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The Proteus Project {(&

A https://github.com/Olympus -HPC/proteus

L &

A Project goal Giorgis David Konstantinos

Georgakoudis (PI) Beckingsale Parasyris
Research and develop programmable JIT ™

compilation and optimization to maximize
the performance of HPC codes

Zane Fink

easy-to-integrate state-of-the-art
easy-to-use : k.
high-performance scalable Tal Ben Nun Thomas Stitt
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https://github.com/Olympus-HPC/proteus
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. B

We develop Proteus openrsource
A Support @Z “'l

nvipiA. AMD

1 RDC/norRDC compilation A Actively Developed
1 Device libraries 1 https://github.com/OlympusHP C/proteus
A (both Proteus and no#Proteus compiled)

A Documentation
1 https://olympus-hpc.github.io/proteus/

A Continuous integration testing
1 GitHub and GP4nabled GitLab CI
T LLVM 18/19/20
1 CUDA 12.2
1 ROCn6.2.1,6.3.1, 6.4.1, 7.1.0

=1 114 ©a on
d pull requests Open pull requests

Closed issues New issues

Summar y Top Committers e @3

Excluding merges, 7 authors have pushed 11 commits to
main and 47 commits to all branches.

20
. i £ 0
On main, 246 files have changed and there have been 8
2,492 additions and 767 deletions o I I I -

AEEFET
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What we do now to get high performance from our

HPC software has limitations
A Write ugly, compile-time value specializations

A Static ahead-of-time (AOT)
optimizing compilation

n

ource

<>

—
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Code | Blame 1415 lines (1326 loc) - 49 KB

1198
1307
1308
1309
1310
1311
1312
1313
1314
1315
1316
1317
1318
1319
1320
1321
1322
1323
1324
1325
1326
1327
1328
1329
1330
1331
1332

¥ master v Laghos | laghos_solver.cpp

Raw d

void QKernel(const int NE, const int NQ,

const int id = (dim << 4) | Q1D;
typedef void (xfQKernel)(const int NE, const int NQ,
const bool use_viscosity,
const bool use_vorticity,
const double h@, const double hlorder,
const double cfl, const double infinity,
const ParGridFunction &gamma_gf,
const Array<double> &weights,
const Vector &Jacobians, const Vector &rho@DetJow,
const Vector &e_quads, const Vector &grad_v_ext,
const DenseTensor &Jac@inv,
Vector &dt_est, DenseTensor &stressJinvT);
static std::unordered_map<int, fQKernel> qupdate =

{
// 2D.
{0x24,&QKernel<2,4>}, {0x26,&QKernel<2,6>},
{0x28,&QKernel<2,8>}, {0x2A,&QKernel<2,10>},
// 3D.
{0x34,&QKernel<3,4>}, {0x36,&QKernel<3,6>}, {0x38,&QKernel<3,8>}
HH
if (!qupdate[id])
{
mfem: :out << "Unknown kernel O0x" << std::hex << id << std::endl;
MFEM_ABORT ("Unknown kernel");
}

qupdate[id] (NE, NQ, use_viscosity, use_vorticity, gqdata.h®, hlorder,
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TheJustin-N RO IJWblis f N WWHY G GRG ¢ qR
hard for statically compiled languages

S O O O O O O . . . S S . e . .

,Compne time  Intermediate \ Runtime

I Representatlon

=’ l bytecode e
e So_irce | e U(rgu:b) | InterEJrreter
P E:<I> - Compiler = - JIT compiler
' ! ._(dynamic opt.)
@ AChallenges for JIT in
Compile time Runtime C/C++/Fortran
@ Source 4 . ) A Introspection is hard for
STl :> statically compiled lang.
=[» _ (staticopt) A Hard to beat static
compilation optimization
A Overhead
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8, |
Prior work Is inspir%onal, but obsolete, nonportable, siow

CUDA/HIP RTC
=Syt clangJIT (CUDAJitify)

< ¢l

nvipia. AMD
CUDA/HIP only
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Workflow: developer uses the Proteus API, compiles,
runs with JIT compilation and optimization enabled

Compile time Runtime v//f\
A Code annotations (Annotation)

fﬁ‘
& A C++ Frontend (FOPP)
libproteus A Embedded Bmain Secific Language (PDSL)

..‘?i_{g‘e)
JIT compiles &
optimizes

S

A APls

(5

A Optimization at runtime
A Runtimeconstexpr
A Template instantiations
A GPU launch parameters
A Customize compiler pipeline per kernel

<3

-
nvioiaA. AMD
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ﬁ
Al Yaqlet k WADUq!l ¢cGWYGqRUORAC
IS runtime constant folding

r=0

ARuntime Constant Folding =01t (|
AScalars, arrays, objects else r +=l0g10(x);

}
A API dependent

AGPU launch parameters: number of threads, @ ¢ = True }

blocks o

AEliminate computation, unroll loops, inlining, ik

algebraic transformations, ...
fOI’(I 0;i<N; ++){//
r +=log10(x); §\> r

}

10

Lawrence Livermore 9
National Laboratory ~ LLNL-PRES2015399



results from CGO25 paper
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Overview

1.Proteus JIT APIs

1. Annotation
2.PICPP
3.PJDSL

2.Building Proteus
3.Proteus JIT Internals
4.Proteus JIT Performance
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The Code Annotation API Is

easy to apply to existing code

JIT Opportunities:
Input

void stencilld(float* out, float* in, size_t N,

int radius, float* weights)

extern __shared__ float tile[];

int gid = getGlobalThreadIdX();
int tid = getThreadIdX();

tile[tid + radius] = in[gid];
if (tid < radius) {
tile[tid] = in[gid - radius];
tile[tid + blockDim.x + radius] = in[gid + blockDim.x];

}
__syncthreads();

float sum = 0.0f;

for (int j = -radius; j <= radius; j++)
sum += tile[tid + radius + j] * weights[radius + j];
out[gid] = sum;

Lawrence Livermore
National Laboratory ~ LLNL-PRES2015399
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The Code Annotation API Is

easy to apply to existing code

JIT Opportunities:
A N, radius are runtime constants

Input

void stencilld(float* out, float* in,

int radius,] float* weights)

{

extern __shared__ float tile[];
int gid = getGlobalThreadIdX();
int tid = getThreadIdX();

tile[tid + radius] = in[gid];
if (tid < radius) {
tile[tid] = in[gid - radius];

tile[tid + blockDim.x + radius] = in[gid + blockDim.x];

}
__syncthreads();

float sum = 0.0f;
for (int j = -radius; j <= radius; j++)

sum += tile[tid + radius + j] * weights[radius + j];
out[gid] = sum;

Lawrence Livermore
National Laboratory

LLNL-PRES2015399
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The Code Annotation API Is

easy to apply to existing code

JIT Opportunities:
A N, radius are runtime constants

A weightsis constant

Input

void stencilld(float* out, float* in,
int radius,ifloat* weights)

{

extern __shared__ float tile[];
int gid = getGlobalThreadIdX();
int tid = getThreadIdX();

tile[tid + radius] = in[gid];
if (tid < radius) {
tile[tid] = in[gid - radius];

tile[tid + blockDim.x + radius] = in[gid + blockDim.x];

}
__syncthreads();

float sum = 0.0f;
for (int j = -radius; j <= radius; j++)

sum += tile[tid + radius + j] * weights[radius + j];
out[gid] = sum;

Lawrence Livermore
National Laboratory

LLNL-PRES2015399
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The Code Annotation API Is

easy to apply to existing code

JIT Opportunities:
A N, radius are runtime constants

A weightsis constant

A Tile is dynamic shared memory

Input

&/%

X

X

X

void stencilld(float* out, float* in,
int radius,ifloat* weights)

