target platform supports the __ballot or __activemask instructions using the
hasWarpBallot device property in host code or the HIP_ARCH_HAS_WARP_BALLOT macro defined by the compiler
for device code.

9.4.8.2 Warp match functions

unsigned long long __match_any(T value)

unsigned long long __match_all(T value, int *pred)

unsigned long long __match_any_sync(unsigned long long mask, T value)

unsigned long long __match_all_sync(unsigned long long mask, T value, int *pred)

T can be a 32-bit integer type, 64-bit integer type or a single precision or double precision floating point type.

__match_any returns a bit mask where the n-th bit is set to 1 if the n-th lane has the same value as the current lane,
and 0 otherwise.

__match_all returns a bit mask with the bits of the participating lanes are set to 1 if all lanes have the same value,
and 0 otherwise. The predicate pred is set to true if all participating threads have the same value, and false otherwise.
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9.4.8.3 Warp shuffle functions

T __shfl (T var, int srcLane, int width=warpSize);

T __shfl_up (T var, unsigned int delta, int width=warpSize);

T __shfl_down (T var, unsigned int delta, int width=warpSize);

T __shfl_xor (T var, int laneMask, int width=warpSize);

T __shfl_sync (unsigned long long mask, T var, int srcLane, int width=warpSize);

T __shfl_up_sync (unsigned long long mask, T var, unsigned int delta, int␣

↪→width=warpSize);

T __shfl_down_sync (unsigned long long mask, T var, unsigned int delta, int␣

↪→width=warpSize);

T __shfl_xor_sync (unsigned long long mask, T var, int laneMask, int width=warpSize);

T can be a 32-bit integer type, 64-bit integer type or a single precision or double precision floating point type.

The warp shuffle functions exchange values between threads within a warp.

The optional width argument specifies subgroups, in which the warp can be divided to share the variables. It has to be
a power of two smaller than or equal to warpSize. If it is smaller than warpSize, the warp is grouped into separate
groups, that are each indexed from 0 to width as if it was its own entity, and only the lanes within that subgroup participate
in the shuffle. The lane indices in the subgroup are given by laneIdx % width.

The different shuffle functions behave as following:

__shfl

The thread reads the value from the lane specified in srcLane.

__shfl_up

The thread reads var from lane laneIdx - delta, thereby “shuffling” the values of the lanes of the warp “up”.
If the resulting source lane is out of range, the thread returns its own var.

__shfl_down

The thread reads var from lane laneIdx + delta, thereby “shuffling” the values of the lanes of the warp “down”.
If the resulting source lane is out of range, the thread returns its own var.

__shfl_xor

The thread reads var from lane laneIdx xor lane_mask. If width is smaller than warpSize, the threads
can read values from subgroups before the current subgroup. If it tries to read values from later subgroups, the
function returns the var of the calling thread.

9.4.8.4 Warp reduction functions

Arithmetic reduces:

T __reduce_add_sync (unsigned long long mask, T var);

T __reduce_min_sync (unsigned long long mask, T var);

T __reduce_max_sync (unsigned long long mask, T var);

T can be:

• On Nvidia platform: int or unsigned int

• On AMD platform: int or unsigned int; if the user defines the macro
HIP_ENABLE_EXTRA_WARP_SYNC_TYPES, then: unsigned long long, long long, half/float/double
precision floating

point types are also be supported.
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Returns the aggregated result of the arithmetic operation, where each of the participating threads (i.e. the ones mentioned
on the mask) contribute var.

NOTE: for type half, these intrinsics are not available in environments where the arithmetic operators are not available
for that type.

Logical reduces:

T __reduce_and_sync (unsigned long long mask, T var);

T __reduce_or_sync (unsigned long long mask, T var);

T __reduce_xor_sync (unsigned long long mask, T var);

T can be:

• Nvidia: unsigned int

• AMD: unsigned int, and if the user defines the macro HIP_ENABLE_EXTRA_WARP_SYNC_TYPES, then int,
unsigned long long or long long are also supported

Returns the result of the aggregated logical AND/OR/XOR operation where each of the participating threads (i.e. the
ones mentioned on the mask) contribute var.

The mask argument is a 64-bit unsigned integer that specifies the lanes in the warp that participate in cross-lane com-
munication with the calling lane. Each participating thread must have its own bit set in its mask argument, and all active
threads specified in any mask argument must execute the same call with the same mask, otherwise the result is undefined.

Informational note: On AMD,masks that start from lane zero and have no “holes” use faster cross-lane operations
and exhibit better performance than masks with “holes” (example of mask with no holes: 0xFF and with holes: 0xFB;
the reduction with 0xFF is faster).

These functions do not provide a memory barrier on any platform.

9.4.8.5 Warp matrix functions

Warp matrix functions allow a warp to cooperatively operate on small matrices that have elements spread over lanes in
an unspecified manner.

HIP does not support warp matrix types or functions.

9.4.9 Cooperative groups functions

You can use cooperative groups to synchronize groups of threads across thread blocks. It also provide a way of commu-
nicating between these groups.

For further information, check the Cooperative Groups API reference or the Cooperative Groups programming guide.
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TEN

USING HIP RUNTIME API

The HIP runtime API provides C and C++ functionalities to manage event, stream, and memory on GPUs. The HIP
runtime uses Compute Language Runtime (CLR).

CLR contains source code for AMD ROCm’s compute language runtimes: HIP and OpenCL™. CLR includes the HIP
implementation on the AMD ROCm platform: hipamd and the ROCm Compute Language Runtime (rocclr). rocclr
is a virtual device interface that enables the HIP runtime to interact with different backends, such as ROCr on Linux or
PAL on Microsoft Windows. CLR also includes the OpenCL runtime implementation.

The HIP runtime API backends are summarized in the following figure:

Here are the various HIP Runtime API high level functions:
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• Initialization

• Memory management

• Error handling

• Asynchronous concurrent execution

• Cooperative groups

• HIP graphs

• Call stack

• Execution contexts

• OpenGL interoperability

• External resource interoperability

10.1 Initialization

The initialization involves setting up the environment and resources needed for using GPUs. The following steps are
covered with the initialization:

• Setting up the HIP runtime

This includes reading the environment variables set during init, setting up the active or visible devices, loading
necessary libraries, setting up internal buffers for memory copies or cooperative launches, initialize the compiler
as well as HSA runtime and checks any errors due to lack of resources or no active devices.

• Querying and setting GPUs

Identifying and querying the available GPU devices on the system.

• Setting up contexts

Creating contexts for each GPU device, which are essential for managing resources and executing kernels. For
further details, check the context section.

10.1.1 Initialize the HIP runtime

The HIP runtime is initialized automatically when the first HIP API call is made. However, you can explicitly initialize it
using hipInit(), to be able to control the timing of the initialization. The manual initialization can be useful to ensure
that the GPU is initialized and ready, or to isolate GPU initialization time from other parts of your program.

Note

You can use hipDeviceReset() to delete all streams created, memory allocated, kernels running and events created
by the current process. Any new HIP API call initializes the HIP runtime again.

10.1.2 Querying and setting GPUs

If multiple GPUs are available in the system, you can query and select the desired GPU(s) to use based on device proper-
ties, such as size of global memory, size shared memory per block, support of cooperative launch and support of managed
memory.
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10.1.2.1 Querying GPUs

The properties of a GPU can be queried using hipGetDeviceProperties(), which returns a struct of hipDevice-
Prop_t. The properties in the struct can be used to identify a device or give an overview of hardware characteristics,
that might make one GPU better suited for the task than others.

The hipGetDeviceCount() function returns the number of available GPUs, which can be used to loop over the avail-
able GPUs.

Example code of querying GPUs:

#include <hip/hip_runtime.h>

#include <iostream>

int main()

{

int deviceCount;

if (hipGetDeviceCount(&deviceCount) == hipSuccess)

{

for (int i = 0; i < deviceCount; ++i)

{

hipDeviceProp_t prop;

if (hipGetDeviceProperties(&prop, i) == hipSuccess)

std::cout << "Device" << i << prop.name << std::endl;

}

}

return 0;

}

10.1.2.2 Setting the GPU

hipSetDevice() function select the GPU to be used for subsequent HIP operations. This function performs several
key tasks:

• Context Binding

Binds the current thread to the context of the specified GPU device. This ensures that all subsequent operations
are executed on the selected device.

• Resource Allocation

Prepares the device for resource allocation, such as memory allocation and stream creation.

• Check device availability

Checks for errors in device selection and returns error if the specified device is not available or not capable of
executing HIP operations.

10.1.3 Process creation (fork()/exec())

Applications that use fork() should avoid initializing the HIP runtime before the fork when the child process will continue
execution without an immediate exec(). GPU runtime state, device contexts, internal threads, and synchronization objects
may not be safely inherited across fork(). If both parent and child intend to use HIP after a fork, each process should
initialize HIP independently after the fork.
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10.2 Memory management

Memory management is an important part of the HIP runtime API, when creating high-performance applications. Both
allocating and copying memory can result in bottlenecks, which can significantly impact performance.

The programming model is based on a system with a host and a device, each having its own distinct memory. Kernels
operate on Device memory, while host functions operate on Host memory.

The runtime offers functions for allocating, freeing, and copying device memory, along with transferring data between
host and device memory.

Here are the various memory management techniques:

• Coherence control

• Unified memory management

• Virtual memory management

• Stream-ordered memory allocator

10.2.1 Memory allocation

The API calls and the resulting allocations are listed here:

Table 1: Memory coherence control

API Data location Allocation

System allocated Host Pageable
hipMallocManaged() Host Managed
hipHostMalloc() Host Pinned
hipMalloc() Device Pinned

10.2.2 Host memory

Host memory is the “normal” memory residing in the host RAM and allocated by C or C++. Host memory can be
allocated in two different ways:

• Pageable memory

• Pinned memory

The following figure explains how data is transferred in pageable and pinned memory.

The pageable and pinned memory allow you to exercise direct control over memory operations, which is known as explicit
memory management. When using the unified memory, you get a simplified memory model with less control over low
level memory operations.

The difference in memory transfers between explicit and unified memory management is highlighted in the following
figure:

For more details on unified memory management, see Unified memory management.

10.2.2.1 Pageable memory

Pageable memory exists on memory blocks known as “pages” that can be migrated to other memory storage. For example,
migrating memory between CPU sockets on a motherboard or in a system whose RAM runs out of space and starts
dumping pages into the swap partition of the hard drive.

Pageable memory is usually allocated with a call to malloc or new in a C++ application.
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Example: Using pageable host memory in HIP

#include <hip/hip_runtime.h>

#include <cstring>

#include <iostream>

#define HIP_CHECK(expression) \

{ \

const hipError_t status = expression; \

if(status != hipSuccess) \

{ \

std::cerr << "HIP error " \

<< status << ": " \

<< hipGetErrorString(status) \

<< " at " << __FILE__ << ":" \

<< __LINE__ << std::endl; \

} \

}

int main()

{

const int element_number = 100;

int *host_input, *host_output;

// Host allocation

host_input = new int[element_number];

host_output = new int[element_number];

// Host data preparation

for (int i = 0; i < element_number; i++) {

host_input[i] = i;

}

std::memset(host_output, 0, element_number * sizeof(int));

int *device_input, *device_output;

// Device allocation

HIP_CHECK(hipMalloc((int **)&device_input, element_number * sizeof(int)));

HIP_CHECK(hipMalloc((int **)&device_output, element_number * sizeof(int)));

// Device data preparation

HIP_CHECK(hipMemcpy(device_input, host_input, element_number * sizeof(int),␣

↪→hipMemcpyHostToDevice));

HIP_CHECK(hipMemset(device_output, 0, element_number * sizeof(int)));

// Run the kernel

// ...

HIP_CHECK(hipMemcpy(device_input, host_input, element_number * sizeof(int),␣

↪→hipMemcpyHostToDevice));

// Free host memory

(continues on next page)
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(continued from previous page)

delete[] host_input;

delete[] host_output;

// Free device memory

HIP_CHECK(hipFree(device_input));

HIP_CHECK(hipFree(device_output));

}

Note

hipMalloc() and hipFree() are blocking calls. However, HIP also provides non-blocking versions hipMal-
locAsync() and hipFreeAsync(), which require a stream as an additional argument. For asynchronous memory
allocations made with hipMallocAsync and hipMallocFromPoolAsync hipFree does not implicitly wait for
synchronization, to match the behavior of cudaFree.

10.2.2.2 Pinned memory

Pinnedmemory or page-lockedmemory is stored in pages that are locked in specific sectors in RAMand can’t bemigrated.
The pointer can be used on both host and device. Accessing host-resident pinned memory in device kernels is generally
not recommended for performance, as it can force the data to traverse the host-device interconnect such as PCIe, which
is much slower than the on-device bandwidth.

The advantage of pinned memory is the improved transfer time between host and device. For transfer operations, such
as hipMemcpy() or hipMemcpyAsync(), using pinned memory instead of pageable memory on the host can lead to a
three times improvement in bandwidth.

The disadvantage of pinned memory is the reduced availability of RAM for other processes, which can negatively impact
the overall performance of the host.

Example: Using pinned memory in HIP

#include <hip/hip_runtime.h>

#include <cstring>

#include <iostream>

#define HIP_CHECK(expression) \

{ \

const hipError_t status = expression; \

if(status != hipSuccess) \

{ \

std::cerr << "HIP error " \

<< status << ": " \

<< hipGetErrorString(status) \

<< " at " << __FILE__ << ":" \

<< __LINE__ << std::endl; \

} \

}

int main()

{

const int element_number = 100;

(continues on next page)

10.2. Memory management 85

https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/memory_management.html#_CPPv4I0E9hipMalloc10hipError_tPP1T6size_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/memory_management.html#_CPPv47hipFreePv
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/memory_management/stream_ordered_memory_allocator.html#_CPPv4I0E14hipMallocAsync10hipError_tPP1T6size_t12hipMemPool_t11hipStream_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/memory_management/stream_ordered_memory_allocator.html#_CPPv4I0E14hipMallocAsync10hipError_tPP1T6size_t12hipMemPool_t11hipStream_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/memory_management/stream_ordered_memory_allocator.html#_CPPv412hipFreeAsyncPv11hipStream_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/memory_management.html#_CPPv49hipMemcpyPvPKv6size_t13hipMemcpyKind
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/memory_management.html#_CPPv414hipMemcpyAsyncPvPKv6size_t13hipMemcpyKind11hipStream_t


AMD ROCm™ Programming Guide, Release 10.1.0

(continued from previous page)

int *host_input, *host_output;

// Host allocation

HIP_CHECK(hipHostMalloc(&host_input, element_number * sizeof(int)));

HIP_CHECK(hipHostMalloc(&host_output, element_number * sizeof(int)));

// Host data preparation

for (int i = 0; i < element_number; i++)

{

host_input[i] = i;

}

std::memset(host_output, 0, element_number * sizeof(int));

int *device_input, *device_output;

// Device allocation

HIP_CHECK(hipMalloc(&device_input, element_number * sizeof(int)));

HIP_CHECK(hipMalloc(&device_output, element_number * sizeof(int)));

// Device data preparation

HIP_CHECK(hipMemcpy(device_input, host_input, element_number * sizeof(int),␣

↪→hipMemcpyHostToDevice));

HIP_CHECK(hipMemset(device_output, 0, element_number * sizeof(int)));

// Run the kernel

// ...

HIP_CHECK(hipMemcpy(device_input, host_input, element_number * sizeof(int),␣

↪→hipMemcpyHostToDevice));

// Free host memory

HIP_CHECK(hipFreeHost(host_input));

HIP_CHECK(hipFreeHost(host_output));

// Free device memory

HIP_CHECK(hipFree(device_input));

HIP_CHECK(hipFree(device_output));

}

10.2.2.2.1 Memory allocation flags for pinned memory

The memory allocation for pinned memory can be controlled using hipHostMalloc flags:

• hipHostMallocPortable: The memory allocation is not restricted to the context making the allocation.

• hipHostMallocMapped: The memory is allocated into the address space for the current device and the device
pointer can be obtained with hipHostGetDevicePointer().

• hipHostMallocNumaUser: The host memory allocation follows Numa policy specified by the user. Target of
Numa policy is to select a CPU that is closest to each GPU. Numa distance is the distance between GPU and CPU
devices.

• hipHostMallocWriteCombined: The memory is allocated as write-combined. Although lacking read effi-
ciency by most CPUs, write-combined allocation might be transferred faster across the PCIe bus on some system
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configurations. It’s a good option for data transfer from host to device via mapped pinned memory.

• hipHostMallocCoherent: Fine-grained memory is allocated. Overrides HIP_HOST_COHERENT environment
variable for specific allocation. For details, see Coherence control.

• hipHostMallocNonCoherent: Coarse-grained memory is allocated. Overrides HIP_HOST_COHERENT envi-
ronment variable for specific allocation. For details, see Coherence control.

All allocation flags are independent and can be set in any combination. The only exception is setting hipHostMal-
locCoherent and hipHostMallocNonCoherent together, which leads to an illegal state. An example of a valid flag
combination is calling hipHostMalloc() with both hipHostMallocPortable and hipHostMallocMapped flags
set. Both the flags use the same model and differentiate only between how the surrounding code uses the host memory.

Note

By default, each GPU selects a Numa CPU node with the least Numa distance between them. This implies that the
host memory is automatically allocated on the closest memory pool of the current GPU device’s Numa node. Using
hipSetDevice() API to set a different GPU increases the Numa distance but still allows you to access the host
allocation.

Numa policy is implemented on Linux and is under development on Microsoft Windows.

10.2.3 Device memory

Device memory is random access memory that is physically located on a GPU. In general it is memory with a bandwidth
that is an order of magnitude higher compared to RAM available to the host. That high bandwidth is only available
to on-device accesses, accesses from the host or other devices have to go over a special interface which is considerably
slower, usually the PCIe bus or the AMD Infinity Fabric.

On certain architectures like APUs, the GPU and CPU share the same physical memory.

There is also a special local data share on-chip directly accessible to the compute units, that can be used for shared
memory.

The physical device memory can be used to back up several different memory spaces in HIP, as described in the following.

10.2.3.1 Global memory

Global memory is the general read-write accessible memory visible to all threads on a given device. Since variables
located in global memory have to be marked with the __device__ qualifier, this memory space is also referred to as
device memory.

Without explicitly copying it, it can only be accessed by the threads within a kernel operating on the device, however
Unified memory management can be used to let the runtime manage this, if desired.

10.2.3.1.1 Allocating global memory

This memory needs to be explicitly allocated.

It can be allocated from the host via the HIP runtime memory management functions like hipMalloc(), or can be
defined using the __device__ qualifier on variables.

It can also be allocated within a kernel using malloc or new. The specified amount of memory is allocated by each
thread that executes the instructions. The recommended way to allocate the memory depends on the use case. If the
memory is intended to be shared between the threads of a block, it is generally beneficial to allocate one large block of
memory, due to the way the memory is accessed.
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Note

Memory allocated within a kernel can only be freed in kernels, not by the HIP runtime on the host, like hipFree().
It is also not possible to free device memory allocated on the host, with hipMalloc() for example, in a kernel.

An example for how to share memory allocated within a kernel by only one thread is given in the following example. In
case the device memory is only needed for communication between the threads in a single block, Shared memory is the
better option, but is also limited in size.

__global__ void kernel_memory_allocation(TYPE* pointer){

// The pointer is stored in shared memory, so that all

// threads of the block can access the pointer

__shared__ int *memory;

size_t blockSize = blockDim.x;

constexpr size_t elementsPerThread = 1024;

if(threadIdx.x == 0){

// allocate memory in one contiguous block

memory = new int[blockDim.x * elementsPerThread];

}

__syncthreads();

// load pointer into thread-local variable to avoid

// unnecessary accesses to shared memory

int *localPtr = memory;

// work with allocated memory, e.g. initialization

for(int i = 0; i < elementsPerThread; ++i){

// access in a contiguous way

localPtr[i * blockSize + threadIdx.x] = i;

}

// synchronize to make sure no thread is accessing the memory before freeing

__syncthreads();

if(threadIdx.x == 0){

delete[] memory;

}

}

10.2.3.1.2 Copying between device and host

When not using Unified memory management, memory has to be explicitly copied between the device and the host, using
the HIP runtime API.

size_t elements = 1 << 20;

size_t size_bytes = elements * sizeof(int);

// allocate host and device memory

int *host_pointer = new int[elements];

int *device_input, *device_result;

HIP_CHECK(hipMalloc(&device_input, size_bytes));

HIP_CHECK(hipMalloc(&device_result, size_bytes));

(continues on next page)
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// copy from host to the device

HIP_CHECK(hipMemcpy(device_input, host_pointer, size_bytes, hipMemcpyHostToDevice));

// Use memory on the device, i.e. execute kernels

// copy from device to host, to e.g. get results from the kernel

HIP_CHECK(hipMemcpy(host_pointer, device_result, size_bytes, hipMemcpyDeviceToHost));

// free memory when not needed any more

HIP_CHECK(hipFree(device_result));

HIP_CHECK(hipFree(device_input));

delete[] host_pointer;

10.2.3.2 Constant memory

Constant memory is read-only storage visible to all threads on a given device. It is a limited segment backed by device
memory, that takes a different caching route than normal device memory accesses. It needs to be set by the host before
kernel execution.

In order to get the highest bandwidth from the constant memory, all threads of a warp have to access the same memory
address. If they access different addresses, the accesses get serialized and the bandwidth is therefore reduced.

10.2.3.2.1 Using constant memory

Constant memory can not be dynamically allocated, and the size has to be specified during compile time. If the values
can not be specified during compile time, they have to be set by the host before the kernel, that accesses the constant
memory, is called.

constexpr size_t const_array_size = 32;

__constant__ double const_array[const_array_size];

void set_constant_memory(double* values){

hipMemcpyToSymbol(const_array, values, const_array_size * sizeof(double));

}

__global__ void kernel_using_const_memory(double* array){

int warpIdx = threadIdx.x / warpSize;

// uniform access of warps to const_array for best performance

array[blockDim.x] *= const_array[warpIdx];

}

10.2.3.3 Texture memory

Texture memory is special read-only memory visible to all threads on a given device and accessible through additional
APIs. Its origins come from graphics APIs, and provides performance benefits when accessing memory in a pattern where
the addresses are close to each other in a 2D or 3D representation of the memory. It also provides additional features like
filtering and addressing for out-of-bounds accesses, which are further explained in Texture fetching.

The original use of the texture cache was also to take pressure off the global memory and other caches, however on
modern GPUs, that support textures, the L1 cache and texture cache are combined, so the main purpose is to make use
of the texture specific features.
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To find out whether textures are supported on a device, query hipDeviceAttributeImageSupport.

10.2.3.3.1 Using texture memory

Textures are more complex than just a region of memory, so their layout has to be specified. They are represented by
hipTextureObject_t and created using hipCreateTextureObject().

The underlying memory is a 1D, 2D or 3D hipArray_t, that needs to be allocated using hipMallocArray().

On the device side, texture objects are accessed using the tex1D/2D/3D functions.

The texture management functions can be found in the Texture management API reference

A full example for how to use textures can be found in the ROCm texture management example

10.2.3.4 Surface memory

A read-write version of texture memory. It is created in the same way as a texture, but with hipCreateSurfaceOb-
ject().

Since surfaces are also cached in the read-only texture cache, the changes written back to the surface can’t be observed
in the same kernel. A new kernel has to be launched in order to see the updated surface.

The corresponding functions are listed in the Surface object API reference.

10.2.3.5 Shared memory

Shared memory is read-write memory, that is only visible to the threads within a block. It is allocated per thread block,
and needs to be either statically allocated at compile time, or can be dynamically allocated when launching the kernel,
but not during kernel execution. Its general use-case is to share variables between the threads within a block, but can also
be used as scratch pad memory.

Shared memory is not backed by the same physical memory as the other address spaces. It is on-chip memory local to the
compute units, providing low-latency, high-bandwidth access, comparable to the L1 cache. It is however limited in size,
and as it is allocated per block, can restrict how many blocks can be scheduled to a compute unit concurrently, thereby
potentially reducing occupancy.

An overview of the size of the local data share (LDS), that backs up shared memory, is given in the GPU hardware
specifications.

10.2.3.5.1 Allocate shared memory

Memory can be dynamically allocated by declaring an extern __shared__ array, whose size can be set during kernel
launch, which can then be accessed in the kernel.

extern __shared__ int dynamic_shared[];

__global__ void kernel(int array1SizeX, int array1SizeY, int array2Size){

// at least (array1SizeX * array1SizeY + array2Size) * sizeof(int) bytes

// dynamic shared memory need to be allocated when the kernel is launched

int* array1 = dynamic_shared;

// array1 is interpreted as 2D of size:

int array1Size = array1SizeX * array1SizeY;

int* array2 = &(array1[array1Size]);

if(threadIdx.x < array1SizeX && threadIdx.y < array1SizeY){

// access array1 with threadIdx.x + threadIdx.y * array1SizeX

}

(continues on next page)
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if(threadIdx.x < array2Size){

// access array2 threadIdx.x

}

}

Amore in-depth example on dynamically allocated shared memory can be found in the ROCm dynamic shared example.

To statically allocate shared memory, just declare it in the kernel. The memory is allocated per block, not per thread. If
the kernel requires more shared memory than is available to the architecture, the compilation fails.

__global__ void kernel(){

__shared__ int array[128];

__shared__ double result;

}

A more in-depth example on statically allocated shared memory can be found in the ROCm shared memory example.

10.2.3.6 Texture fetching

Textures give access to specialized hardware on GPUs that is usually used in graphics processing. In particular, textures
use a different way of accessing their underlying device memory. Memory accesses to textures are routed through a special
read-only texture cache, that is optimized for logical spatial locality, e.g. locality in 2D grids. This can also benefit certain
algorithms used in GPGPU computing, when the access pattern is the same as used when accessing normal textures.

Additionally, textures can be indexed using floating-point values. This is used in graphics applications to interpolate
between neighboring values of a texture. Depending on the interpolation mode the index can be in the range of 0 to size
- 1 or 0 to 1. Textures also have a way of handling out-of-bounds accesses.

Depending on the value of the index, texture filtering or texture addressing is performed.

Here is the example texture used in this document for demonstration purposes. It is 2x2 texels and indexed in the [0 to
1] range.

Fig. 1: Texture used as example

In HIP textures objects are of type hipTextureObject_t and created using hipCreateTextureObject().

For a full list of available texture functions see the HIP texture API reference.

A code example for how to use textures can be found in the ROCm texture management example
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10.2.3.6.1 Texture filtering

Texture filtering handles the usage of fractional indices. When the index is a fraction, the queried value lies between two
or more texels (texture elements), depending on the dimensionality of the texture. The filtering method defines how to
interpolate between these values.

The filter modes are specified in hipTextureFilterMode.

The various texture filtering methods are discussed in the following sections.

10.2.3.6.1.1 Nearest point filtering

This filter mode corresponds to hipFilterModePoint.

In this method, the modulo of index is calculated as:

tex(x) = T[floor(x)]

This is also applicable for 2D and 3D variants.

This doesn’t interpolate between neighboring values, which results in a pixelated look.

The following image shows a texture stretched to a 4x4 pixel quad but still indexed in the [0 to 1] range. The in-between
values are the same as the values of the nearest texel.

Fig. 2: Texture upscaled with nearest point filtering

10.2.3.6.1.2 Linear filtering

This filter mode corresponds to hipFilterModeLinear.

The linear filtering method does a linear interpolation between values. Linear interpolation is used to create a linear
transition between two values. The formula used is (1-t)P1 + tP2 where P1 and P2 are the values and t is within the
[0 to 1] range.

In the case of linear texture filtering the following formulas are used:

• For one dimensional textures: tex(x) = (1-α)T[i] + αT[i+1]
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• For two dimensional textures: tex(x,y) = (1-α)(1-β)T[i,j] + α(1-β)T[i+1,j] + (1-α)βT[i,j+1]

+ αβT[i+1,j+1]

• For three dimensional textures: tex(x,y,z) = (1-α)(1-β)(1-γ)T[i,j,k] + α(1-β)(1-γ)T[i+1,

j,k] + (1-α)β(1-γ)T[i,j+1,k] + αβ(1-γ)T[i+1,j+1,k] + (1-α)(1-β)γT[i,j,k+1] +

α(1-β)γT[i+1,j,k+1] + (1-α)βγT[i,j+1,k+1] + αβγT[i+1,j+1,k+1]

Where x, y, and, z are the floating-point indices. i, j, and, k are the integer indices and, α, β, and, γ values represent how
far along the sampled point is on the three axes. These values are calculated by these formulas: i = floor(x'), α =

frac(x'), x' = x - 0.5, j = floor(y'), β = frac(y'), y' = y - 0.5, k = floor(z'), γ = frac(z')

and z' = z - 0.5

The following image shows a texture stretched out to a 4x4 pixel quad, but still indexed in the [0 to 1] range. The
in-between values are interpolated between the neighboring texels.

Fig. 3: Texture upscaled with linear filtering

10.2.3.6.2 Texture addressing

The texture addressing modes are specified in hipTextureAddressMode.

The texture addressing mode handles out-of-bounds accesses to the texture. This can be used in graphics applications to
e.g. repeat a texture on a surface multiple times in various ways or create visible signs of out-of-bounds indexing.

The following sections describe the various texture addressing methods.

10.2.3.6.2.1 Address mode border

This addressing mode is set using hipAddressModeBorder.

This addressing mode returns a border value when indexing out of bounds. The border value must be set before texture
fetching.

The following image shows the texture on a 4x4 pixel quad, indexed in the [0 to 3] range. The out-of-bounds values are
the border color, which is yellow.

The purple lines are not part of the texture. They only denote the edge, where the addressing begins.
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Fig. 4: Texture with yellow border color.

10.2.3.6.2.2 Address mode clamp

This addressing mode is set using hipAddressModeClamp.

This mode clamps the index between [0 to size-1]. Due to this, when indexing out-of-bounds, the values on the edge of
the texture repeat. The clamp mode is the default addressing mode.

The following image shows the texture on a 4x4 pixel quad, indexed in the [0 to 3] range. The out-of-bounds values are
repeating the values at the edge of the texture.

The purple lines are not part of the texture. They only denote the edge, where the addressing begins.

10.2.3.6.2.3 Address mode wrap

This addressing mode is set using hipAddressModeWrap.

Wrap mode addressing is only available for normalized texture coordinates. In this addressing mode, the fractional part
of the index is used:

tex(frac(x))

This creates a repeating image effect.

The following image shows the texture on a 4x4 pixel quad, indexed in the [0 to 3] range. The out-of-bounds values are
repeating the original texture.

The purple lines are not part of the texture. They only denote the edge, where the addressing begins.

10.2.3.6.2.4 Address mode mirror

This addressing mode is set using hipAddressModeMirror.

Similar to the wrap mode the mirror mode is only available for normalized texture coordinates and also creates a repeating
image, but mirroring the neighboring instances.

The formula is the following:
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Fig. 5: Texture with clamp addressing

Fig. 6: Texture with wrap addressing.
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tex(frac(x)), if floor(x) is even,

tex(1 - frac(x)), if floor(x) is odd.

The following image shows the texture on a 4x4 pixel quad, indexed in The [0 to 3] range. The out-of-bounds values are
repeating the original texture, but mirrored.

Fig. 7: Texture with mirror addressing

The purple lines are not part of the texture. They only denote the edge, where the addressing begins.

10.2.4 Coherence control

Memory coherence describes how memory of a specific part of the system is visible to the other parts of the system. For
example, how GPU memory is visible to the CPU and vice versa. In HIP, host and device memory can be allocated with
two different types of coherence:

• Coarse-grained coherence: The memory is considered up-to-date only after synchronization performed us-
ing hipDeviceSynchronize(), hipStreamSynchronize(), or any blocking operation that acts on the null
stream such as hipMemcpy(). To avoid the cache from being accessed by a part of the systemwhile simultaneously
being written by another, the memory is made visible only after the caches have been flushed.

• Fine-grained coherence: Thememory is coherent even while beingmodified by a part of the system. Fine-grained
coherence ensures that up-to-date data is visible to others regardless of kernel boundaries. This can be useful if
both host and device operate on the same data.

Note

To achieve fine-grained coherence, many AMD GPUs use a limited cache policy, such as leaving these allocations
uncached by the GPU or making them read-only.

Mi200 accelerator’s hardware based floating point instructions work on coarse-grained memory regions. Coarse-grained
coherence is typically useful in reducing host-device interconnect communication.

To check the availability of fine- and coarse-grained memory pools, use rocminfo:
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$ rocminfo

...

*******

Agent 1

*******

Name: AMD EPYC 7742 64-Core Processor

...

Pool Info:

Pool 1

Segment: GLOBAL; FLAGS: FINE GRAINED

...

Pool 3

Segment: GLOBAL; FLAGS: COARSE GRAINED

...

*******

Agent 9

*******

Name: gfx90a

...

Pool Info:

Pool 1

Segment: GLOBAL; FLAGS: COARSE GRAINED

...

The APIs, flags and respective memory coherence control are listed in the following table:

Table 2: Memory coherence control

API Flag hipMemAdvise()

call with argument
Coherence

hipHostMalloc 1 hipHostMallocDefault Fine-grained
hipHostMalloc 1 hipHostMallocNonCoherent Coarse-grained
hipExtMallocWith-

Flags

hipDeviceMallocDefault Coarse-grained

hipExtMallocWith-

Flags

hipDeviceMallocFinegrained Fine-grained

hipMallocManaged Fine-grained
hipMallocManaged hipMemAdvis-

eSetCoarseGrain

Coarse-grained

malloc Fine-grained
malloc hipMemAdvis-

eSetCoarseGrain

Coarse-grained

1 The hipHostMalloc() memory allocation coherence mode can be affected by the HIP_HOST_COHERENT environ-
ment variable, if the hipHostMallocCoherent, hipHostMallocNonCoherent, and hipHostMallocMapped are
unset. If neither these flags nor the HIP_HOST_COHERENT environment variable is set, or set as 0, the host memory
allocation is coarse-grained.

Note

• When hipHostMallocMapped flag is set, the allocated host memory is fine-grained and the hipHostMal-
locNonCoherent flag is ignored.
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• Setting both the hipHostMallocCoherent and hipHostMallocNonCoherent flags leads to an illegal
state.

10.2.4.1 Performance implications

Understanding the performance characteristics of coherence control is essential for optimizing memory access patterns.
Coherence control effectively serves as a cache control mechanism, with significant impact on bandwidth and latency.

Table 3: Coherence control performance characteristics

Coherence Type Performance Characteristics

Coarse-grained Recommended for bulk data transfers and large memory regions. Utilizes the full
L2 cache, providing high bandwidth for sequential access patterns. Synchroniza-
tion points (e.g., hipDeviceSynchronize()) flush caches to ensure visibility,
minimizing host-device interconnect communication overhead.

Fine-grained Recommended for atomic flags, signals, and small synchronization variables. Typ-
ically bypasses the L2 cache or employs heavy coherency protocols to ensure im-
mediate visibility, resulting in lower bandwidth. Best suited for scenarios where
both host and device require concurrent access to the same data.

In practice, coarse-grained coherence provides better performance for most compute-intensive workloads, while fine-
grained coherence should be used selectively for specific synchronization requirements.

10.2.4.2 Visibility of synchronization functions

The fine-grained coherence memory is visible at the synchronization points, however the visibility of coarse-grained
memory depends on the synchronization function used. The effect and visibility of various synchronization functions on
fine- and coarse-grained memory types are listed here:

Table 4: HIP synchronize functions effect and visibility

HIP API hipStreamSynchro-

nize()

hipDeviceSynchro-

nize()

hipEventSyn-

chronize()

hip-

StreamWait-

Event()

Synchroniza-
tion effect

Host waits for all com-
mands in the specified
stream to complete

Host waits for all commands
in all streams on the specified
device to complete

Host waits for the
specified event to
complete

Stream waits for
the specified event
to complete

Fence System-scope release System-scope release System-scope re-
lease

None

Fine-grained
host memory
visibility

Yes Yes Yes Yes

Coarse-
grained host
memory visi-
bility

Yes Yes Depends on the
used event.

No

You can control the release scope for hipEvents. By default, the GPU performs a device-scope acquire and release
operation with each recorded event. This makes the host and device memory visible to other commands executing on the
same device.

hipEventCreateWithFlags(): You can specify a stronger system-level fence by creating the event with
hipEventCreateWithFlags:
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• hipEventReleaseToSystem: Performs a system-scope release operation when the event is recorded. This
makes both fine-grained and coarse-grained host memory visible to other agents in the system, which might also
involve heavyweight operations such as cache flushing. Fine-grainedmemory typically uses lighter-weight in-kernel
synchronization mechanisms such as an atomic operation and thus doesn’t need to use hipEventReleaseToSys-
tem.

• hipEventDisableTiming: Events created with this flag don’t record profiling data, which significantly improves
synchronization performance.

10.2.5 Unified memory management

This document covers unified memory management in HIP, which encompasses several approaches that provide a single
address space accessible from both CPU and GPU. Unified memory refers to the overall architectural concept of this
shared address space, while managed memory is one specific implementation that provides automatic page migration
between devices. Other unified memory allocators like hipMalloc() and hipHostMalloc() provide different access
patterns within the same unified address space concept.

In conventional architectures CPUs and attached devices have their own memory space and dedicated physical memory
backing it up, e.g. normal RAM for CPUs and VRAM on GPUs. This way each device can have physical memory
optimized for its use case. GPUs usually have specialized memory whose bandwidth is a magnitude higher than the
RAM attached to CPUs.

While providing exceptional performance, this setup typically requires explicit memory management, as memory needs
to be allocated, copied and freed on the used devices and on the host. Additionally, this makes using more than the
physically available memory on the devices complicated.

Modern GPUs circumvent the problem of having to explicitly manage the memory, while still keeping the benefits of the
dedicated physical memories, by supporting the concept of unified memory. This enables the CPU and the GPUs in the
system to access host and other GPUs’ memory without explicit memory management.

10.2.5.1 Unified memory

Unified Memory is a single memory address space accessible from any processor within a system. This setup simplifies
memory management and enables applications to allocate data that can be read or written on both CPUs and GPUs
without explicitly copying it to the specific CPU or GPU. The Unified memory model is shown in the following figure.

Unified memory enables the access to memory located on other devices via several methods, depending on whether
hardware support is available or has to be managed by the driver. CPUs can access memory allocated via hipMalloc(),
providing bidirectional memory accessibility within the unified address space.

10.2.5.2 Managed memory

Managed Memory is an extension of the unified memory architecture in which HIP monitors memory access and intel-
ligently migrates data between device and system memories, thereby improving performance and resource efficiency.

When a kernel on the device tries to access a managed memory address that is not in its local device memory, a page-fault
is triggered. The GPU then in turn requests the page from the host or other device on which the memory is located.
The page is unmapped from the source, sent to the device and mapped to the device’s memory. The requested memory
is then available locally to the processes running on the device, which improves performance as local memory access
outperforms remote memory access.

Managed memory also expands the memory capacity available to a GPU kernel. When migrating memory into the device
on page-fault, if the device’s memory is already at capacity, a page is unmapped from the device’s memory first and sent
and mapped to host memory. This enables more memory to be allocated and used for a GPU than the GPU itself has
physically available. This level of support can be very beneficial, for example, for sparse accesses to an array that is not
often used on the device.
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10.2.5.2.1 System requirements for managed memory

Some AMD GPUs do not support page-faults, and thus do not support on-demand page-fault driven migration. On these
architectures, if the programmer prefers all GPU memory accesses to be local, all pages have to migrated before the
kernel is dispatched, as the driver cannot know beforehand which parts of a dataset are going to be accessed. This can
lead to significant delays on the first run of a kernel, and, in the example of a sparsely accessed array, can also lead to
copying more memory than is actually accessed by the kernel.

Note that on systems which do not support page-faults, managed memory APIs are still accessible to the programmer,
but managed memory operates in a degraded fashion due to the lack of demand-driven migration. Furthermore, on these
systems it is still possible to use unified memory allocators that do not provide managed memory features; see Memory
allocation approaches in unified memory for more details.

Managed memory is supported on Linux by all modern AMD GPUs from the Vega series onward, as shown in the
following table. Managed memory can be explicitly allocated using hipMallocManaged() or marking variables with
the __managed__ attribute. For the latest GPUs, with a Linux kernel that supports HeterogeneousMemoryManagement
(HMM), the normal system allocators (e.g., new, malloc()) can be used.

Note

To ensure the proper functioning of managed memory on supported GPUs, it is essential to set the environment
variable HSA_XNACK=1 and use a GPU kernel mode driver that supports HMM. Without this configuration, access-
driven memory migration will be disabled, and the behavior will be similar to that of systems without HMM support.

Table 5: Managed Memory Support by GPU Architecture
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Architecture hipMallocManaged(),
__managed__

new, malloc(), allo-

cate()

CDNA4 ✅ ✅ 1

CDNA3 ✅ ✅ 1

CDNA2 ✅ ✅ 1

CDNA1 ✅ ❌
RDNA1 ✅ ❌
GCN5 ✅ ❌

✅: Supported

❌: Unsupported
1 Works only with HSA_XNACK=1 and kernels with HMM support. First GPU access causes recoverable page-fault.
2 XNACK is not supported on CDNA2 (MI200 series) in SR-IOV configurations. System allocator support is therefore
unavailable in that environment.

10.2.5.3 Memory allocation approaches in unified memory

While managed memory provides automatic migration, unified memory encompasses several allocation methods, each
with different access patterns and migration behaviors. The following section covers all available unified memory allo-
cation approaches, including but not limited to managed memory APIs.

Support for the different unified memory allocators depends on the GPU architecture and on the system. For more
information, see System requirements for managed memory and Checking unified memory support.

• HIP allocated managed memory and variables

hipMallocManaged() is a dynamic memory allocator available on all GPUs with unified memory support. For
more details, visit Managed memory.

The __managed__ declaration specifier, which serves as its counterpart, can be utilized for static allocation.

• System allocated unified memory

Starting with CDNA2, the new, malloc(), and allocate() (Fortran) system allocators allow you to reserve
unified memory. The system allocator is more versatile and offers an easy transition for code written for CPUs to
HIP code as the same system allocation API is used. Memory allocated by these allocators can be registered to be
accessible on device using hipHostRegister().

• HIP allocated non-managed memory

hipMalloc() and hipHostMalloc() are dynamic memory allocators available on all GPUs with unified mem-
ory support. Memory allocated by these allocators is not migrated between device and host memory.

The table below illustrates the expected behavior of managed and unified memory functions on ROCm and CUDA, both
with and without HMM support.

ROCm allocation behaviour

Table 6: Comparison of expected behavior of managed and unified memory functions in ROCm
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call Allocation origin
without HMM or
HSA_XNACK=0

Access outside the
origin without HMM
or HSA_XNACK=0

Allocation origin
with HMM and
HSA_XNACK=1

Access outside the
origin with HMM
and HSA_XNACK=1

new, malloc(), allo-

cate()

host not accessible on de-
vice

first touch page-fault migration

hipMalloc() device zero copy [zc] device zero copy [zc]
hipMallocManaged(),
__managed__

pinned host zero copy [zc] first touch page-fault migration

hipHostRegister() pinned host zero copy [zc] pinned host zero copy [zc]
hipHostMalloc() pinned host zero copy [zc] pinned host zero copy [zc]

CUDA allocation behaviour

Table 7: Comparison of expected behavior of managed and unified memory functions in CUDA

call Allocation origin
without HMM

Access outside the
origin without HMM

Allocation origin
with HMM

Access outside the
origin with HMM

new, malloc() host not accessible on de-
vice

first touch page-fault migration

cudaMalloc() device not accessible on
host

device page-fault migration

cudaMallocManaged(),
__managed__

host page-fault migration first touch page-fault migration

cudaHostRegister() host page-fault migration host page-fault migration
cudaMallocHost() pinned host zero copy [zc] pinned host zero copy [zc]

10.2.5.3.1 Checking unified memory support

The following device attributes can offer information about which Memory allocation approaches in unified memory are
supported. The attribute value is 1 if the functionality is supported, and 0 if it is not supported.

Table 8: Device attributes for unified memory management

Attribute Description

hipDeviceAttributeManagedMemory Device supports allocating managed memory on this system
hipDeviceAttributePageableMemo-

ryAccess

Device supports coherently accessing pageable memory without call-
ing hipHostRegister() on it.

hipDeviceAttributeConcurrentMan-

agedAccess

Full unified memory support. Device can coherently access managed
memory concurrently with the CPU

For details on how to get the attributes of a specific device see hipDeviceGetAttribute().

10.2.5.3.2 Example for unified memory management

The following example shows how to use unified memory with hipMallocManaged() for dynamic allocation, the
__managed__ attribute for static allocation and the standard new allocation. For comparison, the explicit memory
management example is presented in the last tab.
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hipMallocManaged()

#include <hip/hip_runtime.h>

#include <iostream>

#define HIP_CHECK(expression) \

{ \

const hipError_t err = expression; \

if(err != hipSuccess) \

{ \

std::cerr << "HIP error: " \

<< hipGetErrorString(err) \

<< " at " << __LINE__ << "\n"; \

} \

}

// Addition of two values.

__global__ void add(int *a, int *b, int *c)

{

*c = *a + *b;

}

int main()

{

int *a, *b, *c;

// Allocate memory for a, b and c that is accessible to both device and host␣

↪→codes.

HIP_CHECK(hipMallocManaged(&a, sizeof(*a)));

HIP_CHECK(hipMallocManaged(&b, sizeof(*b)));

HIP_CHECK(hipMallocManaged(&c, sizeof(*c)));

// Setup input values.

*a = 1;

*b = 2;

// Launch add() kernel on GPU.

add<<<1, 1>>>(a, b, c);

// Wait for GPU to finish before accessing on host.

HIP_CHECK(hipDeviceSynchronize());

// Print the result.

std::cout << *a << " + " << *b << " = " << *c << std::endl;

// Cleanup allocated memory.

HIP_CHECK(hipFree(a));

HIP_CHECK(hipFree(b));

HIP_CHECK(hipFree(c));

return 0;

}
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__managed__

#include <hip/hip_runtime.h>

#include <iostream>

#define HIP_CHECK(expression) \

{ \

const hipError_t err = expression; \

if(err != hipSuccess) \

{ \

std::cerr << "HIP error: " \

<< hipGetErrorString(err) \

<< " at " << __LINE__ << "\n"; \

} \

}

// Addition of two values.

__global__ void add(int *a, int *b, int *c)

{

*c = *a + *b;

}

// Declare a, b and c as static variables.

__managed__ int a, b, c;

int main()

{

// Setup input values.

a = 1;

b = 2;

// Launch add() kernel on GPU.

add<<<1, 1>>>(&a, &b, &c);

// Wait for GPU to finish before accessing on host.

HIP_CHECK(hipDeviceSynchronize());

// Print the result.

std::cout << a << " + " << b << " = " << c << std::endl;

return 0;

}

new

#include <hip/hip_runtime.h>

#include <iostream>

#define HIP_CHECK(expression) \

{ \

const hipError_t err = expression; \

(continues on next page)
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if(err != hipSuccess) \

{ \

std::cerr << "HIP error: " \

<< hipGetErrorString(err) \

<< " at " << __LINE__ << "\n"; \

} \

}

// Addition of two values.

__global__ void add(int *a, int *b, int *c)

{

*c = *a + *b;

}

// This example requires HMM support and the environment variable HSA_XNACK needs to␣

↪→be set to 1

int main()

{

// Allocate memory for a, b, and c.

int *a = new int[1];

int *b = new int[1];

int *c = new int[1];

// Setup input values.

*a = 1;

*b = 2;

// Launch add() kernel on GPU.

add<<<1, 1>>>(a, b, c);

// Wait for GPU to finish before accessing on host.

HIP_CHECK(hipDeviceSynchronize());

// Print the result.

std::cout << *a << " + " << *b << " = " << *c << std::endl;

// Cleanup allocated memory.

delete[] c;

delete[] b;

delete[] a;

return 0;

}

Explicit Memory Management

#include <hip/hip_runtime.h>

#include <iostream>

#define HIP_CHECK(expression) \

(continues on next page)
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{ \

const hipError_t err = expression; \

if(err != hipSuccess) \

{ \

std::cerr << "HIP error: " \

<< hipGetErrorString(err) \

<< " at " << __LINE__ << "\n"; \

} \

}

// Addition of two values.

__global__ void add(int *a, int *b, int *c)

{

*c = *a + *b;

}

int main()

{

int a, b, c;

int *d_a, *d_b, *d_c;

// Setup input values.

a = 1;

b = 2;

// Allocate device copies of a, b and c.

HIP_CHECK(hipMalloc(&d_a, sizeof(*d_a)));

HIP_CHECK(hipMalloc(&d_b, sizeof(*d_b)));

HIP_CHECK(hipMalloc(&d_c, sizeof(*d_c)));

// Copy input values to device.

HIP_CHECK(hipMemcpy(d_a, &a, sizeof(*d_a), hipMemcpyHostToDevice));

HIP_CHECK(hipMemcpy(d_b, &b, sizeof(*d_b), hipMemcpyHostToDevice));

// Launch add() kernel on GPU.

add<<<1, 1>>>(d_a, d_b, d_c);

// Copy the result back to the host.

HIP_CHECK(hipMemcpy(&c, d_c, sizeof(*d_c), hipMemcpyDeviceToHost));

// Cleanup allocated memory.

HIP_CHECK(hipFree(d_a));

HIP_CHECK(hipFree(d_b));

HIP_CHECK(hipFree(d_c));

// Prints the result.

std::cout << a << " + " << b << " = " << c << std::endl;

return 0;

}
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10.2.5.3.3 Choosing the right memory allocator

Selecting the appropriate memory allocator depends on your specific use case, performance requirements, and target
hardware. The following table provides guidance on when to use each unified memory allocator in HIP.

Table 9: Memory allocator comparison

Allocator Best Use Case Key Characteristics

hipMallocManaged() /
__managed__

Applications that need automatic data
migration between host and device, or
require memory oversubscription

Automatic page-fault driven migration; ac-
cessible from both host and device; may have
performance overhead from on-demand mi-
gration

new, malloc(), allo-

cate() (CDNA2+ with
HMM)

CPU-centric code being ported to HIP,
or applications that want system alloca-
tor simplicity with GPU accessibility

Uses standard system allocators; first-touch
placement policy; requires HSA_XNACK=1 for
GPU access; convenient for porting

hipMalloc() Device-local data that is primarily ac-
cessed by GPU kernels with minimal
host interaction

Device-local allocation; zero-copy access
from host; no automatic migration; best per-
formance for GPU-intensive workloads

hipHostMalloc() Data that is primarily accessed by the
host but needs to be accessible from the
device

Pinned host memory; zero-copy access from
device; no automatic migration; can improve
transfer bandwidth for host-device copies

When choosing an allocator, consider the following factors:

• Access pattern: If data is accessed frequently by both host and device, managed memory or system allocators
provide automatic migration. If data is primarily used by one processor, hipMalloc() or hipHostMalloc()
may be more efficient.

