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ABSTRACT

The advent of general-purpose GPUs in parallel computing brings several new

languages, tools and programming models. One popular way to program GPUs is using

high-level directives in common languages such as C and Fortran that provides an easy

to understand and familiar environment to the programmer. However, unlike dedicated

GPU languages, these directive-based models often struggle to express low-level features

of the GPU hardware as well as introduce performance overheads in the form of complex

runtime libraries. Two such model are OpenMP, which has been a staple for parallel

CPU programming for several decades and has supported GPUs as of version 4.0,

and OpenACC, released in 2012 was designed by many developers from the OpenMP

community to bring a standard that supports code offloading from the beginning.

This work introduces two impactful projects within these programming models.

Firstly, the MURaM project is developed by an interdisciplinary team of domain

scientists and HPC research software engineers who seek to examine the strengths and

limitations of these directive-based models, as well as the difficulties faced by application

developers when bringing large code bases to advanced parallel hardware. Secondly, the

LLVM/OpenMP SIMD project aims to fill an important implementation hole within the

LLVM compiler to fully utilize the parallelism available to GPUs. OpenMP, like other

similar models, allows for three distinct levels of hierarchical thread parallelism which

matches the GPUs hardware layout. However, due to the implementation complexity,

OpenMP compilers often omit user control of the middle level of parallelism. This

greatly limits the achievable performance for codes that do utilize all three explicit

layers and often requires restructuring of these applications as a workaround. In this

proposal we outline our design and prototype of this middle level of parallelism through

OpenMP’s “simd” directive using the open-source compiler LLVM and its OpenMP

xiv



GPU runtime, which includes both a CPU-centric model for OpenMP conformability,

and a GPU-centric optimized model for higher performance.
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Chapter 1

INTRODUCTION, BACKGROUND AND MOTIVATION

High Performance Computing (HPC) centers around highly-parallel and scalable

computational systems and software. Nearly all modern computational devices include

multiple, parallel computational units; for example, CPUs using multiple cores. HPC

has largely seen a shift away from homogeneous CPU-based systems and has introduced

a hybrid host/device model, with a typical CPU executing general-purpose code, and

highly-parallel, computationally-intensive code “offloaded” to a specialized co-processor.

There have been many different types of co-processors that have been developed such

as Intel’s Knights Landing, FPGAs, and GPUs.

With the increased complexity and scale of these systems there is an increased

strain on application developers for utilizing these powerful parallel processors to their

fullest. HPC is a constantly evolving ecosystem where software often struggles to keep

up with new hardware developments. Additionally, since many architectures originate

from competing vendors there is unfortunately low compatibility and reuse among

different hardware and software. Developers wishing to use these systems often need

guidance from software engineers specializing in such systems, which brings about

interesting collaborations of interdisciplinary teams.

The work presented in this thesis focuses on improving the ways that application

developers and scientists interact with HPC systems and discusses the difficult issue

of hardware abstraction, where low-level hardware features are expressed in such a

way as to be accessible and high-performing for non-specialized programmers. While

this topic is broadly applicable to various programming models, compilers, tools and

software, this work focuses specifically on abstract, high-level, directive-based parallel

programming models and how they perform and can be improved for HPC developers.
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Three key projects are discussed, which all relate to this topic:

• AutoACC: an automatic, source-to-source compiler for annotating serial code

with directives to enable parallel execution.

• MURaM: a state-of-the-art solar physics application developed by an interdisci-

plinary team using the directive-based model OpenACC for GPU programming.

• LLVM/OpenMP SIMD: designing and implementing new functionality to the

LLVM compiler to give programmers finer control over low-level hardware intrinsics

with the OpenMP directive-based programming model.

1.1 GPUs in High Performance Computing (HPC)

GPUs where initially developed for rendering computer graphics. However, by

reformatting computational problems in terms of computer graphics primitives the

GPU can utilize graphics shaders and APIs such as OpenGL and DirectX to solve

these problems with the many-core GPU hardware [70, 24]. General-purpose computing

on graphics processing units (GPGPU) has become commonplace is HPC, and many

compilers, APIs, and programming languages has allowed for GPUs to execute code

that would have traditionally been used for CPUs.

These GPUs are developed by a handful of different vendors (namely NVIDIA,

AMD and Intel) and each have their own programming ecosystem. Each of these

architectures utilize different programming languages and software stacks to achieve

highly parallel programs. NVIDIA provides the CUDA [7] language for programming

NVIDIA GPUs. AMD is developing a new language called HIP [5], which is highly

reminiscent of CUDA, for AMD GPUs (such as those in Frontier). Intel is developing a

new programming model called OneAPI [8] to program Intel CPUs, GPUs and other

co-processors.

In general, these GPUs have very similar architectures, and the concepts and

best-practices of one architecture are often applicable to all other GPUs. To highlight

general GPU architecture, we use NVIDIA as an example: NVIDIA GPUs are composed

2



of multiple streaming multiprocessors (SM). Each SM will contain some number of warps,

and a warp contains a single program counter, memory unit, and 32 computational

cores, each with a floating point computational unit and an interger computational

unit. A warp executes in lock-step and all cores execute the same instruction. Global

memory reads take many more clock cycles than on a CPU, so when a global memory

read occurs a warp-stall is usually encountered. While the warp is stalled, those threads

can be made idle and the cores will be reused to execute the next set of threads until

those threads also hit a stall. This is called latency-hiding.

1.2 Parallel Programming Models and Methodology

The three primary methods for creating GPU applications: 1) kernel languages,

such as CUDA and HIP, provide low-level control of GPU execution. 2) GPU-enabled

libraries. 3) directive-based models.

Kernel-languages limit portability but has the highest potential for performance.

GPU libraries offer high performance, but are limited to specific domains and

cannot cover all possible codes.

Directive-based models, such as OpenMP and OpenACC, offer high portability

and allows programming in a common language, but often limit access to hardware-

specific features, and have some overhead associated with their implementation.

OpenACC uses a generic host/device execution model where general-purpose

code is executed on the host (primarily a CPU), and compute-intensive parallel code is

offloaded to the device. This device is typically a dedicated co-processor such as a GPU

or FPGA, but utilizing the host as the device is also possible, usually representing that

offloaded regions should be run on multiple cores of the CPU.

OpenMP is a directive-based parallel programming model traditionally used

for programming multicore CPU architectures. At the rise of GPGPU programming

new directive-based programming models emerged, the most popular being OpenACC.

In 2013, OpenMP also started to support an accelerator offloading model with the

OpenMP 4.0 standard to target GPGPU [1]. Directives, commonly referred to as

3



compiler hints, allow the maintenance of a single source code targeting both CPUs and

accelerators.

OpenMP and OpenACC have several important advantages over using low-

level languages such as CUDA or HIP. Directives create native C, C++, or Fortran

applications that can be accelerated via offloading to any parallel device as long as

compiler support exists. For example, a common use-case of OpenACC is to have a

traditionally-serial C or Fortran code compiling for and running on a single core of

a single CPU, manycores of a single CPU, or a heterogeneous CPU/GPU machine.

Many modern applications are written using OpenMP 4.0+ or OpenACC, including a

considerable number of the applications running on Summit.

Regardless of these advantages, directives are still not perfect. In general, porting

a serial code from C, C++ or Fortran to GPU-based architectures using directives is a

very tedious and error-prone process. Also, there exists several cases where native C,

C++ or Fortran code is by nature not optimized for GPU execution, and may produce

poor performance when using a naive OpenMP or OpenACC implementation compared

against a hand-tuned GPU language-specific approach. A well-tuned code written in a

native GPU language often performs better than using directives, but some work has

shown that with modern compilers a well-tuned directive-based code is not far off in

performance [58].

1.3 Modern Supercomputing

In recent years, High Performance Computing (HPC) has made a transition from

homogeneous CPU-based to heterogeneous CPU and GPGPU (general-purpose graphical

processing unit, or GPU) computing architectures. These GPUs are developed by a

handful of different vendors (namely NVIDIA, AMD and Intel) and each have their own

programming ecosystem. There have been several shifts in supercomputing technology

recently and in the near future the estimated top three performing supercomputers

will each use different GPU hardware from these different vendors. Currently, the

Summit supercomputer [2] from the Oak Ridge National Lab (ORNL) is the fastest
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supercomputer in the world and utilizes IBM CPUs and NVIDIA GPUs. The Frontier

supercomputer [3], also from ORNL, is set to release in 2021 and will have AMD CPUs

and AMD GPUs. The Aurora supercomputer from Argonne National Lab will have

Intel CPUs and Intel GPUs.

Each of these architectures utilize different programming languages and software

stacks to achieve highly parallel programs. NVIDIA provides the CUDA [7] language

for programming NVIDIA GPUs. AMD is developing a new language called HIP [5],

which is highly reminiscent of CUDA, for AMD GPUs (such as those in Frontier). Intel

is developing a new programming model called OneAPI [8] to program Intel CPUs,

GPUs and other co-processors. This means that in the near future HPC application

developers using supercomputer technology will potentially learn and write their codes

in either CUDA, HIP or OneAPI. These architectures are also likely to be seen in

smaller compute clusters as many universities and organizations are switching to GPU

computing.

Many state-of-the-art HPC applications are either locked into a specific hardware

vendor or are still only implemented for CPU computing. Architecture portable solutions

have been a highly researched topic since the rise GPGPU programming. Currently,

some of the most popular solutions are OpenMP [1], OpenACC [4], Kokkos [52] and

Alpaka [125]. Of these models, OpenMP and OpenACC are the most widely adapted

by the HPC community.

1.4 OpenMP offloading and LLVM/Clang

LLVM is a compiler infrastructure that seeks to standardize compiler front-ends.

LLVM uses an intermediate representation (LLVM IR) that is somewhere between a

high-level programming language and a low-level assembly-like language. Using LLVM

IR, LLVM supports various compiler back-ends. The goal being that any compiler

able to build to LLVM IR then has access to every back-end architecture that LLVM

supports, as well as all of the optimization tools implemented in LLVM.
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Clang is a C/C++ compiler that was developed in tandem with LLVM. Clang

builds C/C++ code to LLVM IR, then LLVM handles all code optimizations and

provides the compiler back-end. IBM’s XL compiler is based on LLVM/Clang, often

leading to features developed at IBM being also implemented into LLVM/Clang. Flang

a Fortran compiler frontend targeting LLVM IR, similar to Clang.

OpenMP is a long popular directive-based programming model in HPC, orignally

for multi-threaded CPU programming. OpenMP has supported GPU offloading since

the 4.0 standard with the inclusion of new target and target data directives, and

has been extended and improved in subsequent OpenMP versions. User experiences

of applying OpenMP target offloading can be found in some of the recent work in-

cluding using the SPEChpc2021 benchmarking suite [28], other applications including

HPGMG [39], miniMD [91], UK mini-apps [82], LULESH [68] among others. Work

in [31, 92] discusses at length experiences gained and practices adopted from OpenMP

hackathons when applying offloading features on HPC applications and mini-apps based

on different computational motifs (BerkeleyGW, WDMApp/XGC, GAMESS, GESTS,

and GridMini) targeting heterogeneous systems. Support for OpenMP offloading is

implemented in some degree in the LLVM, GNU, Cray, IBM XL and Intel compilers.

LLVM/Clang is a fairly mature OpenMP offloading compiler providing back-ends

for both NVIDIA and AMD GPUs.

The OpenMP offloading support for GPUs in LLVM can be traced back to the

two works discussed in [23, 22]. The (PGI) Fortran front-end, known as Flang, supported

OpenMP offloading via the LLVM OpenMP runtime [90]. Since then, researchers have

been working on compiler and runtime optimization for LLVM OpenMP. The first

front-end-based optimizations for NVIDIA GPUs that can avoid idle threads and reduce

register usage was introduced in [16]. Work in [48] presented the TRegion interface

which delays the discovery of SPMD regions to compiler middle end, contrary to the

front-end based approach used before, which can support more kernels to execute in

SPMD mode. Runtime support for concurrent execution of OpenMP target tasks was

introduced in [115]. Results in [62] discusses OpenMP-aware program analyses and

6



optimizations that allow efficient execution of the generic, CPU-centric parallelism

model provided by OpenMP on GPUs. A co-design methodology is presented in [49]

for optimizing applications using a specifically crafted OpenMP GPU runtime inducing

near-zero overhead in most cases.

OpenMP offloading utilizes a host-device execution model where the host (CPU)

schedules and synchronizes target tasks, in the form of kernels, and handles memory

allocation and movement between the host and target devices (e.g. GPUs). Computa-

tional kernels are executed on the device by launching a league of teams. Each team has

a main thread that will begin executing the code region contained by the teams directive.

Additional worker threads can be spawned by using the parallel directive. There are

three worksharing constructs: distribute, for and simd. distribute schedules loop

iterations across the league of teams, for schedules loop iterations across threads within

a team and simd uses single instruction multiple data (SIMD) parallelism for the loop.

A simple mapping of the OpenMP model to GPU hardware is a team per each

SM, and threads within the team to hardware threads within the SM.

The simd construct specifies that the attached loop should be executed using

SIMD parallelism. For GPUs this is typically done using single instruction, multiple

thread (SIMT) parallelism, meaning that multiple threads within a computational unit

execute the same instruction. This means that in terms of GPU offloading a simd

loop should be executed in parallel by a set of adjacent threads. We can achieve this

by separating the threads in each team into distinct groups. These simd groups will

contain a single main thread and multiple workers. The main thread executes parallel

regions and all threads in the group execute simd loops.

1.5 OpenMP’s simd Directive

The OpenMP programming model is a CPU-centric model that allows for

sequential and parallel regions to be used interchangeably. This aligns well with a CPU

execution where alternating between single-threaded execution and spawning additional

threads is fairly easy. However, the GPU execution model generally requires all threads
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to begin execution at the start of the kernel and stay active until termination. In a

kernel-language sequential regions of code would require guarding to assure that only a

single thread executes them, and any side-effects created during that region need to be

communicated to other threads.

Prior work [23] discusses several problems in creating a portable solution to

this in LLVM/Clang. In the case of parallel regions existing within branching if/then

statements all threads will need to handle all potential paths that could be taken to

ensure that all threads reach the correct parallel region. Handling the thread guarding

needed for branching paths require extensive code generation, which is antithetical to

Clang’s design, and limits portability to other compilers.

An implementation that utilizes a state machine where threads alternate between

idle, during sequential regions, and active, during parallel regions is described in [23].

A single thread is designated as the team main thread and will run the user code. All

other threads are considered as worker threads and will enter the state machine where

they will encounter a thread barrier and become idle until the main thread encounters

a parallel region. This solves the problem of branching paths since only one thread

needs to traverse the branching statements. When a parallel region is encountered some

variables may need to be communicated to other threads if they are side-effects from

the sequential code. The main thread will specify which parallel region was encountered

before completing the thread barrier, signaling to the workers that they should become

active and begin executing the parallel region. This implementation is what is currently

used in LLVM/OpenMP.

Work in [116] introduces an execution mode in the IBM XL C/C++ compiler

that avoids the generic state machine when all threads can execute in parallel. This

new mode is referred to as single program multiple data (SPMD) mode and has since

been upstreamed into the LLVM/Clang. The key characteristic of SPMD mode is the

assertion that all threads can safely execute the target region and will encounter the

same parallel regions and any sequential regions of code will not produce side-effects.

The simplest case for when SPMD is applicable is when all affected OpenMP regions
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are tightly nested, since this means there is no sequential code between the parallel

regions. This allows OpenMP to behave similarly to GPU kernel-languages where all

threads are active at the beginning of the kernel.

SPMD mode is further extended in [62] to be applicable to a larger variety of

codes by introducing thread guarding of sequential code regions. The work introduces an

inter-procedural analysis at the LLVM IR level to check sequential regions for potential

side-effects that can be eliminated using thread guarding. If these guarded regions

create values outside of the region the values would be broadcasted to other threads.

The SPMDization of these codes avoid the use of the generic state machine at the cost

of additional synchronization in the guarded regions and data broadcasting.
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Figure 1.1: Simplified mapping of the OpenMP programming model to the GPU. Top row: Outermost
parallelism across streaming multiprocessors (SMs) onto which OpenMP teams are mapped. All
threads on this level share the global memory. Middle row: A single SM corresponding to a team of
threads (team main + parallel workers) and, through this work, also SIMD vector lanes (simd workers)
in OpenMP. Both shared and global memory are accessible by these threads. Bottom row: A single
GPU/OpenMP thread which has exclusive access to local memory and registers.
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#pragma omp target teams

{

int Val;

some_func(&Val);

if(Val) {

#pragma omp parallel

<Parallel Region 1>

} else {

#pragma omp parallel

<Parallel Region 2>

}

}

Figure 1.2: An OpenMP offloading code with branching execution paths.

__global__ void omp_offloaded_region() {

__shared__ bool Branch1;

int Val;

if(threadIdx.x == 0) {

some_func(&Val);

Branch1 = Val;

}

__syncthreads();

if(Branch1) {

<Parallel Region 1>

} else {

<Parallel Region 2>

}

}

Figure 1.3: A possible implementation of the above OpenMP code in the kernel language CUDA.
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Chapter 2

EXPERIENCES APPLYING DIRECTIVES TO LARGE APPLICATIONS

Large parts of the text of this chapter has been published in the Platform for

Advanced Scientific Computing (PASC 2021), ACM https://dl.acm.org/doi/10.

1145/3468267.3470576.

This chapter will discuss our experiences porting a real-world solar physics

simulation application to GPU-based HPC systems using the OpenACC direcive-based

programming model, observing the difficulties that application developers face when

interfacing with these highly-parallel compute resources and creating a general “best

practices” for porting large applications to GPUs.

2.1 Introduction and Motivation

Originally based on a magnetohydrodynamics (MHD) module from the University

of Chicago, MURaM (Max Planck University of Chicago Radiative MHD) is jointly

developed and used by the National Center for Atmospheric Research (NCAR), the Max

Planck Institute for Solar System Research (MPS) and the Lockheed Martin Solar and

Astrophysics Laboratory (LMSAL). The MURaM code [121, 95, 97] is a state-of-the-art

solar model for simulations of the upper convection zone, photosphere (visible surface

of the sun) and corona. MURaM simulations have contributed substantially to our

understanding of solar phenomena ranging from the origins of quiet sun magnetism

[120, 95, 98], the structure and evolution of sunspots and active regions [99, 37, 96, 33],

to solar flares and the initiation of coronal mass ejections [97, 36]. MURaM also plays

a key role in interpreting high resolution solar observations, e.g. [41, 40, 44, 104].
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The collaboration of domain and computer sciences can greatly benefit scientific

applications, accelerating ground-breaking research using state-of-the-art parallel pro-

gramming techniques, tools and hardware. Such a strong synergy between both sciences

not only opens up more scientific discoveries but also opens up newer questions in the

field of computer science pushing computer engineers to advance computing technologies

and their software. The work presented in this chapter is strongly motivated by the

need for exploring the scientific capabilities of a solar physics application. This is

being possible due to the convergence of domain and computer science expertise in the

team. We, as a team of solar physicists, computer scientists along with a Research

Software Engineer (RSE) explore the acceleration and scalability of the code on two

large scale heterogeneous computing systems equipped with state-of-the-art GPUs

housed in NCAR and MPS.

The code is made publicly available via GitHub [12]. Raw data used for the

plots are available via Zenodo [13].

This work focuses on the GPU acceleration of the MURaM (Max Planck Uni-

versity of Chicago Radiative MHD) code [121, 95, 97], a widely used state-of-the-art

solar model for simulations of the atmosphere, encompassing the upper convection

zone, photosphere (visible surface of the sun) and corona. The code couples magneto

hydrodynamics (MHD) with radiation transport (RT) and the applications of this code

range from quiet sun magnetism [120, 95, 98], to the structure and evolution of sunspots

and active regions [99, 37, 96, 33], the solar corona [97, 27, 34] and to solar flares and

the initiation of coronal mass ejections [36, 35, 100].

With the construction of the NSF funded Daniel K. Inouye Solar Telescope

(DKIST), resolution of ground based observational solar physics is poised to take an

order of magnitude leap forward. The solar chromosphere, lying between the photosphere

and the transition to the corona, is one of the least understood parts of the Sun. New

high resolution observations from DKIST will allow us to observe the chromosphere

in greater detail than ever before. Modeling the solar chromosphere is challenging
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since radiation and the ionisation state and level populations of atoms are no longer

determined by the temperature alone and are coupled to each other.

In the problem under study, MURaM is capable of simulating the coupled solar

atmosphere from the upper convection zone into the lower solar corona, covering a

density stratification of more than 25 scale heights. This makes MURaM a crucial tool

for studying how magnetic field emerging from the solar interior is energizing the solar

atmosphere and is leading to rapid release of energy in form of flares and coronal mass

ejections. Currently these simulations are “stand-alone” setups that are inspired by

solar events, but do not aim at modeling observed solar events in detail. Using these

simulations in the future as a utility to study the solar drivers of space weather events

will require data ingestion through boundary driving or full data assimilation and the

ability to run such simulations in real-time. Starting from the current CPU baseline

of the code, an increase of computational capabilities by 1-2 orders of magnitude is

needed.

Previous production runs use up to 20,000 CPU cores, however in it’s current

status it is not feasible for MURaM to reach the 100,000 to 1 million core range. Instead,

these ambitious science goals require the use of exascale technologies.

