" MathWorks

Deep Learning in MATLAB

From Concept to Embedded Code

MathWorks Automotive Conference 2018

Stuttgart
April 17th, 2018

Alexander Schreiber
Principal Application-Engineer

MathWorks Germany

© 2018 The MathWaorks, Inc.




&\ MathWorks

Example: Lane Detection

NVIDIA ACCELERATED COMPUTING Downloads  Training Ecosystem

Alexnet PARALLEL FORAL L  Featwes  ProTips  Spotlights  CUDACasts

« Previous Next —

Deep Learning for Automated Driving
with MATLAB
share: [ EEIE

Posted on July 20, 2017 by Avinash Nehemiah and Arvind Jayaraman 0
Commen ts
Tagged Autonomous Vehicles, Deep Learning, MATLAB

. You’ve probably seen headlines about
Tr an S f e r L e ar n I n g innovation in automated driving now that
there are several cars available on the market
that have some level of self-driving capability.

| often get questions from colleagues on how

automated driving systems perceive their

environment and make “human-like”

Output of CNN is lane parabola coefficients according to: y = ax"2 + bx + ¢

L ane detection Left lane coefficients X F.’OS'[-prOf:eSSing Image with
Image ——— CNN = | (find left/right lane | —— marked lanes
Right lane coefficients points)

GPU coder generates code for whole application


https://devblogs.nvidia.com/parallelforall/deep-learning-automated-driving-matlab/

Example: Lane Detection

%Read pre-trained network
originalConvNet = alexnet();

%Extract layers from the original network
layers = originalConvNet.Layers

Import of Pre-Trained

Network

4\ MathWorks

layers =

25x1 Layer array with layers:

1 ‘data” Image Input
2 ‘convl’ Convolution
3 ‘relul’ RelU
4 ‘norml1’ Cross Channel Normalization
5 'pooll’ Max Pooling
6 'conv2' Convolution
7 ‘relu2’ RelU
8  ‘'norm2’ Cross Channel Nermalization
9 'pool2’ Max Pooling
10 ‘conv3’ Convolution
11 ‘relu3’ RelU
12 ‘convd’ Convolution
13 ‘relud’ RelU
14 'convs' Convolution
15 ‘relus’ RelU
16 'pool5’ Max Pooling
17 ‘feo! Fully Connected
18 ‘relu6’ RelU
20 fc7! Fully Connected
21 ‘relu?’ RelU
22 'drop7' Dropout
23 'fc8' Fully Connected
24 'prob” Softmax

25 ‘output’

Classification Output

227x%227x3 images with 'zerocenter' normalization

96 11x11x3 convolutions with stride [4 4] and padding [6 © © @]
RelU

cross channel normalization with 5 channels per element

3x3 max pooling with stride [2 2] and padding [@ ©® © @]

256 5x5x48 convolutions with stride [1 1] and padding [2 2 2 2]
RelU

cross channel normalization with 5 channels per element

3x3 max pooling with stride [2 2] and padding [@ @ @ @]

384 3x3x256 convolutions with stride [1 1] and padding [1 1 1 1]
RelU

384 3x3x192 convolutions with stride [1 1] and padding [1 1 1 1]
RelU

256 3x3x192 convolutions with stride [1 1] and padding [1 1 1 1]
RelU

3x3 max pooling with stride [2 2] and padding [6 © 0@ @]

4096 fully connected layer

RelU

50% dropout

4096 fully connected layer

RelU

50% dropout

1000 fully connected layer

softmax

crossentropyex with "tench' and 999 other classes

20
21
22
23
24
25

b i 7
‘relu7’
"drop7’
"Fcl’
‘prob’
‘output’

Fully Connected

RelLU

Dropout

Fully Connected
Softmax
Classification Output




Example: Lane Detection

%Net surgery

%Replace the last few fully connected layers

%with suitable size layers

layers(20:25) = [];

outputLayers = [ ...
fullyConnectedLayer (16, 'Name', 'fclLanel');
reluLayer('Name', 'fcLanelRelu');
fullyConnectedLayer(6, 'Name', 'fclLane2');
regressionLayer('Name', 'output')];

layers = [layers; outputlLayers]

Import of Pre-Trained
Network

Modification of Network
Architecture

4\ MathWorks

layers =
23x1 Layer array with layers

1 ‘data’ Image Input
2 ‘convl' Convolution
3 ‘relul’ ReLU
4 ‘norml’ Cross Channel Normalization
5 'pooll’ Max Pooling
6 ‘conv2' Convolution
7 ‘relu2’ RelU
‘norm2’ Cross Channel Normalization
9 'pool2’ Max Pooling
10 ‘conv3' Convolution
11 ‘relu3’ ReLU
12 ‘conva’ Convolution
13 ‘relud’ ReLU
14 ‘convs' Convolution
15 ‘relus’ ReLU
16 'pool5’ Max Pooling
17 ‘fce' Fully Connected
18 ‘relug’ RelU
20 ‘fclLanel' Fully Connected
21 ‘fcLanelRelu’ ReLU
22 'fcLane2' Fully Connected
23 "output’ Regression Output

