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Matlab & (CPU, GPU) Matlab & (CPU, GPU) & MUST Matlab & (CPU, GPU) & Deep Learning (DL)

Pour quoi, qui ? Comment@Matlab ? Comment@Client ?

Calcul à Hautes Performances Architectures duales (CPU, GPU)

Matlab@Programmeurs

Calculs CUDA@GPU “via” Matlab :

Conversion (moindre effort) de code Matlab;

Distribution d’une partie conséquente de ce code
sur GPU;

Accélération des calculs massifs (4x à 20x).

CUDA@Programmeurs

Exploiter l’ergonomie Matlab pour:

Évaluer (tests) des noyaux CUDA;

Explorer les paramètres d’une
combinaison de noyaux CUDA.
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Matlab & (CPU, GPU) Matlab & (CPU, GPU) & MUST Matlab & (CPU, GPU) & Deep Learning (DL)

Pour quoi, qui ? Comment@Matlab ? Comment@Client ?

GPU coder Optimisation sur les architectures duales (CPU, GPU)

T = Partitionnement d’un programme séquentiel et génération d’un code CUDA

S =

 Exécuter les opérations massivement parallèle sur GPU.
Exécuter les sections séquentielles de codes sur CPU.
Minimiser les coûts de communication/transfert entre CPU et GPU.

GPU Coder = TOptimal / Sous contraintes : S
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Pour quoi, qui ? Comment@Matlab ? Comment@Client ?

Exemple1@CPU

M3D = rand(NbSamples, NbSamples,
NbIteration);
M2D = rand(NbSamples,NbSamples);
parfor/for idx = 1:NbIteration

mtimes(squeeze(M3D(:,:,idx)),M2D);

end

Exemple1@(CPU, GPU)

Adaptation (1)
M3D = rand(NbSamples, NbSamples, NbIteration, ’gpuArray’);
M2D = rand(NbSamples,NbSamples, ’gpuArray’);
parfor/for idx = 1:NbIteration

mtimes(squeeze(M3D(:,:,idx)),M2D);

end

Adaptation (2)
@() pagefun(@mtimes, rand(NbSamples, NbSamples,

NbIteration, ’gpuArray’), rand(NbSamples, ’gpuArray’));

Exemple2@CPU

function u=WaveEquationCPU(u, un , h, b, NbIteration)

for i=1:NbIteration
v=conv2(u, h, ’same’);
utemp = 2u − un + v − b(u − un) ;
un = u;
u = utemp;

.

.

.
end

end

Exemple2@(CPU, GPU)

function u=WaveEquationGPU(u, un , h, b, NbIteration)
u=gpuArray(u); un=gpuArray(un); h=gpuArray(h);
for i=1:NbIteration

v=conv2(u, h, ’same’);
utemp = 2u − un + v − b(u − un) ;
un = u;
u = utemp;

.

.

.
end

u=gather(u);

end
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GPUs sur MUST CPU versus GPU@MUST GPU∗ versus GPU-Cécile PoolCPU@GPU Problème ?

Informations sur les cartes GPU via Matlab

%% Nombre de cartes GPU
>> N = gpuDeviceCount()

1

%% Informations sur la carte GPU n
>> ContenuCarteGPU = gpuDevice(n)

%% Selection/Imposer - carte GPU
if N > 1

gpuDevice(2)
else

gpuDevice(1)
end

MUST-1 @localGPU∗

gpuDeviceCountM1 2
Name ’Tesla K80’

ComputeCapability ’3.7’
SupportsDouble 1

DriverVersion 9.1000
ToolkitVersion 8

MaxThreadsPerBlock 1024
MaxShmemPerBlock 49152
MaxThreadBlockSize [1024 1024 64]

MaxGridSize [2.1475e+09 65535 65535]
SIMDWidth 32

TotalMemory 1.1997e+10
AvailableMemory 1.1862e+10

MultiprocessorCount 13
ClockRateKHz 82 3500

MUST-2 @localGPU-Cécile

gpuDeviceCountM2 1
Name ’Tesla V100-PCIE-16GB’