• Performance requirements: For maximum performance with known access patterns, explicit memory manage-
ment with hipMalloc() and hipMemcpy() typically provides the best performance. Managed memory trades
some performance for programming simplicity.

• Memory oversubscription: Only managed memory and system allocators (with HMM support) allow allocating
more memory than physically available on the device.

• Portability: System allocators (new, malloc()) make porting CPU code easier, but require CDNA2+ with
HSA_XNACK=1 for GPU access.

10.2.5.4 Using unified memory

Unified memory can simplify the complexities of memory management in GPU computing, by not requiring explicit
copies between the host and the devices. It can be particularly useful in use cases with sparse memory accesses from both
the CPU and the GPU, as only the parts of the memory region that are actually accessed need to be transferred to the
corresponding processor, not the whole memory region. This reduces the amount of memory sent over the PCIe bus or
other interfaces.

In HIP, pinned memory allocations are coherent by default. Pinned memory is host memory mapped into the address
space of all GPUs, meaning that the pointer can be used on both host and device. Additionally, using pinned memory
instead of pageable memory on the host can improve bandwidth for transfers between the host and the GPUs.

While unified memory can provide numerous benefits, it’s important to be aware of the potential performance overhead
associated with unified memory. You must thoroughly test and profile your code to ensure it’s the most suitable choice
for your use case.
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10.2.5.5 Performance optimizations for unified memory

There are several ways, in which the developer can guide the runtime to reduce copies between devices, in order to
improve performance.

With numactl --membind bindings, developers can control where physical allocation occurs by restricting memory
allocation to specific NUMA nodes. This approach can reduce or eliminate the need for explicit data prefetching since
memory is allocated in the desired location from the start.

10.2.5.5.1 Data prefetching

Warning

Data prefetching is not always an optimization and can slow down execution, as the API takes time to execute. If the
memory is already in the right place, prefetching will waste time. Users should profile their code to verify whether
prefetching is beneficial for their specific use case.

Note

Cold Start Latency: Implicit page faulting on first access can cause significant latency spikes, especially in
performance-critical code paths. To avoid this, use hipMemPrefetchAsync() during initialization to ensure data
is resident on the target device before critical kernels execute. This proactive approach eliminates the “cold start”
penalty associated with on-demand page migration.

When prefetching is beneficial, developers can consider setting different default locations for different devices and using
prefetch between them, which can help eliminate IPC communication overhead when memory moves between devices.

Data prefetching is a technique used to improve the performance of your application by moving data to the desired device
before it’s actually needed. hipCpuDeviceId is a special constant to specify the CPU as target.

#include <hip/hip_runtime.h>

#include <iostream>

#define HIP_CHECK(expression) \

{ \

const hipError_t err = expression; \

if(err != hipSuccess) \

{ \

std::cerr << "HIP error: " \

<< hipGetErrorString(err) \

<< " at " << __LINE__ << "\n"; \

} \

}

// Addition of two values.

__global__ void add(int *a, int *b, int *c)

{

*c = *a + *b;

}

int main()
(continues on next page)
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{

int *a, *b, *c;

int deviceId;

HIP_CHECK(hipGetDevice(&deviceId)); // Get the current device ID

// Allocate memory for a, b and c that is accessible to both device and host␣

↪→codes.

HIP_CHECK(hipMallocManaged(&a, sizeof(*a)));

HIP_CHECK(hipMallocManaged(&b, sizeof(*b)));

HIP_CHECK(hipMallocManaged(&c, sizeof(*c)));

// Setup input values.

*a = 1;

*b = 2;

// Prefetch the data to the GPU device.

HIP_CHECK(hipMemPrefetchAsync(a, sizeof(*a), deviceId, 0));

HIP_CHECK(hipMemPrefetchAsync(b, sizeof(*b), deviceId, 0));

HIP_CHECK(hipMemPrefetchAsync(c, sizeof(*c), deviceId, 0));

// Launch add() kernel on GPU.

add<<<1, 1>>>(a, b, c);

// Prefetch the result back to the CPU.

HIP_CHECK(hipMemPrefetchAsync(c, sizeof(*c), hipCpuDeviceId, 0));

// Wait for the prefetch operations to complete.

HIP_CHECK(hipDeviceSynchronize());

// Prints the result.

std::cout << *a << " + " << *b << " = " << *c << std::endl;

// Cleanup allocated memory.

HIP_CHECK(hipFree(a));

HIP_CHECK(hipFree(b));

HIP_CHECK(hipFree(c));

return 0;

}

10.2.5.5.2 Memory advice

Unified memory runtime hints can be set with hipMemAdvise() to help improve the performance of your code if you
know the memory usage pattern. There are several different types of hints as specified in the enum hipMemoryAdvise,
for example, whether a certain device mostly reads the memory region, where it should ideally be located, and even
whether that specific memory region is accessed by a specific device.

For the best performance, profile your application to optimize the utilization of HIP runtime hints.

The effectiveness of hipMemAdvise() comes from its ability to inform the runtime of the developer’s intentions re-
garding memory usage. When the runtime has knowledge of the expected memory access patterns, it can make better
decisions about data placement, leading to less transfers via the interconnect and thereby reduced latency and bandwidth
requirements. However, the actual impact on performance can vary based on the specific use case and the system.
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The following is the updated version of the example above with memory advice instead of prefetching.

#include <hip/hip_runtime.h>

#include <iostream>

#define HIP_CHECK(expression) \

{ \

const hipError_t err = expression; \

if(err != hipSuccess) \

{ \

std::cerr << "HIP error: " \

<< hipGetErrorString(err) \

<< " at " << __LINE__ << "\n"; \

} \

}

// Addition of two values.

__global__ void add(int *a, int *b, int *c)

{

*c = *a + *b;

}

int main()

{

int deviceId;

HIP_CHECK(hipGetDevice(&deviceId));

int *a, *b, *c;

// Allocate memory for a, b, and c accessible to both device and host codes.

HIP_CHECK(hipMallocManaged(&a, sizeof(*a)));

HIP_CHECK(hipMallocManaged(&b, sizeof(*b)));

HIP_CHECK(hipMallocManaged(&c, sizeof(*c)));

// Set memory advice for a and b to be read, located on and accessed by the GPU.

HIP_CHECK(hipMemAdvise(a, sizeof(*a), hipMemAdviseSetPreferredLocation,␣

↪→deviceId));

HIP_CHECK(hipMemAdvise(a, sizeof(*a), hipMemAdviseSetAccessedBy, deviceId));

HIP_CHECK(hipMemAdvise(a, sizeof(*a), hipMemAdviseSetReadMostly, deviceId));

HIP_CHECK(hipMemAdvise(b, sizeof(*b), hipMemAdviseSetPreferredLocation,␣

↪→deviceId));

HIP_CHECK(hipMemAdvise(b, sizeof(*b), hipMemAdviseSetAccessedBy, deviceId));

HIP_CHECK(hipMemAdvise(b, sizeof(*b), hipMemAdviseSetReadMostly, deviceId));

// Set memory advice for c to be read, located on and accessed by the CPU.

HIP_CHECK(hipMemAdvise(c, sizeof(*c), hipMemAdviseSetPreferredLocation,␣

↪→hipCpuDeviceId));

HIP_CHECK(hipMemAdvise(c, sizeof(*c), hipMemAdviseSetAccessedBy, hipCpuDeviceId));

HIP_CHECK(hipMemAdvise(c, sizeof(*c), hipMemAdviseSetReadMostly, hipCpuDeviceId));

// Setup input values.

*a = 1;

*b = 2;

(continues on next page)
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// Launch add() kernel on GPU.

add<<<1, 1>>>(a, b, c);

// Wait for GPU to finish before accessing on host.

HIP_CHECK(hipDeviceSynchronize());

// Prints the result.

std::cout << *a << " + " << *b << " = " << *c << std::endl;

// Cleanup allocated memory.

HIP_CHECK(hipFree(a));

HIP_CHECK(hipFree(b));

HIP_CHECK(hipFree(c));

return 0;

}

10.2.5.5.2.1 Best practices for memory advice

Choosing the right memory advice hint can significantly improve performance by reducing unnecessary data migrations.
The following table provides guidance on when to use specific hints:

Table 10: Memory advice best practices

Hint Use Case

hipMemAdviseSetReadMostly Data that is mostly read and only occasionally written to. This
prevents unnecessary data migration for read-heavy workloads.

hipMemAdviseSetPreferredLocation Set the preferred location for the data as a specific device. Use
this to keep data on a particular device (host or device) to reduce
migration overhead.

hipMemAdviseSetAccessedBy Data that will be accessed by a specified device. This helps pre-
vent page faults by proactively migrating data to the accessing
device.

hipMemAdviseSetCoarseGrain Data that only needs to be coherent at dispatch boundaries. The
default fine-grained model allows coherent operations during
kernel execution, while coarse-grained provides better perfor-
mance for data that does not require runtime coherence.

10.2.5.5.3 Memory range attributes

hipMemRangeGetAttribute() allows you to query attributes of a given memory range. The attributes are given in
hipMemRangeAttribute.

#include <hip/hip_runtime.h>

#include <cstddef>

#include <iostream>

#define HIP_CHECK(expression) \

{ \

(continues on next page)
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const hipError_t err = expression; \

if(err != hipSuccess) \

{ \

std::cerr << "HIP error: " \

<< hipGetErrorString(err) \

<< " at " << __LINE__ << "\n"; \

} \

}

// Addition of two values.

__global__ void add(int *a, int *b, int *c)

{

*c = *a + *b;

}

int main()

{

int *a, *b, *c;

unsigned int attributeValue;

constexpr std::size_t attributeSize = sizeof(attributeValue);

int deviceId;

HIP_CHECK(hipGetDevice(&deviceId));

// Allocate memory for a, b and c that is accessible to both device and host␣

↪→codes.

HIP_CHECK(hipMallocManaged(&a, sizeof(*a)));

HIP_CHECK(hipMallocManaged(&b, sizeof(*b)));

HIP_CHECK(hipMallocManaged(&c, sizeof(*c)));

// Setup input values.

*a = 1;

*b = 2;

HIP_CHECK(hipMemAdvise(a, sizeof(*a), hipMemAdviseSetReadMostly, deviceId));

// Launch add() kernel on GPU.

add<<<1, 1>>>(a, b, c);

// Wait for GPU to finish before accessing on host.

HIP_CHECK(hipDeviceSynchronize());

// Query an attribute of the memory range.

HIP_CHECK(hipMemRangeGetAttribute(&attributeValue,

attributeSize,

hipMemRangeAttributeReadMostly,

a,

sizeof(*a)));

// Prints the result.

std::cout << *a << " + " << *b << " = " << *c << std::endl;

std::cout << "The array a is" << (attributeValue == 1 ? "" : " NOT") << " set to␣

(continues on next page)
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↪→hipMemRangeAttributeReadMostly" << std::endl;

// Cleanup allocated memory.

HIP_CHECK(hipFree(a));

HIP_CHECK(hipFree(b));

HIP_CHECK(hipFree(c));

return 0;

}

10.2.5.5.4 Asynchronously attach memory to a stream

The hipStreamAttachMemAsync() function attaches memory to a stream, which can reduce the amount of memory
transferred, when managed memory is used. When the memory is attached to a stream using this function, it only gets
transferred between devices, when a kernel that is launched on this stream needs access to the memory.

10.2.6 Virtual memory management

Memory management is important when creating high-performance applications in the HIP ecosystem. Both allocating
and copying memory can result in bottlenecks, which can significantly impact performance.

Global memory allocation in HIP uses the C language style allocation function. This works fine for simple cases but can
cause problems if your memory needs change. If you need to increase the size of your memory, you must allocate a
second larger buffer and copy the data to it before you can free the original buffer. This increases overall memory usage
and causes unnecessary memcpy calls. Another solution is to allocate a larger buffer than you initially need. However,
this isn’t an efficient way to handle resources and doesn’t solve the issue of reallocation when the extra buffer runs out.

Virtual memory management solves these memory management problems. It helps to reduce memory usage and unnec-
essary memcpy calls.

HIP virtual memory management is built on top of HSA, which provides low-level access to AMD GPU memory. For
more details on the underlying HSA runtime, see ROCr documentation

10.2.6.1 Memory allocation

Standard memory allocation uses the hipMalloc() function to allocate a block of memory on the device. However,
when using virtual memory, this process is separated into multiple steps using the hipMemCreate(), hipMemAddress-
Reserve(), hipMemMap(), and hipMemSetAccess() functions. This guide explains what these functions do and how
you can use them for virtual memory management.

10.2.6.1.1 Virtual memory management support

The first step is to check if the targeted device or GPU supports virtual memory management. Use the hipDeviceGe-
tAttribute() function to get the hipDeviceAttributeVirtualMemoryManagementSupported attribute for a
specific GPU, as shown in the following example.

int vmm = 0, currentDev = 0;

hipDeviceGetAttribute(

&vmm, hipDeviceAttributeVirtualMemoryManagementSupported, currentDev

);

if (vmm == 0) {

std::cout << "GPU " << currentDev << " doesn't support virtual memory management.

(continues on next page)
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↪→" << std::endl;

} else {

std::cout << "GPU " << currentDev << " support virtual memory management." <<␣

↪→std::endl;

}

10.2.6.1.2 Allocate physical memory

The next step is to allocate the physical memory using the hipMemCreate() function. This function accepts the size of
the buffer, an unsigned long long variable for the flags, and a hipMemAllocationProp variable. hipMemAllo-
cationProp contains the properties of the memory to be allocated, such as where the memory is physically located and
what kind of shareable handles are available. If the allocation is successful, the function returns a value of hipSuccess,
with hipMemGenericAllocationHandle_t representing a valid physical memory allocation.

The allocated memory must be aligned with the appropriate granularity. The granularity value can be queried with
hipMemGetAllocationGranularity(), and its value depends on the target device hardware and the type of memory
allocation. If the allocation size is not aligned, meaning it is not cleanly divisible by the minimum granularity value,
hipMemCreate() will return an out-of-memory error.

size_t granularity = 0;

hipMemGenericAllocationHandle_t allocHandle;

hipMemAllocationProp prop = {};

// The pinned allocation type cannot be migrated from its current location

// while the application is actively using it.

prop.type = hipMemAllocationTypePinned;

// Set the location type to device, currently there are no other valid option.

prop.location.type = hipMemLocationTypeDevice;

// Set the device id, where the memory will be allocated.

prop.location.id = currentDev;

hipMemGetAllocationGranularity(&granularity, &prop,␣

↪→hipMemAllocationGranularityMinimum);

padded_size = ROUND_UP(size, granularity);

hipMemCreate(&allocHandle, padded_size, &prop, 0);

Note

Allocation Granularity: Virtual memory allocations must be aligned to the hardware-specific granularity, which
varies by GPU architecture and memory type. Always query the granularity using hipMemGetAllocationGran-
ularity() before calling hipMemAddressReserve() or hipMemCreate(). Failure to align allocations to the
required granularity will result in hipErrorOutOfMemory errors, even when sufficient physical memory is available.

10.2.6.1.3 Reserve virtual address range

After you have acquired an allocation of physical memory, you must map it to a virtual address before you can use it.
Mapping means the physical memory allocation is available from the virtual address range it is mapped to. To reserve a
virtual memory range, use the hipMemAddressReserve() function. The size of the virtual memory must match the
amount of physical memory previously allocated. You can thenmap the physical memory allocation to the newly-acquired
virtual memory address range using the hipMemMap() function.

hipMemAddressReserve(&ptr, padded_size, 0, 0, 0);

hipMemMap(ptr, padded_size, 0, allocHandle, 0);
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10.2.6.1.4 Set memory access

Finally, use the hipMemSetAccess() function to enablememory access. It accepts the pointer to the virtual memory, the
size, and a hipMemAccessDesc descriptor as parameters. In a multi-GPU environment, you canmap the device memory
of one GPU to another. This feature also works with the traditional memory management system, but isn’t as scalable
as with virtual memory. When memory is allocated with hipMalloc(), hipDeviceEnablePeerAccess() is used
to enable peer access. This function enables access between two devices, but it means that every call to hipMalloc()
takes more time to perform the checks and the mapping between the devices. When using virtual memory management,
peer access is enabled by hipMemSetAccess(), which provides a finer level of control over what is shared. This has no
performance impact on memory allocation and gives you more control over what memory buffers are shared with which
devices.

hipMemAccessDesc accessDesc = {};

accessDesc.location.type = hipMemLocationTypeDevice;

accessDesc.location.id = currentDev;

accessDesc.flags = hipMemAccessFlagsProtReadwrite;

hipMemSetAccess(ptr, padded_size, &accessDesc, 1);

At this point the memory is allocated, mapped, and ready for use. You can read and write to it, just like you would a C
style memory allocation.

10.2.6.1.5 Dynamically increase allocation size

To increase the amount of pre-allocated memory, use hipMemAddressReserve(), which accepts the starting address,
and the size of the reservation in bytes. This allows you to have a continuous virtual address space without worrying about
the underlying physical allocation.

hipMemAddressReserve(&new_ptr, (new_size - padded_size), 0, ptr + padded_size, 0);

hipMemMap(new_ptr, (new_size - padded_size), 0, newAllocHandle, 0);

hipMemSetAccess(new_ptr, (new_size - padded_size), &accessDesc, 1);

The code sample above assumes that hipMemAddressReserve() was able to reserve the memory address at the spec-
ified location. However, this isn’t guaranteed to be true, so you should validate that new_ptr points to a specific virtual
address before using it.

10.2.6.1.6 Free virtual memory

To free thememory allocated in this manner, use the corresponding free functions. To unmap thememory, use hipMemU-
nmap(). To release the virtual address range, use hipMemAddressFree(). Finally, to release the physical memory,
use hipMemRelease(). A side effect of these functions is the lack of synchronization when memory is released. If
you call hipFree() when you have multiple streams running in parallel, it synchronizes the device. This causes worse
resource usage and performance.

hipMemUnmap(ptr, size);

hipMemRelease(allocHandle);

hipMemAddressFree(ptr, size);

10.2.6.2 Example code

The virtual memory management example follows these steps:

1. Check virtual memory management support: The hipDeviceGetAttribute() function is used to check the
virtual memory management support of the GPU with ID 0.

2. Physical memory allocation: Physical memory is allocated using hipMemCreate() with pinned memory on the
device.
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3. Virtual memory reservation: Virtual address range is reserved using hipMemAddressReserve().

4. Mapping virtual address to physical memory: The physical memory is mapped to a virtual address
(virtualPointer) using hipMemMap().

5. Memory access permissions: Permission is set for pointer to allow read and write access using hipMemSetAc-
cess().

6. Memory operation: Data is written to the memory via virtualPointer.

7. Launch kernels: The zeroAddr and fillAddr kernels are launched using the virtual memory pointer.

8. Cleanup: The mappings, physical memory, and virtual address are released at the end to avoid memory leaks.

#include <hip/hip_runtime.h>

#include <iostream>

#define ROUND_UP(SIZE,GRANULARITY) ((1 + SIZE / GRANULARITY) * GRANULARITY)

#define HIP_CHECK(expression) \

{ \

const hipError_t err = expression; \

if(err != hipSuccess){ \

std::cerr << "HIP error: " \

<< hipGetErrorString(err) \

<< " at " << __LINE__ << "\n"; \

} \

}

__global__ void zeroAddr(int* pointer) {

*pointer = 0;

}

__global__ void fillAddr(int* pointer) {

*pointer = 42;

}

int main() {

int currentDev = 0;

// Step 1: Check virtual memory management support on device 0

int vmm = 0;

HIP_CHECK(

hipDeviceGetAttribute(

&vmm, hipDeviceAttributeVirtualMemoryManagementSupported, currentDev

)

);

std::cout << "Virtual memory management support value: " << vmm << std::endl;

if (vmm == 0) {

std::cout << "GPU 0 doesn't support virtual memory management.";

return 0;

}

(continues on next page)
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// Size of memory to allocate

size_t size = 4 * 1024;

// Step 2: Allocate physical memory

hipMemGenericAllocationHandle_t allocHandle;

hipMemAllocationProp prop = {};

prop.type = hipMemAllocationTypePinned;

prop.location.type = hipMemLocationTypeDevice;

prop.location.id = currentDev;

size_t granularity = 0;

HIP_CHECK(

hipMemGetAllocationGranularity(

&granularity,

&prop,

hipMemAllocationGranularityMinimum));

size_t padded_size = ROUND_UP(size, granularity);

HIP_CHECK(hipMemCreate(&allocHandle, padded_size * 2, &prop, 0));

// Step 3: Reserve a virtual memory address range

void* virtualPointer = nullptr;

HIP_CHECK(hipMemAddressReserve(&virtualPointer, padded_size, granularity, nullptr,

↪→ 0));

// Step 4: Map the physical memory to the virtual address range

HIP_CHECK(hipMemMap(virtualPointer, padded_size, 0, allocHandle, 0));

// Step 5: Set memory access permission for pointer

hipMemAccessDesc accessDesc = {};

accessDesc.location.type = hipMemLocationTypeDevice;

accessDesc.location.id = currentDev;

accessDesc.flags = hipMemAccessFlagsProtReadWrite;

HIP_CHECK(hipMemSetAccess(virtualPointer, padded_size, &accessDesc, 1));

// Step 6: Perform memory operation

int value = 42;

HIP_CHECK(hipMemcpy(virtualPointer, &value, sizeof(int), hipMemcpyHostToDevice));

int result = 1;

HIP_CHECK(hipMemcpy(&result, virtualPointer, sizeof(int), hipMemcpyDeviceToHost));

if( result == 42) {

std::cout << "Success. Value: " << result << std::endl;

} else {

std::cout << "Failure. Value: " << result << std::endl;

}

// Step 7: Launch kernels

// Launch zeroAddr kernel

zeroAddr<<<1, 1>>>((int*)virtualPointer);

HIP_CHECK(hipDeviceSynchronize());

(continues on next page)
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// Check zeroAddr kernel result

result = 1;

HIP_CHECK(hipMemcpy(&result, virtualPointer, sizeof(int), hipMemcpyDeviceToHost));

if( result == 0) {

std::cout << "Success. zeroAddr kernel: " << result << std::endl;

} else {

std::cout << "Failure. zeroAddr kernel: " << result << std::endl;

}

// Launch fillAddr kernel

fillAddr<<<1, 1>>>((int*)virtualPointer);

HIP_CHECK(hipDeviceSynchronize());

// Check fillAddr kernel result

result = 1;

HIP_CHECK(hipMemcpy(&result, virtualPointer, sizeof(int), hipMemcpyDeviceToHost));

if( result == 42) {

std::cout << "Success. fillAddr kernel: " << result << std::endl;

} else {

std::cout << "Failure. fillAddr kernel: " << result << std::endl;

}

// Step 8: Cleanup

HIP_CHECK(hipMemUnmap(virtualPointer, padded_size));

HIP_CHECK(hipMemRelease(allocHandle));

HIP_CHECK(hipMemAddressFree(virtualPointer, padded_size));

return 0;

}

10.2.6.3 Virtual aliases

Virtual aliases are multiple virtual memory addresses mapping to the same physical memory on the GPU. When this
occurs, different threads, processes, or memory allocations to access shared physical memory through different virtual
addresses on different devices.

Multiple virtual memory mappings can be created using multiple calls to hipMemMap() on the same memory allocation.

Note

RDNA cards may not produce correct results, if users access two different virtual addresses that map to the same
physical address. In this case, the L1 data caches will be incoherent due to the virtual-to-physical aliasing. These
GPUs will produce correct results if users access virtual-to-physical aliases using volatile pointers.

NVIDIA GPUs require special fences to produce correct results when using virtual aliases.

In the following code block, the kernels input device pointers are virtual aliases of the same memory allocation:

__global__ void updateBoth(int* pointerA, int* pointerB) {

// May produce incorrect results on RDNA and NVIDIA cards.

*pointerA = 0;

*pointerB = 42;

(continues on next page)
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}

__global__ void updateBoth_v2(volatile int* pointerA, volatile int* pointerB) {

// May produce incorrect results on NVIDIA cards.

*pointerA = 0;

*pointerB = 42;

}

10.2.7 Stream-ordered memory allocator

The Stream-ordered memory allocator (SOMA) is part of the HIP runtime API. SOMA provides an asynchronous mem-
ory allocation mechanism with stream-ordering semantics. You can use SOMA to allocate and free memory in stream
order, which ensures that all asynchronous accesses occur between the stream executions of allocation and deallocation.
Compliance with stream order prevents use-before-allocation or use-after-free errors, which helps to avoid an undefined
behavior.

Advantages of SOMA:

• Efficient reuse: Enables efficient memory reuse across streams, which reduces unnecessary allocation overhead.

• Fine-grained control: Allows you to set attributes and control caching behavior for memory pools.

• Inter-process sharing: Enables secure sharing of allocations between processes.

• Optimizations: Allows driver to optimize based on its awareness of SOMA and other stream management APIs.

Disadvantages of SOMA:

• Temporal constraints: Requires you to adhere strictly to stream order to avoid errors.

• Complexity: Involves memory management in stream order, which can be intricate.

• Learning curve: Requires you to put additional efforts to understand and utilize SOMA effectively.

10.2.7.1 Using SOMA

You can allocate memory using hipMallocAsync() with stream-ordered semantics. This restricts the asynchronous
access to the memory between the stream executions of the allocation and deallocation. Accessing memory if the com-
pliant memory accesses won’t overlap temporally. hipFreeAsync() frees memory from the pool with stream-ordered
semantics.

Here is how to use stream-ordered memory allocation:

Stream-ordered memory allocation

#include <hip/hip_runtime.h>

#include <cstddef>

#include <cstdlib>

#include <iostream>

#define HIP_CHECK(expression) \

{ \

const hipError_t status = expression; \

if (status != hipSuccess) \

{ \

std::cerr << "HIP error " << status \

(continues on next page)
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<< ": " << hipGetErrorString(status) \

<< " at " << __FILE__ << ":" \

<< __LINE__ << std::endl; \

std::exit(EXIT_FAILURE); \

} \

}

// Kernel to perform some computation on allocated memory.

__global__ void myKernel(int* data, std::size_t numElements)

{

int tid = threadIdx.x + blockIdx.x * blockDim.x;

if (tid < numElements)

{

data[tid] = tid * 2;

}

}

int main()

{

// Stream 0.

constexpr hipStream_t streamId = 0;

// Allocate memory with stream ordered semantics.

constexpr std::size_t numElements = 1024;

int* devData;

HIP_CHECK(hipMallocAsync(reinterpret_cast<void**>(&devData), numElements *␣

↪→sizeof(*devData), streamId));

// Launch the kernel to perform computation.

dim3 blockSize(256);

dim3 gridSize((numElements + blockSize.x - 1) / blockSize.x);

myKernel<<<gridSize, blockSize>>>(devData, numElements);

// Copy data back to host.

int* hostData = new int[numElements];

HIP_CHECK(hipMemcpy(hostData, devData, numElements * sizeof(*devData),␣

↪→hipMemcpyDeviceToHost));

// Print the array.

for (std::size_t i = 0; i < numElements; ++i)

std::cout << "Element " << i << ": " << hostData[i] << std::endl;

// Free memory with stream ordered semantics.

HIP_CHECK(hipFreeAsync(devData, streamId));

delete[] hostData;

// Synchronize to ensure completion.

HIP_CHECK(hipDeviceSynchronize());

return EXIT_SUCCESS;

}
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Ordinary allocation

#include <hip/hip_runtime.h>

#include <cstddef>

#include <iostream>

#define HIP_CHECK(expression) \

{ \

const hipError_t status = expression; \

if (status != hipSuccess) \

{ \

std::cerr << "HIP error " << status \

<< ": " << hipGetErrorString(status) \

<< " at " << __FILE__ << ":" \

<< __LINE__ << std::endl; \

std::exit(EXIT_FAILURE); \

} \

}

// Kernel to perform some computation on allocated memory.

__global__ void myKernel(int* data, std::size_t numElements)

{

int tid = threadIdx.x + blockIdx.x * blockDim.x;

if (tid < numElements)

{

data[tid] = tid * 2;

}

}

int main()

{

// Allocate memory.

constexpr std::size_t numElements = 1024;

int* devData;

HIP_CHECK(hipMalloc(&devData, numElements * sizeof(*devData)));

// Launch the kernel to perform computation.

dim3 blockSize(256);

dim3 gridSize((numElements + blockSize.x - 1) / blockSize.x);

myKernel<<<gridSize, blockSize>>>(devData, numElements);

// Copy data back to host.

int* hostData = new int[numElements];

HIP_CHECK(hipMemcpy(hostData, devData, numElements * sizeof(*devData),␣

↪→hipMemcpyDeviceToHost));

// Print the array.

for (std::size_t i = 0; i < numElements; ++i)

std::cout << "Element " << i << ": " << hostData[i] << std::endl;

// Free memory.

HIP_CHECK(hipFree(devData));

(continues on next page)
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delete[] hostData;

// Synchronize to ensure completion.

HIP_CHECK(hipDeviceSynchronize());

return EXIT_SUCCESS;

}

For more details, see Stream ordered memory allocator.

10.2.7.2 Memory pools

Memory pools provide a way to manage memory with stream-ordered behavior while ensuring proper synchronization
and avoiding memory access errors. Division of a single memory system into separate pools facilitates querying the access
path properties for each partition. Memory pools are used for host memory, device memory, and unified memory.

10.2.7.2.1 Set pools

The hipMallocAsync() function uses the current memory pool and also provides the opportunity to create and access
different pools using hipMemPoolCreate() and hipMallocFromPoolAsync() functions respectively.

Unlike NVIDIA CUDA, where stream-ordered memory allocation can be implicit, ROCm HIP is explicit. This requires
managing memory allocation for each stream in HIP while ensuring precise control over memory usage and synchroniza-
tion.

#include <hip/hip_runtime.h>

#include <cstddef>

#include <iostream>

#define HIP_CHECK(expression) \

{ \

const hipError_t status = expression; \

if (status != hipSuccess) \

{ \

std::cerr << "HIP error " << status \

<< ": " << hipGetErrorString(status) \

<< " at " << __FILE__ << ":" \

<< __LINE__ << std::endl; \

std::exit(EXIT_FAILURE); \

} \

}

// Kernel to perform some computation on allocated memory.

__global__ void myKernel(int* data, std::size_t numElements)

{

int tid = threadIdx.x + blockIdx.x * blockDim.x;

if (tid < numElements)

{

data[tid] = tid * 2;

}

}

(continues on next page)
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int main()

{

// Create a stream.

hipStream_t stream;

HIP_CHECK(hipStreamCreate(&stream));

// Create a memory pool with default properties.

hipMemPoolProps poolProps = {};

poolProps.allocType = hipMemAllocationTypePinned;

poolProps.handleTypes = hipMemHandleTypePosixFileDescriptor;

poolProps.location.type = hipMemLocationTypeDevice;

poolProps.location.id = 0; // Assuming device 0.

hipMemPool_t memPool;

HIP_CHECK(hipMemPoolCreate(&memPool, &poolProps));

// Allocate memory from the pool asynchronously.

constexpr std::size_t numElements = 1024;

int* devData = nullptr;

HIP_CHECK(hipMallocFromPoolAsync(reinterpret_cast<void**>(&devData),

numElements * sizeof(*devData),

memPool,

stream));

// Define grid and block sizes.

dim3 blockSize(256);

dim3 gridSize((numElements + blockSize.x - 1) / blockSize.x);

// Launch the kernel to perform computation.

myKernel<<<gridSize, blockSize, 0, stream>>>(devData, numElements);

// Synchronize the stream.

HIP_CHECK(hipStreamSynchronize(stream));

// Copy data back to host.

int* hostData = new int[numElements];

HIP_CHECK(hipMemcpy(hostData, devData, numElements * sizeof(*devData),␣

↪→hipMemcpyDeviceToHost));

// Print the array.

for (std::size_t i = 0; i < numElements; ++i)

std::cout << "Element " << i << ": " << hostData[i] << std::endl;

// Free the allocated memory.

HIP_CHECK(hipFreeAsync(devData, stream));

// Synchronize the stream again to ensure all operations are complete.

HIP_CHECK(hipStreamSynchronize(stream));

// Destroy the memory pool and stream.

HIP_CHECK(hipMemPoolDestroy(memPool));

HIP_CHECK(hipStreamDestroy(stream));

(continues on next page)
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// Free host memory.

delete[] hostData;

return EXIT_SUCCESS;

}

10.2.7.2.2 Trim pools

The memory allocator allows you to allocate and free memory in stream order. To control memory usage, set the re-
lease threshold attribute using hipMemPoolAttrReleaseThreshold. This threshold specifies the amount of reserved
memory in bytes to hold onto.

std::uint64_t threshold = std::numeric_limits<std::uint64_t>::max();

HIP_CHECK(hipMemPoolSetAttribute(memPool, hipMemPoolAttrReleaseThreshold, &

↪→threshold));

When the amount of memory held in the memory pool exceeds the threshold, the allocator tries to release memory back
to the operating system during the next call to stream, event, or context synchronization.

To improve performance, it is a good practice to adjust the memory pool size using hipMemPoolTrimTo(). It helps to
reclaim memory from an excessive memory pool, which optimizes memory usage for your application.

#include <hip/hip_runtime.h>

#include <cstddef>

#include <cstdlib>

#include <iostream>

#define HIP_CHECK(expression) \

{ \

const hipError_t status = expression; \

if (status != hipSuccess) \

{ \

std::cerr << "HIP error " << status \

<< ": " << hipGetErrorString(status) \

<< " at " << __FILE__ << ":" \

<< __LINE__ << std::endl; \

std::exit(EXIT_FAILURE); \

} \

}

int main()

{

hipMemPool_t memPool;

hipDevice_t device = 0; // Specify the device index.

// Initialize the device.

HIP_CHECK(hipSetDevice(device));

// Get the default memory pool for the device.

HIP_CHECK(hipDeviceGetDefaultMemPool(&memPool, device));

(continues on next page)
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// Allocate memory from the pool (e.g., 1 MB).

std::size_t allocSize = 1 * 1024 * 1024;

void* ptr;

HIP_CHECK(hipMalloc(&ptr, allocSize));

// Free the allocated memory.

HIP_CHECK(hipFree(ptr));

// Trim the memory pool to a specific size (e.g., 512 KB).

std::size_t newSize = 512 * 1024;

HIP_CHECK(hipMemPoolTrimTo(memPool, newSize));

std::cout << "Memory pool trimmed to " << newSize << " bytes." << std::endl;

return EXIT_SUCCESS;

}

10.2.7.2.3 Resource usage statistics

Resource usage statistics help in optimization. Here is the list of pool attributes used to query memory usage:

• hipMemPoolAttrReservedMemCurrent: Returns the total physical GPU memory currently held in the pool.

• hipMemPoolAttrUsedMemCurrent: Returns the total size of all the memory allocated from the pool.

• hipMemPoolAttrReservedMemHigh: Returns the total physical GPU memory held in the pool since the last
reset.

• hipMemPoolAttrUsedMemHigh: Returns the total size of all the memory allocated from the pool since the last
reset.

To reset these attributes to the current value, use hipMemPoolSetAttribute().

#include <hip/hip_runtime.h>

#include <cstddef>

#include <cstdint>

#include <cstdlib>

#include <iostream>

#define HIP_CHECK(expression) \

{ \

const hipError_t status = expression; \

if (status != hipSuccess) \

{ \

std::cerr << "HIP error " << status \

<< ": " << hipGetErrorString(status) \

<< " at " << __FILE__ << ":" \

<< __LINE__ << std::endl; \

std::exit(EXIT_FAILURE); \

} \

}

// Sample helper functions for getting the usage statistics in bulk.

(continues on next page)
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struct usageStatistics

{

std::uint64_t reservedMemCurrent;

std::uint64_t reservedMemHigh;

std::uint64_t usedMemCurrent;

std::uint64_t usedMemHigh;

};

void getUsageStatistics(hipMemPool_t memPool, struct usageStatistics *statistics)

{

HIP_CHECK(hipMemPoolGetAttribute(memPool, hipMemPoolAttrReservedMemCurrent, &

↪→statistics->reservedMemCurrent));

HIP_CHECK(hipMemPoolGetAttribute(memPool, hipMemPoolAttrReservedMemHigh, &

↪→statistics->reservedMemHigh));

HIP_CHECK(hipMemPoolGetAttribute(memPool, hipMemPoolAttrUsedMemCurrent, &

↪→statistics->usedMemCurrent));

HIP_CHECK(hipMemPoolGetAttribute(memPool, hipMemPoolAttrUsedMemHigh, &statistics->

↪→usedMemHigh));

}

// Resetting the watermarks resets them to the current value.

void resetStatistics(hipMemPool_t memPool)

{

std::uint64_t value = 0;

HIP_CHECK(hipMemPoolSetAttribute(memPool, hipMemPoolAttrReservedMemHigh, &value));

HIP_CHECK(hipMemPoolSetAttribute(memPool, hipMemPoolAttrUsedMemHigh, &value));

}

int main()

{

hipMemPool_t memPool;

hipDevice_t device = 0; // Specify the device index.

// Initialize the device.

HIP_CHECK(hipSetDevice(device));

// Get the default memory pool for the device.

HIP_CHECK(hipDeviceGetDefaultMemPool(&memPool, device));

// Allocate memory from the pool (e.g., 1 MB).

std::size_t allocSize = 1 * 1024 * 1024;

void* ptr;

HIP_CHECK(hipMalloc(&ptr, allocSize));

// Free the allocated memory.

HIP_CHECK(hipFree(ptr));

// Trim the memory pool to a specific size (e.g., 512 KB).

std::size_t newSize = 512 * 1024;

HIP_CHECK(hipMemPoolTrimTo(memPool, newSize));

// Get and print usage statistics before resetting.
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usageStatistics statsBefore;

getUsageStatistics(memPool, &statsBefore);

std::cout << "Before resetting statistics:" << std::endl;

std::cout << "Reserved Memory Current: " << statsBefore.reservedMemCurrent << "␣

↪→bytes" << std::endl;

std::cout << "Reserved Memory High: " << statsBefore.reservedMemHigh << " bytes" <

↪→< std::endl;

std::cout << "Used Memory Current: " << statsBefore.usedMemCurrent << " bytes" <<␣

↪→std::endl;

std::cout << "Used Memory High: " << statsBefore.usedMemHigh << " bytes" <<␣

↪→std::endl;

// Reset the statistics.

resetStatistics(memPool);

// Get and print usage statistics after resetting.

usageStatistics statsAfter;

getUsageStatistics(memPool, &statsAfter);

std::cout << "After resetting statistics:" << std::endl;

std::cout << "Reserved Memory Current: " << statsAfter.reservedMemCurrent << "␣

↪→bytes" << std::endl;

std::cout << "Reserved Memory High: " << statsAfter.reservedMemHigh << " bytes" <

↪→< std::endl;

std::cout << "Used Memory Current: " << statsAfter.usedMemCurrent << " bytes" <<␣

↪→std::endl;

std::cout << "Used Memory High: " << statsAfter.usedMemHigh << " bytes" <<␣

↪→std::endl;

return EXIT_SUCCESS;

}

10.2.7.2.4 Memory reuse policies

The allocator might reallocate memory as long as the compliant memory accesses will not to overlap temporally. To
optimize the memory usage, disable or enable the following memory pool reuse policy attribute flags:

• hipMemPoolReuseFollowEventDependencies: Checks event dependencies before allocating additional
GPU memory.

• hipMemPoolReuseAllowOpportunistic: Checks freed allocations to determine if the stream order semantic
indicated by the free operation has been met.

• hipMemPoolReuseAllowInternalDependencies: Manages reuse based on internal dependencies in runtime.
If the driver fails to allocate and map additional physical memory, it searches for memory waiting for another
stream’s progress and reuses it.

10.2.7.2.5 Device accessibility for multi-GPU support

Allocations are initially accessible from the device where they reside.
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10.2.7.3 Interprocess memory handling

Attention

IPC API calls are only supported on systems with an active amdgpu-dkms driver. Please refer to the AMDGPU
documentation for information on how to install amdgpu-dkms.

Interprocess capable (IPC) memory pools facilitate efficient and secure sharing of GPU memory between processes.

To achieve interprocess memory sharing, you can use either a device pointer or a shareable handle. Both provide allocator
(export) and consumer (import) interfaces. Use a device pointer to share a specific allocation; use a shareable handle when
the importing process needs to allocate from the shared pool independently.

10.2.7.3.1 Device pointer

To export a memory pool allocation for access by another process, use hipMemPoolExportPointer(). It produces a
serializable hipMemPoolPtrExportData struct that can be written to any IPC channel, such as a named pipe (FIFO),
and then read by the importing process.

Here is the exporter:

#include <hip/hip_runtime.h>

#include <cstddef>

#include <cstdlib>

#include <fstream>

#include <iostream>

#include <sys/stat.h>

#include <unistd.h>

#define HIP_CHECK(expression) \

{ \

const hipError_t status = expression; \

if (status != hipSuccess) \

{ \

std::cerr << "HIP error " << status \

<< ": " << hipGetErrorString(status) \

<< " at " << __FILE__ << ":" \

<< __LINE__ << std::endl; \

std::exit(EXIT_FAILURE); \

} \

}

constexpr std::size_t numElements = 1024;

constexpr const char* fifoPath = "/tmp/hip_ipc_devptr_fifo";

constexpr const char* doneFifoPath = "/tmp/hip_ipc_devptr_done_fifo";

__global__ void fillKernel(int* data, std::size_t n)

{

int tid = threadIdx.x + blockIdx.x * blockDim.x;

if (tid < static_cast<int>(n))

data[tid] = tid * 2;

}

(continues on next page)
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void runExporter()

{

// Allocate memory from an IPC-capable pool.

hipMemPoolProps poolProps = {};

poolProps.allocType = hipMemAllocationTypePinned;

poolProps.handleTypes = hipMemHandleTypePosixFileDescriptor;

poolProps.location.type = hipMemLocationTypeDevice;

poolProps.location.id = 0;

hipMemPool_t memPool;

HIP_CHECK(hipMemPoolCreate(&memPool, &poolProps));

hipStream_t stream;

HIP_CHECK(hipStreamCreate(&stream));

int* devPtr = nullptr;

HIP_CHECK(hipMallocFromPoolAsync(reinterpret_cast<void**>(&devPtr),

numElements * sizeof(*devPtr),

memPool,

stream));

dim3 blockSize(256);

dim3 gridSize((numElements + blockSize.x - 1) / blockSize.x);

fillKernel<<<gridSize, blockSize, 0, stream>>>(devPtr, numElements);

HIP_CHECK(hipStreamSynchronize(stream));

// Export the memory pool pointer.

hipMemPoolPtrExportData exportData;

HIP_CHECK(hipMemPoolExportPointer(&exportData, devPtr));

// Write the exported data to the named pipe.

mkfifo(fifoPath, 0666);

std::ofstream fifoStream(fifoPath, std::ios::out | std::ios::binary);

fifoStream.write(reinterpret_cast<char*>(&exportData), sizeof(exportData));

fifoStream.close();

// Wait for the importer to signal completion before freeing.

mkfifo(doneFifoPath, 0666);

char ack;

std::ifstream doneStream(doneFifoPath, std::ios::in | std::ios::binary);

doneStream.read(&ack, 1);

doneStream.close();

HIP_CHECK(hipFreeAsync(devPtr, stream));

HIP_CHECK(hipStreamSynchronize(stream));

HIP_CHECK(hipMemPoolDestroy(memPool));

HIP_CHECK(hipStreamDestroy(stream));

unlink(fifoPath);

unlink(doneFifoPath);

std::cout << "Exporter: done." << std::endl;

}
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To import a memory pool pointer from another process, use hipMemPoolImportPointer().

Here is the importer:

void runImporter()

{

// Read the exported data from the named pipe.

hipMemPoolPtrExportData importData;

std::ifstream fifoStream(fifoPath, std::ios::in | std::ios::binary);

fifoStream.read(reinterpret_cast<char*>(&importData), sizeof(importData));

fifoStream.close();

// Create a memory pool with matching IPC-capable properties.

hipMemPoolProps poolProps = {};

poolProps.allocType = hipMemAllocationTypePinned;

poolProps.handleTypes = hipMemHandleTypePosixFileDescriptor;

poolProps.location.type = hipMemLocationTypeDevice;

poolProps.location.id = 0;

hipMemPool_t memPool;

HIP_CHECK(hipMemPoolCreate(&memPool, &poolProps));

// Import the device pointer from the exporter's pool.

int* importedDevPtr = nullptr;

HIP_CHECK(hipMemPoolImportPointer(reinterpret_cast<void**>(&importedDevPtr),

memPool,

&importData));

// Verify the values written by the exporter's kernel.

int* hostData = new int[numElements];

HIP_CHECK(hipMemcpy(hostData,

importedDevPtr,

numElements * sizeof(*hostData),

hipMemcpyDeviceToHost));

bool passed = true;

for (std::size_t i = 0; i < numElements; ++i)

{

if (hostData[i] != static_cast<int>(i * 2))

{

std::cerr << "Mismatch at [" << i << "]: expected " << i * 2

<< ", got " << hostData[i] << std::endl;

passed = false;

break;

}

}

delete[] hostData;

// Signal the exporter that this process has finished.

char ack = 1;

std::ofstream doneStream(doneFifoPath, std::ios::out | std::ios::binary);

doneStream.write(&ack, 1);

doneStream.close();
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HIP_CHECK(hipFree(importedDevPtr));

HIP_CHECK(hipMemPoolDestroy(memPool));

std::cout << "Importer: " << (passed ? "PASS" : "FAIL") << std::endl;

std::exit(passed ? EXIT_SUCCESS : EXIT_FAILURE);

}

10.2.7.3.2 Shareable handle

To export a memory pool as a shareable handle, use hipMemPoolExportToShareableHandle(). The handle is a
POSIX file descriptor, which is process-local and cannot be transferred by writing its integer value to a pipe. Instead, use
SCM_RIGHTS over a Unix domain socket to duplicate the file description into the receiving process.

Here is the exporter:

#include <hip/hip_runtime.h>

#include <cstddef>

#include <cstdlib>

#include <cstring>

#include <fstream>

#include <iostream>

#include <sys/socket.h>

#include <sys/stat.h>

#include <sys/un.h>

#include <unistd.h>

#define HIP_CHECK(expression) \

{ \

const hipError_t status = expression; \

if (status != hipSuccess) \

{ \

std::cerr << "HIP error " << status \

<< ": " << hipGetErrorString(status) \

<< " at " << __FILE__ << ":" \

<< __LINE__ << std::endl; \

std::exit(EXIT_FAILURE); \

} \

}

constexpr std::size_t numElements = 1024;

constexpr const char* sockPath = "/tmp/hip_ipc_handle.sock";

constexpr const char* doneFifoPath = "/tmp/hip_ipc_handle_done_fifo";

__global__ void fillKernel(int* data, std::size_t n)

{

int tid = threadIdx.x + blockIdx.x * blockDim.x;

if (tid < static_cast<int>(n))

data[tid] = tid * 2;

}

// Sends an open file descriptor to another process via SCM_RIGHTS.

(continues on next page)
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// A POSIX file descriptor is process-local: its integer value has no meaning

// in another process's fd table. SCM_RIGHTS is the POSIX mechanism that

// duplicates the underlying kernel file description into the receiving process.

static void sendFd(int fdToSend)

{

unlink(sockPath);

int listenSock = socket(AF_UNIX, SOCK_STREAM, 0);

sockaddr_un addr = {};

addr.sun_family = AF_UNIX;

strncpy(addr.sun_path, sockPath, sizeof(addr.sun_path) - 1);

bind(listenSock, reinterpret_cast<sockaddr*>(&addr), sizeof(addr));

listen(listenSock, 1);

std::cout << "Exporter: waiting for importer to connect..." << std::endl;

int conn = accept(listenSock, nullptr, nullptr);

char buf[1] = {0};

iovec iov = {buf, sizeof(buf)};

char cmsgBuf[CMSG_SPACE(sizeof(int))];

msghdr msg = {};

msg.msg_iov = &iov;

msg.msg_iovlen = 1;

msg.msg_control = cmsgBuf;

msg.msg_controllen = sizeof(cmsgBuf);

cmsghdr* cmsg = CMSG_FIRSTHDR(&msg);

cmsg->cmsg_level = SOL_SOCKET;

cmsg->cmsg_type = SCM_RIGHTS;

cmsg->cmsg_len = CMSG_LEN(sizeof(int));

memcpy(CMSG_DATA(cmsg), &fdToSend, sizeof(int));

sendmsg(conn, &msg, 0);

std::cout << "Exporter: handle sent via SCM_RIGHTS." << std::endl;

// Wait for importer's ack before closing the connection.

char ack;

recv(conn, &ack, 1, 0);

close(conn);

close(listenSock);

unlink(sockPath);

}

void runExporter()

{

// Create an IPC-capable memory pool and export its handle before

// any allocation so the importer can independently allocate from it.

hipMemPoolProps poolProps = {};

poolProps.allocType = hipMemAllocationTypePinned;

poolProps.handleTypes = hipMemHandleTypePosixFileDescriptor;

poolProps.location.type = hipMemLocationTypeDevice;

poolProps.location.id = 0;

(continues on next page)
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hipMemPool_t memPool;

HIP_CHECK(hipMemPoolCreate(&memPool, &poolProps));

int descriptor = -1;

HIP_CHECK(hipMemPoolExportToShareableHandle(reinterpret_cast<void*>(&descriptor),

memPool,

hipMemHandleTypePosixFileDescriptor,

0));

// Transfer the file descriptor to the importer via SCM_RIGHTS.

sendFd(descriptor);

// Keep the pool alive until the importer signals completion.

mkfifo(doneFifoPath, 0666);

char ack;

std::ifstream doneStream(doneFifoPath, std::ios::in | std::ios::binary);

doneStream.read(&ack, 1);

doneStream.close();

HIP_CHECK(hipMemPoolDestroy(memPool));

::close(descriptor);

unlink(doneFifoPath);

std::cout << "Exporter: done." << std::endl;

}

To import a memory pool from a shareable handle received via SCM_RIGHTS, use hipMemPoolImportFromShare-
ableHandle(). The importing process can then allocate GPU memory from the imported pool independently.