227x227x3 images with 'zerocenter' normalization

96 11x11x3 convolutions with stride [4 4] and padding [@ © © 0]
RelU

cross channel normalization with 5 channels per element

3x3 max pooling with stride [2 2] and padding [@ @ @ 0]

256 5x5x48 convolutions with stride [1 1] and padding [2 2 2 2]
RelU

cross channel normalization with 5 channels per element

3x3 max pooling with stride [2 2] and padding [@ © @ @]

384 3x3x256 convelutions with stride [1 1] and padding [1 1 1 1]
RelLU

384 3x3x192 convolutions with stride [1 1] and padding [1 1 1 1]
RelU

256 3x3x192 convolutions with stride [1 1] and padding [1 1 1 1]
RelU

3x3 max pooling with stride [2 2] and padding [@ @ @ 0]

4096 fully connected layer

RelU

50% dropout

16 fully connected layer

RelLU

6 fully connected layer

mean-squared-error

20 "fcLanel'

22 "fcLane2'
23 ‘output’

21 "fclLanelRelu' RelU

Fully Connected

Fully Connected
Regression Output
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Example: Lane Detection

Import of Pre-Trained
Network

Modification of Network

Architecture

41 Training Progress (06-Apr-2018 17:13:33) - o x

Training Progress (06-Apr-2018 17:13:33)

%Use Stochastic Gradient Descent Solver with 15@ Epochs
options = trainingOptions('sgdm',

'InitiallLearnRate’', le-3, ... Transfer Learning
'‘MaxEpochs', 158, ...

Results.

Validation RMSE NA

Training finished: Reached final iteration
Training Time

Start time 06-Apr-201817:13:33
Elapsed time 34 min 45 sec

Training Cycle

‘MiniBatchSize®,128, = oo
‘Verbose®, true, ... e O
'Plots’, 'training-progress’'); o .
Tequency.
Patience: NIA

Other Information

tbl = [predictors, scaledRegressionOutputs];

Hardware resource: Single GPU
Iteration Leamning rate schedule:  Constant
Learning rate: 0001
%Train Network ) st
laneNet = trainNetwork(tbl, layers, options); s e )
save('trainedLaneNet.mat', 'laneNet', 'laneCoeffMeans', ... 85 7T e
Loss
"laneCoeffsStds'); 1 —
I 100 1 Training
00 200 400 800 800 1000 1200 = = @ = = Validation
Iteration




Example: Lane Detection

%Randomly selecting input image

imds = ImageDatastore('data’,
'IncludeSubfolders', true);

testImg = readimage(imds, randi(1225,1) );

%Image pre-processing
inputImg = imresize(testImg, [227 227]);

%Call MATLAB function

[lanesFound, 1ltPts, rtPts] = lane_detect(inputImg,
coeffMeans,
coeffStds);

Import of Pre-Trained
Network

Modification of Network
Architecture

Transfer Learning

Verification

4\ MathWorks

4 Figure 2: Figure

File Edit View Inset Tools Desktop Window Help

NEEdS | L RUODEL- G| 0EH | aD

Lane Boundaries Network Output




Example: Lane Detection

%Command-line script invokes GPU Coder (CUDA)

InputTypes = {ones(227,227,3,'uint8"),...
ones(1,6, 'double'), ...
ones(1,6, 'double')};

cfg = coder.gpuConfig('mex"');
cfg.GenerateReport = true;

cfg.TargetLang = 'C++°;

codegen -args InputTypes -config cfg lane_detect

4\ MathWorks

Import of Pre-Trained
Network

Modification of Network
Architecture

void DeeplLearningNetwork predict(b laneNet *obj, const uint8 T inputdata[154587],
real32 T outT[6])
) {
Transfer Learning Teald2 T fgpu_inputt:
real32 T *gpu_out;
uintf_T *gpu_inputdata;
uint8 T *b_gpu_inputdata;
real32_T *gpu_outT;
cudaMalloc (&gpu_outT, 24ULL);
cudaMalloc (&g‘pu_out, 24ULL) ;
. . cudaMalloc (&gpu_inputT, ©€18346ULL);
Verl fl C at I 0 n cudaMalloc (&h7g£u7inputdata, 154587ULL) ;
cudaMalloc (&g‘pu_inputdata, 154587ULL) ;
cudaMemcpy ( (void *)gpu inputdata, (void *)&inputdata[0], 154587ULL,
cudaMemcpyHostToDevice) ;
c_DeepLearningNetwork_predict_k<<<dim3(302u, lu, 1lU), dim3(512U, 1lU, lU)>>>
(gpu_inputdata, b_gpu, inputdata);