ComputeCapability ’7.0’
SupportsDouble 1

DriverVersion 9.2000
ToolkitVersion 9.1000

MaxThreadsPerBlock 1024
MaxShmemPerBlock 49152
MaxThreadBlockSize [1024 1024 64]

MaxGridSize [2.1475e+09 65535 65535]
SIMDWidth 32

TotalMemory 1.6946e+10
AvailableMemory 9.2931e+09

MultiprocessorCount 80
ClockRateKHz 1 380 000
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GPUs sur MUST CPU versus GPU@MUST GPU∗ versus GPU-Cécile PoolCPU@GPU Problème ?

NbSamples = 10 (liluputiens) / 5000 (titans)

NbIteration = 10 (liluputiens) / 1000 (titans)

Exemple1@CPU

M3D = rand(NbSamples, NbSamples,
NbIteration);
M2D = rand(NbSamples,NbSamples);
parfor/for idx = 1:NbIteration

mtimes(squeeze(M3D(:,:,idx)),M2D);

end

Exemple1@GPU

CPU2GPU Adaptation 1
M3D = rand(NbSamples, NbSamples, NbIteration, ’gpuArray’);
M2D = rand(NbSamples,NbSamples, ’gpuArray’);
parfor/for idx = 1:NbIteration

mtimes(squeeze(M3D(:,:,idx)),M2D);

end

CPU2GPU Adaptation 2

@() pagefun(@mtimes, rand(NbSamples, NbSamples,

NbIteration, ’gpuArray’), rand(NbSamples, ’gpuArray’));

Exemple2@CPU

function u=WaveEquationCPU(u, un , h, NbIteration)
% Size of wave field = 3000x3000 pixels
for i=1:NbIteration

v=conv2(u, h, ’same’);
utemp = 2un − u + v ;
un = u;
u = utemp;

.

.

.
end
%%%%%%%

end

Exemple2@GPU

function u=WaveEquationGPU(u, un , h, NbIteration)
u=gpuArray(u); un=gpuArray(un); h=gpuArray(h);
for i=1:NbIteration

v=conv2(u, h, ’same’);
utemp = 2un − u + v ;
un = u;
u = utemp;

.

.

.
end
u=gather(u);

end
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GPUs sur MUST CPU versus GPU@MUST GPU∗ versus GPU-Cécile PoolCPU@GPU Problème ?

NbSamples = 10 (liluputiens) / 5000 (titans)

NbIteration = 10 (liluputiens) / 1000 (titans)

Exemple1@CPU 59.6” [titans]

M3D = rand(NbSamples, NbSamples,
NbIteration);
M2D = rand(NbSamples,NbSamples);
parfor/for idx = 1:NbIteration

mtimes(squeeze(M3D(:,:,idx)),M2D);

end

Exemple1@GPU 0.8” [titans]

CPU2GPU Adaptation 1
M3D = rand(NbSamples, NbSamples, NbIteration, ’gpuArray’);
M2D = rand(NbSamples,NbSamples, ’gpuArray’);
parfor/for idx = 1:NbIteration

mtimes(squeeze(M3D(:,:,idx)),M2D);

end

CPU2GPU Adaptation 2

@() pagefun(@mtimes, rand(NbSamples, NbSamples,

NbIteration, ’gpuArray’), rand(NbSamples, ’gpuArray’));

Exemple2@CPU 53.0” [titans]

function u=WaveEquationCPU(u, un , h, NbIteration)
% Size of wave field = 3000x3000 pixels
for i=1:NbIteration

v=conv2(u, h, ’same’);
utemp = 2un − u + v ;
un = u;
u = utemp;

.

.

.
end
%%%%%%%

end

Exemple2@GPU 1.6” [titans]

function u=WaveEquationGPU(u, un , h, NbIteration)
u=gpuArray(u); un=gpuArray(un); h=gpuArray(h);
for i=1:NbIteration

v=conv2(u, h, ’same’);
utemp = 2un − u + v ;
un = u;
u = utemp;

.

.