Here is the importer:

void runImporter()

{

// Receive the pool's file descriptor via SCM_RIGHTS and import the pool.

std::cout << "Importer: connecting to exporter..." << std::endl;

int descriptor = recvFd();

hipMemPool_t memPool;

void* handleValue = reinterpret_cast<void*>(static_cast<intptr_t>(descriptor));

HIP_CHECK(hipMemPoolImportFromShareableHandle(&memPool,

handleValue,

hipMemHandleTypePosixFileDescriptor,

0));

// Allocate from the imported pool and run a kernel to verify GPU access.

hipStream_t stream;

HIP_CHECK(hipStreamCreate(&stream));

int* devPtr = nullptr;

HIP_CHECK(hipMallocFromPoolAsync(reinterpret_cast<void**>(&devPtr),

numElements * sizeof(*devPtr),

memPool,

stream));
(continues on next page)
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dim3 blockSize(256);

dim3 gridSize((numElements + blockSize.x - 1) / blockSize.x);

fillKernel<<<gridSize, blockSize, 0, stream>>>(devPtr, numElements);

HIP_CHECK(hipStreamSynchronize(stream));

int* hostData = new int[numElements];

HIP_CHECK(hipMemcpy(hostData,

devPtr,

numElements * sizeof(*hostData),

hipMemcpyDeviceToHost));

bool passed = true;

for(std::size_t i = 0; i < numElements; ++i)

{

if(hostData[i] != static_cast<int>(i * 2))

{

std::cerr << "Mismatch at [" << i << "]: expected " << i * 2

<< ", got " << hostData[i] << std::endl;

passed = false;

break;

}

}

delete[] hostData;

// Signal the exporter that this process has finished.

char ack = 1;

std::ofstream doneStream(doneFifoPath, std::ios::out | std::ios::binary);

doneStream.write(&ack, 1);

doneStream.close();

HIP_CHECK(hipFreeAsync(devPtr, stream));

HIP_CHECK(hipStreamSynchronize(stream));

HIP_CHECK(hipMemPoolDestroy(memPool));

HIP_CHECK(hipStreamDestroy(stream));

::close(descriptor);

std::cout << "Importer: " << (passed ? "PASS" : "FAIL") << std::endl;

std::exit(passed ? EXIT_SUCCESS : EXIT_FAILURE);

}

10.3 Error handling

HIP provides functionality to detect, report, and manage errors that occur during the execution of HIP runtime functions
or when launching kernels. Every HIP runtime function, apart from launching kernels, has hipError_t as return type.
hipGetLastError() and hipPeekAtLastError() can be used for catching errors from kernel launches, as kernel
launches don’t return an error directly. HIP maintains an internal state, that includes the last error code. hipGetLastEr-
ror() returns and resets that error to hipSuccess, while hipPeekAtLastError() just returns the error without
changing it. To get a human readable version of the errors, hipGetErrorString() and hipGetErrorName() can
be used.
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Note

hipGetLastError() returns the last actual HIP API error caught in the current thread during the application
execution. Prior to ROCm 7.0, hipGetLastError might also return hipSuccess or hipErrorNotReady from
the last HIP runtime API call, which are not errors.

Best practices of HIP error handling:

1. Check errors after each API call - Avoid error propagation.

2. Use macros for error checking - Check HIP check macros.

3. Handle errors gracefully - Free resources and provide meaningful error messages to the user.

For more details on the error handling functions, see error handling functions reference page.

For a list of all error codes, see HIP error codes.

10.3.1 HIP check macros

HIP uses check macros to simplify error checking and reduce code duplication. The HIP_CHECK macros are mainly
used to detect and report errors. It can also exit from application with exit(1); function call after the error print. The
HIP_CHECK macro example:

#define HIP_CHECK(expression) \

{ \

const hipError_t status = expression; \

if(status != hipSuccess){ \

std::cerr << "HIP error " \

<< status << ": " \

<< hipGetErrorString(status) \

<< " at " << __FILE__ << ":" \

<< __LINE__ << std::endl; \

} \

}

10.3.2 Complete example

A complete example to demonstrate the error handling with a simple addition of two values kernel:

#include <hip/hip_runtime.h>

#include <algorithm>

#include <cstddef>

#include <cstdlib>

#include <iostream>

#include <vector>

#define HIP_CHECK(expression) \

{ \

const hipError_t status = expression; \

if(status != hipSuccess) \

{ \

std::cerr << "HIP error " \

<< status << ": " \

(continues on next page)
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<< hipGetErrorString(status) \

<< " at " << __FILE__ << ":" \

<< __LINE__ << std::endl; \

} \

}

// Addition of two values.

__global__ void add(int *a, int *b, int *c, std::size_t size)

{

const std::size_t index = threadIdx.x + blockDim.x * blockIdx.x;

if(index < size)

{

c[index] += a[index] + b[index];

}

}

int main()

{

constexpr int numOfBlocks = 256;

constexpr int threadsPerBlock = 256;

constexpr std::size_t arraySize = 1U << 16;

std::vector<int> a(arraySize), b(arraySize), c(arraySize);

int *d_a, *d_b, *d_c;

// Setup input values.

std::fill(a.begin(), a.end(), 1);

std::fill(b.begin(), b.end(), 2);

// Allocate device copies of a, b and c.

HIP_CHECK(hipMalloc(&d_a, arraySize * sizeof(int)));

HIP_CHECK(hipMalloc(&d_b, arraySize * sizeof(int)));

HIP_CHECK(hipMalloc(&d_c, arraySize * sizeof(int)));

// Copy input values to device.

HIP_CHECK(hipMemcpy(d_a, a.data(), arraySize * sizeof(int),␣

↪→hipMemcpyHostToDevice));

HIP_CHECK(hipMemcpy(d_b, b.data(), arraySize * sizeof(int),␣

↪→hipMemcpyHostToDevice));

// Launch add() kernel on GPU.

add<<<numOfBlocks, threadsPerBlock>>>(d_a, d_b, d_c, arraySize);

// Check the kernel launch

HIP_CHECK(hipGetLastError());

// Check for kernel execution error

HIP_CHECK(hipDeviceSynchronize());

// Copy the result back to the host.

HIP_CHECK(hipMemcpy(c.data(), d_c, arraySize * sizeof(int),␣

↪→hipMemcpyDeviceToHost));

// Cleanup allocated memory.

(continues on next page)
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HIP_CHECK(hipFree(d_a));

HIP_CHECK(hipFree(d_b));

HIP_CHECK(hipFree(d_c));

// Print the result.

std::cout << a[0] << " + " << b[0] << " = " << c[0] << std::endl;

return EXIT_SUCCESS;

}

10.4 Asynchronous concurrent execution

Asynchronous concurrent execution is important for efficient parallelism and resource utilization, with techniques such
as overlapping computation and data transfer, managing concurrent kernel execution with streams on single or multiple
devices, or using HIP graphs.

10.4.1 Streams and concurrent execution

All asynchronous APIs, such as kernel execution, data movement and potentially data allocation/freeing all happen in the
context of device streams.

Streams are FIFO buffers of commands to execute in order on a given device. Commands which enqueue tasks on a
stream all return promptly and the task is executed asynchronously. Multiple streams can point to the same device and
those streams might be fed from multiple concurrent host-side threads. Multiple streams tied to the same device are not
guaranteed to execute their commands in order.

10.4.1.1 Managing streams

Streams enable the overlap of computation and data transfer, ensuring continuous GPU activity. By enabling tasks to
run concurrently within the same GPU or across different GPUs, streams improve performance and throughput in high-
performance computing (HPC).

To create a stream, the following functions are used, each defining a handle to the newly created stream:

• hipStreamCreate(): Creates a stream with default settings.

• hipStreamCreateWithFlags(): Creates a stream, with specific flags, listed below, enabling more control over
stream behavior:

– hipStreamDefault: creates a default stream suitable for most operations. The default stream is a blocking
operation.

– hipStreamNonBlocking: creates a non-blocking stream, allowing concurrent execution of operations. It
ensures that tasks can run simultaneously without waiting for each other to complete, thus improving overall
performance.

• hipStreamCreateWithPriority(): Allows creating a stream with a specified priority, enabling prioritization
of certain tasks.

The hipStreamSynchronize() function is used to block the calling host thread until all previously submitted tasks
in a specified HIP stream have completed. It ensures that all operations in the given stream, such as kernel executions or
memory transfers, are finished before the host thread proceeds.
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Note

If the hipStreamSynchronize() function input stream is 0 (or the default stream), it waits for all operations in
the default stream to complete.

10.4.1.2 Concurrent execution between host and device

Concurrent execution between the host (CPU) and device (GPU) allows the CPU to perform other tasks while the GPU
is executing kernels. Kernels are launched asynchronously using hipLaunchKernelGGL or using the triple chevron with
a stream, enabling the CPU to continue executing other code while the GPU processes the kernel. Similarly, memory
operations like hipMemcpyAsync() are performed asynchronously, allowing data transfers between the host and device
without blocking the CPU.

10.4.1.3 Concurrent kernel execution

Concurrent execution of multiple kernels on the GPU allows different kernels to run simultaneously to maximize GPU
resource usage. Managing dependencies between kernels is crucial for ensuring correct execution order. This can be
achieved using hipStreamWaitEvent(), which allows a kernel to wait for a specific event before starting execution.

Independent kernels can only run concurrently if there are enough registers and shared memory for the kernels. To enable
concurrent kernel executions, the developer may have to reduce the block size of the kernels. The kernel runtimes can
be misleading for concurrent kernel runs, that is why during optimization it is a good practice to check the trace files, to
see if one kernel is blocking another kernel, while they are running in parallel. For more information about application
tracing, see Application tracing and profiling using rocprofv3.

When running kernels in parallel, the execution time can increase due to contention for shared resources. This is because
multiple kernels may attempt to access the same GPU resources simultaneously, leading to delays.

Multiple kernels executing concurrently is only beneficial under specific conditions. It is most effective when the kernels
do not fully utilize the GPU’s resources. In such cases, overlapping kernel execution can improve overall throughput and
efficiency by keeping the GPU busy without exceeding its capacity.

10.4.2 Overlap of data transfer and kernel execution

One of the primary benefits of asynchronous operations and multiple streams is the ability to overlap data transfer with
kernel execution, leading to better resource utilization and improved performance.

Asynchronous execution is particularly advantageous in iterative processes. For instance, if a kernel is initiated, it can be
efficient to prepare the input data simultaneously, provided that this preparation does not depend on the kernel’s execution.
Such iterative data transfer and kernel execution overlap can be find in the Example.

10.4.2.1 Querying device capabilities

Some AMD HIP-enabled devices can perform asynchronous memory copy operations to or from the GPU concurrently
with kernel execution. Applications can query this capability by checking the asyncEngineCount device property.
Devices with an asyncEngineCount greater than zero support concurrent data transfers. Additionally, if host memory
is involved in the copy, it should be page-locked to ensure optimal performance. Page-locking (or pinning) host memory
increases the bandwidth between the host and the device, reducing the overhead associated with data transfers. For more
details, visit Host memory page.
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10.4.2.2 Asynchronous memory operations

Asynchronous memory operations do not block the host while copying data and, when used with multiple streams, allow
data to be transferred between the host and device while kernels are executed on the same GPU. Using operations like
hipMemcpyAsync() or hipMemcpyPeerAsync(), developers can initiate data transfers without waiting for the previ-
ous operation to complete. This overlap of computation and data transfer ensures that the GPU is not idle while waiting for
data. hipMemcpyPeerAsync() enables data transfers between different GPUs, facilitating multi-GPU communication.

Example include launching kernels in one stream while performing data transfers in another. This technique is especially
useful in applications with large data sets that need to be processed quickly.

10.4.2.3 Concurrent data transfers with intra-device copies

Devices that support the concurrentKernels property can perform intra-device copies concurrently with kernel exe-
cution. Additionally, devices that support the asyncEngineCount property can perform data transfers to or from the
GPU simultaneously with kernel execution. Intra-device copies can be initiated using standard memory copy functions
with destination and source addresses residing on the same device.

10.4.3 Synchronization, event management and synchronous calls

Synchronization and event management are important for coordinating tasks and ensuring correct execution order, and
synchronous calls are necessary for maintaining data consistency.

10.4.3.1 Synchronous calls

Synchronous calls ensure task completion before moving to the next operation. For example, hipMemcpy() for data
transfers waits for completion before returning control to the host. Similarly, synchronous kernel launches are used when
immediate completion is required. When a synchronous function is called, control is not returned to the host thread
before the device has completed the requested task. The behavior of the host thread—whether to yield, block, or spin—
can be specified using hipSetDeviceFlags() with appropriate flags. Understanding when to use synchronous calls is
important for managing execution flow and avoiding data races.

10.4.3.2 Events for synchronization

By creating an event with hipEventCreate() and recording it with hipEventRecord(), developers can synchronize
operations across streams, ensuring correct task execution order. hipEventSynchronize() lets the application wait
for an event to complete before proceeding with the next operation.

10.4.3.3 Programmatic dependent launch and synchronization

While CUDA supports programmatic dependent launches allowing a secondary kernel to start before the primary kernel
finishes, HIP achieves similar functionality using streams and events. By employing hipStreamWaitEvent(), it is
possible to manage the execution order without explicit hardware support. This mechanism allows a secondary kernel to
launch as soon as the necessary conditions are met, even if the primary kernel is still running.

10.4.3.4 Example

The examples shows the difference between sequential, asynchronous calls and asynchronous calls with hipEvents.

The example codes

Sequential

#include <hip/hip_runtime.h>

#include <cstddef>

(continues on next page)
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#include <cstdlib>

#include <iostream>

#include <vector>

#define HIP_CHECK(expression) \

{ \

const hipError_t status = expression; \

if(status != hipSuccess) \

{ \

std::cerr << "HIP error " \

<< status << ": " \

<< hipGetErrorString(status) \

<< " at " << __FILE__ << ":" \

<< __LINE__ << std::endl; \

} \

}

// GPU Kernels

__global__ void kernelA(double* arrayA, std::size_t size)

{

const std::size_t x = threadIdx.x + blockDim.x * blockIdx.x;

if(x < size)

{

arrayA[x] += 1.0;

}

}

__global__ void kernelB(double* arrayA, double* arrayB, std::size_t size)

{

const std::size_t x = threadIdx.x + blockDim.x * blockIdx.x;

if(x < size)

{

arrayB[x] += arrayA[x] + 3.0;

}

}

int main()

{

constexpr int numOfBlocks = 1 << 20;

constexpr int threadsPerBlock = 1024;

constexpr int numberOfIterations = 50;

// The array size smaller to avoid the relatively short kernel launch compared to␣

↪→memory copies

constexpr std::size_t arraySize = 1U << 25;

double *d_dataA;

double *d_dataB;

double initValueA = 0.0;

double initValueB = 2.0;

std::vector<double> vectorA(arraySize, initValueA);

std::vector<double> vectorB(arraySize, initValueB);

(continues on next page)
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// Allocate device memory

HIP_CHECK(hipMalloc(&d_dataA, arraySize * sizeof(*d_dataA)));

HIP_CHECK(hipMalloc(&d_dataB, arraySize * sizeof(*d_dataB)));

for(int iteration = 0; iteration < numberOfIterations; iteration++)

{

// Host to Device copies

HIP_CHECK(hipMemcpy(d_dataA, vectorA.data(), arraySize * sizeof(*d_dataA),␣

↪→hipMemcpyHostToDevice));

HIP_CHECK(hipMemcpy(d_dataB, vectorB.data(), arraySize * sizeof(*d_dataB),␣

↪→hipMemcpyHostToDevice));

// Launch the GPU kernels

kernelA<<<numOfBlocks, threadsPerBlock>>>(d_dataA, arraySize);

kernelB<<<numOfBlocks, threadsPerBlock>>>(d_dataA, d_dataB, arraySize);

// Device to Host copies

HIP_CHECK(hipMemcpy(vectorA.data(), d_dataA, arraySize * sizeof(*vectorA.

↪→data()), hipMemcpyDeviceToHost));

HIP_CHECK(hipMemcpy(vectorB.data(), d_dataB, arraySize * sizeof(*vectorB.

↪→data()), hipMemcpyDeviceToHost));

}

// Wait for all operations to complete

HIP_CHECK(hipDeviceSynchronize());

// Verify results

const double expectedA = (double)numberOfIterations;

const double expectedB = initValueB + (3.0 * numberOfIterations) + (expectedA *␣

↪→(expectedA + 1.0)) / 2.0;

bool passed = true;

for(std::size_t i = 0; i < arraySize; ++i)

{

if(vectorA[i] != expectedA)

{

passed = false;

std::cerr << "Validation failed! Expected " << expectedA << " got " <<␣

↪→vectorA[i] << " at index: " << i << std::endl;

break;

}

if(vectorB[i] != expectedB)

{

passed = false;

std::cerr << "Validation failed! Expected " << expectedB << " got " << ␣

↪→vectorB[i] << " at index: " << i << std::endl;

break;

}

}

if(passed)

{

std::cout << "Sequential execution completed successfully." << std::endl;

}

else

{

std::cerr << "Sequential execution failed." << std::endl;

(continues on next page)
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}

// Cleanup

HIP_CHECK(hipFree(d_dataA));

HIP_CHECK(hipFree(d_dataB));

return EXIT_SUCCESS;

}

Asynchronous

#include <hip/hip_runtime.h>

#include <cstddef>

#include <cstdlib>

#include <iostream>

#include <vector>

#define HIP_CHECK(expression) \

{ \

const hipError_t status = expression; \

if(status != hipSuccess) \

{ \

std::cerr << "HIP error " \

<< status << ": " \

<< hipGetErrorString(status) \

<< " at " << __FILE__ << ":" \

<< __LINE__ << std::endl; \

} \

}

// GPU Kernels

__global__ void kernelA(double* arrayA, std::size_t size)

{

const std::size_t x = threadIdx.x + blockDim.x * blockIdx.x;

if(x < size)

{

arrayA[x] += 1.0;

}

}

__global__ void kernelB(double* arrayA, double* arrayB, std::size_t size)

{

const std::size_t x = threadIdx.x + blockDim.x * blockIdx.x;

if(x < size)

{

arrayB[x] += arrayA[x] + 3.0;

}

}

int main()

(continues on next page)
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{

constexpr int numOfBlocks = 1 << 20;

constexpr int threadsPerBlock = 1024;

constexpr int numberOfIterations = 50;

// The array size smaller to avoid the relatively short kernel launch compared to␣

↪→memory copies

constexpr std::size_t arraySize = 1U << 25;

double *d_dataA;

double *d_dataB;

double initValueA = 0.0;

double initValueB = 2.0;

std::vector<double> vectorA(arraySize, initValueA);

std::vector<double> vectorB(arraySize, initValueB);

// Allocate device memory

HIP_CHECK(hipMalloc(&d_dataA, arraySize * sizeof(*d_dataA)));

HIP_CHECK(hipMalloc(&d_dataB, arraySize * sizeof(*d_dataB)));

// Create streams

hipStream_t streamA, streamB;

HIP_CHECK(hipStreamCreate(&streamA));

HIP_CHECK(hipStreamCreate(&streamB));

for(unsigned int iteration = 0; iteration < numberOfIterations; iteration++)

{

// Stream 1: Host to Device 1

HIP_CHECK(hipMemcpyAsync(d_dataA, vectorA.data(), arraySize * sizeof(*d_

↪→dataA), hipMemcpyHostToDevice, streamA));

// Stream 2: Host to Device 2

HIP_CHECK(hipMemcpyAsync(d_dataB, vectorB.data(), arraySize * sizeof(*d_

↪→dataB), hipMemcpyHostToDevice, streamB));

// Stream 1: Kernel 1

kernelA<<<numOfBlocks, threadsPerBlock, 0, streamA>>>(d_dataA, arraySize);

// Wait for streamA finish

HIP_CHECK(hipStreamSynchronize(streamA));

// Stream 2: Kernel 2

kernelB<<<numOfBlocks, threadsPerBlock, 0, streamB>>>(d_dataA, d_dataB,␣

↪→arraySize);

// Stream 1: Device to Host 2 (after Kernel 1)

HIP_CHECK(hipMemcpyAsync(vectorA.data(), d_dataA, arraySize * sizeof(*vectorA.

↪→data()), hipMemcpyDeviceToHost, streamA));

// Stream 2: Device to Host 2 (after Kernel 2)

HIP_CHECK(hipMemcpyAsync(vectorB.data(), d_dataB, arraySize * sizeof(*vectorB.

↪→data()), hipMemcpyDeviceToHost, streamB));

}

// Wait for all operations in both streams to complete

HIP_CHECK(hipStreamSynchronize(streamA));

HIP_CHECK(hipStreamSynchronize(streamB));

// Verify results

double expectedA = (double)numberOfIterations;

double expectedB = initValueB + (3.0 * numberOfIterations) + (expectedA *␣

↪→(expectedA + 1.0)) / 2.0;

bool passed = true;

(continues on next page)
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for(std::size_t i = 0; i < arraySize; ++i)

{

if(vectorA[i] != expectedA)

{

passed = false;

std::cerr << "Validation failed! Expected " << expectedA << " got " <<␣

↪→vectorA[i] << " at index: " << i << std::endl;

break;

}

if(vectorB[i] != expectedB)

{

passed = false;

std::cerr << "Validation failed! Expected " << expectedB << " got " << ␣

↪→vectorB[i] << " at index: " << i << std::endl;

break;

}

}

if(passed)

{

std::cout << "Asynchronous execution completed successfully." << std::endl;

}

else

{

std::cerr << "Asynchronous execution failed." << std::endl;

}

// Cleanup

HIP_CHECK(hipStreamDestroy(streamA));

HIP_CHECK(hipStreamDestroy(streamB));

HIP_CHECK(hipFree(d_dataA));

HIP_CHECK(hipFree(d_dataB));

return EXIT_SUCCESS;

}

hipStreamWaitEvent

#include <hip/hip_runtime.h>

#include <cstddef>

#include <cstdlib>

#include <iostream>

#include <vector>

#define HIP_CHECK(expression) \

{ \

const hipError_t status = expression; \

if(status != hipSuccess) \

{ \

std::cerr << "HIP error " \

(continues on next page)
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<< status << ": " \

<< hipGetErrorString(status) \

<< " at " << __FILE__ << ":" \

<< __LINE__ << std::endl; \

} \

}

// GPU Kernels

__global__ void kernelA(double* arrayA, std::size_t size)

{

const std::size_t x = threadIdx.x + blockDim.x * blockIdx.x;

if(x < size)

{

arrayA[x] += 1.0;

}

}

__global__ void kernelB(double* arrayA, double* arrayB, std::size_t size)

{

const std::size_t x = threadIdx.x + blockDim.x * blockIdx.x;

if(x < size)

{

arrayB[x] += arrayA[x] + 3.0;

}

}

int main()

{

constexpr int numOfBlocks = 1 << 20;

constexpr int threadsPerBlock = 1024;

constexpr int numberOfIterations = 50;

// The array size smaller to avoid the relatively short kernel launch compared to␣

↪→memory copies

constexpr std::size_t arraySize = 1U << 25;

double *d_dataA;

double *d_dataB;

double initValueA = 0.0;

double initValueB = 2.0;

std::vector<double> vectorA(arraySize, initValueA);

std::vector<double> vectorB(arraySize, initValueB);

// Allocate device memory

HIP_CHECK(hipMalloc(&d_dataA, arraySize * sizeof(*d_dataA)));

HIP_CHECK(hipMalloc(&d_dataB, arraySize * sizeof(*d_dataB)));

// Create streams

hipStream_t streamA, streamB;

HIP_CHECK(hipStreamCreate(&streamA));

HIP_CHECK(hipStreamCreate(&streamB));

// Create events

hipEvent_t event, eventA, eventB;

HIP_CHECK(hipEventCreate(&event));

HIP_CHECK(hipEventCreate(&eventA));
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146 Chapter 10. Using HIP runtime API



AMD ROCm™ Programming Guide, Release 10.1.0

(continued from previous page)

HIP_CHECK(hipEventCreate(&eventB));

for(unsigned int iteration = 0; iteration < numberOfIterations; iteration++)

{

// Stream 1: Host to Device 1

HIP_CHECK(hipMemcpyAsync(d_dataA, vectorA.data(), arraySize * sizeof(*d_

↪→dataA), hipMemcpyHostToDevice, streamA));

// Stream 2: Host to Device 2

HIP_CHECK(hipMemcpyAsync(d_dataB, vectorB.data(), arraySize * sizeof(*d_

↪→dataB), hipMemcpyHostToDevice, streamB));

// Stream 1: Kernel 1

kernelA<<<numOfBlocks, threadsPerBlock, 0, streamA>>>(d_dataA, arraySize);

// Record event after the GPU kernel in Stream 1

HIP_CHECK(hipEventRecord(event, streamA));

// Stream 2: Wait for event before starting Kernel 2

HIP_CHECK(hipStreamWaitEvent(streamB, event, 0));

// Stream 2: Kernel 2

kernelB<<<numOfBlocks, threadsPerBlock, 0, streamB>>>(d_dataA, d_dataB,␣

↪→arraySize);

// Stream 1: Device to Host 2 (after Kernel 1)

HIP_CHECK(hipMemcpyAsync(vectorA.data(), d_dataA, arraySize * sizeof(*vectorA.

↪→data()), hipMemcpyDeviceToHost, streamA));

// Stream 2: Device to Host 2 (after Kernel 2)

HIP_CHECK(hipMemcpyAsync(vectorB.data(), d_dataB, arraySize * sizeof(*vectorB.

↪→data()), hipMemcpyDeviceToHost, streamB));

// Wait for all operations in both streams to complete

HIP_CHECK(hipEventRecord(eventA, streamA));

HIP_CHECK(hipEventRecord(eventB, streamB));

HIP_CHECK(hipStreamWaitEvent(streamA, eventA, 0));

HIP_CHECK(hipStreamWaitEvent(streamB, eventB, 0));

}

// Verify results

double expectedA = (double)numberOfIterations;

double expectedB = initValueB + (3.0 * numberOfIterations) + (expectedA *␣

↪→(expectedA + 1.0)) / 2.0;

bool passed = true;

for(std::size_t i = 0; i < arraySize; ++i)

{

if(vectorA[i] != expectedA)

{

passed = false;

std::cerr << "Validation failed! Expected " << expectedA << " got " <<␣

↪→vectorA[i] << std::endl;

break;

}

if(vectorB[i] != expectedB)

{

passed = false;

std::cerr << "Validation failed! Expected " << expectedB << " got " << ␣

↪→vectorB[i] << std::endl;

break;

}

}

(continues on next page)
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if(passed)

{

std::cout << "Asynchronous execution with events completed successfully." <<␣

↪→std::endl;

}

else

{

std::cerr << "Asynchronous execution with events failed." << std::endl;

}

// Cleanup

HIP_CHECK(hipEventDestroy(event));

HIP_CHECK(hipEventDestroy(eventA));

HIP_CHECK(hipEventDestroy(eventB));

HIP_CHECK(hipStreamDestroy(streamA));

HIP_CHECK(hipStreamDestroy(streamB));

HIP_CHECK(hipFree(d_dataA));

HIP_CHECK(hipFree(d_dataB));

return 0;

}

10.4.4 HIP Graphs

HIP graphs offer an efficient alternative to the standard method of launching GPU tasks via streams. Comprising nodes for
operations and edges for dependencies, HIP graphs reduce kernel launch overhead and provide a high-level abstraction
for managing dependencies and synchronization. By representing sequences of kernels and memory operations as a
single graph, they simplify complex workflows and enhance performance, particularly for applications with intricate
dependencies and multiple execution stages. For more details, see the HIP graphs documentation.

10.5 Execution contexts

In the HIP runtime, an execution context is the scheduling domain used for GPU work submitted by a process. An exe-
cution context is either the device’s primary context, which the HIP runtime manages implicitly, or a resource-partitioned
context that you create with hipGreenCtxCreate().

By default, every kernel you launch uses the device’s primary execution context. In the primary context, kernels launched
by the process compete for the GPU resources available to the process. The runtime decides which compute units (CUs)
a kernel runs on, and kernels that run at the same time share the available pool of CUs and work queues.

A resource-partitioned execution context lets you define a fixed slice of the available GPU resources and bind work to it.
Any kernel launched on a stream that belongs to that context is confined to the context’s CU resources, regardless of the
kernel launch configuration.

You set up resource-partitioned execution contexts entirely on the host. The kernel source does not change, and kernels
are launched with the usual HIP launch syntax. This feature is analogous to CUDA green contexts.

Note

Keep the following terminology and example-code details in mind:
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• The device resource structures use the field name smCount and the resource type hipDevResourceTypeSm.
HIP keeps these sm identifiers so that code written against CUDA compiles unchanged. On AMD GPUs, the
equivalent physical resource is the compute unit. This page writes “compute unit” or “CU” in the text and keeps
the literal identifiers in code.

• The snippets on this page are written to show the calling sequence. Build and run them on a ROCm system
before using them as the basis for production code. A complete, buildable program is provided as the HIP-Basic
execution context example.

The full API listing is in Execution Context Management.

10.5.1 Concepts of execution contexts

An execution context is a host-created scheduling domain for GPU work. The context does not change the kernel code
and it does not add a new kernel launch parameter. Instead, it changes the resources visible to streams created on that
context.

The usual flow is:

1. Start with the CUs available to the process.

2. Split that CU resource into one or more partitions.

3. Bundle one or more resources into a descriptor.

4. Create one execution context from each descriptor.

5. Create streams from those contexts.

6. Launch kernels on the context streams.

A kernel launched on a context stream can only run on the CUs assigned to that context. A kernel launched on a regular
stream outside an execution context uses the device’s primary context and can use the CUs available to that primary
context.

The kernel’s grid and block dimensions still control how much work the kernel contains. The execution context controls
where that work is allowed to execute. If a kernel has more thread blocks than the context’s CUs can run at once, the
extra thread blocks wait and are scheduled onto the same CU partition as earlier thread blocks retire.

Execution contexts are useful when an application is intentionally designed to assign different classes of GPU work to
different resource partitions. They are not a per-kernel launch option or an automatic scheduling behavior. To use them
effectively, the application must create the CU partitions, build execution contexts from those partitions, create streams
on those contexts, and launch each workload on the appropriate stream. Select and tune the partition sizes based on
measured workload behavior.

10.5.2 Benefits of execution contexts

Two characteristics of standard kernel scheduling motivate the use of execution contexts.

First, an application cannot directly request a specific number of CUs for a kernel launch. The number of CUs a kernel
uses is determined indirectly by its grid and block dimensions, along with its per-CU occupancy. There is no launch
parameter that specifies, for example, “run this kernel on N CUs.”

Second, kernels that overlap in time draw from the same shared pool of available CUs. If one kernel already occupies
the device and a second, higher-priority kernel is launched, the second kernel must wait until CUs become available as
the first kernel’s thread blocks retire.

Consider a service that continuously runs a background kernel while occasionally launching a short, latency-sensitive
kernel. If the background kernel occupies the available GPU resources, the latency-sensitive kernel cannot begin execution
until enough of the background kernel’s thread blocks complete. Increasing the priority of the latency-sensitive kernel’s
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stream can reduce this delay, but it cannot eliminate it, because the kernel must still wait for in-flight thread blocks to
drain.

Execution contexts address this contention by partitioning resources before the work is launched. For example, the
background kernel can be assigned to a context that uses most of the CUs, while the latency-sensitive kernel can be
assigned to a separate context that uses a smaller, dedicated set of CUs. The background kernel cannot consume the
CUs assigned to the latency-sensitive context, so the latency-sensitive kernel can start with less interference from the
background workload.

This isolation involves a trade-off: neither kernel can use all available CUs, so each may run slightly longer when consid-
ered in isolation. In exchange, the latency-sensitive workload is no longer blocked by the background workload’s use of
shared CUs.

Use execution contexts when your application design requires predictable access to a portion of the GPU. Resource
partitioning is an explicit setup step: you decide how many CUs each workload should receive, create contexts from those
partitions, and launch each workload on streams associated with the appropriate context.

For example, a service can reserve a handful of CUs for a latency-sensitive kernel so that the kernel has resources available
when it launches. Another application might deliberately cap a kernel to a smaller CU count to measure how performance
scales as the available compute resources change. In both cases, the partition size is a design choice that should be
measured and tuned for the workload.

Partition sizing is workload dependent. Select the CU count for each execution context when the context is created, then
tune the allocation based on measured performance.

10.5.2.1 Work queues

CUs are one type of resource associated with an execution context. Work queue configuration is another.

A work queue is an abstraction used by the driver to dispatch GPU work. Tasks submitted to the same work queue
may be serialized, even when they are logically independent, because sharing a queue introduces an ordering dependency
between those tasks.

This distinction is important because reserving CUs alone does not always guarantee overlap. If the latency-sensitive
kernel and the background kernel are dispatched through the same work queue, the latency-sensitive kernel may still wait
behind the background kernel even though it has dedicated CUs.

Applications do not select work queues directly. Instead, an execution context allows the application to specify how
many concurrent stream-ordered workloads it expects. The driver treats this value as a hint and attempts to place
work from different contexts onto separate queues. The device-wide upper bound on work queues is controlled by the
GPU_MAX_HW_QUEUES environment variable.

Work queue configuration is optional. A context can be created with only a CU resource. If you omit a work queue
configuration resource, the context still limits kernels to its assignedCUs, but the driver uses the default work queue sharing
behavior. Add a work queue configuration when you also want to give the driver a hint about how many independent
stream-ordered workloads you expect and how work queues should be shared across contexts.

Note

Partitioning CUs and configuring work queue usage reduces sources of interference between contexts, but it does not
force independent kernels to execute concurrently. Actual concurrency still depends on the workloads and the current
device state.
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10.5.2.2 Relationship to hardware partitioning

AMD Instinct GPUs can be divided into logical devices through hardware compute partitioning modes such as SPX and
CPX. This partitioning is configured at the system level before an application starts, and is typically used to divide a GPU
among separate applications.

Execution contexts operate at a finer granularity and within a single process. Hardware partitioning determines how the
GPU is shared across applications, whereas execution contexts determine how one application’s streams share the CUs
available to that application.

On a GPU that is already running in a hardware-partitioned mode, an execution context draws from the CUs in the
partition assigned to the application. HIP execution contexts are not a multi-process service equivalent; they are a within-
process resource-management mechanism.

10.5.3 Device resources and descriptors

An execution context is built from device resources. A device resource (hipDevResource) names a slice of a specific
GPU, and a resource descriptor (hipDevResourceDesc_t) bundles one or more resources together. The execution
context you create from a descriptor can use exactly the resources that descriptor holds, and nothing else.

The hipDevResource structure carries a single resource, tagged by type:

typedef struct hipDevResource_st {

hipDevResourceType type;

// internal padding

union {

hipDevSmResource sm;

hipDevWorkqueueConfigResource wqConfig;

hipDevWorkqueueResource wq;

};

struct hipDevResource_st* nextResource;

} hipDevResource;

Three resource types are defined:

• hipDevResourceTypeSm for a set of compute units.

• hipDevResourceTypeWorkqueueConfig for a work queue configuration.

• hipDevResourceTypeWorkqueue for an existing work queue resource.

hipDevResourceTypeInvalid marks an unset resource.

Query a device with hipDeviceGetDevResource() to obtain its resources: a CU resource covering every CU avail-
able to the process, and, on runtimes that support it, a work queue configuration covering the device’s work queues and the
matching work queue resource. Reading the work queue configuration from a device is not supported on every ROCm
runtime, so check the returned status. You can also ask an execution context or a stream what resources it holds, us-
ing hipExecutionCtxGetDevResource() and hipStreamGetDevResource(). An execution context can hold
several resource types at once; a stream only ever carries a CU resource.

10.5.3.1 Compute unit resource

The CU resource (hipDevSmResource) describes a group of compute units:

typedef struct hipDevSmResource {

unsigned int smCount; // number of CUs in this resource

unsigned int minSmPartitionSize; // smallest CU count this resource can be␣

↪→split into

(continues on next page)
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unsigned int smCoscheduledAlignment; // CUs guaranteed to be co-scheduled together

unsigned int flags; // 0 (default) or␣

↪→hipDevSmResourceGroupBackfill

} hipDevSmResource;

You never fill these fields in yourself. hipDeviceGetDevResource() sets them when you query a device, and the
split APIs set them on the resources they produce. Treat minSmPartitionSize and smCoscheduledAlignment as
architecture-dependent values to read at runtime, not constants to hard-code.

The resource returned by hipDeviceGetDevResource() is intersected with any global CU mask set through the
ROC_GLOBAL_CU_MASK environment variable, so it reflects the CUs your process can actually use.

10.5.3.1.1 Workgroup processor alignment

On AMD GPUs, CUs are grouped into workgroup processors (WGPs), and cooperating CUs are scheduled together.
smCoscheduledAlignment reports this granularity, which is also the minimum partition granularity:

Mode smCoscheduledAlignment

WGP mode, typical on RDNA and recent CDNA 2 CUs
CU mode 1 CU

When the alignment is greater than one, request CU counts in multiples of smCoscheduledAlignment to avoid wasting
units. Read smCoscheduledAlignment at runtime rather than assuming a value, since it depends on the device and its
mode.

Note

Creating an execution context does not automatically prevent other contexts or streams created outside an execution
context from using the same CUs. To isolate workloads, split the available CU resource into disjoint partitions and
launch each workload only on streams associated with its assigned execution context. The Example: reserving CUs
for a critical kernel demonstrates this pattern with separate contexts for a background kernel and a latency-sensitive
kernel.

10.5.3.2 Work queue configuration resource

The work queue configuration resource (hipDevWorkqueueConfigResource) is one you populate directly:

typedef struct hipDevWorkqueueConfigResource {

int device; // device that owns the work queues

unsigned int wqConcurrencyLimit; // expected concurrent stream-

↪→ordered workloads

hipDevWorkqueueConfigScope sharingScope; // how work queues are shared

} hipDevWorkqueueConfigResource;

sharingScope takes one of two values. hipDevWorkqueueConfigScopeDeviceCtx, the default, shares work
queues across all contexts. hipDevWorkqueueConfigScopeGreenCtxBalanced asks the driver to keep work queues
from different execution contexts apart where it can, guided by wqConcurrencyLimit.

There is no split API for work queue resources: set the fields yourself, or read a device’s configuration with hipDe-

viceGetDevResource(). The plain work queue resource (hipDevResourceTypeWorkqueue) exposes no fields
you can set.
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Tip

Zero-initialize every device resource structure before you use it.

10.5.4 Creating an execution context

Building an execution context takes four steps:

1. Read the resources you want to start from, usually the device’s full available set.

2. Split the CU resource into the partitions you need.

3. Bundle the resulting resources into a descriptor.

4. Create the execution context from that descriptor.

Once the context exists, create a stream on it. Work you launch on that stream, including a kernel launched with the
triple-chevron syntax, is limited to the context’s resources.

10.5.4.1 Step 1: Read the available resources

Start by populating a hipDevResource from a device, an execution context, or a stream:

hipError_t hipDeviceGetDevResource(hipDevice_t device, hipDevResource* resource,

hipDevResourceType type);

hipError_t hipExecutionCtxGetDevResource(hipExecutionCtx_t ctx, hipDevResource*␣

↪→resource,

hipDevResourceType type);

hipError_t hipStreamGetDevResource(hipStream_t hStream, hipDevResource* resource,

hipDevResourceType type);

Each accepts any resource type, except hipStreamGetDevResource(), which is limited to CU resources.

Reading a device’s CUs looks like this:

int current_device = 0;

HIP_CHECK(hipSetDevice(current_device));

hipDevResource cu_resources = {};

HIP_CHECK(hipDeviceGetDevResource(current_device, &cu_resources,␣

↪→hipDevResourceTypeSm));

std::cout << "Device ID: " << current_device << "\n";

std::cout << "Available CUs: " << cu_resources.sm.smCount << "\n";

std::cout << "Min. partition size: " << cu_resources.sm.minSmPartitionSize << "\n";

std::cout << "Co-scheduled alignment: " << cu_resources.sm.smCoscheduledAlignment <<

↪→"\n";

Reading the work queue configuration follows the same pattern, but not every ROCm runtime supports querying it from
a device. Check the returned status rather than aborting, and only use the configuration when the query succeeds:

// Reading the work queue configuration from a device is not supported on

// every ROCm runtime. Capture the status instead of aborting, and only print

// the configuration when the query succeeds.

hipDevResource wq_config = {};

const hipError_t wq_status

(continues on next page)
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= hipDeviceGetDevResource(current_device, &wq_config,␣

↪→hipDevResourceTypeWorkqueueConfig);

if(wq_status == hipSuccess)

{

std::cout << "WQ concurrency limit: " << wq_config.wqConfig.wqConcurrencyLimit <<

↪→"\n";

std::cout << "WQ sharing scope: " << wq_config.wqConfig.sharingScope << "\n";

}

else

{

std::cout << "Work queue configuration query is not supported on this runtime ("

<< hipGetErrorString(wq_status) << ").\n";

// A failed call leaves its error in the thread's sticky last-error state.

// Clear it with hipGetLastError so a later hipGetLastError check does not

// misattribute this error to an unrelated, successful launch.

(void)hipGetLastError();

}

When the query succeeds, wqConcurrencyLimit reflects GPU_MAX_HW_QUEUES or its default for the device.

10.5.4.2 Step 2: Split the CU resource

Divide the CU resource with one of two APIs. hipDevSmResourceSplitByCount() produces equal-sized partitions;
hipDevSmResourceSplit() produces partitions of different sizes in a single call. Either way, CUs that do not fit the
requested partitions land in an optional remainder. Both APIs only operate on CU resources.

10.5.4.2.1 Equal-sized partitions

hipError_t hipDevSmResourceSplitByCount(hipDevResource* result, unsigned int*␣

↪→nbGroups,

const hipDevResource* input, hipDevResource*␣

↪→remainder,

unsigned int flags, unsigned int minCount);

You pass in the number of groups you want (*nbGroups) and the minimum CUs per group (minCount). The call may
return fewer groups than you asked for, each with at least minCount CUs, because the hardware imposes granularity and
alignment rules. The exact rounding depends on the device’s minSmPartitionSize and smCoscheduledAlignment,
so read those at runtime.

Table 11: Why the result can differ from the request

Situation Outcome

You request more groups than fit at minCount The count is reduced to what fits; leftover CUs go to the remainder.
minCount is not a multiple of the alignment Each group is rounded up to a valid size; fewer CUs remain.

A request for five groups:

hipDevResource avail = {};

// Populate avail with hipDeviceGetDevResource.

(continues on next page)
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unsigned int min_cu_count = 8;

unsigned int group_count = 5; // may be lowered by the call

hipDevResource result[5] = {};

hipDevResource remaining = {};

HIP_CHECK(hipDevSmResourceSplitByCount(&result[0], &group_count, &avail,

&remaining, 0 /* flags */, min_cu_count));

std::cout << "Got " << group_count << " groups of " << result[0].sm.smCount

<< " CUs, " << remaining.sm.smCount << " CUs left over\n";

Points to keep in mind:

• Pass result = nullptr to find out how many groups you would get, without producing them.

• Pass remainder = nullptr to discard the leftover CUs.

• The remainder is not guaranteed to have the same size or scheduling properties as the equal-sized groups.

• flags is 0 by default. hipDevSmResourceSplitIgnoreSmCoscheduling and hipDevSmResourceS-

plitMaxPotentialClusterSize are also defined.

• To repartition a resulting resource, first turn it into a descriptor and an execution context using steps 3 and 4.

Note

hipDevSmResourceSplitIgnoreSmCoscheduling is defined but not yet supported by the runtime. Passing it
returns hipErrorNotSupported.

10.5.4.2.2 Different-sized partitions

When contexts need different CU counts, one hipDevSmResourceSplitByCount() call is not enough, since it only
makes equal groups. hipDevSmResourceSplit() builds groups of independent sizes at once:

hipError_t hipDevSmResourceSplit(hipDevResource* result, unsigned int nbGroups,

const hipDevResource* input, hipDevResource*␣

↪→remainder,

unsigned int flags, hipDevSmResourceGroupParams*␣

↪→groupParams);

Each of the nbGroups output resources is shaped by a matching groupParams entry. A remainder is optional. Each
produced group contains at least one valid scheduling granule; a group is never empty.

typedef struct hipDevSmResourceGroupParams_st {

unsigned int smCount; // CU count, or 0 for discovery mode

unsigned int coscheduledSmCount; // co-scheduled CU count for clusters

unsigned int preferredCoscheduledSmCount; // preferred co-scheduled CU count␣

↪→(hint)

unsigned int flags; // 0 or hipDevSmResourceGroupBackfill

} hipDevSmResourceGroupParams;

Give each group an smCount that is a multiple of the device’s smCoscheduledAlignment. If your kernels use thread
block clusters, set coscheduledSmCount to the largest cluster the group must support, since a cluster’s thread blocks
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are always co-scheduled. preferredCoscheduledSmCount is a hint to fold groups into larger ones when possible,
and setting flags to hipDevSmResourceGroupBackfill lets a group absorb extra CUs beyond its requested size.

To let the runtime pick a size, use discovery mode: set an entry’s smCount to zero, and the call fills in a valid count.
Entries are processed in order, from index 0 to nbGroups - 1, so earlier entries claim CUs first.

Table 12: hipDevSmResourceSplit arguments

Argument Meaning

result nullptr for a dry run, or a valid pointer to receive the
groups.

nbGroups How many groups to create.
input The CU resource being split.
remainder nullptr to drop leftover CUs.
flags 0.
groupParams[i].smCount 0 for discovery, or a specific CU count.
groupParams[i].coscheduledSmCount 0 for the default, or a co-scheduled CU count.
groupParams[i].preferredCoscheduledSmCount0 for the default, or a preferred co-scheduled CU count.
groupParams[i].flags 0 or hipDevSmResourceGroupBackfill.

What the return value means depends on result:

• With a valid result, the call succeeds only if every requested group was created; otherwise it returns an error.

• With result = nullptr, the call can report success even for a configuration that would fail with a real output.
Use this to probe what the device allows.

When the call succeeds with a valid result, each result[i].sm.smCount is aligned to the device’s smCosched-
uledAlignment and is within the valid range for the input resource.

The table below sketches groupParams for a few common goals, with CU counts left as placeholders you fill in for your
device.

Table 13: Example splits

Goal nbGroupsre-

main-

der

sm-

Count

cosched-

uledSmCount

flags

One group of X CUs, with remaining CUs discarded.
Clusters allowed.

1 nullptr X 0 0

One group of X CUs, with remaining CUs returned as
a remainder. No clusters.

1 not
nullptr

X 2 0

Two groups of X and Y CUs with clusters of a chosen
size.

2 nullptr X, then
Y

chosen size 0

As many CUs as possible in one group, plus a remain-
der.

1 not
nullptr

0, dis-
covery

chosen size 0

A two-way uneven split:

hipDevResource cu_resources = {};

HIP_CHECK(hipDeviceGetDevResource(0, &cu_resources, hipDevResourceTypeSm));

hipDevResource result[2] = {};

hipDevSmResourceGroupParams group_params[2] = {

{/*smCount=*/16, /*coscheduledSmCount=*/0, /*preferredCoscheduledSmCount=*/0, /

(continues on next page)
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↪→*flags=*/0},

{/*smCount=*/8, /*coscheduledSmCount=*/0, /*preferredCoscheduledSmCount=*/0, /

↪→*flags=*/0}};

HIP_CHECK(hipDevSmResourceSplit(&result[0], 2, &cu_resources,

nullptr /* remainder */, 0 /* flags */, &group_

↪→params[0]));

Leaving coscheduledSmCount or preferredCoscheduledSmCount at zero requests the architecture default, which
matches the device’s smCoscheduledAlignment. To see the value that was chosen, read the groupParams entry back
after a successful call.

For a complete example that performs the full sequence – query the device resource, split the CU resource, generate
descriptors, create execution contexts, create streams, and launch kernels – see the HIP-Basic execution context example.
The example uses separate contexts for a background kernel and a latency-sensitive kernel, which is the same setup pattern
shown here.

10.5.4.3 Step 2.1 (optional): Add work queue configuration

This step is optional. A context can be created with only a CU resource. If you omit a work queue configuration resource,
the context still limits kernels to its assigned CUs, but the driver uses the default work queue sharing behavior. Add a work
queue configuration when you also want to give the driver a hint about how many independent stream-ordered workloads
you expect and how work queues should be shared across contexts.

To configure work queues alongside CUs, fill in a work queue configuration resource yourself and place it next to the CU
resources you plan to bundle:

hipDevResource resources[2] = {};

// Populate resources[0] with a split API (one group).

resources[1].type = hipDevResourceTypeWorkqueueConfig;

resources[1].wqConfig.device = 0;

resources[1].wqConfig.sharingScope = hipDevWorkqueueConfigScopeGreenCtxBalanced;

resources[1].wqConfig.wqConcurrencyLimit = 4;

A concurrency limit of four tells the driver you expect up to four concurrent stream-ordered workloads, and it assigns
work queues to respect that where it can.

10.5.4.4 Step 3: Bundle resources into a descriptor

Gather the resources for the context into a descriptor with hipDevResourceGenerateDesc():

hipError_t hipDevResourceGenerateDesc(hipDevResourceDesc_t* phDesc,

hipDevResource* resources, unsigned int␣

↪→nbResources);

The resources you bundle must sit next to each other in the array:

hipDevResource result[5] = {};

// Populate result with a split API.

hipDevResourceDesc_t desc = {};

HIP_CHECK(hipDevResourceGenerateDesc(&desc, &result[2], 3)); // bundles result[2],␣

↪→[3], [4]
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The call requires that:

• Every resource belongs to the same device.

• CU resources combined together come from the same split call and share the same coscheduledSmCount, unless
they are remainders.

• Work queue configuration is optional. If included, the descriptor can contain either one work queue configuration
resource or one work queue resource.

10.5.4.5 Step 4: Create the context

Turn the descriptor into an execution context with hipGreenCtxCreate(). The context can use only the resources the
descriptor holds:

hipError_t hipGreenCtxCreate(hipExecutionCtx_t* ctx, hipDevResourceDesc_t desc,

int device, unsigned int flags);

Pass 0 for flags. Initialize the device’s primary context first, with hipInitDevice or hipSetDevice(), so that
primary context setup does not add overhead to this call:

int current_device = 0;

HIP_CHECK(hipSetDevice(current_device));

hipDevResourceDesc_t desc = {};

// Generate desc with hipDevResourceGenerateDesc.

hipExecutionCtx_t exec_ctx = {};

HIP_CHECK(hipGreenCtxCreate(&exec_ctx, desc, current_device, 0));

To confirm what the context received, call hipExecutionCtxGetDevResource() on it for each resource type.

You can create several contexts by repeating these steps. Usually each context uses a disjoint set of CUs, which gives
the clearest isolation between workloads. You can also deliberately include the same CU resource in more than one
descriptor, creating an overlapping region. This can improve utilization when one workload is bursty: for example, a
background context can use a small shared CU group while a latency-sensitive context is idle, while the latency-sensitive
context still has its own private CUs when it becomes active. When both contexts are active, the shared CUs can become
a source of interference, so use overlapping partitions only when that trade-off is acceptable.

10.5.5 Running work on a context

To send a kernel to an execution context, create a stream on the context with hipExecutionCtxStreamCreate().
Anything launched on that stream is bound to the context’s resources:

hipError_t hipExecutionCtxStreamCreate(hipStream_t* stream, hipExecutionCtx_t ctx,

unsigned int flags, int priority);

hipStream_t stream;

int priority = 0;

HIP_CHECK(hipExecutionCtxStreamCreate(&stream, exec_ctx, hipStreamDefault, priority));

my_kernel<<<grid_dim, block_dim, 0, stream>>>();

HIP_CHECK(hipGetLastError());

On an execution context, the default stream flag behaves like hipStreamNonBlocking.
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You can query the CU partition backing any stream with hipStreamGetDevResource(). It returns the execution
context’s CU partition for a context stream, the explicit mask for a stream created with hipExtStreamCreateWith-
CUMask(), and the full available device resource for a stream created outside an execution context. Only hipDevRe-
sourceTypeSm is supported; other types return hipErrorInvalidResourceType.