d_DeepLearningNetwork_pFedict_k(«:«:dim3 (302U, 1u, 1U), dim3(512U0, 1U, 1U)>>>
AUtO m . CU DA (b_gpu_inputdata, gpu_inputT);
Cod e Gen eratl 0 n cudaMemcpy (obj—>inputData, gpu inputT, 154587ULL * sizeof(real32 T),

cudaMemcpyDeviceToDevice) ;

obj->predict (};

cudaMemcpy (gpu_out, obj->outputData, 6ULL * sizeof (real32_T),
cudaMemcpyDeviceToDevice) ;

e DeeplLearningNetwork predict k<<<dim3(1U, 1U, 1U), dim3(320, 1U, 1U)>>>

(gpu_out, gpu_outT);

cudaMemcpy ( (void *)&outT[0], (void *)gpu outT, 24ULL, cudaMemcpyDeviceToHost):

cudaFree (gpu_inputdata) ;

cudaFree (b_gpu_inputdata):

cudaFree (gpu_inputT);

cudaFrees (gpu_out) ;

cudaFree (gpu_outT) ;




Example: Lane Detection

%Randomly selecting input image

imds = ImageDatastore('data', ...
"IncludeSubfolders', true);

testImg = readimage(imds, randi(1225,1) );

%Image pre-processing
inputImg = imresize(testImg, [227 227]);

%Call mex function

[lanesFound, 1ltPts, rtPts] = lane_detect_mex(inputImg, ...
coeffMeans, ...
coeffStds);

Import of Pre-Trained

Network

Modification of Network

Architecture

Transfer Learning

Verification

Autom. CUDA
Code Generation

mex
Verification

4 Lane Detection with CNN

File Tools View Playback Help

& ] | E00%

Processing

v

FPS:92.4139

&\ MathWorks

RGB:480x640 2 8




Example: Lane Detection

Build type: %4 static Library E

Output file name: |a|exnet_predict |

Language W C O C++
[] Generate code only
Hardware Board MATLAB Host Computer E
Device Generic MATLAE Host Computer
Device vendor Device type
Toolchain (Automatically locate an installed toolchain v|

Automatically locate an installed toolchain

NVIDIA CUDA | gmake (64-bit Linux)

NWVIDIA CUDA for Jetson Tegra K1 v6.5 | gmake (84-bit Linus)
MWIDIA CUDA for Jetson Tegra X1 v7.0 | gmake (64-bit Linux)

NWIDIA CUDA for Jetson Tegra X2 vB8.0 | gmake (64-bit Linux)

Import of Pre-Trained
Network

Modification of Network
Architecture

Transfer Learning

Verification

Autom. CUDA
Code Generation

mex
Verification

Deployment to
embedded GPU

4\ MathWorks
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MATLAB Deep Learning Framework

Access Data Design + Train Deploy

|7 s B
o Sy

= Manage large image sets = Acceleration with GPU’s = Automate compilation to
= Automate image labeling = Scale to clusters GPUs and CPUs using
= Easy access to models GPU Coder:

= 11x faster than TensorFlow
= 4 5x faster than MXNet

10
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Deep Learning Workflow

ACCESS AND EXPLORE LABEL AND PREPROCESS DEVELOP PREDICTIVE INTEGRATE MODELS WITH

MODELS SYSTEMS

DATA DATA

Data Augmentation/ Hardware-Accelerated Desktop Apps

Transformation Training
Probability

[
=
=
m

Files

Enterprise Scale Systems

Java
& MATEAB
C/C++

Python

Databases Labeling Automation

B e

Network Visualization Embedded Devices and
Hardware

= =

Mod:ls ) . ‘ . ‘
( i e =2

Import Reference

Sensors

11



Deep Learning Workflow

LABEL AND PREPROCESS
DATA

Data Augmentation/
Transformation

Labeling Automation

Import Reference
Models

il

NVIDIA

4\ MathWorks

12
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Ground Truth Labeling

4\ Ground Truth Labeler - gtlCustomizations

S H & [[8mr Dwesnw S @ E
Load Save Import Rq 2 o4 SoiLeas e Aut;mut Vlewubel Export
e

v v Labels v (') Pan 12 Show Scene Labels (@) Configure Automation Summary  Labels v - I .