The project to refactor MURaM for GPUs has multiple goals. First and foremost,

we sought to improve the throughput of the model, as measured by site updates per

second, or simulated seconds per wall clock second to the maximum extent possible.

The project’s target throughput speedup was parity between one NVIDIA V100 GPU

and 100 Intel Xeon v4 processor cores [105]. Experience refactoring similar models

suggested that this speed-up was achievable for well-implemented code with sufficient

data parallelism to saturate the GPUs. Our secondary goal was maintainability, by

preserving portability of the model between CPUs and GPUs to the maximum extent

possible. Finally, we sought, as a tertiary goal, performance-portability; namely,

finding a maintainable implementation that did not compromise (significantly) model

performance on CPUs or GPUs. At the time this project began in early 2018, the

directive-based parallelization approach appeared to offer the best prospect of meeting
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the first two goals, while performance portability was an open question. Of the directive-

based systems, OpenACC [64] was deemed to be the most production ready in 2018.

The key contributions of this work are as follows:

• Specific GPU algorithmic enhancements, namely: asynchronous programming, loop

fusion, and array replication, to the method of discrete ordinates used in MURaM’s

radiation transport model. Radiation transport is the single most expensive part

of most astrophysical codes, so these optimizations are broadly applicable across

astrophysics.

• Acceleration of the radiation transport in MURaM will in turn make routine use of

multi-band radiation transport possible in solar physics models. Multi-band radiation

transport will advance understanding of the solar chromosphere when combined with

non-equilibrium treatment of atomic populations.

• Demonstration of the efficacy of the use of OpenACC directive-based approach to

achieve performance-portability across CPUs and GPUs in a solar physics model.

• Limitations and difficulties of producing low-level and highly-efficient GPU code

using OpenACC.

The primary focus of the MURaM code is the detailed studies of the solar

atmosphere with sufficient realism to allow for forward modeling of synthetic observables

from visible to EUV and X-ray emission for direct comparison with a wide range of

solar observations. To this end the MURaM code is typically applied to small Cartesian

local regions on the Sun with lateral and vertical simulation domains ranging from

a few 1, 000 km to more than 100, 000 km, with typical numerical grid spacings in a

range of 2− 200 km (for comparison, the solar radius is about 700, 000 km). The code

combines a fourth order conservative MHD scheme with short characteristics radiation

transport as described in [121]. The numerical scheme for MURaM’s MHD model uses

a cell centered finite difference approach, the ∇ · B⃗ = 0 constraint is enforced through

hyperbolic divergence cleaning [43]. The radiation transport resolves the angular

15



dependence of the radiation field by computing rays in (typically) 24 directions based

on a Carlson quadrature [30]. Radiation transport is an intrinsically non-local problem,

which poses implementation challenges on distributed memory architectures. The short

characteristics solver of MURaM treats radiation transport locally, by using intensities

from a previous time step (or iteration) as the starting point for the ray integration

on each shared memory block. Achieving global convergence requires typically 3 to 4

iterations in the radiation transport solver. The above formulation has been extensively

used to study magneto-convection in the solar photosphere and upper convection zone

e.g., [121, 120, 99, 37, 79, 95, 33]. The code has been expanded to also include the

overlying solar corona [97, 36].

This requires consideration of optically thin radiative losses that are computed

from a tabulated lookup function based on the CHIANTI package [74] and efficient

magnetic field aligned heat conduction [110]. Simulations that cover the full vertical

extent from upper convection zone into the lower solar corona have typically a density

contrast of 12 to 14 orders of magnitude and consequently suffer from a large separation

in length and time-scales. This results in severe Courant–Friedrichs–Lewy (CFL) [42]

timestep constraints that arise in particular from the Alfvén velocity and heat conduction

in the corona. In order to cope with these challenges, the peak Alfvén velocity is limited

through the use of the Boris correction [26, 57], which is essentially semi-relativistic MHD

with an artificially reduced speed of light. Severe timestep constraints from effective

heat conduction in the corona are alleviated trough implementation of a hyperbolic heat

conduction problem, i.e. a damped wave equation for the temperature [56, 107]. Unlike

the classic parabolic heat conduction that leads formally to infinite signal propagation

speeds, the hyperbolic approach has a well defined cutoff for conductive heat transport.

Since the assumptions that lead to classic Spitzer conductivity [110] break down in the

hot corona, where a free streaming limit for electrons is more physical [54], artificially

limiting transport velocities to a value of a few times the ion speed of sound is not only

avoiding a severe timestep constraint, but is also physically more accurate.
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These implementations lead to a fully explicit code that can be parallelized for

shared memory systems through domain decomposition and MPI communication. The

major computational routines of the MURaM code, their algorithms and purpose, are

summarised below:

• MHDRES - Calculate the right hand side of the MHD equations in conservative

form. Calculate the derivatives of the fluxes using a fourth order central difference

scheme.

• TVDDIFF - Numerical diffusion required to stabilise the solution. Calculated using

a slope limited diffusion scheme, which is adapted from a total variation diminishing

(TVD) scheme as described in [95].

• EOS - Using the density and energy from the MHD solution calculate the Equation

of State (EoS) variables; temperature, pressure, electron number, entropy.

• RTS - Calculate the radiation field using the thermodynamic variables of the current

MHD snapshot. A short-characteristics algorithm is used [72]. Consists of 4 main

functions:

– Interpolate - Perform trilinear interpolation of the MHD variables from the MHD

grid to the staggered RTS grid. Calculate the radiation source function and

opacities to be used in the integration routines.

– Integrate - Integrate along each ray of the quadrature.

– Exchange - Communicate intensity information to downstream processors in the

ray direction.

– Flux - From the specific intensity calculate the average intensity and radiative

fluxes.

• DIVBCLEAN - Diffuse and disperse numerical ∇⃗ · B⃗ errors through a hyperbolic

∇⃗ · B⃗ cleaning approach.
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• INTEGRATE - Calculate the updated variables for the next stage of the Runge

Kutta algorithm using the divergence of fluxes from MHDRES and additional source

terms such as gravity and radiative heating/cooling.

• DST - Exchange subdomain ghost cells with neighbours.

• SYNC - Determine the maximum time-step and synchronise the timestep between

subdomains.

• VLIM - Dynamically adjust the velocity, energy and Alfvén velocity limits to prevent

extreme cells causing overly restrictive timestep constraints.

• BOUNDARY - Implement the vertical boundary conditions; A stratified open

boundary at the bottom with passive field advection. Upper boundary is open to

outflows, the magnetic field is matched to a potential magnetic field. The latter

requires fast Fourier transforms.

Accelerating solar physics simulation models through GPU devices is a relatively

new direction which attracts broad interest from the scientific community. Related

work [29] shows the “Time-to-solution” performance results of a flux rope eruption

simulation with their OpenACC implementation of the Magnetohydrodynamic Algo-

rithm outside a Sphere (MAS) code, an in-production MHD code, which is part of

the CORHEL suite hosted at the Community Coordinated Modeling Center (CCMC).

The same group of researchers also summarized the implementation of OpenACC into

MAS, including specific code example, strategies and development tips. Recently [118]

investigated the interaction of large- and small-scale dynamos in a GPU accelerated

MHD simulation. Their approach used CUDA and scaling was limited to a single node

with 4 GPUs. Other non-GPU MHD codes include BATS-R-US [93] that solves 3D

MHD equations using a finite volume numerical method. The code uses MPI and

the Fortran90 standard. Similary PLUTO [85], a numerical code for computational

astrophysics is a multi-physics, multi-algorithm, high resolution framework that includes

MHD as one of the four independent physics modules of PLUTO.
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As presented in this thesis, one of the major kernels of interest to us in MURaM

is the radiation transport. Related work include the recent acceleration of minisweep, a

MiniApp of the Denovo [53] radiation transport application on GPUs [106, 105] using

OpenACC. Results demonstrate that OpenACC running on NVIDIA’s Volta V100 GPU

boasted an 85.06x speedup over a serial CPU code, which is larger than CUDA’s 83.72x

speedup over the same serial implementation. Other MiniApps demonstrating radiation

transport approaches include Kripke [6] that uses RAJA [61] and TestSNAP [113]

(mimicking communication patterns of PARTISN [19] transport code) investigating

different data layout patterns and parallelism using Kokkos and OpenMP offload

model [51]. Coarray Fortran-based Sweep3D’s comparable performance to that of the

MPI is discussed in [38]. The work on Ardra [73] discusses porting a discrete ordinate

transport code to CUDA using the RAJA model with CHAI [66] and Umpire [21] to

manage multiple memory spaces.

Accelerating solar physics simulation models through GPU devices is a relatively

new direction which attracts broad interest from the scientific community. Several

radiation MHD codes are in use in solar physics [69, 59, 83, 111, 80, 101]. While efforts

of GPU refactoring are ongoing, currently published production runs are still performed

mostly on CPUs.

Kripke [6] that uses RAJA [61] and TestSNAP [113]

2.2 Performance Profiling

Code profiling reveals several metrics that show in-depth information about code

performance and behaviors. There are various profiling applications that serve a variety

of purposes. We have used GNU gprof, ARM MAP and NVIDIA nvprof tools during

the entirety of this development process. Since the beginning of this project, nvprof has

been deprecated by NVIDIA and replaced with NVIDIA NSight Systems and Compute,

which offers many of the same functionalities. For these results, since many of our

experiments were conducted before Nsight System’s release, our results are computed

using nvprof.
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To effectively port and optimize the performance of a code, it is important to

gain a high-level view of the code’s performance as-is to identify areas that are most

computationally intensive and consume the greatest percentage of the total runtime.

Additionally, observing the scalability of the CPU code will give insight into any

overheads caused by MPI communication.

Two key metrics observed during CPU profiling would be the percentage of time

spent in each routine considering a single MPI rank on a single CPU core and the MPI

communication of using many CPU cores as well as multiple compute nodes. Using

ARM MAP for the single core profile enabled the creation of a graphical function call

graph that showed the flow of code execution as well as the percentage of runtime taken

by each step. ARM MAP is also used to capture the MPI communication when using

multiple MPI ranks across several CPUs. Nvprof also allows for some CPU profiling,

however it was primarily used to observe CPU performance side-by-side with GPU

performance.

The single core profiling results are shown in Figure 2.1. From these results, there

are three portions of the code that account for 71% of the total runtime: MHDRES,

TVDDIFF and RTS. These profiling results are for single-band radiation transport. In

multi-band applications RTS could be up to 12 times more expensive. Since this is

only showing performance of a single CPU core it gives insight as to what routines are

computationally intensive without concerns of any MPI overhead. With these results

we have a clear starting point of what routines should be immediately targeted for

parallelization.

RTS is significantly more complicated than MHDRES and TVDDIFF as the

radiation portion of the code contains many smaller subroutines. The parallelization of

RTS presented many interesting challenges and was handled very differently than the

rest of the code.

The MPI profiling using ARM MAP results are shown in Figure 2.2. In contrast

to the single core profiling, additional routines like FFTW and DST affects the total

runtime, with FFTW being the MPI version of the FFTW 3.8 library and DST
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Figure 2.1: MURaM single-core profile results generated with the ARM MAP profiler. 192x128x128
dataset simulation on 1 core of an Intel Xeon E5-2697V4 (Broadwell) CPU.

communicating ghost cells through MPI. RTS also includes a significant amount of

MPI communication. Figure 2.2 shows that the MPI communication within RTS

alone accounts for 6.2% of the total runtime. Optimizing the MPI communication is an

important task for the performance of both and CPU and GPU code.

GPU profiling tools can reveal important information about the achievable

performance of a code. In the future, NSight Systems will give an easy interface for

creating roofline models [78], but for now we have done some manual arithmetic intensity

(AI) computations with nvprof. To determine the AI of serveral key kernels, we compare

the peak FLOP rate (in FLOP/s) and the memory bandwidth (in byte/s) for a NVIDIA

V100 GPU to the observed FLOPS and memory read/writes within a given kernel. For

a V100 GPU, the peak FLOP rate is 7,000 GFLOP/s and the memory bandwidth is 900

Gb/s. So if the calculated AI is greater than 7.77 (7,000 GFLOP/s / 900 Gb/s), then

the kernel is compute bound, or memory bound otherwise. All of the kernels we have

measured were memory bound, the AI is as follows: RTS::integrate (0.61), RTS::flux

(0.4), RTS::interpol (2.4), MHDRES (0.46) and TVDDIFF (0.81).
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Figure 2.2: MURaM multi-core profile results generated with the ARM MAP profiler. 192x128x128
dataset simulation on 36 cores (full node dual socket) of an Intel Xeon E5-2697V4 (Broadwell) CPU.

Another important performance metric that significantly guided our development

process was the achieved and theoretical GPU occupancy. GPU occupancy for NVIDIA

GPUs refers to the percentage of warps active at a given time. Theoretical GPU

occupancy can be determined by examining the GPU register and shared memory usage

when a kernel is compiled. Low theoretical GPU occupancy is generally caused by a

kernel needing to use too many registers or too much shared memory, which results in

the GPU not having enough resources to support using every warp simultaneously.

Achieved GPU occupancy is simply the GPU occupancy that is observed during

kernel execution. It is ideal to have theoretical GPU occupancy as close to 100% as

possible and to have achieved GPU occupancy as close to the theoretical GPU occupancy

as possible. There are many potential reasons for achieved occupancy to be lower than

theoretical occupancy, some of which was observed in our work with MURaM. The

GPU occupancy of several important kernels is shown in Figure 2.3 and using this

metric we can identify two key performance issues within MURaM.
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Firstly, many of the kernels are reaching very low theoretical occupancy, with

MHDRES and TVDDIFF reaching 25% and 33% respectively. For these two kernels,

the low theoretical occupancy is due to an over-allocation of GPU registers per thread.

Figure 2.4 shows the potential theoretical occupancy of the MHDRES kernel when the

registers per thread changes. If any more than 32 registers are allocated per thread the

theoretical occupancy will go below 100%, and since MHDRES is compiled to use 122

registers per thread, it can only reach 25% theoretical occupancy.

This is an interesting problem in directive-based programming models, such as

OpenACC, because the programmer relies on the compiler to assign GPU registers

when generating the GPU code. When using a device-specific language, such as CUDA,

the programmer can fine-tune this register allocation to a higher degree. In the case

of MHDRES, the NVHPC compiler has determined that 122 registers is the optimal

number to achieve the most performance, and incorporating a hard register limit of

32 registers sees a significant performance decrease. Solving the problem of register

pressure may offer a large speedup throughout the code.

Secondly, RTS::integrate shows a different problem where the theoretical oc-

cupancy is very high while the achieved occupancy is very low. This means that

when RTS::integrate is compiled, the number of registers and the amount of shared

memory assigned is such that the GPU could potentially support every warp running

simultaneously. However, in practice only 10% of those warps are used when executing

the kernel. This is due to a lack of parallelism being exposed in a way that we are only

able to parallelize across two dimensions of our three dimensional domain. Typically,

modern GPUs are expected to perform computation on several millions of data points,

but in this kernel we are only hitting a few ten thousands resulting in the 10% GPU

occupancy.

2.3 General approach with OpenACC

Maintaining correctness during the migration of MURaM’s large and complex

code-base to support GPUs presented a challenge. To address this key issue, we chose an
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Figure 2.3: Theoretical and achieved GPU occupancy of various GPU kernels within MURaM.

incremental, test-driven development approach throughout. This involved three steps:

1) identifying suitable baseline test cases; 2) creating a correctness validation build-test

system; and 3) incremental migration to GPUs by applying OpenACC directives and

validation of the results. It is worth noting that steps 1 and 2 required close collaboration

with the solar physicists on our team.

We chose a test case with a grid size of 192x64x64 for our validation suite because

it’s small enough to run on a single CPU core while still capturing the solar atmosphere

from the upper convection zone into the lower solar corona and therefore testing all

implemented physics in the code. We used this setup to generate the CPU reference

data required to validate the GPU implementation against. During the porting and

development process, its small size allowed us to quickly and repeatedly run the model

for the 50 time-steps required by the validation suite without exhausting our limited

cluster resources. It’s also large enough to decompose and test in different x, y, and z

core layouts.

To validate correctness, we developed a validation suite which builds and runs

the ported code using different combinations of processor layouts. At specific timesteps,

diagnostic variable data is output into files. The test diagnostics can be compared to
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Figure 2.4: Effect of GPU register usage on GPU occupancy in the MHDRES kernel.

reference diagnostics generated by the CPU master code using a matching data set and

processor layout. We defined an acceptance tolerance as the variance observed between

MPI CPU runs with varying decompositions and core layouts, which is a maximum

relative error margin of 1e-05. However, but errors on the order of 1e-7 can cause

large relative errors at points where the reference data is close to zero. Furthermore,

the MURaM domain is heavily stratified in the vertical direction, leading to a density

contrast from bottom to top of about 1e9-1e10. To handle this issue, we compute

first the relative error on each height layer by normalizing the absolute error between

the diagnostic and reference data by the mean value of the reference data at that

respective height. We accept a modification if the maximum of the relative errors from

all heights is less than 1e-5. Figure 2.5 shows an example error graph generated by our

validation suite. These figures are often very helpful in debugging problems that occur

at predictable areas of the domain, such as at processor boundaries.
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For additional correctness checking we utilized a relatively new feature in the

NVHPC compiler called PGI Compiler Assisted Software Testing (PCAST) [9]. This

allows direct comparison of data from a reference run of the code to be compared to

a current run. PCAST can be used in two modes: automatically running the CPU

and GPU version of a kernel then comparing their outputs directly immediately after,

or comparing the output to a previously generated PCAST output file. PCAST also

has the option to generate all of these comparisons automatically with a compiler flag,

however we have been unable to use this feature as it causes a code crash. Regardless

of this issue we were still able to apply PCAST manually throughout the code.

Figure 2.5: Maximum Relative Error in GPU calculated Q Radiation over 50 iterations. Red: max
threshold and Blue: what was observed

To manually implement PCAST we have created a wrapper macro that could

be ignored based on a toggle in the code compilation, or if using a non-PGI compiler.

This macro was placed before each kernel and captured the data of all of the significant

input variables, as well as after each kernel and captured all significant output variables.

Then the code was compiled for CPU and ran for only two timesteps to avoid creating

too large of a reference file. Any future GPU runs could then be built with PCAST

and compared to the CPU reference pointing out any minor discrepancy between the

reference run. Additionally, PCAST includes a feature called patching that will replace
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any incorrect values with their reference, allowing us to see isolated errors and avoid

error propagation to later tests.

In the incremental refactoring process, we initially target a single loop nest and

apply OpenACC directives to have that loop run on the GPU, without focusing on any

sort of optimization. Data management is also handled as locally as possible with all

input variables copied to the GPU immediately before the loop and all output variables

copied to the host immediately after the loop. This allows for a single isolated portion

of the code to be parallelized without having any cascading effects on the rest of the

code. The key benefit to this strategy is that we can ensure code correctness first and

foremost before moving on to any optimizations, which can introduce new problems

into the code. Once that portion of the code has been parallelized, we checked for two

things. 1) ensure that the code still produces correct results, 2) verify with a profiler

that the portion of code is running on the GPU and is behaving as expected.

Frequent code profiling during development gives a very important sanity check

at every step of the process. It ensures that the most recent code changes are running

properly on the GPU and contain any expected data movement associated with them.

Some problems that this profiling can identify are kernels running significantly slower

than expected, extra or unexpected data movement and low kernel performance from

metrics such as occupancy or bandwidth-bound kernels. Many of these details become

very important once we move past the initial parallelization and move on to optimizing

the GPU code.

After every important loop was running on the GPU, we began the process of

eliminating redundant data movement between the host (CPU) and device (GPU).

These copies are expensive, but an artifact of the careful, incremental nature of our

porting strategy.

Every core MURaM routine is ported to the GPU with optimized data movement.

Additionally, the computational kernels within the radiation transport solver is further

optimized. Fully optimizing the rest of the kernels within the code is a clear future

direction for the MURaM project.

27



For the multi-GPU runs in this project we are using OpenMPI 4.0.5 that

provides support for GPU-to-GPU MPI data transfers when installed on a machine

with compatible hardware. To use this feature, a valid GPU address pointer is passed

into the MPI function call. In a language, such as CUDA, this is very straightfoward,

as the programmer explicitly manages GPU memory allocations. In OpenACC however

the GPU memory allocation is hidden from the programmer by the OpenACC runtime.

To expose the GPU address pointer OpenACC provides the host data directive and

use device clause that allows interoperability with GPU-based libraries. While using

GPU-aware MPI with OpenACC is very simple, verifying that device-to-device data

transfers are working as expected is a challenge. The only way that we currently know

to verify this functionality is by profiling the MPI GPU application using a GPU profiler

and checking explicitly that device-to-device (or DtoD) data transfers are occurring.

Within our development system we have observed a significant performance difference

between basic CUDA-aware MPI and GPU Direct RDMA. Through profiling, we could

see that the GPUs were not performing DtoD transfers despite using CUDA-aware

MPI. After rebuilding the OpenMPI 4.0.5 library with GPU Direct RDMA enabled,

the profiler showed DtoD transfers were now being used.