10.5.5.1 Graphs

With a graph, the stream you launch the graph on does not decide the resources, unlike a direct launch; that stream only
tracks dependencies. Instead, each node’s execution context is fixed when the node is created. Under stream capture,
a node inherits the execution context of the captured stream. When you build a graph through the graph APIs, set the
execution context on each node explicitly.

10.5.5.2 Thread block clusters

A kernel that uses thread block clusters runs on an execution context stream like any other kernel and is bound to the
context’s CUs. Use the occupancy queries, hipOccupancyMaxPotentialClusterSize() and hipOccupancy-

MaxActiveClusters(), to size clusters. When you give one of these a launch configuration whose stream belongs
to an execution context, it accounts for that context’s CUs.

10.5.6 Other context operations

To synchronize with events across a whole context, use hipExecutionCtxRecordEvent() and hipExecutionC-
txWaitEvent(). Recording captures all of the context’s outstanding work in one event; waiting makes later work on
the context depend on that event. When a context has several streams, this is simpler than recording or waiting on each
stream separately.

hipExecutionCtxSynchronize() blocks the host until the context finishes its work. Called on the device’s primary
context, obtained with hipDeviceGetExecutionCtx(), it also waits on every execution context created on that device.

hipExecutionCtxGetDevice() returns the device behind a context, and hipExecutionCtxGetId() returns its
unique identifier. Release a context you created with hipExecutionCtxDestroy().

Destroy a context’s streams before the context itself. A stream whose context has been destroyed is orphaned: operations
on it other than hipStreamDestroy() return hipErrorContextIsDestroyed.

10.5.7 Migrating from CUDA green contexts

HIP execution contexts follow the CUDA green context model, so ports are mostly mechanical. The handle type differs:
HIP uses hipExecutionCtx_t where CUDA uses CUgreenCtx. The main function correspondences are:

CUDA HIP

cuDeviceGetDevResource hipDeviceGetDevResource()

cuDevSmResourceSplitByCount hipDevSmResourceSplitByCount()

cuDevResourceGenerateDesc hipDevResourceGenerateDesc()

cuGreenCtxCreate hipGreenCtxCreate()

cuGreenCtxDestroy hipExecutionCtxDestroy()

cuGreenCtxStreamCreate hipExecutionCtxStreamCreate()

cuGreenCtxRecordEvent hipExecutionCtxRecordEvent()

cuGreenCtxWaitEvent hipExecutionCtxWaitEvent()

cuStreamGetGreenCtx hipStreamGetDevResource()

The most important behavioral difference is alignment. CUDA aligns partitions to SM granularity, while HIP aligns
partitions to the granularity reported by smCoscheduledAlignment, which is typically 2 CUs in WGP mode. Query
this value and size partitions accordingly instead of porting fixed SM counts directly.

10.5. Execution contexts 159

https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/execution_context_management.html#_CPPv423hipStreamGetDevResource11hipStream_tP14hipDevResource18hipDevResourceType
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/stream_management.html#_CPPv428hipExtStreamCreateWithCUMaskP11hipStream_t8uint32_tPK8uint32_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/stream_management.html#_CPPv428hipExtStreamCreateWithCUMaskP11hipStream_t8uint32_tPK8uint32_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/occupancy.html#_CPPv435hipOccupancyMaxPotentialClusterSizePiPKvPK17hipLaunchConfig_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/occupancy.html#_CPPv429hipOccupancyMaxActiveClustersPiPKvPK17hipLaunchConfig_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/occupancy.html#_CPPv429hipOccupancyMaxActiveClustersPiPKvPK17hipLaunchConfig_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/execution_context_management.html#_CPPv426hipExecutionCtxRecordEvent17hipExecutionCtx_t10hipEvent_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/execution_context_management.html#_CPPv424hipExecutionCtxWaitEvent17hipExecutionCtx_t10hipEvent_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/execution_context_management.html#_CPPv424hipExecutionCtxWaitEvent17hipExecutionCtx_t10hipEvent_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/execution_context_management.html#_CPPv426hipExecutionCtxSynchronize17hipExecutionCtx_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/execution_context_management.html#_CPPv424hipDeviceGetExecutionCtxP17hipExecutionCtx_ti
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/execution_context_management.html#_CPPv424hipExecutionCtxGetDevicePi17hipExecutionCtx_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/execution_context_management.html#_CPPv420hipExecutionCtxGetId17hipExecutionCtx_tPy
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/execution_context_management.html#_CPPv422hipExecutionCtxDestroy17hipExecutionCtx_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/stream_management.html#_CPPv416hipStreamDestroy11hipStream_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/execution_context_management.html#_CPPv423hipDeviceGetDevResource11hipDevice_tP14hipDevResource18hipDevResourceType
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/execution_context_management.html#_CPPv428hipDevSmResourceSplitByCountP14hipDevResourcePjPK14hipDevResourceP14hipDevResourcejj
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/execution_context_management.html#_CPPv426hipDevResourceGenerateDescP20hipDevResourceDesc_tP14hipDevResourcej
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/execution_context_management.html#_CPPv417hipGreenCtxCreateP17hipExecutionCtx_t20hipDevResourceDesc_tij
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/execution_context_management.html#_CPPv422hipExecutionCtxDestroy17hipExecutionCtx_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/execution_context_management.html#_CPPv427hipExecutionCtxStreamCreateP11hipStream_t17hipExecutionCtx_tji
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/execution_context_management.html#_CPPv426hipExecutionCtxRecordEvent17hipExecutionCtx_t10hipEvent_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/execution_context_management.html#_CPPv424hipExecutionCtxWaitEvent17hipExecutionCtx_t10hipEvent_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/execution_context_management.html#_CPPv423hipStreamGetDevResource11hipStream_tP14hipDevResource18hipDevResourceType


AMD ROCm™ Programming Guide, Release 10.1.0

10.5.8 Example: reserving CUs for a critical kernel

This example reserves CUs for an urgent kernel so it is not blocked by a long-running one, and measures the difference. A
large background kernel runs concurrently with a small, latency-sensitive critical kernel, and the critical kernel’s runtime
is timed in two configurations:

• Baseline: both kernels run on streams created outside an execution context and share all available CUs, so the
critical kernel contends with the background kernel.

• Partitioned: the CUs are split into two execution contexts, so the critical kernel runs on its own CUs while the
background kernel is confined to the rest.

Without execution contexts, the critical kernel waits for the background kernel’s thread blocks to retire before CUs open
up, even with a higher stream priority. With execution contexts, each kernel uses a distinct set of CUs, so the critical
kernel can start with less interference. Both kernels give up access to the full available CU set, so each may run slightly
longer alone, but the critical kernel is no longer held back by the background workload.

A busy kernel stands in for a compute-bound workload. Oversubscribing the grid, launching many more thread blocks
than the device runs at once, keeps every CU occupied for the whole measurement:

/// \brief A kernel that keeps every thread block busy for a fixed number of

/// iterations. It is used as a proxy for a compute-bound workload. The volatile

/// accumulator prevents the compiler from optimizing the loop away.

__global__ void busy_kernel(unsigned int* out, const unsigned int iterations)

{

const unsigned int idx = blockIdx.x * blockDim.x + threadIdx.x;

volatile unsigned int acc = 0;

for(unsigned int i = 0; i < iterations; ++i)

{

acc += i;

}

// Write the result so the loop has an observable side effect.

if(threadIdx.x == 0)

{

out[blockIdx.x] = acc;

}

}

A helper launches the background kernel, then times the critical kernel with HIP events while the background kernel is
still running. It returns a timings struct holding the measured GPU time of each kernel; the critical kernel’s time is the
latency of interest. Passing two streams that belong to disjoint execution contexts confines each kernel to its own CUs,
while passing two streams created outside an execution context lets them contend. The workload argument carries the
grid sizes and iteration counts that size both kernels:

/// \brief Launches the long-running background kernel and the shorter critical

/// kernel on two separate streams so they execute concurrently, and returns the

/// GPU time each kernel takes. The critical kernel's time is the latency of

/// interest: when the two streams share the device's compute units it contends

/// with the background kernel, but when the streams belong to execution contexts

/// backed by disjoint compute units it runs undisturbed.

timings time_critical_with_background(hipStream_t background_stream,

hipStream_t critical_stream,

unsigned int* d_out_background,

unsigned int* d_out_critical,

(continues on next page)
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const workload& wl)

{

hipEvent_t bg_start, bg_stop, crit_start, crit_stop;

HIP_CHECK(hipEventCreate(&bg_start));

HIP_CHECK(hipEventCreate(&bg_stop));

HIP_CHECK(hipEventCreate(&crit_start));

HIP_CHECK(hipEventCreate(&crit_stop));

// Launch and time the long-running background kernel. The launch returns

// immediately and the kernel keeps executing on its own stream, occupying

// the device while the critical kernel below runs concurrently.

HIP_CHECK(hipEventRecord(bg_start, background_stream));

busy_kernel<<<dim3(wl.background_grid_size), dim3(wl.block_size), 0, background_

↪→stream>>>(

d_out_background,

wl.background_iterations);

HIP_CHECK(hipGetLastError());

HIP_CHECK(hipEventRecord(bg_stop, background_stream));

// Time the critical kernel on its stream while the background kernel runs.

// The elapsed time includes any wait for compute units, which is exactly the

// latency the partitioned path is meant to remove.

HIP_CHECK(hipEventRecord(crit_start, critical_stream));

busy_kernel<<<dim3(wl.critical_grid_size), dim3(wl.block_size), 0, critical_

↪→stream>>>(

d_out_critical,

wl.critical_iterations);

HIP_CHECK(hipGetLastError());

HIP_CHECK(hipEventRecord(crit_stop, critical_stream));

// Wait for both kernels to finish before reading the timers.

HIP_CHECK(hipEventSynchronize(crit_stop));

HIP_CHECK(hipEventSynchronize(bg_stop));

timings result = {};

HIP_CHECK(hipEventElapsedTime(&result.background_ms, bg_start, bg_stop));

HIP_CHECK(hipEventElapsedTime(&result.critical_ms, crit_start, crit_stop));

HIP_CHECK(hipEventDestroy(bg_start));

HIP_CHECK(hipEventDestroy(bg_stop));

HIP_CHECK(hipEventDestroy(crit_start));

HIP_CHECK(hipEventDestroy(crit_stop));

return result;

}

The baseline runs both kernels on non-blocking streams created outside an execution context, so they share the available
device resources:

// Baseline: both kernels share all of the device's CUs. Two ordinary

// non-blocking streams let them run concurrently and contend for CUs.

hipStream_t shared_background, shared_critical;

(continues on next page)
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HIP_CHECK(hipStreamCreateWithFlags(&shared_background, hipStreamNonBlocking));

HIP_CHECK(hipStreamCreateWithFlags(&shared_critical, hipStreamNonBlocking));

const timings baseline = time_critical_with_background(shared_background,

shared_critical,

d_out_background,

d_out_critical,

wl);

HIP_CHECK(hipStreamDestroy(shared_background));

HIP_CHECK(hipStreamDestroy(shared_critical));

The partitioned run splits the CUs into a group for the background kernel and a disjoint group for the critical kernel, then
follows the four-step setup: read the device’s CUs, split them, bundle each group into a descriptor, and create an execution
context per group. A stream on each context confines its kernel to that context’s CUs. The time_partitioned_case
helper carries out these steps for a requested critical-CU count and returns the same timings struct as the baseline,
writing back the aligned CU counts the split actually produced:

/// \brief Runs one partitioned measurement. Splits the device's CUs into a

/// background group and a critical group of (about) requested_critical_cus CUs,

/// creates an execution context and stream for each, times the critical kernel

/// while the background kernel runs, then tears the contexts down. The actual CU

/// counts (which the split API may adjust for alignment) are written back

/// through out_background_cus and out_critical_cus.

timings time_partitioned_case(int device_id,

hipDevResource& all_cu_resources,

unsigned int total_cus,

unsigned int requested_critical_cus,

const workload& wl,

unsigned int* d_out_background,

unsigned int* d_out_critical,

unsigned int& out_background_cus,

unsigned int& out_critical_cus)

{

// Split the CUs into two groups: the rest for the background kernel and

// requested_critical_cus for the critical kernel. The split API can adjust

// the counts to satisfy architecture alignment requirements.

hipDevResource groups[2] = {};

hipDevSmResourceGroupParams group_params[2] = {

{/*smCount=*/total_cus - requested_critical_cus, 0, 0, 0},

{/*smCount=*/requested_critical_cus, 0, 0, 0}};

HIP_CHECK(hipDevSmResourceSplit(&groups[0],

2,

&all_cu_resources,

nullptr /* remainder */,

0 /* flags */,

&group_params[0]));

out_background_cus = groups[0].sm.smCount;

out_critical_cus = groups[1].sm.smCount;

(continues on next page)
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// Wrap each group in a descriptor and create an execution context from it.

hipDevResourceDesc_t desc_background = {};

hipDevResourceDesc_t desc_critical = {};

HIP_CHECK(hipDevResourceGenerateDesc(&desc_background, &groups[0], 1));

HIP_CHECK(hipDevResourceGenerateDesc(&desc_critical, &groups[1], 1));

hipExecutionCtx_t ctx_background = {};

hipExecutionCtx_t ctx_critical = {};

HIP_CHECK(hipGreenCtxCreate(&ctx_background, desc_background, device_id, 0));

HIP_CHECK(hipGreenCtxCreate(&ctx_critical, desc_critical, device_id, 0));

// A stream created on a context keeps its kernels inside that context's CUs.

hipStream_t background_stream, critical_stream;

HIP_CHECK(hipExecutionCtxStreamCreate(&background_stream, ctx_background,␣

↪→hipStreamDefault, 0));

HIP_CHECK(hipExecutionCtxStreamCreate(&critical_stream, ctx_critical,␣

↪→hipStreamDefault, 0));

const timings result = time_critical_with_background(background_stream,

critical_stream,

d_out_background,

d_out_critical,

wl);

HIP_CHECK(hipStreamDestroy(background_stream));

HIP_CHECK(hipStreamDestroy(critical_stream));

HIP_CHECK(hipExecutionCtxDestroy(ctx_background));

HIP_CHECK(hipExecutionCtxDestroy(ctx_critical));

return result;

}

Comparing the baseline timing with the partitioned timing shows the critical kernel finishing sooner once it has its own
CUs. Settle on the CU split by measuring your own workload. The HIP-Basic execution context example contains a
complete, buildable version that sweeps several partition sizes, such as an eighth, a quarter, and half of the device, and
also provides a CUDA green context backend.

10.6 Cooperative groups

The cooperative groups API is an extension to the HIP programming model, which provides developers with a flexible,
dynamic grouping mechanism for the communicating threads. Cooperative groups let you define your own set of thread
groups whichmay fit your use-cases better than those defined by the hardware. This lets you specify the level of granularity
for thread communication which can lead to more efficient parallel decompositions.

The API is accessible in the cooperative_groups namespace after the hip_cooperative_groups.h header is
included. The header contains the following elements:

• Static functions to create groups and subgroups.

• Hardware-accelerated operations over the whole group, like shuffles.

• Data types of cooperative groups.

• Synchronize member function of the groups.
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• Get group properties member functions.

10.6.1 Cooperative groups thread model

The thread hierarchy abstractions of cooperative groups are depicted in the following figures: grid hierarchy and block
hierarchy.

Fig. 8: Cooperative group thread hierarchy in grids.

Themulti grid is an abstraction of potentially multiple simultaneous launches of the same kernel over multiple devices.
The grid in cooperative groups is a single dispatch of kernels for execution like the original grid.
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Note

• The ability to synchronize over a grid or multi grid requires the kernel to be launched using the specific coop-
erative groups API.

• Multi grid deprecated since ROCm 5.0.

The block is the same as the Hierarchical thread model block entity.

Note

Explicit warp-level thread handling is absent from the Cooperative groups API. In order to exploit the known hardware
SIMD width on which built-in functionality translates to simpler logic, you can use the group partitioning part of the
API, such as tiled_partition.

Fig. 9: Cooperative group thread hierarchy in blocks.
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The cooperative groups API introduce a new level between block thread and threads. The thread-block tile give the
opportunity to have tiles in the thread block, while the coalesced group holds the active threads of the parent group.
These groups further discussed in the groups types section.

For details on memory model, check the memory model description.

10.6.2 Group types

Group types are based on the levels of synchronization and data sharing among threads.

10.6.2.1 Thread-block group

Represents an intra-block cooperative groups type where the participating threads within the group are the same threads
that participated in the currently executing block.

class thread_block;

Constructed via:

thread_block g = this_thread_block();

The group_index() , thread_index() , thread_rank() , size(), cg_type(), is_valid() , sync(), bar-
rier_arrive(), barrier_wait() and group_dim() member functions are public of the thread_block class. For
further details, check the thread_block references .

10.6.2.2 Grid group

Represents an inter-block cooperative groups type where the group’s participating threads span multiple blocks running
the same kernel on the same device. Use the cooperative launch API to enable synchronization across the grid group.

class grid_group;

Constructed via:

grid_group g = this_grid();

The thread_rank() , size(), cg_type(), is_valid(), sync(), barrier_arrive() and barrier_wait()
member functions are public of the grid_group class. For further details, check the grid_group references.

10.6.2.3 Multi-grid group

Represents an inter-device cooperative groups type where the participating threads within the group span multiple devices
that run the same kernel on the devices. Use the cooperative launch API to enable synchronization across the multi-grid
group.

class multi_grid_group;

Constructed via:

// Kernel must be launched with the cooperative multi-device API

multi_grid_group g = this_multi_grid();

The num_grids() , grid_rank() , thread_rank(), size(), cg_type(), is_valid() , and sync() member
functions are public of the multi_grid_group class. For further details check the multi_grid_group references .
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10.6.2.4 Thread-block tile

This constructs a templated class derived from thread_group. The template defines the tile size of the new thread
group at compile time. This group type also supports sub-wave level intrinsics.

template <unsigned int Size, typename ParentT = void>

class thread_block_tile;

Constructed via:

template <unsigned int Size, typename ParentT>

_CG_QUALIFIER thread_block_tile<Size, ParentT> tiled_partition(const ParentT& g)

Note

• Size must be a power of 2 and not larger than warp (wavefront) size.

• shfl() functions support integer or float type.

The thread_rank() , size(), cg_type(), is_valid(), sync(), meta_group_rank(), meta_group_size(),
shfl(), shfl_down(), shfl_up(), shfl_xor(), ballot(), any(), all(), match_any() and match_all()
member functions are public of the thread_block_tile class. For further details, check the thread_block_tile refer-
ences .

10.6.2.5 Coalesced groups

Threads (64 threads on CDNA and 32 threads on RDNA) in a warp cannot execute different instructions simultaneously,
so conditional branches are executed serially within the warp. When threads encounter a conditional branch, they can
diverge, resulting in some threads being disabled if they do not meet the condition to execute that branch. The active
threads are referred to as coalesced, and coalesced group represents an active thread group within a warp.

Note

TheNVIDIAGPU’s independent thread scheduling presents the appearance that threads on different branches execute
concurrently.

Warning

AMD GPUs do not support independent thread scheduling. Some CUDA application can rely on this feature and the
ported HIP version on AMD GPUs can deadlock, when they try to make use of independent thread scheduling.

This group type also supports sub-wave level intrinsics.

class coalesced_group;

Constructed via:

coalesced_group active = coalesced_threads();
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Note

shfl() functions support integer or float type.

The thread_rank() , size(), cg_type(), is_valid(), sync(), meta_group_rank(), meta_group_size(),
shfl(), shfl_down(), shfl_up(), ballot(), any(), all(), match_any() and match_all() member func-
tions are public of the coalesced_group class. For more information, see coalesced_group references .

10.6.2.6 Cluster group

Represents a group of thread blocks that execute together on the device. A cluster can be 1D, 2D, or 3D and can contain
up to 15 workgroups. Each block in the cluster runs on a separate Workgroup Processor (WGP). The cluster group
provides synchronization and shared-memory mapping across those blocks.

class cluster_group;

Constructed via:

cluster_group g = this_cluster();

The following member functions are public on the cluster_group class:

• sync()— synchronizes all threads in the cluster.

• barrier_arrive()— arrives at the cluster barrier and returns an arrival_token.

• barrier_wait(arrival_token&&)—waits on the token returned by barrier_arrive().

• block_index()— returns the 3D index of the calling block within the cluster.

• block_rank()— returns the rank of the calling block within [0, num_blocks()).

• thread_index()— returns the 3D index of the calling thread within the cluster.

• thread_rank()— returns the rank of the calling thread within [0, num_threads()).

• dim_blocks()— returns the dimensions of the launched cluster in units of blocks.

• num_blocks()— returns the total number of blocks in the cluster.

• dim_threads()— returns the dimensions of the launched cluster in units of threads.

• num_threads() (alias: size()) — returns the total number of threads in the cluster.

• map_shared_rank<T>(T* addr, int rank)—returns the address of a shared-memory variable in the block
with the given rank.

• query_shared_rank(const void* addr) — returns the block rank that owns the given shared-memory
address.

Note

map_shared_rank() and query_shared_rank() require a device that reports multi-block cluster support.
Check hipDeviceProp_t::clusterLaunch at runtime before relying on these functions.
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10.6.3 Cooperative groups simple example

The difference to the original block model in the reduce_sum device function is the following.

Original Block

__device__ int reduce_sum(int *shared, int val) {

// Thread ID

const unsigned int thread_id = threadIdx.x;

// Every iteration the number of active threads

// halves, until we processed all values

for(unsigned int i = blockDim.x / 2; i > 0; i /= 2) {

// Store value in shared memory with thread ID

shared[thread_id] = val;

// Synchronize all threads

__syncthreads();

// Active thread sum up

if(thread_id < i)

val += shared[thread_id + i];

// Synchronize all threads in the group

__syncthreads();

}

// ...

}

Cooperative groups

__device__ int reduce_sum(thread_group g,

int *shared,

int val) {

// Thread ID

const unsigned int group_thread_id = g.thread_rank();

// Every iteration the number of active threads

// halves, until we processed all values

for(unsigned int i = g.size() / 2; i > 0; i /= 2) {

// Store value in shared memroy with thread ID

shared[group_thread_id] = val;

// Synchronize all threads in the group

g.sync();

// Active thread sum up

if(group_thread_id < i)

val += shared[group_thread_id + i];

(continues on next page)
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(continued from previous page)

// Synchronize all threads in the group

g.sync();

}

// ...

}

The reduce_sum() function call and input data initialization difference to the original block model is the following.

Original Block

__global__ void sum_kernel(...) {

// ...

// Workspace array in shared memory

__shared__ unsigned int workspace[2048];

// ...

// Perform reduction

output = reduce_sum(workspace, input);

// ...

}

Cooperative groups

__global__ void sum_kernel(...) {

// ...

// Workspace array in shared memory

__shared__ unsigned int workspace[2048];

// ...

// Initialize the thread_block

thread_block thread_block_group = this_thread_block();

// Perform reduction

output = reduce_sum(thread_block_group, workspace, input);

// ...

}

At the device function, the input group type is the thread_group, which is the parent class of all the cooperative groups
type. With this, you can write generic functions, which can work with any type of cooperative groups.
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10.6.4 Synchronization

With each group type, the synchronization requires using the correct cooperative groups launch API.

Check the kernel launch capability

Thread-block

Do not need kernel launch validation.

Grid

Confirm the cooperative launch capability on the single AMD GPU:

int device = 0;

int supports_coop_launch = 0;

// Check support

// Use hipDeviceAttributeCooperativeMultiDeviceLaunch when launching across multiple␣

↪→devices

HIP_CHECK(hipGetDevice(&device));

HIP_CHECK(

hipDeviceGetAttribute(&supports_coop_launch, hipDeviceAttributeCooperativeLaunch,␣

↪→device));

if(!supports_coop_launch)

{

std::cout << "Skipping, device " << device << " does not support cooperative␣

↪→groups"

<< std::endl;

return 0;

}

Multi-grid

Confirm the cooperative launch capability over multiple GPUs:

// Check support of cooperative groups

std::vector<int> deviceIDs;

for(int deviceID = 0; deviceID < device_count; deviceID++) {

#ifdef __HIP_PLATFORM_AMD__

int supports_coop_launch = 0;

HIP_CHECK(

hipDeviceGetAttribute(

&supports_coop_launch,

hipDeviceAttributeCooperativeMultiDeviceLaunch,

deviceID));

if(!supports_coop_launch) {

std::cout << "Skipping, device " << deviceID << " does not support␣

↪→cooperative groups"

<< std::endl;

}

else

#endif

{

std::cout << deviceID << std::endl;

// Collect valid deviceIDs.

(continues on next page)
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(continued from previous page)

deviceIDs.push_back(deviceID);

}

}

Kernel launch

Thread-block

You can access the new block representation using the original kernel launch methods.

void* params[] = {&d_vector, &d_block_reduced, &d_partition_reduced};

// Launching kernel from host.

HIP_CHECK(hipLaunchKernelGGL(vector_reduce_kernel<partition_size>,

dim3(num_blocks),

dim3(threads_per_block),

0,

hipStreamDefault,

&d_vector,

&d_block_reduced,

&d_partition_reduced));

Grid

Launch the cooperative kernel on a single GPU:

void* params[] = {};

// Launching kernel from host.

HIP_CHECK(hipLaunchCooperativeKernel(vector_reduce_kernel<partition_size>,

dim3(num_blocks),

dim3(threads_per_block),

0,

0,

hipStreamDefault));

Multi-grid

Launch the cooperative kernel over multiple GPUs:

hipLaunchParams *launchParamsList = (hipLaunchParams*)malloc(sizeof(hipLaunchParams)␣

↪→* deviceIDs.size());

for(int deviceID : deviceIDs) {

// Set device

HIP_CHECK(hipSetDevice(deviceID));

// Create stream

hipStream_t stream;

HIP_CHECK(hipStreamCreate(&stream));

// Parameters

void* params[] = {&(d_vector[deviceID]), &(d_block_reduced[deviceID]), &(d_

↪→partition_reduced[deviceID])};

(continues on next page)
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// Set launchParams

launchParamsList[deviceID].func = (void*)vector_reduce_kernel<partition_size>;

launchParamsList[deviceID].gridDim = dim3(1);

launchParamsList[deviceID].blockDim = dim3(threads_per_block);

launchParamsList[deviceID].sharedMem = 0;

launchParamsList[deviceID].stream = stream;

launchParamsList[deviceID].args = params;

}

HIP_CHECK(hipLaunchCooperativeKernelMultiDevice(launchParamsList,

(int)deviceIDs.size(),

␣

↪→hipCooperativeLaunchMultiDeviceNoPreSync));

Device side synchronization

Thread-block

The device side code of the thread_block synchronization over single GPUs:

thread_block g = this_thread_block();

g.sync();

Grid

The device side code of the grid synchronization over single GPUs:

grid_group grid = this_grid();

grid.sync();

Multi-grid

The device side code of the multi-grid synchronization over multiple GPUs:

multi_grid_group multi_grid = this_multi_grid();

multi_grid.sync();

10.6.4.1 Split barrier

barrier_arrive() and barrier_wait() split synchronization into two separate steps, allowing useful work to be
performed in between. This is supported on thread_block, grid_group, and cluster_group.

barrier_arrive() signals that the calling thread has reached the barrier and returns an arrival_token. The thread
can then continue executing work that does not depend on other threads. barrier_wait() consumes the token and
blocks until all threads in the group have called barrier_arrive(), at which point it is safe to read results written by
other threads.

auto tok = g.barrier_arrive();

// Work that does not depend on other threads' results can go here.

g.barrier_wait(std::move(tok));
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The following example uses a split barrier on a thread_block to overlap a write to sharedmemory with a global memory
write, avoiding an idle wait:

__global__ void split_barrier_example(float* out, float* in) {

namespace cg = cooperative_groups;

__shared__ float mid[32];

size_t i = threadIdx.x;

auto tb = cg::this_thread_block();

out[i] = in[i] * 2.0f;

auto tok = tb.barrier_arrive();

if (i == 0) {

for (size_t j = 0; j < 32; j++)

mid[j] = in[j];

}

tb.barrier_wait(std::move(tok));

out[i] += mid[i];

}

10.6.5 Operations

All cooperative groups operations receive the same arguments:

• group is either a coalesced_group or a thread_block_tile

• val needs to be a type T that is trivially copyable, default constructible, and up to 32 bytes in size.

• op must be a function object, which includes lambdas or functors which define operator(). The following
predefined functors in the cooperative_groups namespace:

– cooperative_groups::plus (addition)

– cooperative_groups::less (minimum)

– cooperative_groups::greater (maximum)

– cooperative_groups::bit_and (bitwise and)

– cooperative_groups::bit_or (bitwise or)

– cooperative_groups::bit_xor (bitwise xor)

Overloads without the op parameter use cooperative_groups::plus.

10.6.5.1 Reduce

Performs a group-wide reduce. Participation of all the threads belonging to the group is expected, with each thread
contributing the same per-thread value. Behaviour is undefined if one of the threads of the group does not participate.

auto reduce(const TyGroup& group, T&& val, Operation&& op)

Defined in cooperative_groups/hip_reduce.h. Performs a reduction operation op on the specified group, contributing the
value val The parameters are described here: Operations

Performance
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On AMD, although all types T fulfilling the description above can be used with the functors in the cooper-

ative_groups namespace, only some of them will receive hardware acceleration in the form of DPP instruc-
tions. Essentially only the types supported by __reduce_*_sync operations would potentially receive acceleration
hip_cpp_language_extensions:Warp reduction functions The macro HIP_ENABLE_EXTRA_WARP_SYNC_TYPES might
be needed to enable the hardware acceleration on some types.

For arithmetic reduces (plus, less and greater):

• Nvidia: there is hardware acceleration for int, unsigned int

• AMD: there is hardware acceleration for int, unsigned int, and if the user defines the macro
HIP_ENABLE_EXTRA_WARP_SYNC_TYPES, then unsigned long long, long long, half/float/double
precision floating point types will also receive hardware acceleration.

For bitwise-reduces: (bit_and, bit_or, bit_xor)

• Nvidia: unsigned int

• AMD: unsigned int, and if the user defines the macro HIP_ENABLE_EXTRA_WARP_SYNC_TYPES, then int,
unsigned long long or long long are also hardware-accelerated.

10.6.5.2 inclusive_scan

auto inclusive_scan(const TyGroup& group, TyVal&& val, Operation&& op)

auto inclusive_scan(const TyGroup& group, TyVal&& val)

Defined in cooperative_groups/hip_scan.h. Performs an inclusive scan using the operation op on the specified group, con-
tributing the value val. Participation of all the threads belonging to the group is expected, with each thread contributing
the same per-thread value. Behaviour is undefined if one of the threads of the group does not participate.

The parameters are described here: Operations

Performance

On AMD, when group is of the same size as the warp size and T a primitive type, DPP instructions are used, resulting
in significantly faster execution than with other group sizes. The primitive types are:

For arithmetic scans (plus, less and greater):

• Nvidia: there is hardware acceleration for int, unsigned int

• AMD: there is hardware acceleration for int, unsigned int, unsigned long long, long long,
half/float/double

For bitwise-scans: (bit_and, bit_or, bit_xor)

• Nvidia: unsigned int

• AMD: unsigned int, int, unsigned long long, long long

10.6.5.3 exclusive_scan

auto exclusive_scan(const TyGroup& group, TyVal&& val, Operation&& op)

auto exclusive_scan(const TyGroup& group, TyVal&& val)

Defined in cooperative_groups/hip_scan.h. Performs an exclusive scan using the operation op on the specified group,
contributing the value val. Participation of all the threads belonging to the group is expected, with each thread con-
tributing the same per-thread value. Behaviour is undefined if one of the threads of the group does not participate.

The parameters are described here: Operations
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The value returned for the first active lane is platform-dependent and may change in future releases. As a
reference:

• AMD - the “identity” value is returned, according to the operation: * plus: always 0 * less:

– for integer types: the maximum value for the type, i.e. std::numeric_limits<T>::max()

– for floating point types: inf

– greater: * for integer types: the minimum value for the type, i.e.
std::numeric_limits<T>::lowest() * for floating point types: -inf

– bit_and: a value with all the bits set to 1

– bit_or: always 0

– bit_xor: always 0

• NVIDIA - returns T {} (i.e. 0)

Performance

On AMD, when group is of the same size as the warp size and T a primitive type, DPP instructions are used, resulting
in significantly faster execution than with other group sizes. The primitive types are:

For arithmetic scans (plus, less and greater):

• Nvidia: there is hardware acceleration for int or unsigned int

• AMD: there is hardware acceleration for int, unsigned int, unsigned long long, long long,
half/float/double

For bitwise-scans: (bit_and, bit_or, bit_xor)

• Nvidia: unsigned int

• AMD: unsigned int, int, unsigned long long or long long

10.6.5.4 memcpy_async

To use memcpy_async, include the optional header:

#include <hip/cooperative_groups/memcpy_async.h>

Cooperatively copies memory between global and shared (LDS) memory, distributing the work across all threads in the
group. The copy is completed before the function returns; no separate wait call is needed.

Two overloads are available:

// Byte-count overload

void memcpy_async(const TyGroup& group,

TyElem* dst,

const TyElem* src,

const TySizeT& count);

// Layout overload: copies min(dstLayout, srcLayout) elements

void memcpy_async(const TyGroup& group,

TyElem* dst, const DstLayout& dstLayout,

const TyElem* src, const SrcLayout& srcLayout);

The supported group types are thread_block, coalesced_group, and thread_block_tile<N>.

Performance
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On devices that support hardware-accelerated asynchronous copies, memcpy_async uses dedicated global-to-LDS and
LDS-to-global transfer paths in widths of 4, 8, or 16 bytes. On other devices, the implementation falls back to a software
copy loop with equivalent semantics.

10.6.6 Unsupported NVIDIA CUDA features

HIP doesn’t support the following CUDA functions/operators in cooperative_groups namespace:

• synchronize

• wait and wait_prior

• invoke_one and invoke_one_broadcast

• reduce_update_async and reduce_store_async

10.7 HIP graphs

HIP graphs are an alternative way of executing tasks on a GPU that can provide performance benefits over launching
kernels using the standard method via streams. A HIP graph is made up of nodes and edges. The nodes of a HIP graph
represent the operations performed, while the edges mark dependencies between those operations.

Hint

The HIP Graph API tutorial demonstrates how to use HIP graphs in a real-world application.

The nodes can be one of the following:

• empty nodes

• nested graphs

• kernel launches

• host-side function calls

• HIP memory functions (copy, memset, …)

• HIP events

• signalling or waiting on external semaphores

Note

The available node types are specified by hipGraphNodeType.

The following figure visualizes the concept of graphs, compared to using streams.

The standard method of launching kernels incurs a small overhead for each iteration of the operation involved. That
overhead is negligible, when the kernel is launched directly with the HIP C/C++ API, but depending on the framework
used, there can be several levels of redirection, until the actual kernel is launched by the HIP runtime, leading to significant
overhead. Especially for some AI frameworks, a GPU kernel might run faster than the time it takes for the framework
to set up and launch the kernel, and so the overhead of repeatedly launching kernels can have a significant impact on
performance.

HIP graphs are designed to address this issue, by predefining the HIP API calls and their dependencies with a graph,
and performing most of the initialization beforehand. Launching a graph only requires a single call, after which the HIP
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runtime takes care of executing the operations within the graph. Graphs can provide additional performance benefits, by
enabling optimizations that are only possible when knowing the dependencies between the operations.

Fig. 10: Qualitative presentation of the execution time of many short-running kernels when launched using HIP stream
versus HIP graph. This does not include the time needed to set up the graph.

10.7.1 Using HIP graphs

There are two different ways of creating graphs: Capturing kernel launches from a stream, or explicitly creating graphs.
The difference between the two approaches is explained later in this chapter.

The general flow for using HIP graphs includes the following steps.

1. Create a hipGraph_t graph template using one of the two approaches described in this chapter

2. Create a hipGraphExec_t executable instance of the graph template using hipGraphInstantiate()
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3. Use hipGraphLaunch() to launch the executable graph to a stream

4. After execution completes free and destroy graph resources

The first two steps are the initial setup and only need to be executed once. First step is the definition of the operations
(nodes) and the dependencies (edges) between them. The second step is the instantiation of the graph. This takes care of
validating and initializing the graph, to reduce the overhead when executing the graph. The third step is the execution of
the graph, which takes care of launching all the kernels and executing the operations while respecting their dependencies
and necessary synchronizations as specified.

Because HIP graphs require some setup and initialization overhead before their first execution, graphs only provide a
benefit for workloads that require many iterations to complete.

In both methods the hipGraph_t template for a graph is used to define the graph. In order to actually launch a graph,
the template needs to be instantiated using hipGraphInstantiate(), which results in an executable graph of type
hipGraphExec_t. This executable graph can then be launched with hipGraphLaunch(), replaying the operations
within the graph. Note, that launching graphs is fundamentally no different to executing other HIP functions on a stream,
except for the fact, that scheduling the operations within the graph encompasses less overhead and can enable some
optimizations, but they still need to be associated with a stream for execution.

10.7.1.1 Memory management

Memory that is used by operations in graphs can either be pre-allocated or managed within the graph. Graphs can contain
nodes that take care of allocating memory on the device or copying memory between the host and the device. Whether
you want to pre-allocate the memory or manage it within the graph depends on the use-case. If the graph is executed in
a tight loop the performance is usually better when the memory is preallocated, so that it does not need to be reallocated
in every iteration.

The same rules as for normal memory allocations apply for memory allocated and freed by nodes, meaning that the nodes
that access memory allocated in a graph must be ordered after allocation and before freeing.

Memory management within the graph enables the runtime to take care of memory reuse and optimizations. The lifetime
of memory managed in a graph begins when the execution reaches the node allocating the memory, and ends when either
reaching the corresponding free node within the graph, or after graph execution when a corresponding hipFreeAsync()
or hipFree() call is reached. The memory can also be freed with a free node in a different graph that is associated with
the same memory address.

Unlike devicememory that is not associated with a graph, this does not necessarily mean that the freedmemory is returned
back to the operating system immediately. Graphs can retain a memory pool for quickly reusing memory within the graph.
This can be especially useful when memory is freed and reallocated later on within a graph, as that memory doesn’t have
to be requested from the operating system. It also potentially reduces the total memory footprint of the graph, by reusing
the same memory.

The amount of memory allocated for graph memory pools on a specific device can be queried using hipDeviceGet-
GraphMemAttribute(). In order to return the freed memory hipDeviceGraphMemTrim() can be used. This will
return any memory that is not in active use by graphs.

These memory allocations can also be set up to allow access from multiple GPUs, just like normal allocations. HIP then
takes care of allocating and mapping the memory to the GPUs. When capturing a graph from a stream, the node sets the
accessibility according to hipMemPoolSetAccess() at the time of capturing.

10.7.2 Capture graphs from a stream

The easy way to integrate HIP graphs into already existing code is to use hipStreamBeginCapture() and hipStrea-
mEndCapture() to obtain a hipGraph_t graph template that includes the captured operations.

When starting to capture operations for a graph using hipStreamBeginCapture(), the operations assigned to the
stream are captured into a graph instead of being executed. The associated graph is returned when calling hipStrea-
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mEndCapture(), which also stops capturing operations. In order to capture to an already existing graph use hip-
StreamBeginCaptureToGraph().

The functions assigned to the capturing stream are not executed, but instead are captured and defined as nodes in the
graph, to be run when the instantiated graph is launched.

Functions must be associated with a stream in order to be captured. This means that non-HIP API functions are not
captured by default, but are executed as standard functions when encountered and not added to the graph. In order to
assign host functions to a stream use hipLaunchHostFunc(), as shown in the following code example. They will then
be captured and defined as a host node in the resulting graph, and won’t be executed when encountered.

Synchronous HIP API calls that are implicitly assigned to the default stream are not permitted while capturing a stream
and will return an error. This is because they implicitly synchronize and cause a dependency that can not be captured
within the stream. This includes functions like hipMalloc(), hipMemcpy() and hipFree(). In order to capture these
to the stream, replace them with the corresponding asynchronous calls like hipMallocAsync(), hipMemcpyAsync()
or hipFreeAsync().

The general flow for using stream capture to create a graph template is:

1. Create a stream from which to capture the operations

2. Call hipStreamBeginCapture() before the first operation to be captured

3. Call hipStreamEndCapture() after the last operation to be captured

1. Define a hipGraph_t graph template to which hipStreamEndCapture() passes the captured graph

The following code is an example of how to use the HIP graph API to capture a graph from a stream.

#include <hip/hip_runtime.h>

#include <cstddef>

#include <cstdlib>

#include <iostream>

#include <vector>

#define HIP_CHECK(expression) \

{ \

const hipError_t status = expression; \

if(status != hipSuccess) \

{ \

std::cerr << "HIP error " \

<< status << ": " \

<< hipGetErrorString(status) \

<< " at " << __FILE__ << ":" \

<< __LINE__ << std::endl; \

} \

}

__global__ void kernelA(double* arrayA, std::size_t size)

{

const std::size_t x = threadIdx.x + blockDim.x * blockIdx.x;

if(x < size)

{

arrayA[x] *= 2.0;

}

}

(continues on next page)
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__global__ void kernelB(int* arrayB, std::size_t size)

{

const std::size_t x = threadIdx.x + blockDim.x * blockIdx.x;

if(x < size)

{

arrayB[x] = 3;

}

}

__global__ void kernelC(double* arrayA, const int* arrayB, std::size_t size)

{

const std::size_t x = threadIdx.x + blockDim.x * blockIdx.x;

if(x < size)

{

arrayA[x] += arrayB[x];

}

}

struct set_vector_args

{

std::vector<double>& h_array;

double value;

};

void set_vector(void* args)

{

set_vector_args h_args{*(reinterpret_cast<set_vector_args*>(args))};

std::vector<double>& vec{h_args.h_array};

vec.assign(vec.size(), h_args.value);

}

int main()

{

constexpr int numOfBlocks = 1024;

constexpr int threadsPerBlock = 1024;

constexpr std::size_t arraySize = 1U << 20;

// This example assumes that kernelA operates on data that needs to be␣

↪→initialized on

// and copied from the host, while kernelB initializes the array that is passed␣

↪→to it.

// Both arrays are then used as input to kernelC, where arrayA is also used as

// output, that is copied back to the host, while arrayB is only read from and␣

↪→not modified.

double* d_arrayA;

int* d_arrayB;

std::vector<double> h_array(arraySize);

constexpr double initValue = 2.0;

hipStream_t captureStream;
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HIP_CHECK(hipStreamCreate(&captureStream));

// Start capturing the operations assigned to the stream

HIP_CHECK(hipStreamBeginCapture(captureStream, hipStreamCaptureModeGlobal));

// hipMallocAsync and hipMemcpyAsync are needed, to be able to assign it to a␣

↪→stream

HIP_CHECK(hipMallocAsync(reinterpret_cast<void**>(&d_arrayA),␣

↪→arraySize*sizeof(double), captureStream));

HIP_CHECK(hipMallocAsync(reinterpret_cast<void**>(&d_arrayB),␣

↪→arraySize*sizeof(int), captureStream));

// Assign host function to the stream

// Needs a custom struct to pass the arguments

set_vector_args args{h_array, initValue};

HIP_CHECK(hipLaunchHostFunc(captureStream, set_vector, &args));

HIP_CHECK(hipMemcpyAsync(d_arrayA, h_array.data(), arraySize*sizeof(double),␣

↪→hipMemcpyHostToDevice, captureStream));

kernelA<<<numOfBlocks, threadsPerBlock, 0, captureStream>>>(d_arrayA, arraySize);

kernelB<<<numOfBlocks, threadsPerBlock, 0, captureStream>>>(d_arrayB, arraySize);

kernelC<<<numOfBlocks, threadsPerBlock, 0, captureStream>>>(d_arrayA, d_arrayB,␣

↪→arraySize);

HIP_CHECK(hipMemcpyAsync(h_array.data(), d_arrayA, arraySize*sizeof(*d_arrayA),␣

↪→hipMemcpyDeviceToHost, captureStream));

HIP_CHECK(hipFreeAsync(d_arrayA, captureStream));

HIP_CHECK(hipFreeAsync(d_arrayB, captureStream));

// Stop capturing

hipGraph_t graph;

HIP_CHECK(hipStreamEndCapture(captureStream, &graph));

// Create an executable graph from the captured graph

hipGraphExec_t graphExec;

HIP_CHECK(hipGraphInstantiate(&graphExec, graph, nullptr, nullptr, 0));

// The graph template can be deleted after the instantiation if it's not needed␣

↪→for later use

HIP_CHECK(hipGraphDestroy(graph));

// Actually launch the graph. The stream does not have

// to be the same as the one used for capturing.

HIP_CHECK(hipGraphLaunch(graphExec, captureStream));

HIP_CHECK(hipStreamSynchronize(captureStream));

// Verify results

constexpr double expected = initValue * 2.0 + 3;

bool passed = true;
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for(std::size_t i = 0; i < arraySize; ++i)

{

if(h_array[i] != expected)

{

passed = false;

std::cerr << "Validation failed! Expected " << expected << " got " << h_

↪→array[0] << std::endl;

break;

}

}

if(passed)

{

std::cerr << "Validation passed." << std::endl;

}

// Free graph and stream resources after usage

HIP_CHECK(hipGraphExecDestroy(graphExec));

HIP_CHECK(hipStreamDestroy(captureStream));

return EXIT_SUCCESS;

}

10.7.3 Explicit graph creation

Graphs can also be created directly using the HIP graph API, giving more fine-grained control over the graph. In this
case, the graph nodes are created explicitly, together with their parameters and dependencies, which specify the edges of
the graph, thereby forming the graph structure.

The nodes are represented by the generic hipGraphNode_t type. The actual node type is implicitly defined by the
specific function used to add the node to the graph, for example hipGraphAddKernelNode() See the HIP graph API
documentation for the available functions, they are of type hipGraphAdd{Type}Node. Each type of node also has a
predefined set of parameters depending on the operation, for example hipKernelNodeParams for a kernel launch. See
the graph management reference for a list of available parameter types and their members.

The general flow for explicitly creating a graph is usually:

1. Create a graph hipGraph_t

2. Create the nodes and their parameters and add them to the graph

1. Define a hipGraphNode_t

2. Define the parameter struct for the desired operation, by explicitly setting the appropriate struct’s members.

3. Use the appropriate hipGraphAdd{Type}Node function to add the node to the graph.

1. The dependencies can be defined when adding the node to the graph, or afterwards by using hip-

GraphAddDependencies()

The following code example demonstrates how to explicitly create nodes in order to create a graph.

#include <hip/hip_runtime.h>

#include <cstddef>

#include <cstdlib>
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#include <iostream>

#include <vector>

#define HIP_CHECK(expression) \

{ \

const hipError_t status = expression; \

if(status != hipSuccess) \

{ \

std::cerr << "HIP error " \

<< status << ": " \

<< hipGetErrorString(status) \

<< " at " << __FILE__ << ":" \

<< __LINE__ << std::endl; \

} \

}

__global__ void kernelA(double* arrayA, std::size_t size)

{

const std::size_t x = threadIdx.x + blockDim.x * blockIdx.x;

if(x < size)

{

arrayA[x] *= 2.0;

}

}

__global__ void kernelB(int* arrayB, std::size_t size)

{

const std::size_t x = threadIdx.x + blockDim.x * blockIdx.x;

if(x < size)

{

arrayB[x] = 3;

}

}

__global__ void kernelC(double* arrayA, const int* arrayB, std::size_t size)

{

const std::size_t x = threadIdx.x + blockDim.x * blockIdx.x;

if(x < size)

{

arrayA[x] += arrayB[x];

}

}

struct set_vector_args

{

std::vector<double>& h_array;

double value;

};

void set_vector(void* args)

{

set_vector_args h_args{*(reinterpret_cast<set_vector_args*>(args))};

(continues on next page)
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std::vector<double>& vec{h_args.h_array};

vec.assign(vec.size(), h_args.value);

}

int main()

{

constexpr int numOfBlocks = 1024;

constexpr int threadsPerBlock = 1024;

std::size_t arraySize = 1U << 20;

// The pointers to the device memory don't need to be declared here,

// they are contained within the hipMemAllocNodeParams as the dptr member

std::vector<double> h_array(arraySize);

constexpr double initValue = 2.0;

// Create graph an empty graph

hipGraph_t graph;

HIP_CHECK(hipGraphCreate(&graph, 0));

// Parameters to allocate arrays

hipMemAllocNodeParams allocArrayAParams{};

allocArrayAParams.poolProps.allocType = hipMemAllocationTypePinned;

allocArrayAParams.poolProps.location.type = hipMemLocationTypeDevice;

allocArrayAParams.poolProps.location.id = 0; // GPU on which memory resides

allocArrayAParams.bytesize = arraySize * sizeof(double);

hipMemAllocNodeParams allocArrayBParams{};

allocArrayBParams.poolProps.allocType = hipMemAllocationTypePinned;

allocArrayBParams.poolProps.location.type = hipMemLocationTypeDevice;

allocArrayBParams.poolProps.location.id = 0; // GPU on which memory resides

allocArrayBParams.bytesize = arraySize * sizeof(int);

// Add the allocation nodes to the graph. They don't have any dependencies

hipGraphNode_t allocNodeA, allocNodeB;

HIP_CHECK(hipGraphAddMemAllocNode(&allocNodeA, graph, nullptr, 0, &

↪→allocArrayAParams));

HIP_CHECK(hipGraphAddMemAllocNode(&allocNodeB, graph, nullptr, 0, &

↪→allocArrayBParams));

// Parameters for the host function

// Needs custom struct to pass the arguments

set_vector_args args{h_array, initValue};

hipHostNodeParams hostParams{};

hostParams.fn = set_vector;

hostParams.userData = static_cast<void*>(&args);

// Add the host node that initializes the host array. It also doesn't have any␣

↪→dependencies

hipGraphNode_t hostNode;

HIP_CHECK(hipGraphAddHostNode(&hostNode, graph, nullptr, 0, &hostParams));
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// Add memory copy node, that copies the initialized host array to the device.