FILE MODE VIEW AUTOMATE LABELING SUMMARY EXPORT v : . I n rO u n r ut I n O r I I l atl O n

ROI Label Definition | 01_city_c2s few_10s.mp4

:;;3 Define new RO label / 3 2
» Car i
» Pedestrian
» StopLight i
> Lane

- Semi-automated Labeling
— — Object Detection
. —_— — Scene Classification

— Semantic Image Segmentation

Scene Label Definition

:}. Define New Scene Label

= Solutions
— Ground Truth Labeler App

— Image Labeler App

13
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Importing Reference Models (e.g. AlexNet) PrerAoCEes DAt

4\ Command Window — O it
>>» nnet.Layers ®
@ Ch03_SEX_ROOT\DNMNVAlexMet\ AlexMNet_webcam.m ans =
25%1 Layer array with layers:
1 'data' Image Input 227x227x3 imagesf|with 'zerccenter' normalization
2 'convl® Convolution BC llixllng convolutions with stride [4 4] and padding [0 © 0 0]
3 'relul' ReLU ReLU
FILE 4 "norml’ Cross Channel Normalization cross channel normalization with 5 channels per element
1= clear; 5 "pooll" Max Pooling 3%3 max pooling with stride [2 2] and padding [0 0 0O 0]
2 & '"conva"' Convolution 256 5x5x48 convolutions with stride [1 1] and padding [2 2 2 2]
3 — camera = webcam; 7 'relul2' RelU RelU
4 ] '"norm2 ' Cross Channel Normalization cross channel normalization with 5 channels per element
5 — nnet = alexnet; 9 "pool2! Max Pooling 3x3 max pooling with stride [2 2] and padding [0 0 0O 0]
10 'conv3' Convolution 384 3x3x256 convolutions with stride [1 1] and padding [1 1 1 1]
€ i 11 'relu3' ReLU ReLU
7~ [lwhile true 1z 'conv4d " Convolution 384 3x3x192 convolutions with stride [1 1] and padding [1 1 1 1]
8 - picture = 13 ‘'relud’ ReLU ReLU
9 — picture = 14 "convi!' Convolution 256 3x3x192 convolutions with stride [1 1] and padding [1 1 1 1]
10 15 'relus' ReLU ReLU
11 — label = classify( 16 "pool5! Max Pooling 3x3 max pooling with stride [2 2] and padding [0 0 0O 0]
12 17 'fci! Fully Connected 409%9¢ fully connected layer
A . 18 'relug' ReLU ReLU
= image (picture); 19 'dropé" Dropeout 50% dropout
14 = title (char(label)); 20 'fcT! Fully Connected 40%¢e fully connected layer
15 — drawnow; 21 'relu?' ReLU ReLU
16 — “and 22 'drop7" Dropout 50% dropout
23 'fcb! Fully Connected 1000 fully connected layer
24 'prob! Softmax softmax
25 'output' Classification output crossentropyex with| "tench' and 999 other classes
Jx >>

14
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Importing Reference Models (e.g. AlexNet) PrerAoCEes DAt

@ Ch03_SEX_ROOT\DNMNVAlexMet\ AlexMNet_webcam.m — O . Z Figure 1 == O X
File Edit View Inset Tools Desktop Window Help >
Find Files Insert el = |
N9 HE % e D> @ S jmmsecn (P DEES [ RKOBDEL-[G[0B[nD
Breakpoints coffee mug

1 — clear; L 20
2 40 §
3= camera = webcam; % Connect to the camera
4 60
5= nnet = alexnet; % Load the pretrained neural network (e.g. AlexNet) 80
[
7 — [Hwhile true 100
8 — picture = camera.snapshot; % Take a picture 120
5 — picture = imresize (picture, [227,227]};|% Resize the picture
10 140
11 — label = classify(nnet, picture); % Classify the picture 160
12

. . . 180
13 — image (picture) ; % Show the picture
14 — title (char(label)}); % Show the label 200
15 — drawnow;

220
16 — ~end
20 40 60 80 100 120 140 160 180 200 220
script Ln 1 Col 7

15



Deep Learning Workflow

DEVELOP PREDICTIVE

MODELS

Hardware-Accelerated
Training

Probability

[
=
=
m

4\ MathWorks

16
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Two Approaches for Deep Learning

1. Train a Deep Neural Network from Scratch
« Tailored and optimized to

llll'. CONVOLUTIONAL NEURAL NETWORK [CNN) CAR¢ L
= specific needs
& 2% TRUCK X :
__'K o e ! ] : - Requires
% . — Larger training data set
BICYCLE x — Longer training time

2. Fine-tune a pre-trained model (transfer learning)
FINE-TUNE NETWORK WEIGHTS - ReUSIng eXIStIng feature

( ' CAT v extraction
: _'{ FRETRATIED €T bogx * Adapting to specific needs

v |
= Requires
AlexNet  VGG-16, VGG-19 ResNet — Smaller training data set
— Lower training time

Caffe GoogleNet TensorFlow/Keras
MODELS PRETRAINED MODEL MODELS
17




Transfer Learning

%Read pre-trained network
originalConvNet = alexnet();

