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Introductionandcontext

Most scientific simulations
* Require intensiveomputations
« Arefrequently based orparallel iterative processes

Classical development process:

1. Sequential (optimizedjersion
2. CPUmulti threaded version

113, GPUersion ) + multi machinesversion

(if needed)

<

We proposeto invert the parallel development process
e Beginwith the GPUversion
« Torapidly derive efficientCPUversions vectors +hreads(+ MPI)
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Testcaseapplication:Discontinuous Galerkin
schemes foComputational Fluid Dynamics

Representative ofome computentensiveapplications

We consider the2Dtime dependant compressiblBlavierGtokes
equations

Example: i
Yee'svortex with the full NSequations : /
Numerical method: ] .
o Space2ndorder Discontinuougsalerkin, | J
« Time:3rd order TVDRungeKutta, -
 Boundaries:XandY periodic. /
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Testcaseapplication:Discontinuous Galerkin
schemes foComputational Fluid Dynamics

Representative ofome computentensiveapplications

We consider the2Dtime dependant compressiblBlavierGtokes
equations

AE Storagespaceper array of variables: Nygeqs X Ny X Ngyis
N..ets NUMberof polynomialcoefficients (6 for 2D secondorder polynomials)
N.- numberof equations(4 in our case)

Neens= Ny X N: numberof cellsin the xandy directions

cells

/E 3 doubleprecisionarrays.current state, previoustime stepandtime derivatives

A Memorycost Gx (6x4x N, * 8Bytes

Ex: 2001x 2001mesh R.3GBytes
2731%x 2731mesh H.3 GBytes
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Unified Development Approach

GPUand CPUhavedifferent architectures,BUT:

Today both usersectorization
* Vectorsfor CPU
 Warpsfor GPU

AEEfficientcomputing scheme oiGPUshould provide:
o Compliant CPdcheme with minor adaptations
» EfficientCPUexecution

Optimized GPprogramming:

 Islowfevel («closeto the metal»)
* low ftevel APlcubappencLallows accurate ctrof computations

AEClear impacbf optimization attempts onGPU
Elnterest ofusing GPlasthe first development step
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Unified Development Approach

Example ofGPUkernel translated into avectorized CPWunction

2D Grid ofblocksof CUDAhreads AECPUhested loops

2D CUDA-GPU code 2D CPU code (vectorized with icc)
1 void _ global  function(...) 1 wvold funetion(...)
2 { 2 {
3 //Thread index in x-direction 3 //Loop an y-direction
4 ik Eidy = cwul 4 ¥ for
5 //Thread index in y-direction 5 for (tidy=0; tidy<Ny; tidy++)
6 intk Eidy = aweg 6 {_
7 //Logical condition 7 //Loop on x—direction
8 //to make computations 8 # simd N
9 1if(tidx<Nx && tidy<Ny) 9 for{tidx=0; tidx<Nx; tidx++)

10 { 10 {

11 ... //Copy to CPU code m—m—) (. ..] //Insert from GPU code
2 }




Optimization guidelineverview

4 crucial GPUoptimizations applied tothe CPWversion
1. Reduce accesses tlistantmemories
2. Merge kernels which share theame memorypatterns
3. Simplify andactor computations
4. Align dataincludingtiling: CPUspecific optimizatioh

+ CPUspecific optimizations
a. Vectorization tuning
b. Datalocality improvement
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Optimization guidelineGPU AZCPU (1)

1. Reduce accesses thstant memories

Transferedundantaccesse$o global/DRANMMemoryinto registers
AGPUavoidsunnecessaraccesse$o globalmemory
ACPUmprovesdatacachelocality

__global
void func(double *results, int N)

Int tidx = threadldx.x;

N

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

} results[tidx] += ...
}

__global
void func(double * _restrict__ results, int N)

Int tidx = threadldx.x;

V1 ('j'c}uble loc_result = results[tidx];

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

AEOnly lread
loc_result += ... and 1 write to
results(] array

results[tidx] = loc_result;

}

Parco rSeptember 2017 Bologna taly
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Optimization guidelineGPU A£CPU (2)

2. Merge kernels which share theame memorypatterns

AGPUimits its numberof accesse$o distantmemoriesby improving
the re useof distantvariables