2.4 Optimizing Radiation Transfer

It is well known that computing 3D radiation transport (3D-RT) is extraordinarily

expensive, depending on two angular dimensions (i.e. the zenith and azimuthal angles)

and three spatial dimensions. RT solvers are typically iterative, further adding to the

cost. However 3D-RT is essential for a number applications in solar and stellar physics,

including realistic 3D simulations of stellar photospheres [86, 87], and the accurate

modelling of strongly scattering spectral lines, such as those in the solar chromosphere

[77].

In the case of MURaM’s 2883 reference test case with one band, the radiation

transport solver (RTS) is the most expensive part of the calculation, accounting for

nearly half the time on a single, dual-socket CPU node. More realistic, multi-node 3D
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radiation transport, in which the RTS must be called once per frequency band, will

drive the proportion of time spent in RTS even higher.

For this reason RTS has received the most optimization effort during our GPU

port. However, RTS exhibits a wavefront data dependency pattern in its primary

computational kernel as well as several blocking MPI communications. This section

will focus on optimizing RTS while considering the complexities and limitations of the

solver’s underlying algorithm.

The MURaM code uses short characteristics to solve for the radiation field [71].

This method involves integrating the radiation transfer equation along a ray using values

of intensity and opacity interpolated from the neighbouring grid cells. To calculate the

mean intensity and radiative fluxes at each grid point a set of 3 rays per octant are

used to integrate over the unit sphere. The wavefront data dependency also provides a

challenge for an efficient treatment in a decomposed domain, since it implies a serial

dependence of MPI processes. In MURaM this challenge is overcome through an iterative

approach. The solver uses 3D domain decomposition and computes all sub-domains

in parallel and iterates until the intensities at the boundaries of each sub-domain

are within a prescribed relative tolerance of typically 10−4 to 10−3. Convergence is

typically achieved after about 3 iterations, since a substantial fraction of the simulation

domain is optically thick, i.e. the radiation transport is very local. However, this

treatment limits strong scaling, since a large number of small sub-domains with a

moderate optical depth increases the required iterations (including communication) to

convergence. A multi-band opacity scheme is used in order to efficiently include the

frequency dependence of the radiation transfer problem in the solar atmosphere. For

feedback into the MHD code the radiative heating or cooling at each point in space

is calculated. Figure 2.6 shows the structure of the core computational loop in RTS.

Expanding on the routines described in Section 2.1, writebuf() and readbuf() pack and

unpack a buffer that will be exchanged with neighbors in the exchange() routine.

The most important routine within RTS is called integrate(), which is executed

50-100 times per timestep. However, unlike the other routines, integrate() introduces
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for( < x direction > )

for( < y direction > )

for( < z direction > )

for( < angle > ) // Total 24 rays

{

interpol();

while(g_maxerr > THRESHOLD)

{

readbuf();

integrate();

writebuf();

exchange();

double err = error();

MPI_Allreduce(&err, &g_maxerr);

}

readbuf();

flux();

}

Figure 2.6: A simplified code example of the core computational loop in RTS.

a wavefront data dependency pattern that restricts the parallelism attainable within

it. This means that even though we are working with a 3-dimensional domain, we can

only achieve two dimensions of parallelism; one dimension of our problem will have to

remain sequential as displayed in Figure 2.7.

This data dependency introduces several performance challenges that must be

addressed: 1) GPU kernels with 2-D data parallelism are very small and under-utilize

the compute processors of GPUs, 2) having one dimension of the domain remain

sequential means we must launch possibly hundreds of small GPU kernels to compute

the entire domain, introducing runtime-dominating kernel launch overhead, 3) since

each ray sweeps in a different direction, some rays have better memory access striding

than others, meaning that some rays take several times longer to compute than others.

Since integrate() has to deal with a data dependency, there are three possible

scenarios that we refer to as an x, y or z dependency. These names depend on which

of the three dimensions must remain sequential, as outlined in Figure 2.7. An x or y
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Figure 2.7: Representation of the wavefront dependency in RTS integration. a) shows the preloaded
boundary conditions with no computation done. b) shows the first set of grid points in red to be
computed in parallel. c) shows the next set of grid points to be computed in parallel, each blue grid
point depends on up to four of the red grid points. d) shows the last grid points to be computed in
parallel, each green grid point depends on up to four of the blue grid points.

dependency are parallelized in such a way that the z direction is handled by the inner

most loop, which allows for vectorization on a perfectly strided array. However, for the

z dependency, the x direction is the inner most loop which results in very bad memory

striding. The z dependency is up to 10x slower than x or y, depending slightly on the

dataset. The domain decomposition and dataset dimensions will determine how often

the rays exhibit the z dependency, but in typical runs it happens often.

Our solution to this was to create a second version of all of the arrays used

within integrate() to have an alternate transposed version. This includes the intensity

which is calculated within integrate() and the coefficients which is calculated within

interpol(). Interpol() uses three other arrays to calculate the coefficients, but they are

read-only within interpol(). We transpose the three read-only arrays in interpol() once

per timestep before the main computation happens, then we ensure that the coefficients
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are written in the same order that integrate() will read them. Then we transpose the

intensity array back before the flux values are calculated.

This results in the integrate() kernel being able to work in perfect stride even

when encountering a z dependency pattern. The cost is the few extra transposes that

have to be done, but in our test runs we are still seeing a significant improvement with

integrate() running 5x faster overall, and RTS as a whole running 3x faster. This is

ultimately a performance loss for the CPU, but is easily manageable using branching

compilation with ifdef in C++. This “data transposition” version of RTS performed

well for the GPU in every test case we have tried.

One strategy for addressing the 50% idle time of integrate() is to increase the

amount of computations performed in each kernel. The two kernels that can be most

easily merged are interpol() and integrate(). However, as seen in Figure 2.6 integrate()

is inside of a convergence loop, meaning that it is typically called more times than

interpol(). This is because the coefficients calculated in interpol() only need to be

done once for each ray and the results are stored within an array to be read from in

integrate(). Instead of storing the coefficients into an array we moved their calculation

into the integrate() kernel and used them directly. This means that any ray that takes

more than one iteration to converge will now have to compute these coefficients more

often, but with the possible benefit that now with more work to do the integrate()

kernel may be more efficient.

The results of this change varied in our test cases. For smaller datasets, such as

643, where the GPU occupancy was at its lowest and the kernel had less work to do, the

interpol() and integrate() merge resulted a speedup of around 30% for RTS overall when

compared to a GPU run without this change. This optimization might be beneficial

for future MURaM forecasting scenarios, where high throughput (capability) would be

of paramount importance, requiring strong scaling to smaller per-GPU problem sizes

to achieve. However, problem sizes more representative of the current use of MURaM

simulations showed a significant performance decrease of up to 50%.
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In the chromosphere the radiation field can be strongly scattering, meaning the

radiation source function is strongly dependent on the intensity. For strong-scattering

problems, the radiation transfer problem becomes more non-local, increasing iterations to

convergence. In this case it is preferable to use a Gauss-Seidel convergence scheme [117].

As the intensity is integrated along the ray, this scheme will require updating the source

function for each point along the ray, and then using the ’new’ source function to

integrate the intensity at the next point along the ray. This algorithm requires a

combined treatment of interpolation and integration. This modification will therefore

be of interest to apply the GPU short-characteristics scheme to broader range of stellar

problems. For this reason, this variation of RTS may be an important direction for

future work.

Another challenge that we addressed was the low GPU occupancy observed in

integrate(). One technique tried was to combine the computation of several rays into

a single kernel. Our first approach was to use OpenACC asynchronous programming

to queue the work of all 24 rays simultaneously on the GPU. The hope was that the

GPU would be able to overlap the computation of multiple rays since a single ray is

only using about 10% of GPU resources.

In practice, we observed through the GPU profiler, nvprof, that this method

did allow for a little bit of overlap between the computation of multiple rays, but far

less than what we would assume to be theoretically possible. In our experimentation,

this method only improved performance by 5%. Typically when using OpenACC

asynchronous programming, GPU computation overlaps with either CPU computation

or CPU/GPU data transfers, instead of overlapping multiple computational kernels.

Additionally, there is no way to lock specific streaming multiprocessors to specific

kernels within OpenACC; if this existed it could possibly be a viable solution to the

problem we are facing.

Next, instead of relying on the OpenACC async directive to overlap computation,

rays that exhibit a similar dependency pattern are combined with an outer parallelizable

loop. We can identify 6 groups with 4 rays each that will exhibit a similar dependency
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pattern with the group. This means that the arrays used within the affected RTS

computation routines must be increased in size by a factor of 4. This would increase the

work done per integrate() kernel by a factor of 4 as well. When observing only the time

spent in integrate(), and using a predetermined number of iterations, these changes

seem to provide a significantly better performance than the baseline code. Similarly to

previous methodology, this RTS variation received a larger performance increase for

smaller datasets, likely when the idle time between kernels and GPU occupancy is at

its lowest.

Implementing these changes altered several different parts within RTS, which

makes determining the exact performance benefit difficult. Since many rays would now

be overlapped, instead of computed one-at-a-time, the way to determine convergence is

changed to a global convergence instead of a per-ray convergence. This could have the

added benefit of reducing the total number of iterations needed overall. Additionally,

since 4 rays can be computed simultaneously, there will be 4 times fewer exchange()

function calls and a factor of 24 times less error() function calls and associated MPI

all-reduce routine calls which could greatly reduce the MPI communication within

RTS. Lastly, since half of the rays are moving upward and half are moving downward,

it is possible that we could use 3 groups of 8 rays instead of 6 groups of 4, as rays

moving upward versus downward could still exhibit the same dependency pattern. Fully

evaluating the effect of this optimization remains as future work for the project, and

are not utilized when discussing final performance results.

2.5 Deconstructing the OpenACC runtime for performance

Anytime a GPU kernel is launched, a certain amount of overhead is incurred.

When this overhead is very small compared to the time spent in the GPUs parallel

computation, good performance is still achieved. However, in edge-cases such as the

integrate() routine, this overhead can become a dominant factor in the overall execution

time. The OpenACC async directive can be used to hide a large portion of this

overhead by queuing many kernels on the GPU before they are run. While the earlier
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kernels are being computed, the later kernels are being pre-loaded which allows overlap

between the execution of the current kernel and the setup of the next one. However, by

closely analyzing the GPU profiler, nvprof, it was clear that even with this optimization

integrate() was still performing sub-optimally due to kernel launch overhead.

In our original port of integrate() we observed a 35µs gap between each kernels’

execution. Since each call of integrate() possibly requires hundreds of kernel launches

(depending on the size of the dataset) and integrate() may be called several times for

each ray, we expect that a gap of 35µs to account for a total of 0.2 seconds of the

GPU compute resources being idle per timestep. The profiler revealed that there is

some amount of data movement happening before and after each kernel, which is a

significant factor of this overhead. These data movements were caused by a pointer

translation. This is likely related to the host address pointer needing to be translated

with the device address pointer within the OpenACC runtime.

To address this, we changed how the arrays in integrate() were being allocated;

instead of allocating them on the host first then the device, we allocated them only on

the device. With this change the overhead has been reduced to 26µs between kernels.

This is an improvement, but the profiler showed that something is still happening

between these kernel launches. We found that this has something to do with how C++

class members are handled. Since all of the arrays used within RTS are stored within a

class, we created a pointer outside of the class that referenced the needed arrays, and

used those new pointers in integrate(). After this change the overhead is further reduced

to 5µs between the kernels. Considering that a single execution of the integrate()

kernel also takes 5µs, the GPU processors are idle for about half of the time while

computing integrate(). In order to address this issue, we would need to refactor the

code, as discussed in the next section.

2.6 Scaling Results

In this section, we present the results of running MURaM on multiple CPUs and

GPUs while demonstrating parallel efficiency.
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Figure 2.8: Nvprof profiler highlights the process of reducing kernel launch overhead in the RTS
integrate() kernel. (a) Overhead between 2 launches, (b) Reduced overhead between kernels launches,
and (c) Further reduced overhead

2.6.1 Experimental Setup

The Cobra system consists of 3,424 compute nodes, each containing two Intel

Xeon Gold 6148 Skylake (SKL) processors (20 cores at 2.4 GHz) and 100 Gb/s OmniPath

interconnect. There are 64 GPU nodes with 2 NVIDIA Tesla V100-PCIE-32GB per

node utilizing 32 GB HBM2 for a total of 7.9 TB HBM2 across all nodes. The following

compilers and libraries are used for the performance results:

• CPU: Intel 19.1.3, Intel MPI 2019.9, MKL 2020.2 and FFTW-MPI 3.3.8

• GPU: NVHPC 20.9, CUDA 11, OpenMPI 4.0.5 with UCX 1.8.0 and FFTW-MPI

3.3.8 with multithreading

(Note: PGI compilers have been renamed since October 2020 to NVHPC [89])
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2.6.2 Single GPU Performance

Our initial project focus was optimizing performance on a single GPU. In practice,

the simulations that are run with MURaM will require multiple GPUs, but using a

smaller dataset allows us to study GPU performance separately from the scalability of

the MPI implementation. Using a single V100 GPU, the average time to simulate one

single-band (or gray scale) timestep with the 2883 dataset is 2.285 seconds. This is a

3.23x speedup over the 7.382 seconds for the same simulation on a single socket, 20-core

Skylake CPU, and 1.73x speedup over 3.949 seconds on a dual-socket, 40-core Skylake

CPU node. Using the Garsching measured/benchmark roofline values of memory

bandwidth on Cobra for their Intel Gold 6148 SKL processors [109] and the V100

GPU, the benchmarked memory bandwidth ratio is 4.038x. Since we see 1.73x, and we

are memory bandwidth limited, we are realizing 42.8% of the peak bandwidth for the

full application and leaving 2.3x on the table.

2.6.3 Strong Scaling

Strong scaling is defined as how the solution time varies with the number of

processors for a fixed total problem size. For our strong scaling experiment we use a

2883 dataset divided across 8 GPUs and 8 fully subscribed CPU Skylake nodes (40-cores

per node). The CPU runs use -O3 and AVX512 flags and the GPU runs use -O3. We

are also comparing the strong scaling performance of the code with gray band (1 band)

and colored band (4 band and 12 band). The colored band increases the workload

in RTS and is proportional to the scaling of RTS. Figure 2.9 shows CPU and GPU

strong scaling of MURaM with this configuration. CPU strong scaling for this case is

not explored past 8 CPU nodes (320 total cores) because past this point the number of

points per core becomes too low to offer meaningful data. The performance of the code

is measured in millions of sites updates per second (Msite/s). Cobra contains 2 GPUs

per node, so increasing to 4 GPUs requires inter-node communication. From 1 to 2

GPUs the code scales very well in both the single and 4-band case, roughly doubling

the throughput. However, moving from 2 to 4 GPUs only increases throughput by 1.63,
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Figure 2.9: CPU-GPU strong scaling of a multi-band 2883 dataset

which is possibly due to the higher cost of internode communication. Results shown

for the 8 GPU runs indicate that a more optimal core decomposition for multi-node

scaling may be chosen after further testing.

We also gathered strong scaling results using up to 96 GPUs for a 288 ∗ 576 ∗ 576

single-band dataset, as shown in Figure 2.10. These results show the strong scaling

performance of the RTS routine as compared to the overall simulation: both seem to

do reasonably well. The scaling efficiency of both RTS and the full model begin to

decrease when the dataset is split over more than 32 GPUs, and the number of points

per GPU falls below one million.

2.6.4 Weak Scaling

Weak scaling is defined as how the solution time varies with the number of

processors for a fixed problem size per processor and gives a great deal of information

about the MPI communication and overall scalability of the code. Figure 2.11 shows a
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Figure 2.10: GPU Strong Scaling of a 288x576x576 dataset

breakdown of the GPU weak scaling with respect to the different routines of the code.

This figure is also measured in terms of seconds per timestep. We use a 2883 dataset

per GPU for this experiment.

2.6.5 Results Summary

There is an increased computational cost moving the simulation from single-band

to multi-band, as seen in Figure 2.9. For N-bands, the interpolation, integration, and

flux calculation routines within RTS run N times more often. Additionally multi-band

RTS requires more iterations to convergence for bands that capture the highly structured

upper photosphere. Since the number of required iterations increases with the number

of MPI processes and each iteration requires additional communication, this has a

negative impact on the strong scaling results shown in Figure 2.9.
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Figure 2.11: GPU weak scaling of a 2883 dataset for RTS & other MURaM routines. Note that FFTW
is a CPU only library

Figure 2.10 highlights a problem with the strong scalability of RTS on GPUs,

where increasing the number of GPUs has diminishing improvements on performance.

This is likely due to the increasing amount of inter-node communication as the GPU

count rises, as well as the reduction of points per GPU. We believe that some of the

future work outlined will have a positive impact on this strong scalability.

Lastly, from Figure 2.11 it is clear that between 1 to 64 GPUs the scalability

suffers due to the FFTW library. Currently, we are using multi-threaded FFTW on the

CPU with results being copied to the GPU after computation. As a future direction,

we plan to explore a GPU-enabled FFT library.
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2.7 Summary and Take-aways

Porting large applications such as MURaM highlights the key benefits and

drawbacks of using directive-based models. Overall, we were successfully able to create

a portable codebase that can target both CPU and GPU architectures using a mixture

of MPI and OpenACC. The performance we achieve in many kernels is reasonable with

our expectations of what other codes have achieved on the chosen GPU. We likely could

have reached higher performance if we committed to rewriting the code entirely in the

CUDA programming language, but we would completely sacrifice the codes portability

to CPU architectures and have required far more development hours to accomplish

such a task.

However, it is clear that by using OpenACC we lose some control over low-level

optimizations of the GPU hardware. Namely, with large kernels (i.e more than 100 lines

of code) we observe a large over-allocation of GPU registers which limits the possible

number of concurrent threads. It is difficult to accurately identify possible ways to

reduce the register usage, as some may be hidden by the runtime and others may be

required to generate correct code. Additionally, in the case of radiation transport,

OpenACC in many ways lacks the ability to optimally parallelize edge-case codes such

as those with common, but complex data dependencies. CUDA offers several ways to

optimize our integrate kernel, but none are available natively in the OpenACC standard,

and no “work around” exists within any of the current OpenACC compilers.
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Chapter 3

LIMITATIONS OF DIRECTIVE-BASED MODELS FOR REAL-WORLD
APPLICATIONS

Large parts of the text of this chapter has been published in the Tenth Workshop

on Accelerator Programming and Directives (WACCPD 2023), ACM https://doi.

org/10.1145/3624062.3624606.

This chapter will extend the MURaM project and focus on recent developments

and experimental features, including in-depth discussions of the limitations faced by

our team that are inherent to such programming models, and various workarounds and

suggestions to the OpenACC community to improve the programming model, as well as

updated scaling results with various new code optimizations running on modern GPU

hardware.

3.1 Introduction

Previous production runs use up to 20,000 CPU cores, however in it’s current

status it is not feasible for MURaM to reach the 100,000 to 1 million core range.

Instead, our science goals require the use of exascale technologies. In the context of

the US Department of Energy (DOE)-led exascale program [47], this means focusing

on Graphics Processing Units (GPUs). There are several possible language/compiler

pathways to exascale computing with GPUs: vendor-specific languages like CUDA [88],

directive-based standards such as OpenMP [108] and OpenACC [64]; and domain-

specific languages (DSL) such as Stella [60], LFRic [15] and its successor GridTools [112].

The GPU port of MURaM has three keys goals: (1) improve the throughput of

the model to the max extent possible. (2) preserve portability of the application, at a

minimum supporting both CPU and GPU execution. (3) achieve reasonable performance
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portability between CPU and GPU performance, i.e maximize performance of each

model without sacrificing the performance of the other. For this project the directive-

based parallelization approach appeared to offer the best prospect of meeting the

first two goals, while performance portability was an open question. Due to compiler

availability and maturity at the start of this project, as well as experience within our

team, we have selected to use OpenACC for porting MURaM to GPUs. OpenACC

has been widely used in the past several years to migrate large scale applications

demonstrating maturity and stability with the compiler implementations of the high

level features. Some of the large (including production) applications that uses OpenACC

include MPAS [124], ANSYS [102], Icosahedral non-hydrostatic (ICON) [103], LQCD

Monte Carlo [25], and VASP [81].

Hardware portability is vitally important to the users of MURaM and is preferred

to at least maintain a functioning CPU and GPU code. MURaM is also continuously

under development implementing new science and optimizing the existing code in many

ways, meaning that ideally we require only a singular source code so that changes do

not need to be implemented multiple times for different hardware. OpenACC allows the

programmer to augment a code written in a common, CPU-based language with special

compiler comments called directives. These directives can provide a compiler with

additional information such as available parallelism within the code or communication

(i.e data transfers) with an accelerator device. A compiler could then convert the code

with these additional directives to generate parallel code for a variety of accelerator

devices. This allows for a single source code that can be built and run for many different

architectures, limited by compiler support.

While the generality of OpenACC is very convenient for MURaM, it does

present multiple downsides. Expressing low-level hardware features is often difficult or

impossible. While some compilers may provide options for hardware-specific features

(such as CUDA unified memory for NVIDIA GPUs), these features are not standard in

OpenACC, and may not be available in other compilers and on other hardware. There

simply are some advanced features present for these GPU hardwares that are inaccessible

43



to use in a purely OpenACC environment. While we greatly value the portability afforded

by OpenACC, performance compromises must be carefully considered to feasibly achieve

our computational goals. Fortunately, OpenACC does provide interoperability with

other GPU languages, meaning that there are routes to achieve the desired results at

the cost of losing portability in certain portions of the code.