// It has to wait for the host array to be initialized and the device memory to␣

↪→be allocated

hipGraphNode_t cpyNodeDependencies[] = {allocNodeA, hostNode};

hipGraphNode_t cpyToDevNode;

HIP_CHECK(hipGraphAddMemcpyNode1D(&cpyToDevNode, graph, cpyNodeDependencies, 2,␣

↪→allocArrayAParams.dptr, h_array.data(), arraySize * sizeof(double),␣

↪→hipMemcpyHostToDevice));

// Parameters for kernelA

hipKernelNodeParams kernelAParams;

void* kernelAArgs[] = {&allocArrayAParams.dptr, static_cast<void*>(&arraySize)};

kernelAParams.func = reinterpret_cast<void*>(kernelA);

kernelAParams.gridDim = numOfBlocks;

kernelAParams.blockDim = threadsPerBlock;

kernelAParams.sharedMemBytes = 0;

kernelAParams.kernelParams = kernelAArgs;

kernelAParams.extra = nullptr;

// Add the node for kernelA. It has to wait for the memory copy to finish, as it␣

↪→depends on the values from the host array.

hipGraphNode_t kernelANode;

HIP_CHECK(hipGraphAddKernelNode(&kernelANode, graph, &cpyToDevNode, 1, &

↪→kernelAParams));

// Parameters for kernelB

hipKernelNodeParams kernelBParams;

void* kernelBArgs[] = {&allocArrayBParams.dptr, static_cast<void*>(&arraySize)};

kernelBParams.func = reinterpret_cast<void*>(kernelB);

kernelBParams.gridDim = numOfBlocks;

kernelBParams.blockDim = threadsPerBlock;

kernelBParams.sharedMemBytes = 0;

kernelBParams.kernelParams = kernelBArgs;

kernelBParams.extra = nullptr;

// Add the node for kernelB. It only has to wait for the memory to be allocated,␣

↪→as it initializes the array.

hipGraphNode_t kernelBNode;

HIP_CHECK(hipGraphAddKernelNode(&kernelBNode, graph, &allocNodeB, 1, &

↪→kernelBParams));

// Parameters for kernelC

hipKernelNodeParams kernelCParams;

void* kernelCArgs[] = {&allocArrayAParams.dptr, &allocArrayBParams.dptr, static_

↪→cast<void*>(&arraySize)};

kernelCParams.func = reinterpret_cast<void*>(kernelC);

kernelCParams.gridDim = numOfBlocks;

kernelCParams.blockDim = threadsPerBlock;

kernelCParams.sharedMemBytes = 0;

kernelCParams.kernelParams = kernelCArgs;

kernelCParams.extra = nullptr;
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// Add the node for kernelC. It has to wait on both kernelA and kernelB to finish,

↪→ as it depends on their results.

hipGraphNode_t kernelCNode;

hipGraphNode_t kernelCDependencies[] = {kernelANode, kernelBNode};

HIP_CHECK(hipGraphAddKernelNode(&kernelCNode, graph, kernelCDependencies, 2, &

↪→kernelCParams));

// Copy the results back to the host. Has to wait for kernelC to finish.

hipGraphNode_t cpyToHostNode;

HIP_CHECK(hipGraphAddMemcpyNode1D(&cpyToHostNode, graph, &kernelCNode, 1, h_array.

↪→data(), allocArrayAParams.dptr, arraySize * sizeof(double), hipMemcpyDeviceToHost));

// Free array of allocNodeA. It needs to wait for the copy to finish, as kernelC␣

↪→stores its results in it.

hipGraphNode_t freeNodeA;

HIP_CHECK(hipGraphAddMemFreeNode(&freeNodeA, graph, &cpyToHostNode, 1,␣

↪→allocArrayAParams.dptr));

// Free array of allocNodeB. It only needs to wait for kernelC to finish, as it␣

↪→is not written back to the host.

hipGraphNode_t freeNodeB;

HIP_CHECK(hipGraphAddMemFreeNode(&freeNodeB, graph, &kernelCNode, 1,␣

↪→allocArrayBParams.dptr));

// Instantiate the graph in order to execute it

hipGraphExec_t graphExec;

HIP_CHECK(hipGraphInstantiate(&graphExec, graph, nullptr, nullptr, 0));

// The graph can be freed after the instantiation if it's not needed for other␣

↪→purposes

HIP_CHECK(hipGraphDestroy(graph));

// Actually launch the graph

hipStream_t graphStream;

HIP_CHECK(hipStreamCreate(&graphStream));

HIP_CHECK(hipGraphLaunch(graphExec, graphStream));

HIP_CHECK(hipStreamSynchronize(graphStream));

// Verify results

constexpr double expected = initValue * 2.0 + 3;

bool passed = true;

for(std::size_t i = 0; i < arraySize; ++i)

{

if(h_array[i] != expected)

{

passed = false;

std::cerr << "Validation failed! Expected " << expected << " got " << h_

↪→array[0] << std::endl;

break;

}

}
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if(passed)

{

std::cerr << "Validation passed." << std::endl;

}

HIP_CHECK(hipGraphExecDestroy(graphExec));

HIP_CHECK(hipStreamDestroy(graphStream));

return EXIT_SUCCESS;

}

10.8 Call stack

The call stack is a data structure for managing function calls, by saving the state of the current function. Each time
a function is called, a new call frame is added to the top of the stack, containing information such as local variables,
return addresses and function parameters. When the function execution completes, the frame is removed from the stack
and loaded back into the corresponding registers. This concept allows the program to return to the calling function and
continue execution from where it left off.

The call stack for each thread must track its function calls, local variables, and return addresses. However, in GPU
programming, the memory required to store the call stack increases due to the parallelism inherent to the GPUs. NVIDIA
and AMD GPUs use different approaches. NVIDIA GPUs have the independent thread scheduling feature where each
thread has its own call stack and effective program counter. On AMD GPUs threads are grouped; each warp has its own
call stack and program counter. Warps are described and explained in the Hierarchical thread model

If a thread or warp exceeds its stack size, a stack overflow occurs, causing kernel failure. This can be detected using
debuggers.

10.8.1 Call stack management with HIP

You can adjust the call stack size as shown in the following example, allowing fine-tuning based on specific kernel re-
quirements. This helps prevent stack overflow errors by ensuring sufficient stack memory is allocated.

#include <hip/hip_runtime.h>

#include <cstddef>

#include <cstdlib>

#include <iostream>

#define HIP_CHECK(expression) \

{ \

const hipError_t status = expression; \

if(status != hipSuccess) \

{ \

std::cerr << "HIP error " \

<< status << ": " \

<< hipGetErrorString(status) \

<< " at " << __FILE__ << ":" \

<< __LINE__ << std::endl; \

} \

}

(continues on next page)

188 Chapter 10. Using HIP runtime API



AMD ROCm™ Programming Guide, Release 10.1.0

(continued from previous page)

int main()

{

std::size_t stackSize;

HIP_CHECK(hipDeviceGetLimit(&stackSize, hipLimitStackSize));

std::cout << "Default stack size: " << stackSize << " bytes" << std::endl;

// Set a new stack size

std::size_t newStackSize = 1024 * 8; // 8 KiB

HIP_CHECK(hipDeviceSetLimit(hipLimitStackSize, newStackSize));

HIP_CHECK(hipDeviceGetLimit(&stackSize, hipLimitStackSize));

std::cout << "Updated stack size: " << stackSize << " bytes" << std::endl;

return EXIT_SUCCESS;

}

Depending on the GPU model, at full occupancy, it can consume a significant amount of memory. For instance, an
MI300X with 304 compute units (CU) and up to 2048 threads per CU could use 304 · 2048 · 1024 bytes = 608 MiB for
the call stack by default.

10.8.1.1 Handling recursion and deep function calls

Similar to CPU programming, recursive functions and deeply nested function calls are supported. However, developers
must ensure that these functions do not exceed the available stack memory, considering the huge amount of memory
needed for the call stack due to the GPUs inherent parallelism. This can be achieved by increasing stack size or optimizing
code to reduce stack usage. To detect stack overflow add proper error handling or use debugging tools.

#include <hip/hip_runtime.h>

#include <cstddef>

#include <cstdlib>

#include <iostream>

#define HIP_CHECK(expression) \

{ \

const hipError_t status = expression; \

if(status != hipSuccess) \

{ \

std::cerr << "HIP error " \

<< status << ": " \

<< hipGetErrorString(status) \

<< " at " << __FILE__ << ":" \

<< __LINE__ << std::endl; \

} \

}

__device__ unsigned long long fibonacci(unsigned long long n)

{

if (n == 0 || n == 1)

{

return n;

}

(continues on next page)
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return fibonacci(n - 1) + fibonacci(n - 2);

}

__global__ void kernel(unsigned long long n)

{

unsigned long long result = fibonacci(n);

const std::size_t x = threadIdx.x + blockDim.x * blockIdx.x;

if (x == 0)

printf("%llu! = %llu \n", n, result);

}

int main()

{

kernel<<<1, 1>>>(10);

HIP_CHECK(hipDeviceSynchronize());

// With -O0 optimization option hit the stack limit

// kernel<<<1, 256>>>(2048);

// HIP_CHECK(hipDeviceSynchronize());

return EXIT_SUCCESS;

}

10.9 OpenGL interoperability

The HIP–OpenGL interoperation involves mapping OpenGL resources, such as buffers and textures, for HIP to interact
with OpenGL. This mapping process enables HIP to utilize these resources directly, bypassing the need for costly data
transfers between the CPU andGPU. This capability is useful in applications that require both intensive GPU computation
and real-time visualization.

The graphics resources must be registered using functions like hipGraphicsGLRegisterBuffer() or hipGraph-
icsGLRegisterImage() then they can be mapped to HIP with hipGraphicsMapResources() function.

After mapping, the hipGraphicsResourceGetMappedPointer() or hipGraphicsSubRe-

sourceGetMappedArray() functions used to retrieve a device pointer to the mapped resource, which can then
be used in HIP kernels.

Unmapping resources with hipGraphicsUnmapResources() after computations ensure proper resourcemanagement.

10.9.1 Example

ROCm examples have a HIP–OpenGL interoperation example, where a simple HIP kernel is used to simulate a sine wave
and rendered to a window as a grid of triangles using OpenGL. For a working example, there are multiple initialization
steps needed like creating and opening a window, initializing OpenGL or selecting the OpenGL-capable device. After
the initialization in the example, the kernel simulates the sinewave and updates the window’s framebuffer in a cycle until
the window is closed.

Note

Themore recent OpenGL functions are loadedwithOpenGL loader, as these are not loaded by default on all platforms.
The use of a custom loader is shown in the following example
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// Make GLFW use a custom loader - we need this for the more recent OpenGL␣

↪→functions,

// as these are not loaded by default on all platforms.

if(!gladLoadGLLoader(reinterpret_cast<GLADloadproc>(glfwGetProcAddress)))

{

std::cerr << "Failed to load OpenGL function pointers" << std::endl;

return error_exit_code;

}

The OpenGL buffer is imported to HIP in the following way:

// Import the OpenGL height buffer into a HIP graphics resource.

HIP_CHECK(hipGraphicsGLRegisterBuffer(

&this->hip_height_buffer,

renderer.height_buffer,

// We are going to write to this buffer from HIP,

// but we do not need to read from it.

// As an optimization we can pass hipGraphicsRegisterFlagsWriteDiscard,

// so that the driver knows that we do not need the old values of

// the buffer.

hipGraphicsRegisterFlagsWriteDiscard));

// After importing the OpenGL height buffer into HIP, map it into HIP memory␣

↪→so that we can use it.

HIP_CHECK(hipGraphicsMapResources(1, &this->hip_height_buffer, this->hip_

↪→stream));

// Fetch the device pointer that points to the OpenGL buffer's memory.

// This function also fetches the size of the buffer. We already know it, but␣

↪→we still need to pass

// a valid pointer to hipGraphicsResourceGetMappedPointer.

size_t size;

HIP_CHECK(

hipGraphicsResourceGetMappedPointer(reinterpret_cast<void**>(&this->hip_

↪→height_ptr),

&size,

this->hip_height_buffer));

The imported pointer is manipulated in the sinewave kernel as shown in the following example:

/// \brief The main HIP kernel for this example - computes a simple sine wave over a

/// 2-dimensional grid of points.

/// \param height_map - the grid of points to compute a sine wave for. It is expected␣

↪→to be

/// a \p grid_width by \p grid_height array packed into memory.(y on the inner␣

↪→axis).

/// \param time - The current time relative to the start of the program.

__global__ void sinewave_kernel(float* height_map, const float time)

{

const float freq = 10.f;

const unsigned int x = blockIdx.x * blockDim.x + threadIdx.x;

const unsigned int y = blockIdx.y * blockDim.y + threadIdx.y;

(continues on next page)

10.9. OpenGL interoperability 191



AMD ROCm™ Programming Guide, Release 10.1.0

(continued from previous page)

const float u = (2.f * x) / grid_width - 1.f;

const float v = (2.f * y) / grid_height - 1.f;

if(x < grid_width && y < grid_height)

{

height_map[x * grid_width + y] = sinf(u * freq + time) * cosf(v * freq +␣

↪→time);

}

}

// The tile size to be used for each block of the computation. A tile is

// tile_size by tile_size threads in this case, since we are invoking the

// computation over a 2D-grid.

constexpr size_t tile_size = 8;

// Launch the HIP kernel to advance the simulation.

sinewave_kernel<<<dim3(ceiling_div(grid_width, tile_size),

ceiling_div(grid_height, tile_size)),

dim3(tile_size, tile_size),

0,

this->hip_stream>>>(this->hip_height_ptr, time);

// Check that no errors occured while launching the kernel.

HIP_CHECK(hipGetLastError());

The HIP graphics resource that is imported from the OpenGL buffer and is not needed anymore should be unmapped
and unregistered as shown in the following way:

HIP_CHECK(hipStreamSynchronize(this->hip_stream));

HIP_CHECK(hipGraphicsUnmapResources(1, &this->hip_height_buffer, this->hip_

↪→stream));

HIP_CHECK(hipGraphicsUnregisterResource(this->hip_height_buffer));

HIP_CHECK(hipStreamDestroy(this->hip_stream));

10.10 External resource interoperability

This feature allows HIP to work with resources – like memory and semaphores – created by other APIs. This means
resources can be used from APIs like CUDA, OpenCL and Vulkan within HIP, making it easier to integrate HIP into
existing projects.

To use external resources in HIP, you typically follow these steps:

• Import resources from other APIs using HIP provided functions

• Use external resources as if they were created in HIP

• Destroy the HIP resource object to clean up

10.10.1 Semaphore functions

Semaphore functions are essential for synchronization in parallel computing. These functions facilitate communication
and coordination between different parts of a program or between different programs. By managing semaphores, tasks
are executed in the correct order, and resources are utilized effectively. Semaphore functions ensure smooth operation,
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preventing conflicts and maintaining the integrity of processes; upholding the integrity and performance of concurrent
processes.

External semaphore functions can be used in HIP as described in External resource interoperability.

10.10.2 Memory functions

HIP external memory functions focus on the efficient sharing and management of memory resources. These functions
enable importingmemory created by external systems, enabling the HIP program to use this memory seamlessly. Memory
functions include mapping memory for effective use and ensuring proper cleanup to prevent resource leaks. This is critical
for performance, particularly in applications handling large datasets or complex structures such as textures in graphics.
Proper memory management ensures stability and efficient resource utilization.

10.10.3 Example

ROCm examples include a HIP–Vulkan interoperation example demonstrates how to perform interoperation between
HIP and Vulkan.

In this example, a simple HIP kernel is used to compute a sine wave, which is then rendered to a window as a graph-
ical output using Vulkan. The process requires several initialization steps, such as setting up a HIP context, creating a
Vulkan instance, and configuring the GPU device and queue. After these initial steps, the kernel executes the sine wave
computation, and Vulkan continuously updates the window framebuffer to display the computed data until the window
is closed.

The following code converts a Vulkan memory handle to its equivalent HIP handle. The input VkDeviceMemory and
the created HIP memory represents the same physical area of GPU memory, through the handles of each respective API.
Writing to the buffer in one API will allow us to read the results through the other. Note that access to the buffer should
be synchronized between the APIs, for example using queue syncs or semaphores.

// Prepare the HIP external semaphore descriptor with the platform-specific

// handle type that we wish to import. This value should correspond to the

// handleTypes field set in VkExportMemoryAllocateInfoKHR while creating the

// Vulkan buffer.

hipExternalMemoryHandleDesc desc = {};

desc.size = size;

// Export the Vulkan buffer handle to a platform-specific native handle, depending

// on the current platform: On Windows the buffer is converted to a HANDLE, and␣

↪→on Linux

// to a file descriptor representing the driver's GPU handle to the memory.

// This native handle is then passed to the HIP external memory descriptor so␣

↪→that it

// may be imported.

#ifdef _WIN64

desc.type = hipExternalMemoryHandleTypeOpaqueWin32Kmt;

VkMemoryGetWin32HandleInfoKHR get_handle_info = {};

get_handle_info.sType = VK_STRUCTURE_TYPE_MEMORY_GET_WIN32_HANDLE_INFO_KHR;

get_handle_info.memory = memory;

get_handle_info.handleType = VK_EXTERNAL_MEMORY_HANDLE_TYPE_OPAQUE_WIN32_KMT_BIT_

↪→KHR;

VK_CHECK(

ctx.vkd->get_memory_win32_handle(ctx.dev, &get_handle_info, &desc.handle.

↪→win32.handle));

(continues on next page)
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#else

desc.type = hipExternalMemoryHandleTypeOpaqueFd;

VkMemoryGetFdInfoKHR get_fd_info = {};

get_fd_info.sType = VK_STRUCTURE_TYPE_MEMORY_GET_FD_INFO_KHR;

get_fd_info.memory = memory;

get_fd_info.handleType = VK_EXTERNAL_MEMORY_HANDLE_TYPE_OPAQUE_FD_BIT_

↪→KHR;

VK_CHECK(ctx.vkd->get_memory_fd(ctx.dev, &get_fd_info, &desc.handle.fd));

#endif

// Import the native memory handle to HIP to create an external memory.

hipExternalMemory_t hip_memory;

HIP_CHECK(hipImportExternalMemory(&hip_memory, &desc));

return hip_memory;

The Vulkan semaphore is converted to HIP semaphore shown in the following example. Signaling on the semaphore in
one API will allow the other API to wait on it, which is how we can guarantee synchronized access to resources in a
cross-API manner.

// Prepare the HIP external semaphore descriptor with the platform-specific␣

↪→handle type

// that we wish to import. This value should correspond to the handleTypes field␣

↪→set in

// the VkExportSemaphoreCreateInfoKHR structure that was passed to Vulkan when␣

↪→creating

// the semaphore.

hipExternalSemaphoreHandleDesc desc = {};

// Export the Vulkan semaphore to a platform-specific handle depending on the␣

↪→current

// platform: On Windows, we convert the semaphore into a HANDLE, and on Linux it␣

↪→is

// converted to a file descriptor.

// This native handle is then passed to the HIP external semaphore descriptor.

#ifdef _WIN64

desc.type = hipExternalSemaphoreHandleTypeOpaqueWin32;

VkSemaphoreGetWin32HandleInfoKHR get_handle_info = {};

get_handle_info.sType = VK_STRUCTURE_TYPE_SEMAPHORE_GET_WIN32_HANDLE_INFO_

↪→KHR;

get_handle_info.semaphore = sema;

get_handle_info.handleType = VK_EXTERNAL_SEMAPHORE_HANDLE_TYPE_OPAQUE_WIN32_BIT_

↪→KHR;

VK_CHECK(

ctx.vkd->get_semaphore_win32_handle(ctx.dev, &get_handle_info, &desc.handle.

↪→win32.handle));

#else

desc.type = hipExternalSemaphoreHandleTypeOpaqueFd;

(continues on next page)

194 Chapter 10. Using HIP runtime API



AMD ROCm™ Programming Guide, Release 10.1.0

(continued from previous page)

VkSemaphoreGetFdInfoKHR get_fd_info = {};

get_fd_info.sType = VK_STRUCTURE_TYPE_SEMAPHORE_GET_FD_INFO_KHR;

get_fd_info.semaphore = sema;

get_fd_info.handleType = VK_EXTERNAL_SEMAPHORE_HANDLE_TYPE_OPAQUE_FD_

↪→BIT_KHR;

VK_CHECK(ctx.vkd->get_semaphore_fd(ctx.dev, &get_fd_info, &desc.handle.fd));

#endif

// Import the native semaphore to HIP to create a HIP external semaphore.

hipExternalSemaphore_t hip_sema;

HIP_CHECK(hipImportExternalSemaphore(&hip_sema, &desc));

When the HIP external memory is exported from Vulkan and imported to HIP, it is not yet ready for use. The Vulkan
handle is shared, allowing for memory sharing rather than copying during the export process. To actually use the memory,
we need to map it to a pointer so that we may pass it to the kernel so that it can be read from and written to. The external
memory map to HIP in the following example:

hipExternalMemoryBufferDesc desc = {};

desc.offset = 0;

desc.size = size;

desc.flags = 0;

void* ptr;

HIP_CHECK(hipExternalMemoryGetMappedBuffer(&ptr, mem, &desc));

Wait for buffer is ready and not under modification at Vulkan side:

hipExternalSemaphoreWaitParams wait_params = {};

HIP_CHECK(hipWaitExternalSemaphoresAsync(&this->hip_buffer_ready,

&wait_params,

1,

this->hip_stream));

The sinewave kernel implementation:

/// \brief The main HIP kernel for this example - computes a simple sine wave over a

/// 2-dimensional grid of points.

/// \param height_map - the grid of points to compute a sine wave for. It is expected␣

↪→to be

/// a \p grid_width by \p grid_height array packed into memory.(y on the inner␣

↪→axis).

/// \param time - The current time relative to the start of the program.

__global__ void sinewave_kernel(float* height_map, const float time)

{

const float freq = 10.f;

const unsigned int x = blockIdx.x * blockDim.x + threadIdx.x;

const unsigned int y = blockIdx.y * blockDim.y + threadIdx.y;

const float u = (2.f * x) / grid_width - 1.f;

const float v = (2.f * y) / grid_height - 1.f;

if(x < grid_width && y < grid_height)
(continues on next page)
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{

height_map[x * grid_width + y] = sinf(u * freq + time) * cosf(v * freq +␣

↪→time);

}

}

Signal to Vulkan that we are done with the buffer and that it can proceed with rendering:

hipExternalSemaphoreSignalParams signal_params = {};

HIP_CHECK(hipSignalExternalSemaphoresAsync(&this->hip_simulation_finished,

&signal_params,

1,

this->hip_stream));
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CHAPTER

ELEVEN

GPU PROGRAMMING PATTERNS

GPU programming patterns are fundamental algorithmic structures that enable efficient parallel computation on GPUs.
Understanding these patterns is essential for developers looking to effectively harness the massive parallel processing
capabilities of modern GPUs for scientific computing, machine learning, image processing, and other computationally
intensive applications.

These tutorials describe core programming patterns demonstrating how to efficiently implement common parallel algo-
rithms using the HIP runtime API and kernel extensions. Each pattern addresses a specific computational challenge and
provides practical implementations with detailed explanations.

11.1 Common GPU programming challenges

GPU programming introduces unique challenges not present in traditional CPU programming:

• Memory coherence: GPUs lack robust cache coherencemechanisms, requiring careful coordination whenmultiple
threads access shared memory.

• Race conditions: Concurrent memory access requires atomic operations or careful algorithm design.

• Irregular parallelism: Real-world algorithms often have varying amounts of parallel work across iterations.

• CPU-GPU communication: Data transfer overhead between host and device must be minimized.

11.2 Tutorial overview

This collection provides comprehensive tutorials on essential GPU programming patterns:

• Two-dimensional kernels: Processing grid-structured data such as matrices and images.

• Stencil operations: Updating array elements based on neighboring values.

• Atomic operations: Ensuring data integrity during concurrent memory access.

• Multi-kernel applications: Coordinating multiple GPU kernels to solve complex problems.

• CPU-GPU cooperation: Strategic work distribution between CPU and GPU.

11.2.1 Prerequisites

To get the most from these tutorials, you should have:

• Basic understanding of C/C++ programming.

• Familiarity with parallel programming concepts.

• HIP runtime environment installed (see Install AMD ROCm 10.1.0).

• Basic knowledge of GPU architecture (recommended).
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11.2.2 Getting started

Each tutorial is self-contained and can be studied independently, though we recommend following the order presented
for a comprehensive understanding:

1. Start with Two-dimensional kernels to understand basic GPU thread organization and memory access patterns.

2. Progress to stencil operations to learn about neighborhood dependencies.

3. Study atomic operations to understand concurrent memory access.

4. Explore multi-kernel programming for complex algorithmic patterns.

5. Check CPU-GPU cooperation to handle mixed-parallelism workloads.

11.3 Two-dimensional kernels: matrix multiplication tutorial

GPUs provide a massively parallel architecture consisting of thousands of cores, making them exceptionally well-suited
for data-parallel computations. Two-dimensional kernel patterns are commonly data-parallel, enabling us to leverage
GPU capabilities to exploit this inherent parallelism.

Tasks involving large matrices, which are common in image processing and machine learning applications, can be sig-
nificantly accelerated by distributing computations across GPU cores. This tutorial explores how to implement matrix
multiplication using two-dimensional GPU kernels with HIP.

11.3.1 Prerequisites

To follow this tutorial, you’ll need installed drivers and a HIP compiler toolchain to compile your code. HIP supports
compiling and running on Linux and Windows with AMD GPUs, the combination of install instructions is more than
worth covering as part of this tutorial. For more information about installing HIP development packages, see Install AMD
ROCm 10.1.0.

11.3.2 Characteristics of 2D computational problems

• Spatial locality and data dependencies: Adjacent elements in the grid often exhibit strong spatial correlations,
making memory access patterns and cache utilization critical for performance.

• Natural 2D data representation: Many datasets—such as images, numerical matrices, and discretized physical
fields—map directly onto a two-dimensional coordinate space.

• Prevalence in simulation and modeling: Numerous scientific and engineering workloads such as finite difference
methods, fluid dynamics, heat transfer, and image processing, are inherently two-dimensional.

Modern GPU architectures are engineered to exploit the parallelism of 2D computational grids. By designing kernels that
operate on two-dimensional thread blocks and memory layouts, developers can optimize global memory access, minimize
latency, and maximize throughput. Leveraging 2D kernel configurations not only aligns the computation with the GPU’s
hardware topology but also enables substantial performance improvements for domain-specific applications.

11.3.3 Matrix multiplication

Let A and B be two matrices defined as follows, A ∈ Rm×n and B ∈ Rn×k. The matrix product C = A · B is defined
only when the number of columns of A equals the number of rows of B. The resulting matrix C ∈ Rm×k has elements
given by:

Cij =

n∑
r=1

AirBrj

for all i = 1, . . . ,m and j = 1, . . . , k.
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In other words, each element Cij is computed as the dot product of the i-th row vector of A and the j-th column vector
of B. This operation is repeated for all valid pairs of (i, j) to construct the complete matrix C.

For two square matrices of size N × N , the computational cost of classical matrix multiplication is O(N3). As an
example, consider N = 32:

• Multiplication operations: 323 = 32,768

• Addition operations: 322 × (32− 1) = 31,744

Each element in the resulting matrix C is computed independently of the others, since it depends only on a single row
of A and a single column of B. This property makes matrix multiplication highly parallelizable and well-suited for
execution on GPUs, multi-core CPUs, or distributed computing architectures.

11.3.4 CPU implementation

A baseline CPU implementation provides a clear understanding of the classical matrix multiplication algorithm before
exploring parallel GPU execution.

#include <iostream>

#include <cstdlib>

#define N 32

void cpu_matrix_multiplication(float *a, float *b, float *c, int n) {

for (int i = 0; i < n; ++i) {

for (int j = 0; j < n; ++j) {

float sum = 0.0f;

for (int k = 0; k < n; ++k) {

sum += a[i * n + k] * b[k * n + j];

}

c[i * n + j] = sum;

}

}

}

int main() {

float *a, *b, *c;

a = (float*)malloc(sizeof(float) * N * N);

b = (float*)malloc(sizeof(float) * N * N);

c = (float*)malloc(sizeof(float) * N * N);

// Initialize matrix A

for (int i = 0; i < N; ++i) {

for (int j = 0; j < N; ++j) {

a[i * N + j] = static_cast<float>(rand()) / RAND_MAX;

}

}

// Initialize matrix B

for (int i = 0; i < N; ++i) {

for (int j = 0; j < N; ++j) {

b[i * N + j] = static_cast<float>(rand()) / RAND_MAX;

}

}

(continues on next page)
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cpu_matrix_multiplication(a, b, c, N);

free(a);

free(b);

free(c);

return 0;

}

The cpu_matrix_multiplication function performs the classicalO(N3)matrixmultiplication algorithm using three
nested loops. The implementation proceeds as follows:

• Input parameters: Three pointers to contiguous memory blocks representing matrices A, B, and the output
matrix C.

• Outer and middle loops: The indices i and j iterate over the rows and columns of the output matrix C, respec-
tively.

• Innermost loop: For each element Cij , the loop over k performs a dot product between the i-th row of A and the
j-th column of B:

Cij =

n−1∑
k=0

Aik ·Bkj

• Temporary accumulation: A local scalar sum accumulates the intermediate sum before being written to c[i *

n + j].

This implementation has a computational complexity of O(N3) and poor cache locality for large matrices, but it serves
as a reference for understanding sequential computation before introducing GPU parallelization.

11.3.5 GPU implementation

The following example demonstrates a complete HIP implementation of matrix multiplication, including host and device
memory management, kernel implementation, configuration, and synchronization.

11.3.5.1 GPU kernel

The core computation is performed by the GPU kernel, where each thread computes one element of the output matrix.
For comparison, the CPU implementation is also provided.

GPU version

__global__ void gpu_matrix_multiplication(float *a, float *b, float *c, int n) {

int row = blockIdx.y * blockDim.y + threadIdx.y;

int col = blockIdx.x * blockDim.x + threadIdx.x;

float sum = 0.0f;

if (row < n && col < n) {

for (int k = 0; k < n; ++k) {

sum += a[row * n + k] * b[k * n + col];

}

c[row * n + col] = sum;

}

}
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CPU version

void cpu_matrix_multiplication(float *a, float *b, float *c, int n) {

for (int i = 0; i < n; ++i) {

for (int j = 0; j < n; ++j) {

float sum = 0.0f;

for (int k = 0; k < n; ++k) {

sum += a[i * n + k] * b[k * n + j];

}

c[i * n + j] = sum;

}

}

}

The outer andmiddle loops of the CPU implementation are replaced by the parallel execution of theGPU implementation.
Each GPU thread computes the single element Cij of the output matrix corresponding to one dot product between a
row of A and a column of B. This decomposition exposes massive parallelism, as all elements of C can be computed
independently and concurrently.

11.3.5.1.1 Thread and block identification

Each thread’s global position within the grid is determined by:

int row = blockIdx.y * blockDim.y + threadIdx.y;

int col = blockIdx.x * blockDim.x + threadIdx.x;

Here:

• threadIdx.(x|y): Local thread indices within a block.

• blockIdx.(x|y): Block indices within the grid.

• blockDim.(x|y): Dimensions of each block (used to scale offsets).

11.3.5.1.2 Boundary checking

Since the total number of threads launched may exceed N2, boundary checking ensures that threads outside the matrix
domain do not perform invalid memory accesses:

if (row < n && col < n) {

// Safe computation region

}

11.3.5.1.3 Dot product computation

Within the valid region, each thread executes a dot product over k:

• Loads one element from row row of matrix A.

• Loads one element from column col of matrix B.

• Multiplies and accumulates these values into sum.

• Writes the final scalar result to c[row * n + col].
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This kernel performs the same O(N3) arithmetic operations as the CPU version but distributes them across thousands
of concurrent GPU threads, achieving significant acceleration through parallel execution and memory throughput opti-
mization.

11.3.5.2 Step 1: Host memory allocation and initialization

Host memory is allocated for matrices and initialized with random floating-point values.

int main() {

float *h_a, *h_b, *h_c;

h_a = (float*)malloc(sizeof(float) * N * N);

h_b = (float*)malloc(sizeof(float) * N * N);

h_c = (float*)malloc(sizeof(float) * N * N);

// Initialize matrix A

for (int i = 0; i < N; ++i) {

for (int j = 0; j < N; ++j) {

h_a[i * N + j] = static_cast<float>(rand()) / RAND_MAX;

}

}

// Initialize matrix B

for (int i = 0; i < N; ++i) {

for (int j = 0; j < N; ++j) {

h_b[i * N + j] = static_cast<float>(rand()) / RAND_MAX;

}

}

Description:

• Declare host (CPU) pointers h_a, h_b, and h_c.

• Allocate contiguous memory for each N ×N matrix.

• Initialize input matrices A and B with pseudo-random floating-point values in the range [0, 1).

11.3.5.3 Step 2: Device memory allocation and data transfer

Memory is allocated on the GPU, and input matrices are transferred from host to device.

float *d_a, *d_b, *d_c;

hipMalloc((void**)&d_a, sizeof(float) * N * N);

hipMalloc((void**)&d_b, sizeof(float) * N * N);

hipMalloc((void**)&d_c, sizeof(float) * N * N);

hipMemcpy(d_a, h_a, sizeof(float) * N * N, hipMemcpyHostToDevice);

hipMemcpy(d_b, h_b, sizeof(float) * N * N, hipMemcpyHostToDevice);

Operations:

1. Allocate GPU (device) memory for matrices d_a, d_b, and d_c.

2. Transfer data from host to device using hipMemcpy() with direction hipMemcpyHostToDevice.
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11.3.5.4 Step 3: Configure and launch kernel

Kernel launch parameters define how threads are organized across blocks and the grid.

dim3 threadsPerBlock(BLOCK_SIZE, BLOCK_SIZE);

int n_blocks = static_cast<int>(ceil(static_cast<float>(N) / BLOCK_SIZE));

dim3 blocksPerGrid(n_blocks, n_blocks);

hipLaunchKernelGGL(gpu_matrix_multiplication,

blocksPerGrid,

threadsPerBlock,

0, 0,

d_a, d_b, d_c, N);

hipDeviceSynchronize();

11.3.5.4.1 Configuration details

The dim3 type defines thread and block dimensions:

• threadsPerBlock: Number of threads per block. A 16 × 16 block (256 threads total).

• n_blocks: Number of blocks per dimension. Computed as ⌈N/BLOCK_SIZE⌉.

• blocksPerGrid: A grid of blocks covering the entire N ×N matrix.

For example N = 256 and BLOCK_SIZE = 16:

• n_blocks: ⌈256/16⌉ = 16

• blocksPerGrid: 16× 16 = 256

• Total threads: 256 blocks× 256 threads/block = 65,536 threads.

Rounding up ensures full coverage of the matrix even when N is not an exact multiple of BLOCK_SIZE. The boundary
check in the kernel

if (row < n && col < n)

prevents out-of-bounds memory access for extra threads.

11.3.5.4.2 Synchronization

The call to hipDeviceSynchronize() ensures that all GPU computations complete before the CPU accesses results
or proceeds to subsequent operations. This is essential for correctness and debugging.

11.3.5.5 Step 4: Copy results back and cleanup

After the kernel execution, results are transferred back to host memory, and all allocated resources are released.

hipMemcpy(h_c, d_c, sizeof(float) * N * N, hipMemcpyDeviceToHost);

hipFree(d_a);

hipFree(d_b);

hipFree(d_c);

free(h_a);

free(h_b);

free(h_c);

(continues on next page)
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return 0;

}

Summary of final steps:

1. Copy the result matrix from device to host using hipMemcpy.

2. Free all device memory allocations with hipFree.

3. Release host memory with free.

4. Return control to the operating system, indicating successful program termination.

11.3.6 Parallelization benefits

For a 256 × 256 matrix multiplication:

• Sequential CPU version: Computes 65,536 output elements serially.

• Parallel GPU version: Executes up to 65,536 independent threads concurrently.

This results in a theoretical performance gain proportional to the number of active GPU threads and the device’s compute
throughput.

Each output elementCij is computed independently from others, since it depends solely on row i ofmatrixA and column j
of matrixB. This independence allows full utilization of GPU streaming multiprocessors and makes the algorithm highly
scalable.

11.3.7 Best practices

1. Choose optimal block sizes

Powers of two (e.g., 16 or 32) often yield better occupancy and memory alignment.

2. Handle boundary conditions

Always include thread boundary checks.

3. Synchronize appropriately

Use hipDeviceSynchronize() after kernel launches to ensure data consistency.

The naive kernel above leaves significant performance on the table. For the full optimization progression — memory
coalescing, shared-memory tiling, register tiling, double buffering, and vectorized loads, each validated with profiling
data — see the AMD ROCm Optimization Guide.

11.3.8 Conclusion

Two-dimensional GPU kernels provide an efficient mechanism to accelerate dense linear algebra computations such as
matrix multiplication by exploiting fine-grained data parallelism. This example demonstrates:

• Structuring GPU kernels for 2D problems.

• Managing memory transfers between host and device.

• Configuring thread and block hierarchies.

• Achieving substantial speedups via massive parallel execution.

Understanding these concepts enables developers to implement optimized GPU solutions for computationally intensive
workloads, including scientific simulations, numerical linear algebra, and machine learning. Because each output element
is computed independently, matrix multiplication serves as an ideal introductory example for mastering GPU program-
ming paradigms applicable to a wide range of data-parallel applications.
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11.4 Atomic operations: histogram tutorial

InGPUprogramming, a core design principle is to avoid simultaneouswrites to the samememory address bymultiple
threads. When multiple threads write to the same location without proper synchronization, this creates a race condition,
where the final result depends on unpredictable thread execution order.

Unlike CPUs, GPUs are designed for high-throughput parallel execution with relaxed memory consistency models and
limited cache coherence mechanisms. This architectural choice maximizes bandwidth and scalability but introduces
challenges when multiple threads need to safely update shared state.

This tutorial demonstrates how to safely handle concurrent memory updates using atomic operations, illustrated
through the practical example of computing an image brightness histogram on the GPU.

11.4.1 Prerequisites

To follow this tutorial, you’ll need installed drivers and a HIP compiler toolchain to compile your code. HIP supports
compiling and running on Linux and Windows with AMD GPUs, the combination of install instructions is more than
worth covering as part of this tutorial. For more information about installing HIP development packages, see Install AMD
ROCm 10.1.0.

11.4.2 Race condition

A race condition occurs when two or more threads attempt to read-modify-write the same memory location concurrently
without proper synchronization. Because GPU threads execute asynchronously across multiple cores (compute units),
concurrent writes can interleave unpredictably, leading to incorrect results.

For example, if two threads simultaneously attempt:

histogram[bin] = histogram[bin] + 1;

both may read the same old value before either writes back, resulting in only one increment being reflected. This results
in lost updates and nondeterministic output, which must be avoided.

11.4.3 Histogram

A histogram partitions continuous data into discrete intervals called bins and counts how many data points fall into each
bin. In image processing, a histogram typically represents the distribution of pixel intensities for example brightness
or color channel values.

The histogram algorithm can be expressed as:

H[b] =

N∑
i=1

δ(b− ⌊f(xi)⌋)

where f(xi) maps each data value to its corresponding bin index b, and δ() is 1 when the value belongs to bin b and 0
otherwise.

The basic computational steps are:

1. Iterate through all pixels (or data points).

2. Determine the appropriate bin for each value.

3. Increment that bin’s count.

In a serial CPU program, this is straightforward. On a GPU, thousands of threads may attempt to increment the same
bin concurrently, leading to race conditions unless atomic synchronization is used.
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11.4.3.1 The challenge in parallel context

When multiple threads attempt to increment the same bin:

• One thread’s update can overwrite another’s pending increment.

• Memory coherence cannot guarantee ordered visibility across thread blocks.

• The final result may be inconsistent or incorrect.

This necessitates synchronization mechanisms to ensure that updates occur in a mutually exclusive manner without
introducing high overhead.

11.4.4 Atomic operations

An atomic operation ensures that a compound operation — typically a read-modify-write sequence — executes as an
indivisible unit. From the programmer’s perspective, atomicity guarantees that no other thread can observe a partially
completed operation.

Formally, an operation O(x) on shared variable x is atomic if its execution satisfies:

∀Ti, Tj , the effects of O(x) appear serializable.

That is, all threads observe results as if operations occurred in a single, sequential order.

11.4.4.1 Mechanics

Atomic operations on GPUs are implemented in hardware through a memory arbitration unit that locks a cache line,
performs the modification, and releases the lock. This ensures correctness even under massive parallelism.

When a thread performs an atomic operation:

1. The target memory location is temporarily locked.

2. The value is fetched and updated.

3. The update is written back, and the lock is released.

No other thread can modify the same memory location during this sequence.

11.4.4.2 Atomic functions

HIP provides a wide set of atomic primitives to synchronize updates to shared memory or global memory locations:

Operation Description

atomicAdd Atomically adds a value to a memory location and returns the old value.
atomicSub Atomically subtracts a value.
atomicExch Atomically exchanges values between a register and memory.
atomicCAS Performs an atomic compare-and-swap; fundamental for implementing locks.
atomicMax / atom-
icMin

Updates to the maximum or minimum of two values.

atomicInc / atom-
icDec

Atomically increments or decrements a counter, wrapping at a boundary.

Atomic operations in kernels can operate on block scope (shared memory), device scope (global memory), or system
scope (system memory), depending on hardware support.

For more information, please check atomic functions.
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11.4.5 Image brightness histogram

We will compute a histogram that captures the distribution of pixel brightness in an RGB image. The algorithm:

1. Reads image data in channel-height-width format.

2. Converts RGB values to grayscale brightness.

3. Maps brightness to a histogram bin.

4. Atomically increments the corresponding bin counter.

11.4.5.1 Kernel implementation

__global__ void calculateHistogram(float* imageData, int* histogram,

int width, int height,

int channels, int numBins)

{

int x = blockIdx.x * blockDim.x + threadIdx.x;

int y = blockIdx.y * blockDim.y + threadIdx.y;

if (x >= width || y >= height)

return;

int idx = (y * width + x) * channels;

float brightness = 0.0f;

for (int c = 0; c < channels; ++c)

brightness += imageData[idx + c];

brightness /= channels; // Normalize to [0, 1]

int bin = static_cast<int>(brightness * numBins);

// Atomic increment to avoid race conditions

atomicAdd(&histogram[bin], 1);

}

11.4.5.1.1 Thread identification

Each thread computes one pixel’s contribution using its 2D thread and block indices:

int x = blockIdx.x * blockDim.x + threadIdx.x;

int y = blockIdx.y * blockDim.y + threadIdx.y;

This mapping provides a 1:1 correspondence between threads and pixels, making the computation naturally parallel.

11.4.5.1.2 Brightness computation

Each pixel’s brightness is computed as the arithmetic mean of its RGB channels:

I ′(x, y) =
R+G+B

3

This value is then normalized to [0, 1] and mapped to one of numBins histogram intervals.
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11.4.5.1.3 Safe histogram update

The key step is:

atomicAdd(&histogram[bin], 1);

This ensures that even if thousands of threads map to the same bin, each increment is serialized correctly, maintaining an
accurate bin count.

11.4.6 Performance characteristics

11.4.6.1 Benefits

• Correctness under parallel updates: Ensures race-free accumulation.

• Simplified synchronization: No explicit locks or barriers needed.

• Hardware-level efficiency: Implemented directly in the GPU memory subsystem.

11.4.6.2 Limitations

While atomic operations guarantee correctness, they can serialize execution when multiple threads target the same
memory address. This causes contention and reduces effective parallelism.

Typical performance degradation sources include:

• Hot bins: When many pixels fall into a small subset of bins.

• Global memory atomics: Global memory atomics are slower than shared memory atomics due to higher access
latency.

• Warp serialization: Threads within a warp waiting for the same atomic target serialize.

11.4.7 Best practices

1. Apply atomic operations only where necessary

Atomic instructions serialize access to a memory location and use can diminish SIMT parallel efficiency and in-
crease warp stalls. Restrict atomic usage to code paths where data races cannot be eliminated through algorithmic
restructuring.

2. Minimize contention

High contention on a single address or a small set of addresses leads to serialization. Distribute writes across
independent memory locations.

3. Validate correctness

Validate the numerical and logical correctness of GPU kernels by comparing against single-threaded or determin-
istic multi-threaded CPU baselines.

4. Profile regularly

GPU performance is highly sensitive to thread divergence, memory-access patterns, and workload distribution.
Regularly use profiling tools such as rocprofv3 or ROCm compute profiler to examine warp-level execution effi-
ciency, memory-coalescing behavior, occupancy, and atomic throughput bottlenecks.

The naive per-pixel atomicAdd above serializes on hot bins under high contention. For the full optimization progression
— shared-memory/LDS histograms and the two-pass partial-histogram technique, each validated with profiling data —
see the AMD ROCm Optimization Guide.
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11.4.8 Conclusion

Atomic operations provide a low-level synchronization mechanism that allows correct and deterministic parallel updates
to shared data structures. In the histogram example, atomicAdd() ensures that all threads safely contribute to their
corresponding bins, preventing race conditions.

While atomics incur some serialization overhead, they are indispensable for algorithms that require concurrent accumu-
lation or counting. By applying techniques like privatization and reduction, developers can achieve both correctness and
high performance on modern GPUs.

Atomic operations form the foundation for more advanced synchronization patterns, including parallel reductions, prefix
sums, and graph traversal, and are essential for developing scalable, data-parallel GPU algorithms.

11.5 CPU-GPU cooperative computing: K-means clustering tutorial

Modern heterogeneous systems combine CPUs andGPUs tomaximize computational throughput. GPUs providemassive
data-parallel performance, whereas CPUs excel at complex control logic, and latency-sensitive serial tasks. Many real-
world algorithms—including unsupervised clustering—contain both parallelizable and inherently sequential components.

This tutorial demonstrates a hybrid CPU–GPU cooperative execution model using the K-means clustering algorithm,
showcasing partitioned workload distribution, memory management, and performance optimization strategies in hetero-
geneous architectures.

11.5.1 Prerequisites

To follow this tutorial, you’ll need installed drivers and a HIP compiler toolchain to compile your code. HIP supports
compiling and running on Linux and Windows with AMD GPUs, the combination of install instructions is more than
worth covering as part of this tutorial. For more information about installing HIP development packages, see Install AMD
ROCm 10.1.0.

11.5.2 CPU–GPU cooperative computing

Modern computing platforms integrate central processing units (CPUs) and graphics processing units (GPUs) into
unified heterogeneous systems. Each processor type offers distinct architectural strengths:

• CPUs feature a small number of complex cores optimized for sequential execution, branching, and latency-sensitive
control flow.

• GPUs consist of thousands of simpler cores optimized for throughput and massive data-level parallelism.

Cooperative computing refers to a programming paradigm that combines these capabilities in a coordinated execu-
tion model, where both CPU and GPU perform complementary portions of a workload. Rather than treating the GPU
as a passive accelerator, this approach distributes computation dynamically between devices to maximize total system
utilization.

11.5.3 K-means clustering

K-means is an unsupervised machine learning algorithm that partitions a dataset into k clusters (groups of similar data
points) by minimizing intra-cluster variance. It iteratively refines cluster assignments and centroid (center point of a
cluster) locations until convergence.

The optimization objective is defined as:

min
C1,...,Ck

k∑
i=1

∑
xj∈Ci

∥xj − µi∥2

where µi is the centroid of cluster Ci.
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K-means is frequently used in:

• Customer segmentation: Grouping customers by behavior patterns

• Image compression: Reducing color palette by clustering similar colors

• Anomaly detection: Identifying outliers that don’t fit clusters

• Document clustering: Organizing similar documents together

• Feature engineering: Creating new features based on cluster membership

11.5.4 Algorithm

The K-means algorithm iteratively refines a partition of a dataset into k clusters by alternating between two primary
computational phases: assignment and update. Each iteration minimizes the total within-cluster variance, driving the
system toward convergence where centroid movement or membership changes fall below a defined threshold.

11.5.4.1 Iterative procedure

1. Initialization: Select initial centroids (random or via K-means++).

2. Assignment: Assign each data point to the nearest centroid.

3. Update: Recalculate each centroid as the mean of its assigned members.

4. Convergence: Repeat until centroids stabilize or a maximum iteration limit is reached.

These phases alternate until the solution converges or a maximum iteration count is reached.

11.5.4.1.1 Initialization

The algorithm begins by selecting initial centroid positions. This step significantly influences both convergence rate and
clustering quality.

• Random initialization: centroids are randomly chosen from the dataset.

• K-means++: probabilistic seeding to spread centroids across data space.

• Domain-specific heuristics: custom initializations for structured data.

Initial centroid diversity reduces the likelihood of poor local minima and improves overall stability.

11.5.4.1.2 Assignment

For each data point xi, the algorithm computes the Euclidean distance to each centroid µj and assigns the point to the
nearest cluster:

Ci = argmin
j

∥xi − µj∥2

• Each point–centroid distance calculation is independent.

• Ideal for SIMD/SIMT architectures (GPU execution).

• Dominated by dense floating-point arithmetic and memory bandwidth utilization.

This phase represents the embarrassingly parallel portion of the algorithm and provides the largest opportunity for GPU
acceleration.

210 Chapter 11. GPU programming patterns



AMD ROCm™ Programming Guide, Release 10.1.0

11.5.4.1.3 Update

Once all data points are assigned, new centroid positions are computed as the mean of their corresponding cluster mem-
bers:

µj =
1

|Cj |
∑

xi∈Cj

xi

• Requires aggregation and division per cluster.

• Involves variable membership counts across clusters.

• Reduction-heavy and branch-divergent.

Although reduction can be implemented on GPUs, small k values and irregular membership sizes typically make the CPU
more efficient for this phase, given its superior cache hierarchy and flexible control flow.

11.5.4.1.4 Convergence

After the update phase, convergence is evaluated using one of the following criteria:

• No change in point memberships.

• Centroid displacement below a user-defined threshold.

• Iteration count exceeds maximum limit.

If the convergence condition is not met, the assignment and update phases repeat.

11.5.4.2 Summary of cooperative execution

1. GPU: performs parallel distance evaluations and membership assignments.

2. CPU: executes centroid averaging and convergence checks.

3. Synchronization: only essential data (centroids and membership arrays) is exchanged per iteration.

This division of labor minimizes data movement and maximizes hardware utilization. The resulting hybrid implemen-
tation combines GPU throughput for massive data-parallel operations with CPU efficiency for aggregation and control
tasks, enabling scalable clustering performance on heterogeneous systems.

11.5.5 Implementation

This implementation follows a hybrid CPU/GPU design to accelerate the most computationally expensive phase of K-
means: assigning each data point to its nearest centroid. The GPU performs distance calculations in parallel, while the
CPU handles the centroid recomputation, where sequential reductions are efficient and data sizes are small. The algorithm
iterates between GPU-based membership updates and CPU-based centroid averaging until convergence or a maximum
iteration count is reached.

11.5.5.1 Data structures

The implementation stores all data in simple, contiguous arrays for efficient memory access on both CPU and GPU. Data
points and centroids are represented as flattened std::vector<float> arrays, while cluster assignments are stored as
std::vector<int>.

// length: Number of data points to cluster

// dimension: Number of features per data point

// k: Number of clusters

(continues on next page)
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std::vector<float> data; // Data points (length * dimension)

std::vector<float> centroids; // Centroid positions (k * dimension)

std::vector<int> memberships; // Cluster assignments (length)

11.5.5.2 Main loop

The core K-means iteration:

// length is an integer for the number of entries to be clustered.

// dimension is an integer for the number of properties of each entry.

// k is an integer that determines the number of clusters.

std::vector<float> centroids = initializeCentroids(length * dimension, k);

std::vector<int> memberships(length, 0);

for (int iteration = 0; iteration < maxIterations; ++iteration) {

// Determine the cluster that each entry belongs to.