ACPUncreasests cachere use

1. Compute the time-step 1. Compute the time-step
2. For s Runge-Kutta step: 2. For s Runge-Kutta step:
a. Convective fluxes in X ’ a. Compute local viscosity
b. Convective fluxesinY b. All fluxes in X
c. Convective integral c. All fluxesinY
d. Compute local viscosity d. Integral+Runge-Kutta
e. Viscous fluxes in X
f. Viscous fluxes in'Y
g. Viscous integral
h. Runge-Kutta propagation | EX:GPUperf x1.75,CPWerf x1.37
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Optimization guidelineGPU ACPU (3)

3. Simplify andfactor computations

e Suppress nomssentialvariables o Controlwhetheror
« Storerecurrentcomputationsin interr not a staticloop
mediatevars(mult by const,const squaraoots,...)  Shouldbe unrolled
#pragma unroll double isqrtOp5 = 1/sqgrt(0.5);
for(int i=0; I<SIZE; i++) { double inv3 = 1/3;
| #pragma unroll //Keep it ?
double val = ... l/>for(int 1=0; I<SIZE; i++) {
double cO = 1/(sqrt(0.5)*val)*...
double cl1 = 1/(3*val)*... double val = ...
double ival = 1/val,
} double cO = isgrtOp5*ival*...
double cl1 = inv3*ival*...
}

AThemosttime consuming

developmentstep Ex:GPUWperf x1.21,CPUperf x1.82
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Optimization guidelinegGPU ACPU (4)

4. Align data

 GPUaligndataacces®nwarpsize: 32 (staticsize)
AEensures coalescemhemoryaccesses

AGPWerf x1.03on our problem

e CPU:
1. Addatiling algorithm
Insideeachthread computations
ACPWerf x1.23

2. Usestatictile size

ACPWerf x1.19
Tiling for one OpenMP thread

Static tile size Astatic nbof loop iterations Abetter vectorization
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Optimization guidelineCPU specific (1)

a. Vectorization tuning

Previousoptimizationsstepstend to createhugevectorized loopd
AEhighincreaseof registerpressure
AEnot suitablefor CPUvectorization...

So...we adjustedour CPWvectorization strategy
1. by SIMDIloopsinto smallerloops

2. #pragmasimd A#pragmavectoralways

tellsthe compilerto performauto vectorization ifthe loop doesnot carry
dependencies

Compromisealistantmemory

AECPperf x1.03 accesses reductianregister pressuré

for optimal CPWectorization
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Optimization guidelineCPU specific (2)
b. Datalocality improvement

MPI1OpenMPversionof the CPUcode Ato improvedatalocality

 Memorylocationsof datausedin (only)one MPIlprocess
andits threadswill be closeto their associatectores

e Thisoptimizationis well suitedto NUMAarchitectures
(andmanymachinesare becomingNUMAmachined)

ACPWerf x1.03

Thedomaindecompositiorhasbeenperformedalongthe y axisby
usinga ghostcelltechniqueto shareboundariesof neighbouring
domainsbetweenMPIprocesses
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Experimental steps gerformancegl)
Codeversions CPUESr Speedup vs| Progressive] GPUK20Xm | Speedup vk Progressive
1650v3(6th) | seq. CPU speedup seq. CPU | speedup
Seq.CPU \(1th) 8.35x10%cus 1.00

CPW1 (OMP+simd 0.59x1(cus 7.01 7.01
pragmas)

GPUv1 (CUDA) 1.44x10cus  17.21 17.21

cus:Cell Update/s

2001x 2001cells
100steps
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Experimental steps @erformanceg2)

Codeversions CPUESr | Speedup vsl Progressivel GPUK20Xm | Speedup vs Progressive
1650v3(6th) | seq. CPU speedup seq. CPU | speedup

Seq.CPU\(1th)  8.35x1C*cus 1.00

CPW1 (OMP+simd 0.59x10°cus 7.01 7.01
pragmas)
GPUv1 (CUDA) 1.44x10Ccus_  17.21 17.21
Reduced accesses 0.81x1(°cus 9.63 1.36 <}:|5.71x1060us\1 68.36 3.97
to distant mem. \_}L
Merged funcs with  1.09x10°cus 13.05 1.37 <=210.0x1CPcusY 119.62 1.85
same mem pattern

“Simplificationof ~ 2.01x1CPcus  24.05 1.82 ¢=312.1x1CPcusv 14500 121
computations J
CPUONly: Tiling 2.48x10°cus 29.72 1.23 r r r
(cacheoptim)
Dataalignment 2.86x1(Pcus 34.25 1.19 {=112.5x1Pcusv 149.53 1.03

cus:Cell Update/s

2001x 2001cells
100steps
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Experimental steps gerformanceg3)