The contributions of this chapter include:

• Enabling the study of scaling of MURaM on large scale machines

• Analyzing the impact of radiation transport (RT), a critical component of MURaM,

on high resolution and large scale simulation studies in solar research

• Discussing steps to overcome performance limitations while using a directive-based

programming model and how that affects portability

• Creating robust test cases for complex simulations using a checkpoint-based

system with the PCAST debugging tool.

• Narrating the practical challenges while targeting the convergence between com-

puter science and domain science

3.2 Methodology

This section will focus on various designs and implementations included in

MURaM to achieve a GPU-accelerated code. This includes discussions of our experiences

with GPU-enabled libraries and tools, and provides insight of what developing a large,

real-world application is like in modern GPU models.

3.2.1 High-performance FFT Libraries

MURaM uses FFTs to formulate the magnetic top boundary condition of the

simulation domain, which is a potential field extrapolation. While these routines are

only called at the top layer of the simulation domain, we have previously observed the

boundary routines become a bottleneck in large simulations due to poor scaling.
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Prior versions of MURaM has used the FFTW3 library [55] with MPI enabled

for calculation of the 2-dimensional upper boundary region. The GPU port of MURaM

uses far fewer MPI ranks (equal to the total number of GPUs), so the use of FFTW

was changed to run multi-threaded in addition to MPI enabled. Regardless of these

changes, we observed poor weak-scaling in the boundary calculation, resulting in the

2nd largest limitation to MURaM weak-scaling (second to RT).

Due to this we have explored other FFT libraries and have settled on heFFTe [18],

which is designed for high-performance FFT with exascale technologies. MURaM users

now have four options for the FFT calculation: (1) MPI-enabled FFTW3, (2) MPI-

enabled + multi-threaded FFTW3, (3) heFFTe (CPU) with FFTW3 backend, and (4)

heFFTe (GPU) with cuFFT backend.

We observe that both of our heFFTe versions outperform and out-scale the

old FFTW implementation. Currently, even for GPU runs of MURaM we opt to use

heFFTe on the CPU as it performs slightly better in our testing. MURaM performs

a 2D-FFT calculation along the upper boundary of the domain, meaning that the

computation time is overall fairly small. Additionally, kernels needed for the field

extrapolation are loaded in from a file, meaning that if running heFFTe on the GPU

that data would also need to be transfered. Because of these two conditions heFFTe

CPU slightly outperforms heFFTe GPU.

However, there is some early development for an experimental feature to perform

the kernel calculation on-device by performing several additional FFT computations,

instead of reading them in from a pre-generated file. From preliminary testing we still

see heFFTe CPU outperforming our GPU implementation, but the implementation

could potentially be optimized further.

3.2.2 Debugging and Test Cases with PCAST

Since MURaM is an iterative simulation where each computational component

feeds into the next it is unrealistic to make isolated unit tests that fully and accurately

encompasses each feature of the code. In the past we have created dedicated “test”
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simulations, where we would run the simulation and carefully analyze the output by

hand at various timestep checkpoints. Once we were confident that the simulation

ran correctly we would save those results as the “golden run” and compare any future

outputs to those existing results. These tests inform us when a simulation has failed,

but does not accurately identify which specific portion of MURaM caused the ultimate

result to be incorrect.

We are moving to a more robust approach using the PCAST [9] tool from

the NVIDIA HPC compiler. PCAST allows the inclusion of detailed “checkpoints”

throughout the code. This allows at-runtime comparisons of the state of the current

simulation to a known-good run. PCAST allows for two key configurations: (1) compare

data found in device memory to identically formatted data in host memory, and (2)

compare data in host memory to identically formatted data from a previously recorded

PCAST file.

Configuration (1) enables testing of individual parallel kernels to ensure that it

produces correct results compared to the kernel running serially. With this one could

ensure that the GPU execution of a code does not alter the results of the baseline CPU

code. Configuration (2) does allow for a slightly less robust comparison of CPU vs.

GPU exeuction, but also provides the option to compare CPU vs. CPU as well.

Our use of PCAST primarily focuses on configuration (2). Before each kernel,

we define a set of inputs, which is all data used within the kernel. Some of these checks

may be redundant to previous PCAST calls, but ensures that future code development

on one kernel does not affect the PCAST check of another kernel. Then the kernel is

executed on whatever device is currently being used. Finally, after the kernel we define

a set of outputs, which is all data altered from within the kernel. To utilize PCAST

we must first create a golden run which creates the initial PCAST comparison file.

This golden run does still need to be verified by hand for correctness. Afterwards, any

subsequent run of MURaM using the same dataset and decomposition can automatically

be compared to that previous run. If any of the PCAST checkpoints are incorrect, we

immediately know exactly where in the code the problem originates from.
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We only want PCAST enabled when doing debug runs and PCAST is only

available in NVIDIA compilers, meaning we have it default disabled if using any other

compiler. Allowing for direct CPU to GPU comparison, such as outlined in configuration

(1), is a very unique feature that only realistically functions when tied to a compiler.

However, for our general use of PCAST we would be interested in a stand-alone library

that includes the CPU comparison behavior described to enable PCAST functionality

in all other compilers. In the past we have observed minor discrepancies between

different compilers in the CPU code, and having such a library would help identify and

understand them.

3.2.3 Optimizing Radiation Transport

It is well known that computing 3D radiation transport (3D-RT) is extraordinarily

expensive, depending on two angular dimensions (i.e. the zenith and azimuthal angles)

and three spatial dimensions. RT solvers are typically iterative, further adding to the

cost. However 3D-RT is essential for a number applications in solar and stellar physics,

including realistic 3D simulations of stellar photospheres [86, 87], and the accurate

modelling of strongly scattering spectral lines, such as those in the solar chromosphere

[77].

In the case of MURaM’s 2883 reference test case with one band, the radiation

transport solver (RTS) is the most expensive part of the calculation, accounting for

nearly half the time on a single, dual-socket CPU node. More realistically, multi-node

3D radiation transport, in which the RTS must be called once per frequency band,

will drive the proportion of time spent in RTS even higher. For this reason RTS has

received the most optimization effort during our GPU port. However, RTS exhibits

a wavefront data dependency pattern in its primary computational kernel as well as

several blocking MPI communications.

Several previous alterations have been made to RT [122]for GPU portability

and performance. In summary, various multi-dimensional arrays (i.e pointer-to-pointer

structures) have been flattened into contiguous arrays. Various arrays are allocated
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only on the GPU to avoid the need for pointer translations, significantly reducing

kernel launch overhead in certain circumstances. Read-only arrays are duplicated

and transposed for better memory access patterns for certain radiation ray directions.

CUDA-aware MPI used throughout RT.

We are now experimenting with additional GPU features in an attempt to further

optimize the critical kernels within RT. Section 3.3 focuses on various optimizations to

RT’s core integration kernel and includes discussions of the limitations we face further

improving RT within the confines of OpenACC.

3.2.4 MURaM I/O

The MURaM code currently uses parallel MPI-IO for reading/writing 3D snap-

shots, and single process writes for smaller datasets (2D slices). For production runs

on both CPUs and GPUs the typical I/O time accounts for less than 10% of the total

simulation time. There are current efforts to change the I/O scheme to ADIOS, with

integrated lossy data compression, though more development and analysis needs to be

performed to comment on the effectiveness for MURaM.

3.2.5 Singularity Containers

Containers provide a robust solution for packaging the codes and offer various

advantages like reproducibility, portability, and security. Containers can provide a

massive advantage for MURaM, where you have multiple software dependencies and

build/run configurations. With this idea, we have invested some time in developing

containers for the MURaM code. Singularity is a type of container technology designed

to use on a cluster where security is of primary concern. With most of MURaM’s science

experiments running on closed compute clusters, we used singularity as our container

technology. We wrote a singularity definition file to build a singularity container for

MURaM. This definition file contains recipes to build various software stacks necessary

for MURaM. We start with a basic Ubuntu system and install the essential software

modules. Then we install the compiler for the MURaM OpenACC code, i.e., NVHPC

48



compiler suite with necessary NVIDIA drivers and CUDA toolkit. On top of the

NVHPC compiler, we build the OpenMPI communication library with GPU direct

capability, FFTW3 library, and heFFTe library with CUDA support. Using the above

compiler and libraries ensures the MURaM support for multiple architectures and

clusters. The container is currently in the testing phase, but will eventually become

available for public use in MURaM’s repository.

3.2.6 Programming Struggles

During the integration of OpenACC in MURaM our team has encountered

several issues relating to the various compilers and software stacks used. To give

insight into the headaches encountered when using such models for real-world codes, the

following are the three largest problems we have had to work around to bring MURaM

to GPUs: (1) C+ multi-dimensional arrays (i.e pointer-to-pointer structures) are not

clear how they are mapped to GPU memory, and have caused us random segmentation

faults in some cases. We have since moved to using almost exlcusively only flattened,

1-dimensional arrays. (2) “data partially present” errors inconsistently throughout the

code. These errors typically mean that some array is not replicated to the GPU in

full. However, we have seen this error in many places when using small, statically sized

arrays. When an array size is clearly known by the compiler it is often able to handle

the array automatically without explicit data copies, but in some portions of the code,

and sometimes only with specific compiler versions, we instead receive the error and

code crash. (3) performance degradation of certain kernels in more recent compiler

versions. Some results in Section 3.4 use version 21.3 of the NVHPC SDK because it

provides better performance in some kernels than the more recent 22.7 or 23.1 versions.

Initial profiling suggests it is related to the heuristics for local memory, but it is difficult

to understand the differences fully.
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3.3 Exploring Performance Vs Portability

OpenACC provides a generalized parallel model for interacting with offloaded

parallel hardware that often limits low-level user control and omits architecture-specific

programming features. OpenACC allows for interoperability between itself and other

programming models which could provide access to these architecture-specific features

at the cost of code portability. Such portability is desired from MURaM users and we

attempt to maintain a careful balance between performance and portability.

In this section we discuss performance limitations we are experiencing from Ope-

nACC and discuss possible solutions within OpenACC. Lastly, we explore performance

gained when using hand-tuned prototypes written in CUDA to understand the possible

performance that could be seen if adopted by OpenACC, removing the compromise

between performance and portability,

3.3.1 Limitations of OpenACC

The Integrate kernel in radiation transport is restricted by a serial data depen-

dency in one of the three Cartesian dimensions of our data. We define this dependency

as either “forward” or “backward” depending on if the associated loop increment is

positive or negative respectively, as well as which of the three dimensions (X, Y or Z)

needs to be restricted. The remaining two dimensions can be parallelized in any manner

without issue. Figure 3.1 gives an outline of the organization of the parallel loops

within this kernel, assuming the Y direction must be restricted and is moving forward.

This implementation uses the two parallelizable inner loops as a single kernel

that is called in sequence depending on the size of the serial dimension. This means in

a typical simulation this kernel will be called hundreds of times per integration, and

Integrate is called several times per radiation ray, with 24 rays total. This is further

exasperated when running a multi-banded radiation simulation, resulting in Integrate

being called thousands of times per simulation timestep, and hundreds of thousands of

individual, small kernel launches.
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for(int y = 1; y < Ny; y++) {

#pragma acc parallel loop async

for(int x = 1; x < Nx; x++) {

#pragma acc loop

for(int z = 1; z < Nz; z++) {

<Integration Calculation>

}

}

}

#pragma acc wait

Figure 3.1: Basic loop structure of the Integrate RT kernel, assuming the dependency is in the Y
dimension and moving forward.

We experience a lack of data parallelism within this kernel, as well as significant

overhead in terms of kernel launching, synchronization and data movement. This is

somewhat alleviated by queueing multiple kernel launches within an OpenACC queue

by using the async directive. We have also found that the kernel launch overhead is

greatly alleviated when manually converting all needed arrays to their associated device

pointers, removing the need for the OpenACC runtime to perform a pointer translation

for each array. By manually handling the data in this way, the overhead seen when

launching a single Integrate kernel is reduced by ∼80%.

Even with these improvements Integrate still sees 25% of its total time taken by

launch overhead and also experiences low GPU occupancy. Two possible optimizations

paths are present for NVIDIA GPUs for handling this situation. Firstly, we may

consolidate multiple launches of the Integrate kernel together, with the caveat that we

need a grid-level synchronization after each inner 2D slice. In theory, in OpenACC

this would potentially be a situation with the outer-most loop marked as a “sequential”

loop, signifying that all gangs should synchronize after each iteration of that loop, such

as the code prototype shown in Figure 3.2.

However, this code does not produce the desired result. Instead, each gang will

execute the loop with no synchronization meaning that there is no guarantee for correct

functionality. We want to prepare the GPU resources, i.e the grid of thread blocks,
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#pragma acc parallel

{

#pragma acc loop seq

for(int y = 1; y < Ny; y++) {

#pragma acc loop gang

for(int x = 1; x < Nx; x++) {

#pragma acc loop vector

for(int z = 1; z < Nz; z++) {

<Integration Calculation>

}

}

}

}

Figure 3.2: A possible implementation for thread block synchronization in OpenACC.

with the invocation of the parallel directive. However, we want all thread blocks to

obey the serial nature of the first loop marked by the seq directive.

A second method would be to utilize CUDA graphs. CUDA graphs allows the

programmer to define a dependency graph where each node would be some CUDA

operation such as a kernel launch or data transfer. We can create a graph that contains

every launch we will need to do of the Integrate kernel which streamlines the kernel

launch process and reduces overhead. However, their will be a cost of setting up the

graph, but this cost is only accrued once at the start of a simulation. Since this utilizes

a feature specific to NVIDIA GPUs it is likely unfit for CUDA graphs to be supported

in the generalized OpenACC model, but compiler-specific features could be created for

those that support OpenACC on NVIDIA GPUs.

3.3.2 Integration with Grid-Level Synchronization

The key focus of our first approach is that we want all thread blocks to synchronize

after each step of the computation. With this mechanism only one step of the sequential

loop is completed at a time, without the need of allocating and freeing GPU resources

between each kernel invocation. We use a feature within CUDA called Cooperative

Groups that allows for synchronizing across thread blocks. For grid-level synchronization

to work we must allocate a number of thread blocks that will all simultaneously fit within
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GPU hardware constraints (i.e the number of thread blocks is equal to the number of

streaming multiprocessors), as well as use the cudaLaunchCooperativeKernel function

in the CUDA kernel launching API. This consolidates the kernel launch overhead into

a single launch at the cost of additional grid-level synchronization. Figure 3.3 shows

this variation of the Integrate kernel.

namespace cg = cooperative_groups;

auto grid = cg::this_grid();

for(int i = 0; i < bound0; i++) {

for(int j = blockIdx.x;

j < bound1;

j += gridDim.x)

{

for(int k = threadIdx.x;

k < bound2;

k += blockDim.x)

{

<Integration Calculation>

}

}

grid.sync();

}

Figure 3.3: Integrate kernel with grid-level synchronization using CUDA Cooperative Groups.

3.3.3 Integration with CUDA Graphs

We also explore an approach to optimize the launch overhead by utilizing the

CUDA Graphs feature. Our graphs are simple, linear graphs that includes a node for

each kernel launch while obeying the serial dependency. Since the dependent dimension

as well as the direction depends on the radiation ray, we create a separate graph for

each of the 24 rays. This initialization is done once at the beginning of the simulation

when RT is first called. The key benefit of this approach is to preemptively capture

information about upcoming kernel launches, allowing for the enqueueing of Integrate

kernels to happen with much lower overhead. Fig 3.4 shows this variaton of Integrate.
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cudaGraph_t graph[24];

cudaGraphExec_t instance[24];

void integrate_cuda_graph()

{

if(!graphInitialized) {

for(<Each ray configuration>) {

cudaStream_t stream;

cudaStreamCreate(&stream);

cudaStreamBeginCapture(

stream,

cudaStreamCaptureModeGlobal

);

for(int b1 = 0; b1 < bound1; b1++){

integrate_kernel<<<...>>>(args...);

}

cudaStreamEndCapture(

stream, &(graph[ray]));

cudaGraphInstantiate(

&(instance[ray]), graph[ray],

NULL, NULL, 0);

}

}

cudaGraphLaunch(instance[ray], 0);

cudaStreamSynchronize(0);

}

Figure 3.4: Integrate using CUDA Graphs to manage launching of individual 2D slice kernels.

54



Figure 3.5: Relative speedup of the different variations of Integrate over MURaM’s OpenACC baseline
implementation.

Code Time per slice Overhead Total

OpenACC 5.5µs 0.9µs 750µs
CUDA 4.5µs 0.9µs 665µs

CUDA CG 2.45µs N/A 310µs
CUDA Graphs 4.7µs 0.7µs 472µs

Figure 3.6: Breakdown of time spent in computation and overhead for the different Integrate variations,
captured using the NSight Systems profiler. “Time per slice” in the computation time of a single 2D
parallel slice of Integrate, “Overhead” is the time taken from the end of one kernel to the start of the
next, and “Total” is the time taken for the entire integration, i.e over the entire 3D domain. All times
are using the 1283 dataset.

3.3.4 Integration Performance

Figure 3.5 shows the relative speedup difference of several Integrate implemen-

tations over MURaM’s OpenACC baseline. OpenACC uses only OpenACC, and is

what is currently implemented in the full MURaM code. We have implemented several

optimizations to reduce the OpenACC specific overhead, such as storing relevant data

directly as device pointers to avoid needing any pointer translation.

The CUDA variation is a comparable implementation to the OpenACC version

written in the CUDA programming language. Due to the overall simplicity of the

Integrate kernel we do not expect that our CUDA code is inherently better optimized
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by virtue of being “hand-written.” In all cases the CUDA version is slightly, and

consistently, better than the OpenACC version. The most observable difference we see

between these two versions is the number of registers used per thread. The OpenACC

version requires 56 registers-per-thread, while the CUDA version uses only 26 register-

per-thread. This causes the observed runtime GPU occupancy to be slightly better

for the CUDA code, which is even more important considering that Integrate is a

latency-bound kernel. We do not see this as a difference in the quality of the two codes,

but rather inherent performance limiters we accrue when using a directive-based model

such as OpenACC. We observe that the launch overhead between the OpenACC and

CUDA implementation is similar, but the actual computational kernel is 10% faster in

CUDA.

The Cooperative Groups version is written in CUDA using CUDA Cooperative

Groups to facilitate multi-block, grid-level synchronization. This reduces the multiple

kernel launches used in both the OpenACC and CUDA verisons into a single kernel

launch by launching only the exact number of thread blocks that fit simultaneously onto

the GPU and obeying the sequential outer loop by using the grid-level synchronization

so that all blocks will only move onto the next iteration once all have completed the

current iteration. We observe higher register usage than the previous CUDA variation

at 40 registers-per-thread. We see better relative performance of this version for smaller

data sizes, at 2.2x faster than the OpenACC baseline for the 1283 dataset, and 1.1x faster

for the 2563 dataset. Once we increase the dataset up to 3843 we see the Cooperative

Groups version is nearly identical to the OpenACC, and slightly slower than the other

two CUDA implementations.

The key issue we are trying to solve is the kernel launch overhead. As the dataset

gets larger, that overhead becomes less impactful. There would eventually be a data

size where the kernel time is sufficiently large enough that the launch overhead would no

longer significantly affect performance, since the next kernel could be prepared before

the current kernel finishes. Due to this the Cooperative Groups variation becomes less
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impactful as the dataset size increase, but could be a very important performance

increase in strong-scaling scenarios where the grid points per GPU becomes smaller.

The CUDA Graphs variation is also written entirely in CUDA. For the results in

Figure 3.5 we do not measure the overhead of one-time initialization of the graph. The

underlying kernel used is completely identical to the kernel used in the CUDA variation,

but uses the graph to facilitate kernel launching. Similar to the Cooperative Groups

variation, CUDA Graphs sees less performance increase over the baseline as the dataset

gets larger, and that launch overhead becomes less impactful. CUDA Graphs sees 1.2x

speedup over the baseline for the 2563 dataset. A 20% performance increase on the

Integrate kernel would be extremely impactful for the overall MURaM performance,

and espeically for high-resolution simulations that depend on multi-band RT where

Integrate is the most time-consuming kernel of the entire simulation.

Figure 3.6 shows the breakdown of timing for different aspects of these variations.

We observe the 1283 dataset since it best highlights the problem being solved and the

benefit of these solutions. Since CUDA Cooperative Groups only produces a single

kernel launch we can not gauge the time taken between the parallel 2D slices (i.e the

time to synchronize), and instead divide the total time taken by the total number

of slices in the dataset, making a direct comparison slightly difficult. For the other

variations we observed the time taken per slice as seen through the NSight Systems

profiler and averaged across all slices.

The two key takeaways we gain from this experimentation is as follows: (1) with

the optimizations we have added to Integrate we have achieved close performance to an

identical kernel written in CUDA. This is a far improvement from early, naive imple-

mentations of Integrate that introduced large amounts of overhead from OpenACC’s

runtime library. (2) we can achieve a very significant performance increase of MURaM’s

most important kernel by utilizing techniques found in CUDA when running on smaller

data sets. This creates interesting opportunities for improved strong scaling of MURaM,

and is discussed alongside other scaling results in Section 3.5.
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3.4 Scaling Results

MURaM provides several use-cases in solar research and for this work we focus

on two different applications:

(1) For high resolution simulations of the upper convection zone and photosphere

(grid spacings comparable or smaller than 10 km) detailed RT is critical. It is computa-

tionally not feasible to capture the full frequency dependence of opacities in the solar

atmosphere, which would require hundreds of thousands of individual frequency points.