{

extern __shared__ float tile[];
int gid = getGIoEaI|HreaaIaRZS;
int tid = getThreadIdX();

tile[tid + radius] =

if (tid < radius) {
tile[tid] = in[gid - radius];
tile[tid + blockDim.x + radius] =

in[gid];

}
__syncthreads();

float sum = 0.0f;
for (int j = -radius; j <= radius; j++)
sum += tile[tid + radius + j] * weights[radius + j];

out[gid] = sum;

Lawrence Livermore
National Laboratory

LLNL-PRES2015399
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The Code Annotation API Is

easy to apply to existing code

gPl GG NR 6 dzi SjigedEd oMy v > S v

Input

Argument index
—

__attribute__((annotate("jit", 3, 4)))

—-global_ .
void stencilld(float* out, float* in, size_t N,
int radius, [float* weightsl

extern __shared__ float tile[];

int gid = getGIoEaI|HreaHIaRZi;

int tid = getThreadIdX();

tile[tid + radius] = in[gid];
if (tid < radius) {
tile[tid] = in[gid - radius];

tile[tid + blockDim.x + radius] = in[gid + blockDim

}
__syncthreads();

float sum = 0.0f;
for (int j = -radius; j <= radius; j++)

// N, radius

Xl

sum += tile[tid + radius + j] * weights[radius + j];

out[gid] sum;

Lawrence Livermore
National Laboratory

LLNL-PRES2015399
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The Code Annotation API can
JI'fcompile constant arrays
__attribute__((annotate("jit", 3, 4)))] —_global__

PPl G0 NR 6 dzd SjigeyeEs om-Zy vy > Sad U void stencilld(float *out, float *in, size_t N,
int radius,lfloat *weightsp {

proteus::jit_array(weights, NWeights);

extern __shared__ float tilel];

int gid = getGlobalThreadIdX();

int tid = getThreadIdX();

proteus:jit_array InpUt

tile[tid + radius] = in[gid];
if (tid < radius) {
tile[tid] = in[gid - radius];
L tile[tid + blockDim.x + radius] = in[gid + blockDim.x];
1 M 1--=="
! : ! I }
[} [}
Output L L __syncthreads();

float sum = 0.0f;
for (int j = -radius; j <= radius; j++)

sum += tile[tid + radius + j] * weights[radius + j];
out[gid] = sum;

Lawrence Livermore 18
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The Code Annotation API converts
dynamic shared memory to static

__attribute__((annotate("jit", 3, 4)))l__global__
gPl GG NR 6 dzi SjigedEd oMy v > S v void stencilTd(float *out, ftloat *in, size_t N,
int radius, float *weights, int SMSize) {

proteus:jit_array InFJUt proteus::jit_array(weights, NWeights);
float *tile = proteus::shared_array<float, 10>(SMSize);
proteus:shared_array Q int gid = getGlobalThreadIdX();

int tid = getThreadIdX();

tile[tid + radius] = in[gid];
if (tid < radius) {
tile[tid] = in[gid - radius];
tile[tid + blockDim.x + radius] = in[gid + blockDim.x];

I }

__syncthreads();

float sum = 6.0f;
for (int j = -radius; j <= radius; j++)

sum += tile[tid + radius + j] * weights[radius + j];
out[gid] = sum;

Lawrence Livermore 19
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Launch Bound, Dimension Specialization
expose additional optimization opportunltles

_attribute__((annotate("jit", 3, 4)))J _-_global__

gyt i34 NR o dzi EHMEQEO omrzy”yﬂﬁnlnizu $HAW O v01d stencil1d(float *out, float *in, size_t N,
int radius, float *weights, int SMSize) {

proteus:jit_array Input proteus::jit_array(weights, NWeights);
float *tile = proteus::shared_array<float, 1@>(SMSize)'
proteus:shared_array Q int gid = range(@, 32768) getGlobalIdx();
gsg int tid = range(@, 128) getThreadIdx();
tile[tid + radius] = in[gid];
if (tid < radius) {
tile[tid] = in[gid - radius];
tile[tid + [128])+ radius] = in[gid +];
BT [ }
Output | L
L---- L---- __syncthreads();

float sum = 0.0T;
for (int j = -radius; j <= radius; j++)

sum += tile[tid + radius + j] * weights[radius + j];
out[gid] = sum;

Lawrence Livermore 20
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The Annotation API applies to lambda functions

auto Kernel =
W | l:I l:I NJA 6 dz[] éjlll].El]}:O C')Ml'zy ym:mzlj QJG)OU 0 =, »rad::Lus proteus::]:?t_var::Lable(ra‘idiuQ, | ‘
tileSize = proteus::jit_variable(tileSize)])__device__(float *weights)
__attribute__((annotate("jit"))) {

proteus::jit_array(weights, NWeights);

float *tile = proteus::shared_array<float, MaxTileSize>(tileSize);

int gid = getGlobalThreadIdX();

int tid = getThreadIdX();

proteus:jit_array
proteus:shared_array

proteus:register_lambda
tile[tid + radius] = in[gid];
if (tid < radius) {

tile[tid] = in[gid - radius];

tile[tid + blockDim.x + radius] = in[gid + blockDim.x];
b3

__syncthreads();

float sum = 0.06f;

for (int j = -radius; j <= radius; j++)
sum += tile[tid + radius + j] * weights[radius + j];

out[gid] = sum;

}

Lawrence Livermore 21
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. B

The C++ Frontend Is a portable RTC
Implementation that supports specialization

double A = ...
int N = ...
[ std::string Code = std::format(R"cpp(
extern "C" extern "C" __global__
__global__ void daxpy(double *X, double *Y)
void daxpy(double *X, double *Y) {
Code with {{ int tid = threadIdx.x + (blockIdx.x * blockDim.x);
SpeCialization N int tid = threadIdx.x + (blockIdx.x * blockDim.x); Format int stride = blockDim.x * gridDim.x;
int stride = blockDim.x * gridDim.x; —_— for(int i=tid; i < 2048; i+=stride)
for(int i=tid; i<{@}; i+=stride) X[i] = @.5*X[i] + Y[i]:
_ X[1] = {1}*X[] + Y[i]; )
Create Jit Module })epp”, N, A);

CppJitModule CJM{"cuda"”, Code};
Get Kernel h_andle auto Kernel = CJM.getKernel<void(double *, double *)>("daxpy");
(will compile) Kernel.launch(
/* GridDim */ {NumBlocks, 1, 1},
/* BlockDim */ {ThreadsPerBlock, 1, 1},
Launch! /* ShmemSize */ @,

/* Stream */ nullptr,
X, Y);

Lawrence Livermore 29
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C++ Frontend enables
runtime template instantiation

std::string Code = R"cpp(
template<typename T, int N>
__global__ void axpy(double A, T *X, T *Y) {

-rEErT1F)|EitEB(j size_t I = blockIdx.x * 256 + threadIdx.x;
. if (I < N)
COde Y[I] += X[I] * A;
}
Jepp”

constexpr int N = 10824;
constexpr int NumThreadsPerBlock = 256;
constexpr int NumBlocks = (N + NumThreadsPerBlock - 1) / NumThreadsPerBlock;

CppJitModule CJM{"hip", Code}; -r)/F)EE

- Value
float *X_f, *Y_f; FunCtlon 1

/

Get Instance
—) aUuto AxpyFloat = CJM.instantiate("axpy", "float", std::to_string(N));
r161r1(j|63 AxpyFloat.launch({NumBlocks, 1, 1}, {NumThreadsPerBlock, 1, 1}, 0, nullptr,