// The function returns how many entries changed membership.

int membershipChanges = updateMembership(data, centroids, memberships);

// Converge checking.

if (membershipChanges == 0) {

break;

}

// Calculate new centroids.

std::vector<Point> newCentroids = centroids;

updateCentroid(data, newCentroids, memberships);

centroids = newCentroids;

}

Loop structure:

1. Update memberships using GPU

2. Check for convergence (no changes)

3. Update centroids using CPU

4. Repeat until convergence or max iterations

11.5.5.3 GPU membership update function

The updateMembership function serves as the interface between CPU and GPU:

int updateMembership(float* data, float* centroids, int* membership,

int dataSize, int dimension, int k) {

// gpuData is allocated and copied to the GPU earlier.

float *gpuCentroids, *gpuMembership;

// Allocate GPU memory

hipMalloc(&gpuCentroids, k * dimension * sizeof(float));

hipMalloc(&gpuMembership, dataSize * sizeof(int));

(continues on next page)
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// Copy data from CPU to GPU

hipMemcpy(gpuCentroids, centroids, k * dimension * sizeof(float),

hipMemcpyHostToDevice);

// Calculate the sizes for the kernel launch

int localSize = 256;

int globalSize = (dataSize + localSize - 1) / localSize;

// Launch the kernel

updateMembershipGPU<<<globalSize, localSize>>>(

gpuData, gpuCentroids, gpuMembership, dataSize, dimension, k);

hipDeviceSynchronize();

// Create CPU Data to hold the results

std::vector<int> cpuNewMembership(dataSize);

// Copy GPU data back to CPU

hipMemcpy(cpuNewMembership.data(), gpuMembership,

dataSize * sizeof(int), hipMemcpyDeviceToHost);

// Count membership updates

int membershipUpdate = 0;

for (int i = 0; i < dataSize; ++i) {

if (membership[i] != cpuNewMembership[i]) {

membershipUpdate++;

membership[i] = cpuNewMembership[i]; // Update the original

}

}

// Free GPU memory

hipFree(gpuCentroids);

hipFree(gpuMembership);

return membershipUpdate;

}

11.5.5.3.1 Step 1: GPU memory allocation

float *gpuCentroids, *gpuMembership;

hipMalloc(&gpuCentroids, k * dimension * sizeof(float));

hipMalloc(&gpuMembership, dataSize * sizeof(int));

Allocate space on the GPU for:

• Centroids: k centroids, each with dimension features

• Membership assignments: One cluster ID per data point
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11.5.5.3.2 Step 2: data transfer to GPU

hipMemcpy(gpuCentroids, centroids, k * dimension * sizeof(float),

hipMemcpyHostToDevice);

Transfer the current centroid positions from CPU to GPU. Note that the data points (gpuData) are already on the GPU
from earlier initialization.

11.5.5.3.3 Step 3: kernel configuration

int localSize = 256;

int globalSize = (dataSize + localSize - 1) / localSize;

• localSize: 256 threads per block (common choice)

• globalSize: Number of blocks needed to cover all data points

• Rounding up ensures we process all data points

11.5.5.3.4 Step 4: kernel launch

updateMembershipGPU<<<globalSize, localSize>>>(

gpuData, gpuCentroids, gpuMembership, dataSize, dimension, k);

hipDeviceSynchronize();

Launch the GPU kernel to compute cluster assignments in parallel, then wait for completion.

11.5.5.3.5 Step 5: retrieve results

std::vector<int> cpuNewMembership(dataSize);

hipMemcpy(cpuNewMembership.data(), gpuMembership,

dataSize * sizeof(int), hipMemcpyDeviceToHost);

Copy the new membership assignments back from GPU to CPU.

11.5.5.3.6 Step 6: count changes

int membershipUpdate = 0;

for (int i = 0; i < dataSize; ++i) {

if (membership[i] != cpuNewMembership[i]) {

membershipUpdate++;

membership[i] = cpuNewMembership[i];

}

}

Count how many data points changed clusters. This value determines if the algorithm has converged.

11.5.5.3.7 Step 7: cleanup

hipFree(gpuCentroids);

hipFree(gpuMembership);

return membershipUpdate;

Free temporary GPU memory and return the change count.
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11.5.5.3.8 Kernel implementation

__global__ void updateMembershipGPU(

float* data, float* centroids, int* membership,

int dataSize, int dimension, int k)

{

int tid = blockIdx.x * blockDim.x + threadIdx.x;

if (tid < dataSize) {

float minDistance = INFINITY;

int bestCluster = 0;

// Find nearest centroid

for (int cluster = 0; cluster < k; ++cluster) {

float distance = 0.0f;

// Calculate Euclidean distance

for (int d = 0; d < dimension; ++d) {

float diff = data[tid * dimension + d] -

centroids[cluster * dimension + d];

distance += diff * diff;

}

if (distance < minDistance) {

minDistance = distance;

bestCluster = cluster;

}

}

membership[tid] = bestCluster;

}

}

Kernel operation:

1. Each thread processes one data point

2. Calculates distance to all k centroids

3. Assigns point to nearest centroid

4. Stores result in membership array

11.5.5.4 CPU centroid update

The CPU handles the averaging operation:

void updateCentroid(float* data, float* centroids, int* membership,

int dataSize, int dimension, int k)

{

std::vector<int> counts(k, 0);

std::vector<float> sums(k * dimension, 0.0f);

// Accumulate sums for each cluster

for (int i = 0; i < dataSize; ++i) {

(continues on next page)
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int cluster = membership[i];

counts[cluster]++;

for (int d = 0; d < dimension; ++d) {

sums[cluster * dimension + d] += data[i * dimension + d];

}

}

// Calculate averages (new centroids)

for (int cluster = 0; cluster < k; ++cluster) {

if (counts[cluster] > 0) {

for (int d = 0; d < dimension; ++d) {

centroids[cluster * dimension + d] =

sums[cluster * dimension + d] / counts[cluster];

}

}

}

}

The centroid update requires:

1. Reduction operation: Sum all points in each cluster.

2. Variable-sized groups: Clusters have different numbers of points.

3. Division: Calculate average (not easily parallelized).

While GPUs can perform reductions, for this workload:

• The number of clusters (k) is typically small (< 100).

• The CPU can efficiently handle this sequential aggregation.

• Avoiding GPU complexity keeps code simpler.

11.5.5.4.1 Data transfer considerations

Data already on CPU:

• Membership array was just copied back.

• Data points can be kept on CPU for small datasets.

• Centroids are small (k × dimension values).

Transfer costs:

• Only centroids need to copy back to GPU.

• Much smaller than the full dataset.

• Overhead justified by parallel speedup in assignment phase.

11.5.6 Best practices

This section outlines recommended practices for implementing an efficient GPU-accelerated Breadth-First Search (BFS).
It highlights design principles, memory-management strategies, and debugging techniques that help ensure correctness,
maintainability, and high performance when mapping BFS onto modern GPU architectures.
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11.5.6.1 Design principles

1. Identify parallelism

Decompose the K-means workflow into independent, data-parallel kernels such as distance computation. Minimize
sequential dependencies in assignment and reduction steps.

2. Minimize host–device data movement

Maintain dataset and intermediate buffers resident on the GPU across iterations. Transfer only convergence metrics
or centroids when absolutely necessary.

3. Batch and fuse operations

Combine smaller kernels such as distance computation and assignment, or process multiple mini-batches per kernel
launch to reduce kernel invocation and PCIe transfer overhead.

4. Overlap communication with computation

Utilize asynchronous HIP streams to overlap host–device memory transfers with GPU kernel execution. Employ
pinned (page-locked) memory for faster DMA transfers.

11.5.6.2 Memory strategy

1. Persistent device allocations

Allocate GPU memory once before iterative processing. Reuse buffers such as those for centroids, assignments,
and temporary reductions to avoid the overhead of repeated hipMalloc() and hipFree() calls.

2. Data locality optimization

Co-locate data structures according to access frequency:

• Store high-throughput arrays (points, centroids) in global memory with coalesced access.

• Cache small, frequently reused values in shared memory or registers.

3. Transfer scheduling

Schedule host–device transfers asynchronously while the GPU executes kernels. Use HIP events or streams to
synchronize only when necessary.

4. Memory pooling and reuse

Use memory pools such as hipMallocAsync(), hipMallocFromPoolAsync(), or custom allocators to miti-
gate fragmentation and reduce allocation latency, especially in iterative or batched workloads.

11.5.6.3 Performance considerations

Aspect Recommendation

Large datasets GPU acceleration scales linearly with dataset size. Prioritize keeping data on GPU
to avoid PCIe bottlenecks.

Many iterations Use persistent buffers and asynchronous reduction to minimize per-iteration syn-
chronization overhead.

Small number of clusters (k) Kernel execution may be underutilized. CPU execution or hybrid scheduling may
be more efficient.

High-dimensional data Distance computation dominates cost. Leverage GPU sharedmemory for centroid
caching and ensure memory coalescing for point vectors.

11.5. CPU-GPU cooperative computing: K-means clustering tutorial 217

https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/memory_management.html#_CPPv4I0E9hipMalloc10hipError_tPP1T6size_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/memory_management.html#_CPPv47hipFreePv
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/memory_management/stream_ordered_memory_allocator.html#_CPPv4I0E14hipMallocAsync10hipError_tPP1T6size_t12hipMemPool_t11hipStream_t
https://rocm.docs.amd.com/projects/HIP/en/docs-10.1.0/reference/hip_runtime_api/modules/memory_management/stream_ordered_memory_allocator.html#_CPPv4I0E22hipMallocFromPoolAsync10hipError_tPP1T6size_t12hipMemPool_t11hipStream_t


AMD ROCm™ Programming Guide, Release 10.1.0

11.5.7 When to use CPU-GPU cooperation

• Hybrid computational structure

The algorithm exhibits a clear division between compute-intensive, data-parallel kernels such as distance compu-
tation in K-means and lightweight, control-heavy serial stages such as centroid updates or convergence checks.

• High arithmetic intensity in parallel regions

The GPU-executed portion performs substantial arithmetic operations per memory access, ensuring efficient uti-
lization of GPU cores and minimizing the impact of memory latency.

• Low-complexity reduction or synchronization on CPU

The CPU phase primarily aggregates results or performs decision logic that does not justify GPU kernel execution
overhead.

• Large-scale data processing

Dataset size exceeds the threshold where PCIe transfer costs can be amortized, enabling sustained GPU throughput
and effective memory reuse.

• Iterative or streaming workloads

Algorithms involving multiple iterations benefit from persistent GPU memory allocations and overlapped data
transfer, significantly reducing per-iteration latency.

11.5.8 When to avoid CPU-GPU cooperation

• Fully parallelizable workloads

Algorithms with uniform, independent computations across all data points are better suited for GPU-only execution
without CPU coordination overhead.

• Low computational density per element

If each data element requires few operations relative to transfer cost, CPU–GPU communication latency will dom-
inate, leading to suboptimal performance.

• High inter-phase data dependency

Frequent synchronization or data exchange between CPU and GPU phases prevents effective pipeline overlap and
leads to idle compute units.

• Small problem sizes

When datasets fit comfortably in CPU cache or system memory, the GPU launch overhead and transfer latency
outweigh any computational gains from offloading.

11.5.9 Conclusion

The K-means implementation illustrates heterogeneous workload partitioning between CPU and GPU. By mapping
compute-intensive, data-parallel operations to the GPU and reduction-heavy serial logic to the CPU, total runtime is
minimized while code complexity remains manageable.

This CPU–GPU cooperative execution paradigm generalizes to many algorithms combining reduction, aggregation, and
distance-based computation—enabling scalable, efficient utilization of modern heterogeneous hardware.
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11.6 Stencil operations: image convolution tutorial

Stencil operations represent an important class of embarrassingly parallel algorithms that are ideally suited for GPU
acceleration. A stencil algorithm iteratively updates data in an array based on a data item’s adjacent cells, making it a
fundamental technique in various computational domains.

11.6.1 Prerequisites

To follow this tutorial, you’ll need installed drivers and a HIP compiler toolchain to compile your code. HIP supports
compiling and running on Linux and Windows with AMD GPUs, the combination of install instructions is more than
worth covering as part of this tutorial. For more information about installing HIP development packages, see Install AMD
ROCm 10.1.0.

11.6.2 Applications of stencil operations

Stencil algorithms are commonly used in:

• Physics simulations: Modeling heat transfer, fluid dynamics, and wave propagation

• Partial differential equations: Numerical solutions to scientific computing problems

• Image processing: Convolutional operations for smoothing, sharpening, and edge detection

• Convolutional Neural Networks: A major building block in modern deep learning

By applying different image convolution kernels (not to be confused with GPU kernels), these algorithms can smooth and
sharpen image features and detect edges effectively.

11.6.3 Image convolution

An image convolution applies a small matrix (the mask or filter kernel) to an input image. For each pixel (x, y), the
output is computed as:

I ′(x, y) =

r∑
i=−r

r∑
j=−r

M(i, j) · I(x+ i, y + j)

whereM(i, j) is the mask coefficient, and r is half the mask width (assuming a square kernel).

Step by step description of the equation:

1. Center the mask over the current pixel

2. Multiply each mask value by the corresponding image pixel

3. Sum all the products

4. Store the result as the new pixel value

11.6.3.1 Dimensionality of stencils

Stencil computations extend beyond 2D image grids:

• 1D: Signal filtering, time series processing

• 2D: Image processing, texture analysis

• 3D: Volume data, fluid flow, and physical field simulation

This tutorial focuses on 2D image convolution, the most common stencil operation in visual and scientific computing.
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11.6.3.2 The smoothing operation

The tutorial implements a box blur (uniform smoothing filter). Each pixel’s new value is the average of its local neigh-
borhood. This operation:

• Reduces noise by averaging local intensity variations.

• Acts as a low-pass filter, attenuating high-frequency components.

• Provides an ideal example of a stencil computation with uniform weights.

11.6.4 Two-dimensional grid architecture

The tutorial uses a two-dimensional grid that maps to the shape of the image, significantly simplifying the implementation.
This approach:

• Maps threads directly to pixel positions

• Simplifies coordinate calculations

• Enables intuitive spatial reasoning

• Aligns with the natural structure of images

11.6.4.1 Grid configuration

Rather than using a single integer to represent the size of the grid, the tutorial uses a dim3 object containing three values
to represent the number of block-based work items per dimension:

• x dimension: Width of the image

• y dimension: Height of the image

• z dimension: Set to 1 for 2D problems

11.6.5 Complete implementation

This section provides the complete source code for the 2D convolution implementation.

11.6.5.1 Header and setup

#include <hip/hip_runtime.h>

#include <vector>

#include "image.h"

11.6.5.2 The convolution kernel

Here’s the complete 2D convolution kernel for image smoothing:

__global__ void conv2d(uint8_t *image, float *mask, int image_width,

int image_height, int mask_width, int mask_height)

{

int x = blockIdx.x * blockDim.x + threadIdx.x;

int y = blockIdx.y * blockDim.y + threadIdx.y;

if (x >= image_width || y >= image_height) {

return;

}

(continues on next page)
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(continued from previous page)

float sum = 0;

for (int i = 0; i < mask_width; i++) {

for (int j = 0; j < mask_height; j++) {

// Calculate the coordinate of the pixel to read.

int image_x = x + i - mask_width / 2;

int image_y = y + j - mask_height / 2;

// Do not read outside the image.

if (image_x < 0 || image_x >= image_width ||

image_y < 0 || image_y >= image_height) {

continue;

}

// Accumulate the value of the pixel.

int image_index = image_y * image_width + image_x;

int mask_index = j * mask_width + i;

sum += image[image_index] / 255.0f * mask[mask_index];

}

}

int image_index = y * image_width + x;

image[image_index] = sum * 255;

}

11.6.5.2.1 Thread identification in 2D

To obtain thread IDs in both x and y dimensions:

int x = blockIdx.x * blockDim.x + threadIdx.x;

int y = blockIdx.y * blockDim.y + threadIdx.y;

This calculation combines:

• threadIdx.x and threadIdx.y: Local thread coordinates within a block

• blockIdx.x and blockIdx.y: Block coordinates within the grid

• blockDim.x and blockDim.y: Block dimensions

11.6.5.2.2 Boundary checking

if (x >= image_width || y >= image_height) {

return;

}

This ensures threads don’t process pixels outside the image bounds. Threads that exceed the image dimensions simply
return without doing work.

11.6.5.2.3 Mask application loop

The nested loops iterate over the mask dimensions:
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for (int i = 0; i < mask_width; i++) {

for (int j = 0; j < mask_height; j++) {

// Process each mask element

}

}

11.6.5.2.4 Coordinate calculation

For each position in the mask, calculate the corresponding image coordinate:

int image_x = x + i - mask_width / 2;

int image_y = y + j - mask_height / 2;

The - mask_width / 2 and - mask_height / 2 center the mask over the current pixel.

11.6.5.2.5 Edge handling

if (image_x < 0 || image_x >= image_width ||

image_y < 0 || image_y >= image_height) {

continue;

}

This prevents reading outside the image boundaries. When the mask extends beyond the image edge, the code simply
skips those pixels (continue to the next iteration).

11.6.5.2.6 Accumulation

int image_index = image_y * image_width + image_x;

int mask_index = j * mask_width + i;

sum += image[image_index] / 255.0f * mask[mask_index];

For each mask position:

1. Calculate the flattened array index for the image pixel

2. Calculate the flattened array index for the mask value

3. Normalize the pixel value (divide by 255 to get 0-1 range)

4. Multiply by the mask weight and accumulate

11.6.5.2.7 Writing the result

int image_index = y * image_width + x;

image[image_index] = sum * 255;

After processing all mask positions, write the accumulated result back to the output image, scaling back to the 0-255
range.

11.6.5.3 Host code implementation

The host code manages memory allocation, data transfer, and kernel launch.
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11.6.5.3.1 Main function setup

int main() {

int width, height, channels;

static const int maskWidth = 200;

static const int maskHeight = 200;

std::vector<float> mask(maskWidth * maskHeight * channels);

// Initialize mask with uniform averaging weights

for (int i = 0; i < maskWidth * maskHeight; ++i) {

mask[i] = 1.0f / maskWidth / maskHeight / channels;

}

// Load an image from disk (implementation not shown)

11.6.5.3.2 Mask initialization

The mask is initialized with uniform weights that sum to 1.0:

• Each element is 1.0 / (maskWidth * maskHeight * channels)

• This creates an averaging filter

• When applied, it produces a smoothing (blurring) effect

11.6.5.3.3 Memory allocation and data transfer

// Allocate GPU memory and copy data to the GPU.

uint8_t *d_image;

float *d_mask;

hipMalloc(&d_image, width * height * channels * sizeof(uint8_t));

hipMalloc(&d_mask, maskWidth * maskHeight * channels * sizeof(float));

hipMemcpy(d_image, image, width * height * channels * sizeof(uint8_t),

hipMemcpyHostToDevice);

hipMemcpy(d_mask, mask.data(),

maskWidth * maskHeight * channels * sizeof(float),

hipMemcpyHostToDevice);

11.6.5.3.4 Grid configuration and kernel launch

// Calculate grid size and launch the kernel.

dim3 block_size = {16, 16, 1};

dim3 grid_size = {(width + block_size.x - 1) / block_size.x,

(height + block_size.y - 1) / block_size.y, 1};

conv2d<<<grid_size, block_size>>>(d_image, d_mask, width, height,

maskWidth, maskHeight);

hipDeviceSynchronize();

Grid size calculation:

• block_size: 16 × 16 threads per block (256 threads total).

• grid_size: Calculated to cover the entire image.
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• The (width + block_size.x - 1) / block_size.x formula ensures there are enough blocks to cover all
pixels, rounding up.

11.6.5.3.5 Retrieving results and cleanup

// Copy the data back to the host.

hipMemcpy(image, d_image, width * height * channels * sizeof(uint8_t),

hipMemcpyDeviceToHost);

// Store the image to disk (implementation not shown)

hipFree(d_image);

hipFree(d_mask);

return 0;

}

11.6.6 Performance considerations

For high-resolution images for example 4096×4096 pixels, the GPU acceleration provides:

• Massive parallelism: Tens of thousands of concurrent threads.

• High throughput: Leveraging GPU memory bandwidth and computational density.

• Scalability: Linear speedup with increased SM occupancy.

Typical speedups over CPU implementations range from 10× to 100×, depending on image size, mask complexity, and
GPU architecture.

11.6.6.1 Memory access patterns

Image convolution requires repeated access to neighboring pixels, leading to non-coalesced memory transactions. Opti-
mizing memory access is essential:

• Non-coalesced memory accesses (not all accesses are contiguous).

• Repeated reads of the same pixels by adjacent threads.

• Potential for optimization using shared memory (advanced technique).

11.6.7 Best practices

1. Handle boundaries carefully

Conditional branches in edge regions can cause wavefronts or warps to execute serially. Prefer approaches that
avoid per-thread branching, including:

• Pre-clamping coordinates to valid index ranges

• Padding or haloing input images so all threads operate on valid data

• Using hardware boundary modes (such as texture sampling modes on RDNA) to offload boundary handling

These techniques help maintain high SIMD lane utilization across the entire grid.

2. Center your stencil properly

Compute the stencil origin using mask_width / 2 (or the equivalent for rectangular masks) to ensure correct align-
ment between the input data and the mask coefficients. This prevents off-by-one misalignment that can propagate
as spatial artifacts.
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3. Select mask sizes based on compute–memory tradeoffs

Larger kernels increase arithmetic intensity but also expand the set of neighbor loads per output element. Balance
mask dimensions with available bandwidth, register pressure, and shared-memory capacity, particularly when im-
plementing separable or multi-pass stencils.

4. Normalize properly

Ensure mask weights sum to the intended normalization constant, commonly 1.0 for averaging operations. When
using integer or half-precision paths, verify scaling behavior to avoid overflow or unintended bias.

5. Consider edge strategies

Adopt a clear policy for pixels whose neighborhoods extend outside the valid domain. Options include skipping
output generation, clamping to the nearest valid coordinate, wrapping coordinates, or mirroring.

11.6.8 Conclusion

Stencil operations are a fundamental pattern in GPU computing that enables efficient parallel processing of spatially-
dependent data. The 2D convolution example demonstrates:

• How to structure kernels for stencil patterns

• Proper boundary handling for neighborhood operations

• Effective use of 2D thread grids that map naturally to image structure

• Memory access patterns for adjacent data elements

By understanding stencil operations, developers can implement a wide range of image processing algorithms, scientific
simulations, and deep learning operations on GPUs. The patterns demonstrated here extend beyond image processing to
any computational problem involving spatial relationships in multi-dimensional data.

The key to successful stencil implementations is carefully managing boundary conditions, ensuring correct coordinate
calculations, and leveraging the GPU’s parallel architecture to process many independent stencil operations simultane-
ously.

11.7 Multi-kernel programming: breadth-first search tutorial

Many real-world GPU workloads involve multiple kernels cooperating to solve a single problem. This tutorial explores
multi-kernel GPU programming using the breadth-first search (BFS) algorithm, a foundational graph traversal method
widely used in networking, path-finding, and social network analysis.

The implementation is adapted from theRodinia benchmark suite, a well-known collection of heterogeneous computing
workloads that demonstrate different parallel programming strategies.

11.7.1 Prerequisites

To follow this tutorial, you’ll need installed drivers and a HIP compiler toolchain to compile your code. HIP supports
compiling and running on Linux and Windows with AMD GPUs, the combination of install instructions is more than
worth covering as part of this tutorial. For more information about installing HIP development packages, see Install AMD
ROCm 10.1.0.

11.7.2 Multi-kernel GPU programming

In GPU computing, some algorithms cannot be efficiently expressed using a single kernel due to synchronization or
dependency constraints. Instead, they are decomposed into multiple kernels that execute sequentially, with each kernel
responsible for a specific computation phase.

This approach, calledmulti-kernel programming, is essential when:
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• Results from one kernel determine the input for the next.

• Global synchronization between thread blocks is required.

• Control flow depends on runtime conditions.

• The algorithm involves iterative or level-wise processing.

11.7.3 Breadth-first search (BFS)

Breadth-first search (BFS) is a layered graph traversal algorithm that explores nodes level by level, starting from a root
node. It guarantees finding the shortest path (in edge count) to all reachable nodes in an unweighted graph.

Applications of BFS include:

• Path-finding: Finding shortest paths between nodes.

• Peer-to-peer networking: Network topology discovery.

• GPS navigation: Route planning and optimization.

• Social networks: Friend recommendations and connection analysis.

• Web crawling: Systematic website exploration.

11.7.3.1 Algorithm characteristics

BFS is structured as a level-synchronous algorithm:

• Nodes in the same graph level are processed concurrently.

• A queue (or “frontier”) tracks which nodes to explore next.

• Each node is visited once to prevent redundant processing.

Sequential BFS is straightforward but inherently serial due to the level-by-level dependency between nodes. GPU paral-
lelization requires restructuring the traversal to exploit data parallelism across nodes within the same frontier.

11.7.4 Sequential BFS algorithm

Let’s first understand how BFS works sequentially before parallelizing it.

11.7.4.1 Example graph

Consider a simple graph with four nodes:

R (root)

/ \

A B

\ /

C

11.7.4.2 Step-by-step execution

Step 1: Start at the root node R

• Mark R as visited

• Enqueue R

• Queue: [R]

Step 2: Process R
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• Dequeue R

• Discover neighbors: A and B

• Enqueue both, mark as visited

• Queue: [A, B]

Step 3: Process A

• Dequeue A

• Neighbors: R (visited) and C (new)

• Enqueue C

• Queue: [B, C]

Step 4: Process B

• Dequeue B

• Neighbors: R (visited) and C (visited)

• Queue: [C]

Step 5: Process C

• Dequeue C

• All neighbors visited

• Queue becomes empty — traversal complete

11.7.5 Parallel BFS on GPU

Unlike dense linear algebra, BFS is an irregular algorithm. The amount of work per node varies, and the connectivity
pattern of the graph drives execution. The main challenges are:

1. Data dependencies: nodes in the next level depend on the previous level.

2. Irregular parallelism: each frontier may contain a very different number of nodes.

3. Dynamic workload: the size of the next frontier is unknown at runtime.

4. Synchronization: all nodes in one frontier must complete before the next begins.

The frontier is the set of nodes being processed at a given BFS level. Parallel BFS executes all frontier nodes simultane-
ously, using one thread per node to discover new neighbors and mark them for the next iteration.

11.7.5.1 Implementation strategy

The GPU implementation performs BFS using two cooperating kernels:

1. Kernel 1: processes all nodes in the current frontier.

2. Kernel 2: updates the next frontier and checks if work remains.

This design provides implicit synchronization between levels while avoiding race conditions. The host (CPU) manages
the iterative control loop, launching kernels repeatedly until no more frontier nodes exist.
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11.7.6 Data structures

The graph is represented using adjacency lists stored in arrays:

struct Node {

int starting; // starting index in the edge list

int no_of_edges; // number of outgoing edges

};

Main arrays:

• g_graph_nodes: node array storing offsets into the edge list.

• g_graph_edges: flattened list of edge destinations.

• g_graph_mask: boolean array indicating active frontier nodes.

• g_updating_graph_mask: marks nodes to be added to the next frontier.

• g_graph_visited: tracks which nodes were visited.

• g_graph_cost: stores the distance (edge count) from the source node.

Control flow flags:

• g_over: device-side flag indicating whether another iteration is needed.

• The host resets this flag each iteration and checks it after kernel execution.

11.7.7 The two-kernel approach

The two-kernel structure ensures correctness and efficient synchronization:

• Exploration kernel (Kernel 1) discovers new nodes.

• Update kernel (Kernel 2) finalizes state for the next iteration.

This separation:

• Avoids race conditions between threads of different levels.

• Provides synchronization between BFS levels.

• Keeps control logic simple on the host side.

11.7.7.1 Kernel 1: process current frontier

Each thread processes one node from the current frontier, examining all of its outgoing edges:

__global__ void Kernel1(

Node* g_graph_nodes,

int* g_graph_edges,

bool* g_graph_mask,

bool* g_updating_graph_mask,

bool* g_graph_visited,

int* g_graph_cost,

int no_of_nodes)

{

int tid = hipBlockIdx_x * MAX_THREADS_PER_BLOCK + hipThreadIdx_x;

if (tid < no_of_nodes && g_graph_mask[tid]) {

g_graph_mask[tid] = false;

(continues on next page)
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for (int i = g_graph_nodes[tid].starting;

i < g_graph_nodes[tid].starting + g_graph_nodes[tid].no_of_edges;

i++) {

int id = g_graph_edges[i];

if (!g_graph_visited[id]) {

g_graph_cost[id] = g_graph_cost[tid] + 1;

g_updating_graph_mask[id] = true;

}

}

}

}

Kernel 1 responsibilities:

• Clear the node’s mask (mark processed).

• Explore all edges.

• For each unvisited neighbor:

– Compute cost (distance).

– Add to the next frontier.

11.7.7.2 Kernel 2: update frontier

This kernel finalizes the next frontier:

__global__ void Kernel2(

bool* g_graph_mask,

bool* g_updating_graph_mask,

bool* g_graph_visited,

bool* g_over,

int no_of_nodes)

{

int tid = hipBlockIdx_x * MAX_THREADS_PER_BLOCK + hipThreadIdx_x;

if (tid < no_of_nodes && g_updating_graph_mask[tid]) {

g_graph_mask[tid] = true;

g_graph_visited[tid] = true;

*g_over = true;

g_updating_graph_mask[tid] = false;

}

}

Kernel 2 responsibilities:

• Move newly discovered nodes into the active frontier.

• Mark them as visited.

• Signal continuation via *g_over.
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11.7.8 Host-side control loop

do {

h_over = false;

hipMemcpy(d_over, &h_over, sizeof(bool), hipMemcpyHostToDevice);

Kernel1<<<num_blocks, MAX_THREADS_PER_BLOCK>>>(

d_graph_nodes, d_graph_edges, d_graph_mask,

d_graph_updating_graph_mask, d_graph_visited,

d_graph_cost, no_of_nodes);

hipDeviceSynchronize();

Kernel2<<<num_blocks, MAX_THREADS_PER_BLOCK>>>(

d_graph_mask, d_graph_updating_graph_mask,

d_graph_visited, d_over, no_of_nodes);

hipDeviceSynchronize();

hipMemcpy(&h_over, d_over, sizeof(bool), hipMemcpyDeviceToHost);

} while (h_over);

The loop exits when no new nodes are discovered. g_over or h_over on host side remains false after one full iteration.

11.7.9 Performance characteristics

This section examines the performance characteristics of the parallel BFS implementation.

11.7.9.1 Parallelism patterns

Within each iteration:

• High parallelism: All frontier nodes processed simultaneously

• Work distribution: One thread per node

Across iterations:

• Sequential: Must complete one level before starting the next

• Variable parallelism: Different levels may have different numbers of nodes

11.7.9.2 Workload characteristics

Characteristic Description

Irregular Frontier size varies dramatically across levels
Data-dependent Graph structure determines parallel work available
Dynamic Cannot predict workload statically
Memory-bound Many memory accesses per computation

11.7.10 Best practices

This section outlines recommended practices for implementing an efficient GPU-accelerated breadth-first search (BFS).
It highlights design principles, memory-management strategies, and debugging techniques that help ensure correctness,
maintainability, and high performance when mapping BFS onto modern GPU architectures.
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11.7.10.1 Design principles

1. Define clear kernel roles

Decompose BFS into well-definedGPU kernels, each responsible for a specific phase of computation. For example:

• Kernel 1: frontier expansion (discovering new nodes)

• Kernel 2: frontier update (marking next-level nodes)

This separation simplifies synchronization and ensures that each kernel operates on independent data regions.

2. Minimize host–device communication

Keep graph data structures (nodes, edges, masks) resident on the GPU across iterations. Only transfer lightweight
control flags such as g_over to the host each loop iteration to check termination conditions.

3. Kernel boundaries as synchronization points

Kernel launch boundaries on the same stream naturally enforce global synchronization across all threads on the
GPU. Each kernel invocation completes before the next begins, ensuring that:

• All nodes in the current frontier are fully processed before updating the next frontier.

• Memory updates to arrays like g_graph_cost or g_graph_mask are visible to all threads in subsequent
kernels.

This avoids the need for costly device-wide barriers or explicit synchronization primitives within a single kernel.
Leverage kernel sequencing to structure iterative algorithms cleanly—each kernel represents one computation phase
per BFS level.

4. Flag-based control

Use device-side flags for dynamic termination and conditional control flow. In BFS, the Boolean flag g_over
serves as a device-to-host signal indicating whether new nodes were discovered during the current iteration.

• Initialize g_over to false on the host at the start of each iteration.

• Allow GPU threads in Kernel 2 to set *g_over = true when adding new nodes to the next frontier.

• After kernel completion, copy the flag back to the host using hipMemcpy(). If g_over remains false, the
traversal is complete.

This mechanism avoids repeated host intervention and enables a tight CPU–GPU control loop that dynamically
adapts to workload size without transferring large data structures.

11.7.10.2 Memory strategy

1. Persistent device allocations

Allocate all required device buffers once prior to traversal. Reuse these allocations across multiple BFS runs or
multiple source nodes to minimize the overhead of repeated hipMalloc() and hipFree() calls.

2. Minimize host–device communication

Keep graph data structures (nodes, edges, masks) resident on the GPU across iterations. Only transfer lightweight
control flags such as g_over to the host each loop iteration to check termination conditions.

3. Use pinned host memory for control flags

When copying g_over or other control signals between host and device, allocate host memory using pinned (page-
locked) buffers to accelerate DMA transfers.
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11.7.10.3 Debugging and validation

1. Frontier validation

After each iteration, verify the number of nodes marked in g_graph_mask. Unexpected empty or overfull fron-
tiers often indicate incorrect synchronization or uninitialized masks.

2. Termination condition check

Confirm that the host-side loop terminates when g_over remains false for one iteration. If the loop never ends,
ensure g_over is reset on the host before each kernel launch.

3. Result verification

Compare computed distances in g_graph_cost against a CPU reference implementation for small graphs to
validate correctness.

4. Profiling and bottleneck detection

Use tools such as rocprofv3 or ROCm compute profiler to measure per-kernel execution times, memory throughput,
and synchronization overhead.

5. Logging and debug builds

Enable optional logging for iteration counts, frontier sizes, and synchronization states during development. Disable
logging in production builds to avoid performance impact.

11.7.11 Conclusion

Multi-kernel GPU programming is essential for complex algorithms that require:

• Multiple phases of computation.

• Data dependencies between phases.

• Dynamic control flow based on intermediate results.

The BFS example demonstrates:

• How to decompose algorithms into multiple cooperating kernels.

• Techniques for managing frontiers and iterative processing.

• Strategies for handling irregular and dynamic parallelism.

• Proper synchronization between kernel launches.

Key takeaways:

1. Kernel boundaries provide synchronization: Use them strategically to ensure correctness.

2. Separate exploration from update: Prevents race conditions in level-based algorithms.

3. Host controls iteration: CPU manages the overall loop while GPU does heavy lifting.

4. Flags enable dynamic control: Device-side flags allow work-dependent termination.

Understanding multi-kernel patterns enables developers to implement sophisticated algorithms like graph processing,
dynamic programming, and iterative refinement methods efficiently on GPUs.
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HIP COMPILERS

ROCm provides tools for compiling HIP applications for use on AMD GPUs. The compilers set up the default libraries,
and include paths for the HIP and ROCm libraries, along with required environment variables. For more information,
see the ROCm compiler reference.

12.1 Compilation workflow

HIP provides a flexible compilation workflow that supports both offline compilation and runtime or just-in-time (JIT)
compilation. Each approach has advantages depending on the use case, target architecture, and performance needs.

The offline compilation is ideal for production environments, where the performance is critical, and the target GPU
architecture is known in advance.

The runtime compilation is useful in development environments or when distributing software that must run on a wide
range of hardware without the knowledge of the GPU in advance. It provides flexibility at the cost of some The run-
time compilation is useful in development environments or when distributing software that must run on a wide range of
hardware without prior knowledge of the GPU. It provides flexibility at the cost of some performance overhead.

12.1.1 Offline compilation

Offline compilation is performed in two steps: host and device code compilation.

• Host-code compilation: On the host side, amdclang++ or hipcc can compile the host code in one step without
other C++ compilers.

• Device-code compilation: The compiled device code is embedded into the host object file. Depending on the
platform, the device code can be compiled into assembly or binary.

For an example on how to compile HIP from the command line, see SAXPY tutorial .

12.1.2 Runtime compilation

HIP allows you to compile kernels at runtime using the hiprtc* API. Kernels are stored as a text string, which is passed
to HIPRTC alongside options to guide the compilation.

For more information, see HIP runtime compiler.

12.2 Target GPU architectures (GFX IP)

Instructions in the AMDGPU instruction set architecture (ISA) are compatible only with certain physical GPU architec-
tures. The versioning system that abstracts hardware details from compilers and software is called the GFX IP version.
Each AMD GPU family, such as RDNA or CDNA, defines its own GFX IP identifiers. These identifiers specify which
instruction formats, memory models, and compute features are supported by that generation of hardware.
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A GFX version is expressed as a short string, for example:

• gfx90a—CDNA2 (MI250 series)

• gfx942—CDNA3 (MI300 series)

• gfx1100—RDNA3 (RX 7900 series)

Most GFX IP versions are composed of three numerical fields, which act roughly like a major-minor-subminor versioning
system:

• The major version corresponds to the architectural family (for example, CDNA3 versus RDNA3).

• The minor version encodes core feature updates within that family (for example, newMFMA or LDS capabilities).

• The subminor version may specify packaging or stepping differences (for example, MI300A versus MI300X).

Each new generation introduces additional hardware features, for example, mixed-precision MFMA instructions, asyn-
chronous data movement engines, and updated cache hierarchies, while maintaining broad forward compatibility for code
compiled at the intermediate representation (IR) level. When compiling GPU programs with amdclang++, the target
GFX architecture determines the ISA and hardware features available to the kernel.

For example, compiling for the MI300X would use:

amdclang++ --offload-arch=gfx942 kernel.cpp -o kernel.out

The compiler uses this flag to emit optimized machine code for that GPU’s compute units, matrix cores, and memory
subsystem. The GFX IP acts as a virtual hardware target, decoupling high-level programming models (HIP, OpenMP,
OpenCL) from the underlying physical GPU design.

While AMD does not explicitly name its compatibility model as “onion-layered,” the GFX IP system follows a similar
principle: newer architectures generally extend, rather than break, existing instruction sets.

Thus, code compiled for an older architecture (for example, gfx90a) can often be re-optimized or recompiled for a
newer one (gfx942) with minimal modification. However, compatibility is not guaranteed across major GFX families,
since those may introduce fundamentally new pipelines or execution semantics.

12.3 AMDGPU assembly

AMDGPU assembly, sometimes called GFX ISA (Instruction Set Architecture), is the low-level assembly format for
programs running directly on AMD GPUs. It is the lowest-level human-readable representation of GPU instructions,
typically generated by the ROCm compiler toolchain and converted into binary microcode for execution on the device.

Each AMD GPU architecture family, such as RDNA or CDNA, defines its own GFX ISA version. For example:

• gfx90a corresponds to CDNA2 (MI250 series)

• gfx942 corresponds to CDNA3 (MI300 series)

• gfx1100 corresponds to RDNA3 consumer GPUs

Each version defines its unique instruction encodings, supported data types, and pipeline behavior. Compiled GPU kernels
must target a specific GFX architecture to ensure instruction compatibility and optimal scheduling.

AMDGPU assembly is rich and expressive, exposing every level of GPU behavior: scalar operations, vector math, mem-
ory access, synchronization, and matrix-multiply instructions. A few examples of instructions from the gfx942 archi-
tecture include:

• v_add_f32 v0, v1, v2— add 32-bit floats in vector registers

• s_mov_b32 s4, 0x3f800000—move immediate value (1.0f) into a scalar register
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• v_mfma_f32_16x16x4f16 v[0:15], v[16:31], v[32:47], v[0:15] — perform a 16×16×4 matrix
fused multiply-add

• s_barrier— synchronize all warps in the work-group

In this syntax:

• v_ instructions operate on vector registers (VGPRs) per thread.

• s_ instructions operate on scalar registers (SGPRs) shared by the warp.

• Specialized matrix instructions (v_mfma_*) invoke the Matrix Core (MFMA) hardware units.

While it is possible to write AMDGPU assembly by hand, this practice is rare. In most cases, developers review com-
piler‑generated assembly to optimize kernels, analyze register pressure, or refine memory‑access behavior.

The ROCm disassembler (llvm-objdump) and ROCm profiler (rocprofv3) allow inspection of generated GFX ISA
alongside high-level HIP or OpenMP source code. Because the instruction semantics and binary encodings are publicly
documented by AMD, the GFX ISA is a fully open, compiler-targetable standard.

This openness allows tool developers, performance engineers, and researchers to reason about GPU behavior at the in-
struction level, bridging the gap between hardware and high-level kernel code.

12.4 AMDGPU intermediate representation

AMDGPU intermediate representation (AMDGPU IR) is an intermediate representation for code that runs on AMD
GPUs and other parallel processors. It is one of the key outputs of the ROCm compiler toolchain, produced by amd-
clang++ before being translated into architecture-specific GPU assembly (GFX ISA).

AMD documentation refers to this layer as both a virtual instruction set and a target-specific dialect of LLVM IR. From
a programmer’s perspective, AMDGPU IR defines a virtual machine model for parallel thread execution: compilers and
optimizers emit this IR with the expectation that it will execute with consistent semantics across multiple generations of
AMD hardware, including future architectures not yet released.

This makes AMDGPU IR a “narrowwaist” between software and hardware, abstracting the details of the physical compute
units, warp schedulers, and memory hierarchies, while still providing explicit control over threads, registers, and memory
spaces.

Unlike traditional CPU ISAs, AMDGPU IR is not executed directly. Instead, it is further compiled (either just‑in‑time
or ahead‑of‑time) into GFX ISA, the device-specific binary that runs on a given GPU architecture (for example, gfx942
for CDNA3 MI300X or gfx1200 for RDNA3). This multi-stage compilation allows forward compatibility: kernels
compiled for one generation can often be re-optimized and executed efficiently on newer hardware through updated
ROCm runtimes and drivers. Some exemplary fragments of AMDGPU IR:

; declare usage of 64 vector registers

!amdgpu.num_vgpr = !{i32 64}

; perform fused multiply-add

%f5 = call float @llvm.fma.f32(float %f3, float %f4, float 1.5)

; read thread and workgroup indices

%tid = call i32 @llvm.amdgcn.workitem.id.x()

%wgid = call i32 @llvm.amdgcn.workgroup.id.x()

These instructions represent operations in the virtual machine model:

• Registers are virtual VGPRs/SGPRs dynamically mapped to physical hardware registers by the compiler.

• Arithmetic and memory intrinsics (llvm.fma, llvm.amdgcn.buffer.load) map one-to-one to GPU instruc-
tions.
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• Built-in functions like llvm.amdgcn.workitem.id.x() access special per-thread state, such as the current
thread or block index.

The AMDGPU IR machine model reflects the hardware reality of AMD GPUs: a single instruction stream drives a
wavefront of 64 threads that execute in lockstep on the SIMD pipelines, each maintaining its own register state while
sharing program flow and local memory. Warps cooperate through the Local Data Share (LDS) and synchronize via
barriers, the same abstractions exposed in the high-level ROCm programming model.

Since AMDGPU IR is integrated with the open-source LLVM compiler infrastructure, its syntax and semantics are well-
documented and publicly accessible. Developers can inspect, modify, or emit AMDGPU IR directly for performance
analysis, research, or custom toolchains.

12.5 ROCm binary utilities

The ROCm binary utilities are a collection of command-line tools for examining and manipulating GPU binaries pro-
duced by amdclang++ or other ROCm build tools. These utilities allow developers to inspect, disassemble, and an-
alyze AMDGPU code objects, the compiled GPU kernels embedded in host executables or distributed as standalone
.hsaco files. Previous ROCm versions shipped with the roc-obj-ls, roc-obj-extract, and roc-obj utili-

ties. These have been deprecated in favor of enhanced capabilities now available in standard LLVM object tools, such
as llvm-objdump and llvm-readobj. For more information, see llvm-objdump — LLVM’s object file dumper at.

The llvm-objdump utility provides multiple capabilities for analyzing GPU binaries. With the --offloading flag, it
can list and extract information from the contents of ROCm binaries, including code object metadata, kernel symbols,
target architectures (for example, gfx90a, gfx1100), and linkage details. It supports both standalone .hsaco files
and “fat binaries” stored as embedded objects within host executables. In current releases, the tool additionally extracts
HIP fat‑binary bundle entries into standalone code object files. With the --triple=amdgcn option, it can disassemble
GPU kernels into readable AMDGPU ISA, allowing detailed examination of instruction streams, register usage, and
control‑flow structure. Such capabilities are critical for performance tuning, correctness verification, and low‑level kernel
analysis, including tasks such as optimizing MFMA instructions or assessing compiler‑generated transformations.

The llvm-readobj tool, used with the --offloading flag, provides a complete listing of HIP fat‑binary offload bundle
entries, superseding the earlier roc-obj-ls utility.

Together, these utilities provide developers with insight into how HIP C++ code is compiled, optimized, and mapped
to GPU hardware. They complement profiling tools like rocprofv3 by exposing the static structure of compiled GPU
binaries.

12.6 Static libraries

amdclang++ supports generating two types of static libraries.

• The first type of static library only exports and launches host functions within the same library and not the device
functions. This library type offers the ability to link with another compiler such as gcc. Additionally, this library
type contains host objects with device code embedded as fat binaries. This library type is generated using the flag
--emit-static-lib:

amdclang++ hipOptLibrary.cpp --emit-static-lib -fPIC -o libHipOptLibrary.a

gcc test.cpp -L. -lhipOptLibrary -L/path/to/hip/lib -lamdhip64 -o test.out

• The second type of static library exports device functions to be linked by other code objects by using amdclang++
as the linker. This library type contains relocatable device objects and is generated using ar:

amdclang++ hipDevice.cpp -c -fgpu-rdc -o hipDevice.o

ar rcsD libHipDevice.a hipDevice.o

amdclang++ libHipDevice.a test.cpp -fgpu-rdc -o test.out
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Examples of this can be found in rocm-examples under static host libraries or static device libraries.
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THIRTEEN

OPTIMIZING PERFORMANCE

Performance optimization is essential for unlocking the full potential of AMD GPUs in HIP applications. While writing
correct GPU code is the first step, achieving optimal performance requires understanding GPU architecture, memory
hierarchies, and execution patterns. Modern AMD GPUs offer massive parallel processing capabilities with thousands
of computing cores and high-bandwidth memory systems. However, realizing this potential requires careful attention to
how kernels are structured, how memory is accessed, and how computational resources are utilized.

This collection of tutorials demonstrates proven optimization techniques that can dramatically improve application per-
formance. The optimization techniques presented here address common performance bottlenecks and provide practical
strategies for improvement.

For a deeper, profiling-driven treatment of optimization patterns such as parallel reduction and tiled matrix multiplication,
see the AMD ROCm Optimization Guide.

13.1 Performance optimization challenges

Optimizing GPU applications presents unique challenges that differ from traditional CPU optimization:

• Performance portability: Optimization techniques that work well on one GPU architecture may not yield similar
results on another due to architectural differences.

• Memory bandwidth limitations: GPU performance is often constrained by memory bandwidth rather than com-
putational throughput, requiring careful attention to memory access patterns.

• Thread organization: The way threads are organized into blocks and grids significantly impacts performance,
with optimal configurations varying by workload and hardware.

• Resource utilization: Achieving high GPU utilization requires balancing multiple factors including occupancy,
memory coalescing, and instruction throughput.

• Profiling complexity: Understanding performance bottlenecks requires systematic measurement and analysis us-
ing specialized profiling tools.

13.2 Optimization principles

Effective GPU optimization follows several key principles:

Start with correctness: Always verify that your code produces correct results before optimizing. Performance improve-
ments are meaningless if the output is incorrect.

Measure before optimizing: Use profiling tools to identify actual bottlenecks rather than optimizing based on assump-
tions. The most time-consuming portions of your code deserve the most attention.

Optimize iteratively: Apply one optimization technique at a time and measure its impact. This approach helps you
understand which techniques are most effective for your specific workload.
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Consider the target architecture: Different AMD GPU architectures (CDNA, RDNA) have different characteristics.
Optimization strategies should account for the specific hardware you’re targeting.

Balance multiple factors: GPU performance depends on the interplay of occupancy, memory bandwidth, instruction
throughput, and other factors. Optimizing one aspect may negatively impact another, requiring careful balance.

13.2.1 Performance analysis workflow

Effective performance optimization requires systematic measurement and analysis. The recommended workflow for
optimizing HIP applications includes:

1. Profile your application using tools like rocprofv3, the ROCm Compute Profiler, or the ROCm Systems Profiler
to identify performance bottlenecks and collect execution traces.

2. Analyze the profiling data to understand kernel execution times, memory transfer overhead, and GPU utilization
patterns.

3. Apply optimization techniques based on your analysis, focusing on the most impactful bottlenecks first.

4. Measure and validate improvements by re-profiling your optimized code to ensure changes have the desired effect.

13.2.2 Prerequisites

To get the most from these tutorials, you should have:

• Understanding of HIP programming fundamentals (see SAXPY Tutorial - Hello HIP).

• Familiarity with GPU architecture concepts (see Hardware implementation).

• HIP runtime environment installed (see Install AMD ROCm 10.1.0).

• Basic knowledge of performance profiling concepts (recommended).

13.3 Optimization tutorials

This collection provides comprehensive tutorials on essential HIP performance optimization techniques:

• Highly parallel workloads: Optimizing embarrassingly parallel algorithms like image processing.

• Fixed-sized kernels: Reducing thread dispatch overhead through fixed kernel dimensions.

• Tiling and coalescing: Converting non-coalesced memory access patterns to coalesced ones for better bandwidth
utilization.

13.3.1 Getting started

Each tutorial builds upon concepts from previous ones. Follow the order presented for optimal learning:

1. Start with highly parallel workloads to understand block size selection and thread organization fundamentals.

2. Progress to fixed-sized kernels to learn techniques for reducing thread dispatch overhead.

3. Master memory coalescing to optimize memory bandwidth utilization and avoid non-coalesced access patterns.

Each tutorial includes complete code examples, performancemeasurements, and detailed explanations of the optimization
techniques applied. By working through these tutorials systematically, you’ll develop the skills needed to write high-
performance HIP applications for AMD GPUs.
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13.4 Highly parallel workload: image gamma correction

A GPU typically has thousands of computing cores that run in parallel. These cores are best utilized when each calcu-
lates one partition of the output results so that they do not need to communicate with other cores. Such algorithms are
often classified as “embarrassingly parallel,” as the required programming effort is minimal. In the earlier vector_add
example (see SAXPY Tutorial - Hello HIP), you identified an embarrassingly parallel workload example. In this section,
you will explore another one: image gamma correction.

13.4.1 Computational challenges in pixel-wise operations

(a) Original (b) Gamma = 0.4 (c) Gamma = 0.8 (d) Gamma = 2.0

(e) Gamma = 4.0

Fig. 1: Image gamma correction algorithm. A gamma value smaller than one renders the image more brightly, whereas
a value greater than one renders a darker image.