Following [86] spectral lines are combined in bands according to their strength (and

sometimes also frequency) and average opacities are computed for each band (typically

4-12). However, even with 4-12 bands RT is still computationally expensive and accounts

for 60-80% for the computing time. High resolution simulations of the photosphere are

needed for in-depth comparisons with high resolution spectropolarimetric observations,

such as those provided by the Daniel K. Inouye Solar Telescope (DKIST), to support a

multitude of science investigations [94].

(2) For larger-scale simulations that aim at capturing entire solar active regions

(scales on the order of 100 Mm) and extend from the upper convection zone into the

lower solar corona numerical setups use lower resolution (grid spacings comparable to

100 km) and a detailed RT is less important. The cost of RT can be reduced by using

only a single band (gray RT) and due to the small simulation time steps in setups

that include the solar corona, RT does not have to called at every simulation time

step. In these setups RT accounts for less than 10% of the computing time and code

scaling behavior is more dominated by the scaling of the MHD routines. These types of

computational setups allow to simulate solar active regions over time-scales of hours to

days and focus on studying processes related to the storage and release of energy in the

solar corona, ultimately leading to the flares and coronal mass ejections [36, 35, 100].

More detailed studies of specific active regions will be enabled in the future through

data-driven simulations [32].

Our results will utilize both of these use-cases to observe performance possibilities

for the multiple uses of MURaM.
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3.4.1 Experimental Setup: Raven and Derecho

Raven is an HPC system in the Max Planck Computing and Data Facility,

installed in 2021, with a 23.4 PFlop/s theoretical peak performance. It consists of 1,592

compute nodes with Intel Xeon IceLake-SP processors with 72 cores and 256GB RAM

per node. We used up to 128 out of 192 NVIDIA A100 GPU nodes (40GB HBM2 each)

with a total of 512 GPUs for our weak and strong scaling runs. The GPU nodes are

connected with 200 Gbps Mellanox HDR InfiniBand interconnects. For more, refer

to [11]. We used NVHPC SDK 21.3, CUDA 11.4, OMPI 4.1.5 and FFTW 3.3.10, for our

runs. Simulations were performed with more modern compilers, however a performance

degradation was noticed, as discussed in Section 3.2.6

NCAR’s Derecho HPE Cray EX cluster, installed in 2023, is a 19.87-petaflops

system. It consists of 2,488 compute nodes with 128 AMD Milan cores per node. We

used up to 80 NVIDIA A100 GPU nodes (40GB HBM2 each) out of 82 for our runs

with a total of 320 A100 GPUs. The GPU nodes have 600 GB/s NVIDIA NVLink

GPU interconnect. For more, refer to [14]. We used NVHPC SDK 23.1, CUDA 11.7.1,

Cray-MPICH 8.1.25, FFTW 3.3.10 for our runs.

All runs are using the heFFTe library on the CPU for the FFT calculation, as

described in 3.2.1. For additional details of all of the experiments shown here, such as

full performance breakdown and GPU layouts, please refer to raw data in Zenodo [13].

3.4.2 Weak Scaling

Weak scaling is the measure of performance when the number of processors

increases at the same rate as the amount of data. This means that each processor keeps

a constant amount of local data even though the total data size is increasing. Ideal

weak scaling is when the time taken to compute the problem does not increase as the

data size increases. Here we measure the weak scaling of MURaM on an increasing

number of GPUs from 4 to 500. The run is a high resolution simulation of the upper

convection zone and photosphere using 4-band RT every timestep. Figure 3.7 shows

the total time per simulation timestep, as well as several individual points for a few
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Figure 3.7: Weak scaling on Raven of a high-resolution simulation ranging from 4 to 500 A100 GPUs.
Dotted lines represent ideal scaling.

different routines that are relevant to scaling. The data uses 3603 (46,656,000) grid

points per GPU.

The total time variance between 4 and 500 GPUs is 0.82 seconds, which is a

29% increase. RT accounts for 0.54 seconds of the total and sees a 35% increase overall.

BND is the calculation of the boundary region and contains all of the FFT portions

of the code. The “remainder” category accounts for everything besides RT and BND,

and contributes to the remaining time increase. However, there is no single routine

within the remainder that individually scales poorly, rather we see a minor, but steady

increase in a few kernels as the number of GPUs increase. Additionally, BND accounts

for a very small portion of the total runtime and does not see a notable increase from

scaling. This is a significant improvement from previous versions of MURaM that used

FFTW, which saw BND as the second worst scaling routine, behind RT.

3.4.3 Strong Scaling

Strong scaling is the performance measure of increasing the number of compute

resources while keeping a consistent dataset size. The ideal scaling would be completely

linear, i.e doubling the number of compute resources results in double the throughput.

However, it is often the case in parallel programming that due to various factors a

perfect strong scaling is improbable to achieve.
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We have performed two different scaling experiments, each focusing on a different

use-case of MURaM. Firstly we observe a high resolution simulation of the upper

convection zone and photosphere, which uses 4-band radiation transport every timestep.

These experiments were performed on the Raven supercomputer.

(a) (b) (c)

Figure 3.8: GPU strong scaling for a high-resolution simulation, 4-band RT, from 4 to 512 A100 GPUs
on the Raven system. (a) shows total time per timestep, (b) show time of RT per timestep, (c) shows
total time - RT per timestep.

Fig 3.8 shows these strong scaling results and has been divided into three plots to

isolate the performance of radiation transport from the MHD portion of the code. As the

number of GPUs increase, the number of grid points per GPU decreases, ranging from

46,656,000 to 1,458,000. GPUs typically perform best when sufficient data parallelism

is available, and is especially important for MURaM since it is largely a memory

latency-bound code. From this we expect to lose some efficiency as the grid points per

GPU decreases.

We observe very promising scaling in the MHD portion of the code. The purely

computational kernels scale near-linearly, and those with MPI communication are only

affected somewhat, as our total MPI ranks is still relatively low. The scaling of radiation

transport is not nearly as good, as expected. RT has significant communication, needing

to communicate potentially dozens of times per timestep. Additionally, we observe

several inefficiencies in various kernels in RT that are further exasperated by the reduced

number of grid points.

We have also performed strong scaling experiments using a larger-scale simulation

that aims at capturing the entire solar active region (scales on the order of 100 Mm) and
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extends from the upper convection zone into the lower solar corona. This experiment

puts a far lower focus on RT, only running the RT solver every fourth iteration and

single band. This causes RT to run roughly 16x less than in the previous experiment.

These results are captured from the Derecho compute cluster ranging from 48 to 320

A100 GPUs. We have also run this same experiment using CPU-only nodes to observe

the scaling of MURaM for CPUs. This ranges from 32 to 512 AMD CPU nodes, for a

total of 4,096 to 65,536 cores.

(a) (b)

Figure 3.9: GPU strong scaling for a lower-resolution, larger-scale simulation from (a) 48 to 320 A100
GPUs and (b) 4,096 to 65,536 AMD CPU cores on the Derecho system.

Fig 3.9 shows these strong scaling results. In these results we observe better

strong scaling than the MHD-only scaling from the previous experiment, which likely

originates from the faster network connections on the Derecho system. Overall, this

reinforces that the MHD portion of the code strong scales relatively well, and with

less focus on RT we approach ideal scaling. We also begin to hit hard limits of CPU

scalability. No matter how many CPU cores we use in the simulation we can not reach

the GPU performance capability, while the GPU seems to be able to scale even further.

While it is difficult to draw direct comparisons between CPU vs. GPU, we observe

in terms of throughput for these runs that one A100 GPUs equates roughly to 9̃0-100

AMD CPU cores.
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3.5 Analysis and Future Work

From all the above discussions and results, we are able to draw several analyses.

The MHD portion of MURaM strong-scales fairly well. For simulations with a lower

focus on RT it is feasible to reach higher throughput milestones by utilizing additional

hardware. So far from the available GPUs we have scaled to we do not believe we

have reached the point yet where MHD performances falls off. Additionally, with

the improvements to the boundary routines using the heFFTe library, we see much

better weak scaling than in previous versions of MURaM. There appear to be minor

improvements that can be made to the MHD portion of the code, but the most significant

impact to weak scaling is again RT.

RT falls off in our strong scaling experiments fairly quickly, making it somewhat

infeasible to further improve RT’s performance with additional hardware resources.

Introducing more GPUs compounds communication costs and reduces available data

parallelism making individual kernels, such as Integrate, less efficient. If we wish

to further improve the scalability of RT we must look towards code refactoring or

algorithmic changes.

From our experiments in Section 3.3, we see potential in improving the strong

scaling of RT by utilizing some GPU-specific features of CUDA. The two key components

of RT that need to be improved for overall scaling is the Integrate routine and the

communication scheme. Both the Cooperative Groups and CUDA Graphs version

of Integrate see large improvements over the purely OpenACC baseline for smaller

per-GPU dataset sizes, such as those seen in our strong scaling experiments. In the

best case scenario for a 1283 dataset we see a 120% improvement in our best prototype.

Even in larger datasets, such as the 2563 dataset, we see a 20% improvement, which is

still extremely impactful in the case of high-resolution simulations with multi-band RT

where the runtime of the Integrate kernel is very dominant of the total simulation time.

As a near term future work for this project, we aim to further optimize the codes

shown in Section 3.3 and add them as optional inclusions to the full MURaM code.

Then it would be interesting to recreate full strong scaling for these high-resolution,
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RT-based simulations to see what sort of improvements have been made for the entire

simulation time. Outside of the changes described in this chapter, it is likely worthwhile

to experiment with algorithmic changes to improve both available data parallelism and

reduced communication required.
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Chapter 4

AUTOMATIC PARALLELIZATION OF SERIAL CODES WITH
OPENACC ANNOTATIONS

This chapter will cover the work done during my preliminary exam using Clang

and OpenACC to use both static and dynamic analysis to automatically generate

OpenACC directives for parallelizing serial codes. This work highlights the feasibility

of a framework for automatic parallelization and optimization of a code using a similar

programming cycle as HPC application developers, and the difficulty of bridging the

gap between high-level languages and low-level hardware features when using parallel

programming directives.

4.1 Related work

DawnCC [84] is a stand-alone tool for auto-annotating C code with OpenACC or

OpenMP 4.0 directives. DawnCC uses LLVM/Clang [76] to convert a C source code to

LLVM IR to take advantage of several LLVM-based static analyses. The authors offer

several important and common factors that their tool overcomes in order to produce

annotated parallel code.

Firstly, in order to properly manage data communication between the host

processor and offloading device the lower and upper boundaries of dynamic memory

must be known. LLVM provides a utility for analyzing LLVM IR called symbolic range

analysis to estimate these boundaries, and is the primary reason that LLVM is being

used for their work. By understanding the boundaries of used data in each kernel,

DawnCC is able to generate proper data communication directives, and to apply several

data communication optimizations across kernels reusing the same data.
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Next, the authors address C/C++ pointer aliasing. This is when two pointers

reference overlapping memory addresses. The authors use a technique called pointer

restrictification to incorporate a pointer aliasing check before each computational kernel

into the source code. In OpenACC, this utilizes an if directive to decide at runtime if

a specific kernel should be run on the host or device. Then to parallelize the kernel, the

OpenACC kernels directive is added, which asks the compiler to analyze a region of

code and attempt to parallelize it. The independent clause is also added, which asserts

to the compiler that a given code region is safe to parallize, and to ignore any warnings

including (but not limited to) pointer aliasing.

Lastly, the authors have developed a new technique they have called copy fusion.

This is a method to use a dependency graph to eliminate redundant memory transfers.

It is a common problem when doing GPU programming that host and device memory

pools have to constantly be considered. To achieve optimal performance, the total

number of transfers will need to be minimized, or hidden by overlapping computation

and communication. The primary goal of copy fusion is to combine data regions for

various kernels where their data use overlaps.

There are a few key limitations to this tool that significantly reduce its usefulness

for real-world applications. DawnCC works to identify loop nests within the code

and annotate them with some basic directives. For OpenACC, this means adding the

OpenACC kernels directive to the outer-most loop. The kernels directive is very unique

as it signals to the compiler that the given loop should be analyzed with an attempt to

automatically parallelize it. In some simple cases, the compiler is able to successfully

parallelize the loop, and may sometimes achieve higher performance than what a typical

programmer could do manually. However, for the vast majority of codes, the kernels

directive is significantly less effective.

While the authors solution does address the problem of pointer aliasing, it is

far too aggressive. Firstly, falling back to running on the CPU if pointer aliasing is

detected is inefficient. There would rarely be a situation where this would be a good

compromise, it is likely that an expert programmer would have to step in and fix the
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problem manually. Second, there are many reasons why some codes should not be

parallelized, including pointer aliasing. Since the kernels are not being checked for other

potential problems, overriding the compilers decision with the independent clause can

produce catastrophic results. If this tool were to produce faulty code due to this, it

would likely take a significant amount of effort from an expert programmer to debug it.

It is also possible that even if pointer aliasing exists, a code could still be parallelized

without problem, depending on the code.

Additionally, an issue that the authors do not address; if pointer aliasing does

occur and causes a kernel to default to running on the host processor, then this can

easily cause out-of-sync memory pools. For example, take a code that runs nearly all

of its computation on the GPU, meaning that the data stored in GPU memory will

contain all the meaningful results of their computations up to that point. Then, if the

next kernel has to default to running on the host processor, then the host will not have

access to any of those results unless explicitly copied from the device. None of the

code examples the authors use for describing pointer restrictification contain a memory

fail-safe for if this were to occur.

Since DawnCC does not do any sort of performance analysis, all loops are selected

for parallelization. In real-world applications, it is unlikely that every loop should be

run in parallel. For example, in the MURaM code, there is a very large loop nest that

handle propagating radiation intensity through a three-dimension space. The radiation

moves through the eight corner of the space, each of these with three different angles.

That means that there is a 2x2x2x3 loop nest, within it containing many different

complex loops. If the authors solution were to be applied to a code like this then it is

very likely to work, or perform well what-so-ever.

Lastly, DawnCC only annotates the outer-most loop in each detected kernel.

Speaking from experience with OpenACC, compilers have a very difficult time paral-

lelizing large loop nests with limited information. By only providing a directive to the

outer-most loop will likely give poor performance or fail for large loop nests. One quirk

with OpenACC is that OpenACC defines three usable levels of parallelism, but only
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uses two by default. Any loop nests that are larger than two loops will likely have the

inner-most loop running entirely sequentially across GPU threads. DawnCC may be

useful for creating an “inital parallelization” of a source code, but will likely need to be

heavily optimized by an expert programmer to achieve reasonable performance.

Kernel Tuner [119] is a python-based tool for auto-tuning CUDA and OpenCL

code. The tool allows programmers to provide the source code of a GPU kernel and

a set of tunable parameters, such as kernel dimensions, loop tiling and loop unrolling.

The parameters will be edited and the kernel re-ran until an optimal solution is found.

Several different techniques are employed to select values for each parameter, with the

simplest and most time-consuming being brute force, but is guaranteed to eventually

find the optimal solution.

The author concludes that brute force reliably performs the best, but take

10-100x more time to run than other strategies. Basin hopping and differential evolution

are the next best two, however they do not always reliably find the optimal solution.

In the authors test cases, the average performance of these two approaches were 25%

worse than brute force.

The author also mentions using tools such as Kernel Tuner for test-driven

software development. A programmer can create several test cases for each important

kernel in their code and use Kernel Tuner to automatically run the tests, verify the

kernel outputs are correct, and tune the kernel. Maintaining this process throughout

the code development process may help with porting kernels to accelerators, and is an

automated version of good coding practice.

The tool will also automatically handle data allocation and deallocation. However,

it is left very vague, and not specified how this is actually resolved. It is likely that the

programmer will also need to provide some sort of test configuration along with the

kernel code otherwise the tool would not know what size the arrays should be, or what

data they should be populated with. A code such as a dense matrix multiplication

would surely be problematic if arrays containing valid indices were not provided. This
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is important for AutoACC as the current auto-tuner implementation requires the

programmer to provide at least one test configuration to run.

The tool requires the programmer to identify the tunable parameters in the kernel.

This means that the tool is only optimizing parameters that are consistently present

in codes, such as thread block dimensions, loop tiling, and loop unrolling. AutoACC

is very unique in that it is generating the accelerated code, thus it is also generating

the tunable parameters. Howver, one hope is that AutoACC will be able to identify

different tunable parameters that most auto-tuners, including Kernel Tuner, would

not usually operate on. Parameters such as the ordering of loops, ordering of memory

read/writes, register usage and shared memory usage. Optimizing directive-based codes

involves editing the source code just as much as editing the directives themselves.

4.2 Intermediate Representation with Clang’s Abstract Syntax Tree

There are three key types of AST nodes: declarations (Decl), statements (Stmt)

and expressions (Expr). Declarations are either function or variable declarations

(FunctionDecl, VarDecl). Statements cover every other node type as in C/C++ every

expression, such as function calls (CallExpr), can also be used as a statement. The

AST is an acyclic graph of nodes where the root node is a declaration (TopDecl) that

contains all other declarations. And example of an AST is shown in figure 4.1.

AutoACC is built on the assumption any code the user is compiling is valid and

compiles without error on their target OpenACC/OpenMP compiler. This means that

AutoACC does not do rigorous code validation such as type checking. However, since

the AST is mutable there must be strict requirements that the AST represents a valid

C/C++ code. The constructors for each node type extensively checks that all children

nodes are reasonable types. All children are stored as generic node types, but are only

accessible through class getter methods that cast them to the correct value. Each node

also keeps track of its parent node, as this is necessary to perform node replacement.
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Figure 4.1: Visual representation of an AST for an OpenACC parallelized for loop.

4.3 Implementation of Automatic Annotation

OpenACC is designed to work for heterogenous computing machines; these are

machines that have a host and one or more attached accelerators. The host is typically

a general purpose processor, and the accelerators can be a variety of architectures,

but commonly used are manycore CPUs, GPUs, and FPGAs. OpenACC provides the

parallel and kernels directives for specifying regions of code that should be built and

executed on a given accelerator. These regions typically contain for loops marked with

the loop directive to specify work sharing.

OpenACC Execution Model: The parallel and kernels directives achieve

the same goal but have drastically different implementations. They both are used to

parallelize code, but the kernels directive requires significantly more analysis and work

from the compiler. Regions of code marked with the kernels directive will be analyzed

by the compiler, and the compiler can make an attempt to assign work sharing and

specific optimizations. This means in a perfect scenario the programmer only needs to

mark the parts of the code they wish to have parallelized and allow the compiler to do

all of the heavy lifting.
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Unfortunately, the kernels directive has several inherent flaws particularly for

C/C++ code and is difficult to implement within compilers. In order for OpenACC

to generate proper device code, it must know the size of the various arrays used in

the kernel to ensure that equivalent device arrays exist. Also, the kernels directive is

very sensitive to potential problem that inhibit parallel behaviors. The most common

example in C/C++ is the existence of pointer aliasing. When a compiler detects

potential aliased pointers (which is any kernel that contains more than one pointer) the

compiler will refuse to parallelize. This decision can be overridden by the programmer

if they decide that the loop is truly safe to parallelize.

OpenACC Memory Model: OpenACC’s memory model is centered around

linking and synchronizing between host and device memory with memory transferring

runtime library calls. Most of this is done behind-the-scenes by the OpenACC runtime,

but the programmer will still need to specify the sizes of arrays used in the various

kernels, as well as transferring data between host and device as needed. The PGI

compiler also supports the use of CUDA managed memory. This is a feature that

exists for NVIDIA GPUs where both host and device memory exist within a virtual

memory space. Data requests will go through the virtual memory, and data will be

moved between host and device as needed. However, if using other compilers, or other

accelerators, this feature is not supported.

Three Levels of Parallelism: OpenACC provides three levels of parallelism

called gang, worker and vector threads. Gang can be thought of as coarse-grained

parallelism, vector as fine-grained parallelism, and worker in between. Each gang

contains one or more workers, each worker contains one or more vector threads. When

a parallel or kernels region is encountered, a group of gangs, workers and vector threads

are created on the device. Each gang will execute redundantly using a single worker and

single vector thread until a loop is encountered and work is spread across the threads.

Usually for work-sharing to occur, a for loop must be marked with the loop directive,

however, when using the kernels directive the compiler may be able to auto-detect
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loops for work sharing. The gang, worker and vector mechanism in OpenACC has very

interesting implications for GPUs.

Collapse: OpenACC also provides a few clauses for the loop directive to

restructure loop nests and create more optimal code. The collapse clause combines

multiple tightly nested loops to make a larger loop and potentially increase the exposed

parallelism. The tile clause portions the nested loops into tiles, potentially increasing

data locality. These along with gang, worker and vector are the primary ways that a

programmer to optimize their loops in OpenACC.

Cache Directive: The last OpenACC construct worth mentioning is the cache

directive. This directive specifies arrays that should use some sort of cached memory.

For GPUs, this will used shared memory, which significantly closer to the threads and

significantly faster. Some compilers can also try to use shared memory optimizations in

other places, but isn’t entirely reliable without using the cache directive.