(will compile) 1.8, X.f, Y.);

double *X_d, *Y_d;

auto AxpyDouble = CJM.instantiate("axpy", "double", std::to_string(N));
AxpyDouble.launch({NumBlocks, 1, 1}, {NumThreadsPerBlock, 1, 1}, 8, nullptr,
1.8, X_d, Y_d);

Lawrence Livermore 23
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L

C++ Frontend Is string templating engine agnostic

Std : : fo rmat ( ) std::string Code =R"cpp( __global__

extern "C" void stencilld(float *out, float *in, float *weights, int tileSize) {
extern __shared__ float tile[];
int tid threadIdx.x;
blockIdx.x * blockDim.x + tid;

int gid
- Jlnju tile[tid +|{{ radius }}]] = in[gid];
if (tid < {{ radius }})) {
Ifm*l tile[tid] = in[gid - [{{ radius }}]I;
tile[tid + blockDim.x + [{{ radius }}]] = in[gid + blockDim.x];

'
__syncthreads();

must a

float sum = 0.0f;
A #pragma unroll
for (int j = -f{ radius }}}; j <= [{{ radius }}; ++j)

sum += tile[tid + K{ radius }H + j] * weightsﬂ{{ radius }}]+ il;
out[gid] = sum;

}
)epp”;

Lawrence Livermore o4
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.

The C++ frontend supports
the full suite of specialization

std::string Code = R"cpp(__global__
extern "C" void stencilld_cpp(float *out, float *in) {
const float weights[] = H{ weights }ﬂ;
__shared__ float tile[ﬁ{ tileSize }ﬂ];
int tid = threadIdx.x;
int gid = blockIdx.x * H{ blockSize }H + tid;

tile[tid + H{ radius }ﬂ] = in[gid];
if (tid < H{ radius }}p {
tile[tid] = in[gid - |{{ radius }ﬂ];
tile[tid + H{ blockSize }H +[{{ radius }}H = in[gid + H{ blockSize }]];

}
__syncthreads();

float sum = 0.06°T;
#pragma unroll
for (int j = -{{ radius }}} j <= [{{ radius }}} ++j)
sum += tile[tid + H{ radius }}]+ jl * weights[ﬁ{ radius }}]+ jl;
out[gid] = sum;

}
Jepp”,;

Lawrence Livermore o5
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PJ3DSL constructs LLVM IR at runtime

auto createJitKernel(double _A, size_t _N) { ; ModuleID = 'JitModule'
auto J = std::make_unique<JitModule>(TARGET); Seuree il = "JAdiells
target triple = "amdgcn-amd-amdhsa”

return std::make_pair(std::move(J), KernelHandle);

Lawrence Livermore 26
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Kernels are added taJitModuleswith
their name and signature

auto createJitKernel(double _A, size_t _N) { ; ModuleID = 'JitModule'
auto J = std::make_unique<JitModule>(TARGET); Seuree il = "JAdiells
target triple = "amdgcn-amd-amdhsa”
auto KernelHandle = J->addKernel<void(double *, double *)>("daxpy"); define amdgpu_kernel void @daxpy(ptr %8, ptr %1) {
auto &F = KernelHandle.F; entry:

return std::make_pair(std::move(J), KernelHandle);

Lawrence Livermore o7
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PJDSL uses paired constructs for control structures

auto createJitKernel(double _A, size_t _N) { i ModuleID = 'JitModule' F beglnIf(Cond) .
auto J = std::make_unique<JitModule>(TARGET); :Ourci-:i}e;ame = ”jltMOd“;e" e ( ! )
Sree e m A F.beginFor(Iter, Init, UB, Inc);
i ] ! ! !’
auto KernelHandle = J->addKernel<void(double *, double *)>("daxpy"); define amdgpu_kernel void @daxpy(ptr %8, ptr %1) {

auto &F = KernelHandle.F; SRRy F. beganhlle( [&] ( ) { return A < B , }) )

F.beginFunction(); br label %body
{ body:
br label %exit

}
F.endFunction();
return std::make_pair(std::move(J), KernelHandle); exit:
} unreachable

}

Lawrence Livermore 28
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Typed Var objects wrap LLVM scalar types

auto createJitKernel(double _A, size_t _N) { ; ModuleID = 'JitModule'
auto J = std::make_unique<JitModule>(TARGET); Seuree-illleirms = "kl
target triple = "amdgcn-amd-amdhsa”
auto KernelHandle = J->addKernel<void(double *, double *)>("daxpy"); define amdgpu_kernel void @daxpy(ptr %8, ptr %1) {
auto &F = KernelHandle.F; entry:

%A = alloca double

; Remaining allocas.

br label %body
body:
auto X, Y] _ F.getArgs(); store double 6.0e+00, ptr %A
Var<const double> A = F.defRuntimeConst(_A);

Var<const size_t> N = F.defRuntimeConst(_N);

F.beginFunction(); Var<double*>

br label %exit

Var<size_t> I = F.declVar<size_t>("I");

return std::make_pair(std::move(J), KernelHandle); exit:
} unreachable

}

Lawrence Livermore 29
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PJDSL provides access to bulin device functions

auto createJitKernel(double _A, size_t _N) {
auto J = std::make_unique<JitModule>(TARGET) ;

auto KernelHandle = J->addKernel<void(double *, double *)>("daxpy");
auto &F = KernelHandle.F;

F.beginFunction();

{
auto [X, Y] = F.getArgs();
Var<const double> A = F.defRuntimeConst(_A);
Var<const size_t> N = F.defRuntimeConst(_N);

Var<size_t> I = F.declVar<size_t>("I");

I = F.callBuiltin(getBlockIdX) * F.callBuiltin(getBlockDimX) +
F.callBuiltin(getThreadIdX);

return std::make_pair(std::move(J), KernelHandle);

; ModuleID = 'JitModule
source_filename = "JitModule"
target triple = "amdgcn-amd-amdhsa”

Screenshot of other
builtins

define amdgpu_kernel void @daxpy(ptr %0, ptr %1) {
entry:
%A = alloca double
; Remaining allocas.
br label %body
body:
store double 6.0e+00, ptr %A
%12 = call i32 @llvm.amdgcn.workitem.id.x()
store i32 %12, ptr %threadIdx.x, align 4

br label %exit

exit:

unreachable

}

Lawrence Livermore
National Laboratory ~ LLNL-PRES2015399
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Var objects support arithmetic, math operations

auto createJitKernel(double _A, size_t _N) {
auto J = std::make_unique<JitModule>(TARGET) ;

auto KernelHandle = J->addKernel<void(double *, double *)>("daxpy");

auto &F = KernelHandle.F;

F
{

}

F.