Image gamma correction is a common image processing algorithm that adjusts the brightness of an image without chang-
ing the content. As shown in the figure above, when you apply a gamma value of less than one, the image becomes
brighter, whereas a value greater than one darkens it.

Pictures stored on a computer are typically encoded using pixels (see figure below), which are square regions of an image
that are each rendered with a single color. For example, the images used in the figures above and below have 267 (width) ×
267 (height) pixels total. If the image is in color, three values representing red, green, and blue (RGB) would be required
for each pixel to represent the brightness. Brightness is coded using an 8-bit integer [0–255], where zero represents the
darkest shade, and 255 represents the brightest. The other key method uses a floating-point number between zero and
one. The red brightness values of all pixels comprise the “red channel”. A colored image typically has three channels
(RGB).

Vout = V γ
in

Image gamma correction is an element-wise operation that applies simple floating-point manipulation to all pixels and
their channels. As shown in the equation above, the gamma value is applied as a power to the brightness value. A greater-
than-one gamma decreases the brightness value. As suggested by the equation, the number of output values matches the
number of input values, and the calculation of each output value is independent of the calculation of neighboring values.
The image gamma correction algorithm is embarrassingly parallel and is therefore suitable for GPUs.
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Fig. 2: Computerized image organized using pixels. A color image usually requires RGB brightness values to represent
the final pixel color.

13.4.2 GPU kernel design and optimization strategies

The following listing presents a simple implementation of the gamma correction algorithm using HIP.

Listing 1: Image gamma correction application as an embarrassingly parallel algorithm. Each thread is responsible for
processing a value in the array of image pixels. The grid size reflects the number of pixels.

1 #include <hip/hip_runtime.h>

2

3 #include <cstdint>

4 #include <cstdlib>

5

6 __global__ void image_gamma(std::uint8_t* d_image, float gamma, int num_values)

7 {

8 int idx = threadIdx.x + blockIdx.x * blockDim.x;

9 if (idx < num_values)

10 {

11 d_image[idx] = powf(d_image[idx] / 255.f, gamma) * 255.f;

12 }

13 }

14

15 int main()

16 {

17 int width, height, channels, num_values;

18 std::uint8_t* data;

19

20 // Load an image from file.

21

22 int blockSize = 256;

23 int gridSize = (num_values + blockSize - 1) / blockSize;

24

25 float gamma = 4.f;

(continues on next page)
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(continued from previous page)

26 image_gamma<<<gridSize, blockSize>>>(d_image, gamma, num_values);

27

28 hipMemcpy(

29 data, d_image, num_values * sizeof(std::uint8_t), hipMemcpyDeviceToHost

30 );

31

32 // Save the image to an output file.

33

34 hipFree(d_image);

35 return EXIT_SUCCESS;

36 }

To address this GPU programming problem, first consider how to map the threads to the input and output elements. For
embarrassingly parallel algorithms, the mapping is straightforward because each thread is responsible for a part of the
output channel (a pixel). Therefore, the total number of threads will equal the height × width × number of channels =
num_values. To calculate the grid size, divide num_values by the block size. If the block size is not a multiple of
num_values, you can round up to the next integer, as shown in line 23 of the code sample above.

The block size can be between 1 and 1,024, depending on the device limitation. Note that selecting a suitable block
size will improve the overall performance. According to the figure below, the performance is best when the block size
is a multiple of 32, because RDNA GPUs organize groups of 32 threads in a wavefront, which is the smallest resource
allocation unit.

Note

On CDNA GPUs, the wavefront size is 64.

Otherwise, the CUs will be forced to allocate more resources for each block, resulting in performance degradation. The
selection of the block size as a multiple of the wavefront size is likely to optimize embarrassingly parallel applications
with AMD GPUs.

13.4.3 Performance benefits and application patterns

The GPU implementation of image gamma correction demonstrates significant performance advantages over CPU-based
approaches. By leveraging thousands of parallel threads, you can process millions of pixels simultaneously, making this
technique particularly effective for high-resolution images and real-time video processing applications.

The embarrassingly parallel nature of gamma correction makes it an ideal candidate for GPU acceleration. Similar
patterns appear in many other image processing operations, including:

• Color space conversions (RGB to grayscale, HSV transformations)

• Brightness and contrast adjustments

• Image filtering with separable kernels

• Histogram equalization

• Pixel-wise arithmetic operations

When you encounter algorithms where each output element depends only on a corresponding input element (or a small,
fixed neighborhood), consider applying the same parallelization strategy demonstrated here. The key characteristics that
make a workload suitable for this approach include:

• Independent calculations for each output element

• Minimal or no inter-thread communication requirements
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Fig. 3: Impact of block size on program performance. The image gamma correction execution time reflects a 16,384 ×
16,384 RGB image on a Radeon PRO W7800 GPU.

• Regular memory access patterns

• Sufficient computational work per thread to offset kernel launch overhead

By understanding these patterns and optimization techniques, you can effectively accelerate a wide range of image pro-
cessing and data-parallel workloads on AMD GPUs using HIP.

13.5 Fixed-size kernels: image gamma correction

In most of the examples presented thus far, each thread calculates a single output element. This approach, while straight-
forward, introduces performance bottlenecks that can be addressed through more efficient kernel design patterns.

13.5.1 Addressing kernel dispatch overhead

Upon closer observation of one-thread-per-element implementations, you can see that the overhead is high because for
each output element, a thread must be dispatched to the compute unit to calculate the global ID and check the boundary
conditions. This overhead becomes particularly significant in memory-bound kernels where the actual computation per
element is minimal compared to the thread management costs.

To reduce this overhead, assign more tasks to each thread to amortize the cost of launching threads on the GPU. Rather
than changing the grid size to grow with the input and output image, you can fix the number of workgroups in the kernel
and change the amount of work per thread according to the image size. This approach, known as a grid-stride loop pattern,
provides several advantages:

• Reduced thread dispatch overhead through work amortization

• Consistent kernel launch configuration across different problem sizes

• Better resource utilization on the GPU

• Improved scalability for varying input dimensions
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13.5.2 Grid-stride loop implementation

This code sample reimplements the image gamma correction example using a fixed-sized kernel with the grid-stride loop
pattern.

Listing 2: GPU implementation of the image gamma correction using fixed-sized kernel patterns. The kernel is launched
with a predefined size, and each thread is responsible for multiple pixels in the image.

1 #include <hip/hip_runtime.h>

2

3 #include <cstdint>

4 #include <cstdlib>

5

6 __global__ void image_gamma(std::uint8_t* d_image, float gamma, int num_values)

7 {

8 int global_size = blockDim.x * gridDim.x;

9 int idx = threadIdx.x + blockIdx.x * blockDim.x;

10

11 for (; idx < num_values; idx += global_size)

12 {

13 float value = d_image[idx] / 255.f;

14 value = powf(value, gamma);

15 d_image[idx] = (std::uint8_t)(value * 255.f);

16 }

17 }

18

19 int main(int argc, char* argv[])

20 {

21 int width, height, channels;

22 std::uint8_t* data;

23

24 // Load an image from file.

25

26 int blockSize = 256;

27 int gridSize = [GridSize];

28

29 float gamma = 4.f;

30 image_gamma<<<gridSize, blockSize>>>(d_image, gamma, num_values);

31

32 hipMemcpy(

33 data, d_image, num_values * sizeof(std::uint8_t), hipMemcpyDeviceToHost

34 );

35

36 // Save the image to disk.

37

38 return EXIT_SUCCESS;

39 }

This new implementation approximates the previous one but with two minor modifications. First, it moves the boundary
checking if statements in the kernel into a for loop. This allows each thread to process multiple values and increment
the index by the number of threads in each iteration. For example, if you have 640 threads, Thread 0 will process values
with indices 0, 640, 1,280, and so on, and Thread 1 will use indices 1, 641, 1,281, and so on. From this change, you can
set the number of threads, regardless of the problem size.
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13.5.3 Performance characteristics and best practices

Next, identify the best grid size to use. Examine the following figure:

Fig. 4: Impact of grid size on image gamma program performance. The execution time is measured based on a 16,384
× 16,384 RGB image on a Radeon PRO W7800 GPU.

These measurements were taken on a Radeon™ PROW7800 GPU using a 16,384 × 16,384 RGB image. The GPU has
35 work-group processors (WGPs), and each WGP can execute up to 32 wavefronts concurrently.

At a high level, you observe three major trends:

• The performance improves as the number of workgroups increases because when there is a small number of work-
groups, only a fraction of the compute units are used.

• The performance saturates around 1,400 workgroups, which provides approximately 10× oversubscription of the
Radeon PROW7800 GPU’s capacity of 1,120 maximum concurrent wavefronts (35WGPs × 32 wavefronts). This
oversubscription is necessary for effective latency hiding in this memory-bound kernel.

• A zig-zag pattern of execution times appears in the figure above. Sudden increases occur after multiples of 35.
Given 35 workgroups, each WGP executes one workgroup in parallel; hence, they will likely finish at the same
time. A few extra workgroups would not fully overlap with the first 35, but they would significantly increase the
kernel execution time. This happens because although the last set of remaining workgroups might not be able to
entirely utilize the GPU, they still have to do the same amount of work as the first set of workgroups. This effect,
which is known as the tail-effect, is more pronounced when you have small grid sizes and should be avoided, if
possible.

13.5.3.1 Key takeaways for optimal grid sizing

The experiment demonstrates that a fixed-sized kernel can effectively optimize embarrassingly parallel implementations.
When selecting grid sizes for your kernels, consider the following best practices:

• Choose the smallest grid size that can fill all WGPs (RDNAGPUs inWGPmode) or compute units (RDNAGPUs
in CU mode and CDNA GPUs) of the GPU.

• Always use a grid size that is a multiple of the WGP or CU count to avoid the tail-effect.

246 Chapter 13. Optimizing performance



AMD ROCm™ Programming Guide, Release 10.1.0

• Aim for sufficient oversubscription (approximately 10× in this example) to enable effective latency hiding in
memory-bound kernels.

• Test different grid sizes empirically, as optimal values may vary based on the specific GPU architecture and work-
load characteristics.

13.6 Tiling and coalescing: matrix transpose

Matrix transpose is a fundamental linear algebra operation that serves as a building block for many tasks. At a high level,
it does not involve calculations; it involves only memory movement. Because GPUs typically have significantly higher
memory bandwidth than CPUs, they have a unique advantage when performing matrix transpose operations.

Like the previous examples, the matrix transpose operation can benefit from a significantly parallel implementation, in
which each thread is responsible for moving a matrix element.

1 // Simple matrix transpose kernel

2 __global__ void transpose_naive_kernel(float* in, float* out, int width, int height)

3 {

4 int x_index = blockIdx.x * tile_dim + threadIdx.x;

5 int y_index = blockIdx.y * tile_dim + threadIdx.y;

6

7 int in_index = y_index * width + x_index;

8 int out_index = x_index * height + y_index;

9

10 out[out_index] = in[in_index];

11 }

13.6.1 Memory access patterns

Matrix transpose operations present a unique challenge in terms of memory access patterns. Theoretically, the number of
reads and writes should be approximately equal, as you write all the data that you read from the input matrix. However,
in practice, the actual memory traffic can be significantly higher due to the nature of how threads access memory.

To understand this behavior, you need to examine the memory access pattern carefully. Unlike matrix multiplication
where the same data might be accessed multiple times, in matrix transpose each element is typically accessed only once.
The issue instead lies in the address pattern of the read and write operations.

In a typical matrix transpose implementation, adjacent threads read data horizontally (row-wise) and write data verti-
cally (column-wise). Since matrices are stored in row-major order, adjacent threads read data from contiguous memory
addresses, which allows the GPU to coalesce these read operations into fewer memory transactions. However, when
writing data vertically, the threads access memory addresses with large strides (the distance between consecutive ele-
ments in a column). This prevents write coalescing, as each thread’s write operation typically requires a separate memory
transaction.

As a result, the read operations are coalescable and efficient, while the write operations are non-coalescable and generate
significantlymorememory traffic. This fundamental characteristic ofmatrix transpose operationsmakes them an excellent
example for understanding the importance of memory access patterns and coalescing in GPU programming.

13.6.2 Memory coalescing with LDS

It is possible to convert non-coalescable memory access to coalescable ones using the Local Data Store (LDS). The
optimization approach splits the matrix transpose process into two steps. First, you move the data from the input matrix
to LDS memory. For this, you read the data horizontally, ensuring that the memory access is coalesced. When the LDS
buffer is filled, you then move the data from the LDS to the main memory. In this step, you read the data vertically
and write them horizontally. Since LDS memory has a significantly higher bandwidth than global memory, reading them
horizontally and vertically does not impact overall performance. However, you write the data horizontally so that the
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writes to the main memory can also be coalesced. Thus, you use the LDS as an intermediate data transfer buffer between
the input and output matrices, allowing you to make both read and write operations coalescable.

The LDS-based kernel implementation uses the same interface as the naive implementation. The kernel uses a shared
memory tile to temporarily store data before writing it back to the output matrix. This approach ensures that both the
read from global memory and the write to global memory are coalescable, which significantly improves performance.

1 // LDS-based matrix transpose kernel for better memory coalescing

2 __global__ void transpose_lds_kernel(float* in, float* out, int width, int height)

3 {

4 __shared__ float tile[tile_dim][tile_dim];

5

6 int x_tile_index = blockIdx.x * tile_dim;

7 int y_tile_index = blockIdx.y * tile_dim;

8

9 int in_index = (y_tile_index + threadIdx.y) * width + (x_tile_index + threadIdx.

↪→x);

10 int out_index = (x_tile_index + threadIdx.y) * height + (y_tile_index + threadIdx.

↪→x);

11

12 tile[threadIdx.y][threadIdx.x] = in[in_index];

13

14 __syncthreads();

15

16 out[out_index] = tile[threadIdx.x][threadIdx.y];

17 }

In the LDS implementation, each threadblock loads a tile of the input matrix into shared memory in a coalesced fashion.
The threads then transpose the data within the shared memory tile and write it back to the output matrix in a coalesced
manner. This approach effectively solves the non-coalescable write problem of the naive implementation.

The LDS-based approach provides significant performance benefits because both read and write operations to global
memory are now coalescable, reducing the total number of memory transactions. By using LDS as an intermediate
buffer, you reduce the pressure on the GPU’s memory system and make better use of the available bandwidth. The
tile-based approach improves cache hit rates by reusing data within the shared memory before writing it back to global
memory.

This optimization technique is particularly important for memory-bound kernels like matrix transpose, where the perfor-
mance is limited by memory bandwidth rather than computational throughput.

13.6.3 Implementation guidelines and performance considerations

When implementing LDS-based matrix transpose optimization, consider the following practical aspects:

• Tile size selection: Choose tile dimensions that balance LDS memory usage and coalescing benefits. Common
sizes include 16 × 16 or 32 × 32 tiles, but the optimal size depends on your specific GPU architecture

• Bank conflict avoidance: Structure your data access patterns to minimize memory bank conflicts in the LDS,
which can reduce the effectiveness of the optimization

• Memory alignment: Ensure proper memory alignment for both global memory accesses to maximize coalescing
benefits

• Edge case handling: Account for matrix dimensions that are not perfectly divisible by your chosen tile size,
implementing proper boundary checks

The performance impact of LDS-based optimization varies depending on matrix dimensions, GPU architecture, and
memory subsystem characteristics. For larger matrices, the benefits are typically more pronounced as memory bandwidth
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becomes the dominant performance factor.
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CHAPTER

FOURTEEN

INSTALL AMD ROCM 10.1.0

Compare installation methods

ROCm offers five installation methods. If you’re unsure, start with package manager on Linux or tarball on Windows.

Install method Platform Best for Install scope

Package manager
(apt/dnf/zypper) • Linux • Traditional Linux installation

• OS managed
• Auto post-install

• System-wide

amdgpu-install
• Linux • Radeon and Ryzen only

• Supports installation of graphics pack-
ages

• Use-case driven package selection
(--usecase)

• ROCm and amdgpu driver bundled

• System-wide

pip
• Linux
• Win-
dows

• Python and ML workflows (PyTorch,
JAX)

• Auto post-install

• Python virtual en-
vironment

Tarball
• Linux
• Win-
dows

• Self-contained, portable setups
• Monolithic install (all components in-
cluded)

• System-wide
• Custom install di-
rectory

Runfile
• Linux • Self-contained, guided (GUI or CLI)

• Optional offline
• Packageless
• Single installer for all GPUs
• ROCm and amdgpu driver bundled
• Auto post-install

• System-wide
• Custom install di-
rectory

Use the following selector to choose your installation method for your supported AMD GPU or APU and operating
system. For system requirements and support information, see the Compatibility matrix. To learn more about changes
introduced in ROCm 10.1.0, see the Release notes.
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Note

If your GPU is not listed, it might be community-enabled through TheRock nightly builds. For more information,
see TheRock supported GPUs. For installation guidance, see TheRock releases.

14.1 RHEL

14.1.1 dnf

This installation method uses RHEL’s native package manager dnf to install ROCm. This method suits standard system-
wide installations where ROCm packages should be tracked, updated, and removed through system package workflows.

14.1.1.1 Prerequisites

Before installing ROCm 10.1.0, ensure your system meets all prerequisites. This includes installing the required depen-
dencies and configuring permissions for GPU access. To confirm that your system is supported, see the Compatibility
matrix.

Install essential packages for Docker containers

Docker images often include only a minimal set of installations, so some essential packages might be missing. When
installing ROCm within a Docker container, you might need to install additional packages for a successful installation.

If applicable, run the following command to install essential packages:

dnf install sudo wget perl

See /install/docker-containers for Docker-related guidance.

14.1.1.1.1 Register your Red Hat Enterprise Linux system

Register your Red Hat Enterprise Linux (RHEL) system to enable access to Red Hat repositories and ensure you’re able
to download and install packages.

Run the following command to register your system:

subscription-manager register --username <username> --password <password>

14.1.1.1.2 Update your system

After registering your system, update RHEL to the latest packages. This is particularly important for newer hardware on
older versions of RHEL.

Run the following command to update your system:

sudo dnf update --releasever=10.2 --exclude=\*release\*

14.1.1.1.3 Add additional package repositories

ROCm installation packages depend on packages that aren’t included in the default package repositories. Use the following
command to add the necessary repositories.
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wget https://dl.fedoraproject.org/pub/epel/epel-release-latest-10.noarch.rpm

sudo rpm -ivh epel-release-latest-10.noarch.rpm

sudo dnf config-manager --enable codeready-builder-for-rhel-10-x86_64-rpms

14.1.1.1.4 Install additional packages

Some ROCm tools require the libatomic and libquadmath libraries to run correctly. Install them using your distri-
bution’s package manager.

sudo dnf install libatomic libquadmath

14.1.1.1.5 Configure permissions for GPU access

There are two primary methods for configuring GPU access for ROCm: group membership or udev rules. Each method
has its own advantages. The choice depends on your specific requirements and system management preferences. If you’re
working in a containerized environment, do this step on the host system, outside of the container.

Group membership

By default, GPU access is controlled by membership in the video and render Linux system groups. The video group
traditionally handles video device access, while the render group manages GPU rendering through DRM render nodes.

# Add the current user to the render and video groups

sudo usermod -a -G render,video $LOGNAME

udev rules

udev rules are a flexible, system-wide approach for managing device permissions, eliminating the need for user group
management while allowing granular GPU access. To enable them and grant GPU access to all users, run the following
command:

sudo tee /etc/udev/rules.d/70-amdgpu.rules << EOF

KERNEL=="kfd", GROUP="render", MODE="0666"

SUBSYSTEM=="drm", KERNEL=="renderD*", GROUP="render", MODE="0666"

EOF

sudo udevadm control --reload-rules

sudo udevadm trigger

Note

To apply all settings, reboot your system.

14.1.1.2 Installation

14.1.1.2.1 Install the kernel driver

For information about AMD GPU Driver (amdgpu) compatibility, see the Compatibility matrix.

For Instinct and Radeon devices, install the AMD GPU Driver (amdgpu). See RHEL native installation in the AMD
Instinct Data Center GPU Documentation.
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14.1.1.2.2 Install ROCm

Use the following instructions to install ROCm packages on your system.

14.1.1.2.2.1 Register ROCm repositories

Register the ROCm repository with your system’s package manager. This enables you to install and update ROCm
packages using dnf.

sudo tee /etc/yum.repos.d/amdrocm-stable.repo <<EOF

[amdrocm-stable]

name=ROCm 10.1.0

baseurl=https://stable.repo.amd.com/rocm/core/packages/rhel10/x86_64

enabled=1

gpgcheck=1

gpgkey=https://stable.repo.amd.com/rocm/gpg/packages.gpg

EOF

sudo dnf clean all

14.1.1.2.2.2 Install ROCm packages

Use dnf to install the core ROCm packages. See ROCm meta packages for additional installation options.

sudo dnf install amdrocm10.1

14.1.1.2.2.3 ROCm meta packages

Meta packages group related components and dependencies together, allowing you to install only what is necessary for
your use case. The following table describes available ROCm meta packages:

Meta package name Use case Description Contents

amdrocm10.1 ROCm Base Core runtime environ-
ment. Install this to run
ROCm applications.

Runtimes, libraries, sys-
tem control and moni-
toring tools, and other
essential components.

amdrocm-core-devel10.

1

ROCm Developer Essentials Development environ-
ment. Install this to
build ROCm applica-
tions.

amdrocm10.1 plus
compilers, CMake con-
figurations, static library
files, and headers.

amdrocm-developer-tools10.

1

ROCm Profiler Install this to profile and
optimize ROCm appli-
cations.

Profilers and related
tools.

amdrocm-opencl10.

1

ROCm OpenCL Install this to run
OpenCL applications on
ROCm.

Components needed to
run OpenCL.

amdrocm-core-sdk10.

1

ROCm Full Suite Install this if you need
everything.

The complete ROCm
Core SDK including
runtimes, compilers,
development tools, and
dependencies.
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14.1.1.3 Post-installation

After installing ROCm 10.1.0, complete these post-installation steps to complete your system configuration and validate
the installation.

14.1.1.3.1 Verify your installation

Use the following ROCm tools to verify that ROCm is correctly installed and that your AMD devices are visible to the
system.

1. Use rocminfo to list detected AMDGPUs and confirm that the ROCm runtimes and drivers are correctly installed
and loaded.

rocminfo

Example output of rocminfo

ROCk module version 6.16.6 is loaded

=====================

HSA System Attributes

=====================

Runtime Version: 1.21

Runtime Ext Version: 1.21

System Timestamp Freq.: 1000.000000MHz

Sig. Max Wait Duration: 18446744073709551615 (0xFFFFFFFFFFFFFFFF) (timestamp␣

↪→count)

Machine Model: LARGE

System Endianness: LITTLE

Mwaitx: ENABLED

XNACK enabled: NO

DMAbuf Support: YES

VMM Support: YES

==========

HSA Agents

==========

*******

Agent 1

*******

Name: gfx950

Uuid: GPU-5b920922d0067ea9

Marketing Name: AMD Instinct MI350X

Vendor Name: AMD

... [output truncated]

2. Use the AMD SMI CLI amd-smi to validate system information.

amd-smi version
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Example output of amd-smi version

AMDSMI Tool: 27.1.0+7da43026 | AMDSMI Library version: 27.1.0 | ROCm version: 10.

↪→1.0 | amdgpu version: 7.1.9.31600000 | ionic version: N/A

See also

To install deep learning frameworks, including PyTorch and JAX, and get started with AI training and inference, see
the AI Ecosystem documentation portal.

To learn about HPC libraries and applications, see ROCm HPC SDK.

To learn about ROCmExtras, which include supplementary tools for benchmarking and validating, see ROCmExtras.

14.1.1.4 Uninstalling

1. Use your package manager to remove the installed packages.

sudo dnf remove amdrocm10.1

2. Remove ROCm repositories.

# Remove ROCm repositories

sudo rm -f /etc/yum.repos.d/amdrocm-stable.repo*

# Clear the cache and clean the system

sudo rm -rf /var/cache/dnf

sudo dnf clean all

14.1.2 pip

The pip installationmethod provides ROCm components as Python wheel packages in a virtual environment. This method
suits Python-focused development workflows that use an isolated, per-project ROCm environment managed with standard
Python packaging tools.

14.1.2.1 Prerequisites

Before installing ROCm 10.1.0, ensure your system meets all prerequisites. This includes installing the required depen-
dencies and configuring permissions for GPU access. To confirm that your system is supported, see the Compatibility
matrix.
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Install essential packages for Docker containers

Docker images often include only a minimal set of installations, so some essential packages might be missing. When
installing ROCm within a Docker container, you might need to install additional packages for a successful installation.

If applicable, run the following command to install essential packages:

dnf install sudo wget perl

See /install/docker-containers for Docker-related guidance.

14.1.2.1.1 Register your Red Hat Enterprise Linux system

Register your Red Hat Enterprise Linux (RHEL) system to enable access to Red Hat repositories and ensure you’re able
to download and install packages.

Run the following command to register your system:

subscription-manager register --username <username> --password <password>

14.1.2.1.2 Update your system

After registering your system, update RHEL to the latest packages. This is particularly important for newer hardware on
older versions of RHEL.

Run the following command to update your system:

sudo dnf update --releasever=10.2 --exclude=\*release\*

14.1.2.1.3 Install additional packages

Some ROCm tools require the libatomic and libquadmath libraries to run correctly. Install them using your distri-
bution’s package manager.

sudo dnf install libatomic libquadmath

14.1.2.1.4 Install Python

Install a supported Python version. For example, to install Python 3.12, run the following command:

sudo dnf install python3.12 python3.12-pip

14.1.2.1.5 Configure permissions for GPU access

There are two primary methods for configuring GPU access for ROCm: group membership or udev rules. Each method
has its own advantages. The choice depends on your specific requirements and system management preferences. If you’re
working in a containerized environment, do this step on the host system, outside of the container.

Group membership

By default, GPU access is controlled by membership in the video and render Linux system groups. The video group
traditionally handles video device access, while the render group manages GPU rendering through DRM render nodes.

# Add the current user to the render and video groups

sudo usermod -a -G render,video $LOGNAME
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udev rules

udev rules are a flexible, system-wide approach for managing device permissions, eliminating the need for user group
management while allowing granular GPU access. To enable them and grant GPU access to all users, run the following
command:

sudo tee /etc/udev/rules.d/70-amdgpu.rules << EOF

KERNEL=="kfd", GROUP="render", MODE="0666"

SUBSYSTEM=="drm", KERNEL=="renderD*", GROUP="render", MODE="0666"

EOF

sudo udevadm control --reload-rules

sudo udevadm trigger

Note

To apply all settings, reboot your system.

14.1.2.2 Installation

14.1.2.2.1 Install the kernel driver

For information about AMD GPU Driver (amdgpu) compatibility, see the Compatibility matrix.

For Instinct and Radeon devices, install the AMD GPU Driver (amdgpu). See RHEL native installation in the AMD
Instinct Data Center GPU Documentation.

14.1.2.2.2 Install ROCm

Use the following instructions to install ROCm packages on your system.

14.1.2.2.2.1 Set up your Python virtual environment

Create and activate the Python virtual environment where you’ll install ROCm packages.

For example, to create and activate a Python 3.12 virtual environment, run the following command:

python3.12 -m venv .venv

source .venv/bin/activate

14.1.2.2.2.2 Install ROCm wheel packages

Use pip to install the ROCm libraries and development tools.

Run the following command:

python -m pip install --index-url https://stable.repo.amd.com/rocm/whl-next/

↪→"rocm[libraries,device-all]==10.1.0"

The table below lists the available packages. Each bracketed name is an optional extra of the rocm meta package —
combine the ones you need as a comma-separated list (for example, rocm[libraries,devel]).

258 Chapter 14. Install AMD ROCm 10.1.0

https://instinct.docs.amd.com/projects/amdgpu-docs/en/docs-31.60.0/install/detailed-install/package-manager/package-manager-rhel.html


AMD ROCm™ Programming Guide, Release 10.1.0

Package Contents Use case

rocm Core SDK: runtime, HIP, compiler, utility tools, and profil-
ing SDK (rocprofiler-sdk, rocprofv3, roctx).

Required by all ROCm users.

rocm[libraries]Pre-built math and ML host libraries. Required for ML frameworks such as
PyTorch and JAX.

rocm[devel] Compilers, CMake configuration, headers, and static li-
braries.

Building ROCm applications.

rocm[device-all]Pre-compiled GPU kernels for the specified target. Required to run GPU workloads; in-
stalled alongside libraries.

rocm[profiler]Profiling tools: rocprofiler-systems and rocprofiler-compute. Optional; analyzing and optimizing
ROCm applications.

14.1.2.3 Post-installation

After installing ROCm 10.1.0, complete these post-installation steps to complete your system configuration and validate
the installation.

14.1.2.3.1 Verify your installation

Use the following ROCm tools to verify that ROCm is correctly installed and that your AMD devices are visible to the
system.

1. Use rocminfo to list detected AMDGPUs and confirm that the ROCm runtimes and drivers are correctly installed
and loaded.

rocminfo

Example output of rocminfo

ROCk module version 6.16.6 is loaded

=====================

HSA System Attributes

=====================

Runtime Version: 1.21

Runtime Ext Version: 1.21

System Timestamp Freq.: 1000.000000MHz

Sig. Max Wait Duration: 18446744073709551615 (0xFFFFFFFFFFFFFFFF) (timestamp␣

↪→count)

Machine Model: LARGE

System Endianness: LITTLE

Mwaitx: ENABLED

XNACK enabled: NO

DMAbuf Support: YES

VMM Support: YES

==========

HSA Agents

==========

*******

Agent 1

*******

Name: gfx950
(continues on next page)
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(continued from previous page)

Uuid: GPU-5b920922d0067ea9

Marketing Name: AMD Instinct MI350X

Vendor Name: AMD

... [output truncated]

2. Use the AMD SMI CLI amd-smi to validate system information.

amd-smi version

Example output of amd-smi version

AMDSMI Tool: 27.1.0+7da43026 | AMDSMI Library version: 27.1.0 | ROCm version: 10.

↪→1.0 | amdgpu version: 7.1.9.31600000 | ionic version: N/A

3. Inspect your installation in your Python environment and confirm that ROCm packages, including the rocm-sdk
CLI, are available.

pip freeze | grep rocm

which rocm-sdk

ls .venv/bin

14.1.2.3.2 Configure your environment

Note

Follow this step only if you installed the devel package.

Initialize the ROCm SDK.

rocm-sdk init

14.1.2.3.3 Test your installation

Run the following commands from your Python virtual environment to confirm that the ROCm SDK is correctly config-
ured and that basic checks complete successfully.

rocm-sdk targets

rocm-sdk test

To learn more about the rocm-sdk tool and to see example outputs, see Using ROCm Python packages (TheRock).

Tip

If you need to deactivate your Python virtual environment when finished, run:

deactivate
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See also

To install deep learning frameworks, including PyTorch and JAX, and get started with AI training and inference, see
the AI Ecosystem documentation portal.

To learn about HPC libraries and applications, see ROCm HPC SDK.

To learn about ROCmExtras, which include supplementary tools for benchmarking and validating, see ROCmExtras.

14.1.2.4 Uninstalling

1. Clear the pip cache.

rm -rf ~/.cache/pip

2. Remove your local Python virtual environment.

rm -rf .venv

14.1.3 Tarball

The tarball installation method provides ROCm as a self-contained installation from a pre-built archive. This method
suits controlled or restricted environments requiring manual placement, updates, and removal outside the system package
manager.

14.1.3.1 Prerequisites

Before installing ROCm 10.1.0, ensure your system meets all prerequisites. This includes installing the required depen-
dencies and configuring permissions for GPU access. To confirm that your system is supported, see the Compatibility
matrix.

Install essential packages for Docker containers

Docker images often include only a minimal set of installations, so some essential packages might be missing. When
installing ROCm within a Docker container, you might need to install additional packages for a successful installation.

If applicable, run the following command to install essential packages:

dnf install sudo wget perl

See /install/docker-containers for Docker-related guidance.
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14.1.3.1.1 Register your Red Hat Enterprise Linux system

Register your Red Hat Enterprise Linux (RHEL) system to enable access to Red Hat repositories and ensure you’re able
to download and install packages.

Run the following command to register your system:

subscription-manager register --username <username> --password <password>

14.1.3.1.2 Update your system

After registering your system, update RHEL to the latest packages. This is particularly important for newer hardware on
older versions of RHEL.

Run the following command to update your system:

sudo dnf update --releasever=10.2 --exclude=\*release\*

14.1.3.1.3 Install additional packages

Some ROCm tools require the libatomic and libquadmath libraries to run correctly. Install them using your distri-
bution’s package manager.

sudo dnf install libatomic libquadmath

14.1.3.1.4 Configure permissions for GPU access

There are two primary methods for configuring GPU access for ROCm: group membership or udev rules. Each method
has its own advantages. The choice depends on your specific requirements and system management preferences. If you’re
working in a containerized environment, do this step on the host system, outside of the container.

Group membership

By default, GPU access is controlled by membership in the video and render Linux system groups. The video group
traditionally handles video device access, while the render group manages GPU rendering through DRM render nodes.

# Add the current user to the render and video groups

sudo usermod -a -G render,video $LOGNAME

udev rules

udev rules are a flexible, system-wide approach for managing device permissions, eliminating the need for user group
management while allowing granular GPU access. To enable them and grant GPU access to all users, run the following
command:

sudo tee /etc/udev/rules.d/70-amdgpu.rules << EOF

KERNEL=="kfd", GROUP="render", MODE="0666"

SUBSYSTEM=="drm", KERNEL=="renderD*", GROUP="render", MODE="0666"

EOF

sudo udevadm control --reload-rules

sudo udevadm trigger
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Note

To apply all settings, reboot your system.

14.1.3.2 Installation

14.1.3.2.1 Install the kernel driver

For information about AMD GPU Driver (amdgpu) compatibility, see the Compatibility matrix.

For Instinct and Radeon devices, install the AMD GPU Driver (amdgpu). See RHEL native installation in the AMD
Instinct Data Center GPU Documentation.

14.1.3.2.2 Install ROCm

Use the following instructions to install ROCm packages on your system.

14.1.3.2.2.1 Create the installation directory

Run the following command in your desired location to create your installation directory:

mkdir therock-tarball && cd therock-tarball

Important

Subsequent commands assume you’re working with the therock-tarball directory. If you choose a different
directory name, adjust the commands accordingly.

14.1.3.2.2.2 Download and unpack the tarball

Use the following commands to download and untar the ROCm tarball.

wget https://stable.repo.amd.com/rocm/core/tarball/therock-dist-linux-multiarch-10.1.

↪→0.tar.gz

mkdir install

tar -xf *.tar.gz -C install

14.1.3.3 Post-installation

After installing ROCm 10.1.0, complete these post-installation steps to complete your system configuration and validate
the installation.

14.1.3.3.1 Configure your environment

Configure environment variables so that ROCm libraries and tools are available either to all users on the system or only
to your user account.

System-wide setup

Create a profile script so that all users inherit the ROCm environment variables when they start a shell session. Make sure
you’re in the therock-tarball directory before proceeding.
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# Configure ROCm PATH. Make sure you're in the therock-tarball directory before␣

↪→proceeding.

ROCM_INSTALL_PATH=$(pwd)/install

sudo tee /etc/profile.d/set-rocm-env.sh << EOF

export ROCM_PATH=$ROCM_INSTALL_PATH

export PATH=\$PATH:\$ROCM_PATH/bin

export LD_LIBRARY_PATH=\$ROCM_PATH/lib

EOF

sudo chmod +x /etc/profile.d/set-rocm-env.sh

source /etc/profile.d/set-rocm-env.sh

User setup

Configure the ROCm environment for your user by updating your shell startup configuration file.

Use the following commands to update your shell configuration file (~/.bashrc or ~/.profile) and add ROCm to your
PATH. Before proceeding, make sure you’re in the therock-tarball directory so the install path resolves correctly.

.bashrc

# Configure ROCm PATH. Make sure you're in the therock-tarball directory before␣

↪→proceeding.

ROCM_INSTALL_PATH=$(pwd)/install

tee --append ~/.bashrc << EOF

# BEGIN ROCm environment configuration

export ROCM_PATH=$ROCM_INSTALL_PATH

export PATH=\$PATH:\$ROCM_PATH/bin

export LD_LIBRARY_PATH=\$ROCM_PATH/lib

# END ROCm environment configuration

EOF

source ~/.bashrc

.profile

# Configure ROCm PATH. Make sure you're in the therock-tarball directory before␣

↪→proceeding.

ROCM_INSTALL_PATH=$(pwd)/install

tee --append ~/.profile << EOF

# BEGIN ROCm environment configuration

export ROCM_PATH=$ROCM_INSTALL_PATH

export PATH=\$PATH:\$ROCM_PATH/bin

export LD_LIBRARY_PATH=\$ROCM_PATH/lib

# END ROCm environment configuration

EOF

source ~/.profile
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14.1.3.3.2 Verify your installation

Use the following ROCm tools to verify that ROCm is correctly installed and that your AMD devices are visible to the
system.

1. Use rocminfo to list detected AMDGPUs and confirm that the ROCm runtimes and drivers are correctly installed
and loaded.

rocminfo

Example output of rocminfo

ROCk module version 6.16.6 is loaded

=====================

HSA System Attributes

=====================

Runtime Version: 1.21

Runtime Ext Version: 1.21

System Timestamp Freq.: 1000.000000MHz

Sig. Max Wait Duration: 18446744073709551615 (0xFFFFFFFFFFFFFFFF) (timestamp␣

↪→count)

Machine Model: LARGE

System Endianness: LITTLE

Mwaitx: ENABLED

XNACK enabled: NO

DMAbuf Support: YES

VMM Support: YES

==========

HSA Agents

==========

*******

Agent 1

*******

Name: gfx950

Uuid: GPU-5b920922d0067ea9

Marketing Name: AMD Instinct MI350X

Vendor Name: AMD

... [output truncated]

2. Use the AMD SMI CLI amd-smi to validate system information.

amd-smi version

Example output of amd-smi version

AMDSMI Tool: 27.1.0+7da43026 | AMDSMI Library version: 27.1.0 | ROCm version: 10.

↪→1.0 | amdgpu version: 7.1.9.31600000 | ionic version: N/A

See also
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To install deep learning frameworks, including PyTorch and JAX, and get started with AI training and inference, see
the AI Ecosystem documentation portal.

To learn about HPC libraries and applications, see ROCm HPC SDK.

To learn about ROCmExtras, which include supplementary tools for benchmarking and validating, see ROCmExtras.

14.1.3.4 Uninstalling

1. To uninstall ROCm, remove your installation directory.

Important

The following command assumes you’re working with the therock-tarball directory. If you chose a dif-
ferent directory name when installing ROCm, adjust the command accordingly.

sudo rm -rf therock-tarball

2. Remove your ROCm environment configuration from your system.

System-wide

If you opted for a system-wide setup during the installation process, remove the ROCm environment variables.

sudo rm -f /etc/profile.d/set-rocm-env.sh

User

If you opted for a user-specific setup during the installation process, remove the ROCm environment configuration
block from your shell configuration file (~/.bashrc or ~/.profile).

14.1.4 Runfile

The ROCm Runfile Installer can install ROCm and/or the AMD GPU Driver (amdgpu) without using a native Linux
package management system, making it ideal for systems with policy constraints or restricted environments. Network
access is not needed for install as long as dependencies for ROCm and/or AMD GPU driver (amdgpu) are met. A single
installer supports all GFX architectures, automates post-installation configuration, and offers an interactive command line
TUI for guided setup.
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Note

For detailed installation options and configuration, see ROCm Runfile Installer.

14.1.4.1 Prerequisites

Before installing ROCm 10.1.0, ensure your system meets all prerequisites. This includes installing the required depen-
dencies. To confirm that your system is supported, see the Compatibility matrix.

Install essential packages for Docker containers

Docker images often include only a minimal set of installations, so some essential packages might be missing. When
installing ROCm within a Docker container, you might need to install additional packages for a successful installation.

If applicable, run the following command to install essential packages:

dnf install sudo wget rsync perl

See /install/docker-containers for Docker-related guidance.

14.1.4.1.1 Register your Red Hat Enterprise Linux system

Register your Red Hat Enterprise Linux (RHEL) system to enable access to Red Hat repositories and ensure you’re able
to download and install packages.

Run the following command to register your system:

subscription-manager register --username <username> --password <password>

14.1.4.1.2 Update your system

After registering your system, update RHEL to the latest packages. This is particularly important for newer hardware on
older versions of RHEL.

Run the following command to update your system:

sudo dnf update --releasever=10.2 --exclude=\*release\*

14.1.4.1.3 Quick start

Download and launch the interactive installer to set up ROCm and/or the AMD GPU Driver with guided, step-by-step
configuration.

curl -fsSLO https://stable.repo.amd.com/rocm/core/linux-installers/rocm-installer-10.

↪→1.0-5.run && bash rocm-installer-10.1.0-5.run

14.1.4.1.4 Configuration options

The following command line options are used to customize the runfile installer, including dependency handling and GPU
access configuration. For recommended usage, go to Installation.
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14.1.4.1.4.1 Dependencies

The runfile installer controls dependency installation via the deps= argument.

Command Description

deps=install Installs all required packages
deps=list Lists all required packages
deps=validate Validates which required packages are installed

Specify the target after the dependency argument; for example: deps=install rocm.

Note

It is recommended to include deps=install if you’re not sure what dependencies are installed on your system.

14.1.4.1.4.2 GPU access

There are two primary methods of configuring GPU access for ROCm: group membership or udev rules. The choice
depends on your specific requirements and system management preferences.

The runfile installer sets GPU access at install time using the gpu-access= argument.

Argument Method

gpu-access=user Group membership (adds the current user to the render and video groups)
gpu-access=all udev rules (configures system-wide GPU access)

14.1.4.2 Installation

14.1.4.2.1 Download the runfile installer

Use the following command to download the ROCm Runfile Installer.

wget https://stable.repo.amd.com/rocm/core/linux-installers/rocm-installer-10.1.0-5.

↪→run

14.1.4.2.2 Install the kernel driver

For information about AMD GPU Driver (amdgpu) compatibility, see the Compatibility matrix.

bash rocm-installer-10.1.0-5.run deps=install amdgpu

Note

Reboot your system after installing the AMD GPU Driver.
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14.1.4.2.3 Install ROCm

Use the following instructions to install ROCm packages on your system.

Install the core ROCm components. See ROCm meta components for additional installation options.

bash rocm-installer-10.1.0-5.run deps=install rocm gfx=all gpu-access=user

14.1.4.2.3.1 ROCm meta components

Meta components are similar to the meta packages used in the package manager installation method. They group related
components and dependencies together, allowing you to install only what is necessary for your use case. The following
table describes available ROCm meta components:

Meta component
name

Use case Description Contents

core ROCm Base Core runtime environ-
ment. Install this to run
ROCm applications.

Runtimes, libraries, sys-
tem control and moni-
toring tools, and other
essential components.

core-dev ROCm Developer Essentials Development environ-
ment. Install this to
build ROCm applica-
tions.

core plus compilers,
CMake configurations,
static library files, and
headers.

dev-tools ROCm Profiler Install this to profile and
optimize ROCm appli-
cations.

Profilers and related
tools.

opencl ROCm OpenCL Install this to run
OpenCL applications on
ROCm.

Components needed to
run OpenCL.

core-sdk ROCm Full Suite Install this if you need
everything.

The complete ROCm
Core SDK including
runtimes, compilers,
development tools, and
dependencies.

The default installation uses the core meta component. To select other components, add the compo= argument. For
example, to install both core and core-dev:

14.1.4.3 Post-installation

After installing ROCm 10.1.0, complete these post-installation steps to complete your system configuration and validate
the installation.

14.1.4.3.1 Verify your installation

Use the following ROCm tools to verify that ROCm is correctly installed and that your AMD devices are visible to the
system.

1. Use rocminfo to list detected AMDGPUs and confirm that the ROCm runtimes and drivers are correctly installed
and loaded.

rocminfo
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Example output of rocminfo

ROCk module version 6.16.6 is loaded

=====================

HSA System Attributes

=====================

Runtime Version: 1.21

Runtime Ext Version: 1.21

System Timestamp Freq.: 1000.000000MHz

Sig. Max Wait Duration: 18446744073709551615 (0xFFFFFFFFFFFFFFFF) (timestamp␣

↪→count)

Machine Model: LARGE

System Endianness: LITTLE

Mwaitx: ENABLED

XNACK enabled: NO

DMAbuf Support: YES

VMM Support: YES

==========

HSA Agents

==========

*******

Agent 1

*******

Name: gfx950

Uuid: GPU-5b920922d0067ea9

Marketing Name: AMD Instinct MI350X

Vendor Name: AMD

... [output truncated]

2. Use the AMD SMI CLI amd-smi to validate system information.

amd-smi version

Example output of amd-smi version

AMDSMI Tool: 27.1.0+7da43026 | AMDSMI Library version: 27.1.0 | ROCm version: 10.

↪→1.0 | amdgpu version: 7.1.9.31600000 | ionic version: N/A

See also

To install deep learning frameworks, including PyTorch and JAX, and get started with AI training and inference, see
the AI Ecosystem documentation portal.

To learn about HPC libraries and applications, see ROCm HPC SDK.

To learn about ROCmExtras, which include supplementary tools for benchmarking and validating, see ROCmExtras.
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14.1.4.4 Uninstalling

1. Use the following command to uninstall ROCm.

bash rocm-installer-10.1.0-5.run uninstall-rocm gfx=all

2. Use the following command to uninstall the AMD GPU Driver (amdgpu).

bash rocm-installer-10.1.0-5.run uninstall-amdgpu

14.2 Windows

14.2.1 pip

The pip installationmethod provides ROCm components as Python wheel packages in a virtual environment. This method
suits Python-focused development workflows that use an isolated, per-project ROCm environment managed with standard
Python packaging tools.

14.2.1.1 Prerequisites

Before installing ROCm 10.1.0, ensure your system meets all prerequisites. To confirm that your system is supported,
see the Compatibility matrix.

14.2.1.1.1 Prepare Windows for ROCm installation

1. Remove any existing HIP SDK for Windows installations and other conflicting AMD graphics software. To unin-
stall the HIP SDK using the GUI, navigate to the following screen:

• Control Panel > Programs > Uninstall a program

2. Disable the following Windows security features as they can interfere with ROCm functionality:

• Turn off WDAG (Windows Defender Application Guard)

– Control Panel > Programs > Programs and Features > Turn Windows features on or off > Clear “Mi-
crosoft Defender Application Guard”

• Turn off SAC (Smart App Control)

– Settings > Privacy & security > Windows Security > App & browser control > Smart App Control
settings > Off
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14.2.1.1.2 Install Python

Install a supported Python version: 3.11, 3.12, 3.13, or 3.14. See Python Releases for Windows for installation details.

14.2.1.2 Installation

Before getting started, make sure you’ve completed the Prerequisites. For information about supported operating systems
and compatible AMD devices, see the Compatibility matrix.

Caution

Do not replace or copy the ROCm compiler and runtime DLLs to System32 as this can cause conflicts.

14.2.1.2.1 Install AMD Software: Adrenalin Edition

For details and the download link, see https://www.amd.com/en/resources/support-articles/release-notes/
RN-RAD-ROCM-10-01.html#Downloads.

14.2.1.2.2 Install ROCm

Use the following instructions to install ROCm packages on your system.

14.2.1.2.2.1 Set up your Python virtual environment

Create and activate the Python virtual environment where you’ll install ROCm packages.

For example, to create and activate a Python 3.12 virtual environment, run the following command:

py -3.12 -m venv .venv

.venv\Scripts\activate

14.2.1.2.2.2 Install ROCm wheel packages

Use pip to install the ROCm libraries and development tools.

Run the following command:

python -m pip install --index-url https://stable.repo.amd.com/rocm/whl-next/

↪→"rocm[libraries,device-all]==10.1.0"

The table below lists the available packages. Each bracketed name is an optional extra of the rocm meta package —
combine the ones you need as a comma-separated list (for example, rocm[libraries,devel]).

Package Contents Use case

rocm Core SDK: runtime, HIP, compiler, utility tools, and profil-
ing SDK (rocprofiler-sdk, rocprofv3, roctx).

Required by all ROCm users.

rocm[libraries]Pre-built math and ML host libraries. Required for ML frameworks such as
PyTorch and JAX.

rocm[devel] Compilers, CMake configuration, headers, and static li-
braries.

Building ROCm applications.

rocm[device-all]Pre-compiled GPU kernels for the specified target. Required to run GPU workloads; in-
stalled alongside libraries.
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14.2.1.3 Post-installation

After installing ROCm 10.1.0, complete these post-installation steps to complete your system configuration and validate
the installation.

14.2.1.3.1 Verify your installation

Use the following ROCm tools to verify that ROCm is correctly installed and that your AMD devices are visible to the
system.

1. Use hipinfo to list detected AMD GPUs and confirm that the ROCm runtimes and drivers are correctly installed
and loaded.

hipinfo

Example output of hipinfo

--------------------------------------------------------------------------------

device# 0

Name: AMD Radeon(TM) 8060S Graphics

pciBusID: 197

pciDeviceID: 0

pciDomainID: 0

multiProcessorCount: 20

... [output truncated]

2. Inspect your installation in your Python environment and confirm that ROCm packages, including the rocm-sdk
CLI, are available.

pip freeze

where rocm-sdk

dir .venv\Scripts

14.2.1.3.2 Test your installation

Run the following commands from your Python virtual environment to confirm that the ROCm SDK is correctly config-
ured and that basic checks complete successfully.

rocm-sdk test

To learn more about the rocm-sdk tool and to see example outputs, see Using ROCm Python packages (TheRock).

Tip

If you need to deactivate your Python virtual environment when finished, run:

deactivate

See also
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To install deep learning frameworks, including PyTorch and JAX, and get started with AI training and inference, see
the AI Ecosystem documentation portal.

To learn about HPC libraries and applications, see ROCm HPC SDK.

To learn about ROCmExtras, which include supplementary tools for benchmarking and validating, see ROCmExtras.

14.2.1.4 Uninstalling

1. Clear the pip cache.

pip cache purge

2. Remove your local Python virtual environment.

rmdir /s /q .venv

14.2.2 Tarball

The tarball installation method provides ROCm as a self-contained installation from a pre-built archive. This method
suits controlled or restricted environments requiring manual placement, updates, and removal outside the system package
manager.

14.2.2.1 Prerequisites

Before installing ROCm 10.1.0, ensure your system meets all prerequisites. To confirm that your system is supported,
see the Compatibility matrix.

14.2.2.1.1 Prepare Windows for ROCm installation

1. Remove any existing HIP SDK for Windows installations and other conflicting AMD graphics software. To unin-
stall the HIP SDK using the GUI, navigate to the following screen:

• Control Panel > Programs > Uninstall a program

2. Disable the following Windows security features as they can interfere with ROCm functionality:

• Turn off WDAG (Windows Defender Application Guard)

– Control Panel > Programs > Programs and Features > Turn Windows features on or off > Clear “Mi-
crosoft Defender Application Guard”

• Turn off SAC (Smart App Control)
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– Settings > Privacy & security > Windows Security > App & browser control > Smart App Control
settings > Off

14.2.2.2 Installation

Before getting started, make sure you’ve completed the Prerequisites. For information about supported operating systems
and compatible AMD devices, see the Compatibility matrix.