AutoACC is a source-to-source compiler for annotating C, C++ and Fortran code

with OpenACC or OpenMP directives for offloading. AutoACC contains a framework

for generating an abstract syntax tree (AST) that is modeled after the source lanauage,

and generating same-language source code from the AST. Different modules can exist

on top of this framework such as annotation, optimization, correctness checking and

auto-tuning. These modules are split into two seperate parts called AutoACC Serial

(AutoACCs) and AutoACC Parallel (AutoACCp).

Figure 4.3 shows the overall workflow of AutoACC. The tool has two separate

entry points; at the beginning of AutoACCs and AutoACCp. If entering straight

into AutoACCp, then it is assumed that the code has been already annotated with

custom AutoACC directives by the programmer. Within AutoACCs and AutoACCp

are different modules that the AST can be run through. The input to every module is

an AutoACC AST, and the output should also be an AutoACC AST.

AutoACCs focuses on analyzing the serial behavior of the code. The primary

goal is to understand overall code structure, and generate several “facts” about how

the code runs in order to provide additional information to AutoACCp. These facts

72



Figure 4.2: Looping development cycle of incrementally parallelizing sequential codes with directives.

include the sizes of loops, size of allocated memory, the striding of memory reads and

writes and race conditions. These are all details that AutoACCp will need in order to

generate correct parallel code.

The OpenACC organization provides a best practices programming guide for

OpenACC [75]. This guide highlights a few ideas that are important to how AutoACC

generates OpenACC kernels:

• Compilers can make limited optimizations with limited information available. It

is best to be verbose and include as much specifics as possible.

• Often times, code refactoring for better GPU performance offers better CPU

performance as well.

• Leaving loops without a loop directive may cause the compiler to run that loop

serially. It is best that all loops in a loop nest have some sort of loop directive so

the compiler knows they are safe to parallelize.

73



Figure 4.3: Workflow of the AutoACC tool from input sequential code to automatically generated
parallel code.

• Parallelizing inefficient kernels is still likely better than doing a memory copy. It

may be best to do computation on the GPU whenever possible, even if a single

kernel will perform relatively poorly.

• When applying an optimization that is targeted for a specific architecture, it may

be test to use the device type clause so those optimizations are not applied to

other architectures.

AutoACCp implements a parallel program development cycle pictured in fig-

ure 4.2. This loop replicates the coding practice done by parallel software developers

in order to generate a parallel code and optimize it for a given architecture. The first

step is to use the information gathered in AutoACCs or from data provided by the

programmer in the form of AutoACC directives to generate parallel code. Currently,

the focus is on OpenACC and OpenMP code generation, however any directive-based

model could be viable if correct modules are made. Also, a potential future direction

could be generating other languages such as CUDA or HIP.
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The second and third step is to run the new parallel code and validate that it

gives correct output. Correctness is tricky to define, and many different validations

techniques will need to be included. One technique that is commonly used for GPU

program porting, and is implemented by other applications such as Kernel Tuner [119],

is to check results on a per-kernel level. For each parallel kernel, check if all outputs of

that kernel are within some accuracy threshold of the original serial code. There will

also be support for users to provide their own test cases that will decide correctness or

failure.

The fourth step optimizes the generated parallel code. This is done using auto-

tuning techniques to tune kernel parameters to achieve optimal performance on a given

architecture. There exists many different techniques for auto-tuning [119], brute force

tends to give the best results. However, the time taken to do brute force auto-tuning

will likely be to large for the tool to utilize in a reasonable amount of time. For this

reason, AutoACC will likely have to use more than one auto-tuning technique, and may

also allow the user to set a time limit on how long auto-tuning should go on for.

The fifth and sixth step are about combining the optimized code. In DawnCC [84],

using algorithms to optimize data communication throughout a large source code is

overall very important for total code performance, rather than just focusing on kernel

performance. Also, sometimes the computation of multiple kernels can be combined to

create larger kernels. Making a kernel larger often yields better results, until hardware

resources are completely saturated. For this reason, step five and six will be very

important for overall code performance.

The work described in this report is of early stages of the AutoACC tool. This

will include the construction of the AutoACC AST, the custom AutoACC directives,

OpenACC code generation and kernel auto-tuning. Currently, only a subset of the C

language is supported, and only OpenACC code can be generated.

In OpenACC, the outer-most for loop annotated with directives is the entry

point of the computation kernel. This loop technically does not need to be marked

with any work-sharing directives, but results will end up unexpected. In MURaM, for
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the RTS integration loop I have tried avoiding kernel launch overhead by making the

first loop in the kernel sequential. However, the language here is misleading. Having a

loop within an OpenACC kernel marked as sequential actually means that the loop

will not have any work sharing. In the MURaM example, marking the outer-loop

as sequential only made all gangs redundantly run all loop iterations simultaneously,

instead of blocking like we may want.

Here I propose a kernel generation algorithm. This algorithm uses a depth first

search approach. Nested loops in the AST are traversed until the first leaf node is

found. In our loop nest, this will always be an inner-loop with no other nested loops.

This loop is assigned the gang, worker and vector directives. Then the algorithm will

backtrack to the parent loop (if one exists), and the parent loop will look at all of its

children. Based on the parallelism available in its children, it will always take the gang

directive from them, it may take the worker directive from them, and it will take the

vector directive if the loops are going to be collapsed.

The following pseudo-code shows a representation of the kernel generation

algorithm:

def createOpenACCLoop(kernel , children):

if children is empty:

return loop1D(kernel)

else:

return loop2D(kernel , children)

def loop1D(kernel):

adjustWorkerVector(kernel.size , gang , worker , vector)

return OpenACCLoop(gang , worker , vector)

def loop2D(kernel , children):

gang , worker , vector , collapse = optimize2D(kernel ,

children)

adjustWorkerVector(kernel.size , gang , worker , vector)

return OpenACCLoop(gang , worker , vector , collapse)

If a given loop has no children, then it is assumed that it is an inner loop,

so loop1D is called. If the given loop does have children, then it must either be an
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outer-loop or somewhere in the middle. The given loop and its children loops are

treated as two-dimensional; this means that the given loop will be optimized based on

its children, and may also make the decision to edit its children. Some of the things

that the kernel generation considers in the loop2D case:

• Since this loop is potentially an outer-loop, take the gang directive from the

children, as the gang directive must be on the outer-most loop for the kernel to

function correctly.

• If any children have the worker and vector clause, take the worker. The vector

clause should stay on the inner-most loop, according to OpenACC best practices.

When the worker clause is actually used, it generally does not belong on the same

loop as vector.

• If the loops are tightly nested, collapse them; if the child loop is also a collapsed

loop, take the collapsed clause and increase the number of loops by one.

The goal of this algorithm is to generate code that follows the OpenACC best

practices to achieve good performance. In DawnCC [84], the tool chooses to only

give bare minimum annotations, allowing the OpenACC compiler to do the significant

amount of the work. However, this in many cases already mentioned would either create

broken or poor performing code. On the other extreme, it is possible to do auto-tuning

during the kernel generation. This would involve testing every possible legal OpenACC

kernel, and choosing the permutation that gives the best performance. However, this is

done by the auto-tuning module, and not all users of AutoACC would want to have to

run a lengthy auto-tuner everytime they run AutoACC. A good middle-ground is to

try and generate the best code using this heuristic and the best practices.

LLVM is an open-source, language non-specific intermediate representation (IR)

employed by various compilers and research tools. Clang is a C/C++ compiler developed

alongside LLVM to build C/C++ ASTs and produce LLVM IR [76]. Recent releases

of Clang provide tools and libraries referred to as libtooling for utilizing Clang’s AST,
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visitors and matchers. There exists some work on using libtooling to create source-to-

source compilers such as OP2-Clang which converts C source code to a domain-specific

language called OP2 [20].

Using libtooling for AutoACC presented some key limitations. Clang’s AST is

very straightforward and recognizable from the language that it supports, however,

Clang’s philosophy is that once an AST node is created, it should never be changed.

Clang does not perform any optimizations on the AST because it is meant to be as

direct an interface as possible to LLVM, since LLVM has a wide variety of optimization

tools. This means that libtooling is very useful for building LLVM IR, but does not

provide easy access or customization to the AST.

Next, libtooling can parse OpenMP directives as Clang directly supports OpenMP,

but does not support any kind of custom directives. However, custom directive support

can be achieved in Clang by editing the Clang source code directly. AutoACC needs to

support two kinds of new directives; a new suite of directives specific to the AutoACC

tool and OpenACC directives. The only way to have libtooling recognize these directly

is by creating a custom version of Clang with the necessary source code changes.

Lastly, libtooling does not allow for the creation of new node types. In Clang’s

implementation of OpenMP [17] and Clacc’s support of OpenACC [45] new nodes are

created to represent directives, and those nodes are integral into generate proper device

LLVM IR. There is no way to create new nodes for AutoACC and OpenACC directives

through libtooling; it would instead require a heavily edited version of Clang’s source

code.

Clang does still provide a very straightforward C/C++ AST, and there is still

much to gain from leveraging Clang’s frontend. For AutoACC, Clang is still used for

parsing the initial C source code and generating an AST. That AST is then moved

over to the AutoACC tool, and the nodes are converted to new classes written for

AutoACC’s AST. Clang’s AST is very verbose; it provides a lot of extra details needed

for correct LLVM IR generation (such as implicit casts on every expression node) that

is trimmed in AutoACC’s AST. Since LLVM/Clang is a large compiler (in terms of
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storage space and install requirements) it is also ideal to have a parsing mechanism

that does not rely on Clang. In a future direction, a custom C/C++ parser would be

implemented specifically for AutoACC but would disregard several common compilers

features such as type checking as AutoACC is built on the assumption that the input

source code already builds correctly with another compiler.

As stated previously, Clang’s libtooling does not provide any support for custom

directives parsers. The solution used was to have a custom flex/bison parser that would

only identify known directives, ignoring all other code. The result of this is a list of

isolated AST directive (Directive) and clause (Clause) nodes, and their location within

the source code. Using the location of each directive, the AST is traversed until the

node that would immediately follow the directive is found. Then, the directive node

is injected into the AST, and replaces the child position of the original node’s parent.

Directive nodes are treated as statements, and the AST is designed to accept them

as substitutes for compatible node types. For example, the OpenACC loop directive

(OpenACCLoop) is meant to annotate a for loop (ForStmt). This means, anywhere in

the AST that a ForStmt would be accepted, a OpenACCLoop can be substituted.

One issue found with parsing directives is that directives often reserve keywords

that are normally not reserved in the programming language. For example, in OpenACC,

the keyword loop means a very specific thing, but only when used in the context of a

directive. However, the word loop has no such reservation in the C language. There is

also a problem for AutoACC where the keyword loop represent an OpenACCLoop, or

AutoACCLoop. This means that from a parser stand-point it would be difficult to parse

directives and a programming language from the same parser class. The approach would

be to identify directives (#pragma) and parse those lines with a different lexer/parser.

Whether or not a loop nest should be collapsed is difficult to decide, however

it is a decision that the kernel generation algorithm will have to make. One will

definitely want to avoid collapsing loops if it causes any sort of data dependency, which

is something that AutoACC will look out for in the future. OpenACC provides several
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clauses for combining tightly nested loops. This allows the programmer to make several

key optimizations:

• Combining several small loops to create a single larger loop, potentially exposing

more parallelism

• Make a loop nest smaller to better emphasize OpenACC’s gang, worker and vector

clauses

• Segment nested loops into tiles to improve data locality

To decide in which situations loop collapsing may yield better performance, a

quick cast study was done. Using an custom version of a kernel called saxpy, several

loop dimensions, worker and vector configurations were tested. It is in no way an

exhaustive list of all possibilities, but this subset does highlight several key situations

that are common to consider in OpenACC code.

For the cases of 2097152x128, 2097152x122, 2097152x134 and 2097152x96, these

numbers are chosen very deliberately. For NVIDIA hardware specifically, threads must

always execute in lockstep in groups of 32. This is called a warp. For this reason,

when working with NVIDIA GPUs using CUDA, it is best practice to attempt to do

everything in multiples of 32. It is my hypothesis that OpenACC for NVIDIA GPUs

will follow this same rule, so some of the test cases pointed out intentionally break the

warp rule to see if loop collapsing produces better results in this scenario.

Table 4.1 shows the runtime comparison of the saxpy kernel with different loop

and kernel configurations. The kernel is broken into two tightly nested loops to test

the affect of collapsing. When the two loops are evenly sized, the runtime difference

between the collapsed and non-collapsed version is small, with the collapsed version

slightly pulling ahead. When the size of these loops are increased to be very large,

collapsing actually sees a significant performance decrease.

When the inner loop is significantly smaller, we start to see a clear difference.

For the 2097152x128 loop configuration, the inner loop with a size of 128 perfectly fits
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Table 4.1: Performance analysis of the OpenACC collapse clause

1x128 NC 1x128 C 4x32 NC 4x32 C
8192x8192 0.000997 0.000977 0.001097 0.000979
16384x16384 0.004093 0.003941 0.004454 0.003970
32768x32768 0.016403 0.020638 0.017943 0.020723
2097152x128 0.003954 0.003940 0.003854 0.003969
2097152x122 0.004264 0.003784 0.004747 0.003771
2097152x134 0.007235 0.004185 0.005425 0.004173
2097152x96 0.002977 0.002992 0.002939 0.002977

Kernel configurations are: 1 worker with vector length 128 non-collapsed and collapsed
(1x128 NC, 1x128 C) and 4 workers with vector length 32 non-collapsed and collapsed
(4x32 NC, 4x32 C). Timings are using the saxpy kernel, a single NVIDIA V100 GPU,
and the PGI 19.10 compiler. The times are in seconds and averaged over 100 runs of
the kernel.

the 128 vector length, and the collapsed and non-collapsed versions perform nearly

identical. However, when the loops size is adjusted slightly, and more importantly

when the loop size does not fit evenly into CUDA warps, the collapsed version begins

performing significantly better. When the loop does not evenly fit into a warp, resources

are wasted, whereas with the collapsed loop, nearly every warp can be fully utilized. In

the 2097152x96 we can see the results are again very close since the thread block size

of 96 fits evenly into 3 warps, there are no wasted threads.

In real-world codes, there will likely be many situations where loops are not

evenly divisble by 32, which seems to hint that in a general case the collapsed loops

will likely perform better. With this information, the OpenACC kernel generator will

collapse loops whenever possible, however, this decision can be undone in the auto-tuner

phase if it ends up being non-optimal.

4.4 Performance and Code Generation Results

The following code shows the input and output of AutoACC on the matvec

kernel before auto-tuning.

The left code shows the matvec kernel annotated with the new AutoACC

directives. These new directives provide AutoACC with a few bits of important
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#pragma autoacc loop \

size(16974593) stride(1) \

arrays(row_offsets(num_rows+1), \

cols(nnz), Acoefs(nnz), \

xcoefs(num_rows), \

ycoefs(num_rows)

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

double sum=0;

int start=row_offsets[i];

int end=row_offsets[i+1];

#pragma autoacc loop size(27) stride(1)

for(int j=start;j<end;j++) {

unsigned int Acol=cols[j];

double Acoef=Acoefs[j];

double xcoef=xcoefs[Acol];

sum+=Acoef*xcoef;

}

ycoefs[i]=sum;

}

Figure 4.4: Matvec kernel annotated with AutoACC.

information that a compiler would normally not have; the outer-most loop is very large,

and can epxress a lot of parallelism. The inner-most loop is very small, even slightly

smaller than a CUDA warp, so parallelism is limited, and block dimensions will need

to be adjusted. Also, these loops are not perfectly nested, so collapsing them or tiling

them is not possible without rewriting the loop bodies.

The right code shows the generated OpenACC code. Since the inner loop is

small, the vector length was reduced from the default value (128 to 32), and the number

of workers was increased (1 to 4). This means that less threads within a warp are

wasted, but the total threads per thread block stay at the default value of 128. Also,

OpenACC clauses for handling GPU data management are added, as the GPU code

could not compile or run without them.

The next code shows the changes that the auto-tuner has made to the laplace

kernel.
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#pragma acc parallel \

copyin(row_offsets[0:num_rows+1], \

cols[0:nnz], Acoefs[0:nnz], \

xcoefs[0:num_rows]) \

copyout(ycoefs[0:num_rows]) \

num_workers(4) vector_length(32)

{

#pragma acc loop gang worker

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

double sum=0;

int start=row_offsets[i];

int end=row_offsets[i+1];

#pragma acc loop vector

for(int j=start;j<end;j++) {

unsigned int Acol=cols[j];

double Acoef=Acoefs[j];

double xcoef=xcoefs[Acol];

sum+=Acoef*xcoef;

}

ycoefs[i]=sum;

}

}

Figure 4.5: Matvec automatic conversion to OpenACC.

On the left is the output of the code generation module. The code generation saw

that the loops were tightly nested, and decided to collapse them. Since the inner-loop

is adequately large, the vector length was not changed from the default value. On the

right is the auto-tuned version. The auto-tuner found that the optimal configuration

for this kernel is to tile the loops instead of collapse, and to greatly increase the threads

per thread block. From having knowledge of the execution of this kernel, this is actually

expected. The kernel reads memory from the matrix in both the x and y direction, so

it was likely that a tiled loop would increase data locality and reduce the overall time

the GPU is waiting for data to be fetched.

Saxpy is a single-precision combination of a scalar multiplication and vector

addition shown in Equation 4.1. Saxpy is one of the most typical kernels found in linear
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#pragma acc parallel \

copyin(A[0:M*N]) copyout(B[0:M*N]) \

num_workers(1) vector_length(128)

{

#pragma acc loop gang worker vector \

collapse(2)

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

for(int j=0; j<N; j++) {

int ind = i*N+j;

B[ind] = (A[ind-off1] +

A[ind-off2] +

A[ind-off3] +

A[ind-off4])/4;

}

}

}

Figure 4.6: Laplace2D

algebra (BLAS) libraries, and is commonly used as an introductory GPU programming

code due to it’s simplicity and importance.

z = ax + y (4.1)

The laplace equation is a second-order partial differential equation. Equation 4.2

shows an implementation of the laplace equation for heat conduction across a 2-

dimensional plate.

B i,j =
Ai−1,j +Ai+1,j +Ai,j−1 +Ai,j+1

4
(4.2)

The remaining kernels are from a a Poisson 3D conjugate gradient solver code.

This code is often used for intermediate GPU programming lectures and presents some

special cases that create interesting performance optimization possibilities that simpler

codes do not have. The dot kernel in Equation 4.3 is a vector dot product, which

presents a simple summation. The waxpby kernel in Equation 4.4 is a multi-precision

double scalar multiply vector addition, very similar to saxpy. The matvec kernel in
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#pragma acc parallel \

copyin(A[0:M*N]) copyout(B[0:M*N]) \

num_workers(1) vector_length(1024)

{

#pragma acc loop gang worker vector \

tile(32,32)

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

for(int j=0; j<N; j++) {

int ind = i*N+j;

B[ind] = (A[ind-off1] +

A[ind-off2] +

A[ind-off3] +

A[ind-off4])/4;

}

}

}

Figure 4.7: Laplace2D Tuned

Equation 4.5 is a sparse matrix-vector multiply, and is the main computational kernel

in this conjugate gradient solver.

x · y (4.3)

z = ax + by (4.4)

y = Ax (4.5)

Theses kernels were selected for a few different reasons. Saxpy is by far the most

common introduction to GPU code, meaning that it was a good early goal for the

AutoACC tool. Laplace is also a common tutorial code, but is significantly more complex

computationally. Laplace also introduces new interesting concepts for performance and

auto-tuning. Dot, waxpby and metvec all come from a GPU accelerated Poisson 3D

solver. Dot and waspby are similar in complexity as saxpy, but are different enough

that they have helped include some new features into AutoACC. Matvec is the most
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complex of the kernels used, and provides several expected optimizations that present

key victories for the auto-tuner.

The runtime results were collected for each kernel in several different configu-

rations. The timing for each kernel only includes the time for computation; any data

communication between the host and GPU is removed as it would be a constant number

across all variations and make the results more difficult to interpret. Each run also

executes a dummy GPU kernel before any timing starts, as the first kernel usually must

initialize GPU drivers and suffers a significant overhead. The dummy kernel is used to

deal with this overhead before any of the timed kernels run.

Table 4.2: Results of AutoACC

Serial Kernels Basic Generated Auto-tuned
saxpy 0.04220 0.00146 0.00146 0.00146 0.00146
waxpby 0.03546 0.00197 0.00197 0.00197 0.00197
dot 0.00654 0.00190 0.00190 0.00191 0.00190
laplace 0.09892 0.01327 0.00392 0.00280 0.00223
matvec 0.36059 0.03187 0.03187 0.01099 0.01057

All runtime measurements are in seconds and averaged over 10 runs. Machine used
contains AMD Ryzen Threadripper 1950X 16-core CPU and single NVIDIA Volta
V100 GPU. Kernels saxpy, waxpby and dot use a data vector of 100,000,000 elements,
laplace uses a 10,000x10,000 matrix, and matvec uses a 256x256x256 sparse matrix.
Serial is running the code on a single core of the CPU. Kernels is paralleization only
using an outer kernels directive like the work presented in DawnCC [84]. Basic is
parallelization by naively annotating all loops with loop directives. Generated is the
output of AutoACC’s code generation module. Auto-tuned is the output of
AutoACC’s auto-tuner module.