%Extract layers from the original network
layers = originalConvNet.Layers

DEVELOP

PREDICTIVE MODELS

4\ MathWorks

layers

25x%1 Layer array with layers:

o~ O L1 B ko=

T T N R T Tt
Wk @O0 ~ouBswWiE ® W

24
25

‘data’
‘convl’
‘relul’
‘norml’
'pooll’
‘conv2'
‘reluz’
'norm2’
'pool2’
'conv3'
‘relu3d’
'convd’
‘relud’
‘convs'
‘relus’
'pool5’
"fce!
‘relus’
'drop6’
7!
‘relu?’
'drop7"’
"fc8'
'prob’
‘output’

Image Input
Convolution

RelLU

Cross Channel Mormalization
Max Pooling
Convolution

RellU

Cross Channel MNormalization
Max Pooling
Convolution

RelU

Convolution

RelLU

Convolution

RelLU

Max Pooling

Fully Connected

RellU

Dropout

Fully Connected

RelU

Dropout

Fully Connected
Softmax
Classification Output

227x227%x3 images with 'zerocenter' normalization

96 11x11x3 convolutions with stride [4 4] and padding [@ @ @ @]
RelLU

cross channel normalization with 5 channels per element

3x3 max pooling with stride [2 2] and padding [@ @ © @]

256 5x5x48 convolutions with stride [1 1] and padding [2 2 2 2]
RelU

cross channel normalization with 5 channels per element

3x3 max pooling with stride [2 2] and padding [@ @ 8 @]

384 3x3x256 convolutions with stride [1 1] and padding [1 1 1 1]
RelU

384 3x3x192 convolutions with stride [1 1] and padding [1 1 1 1]
RelLU

256 3x3x192 convolutions with stride [1 1] and padding [1 1 1 1]
RelLU

3x3 max pooling with stride [2 2] and padding [@ @ © @]

4896 fully connected layer

RelU

50% dropout

4996 fully connected layer

RelU

58% dropout

168@ fully connected layer

softmax

crossentropyex with 'tench' and 999 other classes

18
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Transfer Learning A T

%Read pre-trained network layers =
originalConvNet = alexnet(); 25x1 Layer array with layers:
%Extract layers from the original network 1 ‘data’ Image Input 227x227%3 images wi?h 'zevocenter' normalization
. . 2 ‘convl' Convolution 96 11x11x3 convolutions with stride [4 4] and padding [@ @ @ @]
layers = originalConvNet.Layers 3 ‘relul’ RelU RelU
4 ‘norml’ Cross Channel Mormalization cross channel normalization with 5 channels per element
5 'pooll’ Max Pooling 3x3 max pooling with stride [2 2] and padding [@ @ © @]
2UEE IR 6 ‘conv2' Convolution 256 5x5x48 convolutions with stride [1 1] and padding [2 2 2 2]
%Replace the last few fully connected layers 7 "relu2” RelU RelU
%with suitable size layers 8 'norm2’ Cross Channel Mormalization cross channel normalization with 5 channels per element
layers(2:25) = [1; 9  'pool2' Max Pooling 3x3 max pooling with stride [2 2] and padding [8 @ @ @]
outputLayers = [--- 1@ ‘conv3' Convolution 384 3x3x256 convolutions with stride [1 1] and padding [1 1 1 1]
fullyConnectedLayer(16, 'Name', ‘fclLanel'); 11 'relu3’ RelU RelU
relulLayer('Name','fclLanelRelu'); 12 ‘'convd' Convolution 384 3x3x192 convolutions with stride [1 1] and padding [1 1 1 1]
fullyConnectedLayer(6, 'Name', 'fclLane2'); 13 "relud’ RelU RelU
regressionLayer('Name’, 'output')]; 14  ‘'conv5s' Convolution 256 3x3x192 convolutions with stride [1 1] and padding [1 1 1 1]
layers = [layers; outputlLayers] 15 "relus’ RelU RelU
16 'pool5’ Max Pooling 3x3 max pooling with stride [2 2] and padding [@ @ © @]
17 ‘feb! Fully Connected 4896 fully connected layer
18 ‘relug’ RelU RelLU
19 "drop6’ Dropout 56% dropout
20 ‘fcLanel' Fully Connected 16 fully connected layer
21  ‘'fclanelRelu'  RelU RelLU
22 ‘fcLane2' Fully Connected 6 fully connected layer
23 ‘output’ Regression Output mean-squared-error

19



Transfer Learning

%Read pre-trained network
originalConvNet = alexnet();

%Extract layers from the original network
layers = originalConvNet.Layers

%Net surgery

%Replace the last few fully connected layers

%with suitable size layers

layers(20:25) = [1;

outputlLayers = [ ...
fullyConnectedLayer(16, 'Name', 'fclanel');
reluLayer('Name', 'fcLanelRelu');
fullyConnectedLayer(6, 'Name', 'fclLane2');
regressionLayer('Name', ‘output')];

layers = [layers; outputlLayers]

%Use Stochastic Gradient Descent Solver with 150 Epochs
options = trainingOptions('sgdm’',

"InitiallLearnRate', le-3,

'MaxEpochs', 15@, ..