.beginFunction();

auto [X, Y] = F.getArgs();
Var<const double> A = F.defRuntimeConst(_A);
Var<const size_t> N = F.defRuntimeConst(_N);

Var<size_t> I = F.declVar<size_t>("I");

I = F.callBuiltin(getBlockIdX) * F.callBuiltin(getBlockDimX) +
F.callBuiltin(getThreadIdX);

auto [J, Inc, Zero] = F.defvars(e, 1, 0);

F.beginFor(J, Zero, N, Inc);

{ Y[I] = Y[I] + X[I] * A; }

F.endFor();

F.ret();

endFunction();

return std::make_pair(std::move(J), KernelHandle);

Lawrence Livermore
National Laboratory ~ LLNL-PRES2015399

; ModuleID = 'JitModule
source_filename = "JitModule"
target triple = "amdgcn-amd-amdhsa”

define amdgpu_kernel void @daxpy(ptr %0, ptr %1) {

entry:
%A = alloca double
; Remaining allocas.
br label %body

body:
store double 6.0e+00, ptr %A
%12 = call i32 @llvm.amdgcn.workitem.id.x()
store i32 %12, ptr %threadIdx.x, align 4
; Remaining stores. Set up loop condition
br label %loop.header

loop.header:

br label %loop.cond
loop.cond:

; Calculate J < N

br i1 %23, label %loop.body, label %loop.end
loop.body:

; Compute Y[I] += X[I] * A;

br label %loop.inc
loop.inc:

; J += Computed grid size

br label %loop.cond
loop.end:

br label %body.split
body.split:

ret void
exit:

unreachable

}

g [ g [

.min(A, B);
.pow(X, Y);
.cos(N);
.sin(M);
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PJDSL kernels are portable between GPU vendors

auto createJitKernel(double _A, size_t _N) { S-td : :St r-lng TARGET = hlp n .,

}

auto J = std::make_unique<JitModule>(TARGET) ;

auto KernelHandle = J->addKernel<void(double *, double *)>("daxpy"); J. Compile() 5
auto &F = KernelHandle.F;

F.beginFunction(); AMDa

{

auto [X, Y] = F.getArgs();

Var<const double> A = F.defRuntimeConst(_A);

Var<const size_t> N = F.defRuntimeConst(_N);
| | std::string TARGET = "cuda";
Var<size_t> I = F.declVar<size_t>("I");
I = F.callBuiltin(getBlockIdX) * F.callBuiltin(getBlockDimX) +

F.callBuiltin(getThreadIdX); J. Compile( ) ,

auto [J, Inc, Zero] = F.defvars(e, 1, 0);
F.beginFor(J, Zero, N, Inc);

{ Y[I] = Y[I] + X[I] * A; }
F.endFor(); @a
NVIDIA

F.ret();
}

F.endFunction();

return std::make_pair(std::move(J), KernelHandle);

Lawrence Livermore
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PJDSL supports constant, variable arrays

F.beginFunction(); {

auto [Out, In] = F.getArgs();

auto Radius = F.defRuntimeConst<int>(Radius_);

auto Weights = F.defRuntimeConst<float[]>(Weights_, NumWeights_); @Weights = addrspace(4) constant [5 x float] \

auto Tile = F.declVar<float[]>(TileSize_, AddressSpace::SHARED); [float 0.9, float 0.1, float 0.2, float 8.3, float 0.4]

@Tile = addrspace(3) global [68 x float]

auto Tid
auto Gid

F.callBuiltin(getThreadIdX);
F.callBuiltin(getBlockIdX) * F.callBuiltin(getBlockDimX) + Tid;

Tile[Tid + Radius] = In[Gid];

F.beginIf(Tid < Radius); {
Tile[Tid] = In[Gid - Radius];
Tile[Tid + F.callBuiltin(getBlockDimX) + Radius] =
In[Gid + F.callBuiltin(getBlockDimX)];
} F.endIf();

F.callBuiltin(syncThreads) ;

auto Sum = F.defVar<float>(0.0f); Output

auto J = F.declVar<int>("j");

1
1
[}
1
-——— | IS

r----

F.beginFor(J, -Radius, Radius+1, F.defVar(1)); {
Sum += Tile[Tid + Radius + J] * Weights[Radius + J];
} F.endFor();

Out[Gid] = Sum;

F.ret();
} F.endFunction();
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PJDSL function calls enable modular code

F.beginFunction(); {

auto [Out, In] = F.getArgs();

auto Radius = F.defRuntimeConst(Radius_);

auto Weights = F.defRuntimeConst(Weights_, NumWeights_);

auto Tile = F.declVar<float[]>(TileSize_, AddressSpace: :SHARED);
auto Tid = F.callBuiltin(getThreadIdX): auto &Fn = J->addFunction<float(float[], const float[], int, int)>("innerProduct");

auto Gid = F.callBuiltin(getBlockIdX) * F.callBuiltin(getBlockDimX) + Tid; Fn.beginFunction(); {
auto [Tile, Weights, Baseldx, Radius] = Fn.getArgs();

Tile[Tid + Radius] = In[Gid];
auto Sum = Fn.defVar<float>(0.0f);

F.beginIf(Tid < Radius); { auto J = Fn.declVar<int>("j");
Tile[Tid] = In[Gid - Radius]; auto One = Fn.defRuntimeConst(1);
Tile[Tid + F.callBuiltin(getBlockDimX) + Radius] =
In[Gid + F.callBuiltin(getBlockDimX)]; Fn.beginFor(J, -Radius, Radius + One, One); {
} F.endIf(); Sum += Tile[BaseIdx + J] * Weights[Radius + J];

} Fn.endFor();
F.callBuiltin(syncThreads);
Fn.ret(Sum);

auto BaseIdx = Tid + Radius; } Fn.endFunction();

[auto Sum = F.call("innerProduct"”, Tile, Weights, BaseIdx, Radius)j

Out[Gid] = Sum;

F.ret();
} F.endFunction();
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. B

Deferred code generation enables
structural optimization in P3DSL

auto [C, A, B] = F.getArgs(); $ _/matmul 1@24
F.beginFunction(); .
( Average runtime: 6403.990 ms

auto [I, J, K] = F.declVars<int, int, int>();
auto [UbnI, UbnJ, UbnK, IncOne, Zero] = F.defRuntimeConsts(N, N, N, 1, 8);

F.buildLoopNest(F.forLoop(I, Zero, UbnI, IncOne),
F.forLoop(J, Zero, UbnJ, IncOne),
F.forLoop(K, Zero, UbnK, IncOne,
[&1() {
auto CIdx I *N+ J;
auto AIdx I *N+ K;
auto BIdx = K * N + J;
C[CIdx] += A[AIdx] * B[BIdx];
)

.emit();

F.ret();
}

F.endFunction() ;
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. B

Deferred code generation enables
structural optimization in P3DSL

auto [C, A, B] = F.getArgs(); $ _/matmul 1@24
F.beginFunction(); .
( Average runtime: 6403.990 ms

auto [I, J, K] = F.declVars<int, int, int>();
auto [UbnI, UbnJ, UbnK, IncOne, Zero] = F.defRuntimeConsts(N, N, N, 1, 8);

Loop Tilin
F.buildLoopNest(F.forLoop(I, Zero, UbnI, IncOne), p g

F.forLoop(J, Zero, UbnJ, IncOne),
F.forLoop(K, Zero, UbnK, IncOne,

auto CIdx

auto AIdx

C[CIdx] += A[AIdx] * B[BIdx];
})

[&10) {
oy $ ./matmul 1024 16
auto BIdx = K * N + J; Average runtime: 1003.984 ms
)l tile(TileSize)]

.emit();

F.ret();
}

F.endFunction() ;

PJDSL has potential for many more optimizations

H Lawrence Livermore 6
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JIT Frontends trade off supported specializations,
developer ease, and compiler portability

Developer Compiler

Specializations Ease Portability

Value Array Object Launch Grid Dim.  Template
Bounds
Annot. X DHDOD &
PICPP DD D

PIDSL P4 X - O

Lawrence Livermore
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Overview

1.Proteus JIT APIs
1. Annotation
2. PICPP
3.P3DSL

2.Building Proteus
3.Proteus JIT Internals
4.Proteus JIT Performance
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Proteus Is simple to build usingCMake

git clone git@github.com:0lympus-HPC/proteus.git
mkdir proteus/build && cd proteus/build

cmake .. \
-DLLVM_INSTALL_DIR="S$LLVM_INSTALL_DIR" \
-DPROTEUS_ENABLE_CUDA=0on \

git clone git@github.com:0lympus-HPC/proteus.git
mkdir proteus/build && cd proteus/build

cmake .. \
-DLLVM_INSTALL_DIR=${LLVM_INSTALL_DIR} \

-DCMAKE _CUDA_ARCHITECTURES=90 \
-DCMAKE_C_COMPILER="$LLVM_INSTALL_DIR/bin/clang" \
-DCMAKE_CXX_COMPILER="$LLVM_INSTALL_DIR/bin/clang++" \
-DCMAKE_CUDA_COMPILER="$LLVM_INSTALL_DIR/bin/clang++"

-DCMAKE _C_COMPILER=${LLVM_INSTALL_DIR}/bin/clang \
-DCMAKE _CXX_COMPILER=${LLVM_INSTALL_DIR}/bin/clang++ \
-DPROTEUS_ENABLE_HIP=0n

AMDZ <3

NVIDIA

M Lawrence Livermore 39
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Installing Proteus with Spack i1s easy as 1, 2, 3!