The results for all configurations for the saxpy, waxpby and dot kernels are nearly

identical in performance. This means that each of these kernels are simple enough that

the PGI compiler is able to optimize them very efficiently already. However, with more

complex codes we begin to see a large disparity.

In all of the runs, the basic parallelization is as good as or better than the

pure kernels directive approach. This highlights that the compiler is not always

able to properly identify parallel loops without some additional information from the
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programmer. Specifically for the laplace code, the kernels directive was unable to

parallelize the inner loop, and thus produced significantly worse results (nearly 600%

slower than the best run).

Also, in all runs, the code generated by AutoACC without auto-tuning per-

formanced as good as or better than a hand-written basic parallelization. This is

clear to see in both laplace and matvec. In laplace, the loop nest was collapsed by

AutoACC, which resulted in better performance than keeping the loop separate. In

matvec, AutoACC adjusted the vector length and number of workers to accomodate

the small inner loop, which provided a significant perfomrance increase.

For laplace, the auto-tuner changed the collapse clause for a tile instead, resulting

in a 25% performance increase. For matvec, the auto-tuner increased the number of

workers from 4 to 32, resulting in a 4% increase.
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Chapter 5

THREE-LEVELED HIERARCHICAL GPU PARALLELISM IN THE
OPENMP PROGRAMMING MODEL

Large parts of the text of this chapter has been published in the 52nd International

Conference on Parallel Processing (ICPP 2023), ACM https://dl.acm.org/doi/10.

1145/3605573.3605640.

This chapter focuses on the project to provide programmer control to all levels

of GPU parallelism by designing and implementing OpenMP’s “simd” directive within

LLVM’s OpenMP/GPU runtime. This project includes a new code generation scheme

for OpenMP loops, a CPU-conforming execution model for “simd” loops, and an

optimized GPU-centric model applicable to a subset of codes.

5.1 Introduction

OpenMP has supported GPU offloading since the 4.0 standard with the inclusion

of new target and target data directives, and has been extended and improved in

subsequent OpenMP versions. User experiences of applying OpenMP target offloading

can be found in some of the recent work including using the SPEChpc2021 benchmarking

suite [28], other applications including HPGMG [39], miniMD [91], UK mini-apps [82],

LULESH [68] among others. Work in [31, 92] discusses at length experiences gained

and practices adopted from OpenMP hackathons when applying offloading features on

HPC applications and mini-apps based on different computational motifs (BerkeleyGW,

WDMApp/XGC, GAMESS, GESTS, and GridMini) targeting heterogeneous systems.

The OpenMP offloading support for GPUs in LLVM can be traced back to the

two works discussed in [23, 22]. The (PGI) Fortran front-end, known as Flang, supported

OpenMP offloading via the LLVM OpenMP runtime [90]. Since then, researchers have
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been working on compiler and runtime optimization for LLVM OpenMP. The first

front-end-based optimizations for NVIDIA GPUs that can avoid idle threads and reduce

register usage was introduced in [16]. Work in [48] presented the TRegion interface

which delays the discovery of SPMD regions to compiler middle end, contrary to the

front-end based approach used before, which can support more kernels to execute in

SPMD mode. Runtime support for concurrent execution of OpenMP target tasks was

introduced in [115]. Results in [62] discusses OpenMP-aware program analyses and

optimizations that allow efficient execution of the generic, CPU-centric parallelism

model provided by OpenMP on GPUs. A co-design methodology is presented in [49]

for optimizing applications using a specifically crafted OpenMP GPU runtime inducing

near-zero overhead in most cases.

OpenMP offloading utilizes a host-device execution model where the host (CPU)

schedules and synchronizes target tasks, in the form of kernels, and handles memory

allocation and movement between the host and target devices (e.g. GPUs). Computa-

tional kernels are executed on the device by launching a league of teams. Each team has

a main thread that will begin executing the code region contained by the teams directive.

Additional worker threads can be spawned by using the parallel directive. There are

three worksharing constructs: distribute, for and simd. distribute schedules loop

iterations across the league of teams, for schedules loop iterations across threads within

a team and simd uses single instruction multiple data (SIMD) parallelism for the loop.

GPU execution models utilize a similar structure with multiple streaming multi-

processors (SM), each containing several parallel work units (warps for NVIDIA GPUs

and wavefronts for AMD GPUs) that are able to execute simultaneously. A simple

mapping of the OpenMP model to GPU hardware is a team per each SM, and threads

within the team to hardware threads within the SM.

The simd construct specifies that the attached loop should be executed using

SIMD parallelism. For GPUs this is typically done using single instruction, multiple

thread (SIMT) parallelism, meaning that multiple threads within a computational unit

execute the same instruction. This means that in terms of GPU offloading a simd
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#pragma omp target teams distribute parallel for

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

double sum=0;

int row_start=row_offsets[i];

int row_end=row_offsets[i+1];

#pragma omp simd

for(int j=row_start;j<row_end;j++) {

unsigned int Acol=cols[j];

double Acoef=Acoefs[j];

double xcoef=xcoefs[Acol];

#pragma omp atomic update

sum+=Acoef*xcoef;

}

ycoefs[i]=sum;

}

Figure 5.1: Sparse matrix vector multiplication kernel with OpenMP offloading. The code highlights
an small, variably sized inner-loop that benefits from the intermediary warp-level parallelism.

loop should be executed in parallel by a set of adjacent threads. We can achieve this

by separating the threads in each team into distinct groups. These simd groups will

contain a single main thread and multiple workers. The main thread executes parallel

regions and all threads in the group execute simd loops.

To clarify the terminology used, we must differentiate between different uses

of the same word. A common form of parallelism is data parallelism which is often

referred to as Single Instruction Multiple Data (known commonly as SIMD). GPU

architecture uses a very common concept called Single Instruction Multiple Thread

(known commonly as SIMT), which is very similar too SIMD and is often reasonable to

assume that these phrases can be used interchangeably. From here on, SIMD (when

spelled in all capital letters) refers to this acronym.

Within the OpenMP standard there exists a directive called “simd”. OpenMP

simd is a loop directive that specifies that the loop should be executed using SIMD

parallelism. From hereonout any use of simd (when spelled in all lower case) refers to

the OpenMP directive.
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5.2 Parallel Loop Code Generation in LLVM/Clang

In this section we outline the the code generation for a new work-sharing loop

API in Clang/LLVM.

5.2.1 Clang AST and Code Generation

We have altered Clang’s code generation for OpenMP simd loops to instead use

our new function in the OpenMP IR Builder. These changes are all found within the

Clang code generation in a file called “CGStmtOpenMP.cpp”. The two key requirements

that need to be met to create a simd loop is a callback function to generate LLVM IR for

both the trip count of the loop and the body of the loop. Clang’s OpenMPSimdDirective

class is used to represent the OpenMP simd directive. Since this class is a loop directive

it contains an OMPCanonicalLoop node as one of its children. The OMPCanonicalLoop

has some built-in methods that are particularly useful for determining the trip count of

the loop as well as resolving the loop variable.

The OMPCanonicalLoop is used to generate the LLVM IR for the loop trip

count callback. Then, in the body callback a local allocation is created for the loop

variable, and the OMPCanonicalLoop is used to initialize that loop variable based

on the current loop iteration number. Lastly, Clang emits the CompoundStmt which

includes the body of the loop.

Starting with the trip count callback, the OMPCanonicalLoop is used to generate

a function that will calculate the trip count of the loop and return that value. This

function requires the loop variable allocated and initialized, as well as other values such

as the loops ending point and step value, if applicable. The type of the return value is

based on the type that the loop variable uses, which may be cast to a different type

later in the OpenMP IR Builder.

Next, the loop body callback is broken into two steps. First, code is generated that

converts the iteration number into the relevant loop variable. The OMPCanonicalLoop

has a method that generates a function in a similar fashion as used in the trip count

calculation for determining the loop variable. Importantly, at this point the loop
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variable has already been allocated from before the trip count calculation. However,

because the loop body will be outlined later in the IR Builder, the loop variable needs

to be changed to a local allocation in the loop body. The loop variable used within

the trip count and loop variable calculation is replaced with a new value and a new

loop variable is allocated locally in the loop body. Then the loop body is emitted from

Clang as a generic Stmt node. All references to the loop variable within the body will

now use the new local allocation.

While our work uses Clang as the front-end, the changes described would be

applicable to any potential front-end wanting to use LLVM’s GPU runtime. The

front-end would have to provide code generation for the loop trip count and the loop

body, similar to the methodology we have described. Then the OMP IR Builder would

perform the loop task outlining and generate the appropriate runtime function calls.

Loop scheduling is then performed from within the runtime.

5.2.2 LLVM’s OpenMP IR Builder

LLVM’s OpenMP IR Builder is used to generate OpenMP target code and to

interface with the LLVM/OpenMP runtime library. This tool is designed to be front-end

independent and allows for a generalized approach to creating parallelism with OpenMP

without requiring a compiler to do extensive parallel code generation. A compiler may

interface with the OpenMP IR Builder by creating callback functions, which handle

certain parts of the code generation while the IR Builder will generate the code needed

for OpenMP parallelism, including runtime library function calls.

We have added new functions to the OpenMP IR Builder to generate code for

OpenMP worksharing loops. This requires two callback functions: 1) to generate the

trip count of the loop, and 2) to generate the body of the loop. The generated loop body

will later be isolated and moved into a separate function in a process called outlining,

which allows the body to be passed into the OpenMP runtime by using the outlined

function as a pointer. This function represents the task that a single thread would do
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to execute a single iteration of the loop. Then the runtime will handle work distribution

across threads and ensure that all iterations are executed.

Since the outlined function may reference variables that are no longer in the

correct scope, these variables must be passed to the function as arguments. They are

aggregated into a structure and passed as a singular payload to the outlined function.

The payload is packed before the runtime function call and unpacked within the outlined

function. Special consideration for these variables is needed for simd loops, since the

generic execution mode requires the main thread to communicate these variables to the

worker threads. In this case any variable used within the outlined region needs to exist

in either shared or global memory such that it is accessible by all threads. During the

outlining if any variables in the payload are local allocations from the encompassing

parallel region, then those allocations are globalized [62], and the corresponding memory

is deallocated at the end of the parallel region.

For simd loops executing in the CPU-centric generic mode (reg. Section 5.3.3)

some variables will need to be shared among threads and will be globalized. When

a simd loop is generated, any variables used within the body of the loop (which are

the variables that will be passed to the outlined function) are checked to determine

which memory they reside in. If the variable is a local allocation (i.e only visible to the

current thread) it will be replaced with a shared memory allocation. If the variable in

untraceable (such as the case if its allocation is in another translation unit) then it will

be copied to shared memory just before the simd loop is executed.

5.2.3 Worksharing Loops in LLVM/OpenMP’s GPU Runtime

Fig. 5.2 shows the implementation for executing simd loops within the runtime.

This code specifically shows simd loops, but it generally applicable to all of OpenMP’s

loop constructs. The WorkFn variable is the outlined function which contains the body

of the loop that each thread will execute. The TripCount variable is the total number

of iterations that the loop should run for. Lastly, the Args variable is the payload
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passed into the outlined function which may contain any number of pointers from global,

shared, or local memory.

void __simd_loop(void *WorkFn, uint64_t TripCount, void **Args) {

uint64_t omp_iv = getSimdGroupId();

while(omp_iv < TripCount) {

WorkFn(omp_iv, Args);

omp_iv += getSimdGroupSize();

}

synchronizeWarp(simdmask());

}

Figure 5.2: Function for executing simd loops. Each thread will execute a portion of the total iterations.

The key difference in this function for other loop directives is in the initial

iteration value and the stride. For distribute loops the team ID and the number of

teams would be used for the initial value and stride, and for for loops the SIMD Group

ID and number of groups is used for the initial value and stride.

Indirect calls using function pointers is normally costly. However, LLVM/Clang

performs a front-end static analysis that creates an if/cascade to compare the function

pointer against known outlined regions, a methodology defined in [23]. In the case

that the region is not known and cannot be placed in this if/cascade, such as regions

in functions defined in other translation units, an indirect call is emitted as a fallback

option, following the functionality of Fig. 5.3.

5.3 SIMD in LLVM/OpenMP’s GPU Runtime

This section will describe the design and implementation of OpenMP’s “simd”

directive in LLVM’s GPU runtime, including changes needed to LLVM’s original model

to enable this addition.

5.3.1 OpenMP/GPU Hardware Mapping

Fig. 5.4 shows an example of mapping a potential OpenMP target region onto

a NVIDIA GPU. The teams directive spawns a league of teams and each team may
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switch(WorkFn) {

case outlined_1:

outlined_1(Args);

break;

case outlined_2:

outlined_2(Args);

break;

default:

WorkFn(Args);

break;

}

Figure 5.3: LLVM optimization for efficiently calling outlined functions.

contain many threads. This figure shows a single OpenMP team, but typically the

league would contain several teams depending on the maximum number of concurrent

threads the hardware allows. One thread within the team will be distinguished as the

team main thread and will be in charge of running the code contained within the teams

region.

The parallel directive spawns a team of threads to execute the parallel region.

For this work, the team of threads is evenly divided into SIMD groups, where all threads

within a group occupy the same warp. Our implementation does not allow for SIMD

groups to encompass multiple warps as it extensively utilizes warp-level thread barriers.

One thread in each group is designated as the SIMD main thread and will execute

parallel regions while all other threads are SIMD worker threads and will execute

simd loops.

The simd directive specifies that the attached loop should be executed using

SIMD parallelism. For GPUs this is done by parallelizing across adjacent threads in a

warp. For our implementation a simd loop distributes loop iterations across threads in

the same SIMD group.

When a teams region is executing in generic mode an additional warp is assigned

to act as the team main thread. This additional warp is needed for the purpose of

thread synchronization as discussed in [65]. However, synchronization of threads within
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a SIMD group is done using a warp-level synchronization, which does not have the

same limitations.

t0 t1 t29

t32 t33 t34 t35 t61 t62 t63

t64 t65 t66 t67 t93 t94 t95

t96 t97 t98 t99 t125 t126 t127

warp 0
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warp 4

team main

simd main

simd worker

unused

#p
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#pragma omp simd

t2 t3 t30 t31

Figure 5.4: A possible mapping of a single OpenMP team on an NVIDIA GPU using four warps,
totaling 128 threads for the computation. One SIMD group per warp, meaning one SIMD main and
31 SIMD workers per warp. One additional warp is included to act as the main thread in the team,
which is required when the teams region is executing in generic mode.

The following functions have been created to handle the mapping of the SIMD groups

within the runtime:

• getSimdGroup returns which group the thread belongs to.

• getSimdGroupId returns the thread’s ID within its group. SIMD main threads

always have an ID of 0.

• getSimdGroupSize returns the size of the SIMD group. All SIMD groups are the

same size and the size could differ between parallel regions.
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• isSimdGroupLeader returns true if the thread is a SIMD main thread for its

group.

• simdmask returns a bit-mask that represents which threads in the warp share a

SIMD group with the thread.

5.3.2 Overview of General Runtime Changes

At the start of an offloaded region all threads will begin by calling the __target_init

function, which generally initializes the shared team state. It is also an important

divergence point for the threads in the team. If the teams region executes in SPMD

mode all threads will return from this function and immediately begin executing the

user code. If the offloaded region will instead execute in generic mode only the team

main thread will return to the user code while all the other threads will enter into a

state machine where they will immediately encounter a thread barrier and remain idle

until the main thread encounters an OpenMP parallel region.

parallel regions are handled through the runtime function __parallel. If

running in SPMD mode all threads will reach the same call of __parallel and all

threads will independently resolve the function pointer and handle the variable payload.

In generic mode only the main thread will reach the __parallel function and the

worker threads must be notified of the parallel region and any needed variables. When

the main thread completes the thread barrier the worker threads will fetch the outlined

function pointer and any variables used within the outlined function before executing

it. Fig. 5.5 shows the __parallel function assuming the encompassing teams region is

executing in SPMD mode.

Regardless of whether the teams region is SPMD or generic mode the run-

time reaches another important divergence point in __parallel where each OpenMP

parallel region can also be either SPMD or generic. In SPMD mode, all threads

within the team will execute the parallel region, while in generic mode the main

thread in each SIMD group will execute the parallel region and worker threads enter

the SIMD state machine and immediately encounter a warp-level barrier and wait for
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void __parallel(

void *fn, void **args, int64_t nargs, int32_t SPMD

) {

if(SPMD) {

// All threads execute region in SPMD mode.

invokeMicrotask(fn, args, nargs);

return;

}

if(isSimdGroupLeader()) {

// Only simd mains execute region in generic mode.

invokeMicrotask(fn, args, nargs);

// Send termination signal to simd workers

setSimdFn(nullptr);

synchronizeWarp(simdmask());

} else {

// Simd workers enter the state machine.

simdStateMachine();

}

}

Figure 5.5: A portion of the __parallel runtime function showing the two different execution modes
that parallel regions can be. If the parallel region is SPMD mode then all threads within the SIMD
group will execute it. If it is instead generic mode only the SIMD main thread will execute the parallel
region while all SIMD workers enter into a separate SIMD state machine.

a simd loop to be encountered. A call to the new runtime function __simd signifies a

worksharing loop for SIMD parallelization. Fig. 5.6 shows this function with the two

different execution modes.

5.3.3 CPU-Centric SIMD-Generic Mode

Fig. 5.7 shows how each thread functions within the runtime. When the threads

encounter an OpenMP parallel region that is executing in generic mode the threads

will split into two possible paths, similar to teams generic mode. Threads that are

designated as SIMD main will begin executing the parallel region user code. Fig. 5.4

shows a possible configuration of these SIMD mains with one main thread per warp,

however it is possible to have multiple SIMD mains per warp. Threads that are

designated as SIMD workers will enter the SIMD state machine and become idle while
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void __simd(void *WorkFn, uint64_t TripCount,

void **Args, uint32_t NumArgs) {

if(isParallelSPMD()) {

// In SPMD all threads in the SIMD group

// execute the loop

__workshare_loop_simd(WorkFn, TripCount, Args);

synchronizeWarp(simdmask());

return;

}

// In generic SIMD main thread sets up the

// group state and signals the workers

setSimdFn(WorkFn, TripCount);

void **GlobalArgs;

__begin_sharing_simd_args(&GlobalArgs);

for(uint32_t i = 0; i < NumArgs; i++)

GlobalArgs[i] = Args[i];

synchronizeWarp(simdmask());

__workshare_loop_simd(WorkFn, TripCount, GlobalArgs);

synchronizeWarp(simdmask());

}

Figure 5.6: Runtime function for OpenMP simd loops in SPMD or generic mode. If the parallel

region is generic mode then all variables needed within the simd loop must be shared from the SIMD
main thread, and the SIMD workers must be notifed of what loop should be executed and for how
many iterations. If the parallel region is instead in SPMD mode then this information is already
local to each thread and no communication needs to occur.

waiting for the main thread to encounter a simd loop. This is done through a warp-level

barrier using a bit-mask to identify all threads within the same SIMD group. Fig. 5.8

shows the implementation for this state machine.

When the SIMD main thread encounters a call to __simd, it updates the SIMD

group state with some information about the current simd loop, such as a function

pointer that references the outlined function to be executed, the trip count of the loop

and the addresses of all variables needed within the outlined function. When the SIMD

main thread reaches the end of the current parallel region it sets the outlined function

pointer in the SIMD group state as a nullptr which signifies a termination signal, and

then notifies the workers through the warp synchronization. After this, all threads
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void simdStateMachine() {

do {

void *WorkFn;

void **FnArgs;

uint64_t TripCount;

// Wait for work

synchronizeWarp(simdmask());

getSimdFn(&WorkFn, &TripCount);

if(!WorkFn) // Terminate at end of parallel region

return;

// Fetch shared variables and execute loop

getSimdArgs(&FnArgs);

__workshare_loop_simd(WorkFn, TripCount, FnArgs);

synchronizeWarp(simdmask());

} while(true);

}

Figure 5.8: New state machine for SIMD workers when the containing parallel region executes in
generic mode. Workers immediately reach a warp-level barrier. Once the SIMD main thread completes
the barrier all workers will fetch the function pointer of the current simd loop, as well as any variables
shared from the SIMD main thread. If the function pointer is a null pointer then the worker threads
exit the state machine, as this signifies the end of the current parallel region.
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within that SIMD group will exit and run into a team-level barrier, where they will

wait for all threads in all SIMD groups to finish the parallel region.

5.3.4 Variable Sharing

When running in generic mode variables used within parallel regions and simd

loops need to be shared from the main thread to all worker threads. These variables are

always stored as pointers such that each variable is a consistent size. A static allocation

of memory is reserved in GPU shared memory exclusively for these variables. Prior

to our work the only thread that would write to this shared memory was the singular

team main thread. If more variables needed to be shared than what the pre-allocated

memory could hold, a global allocation is created to hold the variables instead, with

that memory being deallocated at the end of the parallel region.

Now that this variable sharing space is written to by the team main thread and

all SIMD main threads, the size of this space is increased and the available space is

divided evenly among the SIMD groups. If a SIMD group needs more space than what

is available a global memory allocation is created instead, which means that each SIMD

group will have a pointer which correlates to where variables are stored (either in the

shared memory or in a new global memory allocation).

Additionally, the size of a SIMD group can differ among different parallel regions.