Codeversions CPUESr | Speedup vsl Progressivel GPUK20Xm | Speedup vs Progressive
1650v3(6th) | seq. CPU speedup seq. CPU | speedup

Seq.CPU\(1th)  8.35x1C*cus 1.00

CPW1 (OMP+simd 0.59x10°cus 7.01 7.01
pragmas)
GPUv1 (CUDA) 1.44x10Ccus_  17.21 17.21
Reduced accesses 0.81x1(°cus 9.63 1.36 <= 5.71x1060us\1 68.36 3.97
to distant mem. \_}L
Merged funcs with  1.09x10°cus 13.05 1.37 <=210.0x1CPcusY 119.62 1.85
same mem pattern

“Simplificationof ~ 2.01x1CPcus  24.05 1.82 ¢=312.1x1CPcusv 14500 121
computations J
CPUONly: Tiling 2.48x10°cus 29.72 1.23 r r r
(cacheoptim)
Dataalignment 2.86x1(Pcus 34.25 1.19 {=112.5x1Pcusv 149.53 1.03
CPUONly: Tuning 2.96x105cu51 35.44 1.03 .Cell Undate/
on vectorization l Cus.Lell Update/s
CPWONl:MPI+  3.05x1Pcus®  36.52 1.03 2001x 2001cells
OMP (3 proc x 2th) 100steps
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Experimental testbed

Hardware: OperatingSystem:
 BisocketE5P698v3 o e Linux
 BisocketE5£680v4 ¥e°
. KNL7250 *eoWQ Compilers:

e CUDAB
. K40 c®
« P100540GB/s ICCoptions:
« P100720GB/s

03

Application: march=native
o 2DDiscontinous Galerkin fma

(NSequations) align

e Gridsize2731x2731
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Experimental fingberformancegl)

Applying our
optimisation
guideline

KNL7250with
16GBMCDRAM

( GOOGB/s)
AEalittle bit faster
than GPWK20Xm
and GPWK40
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Experimental fingberformanceg?2)

ButcPur100| P 100

great winner!!
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Experimental singléhreaded
cacheroofline profile

Perf(GFLOP®n one E52680v4core
(measured with InteAdvisor 2017) SPvector FMApeak(singleth)

86.6

Timeconsuming loops DPvector FMApeak(singleth)

Above L2BdW limit (good) A SPvector Add peaksingleth)
DPvector Add peaksingleth)

Scalar Add peaisingleth)

Globalapplication

Storagefunction
(not significant)

Arithmetic Intensity (FLOPS/Byte)
0.016 1.65
Parco rSeptember 2017 Bologna Jtaly
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Foundation oHybrid solution

GPU CPU
Alargeblockof n, light threads OneCPUhreadwith VSIZsector units

LSS S i

AVAVA aVs ST
Anarray ofn data Anarray ofn data
n=ny, xVSIZ N =ny, X NP % VSIZ
Ex:12=12x1 Ex:12=1x3%x4
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Hybrid implementation

Commonsrc code
for CPU& GPU

- —/

« C++Hemplate code,parametered with thenb of elements processed bgach thread
(ignored when notusing theright compilerandarchitecture)
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Hybrid system

MPI Process (

MPIProcess 1

MPIProcess 2

MPIProcess 3
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Sketchof hybridized code

manag® Py
PU\?\ proces® O"’7er{:} Manag
by M Mip, o Oidb
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Experimental Hybrid Performance

Devices CPuun: GPUrun: Hybrid run:
2XE5P680v4 | P100(540GB/s) | 2xE52680v4+P100

Perf(x10° cus) 10.4 37.0 46.0
\ J

I

Maximumperf: 10.4+37.0=47.4

\ 4
Closeto ideal
(hybrid) performances
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Conclusio& Perspective

* Generalprogramming guidelindor moderncomputing devices
CPUNUMACPUGPU XeonPhiKNL

« Highly efficientwith the Discontinuous Galerkiproblem
Should also be efficiendn other highly vectorizable problems

 Common(hybrid)computing kernel forall devices
Inserted ina hybrid sourcecode(for CPU+GPbhachines)

AGPUdevelopment also valuable fasther (vector)targets
fEIncreases thenterest of developing firston GPU

Perspective:
(Halfj Automatic codegeneration forCPUrom the GPUone
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Towards dJnified CPUGPUcodehybridization:
A GPUBased Optimization Strategy Efficieani Other
Modern Architectures

Questions?

We proposeto invert the parallel development process:
e Beginwith the GPWversion
« Torapidly derive efficientCPUWersionsyvectors +Hhreads(+MPI)
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