Step 1: Add the repo

$ spack repo add https://github.com/Olympus-HPC/proteus/tree/main/packaging/spack

Lawrence Livermore 0
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. B

Installing Proteus with Spack i1s easy as 1, 2, 3!

Step 1: Add the repo

$ spack repo add https://github.com/Olympus-HPC/proteus/tree/main/packaging/spack

Step 2: Install Proteus!

spack install proteus@main

spack install proteus@main +hip

spack install proteus@main +cuda
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. B

Installing Proteus with Spack Is easy as 1, 2]

Step 1: Add the repo

$ spack repo add https://github.com/Olympus-HPC/proteus/tree/main/packaging/spack

Step 2: Install Proteus!

spack install proteus@main

spack install proteus@main +hip

spack install proteus@main +cuda

H Lawrence Livermore 4
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How to compile with Proteus enabled

Code Annotations API

ARequires Clang/LLVM
AAMD: Vanilla
ANVIDIA: Vanilla

AAdd the ProteusPassplugin and link
with libproteus and deps

clang++fpassplugin=<path>libProteusPass.so
-lproteus${LLVM_LIBS} ${CLANG_LIBS}

R\I\Ir\ mnr~ywnAA~rrmAalrzA AvVAArE~
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How to compile with Proteus enabled

Code Annotations API

ARequires Clang/LLVM
AAMD: Vanilla
ANVIDIA: Vanilla

AAdd the ProteusPassplugin and link
with libproteus and deps

clang++fpassplugin=<path>libProteusPass.so
-lproteus${LLVM_LIBS} ${CLANG_LIBS}

AWe providecmake exports

find_packagéoroteus CONFIG REQUIRED)
add_proteug<target>)
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How to compile with Proteus enabled

Code Annotations API

ARequires Clang/LLVM
AAMD: Vanilla
ANVIDIA: Vanilla

AAdd the ProteusPassplugin and link
with libproteus and deps

clang++fpassplugin=<path>libProteusPass.so
-lproteus${LLVM_LIBS} ${CLANG_LIBS}

AWe providecmake exports

find_packagéoroteus CONFIG REQUIRED)
add_proteug<target>)

M Lawrence Livermore

National Laboratory ~ LLNL-PRES2015399

C++ Frontend / DSL API
A Link withlibproteusand deps
clang++Iproteus${LLVM_LIBS} ${CLANG_LIBS}

A We providecmakeexports

find_packagéoroteus CONFIG REQUIRED)
target_link_librarieg<target>proteusFronteng
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Proteus uses hashing to
uniquely identify specializations

Compile Time libproteus
Kernel Specialization @

I |
@ ‘ Extract IR from Specialize IR
- ] —
! binary values ‘

P ' Specialize I CPP Jit @
@ | crcode | Module ~  hash

| ) 4 e .

Generate
' » DSLJit Module ~—— Specialized

I MR
L
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All JIT frontends use shared Proteus infrastructure

Compile Time libproteus
Kernel Specialization @
L™ | ,
Extract IR from Specialize IR Yes "
= p —
binary values
— | _,-"'I " { ",
—— .f' +‘+.
. 5 f -.+l
| . - & Is : % ‘-'- L
Specialize CPP Jit O . e heins) ,
C++ Code Module hash Sl ~ Run

( f )‘ L / LN ‘+_++ T — |

Specialized

* - i Device
’ Generate No — Kernel Compilation
= DSLJit Module Specialized | Optimization .
=T | H . UWMR ' ¢ .
——
Lawrence Livermore

National Laboratory ~ LLNL-PRES2015399 e
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Caching in a twalevel hierarchy with a volatile In
memory cache and a persistent filebased cache

-~ N
AKey iS ’[he i::::ZZIZIZ:::>= — —
hash Cacne | | e
---------- ~— A
AStores the o REQU——— MISS - MISS = [ A }
CompiIEd caches OBJ « EILL < EILL < & Optimize
object
ACaching is
Inclusive
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Caching in a twalevel hierarchy with a volatile In
memory cache and a persistent filebased cache

: 3

AKey IS the i=:|:::::::::>=

i In-memory | :
hash | Cache | PeCrzlcsgznt
_______________ \ /

AStores the Colg REQW > MISS > MISS : [ T }
COmpI|6d caches OBJ « FILL < FILL < & Optimize
object

T Cold memory cache REQ(#) > MISS > HIT

A_CaChl_ng IS hot persistent cache g 3« FILL < |

Inclusive

E Lawrence Livermore 50
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Caching in a twalevel hierarchy with a volatile In
memory cache and a persistent filebased cache

: >
AKey IS ’[he i::::ZZIZIZ:::>=
i In-memory | Persistent
hash | CEEme Cache
----------- N— A
Astores the cos | FEQUH——= MISS—— 1155 —— | conpe
COmpI|6d caches OBJ < FILL < FILL - & Optimize
object
) } Cold he REQ(#) > MISS » HIT
ACachingis 5 cicaient cache |
. . P OBJ+ FILL<
Inclusive
Hot memory cache REQ(#) > HIT

OBJ- |
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2. PICPP
3.P3DSL
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PJDSL has lowest JIT overhead, followed by
Annotation and PJCPP

SKC  Optim. IR Gen. Dev. Kernel Gen. PJ-Annot. =51 PJ-DSL PJ-CPP
1000-
750-
v
E
o) 500-
g _
- 250
. ‘. / // I v
7 P o
Ot 7 ng lﬁ Q n A
{0 'b@ \0
"D@ t?-b @Q& ) ,-\ 0 ‘E@- (;)‘(’ _ \g}\-’
Q’E ({\..,‘0‘.-:‘l
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Compilation time can
substantially affect JIT speedup

B F-Annct. [ PDSL O P-CcPP 2 Cold cache | | Warm cache

Bezier Floyd

Adam Attention Conv3D GEMM MiniBUDE

Warshall

200+ Surface
1.02 4
1.751
0.96
1.50 7
0.90
1.25 4

0.84 1
1.00 +

Speedup over AoT

0.78 1

- 0.75
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Summary of Covered Components

What did we cover Additional capabilities (beyond this tutorial)
A Proteus specialization optimizations A Runtime configuration

A Value, array, launch bounds, grid A Asynchronous compilation

dim, template A Distributed caching modes

A Proteus JIT Frontends A Compiler pipeline customization

A Annotation

A P3CPP

A P3IDSL

A Proteus Internals
A Compile, runtime
A Caching
A JIT Performance
A JIT stage breakdown
A Cache impact

H Lawrence Livermore 55
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A Record-Replay approach for efficient
auto-tuning

Tuning with Mneme
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Overview

1.Motivation & Problem Statement
2.RecordrReplay Concept

3.Recording & Replay Mechanics
4.Autotuning (Search Spaces & Derivation)
5.Advanced Tuning ©ptuna)

6.Deployment with Proteus

| Lawrence Livermore
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Performance Optimization in a Nutshell
The manual approach




Performance Optimization in a Nutshell

The manual approach © Manual approsch
o -
S
= Performance
2 bl 1 IO ¢
& O
|
Manual effort
Code Code

& m— ) o

Manually optimizing code requires deep expertise that is hard and expensive to find
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Performance Optimization in a Nutshell
The autotuning approach

Code Code

2o - > 55

| Il Lawrence Livermore 60
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Performance Optimization in a Nutshell
The autotuning approach

O Manual approach

- Auto-tuning approach

| . .