'MiniBatchSize', 128,

‘Verbose', true,

'"Plots', 'training-progress');

tbl = [predictors, scaledRegressionOutputs];

%Train Network

laneNet = trainNetwork(tbl, layers, options);

save('trainedLaneNet.mat', 'laneNet', 'laneCoeffMeans',
'laneCoeffsStds');

DEVELOP

PREDICTIVE MODELS

&\ MathWorks

[4\] Training Progress (06-Apr-2018 17:13:33)

Training Progress (06-Apr-2018 17:13:33)

100
0 | | | | | |
] 200 400 600 800 1000 1200
Iteration
4
3
2
1
0 I i e + 100 - |
] 200 400 600 800 1000 1200
teration

- O
Results
WValidation RMSE: MIA
Training finished: Reached final iteration
Training Time
Starttime: 06-Apr-2018 17:13:33
Elapsed time: 34 min 45 sec

Training Cycle

Epoch: 150 of 150
lteration: 1350 of 1350
lterations per epoch: 9

Maximum iterations: 1350
Validation

Frequency: MIA
Patience: MNIA

Other Information
Hardware resource: Single GPU
Learning rate schedule: Constant

Learning rate: 0.001
RMSE
Training (smoothed)
Training
— — @ — — \alidation

Loss
Training (smoothed)
Training

— — @ — — Validation

20
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DEVELOP
PREDICTIVE MODELS

Accelerating Training (CPU, GPU, multi-GPU, Clusters)

opts = trainingOptions('sgdm',
'"MaxEpochs', 100, ...
'MiniBatchSize', 250 * nGPUs|,
'InitiallLearnRate’', 0.00005 * nGPUs,

'ExecutionEnvironment', 'parallel' );

@@%1

4

1]

rF %

=] SN S = =
3 E=N = = =

@@@@@@@@h

4

1]

F

oo

21



Accelerating Training (CPU, GPU,

'ExecutionEnvironment', 'auto' );

Training time per epoch
AlexNet CNN

MATLAB is more than 4x
faster than TensorFlow

0 2000 4000 6000 8000 10000 12000 14000 16000
Time (sec) - LOWER IS BETTER

MXNet 1093

Single GPU performance

multi-GPU, Clusters)

'ExecutionEnvironment', 'multi-gpu' ) ;|

2500

2000

1500

1000

Time (in sec)

500

B 1 GPU(Batch-size: 256, learning rate: 0.00125)
B 2 GPU(Batch-size: 512, learning rate: 0.0025)
B 4 GPU(Batch-size: 1024, learning rate: 0.005)

Multiple GPU support

4\ MathWorks

DEVELOP
PREDICTIVE MODELS

22
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Hyperparameter Tuning (e.g. Bayesian Optimization)

4. Figure 3: Figure
File Edit View Insert Tools Desktop Window Help

A de | k|AROVDEL- S| 0E e

Objective function model

0.6

0.55,

0.5
g
Tg 0.45, X
8 /;\
§ - A
S 0\
£ R N
2
=
= 0.25 ‘r-'-% % i"\
£ = SO
£ 02 r—%%"f‘ . &i" .-
8 e rl

01 g%%%g—; &

box

)

@® Observed points
Points being evaluated
l:l Model mean
@  Next point
*  Model minimum feasible

= Goal

— Set of optimal hyperparamters for a
training algorithm

= Algorithms
— Grid search
— Rando search
— Bayesian optimization

= Benefits
— Faster training
— Better network performance

23
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Visualizing and Debugging Intermediate Results

Deep Dream ity
wer >

Training Accuracy Visualization

Training Accuracy

N * Many options for visualizations and debugging
 Examples to get started

Filters

Layer Activations Feature Visualization

Activations

24



4\ MathWorks

Deep Learning Workflow

INTEGRATE MODELS WITH
SYSTEMS

Desktop Apps

NVIDIA

Enterprise Scale Systems

Java

MATLA

NET

C/C+

Python

Embedded Devices and
Hardware

25



Algorithm Design to Embedded Deployment Workflow

MATLAB algorithm
(functional reference)

\4
Gl
4 g
L—

a Functional test

(Test in MATLAB on host)

M GPU Coder

Build type

4\ MathWorks

INTEGRATE MODELS
WITH SYSTEMS

Call CUDA
from MATLAB

E directly

/

Call CUDA from
(C++) hand-

E coded main()

Call CUDA from (C++)
hand-coded main().

v

Cross-compiled
dib

Desktop Desktop Embedded GPU
GPU GPU i
— — T T N |
) = — Crt [ ® 2
|5 B & T Cr+
Deployment Deployment
unit-test integration-test
(Test generated code in (Test generated code within (Test generated code within
MATLAB on host + GPU) C/C++ app on host + GPU) C/C++ app on Tegra target) 26