As an example using NVIDIA GPUs, if a target region is launched using 128 threads

across 4 total warps, the number of total SIMD groups would be in the range of

4 ≤ NumGroups ≤ 64, with the threads per group being 2 ≤ ThreadsPerGroup ≤ 32

(for 32 threads in a warp). If the group size is less than two then the parallel region

would run on all threads in the team and all simd loops would execute sequentially.

Different parallel regions can use a different number of threads per group which results

in a varying number of groups. In a case where a large number of SIMD groups are

used the variable sharing space is less likely to be able to fit all variables.

The most noteworthy change in hardware resource usage from our work comes

in the form of these shared memory changes. Originally, 1,024 bytes of shared memory
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were reserved as the variable sharing space. We have increased this to 2,048 bytes to

help accommodate the new SIMD groups. This number is subject to change as more

experimentation is done to select a size that is tailored for a typical code utilizing

simd. Additionally, shared memory usage in general is increased for codes using our

generic SIMD implementation as variables needed within the simd loops need to be

moved to shared memory to be accessible by all threads within the SIMD group. This

will vary by code, and will also be mitigated completely when using SPMD mode (reg.

Section 5.3.5).

5.3.5 GPU-Centric SIMD-SPMD Mode

A parallel region using SPMD mode will be executed by all threads in the

team. Unlike the generic mode, there is no difference between SIMD main and SIMD

workers. All threads will allocate any variables local to the parallel region, determine the

trip count of the loop, load the variable payload and call the __simd runtime function

using the outlined function pointer. Since all of this information is now local to each

thread there does not need to be any communication like in generic mode and variables

local to the parallel region that are needed in a simd loop do not need to be moved to

shared memory.

In the case where the simd directive in unused, parallel regions will always

execute in SPMD mode with a SIMD group size of one. This signifies that only two levels

of parallelism should be used and behaves identically to the current implementation

of LLVM/Clang. Fig. 5.9 shows how SIMD worker threads handle both SPMD and

generic modes.

Similar to teams regions, parallel regions executing in SPMD mode must not

produce side-effects. In the case where all simd loops are tightly nested within the

parallel region then no side-effects will occur. However, in any other scenario there

may need to be some level of thread guarding and variable broadcasting to eliminate

side-effects, such as [62] describes for teams regions.
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fetch parallel 
workload

execute parallel 
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contain mul�ple 

serial regions and 
simd loops)

fetch simd workload

sync warp
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sync warp
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Figure 5.9: Flow diagram for SIMD worker threads upon encountering a parallel region. If the region
should be executed in SPMD mode, worker threads will execute the entire region under the assumption
that no side-effects will be produced. If the region should instead be executed in generic mode, worker
threads will enter into the state machine and wait for a simd loop to be encountered.
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5.3.6 Towards AMD GPU Support

AMD GPUs introduce some limitations to our execution model. LLVM/OpenMP

does not provide an implementation for wavefront-level barriers, making our SIMD

generic mode implementation incompatible with AMD GPUs. For this reason, our

implementation only currently supports SPMD mode for AMD GPUs. If a parallel

region would run in generic mode all simd loops will run sequentially. There may be

some possibilities to implement generic mode on AMD GPUs using alternate methods

for the thread barrier, however we do not yet know the viability of such approaches

and will need to be explored as a future direction.

5.4 LLVM/OpenMP SIMD Results

These results will primarily focus on the performance of the simd implementation

in the different execution modes. We are not able to fully address shortcomings in the

OpenMP runtime [114] outside of the additions made in this work. Additionally, we

cannot comment on the general performance of AMD GPUs in LLVM as it is not mature

enough, and is not yet fully supported by our implementation. All of the experiments

run were using A100 GPUs.

SIMD is not universally useful on all codes. The codes used in these results were

selected specifically with the knowledge that they are compatible with three levels of

parallelism and will benefit from this optimization. Since simd is not a well-supported

feature among OpenMP offloading compilers there are few benchmarks that utilize the

simd directive, so several of the codes used here either had the simd directive added for

this work or were adapted from OpenACC which has a mature three-leveled parallel

implementation.

We also observe the performance increase from several codes with known benefits

from three-leveled parallelism. sparse_matvec is a sparse, matrix-vector product kernel

adapted from and OpenACC code described in [10]. The inner-most loop of this kernel

is relatively small, and varies based on the sparsity of the matrix. This kernel also

originally used a data reduction on the product calculated in the inner-most loop,
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Figure 5.10: Results for various kernels comparing our simd implementation to the original two levels
of parallelism. Experiments with all possible SIMD group sizes.

however reductions are not yet implemented for our new loop execution model, so

instead we use a less efficient atomic update for the product.

To utilize the original two levels of parallelism we parallelize the outer loop with

teams distribute and the inner loop with parallel for. With this structure the

teams region will run in generic mode. For the three levels of parallelism we parallelize

the outer loop with the combined teams distribute parallel for and the inner loop

with simd, meaning the teams region will execute in SPMD mode and the parallel

region in generic mode.

SU3 bench [50] has a small inner-loop with 36 total iterations that was originally

executed serially by each thread. We now apply simd to this loop to allow for SIMD

parallelism on the GPU. In this code both teams and parallel regions are SPMD

mode.

We have also created a new benchmarking kernel that very closely fits the three

levels of parallelism to gauge the performance increase that these optimizations could

potentially provide in an ideal scenario. This kernel example has a small inner loop that

fits into a single warp, but is not collapsible with the outer-loop nest. We parallelize

the outer-loop with teams distribute parallel for and the inner-loop with simd

using SPMD mode for both teams and parallel.
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Figure 5.11: Relative speedup of the different combinations of execution modes. The modes are all
combinations of teams Generic or SPMD / parallel Generic or SPMD. The performance similarity
for SPMD/SPMD and “No SIMD” sugests low performance overhead in our SPMD implementation.

Fig. 5.10 shows the relative speedup over the two-level parallel baseline. For

sparse_matvec we see a maximum speedup of 4.15x. This is partially due to the teams

region now being SPMD mode which means that extra warps are not needed for the

team main thread. We also see that a SIMD group size of 8 gives the best performance,

likely due to it on average wasting fewer threads than other possible sizes due to the

varying sparsity of the matrix, whereas the two-level parallel approach uses thread

blocks of size 32, meaning that many threads may be idle.

SU3 bench sees a maximum speedup of 1.3x using a SIMD group size of 4 threads,

however this is only slightly better than 2 and 8 thread group sizes. These group sizes

likely performed better than other options be reducing the number of idle threads given

the size of the simd loop. Lastly, our benchmarking kernel sees a speedup of 2.13x with

a SIMD group size of 16 threads.

These results highlight the possible improvement with SIMD parallelism. Not

all codes will receive identical benefit from this optimization, but codes that cannot

express efficient vector parallelism in a two-level parallel structure can see a speedup in

the range of these example kernels.

To understand the performance difference of the different execution modes we

analyze several kernels that include three parallelizable loops. The execution modes of
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#pragma omp target teams distribute

for(int x = 1; x < nx-1; x++) {

int x_ind = x*ny*nz;

#pragma omp parallel for

for(int y = 1; y < ny-1; y++) {

int y_ind = y*stry;

#pragma omp simd

for(int z = 1; z < nz-1; z++) {

int ind = x_ind + y_ind + z;

B[ind] = (A[ind-strx] +

A[ind+strx] +

A[ind-stry] +

A[ind+stry] +

A[ind-strz] +

A[ind+strz])/6.0;

}

}

}

Figure 5.12: 3-dimensional heat diffusion OpenMP offloaded code.

these kernels can be adjusted between generic and SPMD mode by changing whether or

not the loops are tightly-nested. This allows the kernels to be executed in all possible

execution mode configurations, allowing us to analyze potential overheads from our

implementation on near-identical kernels.

We have used three codes for this analysis: A simple three-dimensional heat

diffusion kernel called laplace3d, and two kernels adapted from an OpenACC code

called muram transpose and muram interpol [123]. We expect that these codes may

see a small performance benefit from using a three-leveled parallel approach as it may

slightly improve data-reuse, however, our main goal is to observe performance differences

between generic and SPMD mode with our current implementation.

Fig. 5.11 shows the relative speedup of the different simd execution modes

compared to the “No SIMD” version, which uses teams SPMD mode with two levels

of parallelism. The number of teams and threads-per-team is kept consistent in these

examples.
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All regions executing in SPMD mode performs similarly to the “No SIMD”

version, with laplace3d and muram interpol seeing a marginal performance increase.

Running in generic mode for either teams or parallel regions sees a 1̃5% slowdown,

which is the penalty for using the state machine and the extra synchronization it

needs. Overall, from these results we conclude that our SIMD implementation produces

little-to-no performance overhead when executing in SPMD mode. Additionally, the

overhead accrued when executing in SIMD generic mode is comparable to the overhead

of the teams generic mode.

5.5 Experimental Improvements to LLVM/OpenMP SIMD

This section will document the current status of the LLVM SIMD implementation

and give insight of near-future goals.

5.5.1 Updated Code Generation for LLVM 17

With the full release of LLVM version 16 the development branch has moved to

version 17, which brings a major change to the to LLVM IR. Namely, pointers have

been changed to no longer be typed, and instead all pointers are treated as generic

pointers (i.e in terms of the C languages, these would be treated as “void” pointers.)

From this there is no longer a distinction between different typed pointers, such as a

floating pointer pointer vs. an integer pointer, or even a pointer to a complex struct.=

With these changes, and some other minor alterations made to the OpenMP IR Builder,

our code branch has been rebased into LLVM 17, where it has begun the upstreaming

process to be fully integrated into LLVM/Clang.

The upstream process for now includes the code generation portion which is

outlined in Section 5.2. This also includes a suite of proper code generation test cases to

verify the correctness of our “simd” code generation in conjuncture with other OpenMP

directives and C/C++ constructs. After the completion of this step the full runtime

will follow soon after, covering all content discussed in Section 5.3.
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5.5.2 Loop Reductions

Loop reductions are a very common concept in directive-based programming

models. Fig. 5.13 shows how a reduction is used; all threads alter the value of “sum”,

which would normally cause problematic race conditions. The reduction allows for

each thread to manage a local copy of “sum”, then at the end of the loop all threads

will merge their values to create a singular global value. Fig. 5.14 shows one possible

implementation of such a feature, where the “sum” variable is replaced by an array

where each thread edits based on its thread ID. Then, the values are collapsed into a

single value. In a more complex example, you would see the value initialization and

collapsing also done in parallel using all threads.

#pragma omp target parallel for

for(..,) {

float sum = 0;

#pragma omp simd reduction(+:sum)

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

sum += Ptr[i];

}

}

Figure 5.13: An example of a summation reduction.

Alongside the new OpenMP loop API outlined in Section 5.2 comes a new

API for handling reductions. For our work we will not create a new implementation

for reduction, but instead will collaborate with the OpenMP community to ensure

consistency between the model outlined here and the newly developed loop reductions.

5.5.3 Automatic conversion of SIMD-Generic code

As dicussed, SPMD mode is an important optimization for achieving high GPU

performance using this OpenMP runtime. However, for SPMD mode to be applicable

all threads must be able to safely execute the entire parallel region, assuring that all

data needed is properly handled, and all threads choose the same branching paths. The

work in [62] explains how generic mode code can be automatically converted to SPMD
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#pragma omp target parallel for

for(..,) {

float globalSum = 0;

float sum[omp_num_threads()];

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

sum[i] = 0;

#pragma omp simd

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

sum[omp_get_thread()] += Ptr[i];

}

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

globalSum += sum[i];

}

Figure 5.14: An example of how a reduction could be implemented.

mode using LLVM optimization passes for OpenMP teams regions. In order for our

SIMD work to allow for a similar automatic conversion, similar methods need to be

applied.

#pragma omp target teams distribute

for(...) {

#pragma omp parallel for

for(...) {

#pragma omp simd

for(...) { }

}

}

Figure 5.15: Tightly-nested parallel regions inherently allow for SPMD execution.

Fig. 5.15 shows an example of when SPMD mode can be used in our current

model. Since the simd loop is tightly nested inside of the parallel region, ensuring that

if all SIMD Workers execute the entire parallel region, there is no problematic code

that disallows SPMD mode.
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#pragma omp parallel for

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

float Val = some_computation();

#pragma omp simd

for(int j = 0; j < M; j++) {

Ptr[i][j] = Val + some_other_computation();

}

}

Figure 5.16: Extra code in parallel region causes side-effects and prevents SPMD mode.

Fig. 5.16 includes additional code within the parallel region. If we allow all

threads to execute the region, we cannot guarantee that all threads receive the correct

value of the “Val” variable. Only the value computed by the SIMD Main thread should

be used, and thus the value of “Val” must be communicated in some way with the

workers. In generic mode this process is handled by the variable sharing outlined in our

implementation, but if we wish to instead use SPMD mode then some other mechanism

must be used.

Similar to the implementation of [62], Fig. 5.17 shows a solution using new

runtime functions for variable broadcasting. This allows the main thread to store

the value of “Val” in a shared memory space before all worker threads would fetch it.

Additionally, thread guarding is used to wrap the computation of “Val” so that only

the main thread will execute that code. In a situation where many variables need to be

broadcasted, to reduce communication all broadcasts could be delayed until just before

they are needed, doing multiple broadcasts at once, instead of needing separate barriers

for each.

Fig. 5.18 shows an alternative approach where all variables that would need to

be shared are instead stored into shared memory. The main thread would handle all

allocations at the start of the parallel region, and share those addresses with all of

the workers. Then all threads will exclusively use those shared addresses during their

computation. This allows for a single barrier to be done at the very start of a region,
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#pragma omp parallel for

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

float Val;

if (omp_get_thread_num() == 0) {

Val = some_computation();

// Store Val in shared memory buffer

OMPRT_Broadcast(&Val, 4);

}

OMPRT_Barrier();

// Read Val from the shared memory buffer

OMPRT_FetchBroadcast(&Val, 4);

OMPRT_Barrier();

#pragma omp simd

for(int j = 0; j < M; j++) {

<Code that uses Val>

}

}

Figure 5.17: Thread guarding and variable broadcasting to allow the code to execute in SPMD mode.

and would significantly reduce the amount of synchronization needed for more complex

codes. The key drawback would be that replacing these variables with shared memory

completely could negatively impact performance, depending on the code.

Fig. 5.19 shows one file implementation that has threads within the same SIMD

group to share a shared memory stack. All threads call the “OMPRT SynchronizedSharedAlloca”

function which will return the same shared memory pointer for each thread. However,

right now, each thread has its own shared memory stack.

This feature is currently in development as a LLVM optimization pass that will

introduce proper thread guarding and variable broadcasting to convert the SIMD-generic

code into SIMD-SPMD. It is done as an optimization pass to alleviate extensive code

generation from the front-end compiler to create a more independent and modular

framework. These changes are expected to be upstreamed sometime after the initial

runtime patch is completed.
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#pragma omp parallel for

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

float *Val;

if (omp_get_thread_num() == 0) {

Val = (float*) OMPRT_AllocaShared(4);

OMPRT_ShareVariableAddress(Val);

}

OMPRT_Barrier();

OMPRT_GetSharedVariableAddress(&Val);

OMPRT_Barrier();

if (omp_get_thread_num() == 0) {

*Val = some_computation();

}

OMPRT_Barrier();

#pragma omp simd

for(int j = 0; j < M; j++) {

<Code that uses Val>

}

}

Figure 5.18: An alternative version where instead of broadcasting variables a shared allocation is
created and all threads will reference the same shared allocation.

5.5.4 Towards AMD Support

LLVM supports AMD GPUs, though the implementation is generally considered

as immature. With projects such as SPEC HPC [67] and SOLVVE [46, 63] and the

upcoming Frontier supercomputer, we hope that a proper analysis of AMD performance

in current LLVM will be available soon. This is to say that a full analysis of our

implementation on AMD GPUs is currently difficult, but we can still focus on AMD

compatibility. As a current status update, our implementation is being tested on the

Frontier supercomputer and is currently in the stage of fully validating AMD code

generation.

As mentioned, AMD does not allow for wavefront-level synchronization, making

our SIMD-Generic model non-compatible, though SIMD-SPMD is supported. Once
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#pragma omp parallel for

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

float *Val;

Val = (float*) OMPRT_SynchronizedSharedAlloca(4);

if (omp_get_thread_num() == 0) {

*Val = some_computation();

}

OMPRT_Barrier();

#pragma omp simd

for(int j = 0; j < M; j++) {

<Code that uses Val>

}

}

Figure 5.19: Another alternative where a new runtime function that allows all threads to utilize the
same shared memory stack. This reduces the need completely for additional synchronization.

automatic SPMDization is implemented, the range of possible codes in AMD would be

greatly enhanced, though it will not cover all codes.

We have some ideas for circumventing the need for wavefront synchronization to

allow our model to run on AMD in generic mode, but there is concern that these imple-

mentations would be very poor in performance. Instead we will focus on implementing

more aggressive optimization passes to further increase the number of codes that can

be run in SPMD mode and avoid generic mode entirely.
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Chapter 6

CONCLUSION AND SUMMARY

Directive-based programming models are an attractive option for GPU pro-

gramming due to its potential for architectural portability and familiarity to many

programmers, utilizing the same languages that many modern HPC applications are

written in. However, due to its nature, true performance portability will come at the

cost of highly advanced compiler technologies to bring optimized code generation and

access to advanced GPU features. Due to this complexity, compilers often lag behind in

terms of feature completeness and performance, making the selection of viable compilers

often limited for application developers.

The MURaM project showcases the difficulties of bringing real world applications

to current generation HPC architectures, often requiring close collaboration with

domain and HPC experts to bridge the gap between complex codes and algorithms and

appropriate hardware usage and performance. In MURaM we have seen great benefit

from the architecture portability provided by OpenACC bringing MURaM, and future

improvements of MURaM, to both CPUs and GPUs with a singular code. We have also

been able to integrate the optimized GPU FFT library, hEFFTe, utilizing the library

for CPUs and GPUs seamlessly alongside our OpenACC code. Additionally, while we

have showed our performance is not optimal, the GPU port is still achieving significant

improvement over the original CPU version, with a single GPU computing over 2x

faster than a full CPU node, and scaling beyond the limits of what was previously

possible with the CPU only code.

These victories come at the cost of some very difficult to answer questions. (1):

while the NVIDIA HPC compiler is mature enough to provide support for NVIDIA

GPUs, there is currently not a great option for compilers supporting AMD or Intel
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GPUs, which are being available in many recent supercomputers. While both GNU

and Clang compilers may become viable options for AMD GPUs in the future, at this

current moment MURaM is effectively locked to NVIDIA GPUs.

(2): since abstract, directive-based programming models heavily leverage ad-

vanced code generation and runtime libraries it is often difficult as an end user to control

low-level details of a code’s performance. In MURaM we face difficulties accurately

predicting necessary GPU resource usage (i.e registers and shared memory) in various

kernels, as the correlation between our high-level C++ code and the generated GPU

output is obfuscated by the internal code generation of the compiler.

(3): GPU-specific features can be beneficial to many different kinds of codes, but

are often inaccessible in purely directive-based models. In MURaM we have identified

some advanced features for NVIDIA GPUs, which are incompatible with OpenACC,

though OpenACC does provide interoperability options with CUDA and other GPU

libraries, allowing us to explore these features in CUDA at the cost of those portions of

code being locked to one architecture.

Fortunately, from the open-source nature of the LLVM compiler we have the

opportunity to begin addressing some of these shortcomings of directive-based models.

While the LLVM project focuses on the OpenMP programming model, various projects

bringing OpenACC to LLVM aims to reuse much of the OpenMP implementation,

drawing on the similarities of OpenMP and OpenACC. Thus, our contributions to LLVM

are broadly applicable to a variety of models. Through these contributions we hope to

improve the quality and feature completeness of the LLVM compiler infrastructure to

impact the greater HPC ecosystem as a whole.

The primary contribution of the LLVM project is to fill a crucial gap in LLVM’s

GPU runtime by designing and implementing an execution model that gives finer

control to the programmer over low-level GPU hardware mapping through the use

of OpenMP’s “simd” directive. This is an important directive which enables many

important code optimizations, and increases LLVM/OpenMP’s cross-comp ability with

other models (i.e OpenACC, Kokkos, OpenMC). The design brings the CPU-centric
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model of OpenMP onto GPU hardware through the use of the “generic” configuration,

highlighting the difficulty of adapting these models to the distinct GPU architecture.

Then, the GPU-centric “SPMD” configuration brings higher performance for a subset

of codes.

The results show that the additional synchronization required for the “generic”

model imposed a roughly 1̃5% performance penalty for average kernels, while the

optimized “SPMD” model shows no significant overhead. In kernels that benefit from

this optimization, however, makes up for the performance loss and sees considerable per-

formance improvement overall, with results ranging from 31%-215% total improvement

depending on the code.

In conclusion, we have found that directive-based models are a viable means

to parallel programming, utilizing common languages and defining parallelism in an

abstract way without the need for specifying many hardware specifics. The performance

achieved is very reasonable for 9̃5% of the MURaM code, with the remaining 5% needing

programmer intervention to achieve high performance. Through the development of

real-world codes and close collaboration with these application developers, the models

and compilers can be further improved to better suit those edge-cases and improve the

HPC ecosystem as a whole.
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