Performance
bl 1 IO ¢

;.
»

Resources

O

Manual effort

Code Code

R e

There exist many autotuning approaches that optimize codes.
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Performance Optimization in a Nutshell
The autotuning approach O Manua approach

/ - ‘ q[\ - Auto-tuning approach

N
4 §
\ ’\, = Performance
i = bl 1 IO ¢
N QO
B A i O N
_ Manual effort
Code Code

Yet, these approaches are impractical and rarely used in large applications as the entire process is impractic
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Performance Optimization in a Nutshell
What happens when code is modified?

kernel N N
A t 1 JI UDGHK B t 131 UIJi K
................... kernel e
kernel ------- Z--—-E-)-"- Changes to 7 -E) -E)
B Uil U |G ———
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Performance Optimization in a Nutshell
The entire process starts from scratch

To optimize asingle kernel, S L NN NN
auto-tuners optimize and require |
the resources of theentire kernel kernel

application | § U S FE changesto b
hangesto TSI
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How do you make autotuning practical?
A multi-phase solution based on the concept of record replay ™

|
(L

Record Application
Code Input
N Code Data
kernel -
o A
£
[ I e Nt W B N
[
S
§ .................
o e,
L kernel =
S B
®
Q
S | S
o
< i
kernel -
C
M Lawrence Livermore
LLNL-PRES2015399

National Laboratory

Replay kernels

1 I 1

Code Data Code " Data Code Data

Skip due
to size

result per kernel
verification timing
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Overview

1.Motivation & Problem Statement
2.RecordTReplay Concept

3.Recording & Replay Mechanics
4.Autotuning (Search Spaces & Derivation)
5.Advanced Tuning ©ptuna)

6.Deployment with Proteus
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Record Replay can provide

n Deterministic
n Repeatable
n Comparable

n Production Data
n Real Memory State

n No synthetic
Kernels

Record
Replay

1 Build Isolation
1 No Full rebuilds

n No app-wide
autotuning

n Kernel Level
Isolation

n Sandboxed
Execution

Lawrence Livermore 67
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Mneme: RecordrReplay for Scalable Optimization

n Deterministic

1 Repeatable U Implements recordrreplay for GPU

n Comparable

U Decouples tuning from application dependencies

1 Production Data
_—O—_ nReal Memory State . )

4, /8 v No synthetic U Integrates with LLVM

Kernels 0o Python accessors to Functions, Blocks, Instructions etc.
0 Proteus is the execution engine and applies optimizations

n Kernel Level
Isolation

n Sandboxed
Execution

v Build Isolation U Exposes replayed kernels to Python ecosystem
n No Full rebuilds
nNo app-wide . . . ] .
; autotuning U Enables autotuning, analysis, and experimentation

Making autotuning and compiler experimentation practical
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Overview

1.Motivation & Problem Statement
2.RecordrReplay Concept

3.Recording & Replay Mechanics
4.Autotuning (Search Spaces & Derivation)
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6.Deployment with Proteus
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High Level Of Execution Phases

7 2 Ridemém LU

wexport LLVM_INSTALL PATH=${ROCM_PATH}
A pip install https:// github.com /Olympus - HPC/Mneme

91 ¢ dIHEFWA e AT DWW+ IHe qc AT

n Apply instrumentation pass to the code

Record the execution of an application

n Check the generated artifacts

Replay a single Kernel

n Verify outputs
n Create your ownautotuner

M Lawrence Livermore 70
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> export LLVM_INSTALL_PATH=${LLVM_PATH}

B u I | d M n e m e > pip install https:/ github.com /Olympus - HPC/Mneme

Python 3.9 Python 3.10 Python 3.11 Python 3.12
ROCmM6.37LLVM 18
ROCM6.4T LLVM 19
ROCM7.17 LLVM 20
NVIDIA (cuda@12.2) Python 3.10 Python 3.11 Python 3.12
LLVM 18
LLVM 19
LLVM 20

On ROCmsystems (AMDLLVM_PATH=${ROCM_PATH}

Lawrence Livermore 7
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O ¢ di1DHEWACcHGIWWIFIHz qc¢c HT I

(1) Include Mneme on build process (2) Configure & Build
>

cmake -BBUILD -SSRC_PRJ\

> cat CMakelists.txt
- DCMAKE_C_COMPILERtmneme config cc) \

find_package (HIP REQUIRED) - DCMAKE_CXX_COMPILEBRfmneme config cxx) \
find_package (mneme REQUIRED) - DCMAKE_PREFIX_PATHmneme config cmakedir )
add_executable (tutorial.exe tutorial.hip ) > cmake -- build BUILD /

add_mnemg tutorial.exe )

All kernel executions become observable and

1
\é‘ The executable carries its own compiler IF|2 @ interceptable
I

| What: What:
i Embedded LLVM IR U Kernel launches go througtProteus API
Why it matters: U Vendor launch APIs are not invoked directly

U Enablespost-mortem analysis and Why It matters:
recompilation U Intercept kernel launches, arguments, launch

(i No need to recover IR from build system or configurations etc. o .
o N6 It DWARc¢c UWHW Wbgqa Uc HOWDWGE ! ¢ a |Jc11|.
source tree
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Record the execution of an application

<1>i | ¢cGlWml AEYI T ¢ HOGWWUF IR q¢c HIDwWIFIH2 qRY U W
with mneme

> mnemerecord -rdb record -db-dir / -vass X\
-- <recordable - executable> \
<arguments> Address Space

Managed by Mneme
(JHighAdressT LowAdresS  Livhskist

Trace of hostdevice Low Address High Address

events

device malloc

device malloc

LLVM IR Code ¢ g
xceaUSWuI UDO Wb w epilogue —

1) Store Mneme Memory to persistent storage (prologue)
2) Query proteus for LLVM IR of the kernel and store into stora@

e ———

3) Launch Kernel (synchronously)
4) Store Mneme Memory to persistent storage (epilogue)

Lawrence Livermore 73
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Record the execution of an application

<1>i | ¢cGWml IHYI | ¢ HG 1IJLWII
with mneme

> mnemerecord -rdb record -db-dir / -vass X\
-- <recordable - executable> \
<arguments>

Lawrence Livermore
National Laboratory ~ LLNL-PRES2015399

£1 H<2>

Recording artifacts are stored unde

/bl 1) EHdB-dil
> treerecord  -db-dir /
' r <st ahashxjson
I 1 DeviceState.epilogue <static - hash>.<dynamic - hash>.mneme
I 1 DeviceState.prologue <static - hash>.<dynamic - hash>.mneme
R

ecordedIR _ <static

- hash>.bc
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Replay a single Kernel