.
end
u=gather(u);

end
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GPUs sur MUST CPU versus GPU@MUST GPU∗ versus GPU-Cécile PoolCPU@GPU Problème ?

NbSamples = 10 (liluputiens) / 5000 (titans)

NbIteration = 10 (liluputiens) / 1000 (titans)

Exemple1@CPU 5.56” [liluput!s]

M3D = rand(NbSamples, NbSamples,
NbIteration);
M2D = rand(NbSamples,NbSamples);
parfor/for idx = 1:NbIteration

mtimes(squeeze(M3D(:,:,idx)),M2D);

end

Exemple1@GPU 0.01” [liluput!s]

CPU2GPU Adaptation 1
M3D = rand(NbSamples, NbSamples, NbIteration, ’gpuArray’);
M2D = rand(NbSamples,NbSamples, ’gpuArray’);
parfor/for idx = 1:NbIteration

mtimes(squeeze(M3D(:,:,idx)),M2D);

end

CPU2GPU Adaptation 2

@() pagefun(@mtimes, rand(NbSamples, NbSamples,

NbIteration, ’gpuArray’), rand(NbSamples, ’gpuArray’));

Exemple2@CPU 0.1” [liluput!s]

function u=WaveEquationCPU(u, un , h, NbIteration)
% Size of wave field = 3000x3000 pixels
for i=1:NbIteration

v=conv2(u, h, ’same’);
utemp = 2un − u + v ;
un = u;
u = utemp;

.

.

.
end
%%%%%%%

end

Exemple2@GPU 0.5” [liluput!s]

function u=WaveEquationGPU(u, un , h, NbIteration)
u=gpuArray(u); un=gpuArray(un); h=gpuArray(h);
for i=1:NbIteration

v=conv2(u, h, ’same’);
utemp = 2un − u + v ;
un = u;
u = utemp;

.

.

.
end
u=gather(u);

end
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GPUs sur MUST CPU versus GPU@MUST GPU∗ versus GPU-Cécile PoolCPU@GPU Problème ?

MUST-1 @localGPU∗

gpuDeviceCountM1 2
Name ’Tesla K80’

ComputeCapability ’3.7’
SupportsDouble 1

DriverVersion 9.1000
ToolkitVersion 8

MaxThreadsPerBlock 1024
MaxShmemPerBlock 49152
MaxThreadBlockSize [1024 1024 64]

MaxGridSize [2.1475e+09 65535 65535]
SIMDWidth 32

TotalMemory 1.1997e+10
AvailableMemory 1.1862e+10

MultiprocessorCount 13
ClockRateKHz 82 3500

MUST-2 @localGPU-Cécile

gpuDeviceCountM2 1
Name ’Tesla V100-PCIE-16GB’

ComputeCapability ’7.0’
SupportsDouble 1

DriverVersion 9.2000
ToolkitVersion 9.1000

MaxThreadsPerBlock 1024
MaxShmemPerBlock 49152
MaxThreadBlockSize [1024 1024 64]

MaxGridSize [2.1475e+09 65535 65535]
SIMDWidth 32

TotalMemory 1.6946e+10
AvailableMemory 9.2931e+09

MultiprocessorCount 80
ClockRateKHz 1 380 000

MUST-1@K80 @localGPU∗

MTimes-Rand-3Dx2D: 9.460067

Wave-Propagation-Equation: 4.364735

MUST-2@V100 @localGPU-Cécile

MTimes-Rand-3Dx2D: 0.833975

Wave-Propagation-Equation: 1.632387
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GPUs sur MUST CPU versus GPU@MUST GPU∗ versus GPU-Cécile PoolCPU@GPU Problème ?

Si pool CPU plus conséquent Matlab@GPU ↗
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GPUs sur MUST CPU versus GPU@MUST GPU∗ versus GPU-Cécile PoolCPU@GPU Problème ?