Caution

Do not replace or copy the ROCm compiler and runtime DLLs to System32 as this can cause conflicts.

14.2.2.2.1 Install AMD Software: Adrenalin Edition

For details and the download link, see https://www.amd.com/en/resources/support-articles/release-notes/
RN-RAD-ROCM-10-01.html#Downloads.

14.2.2.2.2 Install ROCm

Use the following instructions to install ROCm packages on your system.

14.2.2.2.2.1 Create the installation directory

Create the installation directory in C:\TheRock\build. For example, use the following command in your command
prompt:

mkdir C:\TheRock\build

Important

Subsequent commands assume you’re working with the C:\TheRock\build directory. If you choose a different
directory name, adjust the commands accordingly.

14.2.2.2.2.2 Download and unpack the tarball

Download the tarball and extract the contents to C:\TheRock\build. Run the following commands in your command
prompt:

cd C:\TheRock

curl -o therock-dist-windows-multiarch-10.1.0.tar.gz https://stable.repo.amd.com/rocm/

↪→core/tarball/therock-dist-windows-multiarch-10.1.0.tar.gz

tar -xzf therock-dist-windows-multiarch-10.1.0.tar.gz -C build --strip-components=1

• Download link: therock-dist-windows-multiarch-10.1.0.tar.gz

14.2.2.3 Post-installation

After installing ROCm 10.1.0, complete these post-installation steps to complete your system configuration and validate
the installation.
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14.2.2.3.1 Configure your environment

Configure environment variables so that ROCm libraries and tools are available on your Windows system.

1. Run command prompt as an administrator and set the following environment variables.

setx HIP_DEVICE_LIB_PATH "C:\TheRock\build\lib\llvm\amdgcn\bitcode" /M

setx HIP_PATH "C:\TheRock\build" /M

setx HIP_PLATFORM "amd" /M

setx LLVM_PATH "C:\TheRock\build\lib\llvm" /M

2. Add the following paths into the PATH environment variable.

setx PATH "%PATH%;C:\TheRock\build\bin;C:\TheRock\build\lib\llvm\bin" /M

3. Open a new command prompt window for the environment variables to take effect. Run set to see the list of active
variables.

set

14.2.2.3.2 Verify your installation

Use the following ROCm tools to verify that ROCm is correctly installed and that your AMD devices are visible to the
system.

Use hipinfo to list detected AMD GPUs and confirm that the ROCm runtimes and drivers are correctly installed and
loaded.

hipinfo

Example output of hipinfo

--------------------------------------------------------------------------------

device# 0

Name: AMD Radeon(TM) 8060S Graphics

pciBusID: 197

pciDeviceID: 0

pciDomainID: 0

multiProcessorCount: 20

... [output truncated]

See also

To install deep learning frameworks, including PyTorch and JAX, and get started with AI training and inference, see
the AI Ecosystem documentation portal.

To learn about HPC libraries and applications, see ROCm HPC SDK.

To learn about ROCmExtras, which include supplementary tools for benchmarking and validating, see ROCmExtras.
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14.2.2.4 Uninstalling

1. To uninstall ROCm, remove your installation directory.

rmdir /s /q C:\TheRock

Important

This step assumes you’re working with the C:\TheRock\build directory. If you chose a different directory
name when installing ROCm, adjust this step accordingly.

2. Run command prompt as an administrator and delete the following environment variables.

setx HIP_DEVICE_LIB_PATH "" /M

setx HIP_PATH "" /M

setx HIP_PLATFORM "" /M

setx LLVM_PATH "" /M

Remove the following paths from your PATH environment variable using your system settings GUI. Navigate to
the following screen:

• Control Panel > System and Security > Edit environment variables

Edit the PATH variable and delete the following paths:

• C:\TheRock\build\bin

• C:\TheRock\build\lib\llvm\bin

3. To uninstall the Adrenalin Driver, see Uninstall AMD Software.
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CHAPTER

FIFTEEN

ROCM RUNFILE INSTALLER

The ROCm Runfile Installer installs ROCm, the AMD GPU Driver, or a combination of the two on a system with or
without network or internet access. Unlike all other installation methods, the ROCm Runfile Installer can install ROCm
and the AMD GPU Driver without using a native Linux package management system.

The key advantage of using the ROCm Runfile Installer is its offline installation support. Many system environments
have network or internet access restrictions, making installation via normal package management difficult. Furthermore,
some installation environments might also have general restrictions on package management usage. Therefore, the ROCm
Runfile Installer lets you perform a completely self-contained ROCm software installation.

The ROCm Runfile Installer includes these features:

• An optional easy-to-use user interface for configuring the installation

• An optional command line interface for the installation

• Offline ROCm and AMD GPU Driver installation (requires the prior installation of dependencies)

• Packageless ROCm and AMD GPU Driver install without native package management

• A single self-contained installer for all supported Linux distributions

• Multi-architecture GPU support with selective installation and uninstall

• Flexible component selection (core, development tools, SDK, OpenCL)

• Graphics support option for Mesa/OpenGL workloads

• Configurable installation location for the ROCm install

15.1 Prerequisites

The ROCm Runfile Installer requires the following configuration:

• Installation of dependency requirements for the ROCm runtime

• Installation of dependency requirements for the AMD GPU Driver (optional)

• Sufficient storage space for the installation (100 GB of free space recommended)

• A supported Linux distribution

15.2 Dependency requirements

The ROCm components contained within the ROCm Runfile installer have a specific set of libraries, frameworks, and
other elements that must be pre-installed on the system before you can use ROCm after the installation. Similarly, the
inclusion of the AMD GPU Driver as part of the installation also requires specific libraries that must be pre-installed.
ROCm Runfile installer users must pre-install the list of required first-level dependencies.
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To install the pre-install dependencies, use one of two methods:

• Manual installation

• The ROCm Runfile Installer

15.2.1 Manual installation

You can determine the dependent packages from the ROCm Runfile Installer Pre-Install Configuration Settingsmenu
in the GUI or from the command line by using the deps=list rocm argument for ROCm or the deps=list amdgpu

argument for the AMD GPU Driver. This list, which indicates all packages required for the ROCm runtime or the AMD
GPU Driver, is displayed and saved to a file named deps_list.txt in the root rocm-installer directory. The
required libraries, frameworks, and other components within the required packages must be on the system when running
ROCm or installing the AMDGPUDriver. Users can manually install the required packages in the list using any method.

The list of packages that is displayed and saved is not directly usable by the packagemanager. Each line indicates the name
of the package or versioning required to meet the dependency requirement. Some dependencies might show multiple
packages separated by the | symbol, meaning that any package from the list satisfies the package dependency. For exam-
ple, the libgcc-dev dependency might be libgcc-5-dev | libgcc-7-dev, meaning that either libgcc-5-dev
or libgcc-7-dev can be installed to satisfy the corresponding dependency.

System administrators might prefer a manual installation process when deploying ROCm across a multi-node cluster en-
vironment, where a base operating system image is prepared and applied. This base OS image might have the dependency
requirements pre-installed.

15.2.2 ROCm Runfile Installer

For single-system environments, users can choose to have the ROCm Runfile Installer automatically install the depen-
dency requirements as part of the pre-installation stage for ROCm or the AMD GPU Driver. Any missing dependency
requirements can be installed using the Install Dependencies option of the Pre-Install Configuration Settings menu
in the GUI or from the command line using the deps=install rocm or deps=install amdgpu argument.

Note

The ROCm Runfile Installer requires a network or internet connection to install the dependency requirements.

15.3 Supported Linux distributions

The ROCm Runfile Installer supports the following Linux distributions and versions:

• Ubuntu: 22.04, 24.04, 26.04

• RHEL: 8.10, 9.4, 9.6, 9.8, 10.0, 10.2

• SLES: 15.7, 16.0

• Debian: 12, 13

• Oracle Linux: 8.10, 9.7, 10.1

• Rocky Linux: 9.7

Important

The new ROCm runfile installer is a universal installer that supports all listed distributions from a single .run file.
There is no need to download distribution-specific builds as was required in previous versions.
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15.4 Getting started

The ROCm Runfile Installer is distributed as a self-extracting .run file. To install ROCm, launch the installer from any
directory on the system.

15.4.1 Downloading the ROCm Runfile Installer

Download the ROCm Runfile Installer from repo.radeon.com using the following command:

wget https://repo.radeon.com/rocm/installer/rocm-runfile-installer/rocm-rel-<rocm-

↪→version>/<installer-file>

Substitute values specific to your installation for the following placeholders:

<rocm-version> = ROCm version number for the installer (for example, 7.14)

<installer-file> = The installer .run file

For example, to download ROCm 7.14 of the ROCm Runfile Installer:

wget https://repo.radeon.com/rocm/installer/rocm-runfile-installer/rocm-rel-7.14/rocm-

↪→installer-7.14.0-5.run

15.4.2 Running the ROCm Runfile Installer

After downloading the ROCm Runfile Installer, run it from a terminal using GUI install or Command line install. See the
sections below for more details.

You can obtain help, version, architecture, or component information using the following installer .run file argument
options:

bash rocm-installer-7.14.0-5.run help

bash rocm-installer-7.14.0-5.run version

bash rocm-installer-7.14.0-5.run buildinfo

bash rocm-installer-7.14.0-5.run gfx=list

bash rocm-installer-7.14.0-5.run compo=list

The help, version, buildinfo, gfx=list, and compo=list commands runwithout extracting the installer contents.
For all other argument options, or if no arguments are specified, the installer .run file self-extracts to the current working
directory where the .run file is executing. The self-extraction process creates a new directory named rocm-installer
containing the content and tools required for the installation. The rocm-installer directory also includes a logs
directory for recording the installation process. For more information, see Log files below.

Note

The installer self-extraction process might take a significant amount of time due to the size of the installer content
and the decompression process.

15.5 Install methods

The ROCm Runfile Installer provides two methods for running the ROCm installation:

• GUI install: The GUI installation includes a visual interface for configuring the installation, letting you specify the
pre- and post-installation requirements. In addition, the GUI provides feedback and guidance for setting up the
installation. This method is recommended for new and intermediate installer users.
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• Command line install: The command line interface installation method provides a direct terminal-based approach
for configuring and running the installation. This method is recommended for more advanced installer users and
automation scenarios.

15.6 GUI install

Launch the GUI-based installation of the ROCm Runfile Installer from the terminal command line without arguments as
follows:

bash rocm-installer-7.14.0-5.run

15.6.1 GUI

Use the Runfile Installer GUI to configure the installation, from the pre- to post-install options.

Starting from theMainmenu, the user interface contains multiple menus and sub-menus for each stage of the installation
process.

15.6.1.1 Main menu

TheMain menu is the installation starting point.
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15.6.1.2 Pre-Install Configuration Settings menu

The Pre-Install Configuration Settingsmenu is an optional menu used to configure pre-installation requirements before
installation. The pre-installation settings relate to the dependent libraries and packages required by the ROCm runtime
or the AMD GPU Driver.

• File

File displays the location of the deps_list.txt file. This file is based on the combination of selected dependen-
cies using the ROCm, Driver, and Graphics checkboxes and either Display Dependencies or Validate Depen-
dencies. If Display Dependencies is selected, deps_list.txt includes a list of all required dependencies. If
Validate Dependencies is selected, deps_list.txt contains only the missing dependencies on the system that
still require installation. The File field is initially blank until Display Dependencies or Validate Dependencies is
selected. Use the Install Dependencies to install the required dependencies on the system.

• ROCm / Driver

The ROCm and Driver checkboxes are used to select which dependencies you want to display, validate, or install.

• Graphics

The Graphics checkbox enables mixed graphics and compute support for Mesa/OpenGL workloads. This is an
option for non-Instinct GPUs such as AMD Radeon or Ryzen GPUs/APUs. When checked, the installer includes
the amdgpu-lib package.

• Display Dependencies
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Display Dependencies lists all required (Debian or RPM) packages that must be pre-installed on the system. These
packages are required by ROCm or the AMD GPU Driver being installed by a particular ROCm Runfile Installer
version.

Note

The required packages are listed in the deps_list.txt file and can be installed separately from the ROCm
Runfile Installer.

• Validate Dependencies

Validate Dependencies verifies which required packages are currently installed on the system where ROCm or
the AMD GPU Driver is being installed. It displays which packages from the required packages list are missing.

Note

The missing packages are listed in the deps_list.txt file.

• Install Dependencies

If the installer is running on the system where ROCm or the AMD GPU Driver will be installed, you can choose
to install any missing dependencies using the Install Dependencies option.

Note

Install Dependencies is only intended for a system with network or internet access. For offline installation
using the ROCm Runfile Installer, you must manually install the required packages. For more details, see the
Dependency requirements section.

15.6.1.3 ROCm Options menu

TheROCmOptionsmenu can include or exclude ROCm from the installation and provides access to device/architecture
and component selection.
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• Install ROCm

This field indicates whether to include ROCm components in the installation. If this field is set to yes, ROCm
installation is enabled and the Runfile Installer searches for any existing ROCm installations at the currently set
ROCm Install Path. If a previous ROCm installation is detected, the Uninstall ROCm field becomes selectable.

• ROCm Device

This submenu allows you to select which GPU architectures to install. You can choose specific architectures
(gfx942, gfx1100, gfx950, and so on), multiple architectures, or all available architectures. The installer will list
the currently auto-detected GPU and associated architecture by default.
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• ROCm Components

This submenu allows you to select which ROCm component categories to install:

– core: Core ROCm components

– core-dev: Core development components

– dev-tools: Developer tools

– core-sdk: Core SDK components

– opencl: OpenCL runtime
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• ROCm Install Path

If Install ROCm is set to yes, the ROCm Install Path field can set the full path to the directory where ROCm
will be installed. The default location is /opt, which results in a /opt/rocm/core-x.y.z installation.

When ROCm Install Path is set to a new path, the installer validates the new directory location. If the directory
exists, the ROCm installation can proceed. If an invalid location is specified, the ROCm installation will not be
allowed.

• Uninstall ROCm

This field is only available if previous Runfile ROCm installations are discovered on the system where ROCm is
being installed, based on the currently selected ROCm Install Path location. The installer only lists previous
installation locations that are on the current install path. If any installation locations are present on this path, they
can be selected for uninstall.

The installer indicates the type of installation as follows:

– P (Package manager): Package manager installation that matches the ROCm version for the Runfile Installer.
In this case, uninstall is not allowed.

– C (Runfile conflict): Runfile installation that matches the ROCm version for the Runfile Installer. The con-
flicting installation can be uninstalled.

– R (Runfile): Runfile installation that differs from the ROCm version for the Runfile Installer. The installation
can be uninstalled.

Uninstall ROCm is for a single ROCm instance at a time and is only available for Runfile installs. Packagemanager
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installs of ROCm cannot be uninstalled by the Runfile installer and must be uninstalled manually using the package
management application.

Note

For multi-architecture installs from the current ROCm Install Path, the GUI interface will uninstall all archi-
tectures. To uninstall specific GPU architectures, use the command line interface for uninstall.

15.6.1.4 Driver Options menu

The Driver Options menu can include or exclude the AMD GPU Driver from the installation.

• Install Driver

This field indicates whether to include the AMD GPU Driver in the installation. If this field is set to yes, AMD
GPU Driver installation is enabled. When this field is enabled, the system is searched for any existing AMD GPU
Driver installations. If a previous AMD GPU Driver installation is detected, the Uninstall Driver field becomes
selectable.

Note
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The AMD GPU Driver is installed for the currently running Linux kernel version. To install the AMD GPU
Driver for a different kernel, reboot to the specific Linux kernel and reinstall the AMD GPU Driver using the
runfile.

• Start on install

If the Start on install option is enabled, the Runfile installer uses modprobe to automatically launch the AMD
GPU Driver after installation. If a pre-existing AMD GPU Driver is already loaded on the system, the new driver
will not start. This option can be useful for installing the driver on a system where the GPU device is newer and
not yet natively supported as part of the upstream GPU driver for the Linux distribution.

• Uninstall Driver

This field is only available if a previous Runfile install of the AMD GPU Driver is discovered on the install system.
If a Runfile installation of the AMD GPU Driver is detected, select Uninstall Driver to remove it. Package
manager installs of the AMD GPU Driver cannot be uninstalled by the Runfile installer and must be uninstalled
manually using the package management application.

15.6.1.5 Post-Install Options menu

Use the Post-Install Options menu to optionally enable additional setup and configuration items after the initial ROCm
install.
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• Set GPU access permissions

This section sets the GPU access permissions after the ROCm installation. Typically, any ROCm component using
the GPU and requiring access to GPU resources needs to set the access permission. For ROCm, GPU access is
controlled by membership in the video and render groups. Membership and access to GPU resources can be
set using one of two methods.

– Add video,render group

If the Add video,render group field is enabled, the current $USER is added to the groups and will be granted
GPU access.

– Add udev rule

If the Add udev rule field is enabled, GPU access is granted to all users on the system.

Note

It’s recommended that you enable one of the GPU access options for using ROCm.

Only one method for adding GPU access can be selected.

• Post ROCm setup

When this option is enabled, the ROCm post-install setup is performed. This includes configuring symbolic links
and other system requirements for using ROCm and the ROCm runtime. This option is enabled by default for
ROCm installations.

Tip

It’s recommended that you enable the Post ROCm setup to guarantee proper functioning of the ROCm com-
ponents and applications. However, advanced users who understand the ROCm setup might want to disable
this option so they can control the post-installation ROCm setup for their specific environment.

15.6.2 Using the GUI

Start the ROCm Runfile Installer user interface from the terminal and launch theMain menu. While navigating through
the user interface menus, use theDone option to return to the previous menu. Some menus have aHelp option to display
more information about the elements within the current menu.

Follow these steps to install ROCm and the AMD GPU Driver:

1. (Optional) Install dependencies:

a. Enter the Pre-Install Configuration menu.

b. Select the ROCm checkbox, Driver checkbox, or both to specify the dependency type.

c. (Optional) Select the Graphics checkbox if you need graphics support for Mesa/OpenGL workloads.

d. If using the installer to install missing required dependencies, select Install Dependencies.

To manually install the required dependencies, select Display Dependencies to list all the dependencies or
Validate Dependencies to only list the missing dependencies on the current system. Quit the installer using
DONE->F1 and separately install the required dependencies, which will be listed in the deps_list.txt
file at the File location. After completing this task, restart the ROCm Runfile Installer and proceed to step 2.

2. Set the ROCm options:

a. Enter the ROCm Options menu.
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b. Set Install ROCm to yes to include ROCm components in the installation.

c. (Optional) Enter the ROCm Device submenu to select GPU architectures. By default, the installer auto-
detects your GPU.

d. Enter the ROCm Components submenu to select component categories.

e. (Optional) Select Uninstall ROCm to uninstall a previous Runfile installation or specific architectures.

f. Leave the ROCm Install Path field set to the default location (/opt) to install ROCm to /opt/rocm/

core-x.y.z or set the install location to a valid existing directory.

3. Set the AMD GPU Driver options:

a. Enter the Driver Options menu.

b. Set Install Driver to yes to include the AMD GPU Driver in the installation.

c. (Optional) Select Start on install to load the driver after installation.

d. (Optional) Select Uninstall Driver to uninstall a previous Runfile installation.

4. Set the post-install options:

a. Set the method of enabling permission for GPU access to Add video,render group or Add udev rule.

b. Set the Post ROCm setup to yes to include configuration of ROCm post-installation, which is recommended
and enabled by default. Set to no to exclude the post-installation.

15.7 Command line install

The command line install interface can be used as an alternative to the menu-based ROCmRunfile Installer GUI to reduce
user interaction during the installation and enable automation scenarios.

Run the ROCm Runfile Installer from the terminal command line as follows:

bash rocm-installer-7.14.0-5.run <options>

The <options> parameter can be set to these options:

• User help/information

– help: Displays information on how to use the ROCm Runfile Installer.

– version: Displays the current version of the ROCm Runfile Installer.

– buildinfo: Display ROCm build information (TheRock commit, GitHub run ID, and so on).

• Runfile options

– noexec: Disable all installer execution. Extract the .run file content only.

– noexec-cleanup: Disable cleanup after installer execution. Keep all .run extracted and runtime files.

• Dependencies

– deps=<arg> <compo>:

∗ <arg>:

· list <compo>: Lists the required dependencies for the install <compo>.

· validate <compo>: Validates which required dependencies are installed or not installed for
<compo>.

· install-only <compo>: Installs the required dependencies only for <compo>.
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· install <compo>: Installs with the required dependencies for <compo>.

∗ <compo>: Install component (rocm/amdgpu/rocm amdgpu).

• Install

– rocm: Enable ROCm components install.

– amdgpu: Enable AMD GPU Driver install.

– force: Force the ROCm and AMD GPU Driver install.

– graphics: Enable graphics support by installing amdgpu-lib for Mesa/OpenGL.

– target=<directory>: The target directory path for the ROCm components install (default: /opt).

– gfx=<arch>: GPU architecture to install.

∗ <arch>: Architecture specification (for example, gfx942, gfx1100, gfx950).

Special values:

· gfx=all: Install all available architectures.

· gfx=list: Show available architectures in the installer.

· gfx=list-installed: Show currently installed architectures (checks /opt by default; use with
target=<path> to check a different location).

· gfx=show: Detect and display GPU information.

∗ Multiple architectures: gfx=gfx942,gfx950 (comma-separated).

∗ If not specified, auto-detects GPU and installs matching architecture.

– compo=<component_list>: Comma-separated list of ROCm components to install.

∗ Available components: core, core-dev, dev-tools, core-sdk, opencl.

∗ Default: core (if not specified).

∗ compo=list: Show available component categories.

∗ Examples: compo=core, compo=core,dev-tools, compo=core-sdk.

• Post-install

– postrocm: Run the post-installation ROCm configuration. By default, post-install runs automatically with
rocm installation. Use this to run post-install after installing with nopostrocm.

– nopostrocm: Disable post ROCm installation configuration. Use this flag to skip post-install processing.

– amdgpu-start: Start the AMD GPU Driver after the install.

– gpu-access=<access_type>

∗ <access_type>:

· user: Adds the current user to the render,video group for GPU access.

· all: Grants GPU access to all users on the system using udev rules.

• Uninstall

– uninstall-rocm (target=<directory>): Uninstall ROCm.

∗ (target=<directory>): Optional target directory for the ROCm uninstall (default: /opt/rocm/
core-x.y.z).

∗ Multi-architecture selective uninstall:
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· gfx=<arch>: Uninstall specific architecture (for example, gfx=gfx1100).

· gfx=all: Uninstall all architectures.

· Base components remain until last architecture is removed.

– uninstall-amdgpu: Uninstall the AMD GPU Driver.

• Information/Debug

– findrocm: Search for a ROCm installation.

– manifest: List the version of all ROCm components included in the installer.

– manifest=<gfx>: List components for specific GFX architecture (for example, manifest=gfx1100,
manifest=base).

– prompt: Run the installer with user prompts.

– assumeyes: Automatically answer yes to all prompts (useful for automation/scripting).

– verbose: Run the installer with verbose logging.

Note

The installer can be used with multiple <options> combinations to enable specific stages of the ROCm install
process (pre-installation and post-installation). The exception is any option that uses the keyword -only will apply
that option only and no others. Some informational options are also single-option commands.

15.7.1 Command line interface

The command line interface for the ROCm Runfile Installer is based on the <options> list provided to the installer
.run file.

15.7.1.1 Basic installation examples

This example demonstrates how to perform a basic ROCm installation with auto-detected GPU architecture:

bash rocm-installer-7.14.0-5.run rocm

This example demonstrates how to perform a typical ROCm installation with dependencies installed, specific GPU ar-
chitecture, and post-install configuration:

bash rocm-installer-7.14.0-5.run deps=install gfx=gfx942 rocm

This example demonstrates how to install ROCm to a custom location with GPU access configuration:

bash rocm-installer-7.14.0-5.run deps=install target="$HOME/myrocm" gfx=gfx942 rocm␣

↪→gpu-access=all

15.7.1.2 Multi-architecture installation examples

Install multiple GPU architectures:

bash rocm-installer-7.14.0-5.run gfx=gfx942,gfx950,gfx1100 rocm

Install all available architectures:
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bash rocm-installer-7.14.0-5.run gfx=all rocm

15.7.1.3 Component selection examples

Install core components only (default):

bash rocm-installer-7.14.0-5.run gfx=gfx942 rocm

Install core SDK with dependencies:

bash rocm-installer-7.14.0-5.run deps=install compo=core-sdk gfx=gfx942 rocm

Install multiple components:

bash rocm-installer-7.14.0-5.run compo=core,dev-tools gfx=gfx942 rocm

15.7.1.4 Graphics support example

Install with graphics support for Mesa/OpenGL:

bash rocm-installer-7.14.0-5.run deps=install gfx=gfx942 rocm graphics

15.7.1.5 AMD GPU Driver installation examples

Install AMD GPU Driver only:

bash rocm-installer-7.14.0-5.run amdgpu

Install AMD GPU Driver with dependencies:

bash rocm-installer-7.14.0-5.run deps=install amdgpu

15.7.1.6 Combined installation examples

Install both ROCm and AMD GPU Driver:

bash rocm-installer-7.14.0-5.run deps=install gfx=gfx942 rocm amdgpu gpu-access=all

Install to custom location with all components:

bash rocm-installer-7.14.0-5.run deps=install target="$HOME/myrocm" gfx=gfx942 rocm␣

↪→amdgpu gpu-access=all

15.7.1.7 Runfile options

The ROCm Runfile Installer is a self-extracting .run file with a few options for controlling the extraction process. When
the installer .run file starts execution, the extraction process begins with a checksum validation to verify the integrity
of the .run file. If there are no errors, it begins extracting and decompressing the package contents. The contents are
output to a new directory named rocm-installer, located in the current working directory.

Usually, when extraction and decompression are complete, execution begins automatically by either starting up the GUI
(if no arguments are provided) or executing the rocm-installer.sh script with all command line arguments. The
rocm-installer.sh script is in the extracted rocm-installer directory.
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When the GUI exits or the command line completes execution, the Runfile installer will automatically clean up the
rocm-installer directory and delete all content except for the log files and the deps_list.txt file.

In some cases, you might want to execute multiple commands from the same extraction and save the time required to
verify the checksum and extract and decompress the package contents of the .run file. Two command line options let
you disable the .run cleanup process: noexec and noexec-cleanup.

• noexec

The noexec option is a single command line argument that lets the checksum and extraction process complete
and then exits without starting the GUI or executing the rocm-installer.sh script. All content will be main-
tained after the exit. You can then use the rocm-installer.sh script directly from the command line without
specifying the .run file name.

For example, extract the .run file and then use rocm-installer.sh instead of rocm-installer-7.14.
0-5.run to install ROCm and the AMD GPU Driver separately:

bash rocm-installer-7.14.0-5.run noexec

cd rocm-installer

bash rocm-installer.sh gfx=gfx942 rocm

bash rocm-installer.sh amdgpu

Note

If the noexec option is used, all other <options> on the command line will be ignored.

• noexec-cleanup

The noexec-cleanup option disables the cleanup process after the GUI or command line interface exits. Unlike
the noexec option, all command line arguments are processed as normal, but no content is deleted upon exit or
completion. At this point, you can switch to using the rocm-installer.sh script within the rocm-installer
directory to avoid re-extracting the contents.

15.7.1.8 Dependency options

Like the GUI Pre-Install Configuration menu, the command line interface can list, validate, and install the required
dependencies. At the command line, add the deps=<arg> <compo> option to the list of <options> for the .run file.
The <compo> option can include any combination of the rocm, amdgpu, and graphics tags.

The graphics option is intended for non-Instinct GPUs such as AMD Radeon or Ryzen GPUs/APUs to enable mixed
graphics and compute support for Mesa/OpenGL workloads.

• deps=list <rocm/amdgpu/graphics>

This dependency option lists all the dependencies required for the .run file-based ROCm installation, AMDGPU
installation, graphics support, or any combination. It lists all required (Debian or RPM) packages that require
pre-installation on the system. The additional rocm, amdgpu, or graphics parameter is a requirement for the
deps=list option that instructs the installer to list only the dependencies required by ROCm, the AMD GPU
Driver, graphics support, or any combination.

Running deps=list causes the installer to quit after listing the dependencies. deps=list can combine rocm,
amdgpu, and graphics and output the combined list of required dependencies.

Use deps=list <rocm/amdgpu/graphics> as a single <options> parameter:

bash rocm-installer-7.14.0-5.run deps=list rocm

bash rocm-installer-7.14.0-5.run deps=list amdgpu

(continues on next page)
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(continued from previous page)

bash rocm-installer-7.14.0-5.run deps=list graphics

bash rocm-installer-7.14.0-5.run deps=list rocm amdgpu graphics

Note

The list of required packages can be installed separately from the Runfile Installer.

• deps=validate <rocm/amdgpu/graphics>

This dependency option verifies whether any of the required ROCm, AMD GPU Driver, or graphics support pack-
ages in the dependency list are already installed on the system running the command. The output is a list of any
missing dependency packages that require installation.

Running deps=validate causes the installer to quit after listing the missing dependencies. deps=validate
can combine rocm, amdgpu, and graphics and output the combined list of missing dependencies.

Use deps=validate <rocm/amdgpu/graphics> as a single <options> parameter:

bash rocm-installer-7.14.0-5.run deps=validate rocm

bash rocm-installer-7.14.0-5.run deps=validate amdgpu

bash rocm-installer-7.14.0-5.run deps=validate graphics

bash rocm-installer-7.14.0-5.run deps=validate rocm amdgpu graphics

Note

The list of missing packages can be installed separately from the Runfile Installer.

• deps=install

This dependency option validates and installs any required packages in the dependency list for ROCm, the AMD
GPU Driver, graphics support, or any combination that are missing on the system running the command. This
dependency option is not a single <options> parameter and can be added to a list of other options for the installer.
The deps=install option expects at least one of the rocm, amdgpu, or graphics <options> parameters to
also be present in the list to enable the pre-installation of required dependencies before the Runfile Installer installs
ROCm, the AMD GPU Driver, or graphics support.

For example, to install the dependencies and ROCm, the command line is as follows:

bash rocm-installer-7.14.0-5.run deps=install rocm

To install the dependencies and the AMD GPU Driver, the command line is as follows:

bash rocm-installer-7.14.0-5.run deps=install amdgpu

To install the dependencies for graphics support, the command line is as follows:

bash rocm-installer-7.14.0-5.run deps=install graphics

To install the dependencies for ROCm, AMD GPU Driver, and graphics support, the command line is as follows:

bash rocm-installer-7.14.0-5.run deps=install rocm amdgpu graphics
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Note

The installer can be set to only install dependencies and then quit. In this case, add -only to the
deps=install option:

bash rocm-installer-7.14.0-5.run deps=install-only rocm

bash rocm-installer-7.14.0-5.run deps=install-only amdgpu

bash rocm-installer-7.14.0-5.run deps=install-only graphics

bash rocm-installer-7.14.0-5.run deps=install-only rocm amdgpu graphics

15.7.1.9 Install options

Like the GUI ROCm Options menu, the ROCm Runfile Installer can be configured to install ROCm with specific
architectures, components, and installation locations.

• rocm

At the command line, add the rocm option to enable ROCm installation.

Note

This option must be in the list of .run <options> for ROCm component installation.

For example, to install ROCm with auto-detected GPU architecture:

bash rocm-installer-7.14.0-5.run rocm

• target=<directory>

This install option is used to set the target directory where ROCm will be installed. The target option is only
used as an option for ROCm installation and is not required for an AMD GPU Driver install.

When target=<directory> is not specified in the <options> list, the installer uses the default installation
path of /opt. This results in a ROCm installation at /opt/rocm/core-x.y.z.

You can change the default location and set the ROCm component installation directory using the tar-

get=<directory> option. The <directory> argument must be a valid and absolute path to a directory on
the system executing the ROCm Runfile Installer.

For example, to install ROCm to the default /opt/rocm/core-x.y.z location (explicit):

bash rocm-installer-7.14.0-5.run target="/opt" gfx=gfx942 rocm

To install ROCm to a directory called amd/myrocm in the $USER directory:

bash rocm-installer-7.14.0-5.run target="$HOME/myrocm" gfx=gfx942 rocm

• gfx=<arch>

This install option specifies the GPU architecture to install. The installer includes architecture-specific components
for different AMD GPU families.

Single architecture installation:

bash rocm-installer-7.14.0-5.run gfx=gfx942 rocm

bash rocm-installer-7.14.0-5.run gfx=gfx1100 rocm

bash rocm-installer-7.14.0-5.run gfx=gfx950 rocm
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Multiple architecture installation (comma-separated):

bash rocm-installer-7.14.0-5.run gfx=gfx942,gfx950,gfx1100 rocm

Install all available architectures:

bash rocm-installer-7.14.0-5.run gfx=all rocm

Auto-detect GPU (default if gfx= not specified):

bash rocm-installer-7.14.0-5.run rocm

Architecture information commands:

bash rocm-installer-7.14.0-5.run gfx=show # Detect and display GPU info

bash rocm-installer-7.14.0-5.run gfx=list # List available architectures

bash rocm-installer-7.14.0-5.run gfx=list-installed # Show installed architectures

• compo=<component_list>

This install option specifies which ROCm component categories to install. Components can be specified individ-
ually or as comma-separated lists.

Available components:

– core: Core ROCm components (default)

– core-dev: Core development components

– dev-tools: Developer tools

– core-sdk: Core SDK components

– opencl: OpenCL runtime

Single component installation:

bash rocm-installer-7.14.0-5.run compo=core gfx=gfx942 rocm

bash rocm-installer-7.14.0-5.run compo=core-sdk gfx=gfx942 rocm

Multiple component installation (comma-separated):

bash rocm-installer-7.14.0-5.run compo=core,dev-tools gfx=gfx942 rocm

bash rocm-installer-7.14.0-5.run compo=core-sdk,opencl gfx=gfx942 rocm

List available components:

bash rocm-installer-7.14.0-5.run compo=list

If compo= is not specified, the installer defaults to installing the core component.

• graphics

This install option enables graphics support for Mesa/OpenGL workloads. When specified, the installer includes
the amdgpu-lib package.

bash rocm-installer-7.14.0-5.run gfx=gfx942 rocm graphics

bash rocm-installer-7.14.0-5.run deps=install gfx=gfx942 rocm graphics

298 Chapter 15. ROCm Runfile Installer



AMD ROCm™ Programming Guide, Release 10.1.0

• amdgpu

At the command line, add the amdgpu option to enable AMD GPU Driver installation.

Note

This option must be in the list of .run <options> for ROCm component installation. The AMDGPUDriver
is installed for the currently running Linux kernel version. To install the AMDGPUDriver for a different kernel,
reboot to the specific Linux kernel and reinstall the AMD GPU Driver using the runfile.

For example, to install the AMD GPU Driver with no other options:

bash rocm-installer-7.14.0-5.run amdgpu

Note

Both rocm and amdgpu can be combined in the <options> list to install both components. For this case, the
command line is as follows:

bash rocm-installer-7.14.0-5.run gfx=gfx942 rocm amdgpu

• force

The force install option can be added to the <options> list for the case of multiple pre-existing Runfile installs
of ROCm. Add this option to disable any installer prompts that ask for confirmation to continue with the ROCm
install if there are currently one or more Runfile ROCm installations already on the system.

15.7.1.10 Post-install options

Similar to the GUI Post-Install Options menu, the post-install options can configure the ROCm Runfile Installer to
apply additional post-installation options after completing the installation. At the command line, add one or more of the
post-installation options to the <options> list for the .run file.

• postrocm

This post-install option applies any post-installation configuration settings for ROCm following installation on the
target system. The post-installation configuration includes any symbolic link creation, library configuration, and
script execution required to use the ROCm runtime.

By default, post-install runs automatically when you use the rocm install option. You only need to explicitly use
postrocm in these scenarios:

– You installed with nopostrocm and now want to run post-install separately.

– You want to run post-install on an existing installation.

To run post-install separately after installing with nopostrocm:

bash rocm-installer-7.14.0-5.run gfx=gfx942 rocm nopostrocm

bash rocm-installer-7.14.0-5.run postrocm

The post-install takes into account the install location of ROCm, which you may specify with the addition of the
target= option. By default, if target= is not provided, the default location of /opt will be used to apply the
post-installation:
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bash rocm-installer-7.14.0-5.run postrocm

For installation locations other than /opt, use the target= option:

bash rocm-installer-7.14.0-5.run target=/custom/path postrocm

ROCm installations using the Runfile installer can specify not only the location, but also the GPU architecture
(gfx=) and ROCm components (compo=). Post-installation takes this into account and will auto-detect the archi-
tectures and components installed at a location if not provided with the postrocm option. However, if a user needs
to specify either architecture or components, then gfx= and compo= options may be used with the postrocm op-
tion.

Run post-install with a specific architecture:

bash rocm-installer-7.14.0-5.run gfx=gfx942 postrocm

Run post-install with a specific component:

bash rocm-installer-7.14.0-5.run compo=core-sdk postrocm

Note

Adding the postrocm option (or relying on the default behavior with rocm) is highly recommended to guar-
antee proper functioning of the ROCm components and applications.

• nopostrocm

This post-install option disables the automatic post-install configuration that normally runs when you use the rocm
install option. Use this when you want to install ROCm without running the post-install scripts.

bash rocm-installer-7.14.0-5.run gfx=gfx942 rocm nopostrocm

You can run the post-install later using the postrocm option (see above).

• gpu-access=<access_type>

This post-install option sets the GPU resource access permissions. ROCm runtime libraries and applications might
need access to the GPU. This requires setting the access permission to the video and render groups using the
<access_type>.

If the ROCm installation is for a single user, then set the <access_type> for the gpu-access option to user.

For example, to add the current user ($USER) to the video,render group for GPU access for a ROCm installation,
the command line is as follows:

bash rocm-installer-7.14.0-5.run gfx=gfx942 rocm gpu-access=user

In cases where a system administrator is installing ROCm for multiple users, they might want to enable GPU access
permission for all users. For this case, set the <access_type> for the gpu-access option to all:

bash rocm-installer-7.14.0-5.run gfx=gfx942 rocm gpu-access=all

Note
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Adding the gpu-access option to the <options> list is recommended for using ROCm. A typical ROCm
installation includes one of the gpu-access types.

15.7.1.11 Uninstall options

These options configure the ROCm Runfile Installer to uninstall a previous ROCm or AMD GPU Driver installation.

• uninstall-rocm (target=<directory>) (gfx=<arch>)

This option configures the ROCmRunfile Installer to uninstall a previous ROCm installation. Formulti-architecture
installations, you can selectively uninstall specific architectures or all architectures.

– Uninstall with auto-detection of architecture:

To uninstall ROCm from the default location (/opt/rocm/core-x.y.z):

bash rocm-installer-7.14.0-5.run uninstall-rocm

To uninstall ROCm from a custom location:

bash rocm-installer-7.14.0-5.run target="$HOME/myrocm/rocm-x.y.z" uninstall-

↪→rocm

– Uninstall with architecture selection:

Selective uninstall of one or more GPU architectures installed to a location. Using gfx=, you can specify the
architecture or architectures to uninstall. Only gfx-specific components will be removed for multi-installs,
with common components remaining until the final architecture is uninstalled.

To uninstall a specific architecture:

bash rocm-installer-7.14.0-5.run gfx=gfx1100 uninstall-rocm

bash rocm-installer-7.14.0-5.run target="$HOME/myrocm" gfx=gfx942 uninstall-

↪→rocm

To uninstall all architectures:

bash rocm-installer-7.14.0-5.run gfx=all uninstall-rocm

Note

The uninstall-rocm option can only remove ROCm if it was installed using the ROCm Runfile Installer.
Traditional package-based ROCm installs will not be removed.

• uninstall-amdgpu

This option configures the ROCm Runfile Installer to uninstall a previous AMD GPU Driver installation.

To uninstall the AMD GPU Driver from the system, use the following command line:

bash rocm-installer-7.14.0-5.run uninstall-amdgpu

Note
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The uninstall-amdgpu option can only remove the AMD GPU Driver if it was installed using the ROCm
Runfile Installer. Traditional package-based AMD GPU Driver installs will not be removed.

15.7.1.12 Information and debug options

The ROCm Runfile Installer command line interface includes options for information output or debugging.

• findrocm

This information option searches the install system for any existing installations of ROCm. Any install locations
are output to the terminal and the type of installation is indicated (Runfile or Package manager).

Use findrocm as a standalone <options> parameter:

bash rocm-installer-7.14.0-5.run findrocm

• manifest

This information option lists the version of each ROCm component included in the installer. The manifest option
causes the Runfile Installer to quit after listing the ROCm components.

Use manifest as a standalone <options> parameter:

bash rocm-installer-7.14.0-5.run manifest

To list components for a specific architecture:

bash rocm-installer-7.14.0-5.run manifest=gfx942

bash rocm-installer-7.14.0-5.run manifest=gfx1100

bash rocm-installer-7.14.0-5.run manifest=base

• buildinfo

This information option displays TheRock build information, including commit hash, GitHub run ID, build date,
and other build metadata.

Use buildinfo as a standalone <options> parameter:

bash rocm-installer-7.14.0-5.run buildinfo

• prompt

This debug option enables user prompts in the installer. At specific, critical points of the installation process, the
installer halts execution and prompts the user to either continue with the install or exit.

• assumeyes

This automation option automatically answers yes to all prompts. This is useful for automation and scripting sce-
narios where user interaction is not desired.

bash rocm-installer-7.14.0-5.run deps=install gfx=gfx942 rocm assumeyes

• verbose

This debug option enables verbose logging during ROCm Runfile Installer execution.

For example, to install ROCm with user prompts and verbose logging:

bash rocm-installer-7.14.0-5.run target="/opt" gfx=gfx942 rocm prompt verbose
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15.8 Log files

By default, the ROCm Runfile Installer GUI and command line interfaces record the output execution in log files. These
log files are created in the rocm-installer/logs directory.

The rocm-installer directory is created when the ROCm Runfile Installer self-extracts to the current working direc-
tory where it is being executed.

15.9 Troubleshooting

The following are common issues and solutions for the ROCm Runfile Installer.

• Issue: Installer fails with “missing dependencies” error

Solution: Use deps=validate rocm to see which dependencies are missing, then either:

– Install them manually using your package manager

– Use deps=install rocm to have the installer install them (requires internet connection)

• Issue: GPU not detected or wrong architecture selected

Solution: Use gfx=show to see detected GPUs, then manually specify the correct architecture:

bash rocm-installer-7.14.0-5.run gfx=gfx942 rocm

• Issue: Post-install configuration was skipped

Solution: Run post-install separately:

bash rocm-installer-7.14.0-5.run postrocm

• Issue: Cannot access GPU after installation

Solution: Ensure GPU access permissions are set. Either:

– Add your user to the video/render groups: bash rocm-installer-7.14.0-5.run gpu-access=user

– Grant access to all users: bash rocm-installer-7.14.0-5.run gpu-access=all

– Log out and log back in for group membership changes to take effect

• Issue: Multi-architecture installation conflicts

Solution:

– Check installed architectures: bash rocm-installer-7.14.0-5.run gfx=list-installed

– Remove specific architecture if needed: bash rocm-installer-7.14.0-5.run gfx=gfx1100

uninstall-rocm

– Reinstall with correct architecture selection
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CHAPTER

SIXTEEN

BUILD THE ROCM CORE SDK FROM SOURCE

You can build the ROCm Core SDK from source using the open-source unified build system TheRock. To learn more
about the motivation and architecture behind this system, see ROCm Technology Preview: ROCm Core SDK and The-
Rock Build System.

This page consists mainly of references to TheRock’s README and supporting development manuals, which provide
up-to-date build instructions and guidance for supported platforms. See TheRock Development Guide to learn about the
overall build architecture.

Tip

Building from source is recommended only if you need custom builds or are contributing to ROCm development. For
most users, installing from official AMD releases is faster and easier. See Install AMD ROCm 10.1.0 for installation
instructions.

16.1 Prerequisites

A successful build depends on a correctly configured environment. Before you begin, ensure your system meets all
hardware and software requirements. Review the following resources:

• Environment setup guide

• /compatibility/compatibility-matrix

16.2 High-level build process

For an overview of the build architecture, start with TheRock’s development guide. While specific commands vary by
platform, the general workflow for building from source involves these stages:

1. Clone the repository and install build dependencies. See Platform-specific setup.

2. Configure the build: Use CMake feature flags to configure the build. This step allows you to target specific plat-
forms, build subsets of ROCm Core SDK components, and toggle component features. See Build configuration
for optional and required build flags.

3. Execute the build: Run the build command to compile the source code. This can be a time- and resource-intensive
process. See CMake build usage.

4. After a successful build, the outputs are available for use in downstream tasks. To learn more about build outputs,
see the relevant TheRock documentation. Common post-build tasks include:

• Using build/dist/rocm: When the build completes, you should have a build of ROCm in the build/
dist/rocm/ directory. See Using installed tarballs for more information.
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• Building Python packages: Prepare the build artifacts for distribution as Python packages. See Building
Python packages.

• Building PyTorch: Build a compatible PyTorch version against ROCm wheels. See the PyTorch build in-
structions.

16.3 Platform-specific setup

16.3.1 ManyLinux

OnLinux, it’s recommended to build withManyLinux to produce binaries that are portable across Ubuntu and other Linux
distributions. To learn more about what a ROCm ManyLinux build entails, see ManyLinux builds. Refer to ManyLinux
x86_64 in the environment setup guide.

16.3.2 Ubuntu 24.04

TheRock provides detailed instructions and scripts for preparing an Ubuntu 24.04 system, including installing necessary
packages via apt. Refer to Setup — Ubuntu 24.04 in the TheRock repository for guidance.

16.3.3 Windows 11

For setup instructions on Windows 11 using Visual Studio 2022, see Setup —Windows 11 in the TheRock repository.

See also

For details on supported configurations, known issues, and other Windows-specific considerations, review the Win-
dows support documentation.
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SEVENTEEN

THIRD-PARTY TOOLS

Many third-party tools can support your HIP and ROCm development. This section provides a brief overview of some
of these tools and how you can use them with AMD GPUs. For detailed, up-to-date information, refer to the official
documentation of each tool, as features and compatibility change frequently.

17.1 Performance monitoring and profiling

You can use several tools to monitor performance counters and profile your GPU-accelerated applications.

17.1.1 PAPI

The Performance Application Programming Interface (PAPI) provides access to hardware performance counters on
CPUs, GPUs, and other system components. PAPI 6.0.0 and later includes components for ROCm that enable mon-
itoring of AMD GPU events through the ROCprofiler-SDK. You can track events such as L1 and L2 cache activity,
vector and scalar arithmetic logic unit operations, and memory transactions. The AMD SMI component adds power
management support, enabling you to monitor and cap power usage on AMD GPUs.

For more information, see the official PAPI documentation.

17.1.2 HPCToolkit

HPCToolkit from Rice University measures and analyzes GPU-accelerated applications by recording call-path profiles
and traces CPU and GPU activity. It helps you understand how your application uses GPU operations, and attributes the
contributions of the calling context in which GPU operations are invoked. HPCToolkit supports multiple programming
models, including HIP, and it uses hardware performance counters to measure GPU operations in detail.

For more information, see the HPCToolkit project website.

17.1.3 TAU Performance System

The TAUPerformance System provides a parallel performance evaluation toolkit that supports profiling and tracingmodes
of measurement. TAU can profile HIP programs using the ROCprofiler-SDK API to gather timestamp information of
executing kernels on the GPU and data-transfer information. It supports various parallel programming models including,
MPI, OpenMP, and Kokkos, and can generate traces in multiple formats for visualization.

For more information, see the TAU project website.

17.2 Tracing and visualization

Tools in this category help you trace application execution and visualize performance data to identify bottlenecks and
optimize your code.
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17.2.1 Score-P and trace visualization

Score-P is a highly scalable measurement infrastructure for profiling and event-tracing HPC applications. It uses the
ROCprofiler-SDK to record HIP API functions, memory transfers between host and device, kernel launches, and other
runtime behaviors. Vampir is a commercial tool that visualizes Score-P event logs as timelines and statistical charts,
helping you detect performance problems that change over your application’s runtime.

For an open-source approach to visualizing Score-P traces, you can use Scalasca and Cube. Scalasca is a performance
analysis toolset for HPC applications, and Cube provides a graphical display for presenting performance metrics and
timeline views from Score-P generated OTF2 trace files. These tools are freely available and integrate with Score-P for
analyzing MPI, OpenMP, and GPU-accelerated applications.

For more information, see the Score-P documentation, the Vampir website, the Cube download page, and the Scalasca
download page.

17.2.2 Trace Compass and Theia

Trace Compass provides visualization and analysis for several trace formats, including those generated by ROCm appli-
cations. It models the system’s state over time, enabling analysis of process threads, GPU compute kernels, and system
events. Theia is an open, extensible integrated development environment platform that integrates with Trace Compass
via a trace extension, allowing you to analyze traces directly from within your development environment.

For more information, see the Trace Compass project and the Theia IDE project.

17.3 Debugging tools

Debuggers help you identify and fix errors in your HIP applications running on AMD GPUs.

17.3.1 TotalView

TotalView is a feature-rich debugger that supports HIP applications running on AMD GPUs. It enables you to debug
heterogeneous applications that mix processor architectures, with separate address spaces for CPU processes and GPU
agents. You can launch, attach to, and detach from processes, display GPU registers and disassembled machine instruc-
tions, create breakpoints, and trace code at both source and instruction levels. TotalView provides a unified view of
source code and breakpoints across all image files, including dynamically loaded AMD GPU ELF images.

For more information, see the TotalView documentation.

17.3.2 Linaro Forge (DDT and MAP)

Linaro Forge combines LinaroDDT for parallel debugging and LinaroMAP for performance profiling. DDT is a graphical
debugger suitable for heterogeneous software, including GPU programs, while MAP helps you identify the most time-
consuming lines of code in your application. Both tools support AMD ROCm programs and can provide insights into
GPU kernel execution, memory usage, and performance metrics.

For more information, see the Linaro Forge documentation.

17.4 Development environments

Container-based environments provide consistent development and deployment platforms for ROCm applications.
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17.4.1 E4S (Extreme Scale Scientific Software Stack)

E4S is a curated collection of software products based on the Spack package manager, available as container images
supporting Docker and Singularity runtimes. The E4S images include ROCm with compilers, and Python-based artificial
intelligence and machine learning tools such as PyTorch for ROCm and TensorFlow for ROCm. These containers enable
you to leverage ready-to-use environments for HPC and AI or ML development with AMD GPUs, providing consistent
environments from workstations to large-scale datacenter deployments.

For more information, see the E4S project website.
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[zc] Zero copy is a feature, where the memory is pinned to either the device or the host, and won’t be transferred when
accessed by another device or the host. Instead only the requested memory is transferred, without making an explicit
copy, like a normal memory access, hence the term “zero copy”.
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