GPUs and CUDA

CUDA Kernel

CUDA Kernel

CUDA

C/IC++
kernels

GPU ARM
CUDA Cores Cortex

GPU Memory
Space

4K60 60
ot | vioeo Vi 0 e | 2D ENGINE
> | encooer || DECODER

GigE
Ethernet

ENGINES LPDDR4 PM PROC MAC PROC (ISP)

DISPLAY 128-bit BOOT and IMAGE

4\ MathWorks

INTEGRATE MODELS
WITH SYSTEMS
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Challenges of Programming in CUDA for GPUs

Learning to program in CUDA
— Need to rewrite algorithms for parallel processing paradigm

Creating CUDA kernels
— Need to analyze algorithms to create CUDA kernels that maximize parallel processing

Allocating memory
— Need to deal with memory allocation on both CPU and GPU memory spaces

Minimizing data transfers

— Need to minimize while ensuring required data transfers are done at the appropriate
parts of your algorithm
28
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GPU Coder Compilation Flow

4\ MATLAB

!

GPU Coder

CUDA Kernel creation

Library function mapping
Loop optimizations
Dependence analysis

Memory allocation

Data transfer minimization |

!

NVIDIA.
@ cupa
C/C++

Data locality analysis
GPU memory allocation

Data-dependence analysis
Dynamic memcpy reduction

INTEGRATE MODELS
WITH SYSTEMS

Benefits:

- MATLAB as single golden
reference

= Much faster conversion
from MATLAB to CUDA

=  Elimination of manual
coding errors

= No expert-level expertise
In parallel computing
needed

29



GPU Coder Output

%Command-1line script invokes GPU Coder (CUDA)

InputTypes = {ones(227,227,3, 'uint8"),...
ones(1,6, "double'),...
ones(1,6, "double')};

cfg = coder.gpuConfig('mex"');
cfg.GenerateReport = true;

cfg.Targetlang = 'C++';

codegen -args InputTypes -config cfg lane_detect

static _ glokal = launch bounds (512, 1) wvoi
{uint& T *inputdata, real3Zz T *inmputT)

d_DeepLearningNetwork predict k

uint32 T threadId;

int32 T il:

int32 T i2;

int32 T p:

uint3z T tmplndex;

threadIld = (uint3Z T)mwGetGlobalThreadIndex();

il = (int32 T) (threadId % 2270);
tmpIndex = (threadId - (uint3Z T)il) Jo2270;
i2 = (int32 T) (tmpIndex % 2270);
tmpIndex = (tmpIndex - (uint32 T)iZ) S 2270;
p = (int32 T)tmplndex;
if ({((int32 T) ((! (int32 T)(p >= 3)) && (!(int32 _T) (iZ >= 227)))) && (!{int32_T)
(il »>= 227))) {
inputT[ (il + 227 * i2)} + 515258 * p] = (real32 T)inputdata[(i2 + 227 * il} +

51529 = pl;:

INTEGRATE MODELS

WITH SYSTEMS

4\ MathWorks

void DeeplearningNetwork predict(b laneNet *obj, const uint8 T inputdata[l154587],
real32 T outT[é&])

real32 T *gpu_inputT;

real32 T *gpu out;

uint8 T *gpu_ inputdata;

uint8 T *b_gpu_inputdata;

real32 T *gpu outT;

cudaMalloc (&gpu outT, 24ULL):

cudaMalloc (&gpu out, 24ULL);

cudaMalloc (&gpu_inputT, 618348ULL);

cudaMalloc (&b _gpu inputdata, 154587ULL);

cudaMalloc(&qpu_inputdata, 1545870LL) ;

cudaMemcpy ( (void *)gpu inputdata, (void *)&inputdatal0],
cudaMemcpyHostToDevice) ;

c_DeeplearningNetwork predict k<<<dim3 (302U, 1u, 1U), dim3(512U0, 1U, 1U)>>>

- - . o) ;
1d_DeepLearningNetwork_pEedict_k1<<dim3(302U, 1u, 1u), dim3(512u, 1U, 1U)>>>

Lu_gpu._J_upuL.Lm, =) =)= g sy wje g vpay pry
cudaMemcpy (obj->inputData, gpu inputT, 154587ULL * sizeof (real3Z T),
cudaMemcpyDeviceToDevice) ;

154587ULL,

obj->predict () s
cudaMemcpy (gpu_out, obj-»outputData, 6ULL * sizeof(rea132_I),
cudaMemcpyDeviceToDevice) ;

e DeepLearningNetwork predict k<<<dim3(1U, 1U, 1U), dim3 (320, 1U, 1U)>>>
(gpu_out, gpu outT):

cudaMemcpy ( (void *)&outT[0], (void *)gpu_outT, 24ULL, cudaMemcpyDeviceTcHost);

cudaFree (gpu_inputdata);

cudaFree (b_gpu inputdata);

cudaFree (gpu_inputT) ;

cudaFree (gpu_out) ;

cudaFree (gpu_outT);