<1> Replay a single kernel invocatio+

> mneme replay \ i E
-rdb record - example - dir / <static -hash>.json \ : !
-rid< dynamic -hash> o0def aul t <O3>0 : LLVMIRCode ®°®° :

o 6 Il o
epilogue -
_ Address Space
Trace of hostdevice events Managed by Mneme
(JHighAdressT LowAdress  Livasdisb

= Instantiate Device Low Address High Address
&Y Memory Space

=) Initialize Memory

: Compile and execute
code through Proteus

é Compare device Automated
memory with epilogue verification
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Replay a single Kernel

<1> B Y E— <2> Execution emits a keyvalue dictionary describing
various metrics

> mneme replay \ "Replay-config": { "Result": {
-rdb record - example -dir / <static - hash> . jSOI’] \ "grid": { “preprc_uce?s_lr_tlme”: 9.2298723757267e-06,
. . < , "x": 40888, opt_time": 0.08662066892898352811,
-rid< dynamic -hash> 60def aul t <O3>¢ "y, "codegen_time": 0.81226967596448958,
"z":1 1 "obj_size": 4792,
. "exec_time": [
"block": { 840848,

"x": 256, 82561,

"y"i o1, 81761,

"z"e 83360,
}, 76528
"shared_mem": 9, 1,
"specialize": false, "verified": true,
"set_launch_bounds": false, "executed"”: true,
"max_threads": null, "failed": false,
"min_blocks_per_sm": @, “start_time": "",
"specialize_dims": false, ‘end_time": "",
"passes": "default<03>", "gpu_id": 8,
"codegen_opt": 3, "const_mem_usage": -1,
"codegen_method": "serial", "local_mem_usage": 8,
"prune”: true, "reg_usage”: 12,
"internalize": true “error”: ""

} }
Lawrence Livermore 76
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Replay a single Kernel

<1> el A shigle e invocatio+ <2> Execution emits a keyvalue dictionary describing
various metrics

> mneme replay \ "Replay-config": { "Result": {
_ _ _di : _ : "grid": { "preprocess_ir_time": 9.2298723757267e-06,
rdb record .example (‘ZIII’ |/ <static hash>.jsor,1 \ S ) ‘opt. time" : 0.006206092890352011
-rid< dynamic -hash> 0def aul t <O3>0 s 1, "codegen_time": 8.01226967596448958,
"z":1 1 "obj_size": 4792,
}or "exec_time": [
3 — "block": { 840480,
oo "x": 256, 82561,
\é These parameters can be modifieg Y, 81761,
"z"e 83360,
_______________________________________ . }, 76520
1 shared_mem": @, I,
i By forming valid configuration ranges of these | — vspecialize”: false, verified*: true,
"set_launch_bounds": false, "executed"”: true,
- parameters one can search the space and tune the o e mited-: fales
1 "min_blocks_per_sm": @ "start_time": "",
I '
a_.[z}z“_C_aEIE)[]_III _respect to some quantlty of interest | rspecialize. dime": false, cend_time": "'
___________________________ J "passes": "default<03>", "gpu_id": @,
"codegen_opt": 3, "const_mem_usage": -1,
"codegen_method": "serial”, "local_mem_usage": 8,
"prune”: true, "reg_usage”: 12,
"internalize": true “error”: ""
} }

Lawrence Livermore
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Replay a single Kernel

<1> Replay a single kernel invocatio+ <2>

"Replay-config": {

> mneme replay \
-rdb record - example - dir / <static -hash>.json \
-rid< dynamic -hash> odef aul t <O3>0

\é These parameters can be modifieg

: By forming valid configuration ranges of these :
- parameters one can search the space and tune the

| ' application in respect to some quantity of interest

- U Execution Time éxec_time) :
-u Register Usagereg_usagg :
. ( Binary Size ¢bj_size) :

Lawrence Livermore
National Laboratory ~ LLNL-PRES2015399

Execution emits a keyvalue dictionary describing
various metrics

e

"grid": {
"x": 40008,
"y"i 1,
"z": 1

"block" : {
"x": 256,
"y"i o1,
"z" 1

}
"shared_mem"”: 8,
"specialize": false,

"set_launch_bounds": false,

"max_threads": null,
"min_blocks_per_sm": 8,
"specialize_dims": false,
"passes": "default<03>"
"codegen_opt": 3,

"codegen_method"”: "serial”

"prune”: true,
"internalize": true

"Result": {
"preprocess_ir_time":
"opt_time": ©.886206892898352811,
"codegen_time": 8.81226967596448958,

"obj_size": 4792,
"exec_time": [
84040,
82561,
81761,
83360,
765208

"verified": true,
"executed": true,
"failed": false,
"start_time": "",
"end_time": "",
"gpu_id": 8,

"const_mem_usage": -

"local_mem_usage" :
"reg_usage”: 12,
“error”: ""

9.2298723757267e-06,
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Overview

1.Motivation & Problem Statement
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How do you go from a single replay to autotune?

&3 Instantiate Device
& Memory Space

(225 Initialize Memory

‘ Compile and execute
&J' code through Proteus

Compare device
memory with epilogue
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How do you go from a single replay to autotune?

Instantiate Device
Memory Space
Select configuration

parameters

% Initialize Memory

—

Compile and execute
code through Proteus

Compare device
memory with epilogue
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Mneme Autotuning Concepts

U Mneme users definesearch spaces that describe ranges of possiblegparameters
0 9.0 ®i O 6 & ¢aHUDENRABTPST

U A user chosenSampler selects parameter values

U Parameters must be derived taeplay configuration points
0 eg.6 a¢ @ AWAWDI O a6 o HDOHENT § T

U Configuration Points are submitted to aeplay-executor
and the replay-executor returns a result

Lawrence Livermore 82
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Define a search space

class EntireSpace(SearchSpace):
Search Spaces get access to the recorded def _init_(seu,T;ecorded_kernel: RecordedExecution.KernelInstance]}:
1 fi . self.grid_dim_x" = recorded_kernel.grid_dim.x
con |gurat|on. self.grid_dim_y = recorded_kernel.grid_dim.y

self.grid_dim_z recorded_kernel.grid_dim.z

self.block_dim_x
self.block_dim_y

<2> The class needs to define a composition glf self.block_dim_z
parameters as a spac

recorded_kernel.block_dim.x
recorded_kernel.block_dim.y
recorded_kernel.block_dim.z

self.shared_mem = recorded_kernel.shared_mem

self._search_space = {
"specialize": BoolParam("specialize"),
"set_launch_bounds": BoolParam("set_launch_bounds"),
"specialize_dims": BoolParam("specialize_dims"),

<3> The class is required to override the }
dimension() function. def dimensions(self):
return self._search_space
Lawrence Livermore
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A user chosenSampler selects parameter values

(1) Selects a sampling strategy

, U ExhaustiveSampling
| U OptunaSampingStrategy

1
|
I
|
. 1
o Parameterized by the study I
mpt ¢cO0GOUI W ;
o TPESampler |

0 NSGAIlISampler |

I

________ Bl ! SS = (ExhaustiveSamplingStrategy(space)
(for i, config in enumerate(SS):]
(2) lterate over samples

U Internally we perform a call back,
to SearchSpace.derived)
method
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Parameters must be derived taeplay configuration
F)()if]tfs (“self._search_space = {

"specialize": BoolParam("specialize"),
"set_Tlaunch_bounds": BoolParam("set_launch_bounds"),

<1> DerivingExperimentConfigurations "specialize_dims": BoolParam("specialize_dims"),
is extremely powerful \J
def derived(self, params) —> ExperimentConfiguration:
Search Space derived_config = {
"block": {

"x": self.block_dim_x,
"y": self.block_dim_y,
"z": self.block_dim_z,

O— Parameter },
A llgridll

A

: {"x": self.grid_dim_x,
Deterministic parameter derivation “y": self.grid_dim_y,
decouples the tuning parameter space "z": self.grid_dim_z},

"shared _mem": self.shared_mem,

"'specialize'": params["specialize"],

Replay "set launch_bounds": params["set_launch_bounds"],
. Configuration Point ! spec1a112e_d1ms : params|["specialize_dims"],

from the replay space

return ExperimentConfiguration.from_dict(derived_config)

Lawrence Livermore
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Configuration Points are submitted to areplay-
executor and he replay-executor returns a result

“R?z:i;;;ciss_ir_time”: 9.2298723757267e-06, exe C u t 0 r = AS yn C Re p -LayExe C u t 0 r (

“opt_time": ©.0862066928908352011,

"codegen_time": 6.81226967596448958, reco rd_d b=a rg S [} reCO rd_d b ]

"obj_size": 4792,

"exec_time": [ reco rd_id=a rgS [ reCO rd_id !