Versions Matlab / CUDA Toolkit / ∃ance Matlab-Built-In@GPU

Error In DeepSegmentLearningGPU (line 176) → MultivariateKernelDensity
There is a problem with the graphics driver or with this GPU device.
Be sure that you have a supported GPU and that the latest driver is installed.
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Deep & Codeur GPU Analyseur de Réseau DL Designer de Réseau DL

layers = [ imageInputLayer([512 512 3])
convolution2dLayer([3 3],96);

. . .
softmaxLayer()
pixelClassificationLayer() ]

opts = trainingOptions(’sgdm’,...
’ExecutionEnvironment’, ’multi-gpu’);

MATLAB & GPU & MUST Abdourrahmane M. Atto - LISTIC - USMB 10/14
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Deep & Codeur GPU Analyseur de Réseau DL Designer de Réseau DL

>> net = alexnet; >> analyzeNetwork(net)
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Deep & Codeur GPU Analyseur de Réseau DL Designer de Réseau DL

>> net = googlenet; >> analyzeNetwork(net)
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Deep & Codeur GPU Analyseur de Réseau DL Designer de Réseau DL

Outil pour DL Designer >> deepNetworkDesigner
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Deep & Codeur GPU Analyseur de Réseau DL Designer de Réseau DL

>> deepNetworkDesigner Une histoire de chemins

Explorer les chemins le jour chasse la peur de se promener la nuit.
Aller là où il n’y a pas de chemin et laissez une trace (RWE).

Le chemin se construit en marchant (AM). La bonne volonté raccourci le chemin (BR).
Si vous ne savez pas où vous allez, n’importe quel chemin vous y mènera (LC).

La route fût longue mais le chemin est beau (DPY).

Si tous les chemins mènent à l’IA, les Krees sont une facette de l’homo-3.0 au sens du Suprémor.
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Analyse DL de violence visuelle à partir de vidéos

Violence (observable) Violence (observations) Résultats DL sur Violence

Application DL pour la détection de violence visuelle par analyse de vidéos

[1] A. M. Atto, A. Benoit, P. Lambert,
Hilbert Based Video To Timed-Image Filling and Learning To Recognize Visual Violence

https://dx.doi.org/10.13140/RG.2.2.12648.11526/1
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Analyse DL de violence visuelle à partir de vidéos

Violence (observable) Violence (observations) Résultats DL sur Violence

Observables Examples

Violence from interactions (external induction)
1 Human/Human Battle, slap, punch.
2 Human/Object Surgery, mutilation, projectile throw.
3 Human/Fluid Drowning, gazing.
4 Human/Animal Human attack by animals,

animal hunting and shoot.
5 Object/Object Car versus car accidents,

crash of an airplane (ground or sea).
6 Animal/Animal Animals fight clubs,

predator versus prey showdowns.

Suspicious motions (self-induction)
7 Living body Terror or aggressive faces,

abnormal motion person falling down
8 Inert structure Conflagrations, explosion, smoke,

abnormal motion flames and ashes, flowing blood.

Sensitive objects and symbols
9 Sensitive objects Guns, weapons, bombs, broken glasses,

stripped electrical socket, blood stain
frightful masks and veils.

10 Sensitive symbols PEGI “-18” / “-16” / “-12” / “-10”,
flammable material signs, swastika
injury and hatred posters
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Analyse DL de violence visuelle à partir de vidéos

Violence (observable) Violence (observations) Résultats DL sur Violence

Name Categories and number of video samples

VSD-L2 Violence Non-Violence
1 137 10398

VSD-L3 Moderate Violence Extreme Violence Non-Violence
406 418 10398
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Analyse DL de violence visuelle à partir de vidéos

Violence (observable) Violence (observations) Résultats DL sur Violence

Deep-learning / MUST VSD-L2

3D CNN

Category Non − Violence Violence
Non − Violence 94 % 06 %
Violence 78 % 22 %

Mean accuracy 58 %

2D-Timed-Image CNN

Category Non − Violence Violence
Non − Violence 94 % 6 %
Violence 36 % 64 %

Mean accuracy 79 %

Information détaillées disponibles dans [1] :
Hilbert Based Video To Timed-Image Filling and Learning To Recognize Visual Violence
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