840640,

82561, iterations=5,

81761,

tacs. results db dir="./",

76528

']'\’:erifiecl": true, n um_WO rke rs=1 7

"executed": true,

"failed": false, )

"start_time": "",

"end_time": "",

"gpu_id": 8, .

‘const.nen_ussge” : -1, val = executor.evaluate(config)
ocal_mem_usage": 8,

"reg_usage”: 12,
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A simple example with a weather simulation kernel

(1) Configure & Build (3) Check generated artifacts

> cmake -BBUILD - S <mneme-repo>/examples/  hecbench / \ > free /var/ tmp Awsm5 - tutorial/
- DCMAKE_C_COMPILERtmneme config cc) \ ar/  tmp Awsms - tutorial/
- DCMAKE_CXX_COMPILERBEMneme config cxx) \ Srr 2192356271952697806. ] son
- DRI NElE e tELE P on | srrDeviceState. epilogue. 21923562719526
- DCMAKE_PREFIX_PATHB{mneme config cmakedir )

713119.mneme
> cmake -- build BUILD / ST T

DeviceState.prologue.2192356271952697806.4809330650447713

119.mneme
Rrr Recordedl R_2192356271952697806. bc
<2> Wrap wsmb5 execution with mneme
4 Tune the kernel
> mneme record -- record -db-dir /var/ tmp/wsmb5 - tutorial/ \ Q
- .Jwsm5/wsm5 1
Average kernel execution time: 598.550455 ( ms) > python ./wsm5/  tune.py -- record -db \
Checksum: rain = 2.759990 snow = 2.759990 Ivar/  tmp /wsmb - tutorial/2192356271952697806.json \

-- record -id 4809330650447713119
Average baseline time 557865817.1428572

Best config has specialize: True and specilize_dims : True
and set launch bounds: True shows speedup over base line:
1.6735922250391375  and total time: 333334374.28571427

Lawrence Livermore 87
National Laboratory ~ LLNL-PRES2015399



. B
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JWa 6 JWHEYUNRRN2 | ¢ q

self._search_space = {
"specialize": BoolParam("specialize"),
"set_launch_bounds": BoolParam("set_launch_bounds"),
"specialize_dims": BoolParam("specialize_dims"),
["passes": CategoricalParam("passes", ["3", "2", "1", "s", "z",]J

)

def derived(self, params) -> ExperimentConfiguration:
derived_config = {
"block": {
"x": self.block_dim_x,
"y": self.block_dim_y,
"z": self.block_dim_z,
}
"grid": {"x": self.grid_dim_x, "y": self.grid_dim_y, "z": self.grid_dim_z},
"shared_mem": self.shared_menm,
"specialize": params["specialize"],
"set_launch_bounds": params|["set_launch_bounds"],
"specialize_dims": params["specialize_dims"],
[ "passes": f"defau1t<0{params['passes']}>",]

}

return ExperimentConfiguration.from_dict(derived_config)
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Tune the kernel

> python ./wsm5/  tune.py -- record -db \
Ivar/  tmp /wsmb5 - tutorial/2192356271952697806.json \ -- record -id 4809330650447713119
Average baseline time 557865817.1428572

Best config has optimization pipeline default<O1>, specialize: True and specilize_dims :False and
set launch bounds: True shows speedup over base line : 1.9499789602050337  and total time: 285934005.8571428

No need to record or reconfigure the application, just increase the search space and execution time drops

from 333ms to 285ms
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Overview

1.Motivation & Problem Statement
2.RecordrReplay Concept

3.Recording & Replay Mechanics
4.Autotuning (Search Spaces & Derivation)
5.Advanced Tuning (Optuna)
6.Deployment with Proteus
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Optuna & Continuous Search Spaces

UseminiFEas an example.
#if defined(MINIFE_CSR_MATRIX)
template<typename MatrixType>
__global__ void matvec_kernel(const MINIFE_LOCAL_ORDINAL rows_size,
const typename MatrixType::LocalOrdinalType *Arowoffsets,
const typename MatrixType::GlobalOrdinalType *Acols,

U SparseMaz‘Vev IS a: const typename MatrixType::ScalarType *Acoefs,
o Grid-stride loop kernel const typename MatrixType::ScalarType *xcoefs,
o Launch-agnostic kernel ; typename MatrixType::ScalarType *xycoefs)
0 Execution-configuration MINIFE_LOCAL_ORDINAL stride = blockDim.x * gridDim.x;
independent kernel MINIFE_LOCAL_ORDINAL start = blockIdx.x * blockDim.x + threadIdx.x;
U How can someone tune: for(MINIFE_LOCAL_ORDINAL row = start; row < rows_size; row+=stride) {
i Launch Bounds MINIFE_GLOBAL_ORDINAL row_start Arowoffsets[row];

MINIFE_GLOBAL_ORDINAL row_end
MINIFE_SCALAR sum = 0;

3 o _ Arowoffsets[row+1];
U Gridimensions

U Block Dimensions
// Use the unroll factor in the OpenMP program
#pragma unroll 27

for(MINIFE_GLOBAL_ORDINAL i = row_start; i < row_end; ++i) {
sum += Acoefs[i] * xcoefs[Acols[il];
}

ycoefs[row] = sum;
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Optuna & Continuous Search Spaces
miniFE¢c  Wec U+ ¢ 0 GG JOWce Ys Wl YWHE Gagel YW e#6WbAYUI Ra

(l Generate a unit hypercubd Tip]

o Every dim in the hypercube represents the range of minimum to maximum valid values

class EntireSpace(SearchSpace):
def __init_ (self, recorded _kernel: RecordedExecution.KernelInstance):

self.recorded_kernel = recorded_kernel

self.original_size = recorded_kernel.grid_dim.x * recorded_kernel.block_dim.x

_pos_min_val = sys.float_info.min * sys.float_info.epsilon

self._search_space = {
"warp_fraction": RealRangeParam("warp_fraction", _pos_min_val, 1.0),
"grid_fraction": RealRangeParam('"grid_fraction", _pos_min_val, 1.0),
"max_threads": RealRangeParam('"max_threads", _pos_min_val, 1.0),
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Optuna & Continuous Search Spaces

miniFEas an example. Derive fractions to concrete replay values

1 Compute number of threads by computing 4 )
maximum number of warps * fraction

. J

2 Compute the maximum number of blocks by 4 )
taking into account the number of threads

Do the same for launch bounds. Launch \ S
bounds need to be larger or equal to the

number of threads and smaller to 1024 - N

r
.

Map the computed values to the derived
config (' '\
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