30
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Deep Learning Network Support (with Neural Network Toolbox)

SeriesNetwork DAGNetwork

\ /

—

e Single-in . Multi-in, multi-out
E single-out E No feedback loops

GPU Coder: R2017b GPU Coder: R2018a

Networks: MNist Networks: GoogLeNet | Object
Alexnet ResNet | detection
YOLO SegNet ] Semantic
VGG FCN | segmentation
Lane detection DeconvNet g

Pedestrian detection
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Semantic Segmentation

FPS: 0.085845

Running in MATLAB Generated Code from GPU Coder

32
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Algorithm Design to Embedded Deployment

M GPU Coder

MATLAB algorithm Build type
(functional reference)

Call CUDA from (C++)
hand-coded main().
Cross-compiled on host
with Linaro toolchain

directly coded main() 4
m Cross-compiled
dib

from MATLAB

(C++) hand-

Call CUDA A Call CUDA from

5 Tesla Tegra GPU
GPU T
_»,,?,m C++ —'m,.«' 2 : 3
4 % % — & ,;. C++
0 Functional test 2 Deployment
unit-test integration-test
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Alexnet Inference on NVIDIA Titan Xp

4\ MathWorks

INTEGRATE MODELS
WITH SYSTEMS

3000 R2018a
2000 GPU Coder +
TensorRT 3.0.1,int8)

7000
©
g 6000
O GPU Coder +
9 5000 TensorRT .0.1)
S 4000 GPU Coder +
O cuDNN
E 3000
©
L 2000

1000 — — B

— e - TensorFlow (16.0)
0
1 2 4 8 16 32 64 128
Batch Size
CPU Intel(R) Xeon(R) CPU E5-1650 v4 @ 3.60GHz
Testing platform GPU Pascal Titan Xp
34
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Algorithm

MATLAB algorithm
(functional reference)

\4
Gl
4 g
L—

a Functional test

M GPU Coder

Build type

Design to Embedded Deployment

4\ MathWorks

INTEGRATE MODELS
WITH SYSTEMS

Call CUDA
from MATLAB

E directly

<4

Deployment
unit-test

/

Call CUDA from
(C++) hand-

E coded main()

Tesla
GPU
C++
—
Deployment

integration-test

Call CUDA from (C++)
hand-coded main().
Cross-compiled on host
with Linaro toolchain

Cross-compiled

Tegra GPU

8 Real-time test
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Alexnet Deployment to Tegra: Cross-Compiled with ‘lib’

Build type: 3 Static Library [ -]

—— | Two small changes
| 1. Change build-type to ‘lib’

Output file name: |a|exnet_predict

Language ® C ) C++
[ | Generate code only
Hardware Board MATLAB Host Computer |E| 2 SeleCt CFOSS—Complle tOO|Cha|n
Device Generic MATLAB Host Computer
Device vendor Cevice type

Toolchain _ﬁufnmaﬁcaiiy locate an installed toolchain

Automatically locate an installed toolchain

NVIDIA CUDA | gmake (64-bit Linux)

NWVIDIA CUDA for Jetson Tegra K1 v6.5 | gmake (64-bit Linux)

@ Mo NVIDIA CUDA for Jetson Tegra X1 v7.0 | gmake (64-bit Linux)
MWIDIA CUDA for Jetson Tegra X2 vB.0 | gmake (64-bit Linux)
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Frames per second
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Alexnet Inference on Jetson TX2: Performance
400
350 —, TensorRT (2.1
0.85x !
300 - MATLAB GPU Coder
1 (R2017b)
250 :
200 in
150 Y C++ Caffe
100 (1.0.0-rc5)
50
0
1 16 32 64 128 256

Batch Size
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Deploying to GPUs and CPUs
J— NVIDIA R2018a
(2 cuDNN
=y & TensorRT
NVIDIA. Libraries

Coder

=)
@3_' S — (il'lt |) MKIIr_]EgINN

Library

Deep Learning
Networks

ARM
Compute
Library
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Deploying to GPUs and CPUs
NVIDIA R2018a
2/ cuDNN
& TensorRT
NVIDIA. Libraries

Coder
Deep Learning Dets\ktop EPU
Networks

Raspberry Pi board
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Deep Learning in MATLAB

ACCESS AND EXPLORE LABEL AND PREPROCESS DEVELOP PREDICTIVE INTEGRATE MODELS WITH
DATA DATA MODELS SYSTEMS

= Integrated Deep Learning Framework
— Data Access and Preprocessing
— Deep Learning Network Design and Verification
— Integration within larger System

= Acceleration through GPU and Parallel Computing
— Training
— Inference
= Deployment through automatic CUDA Code Generation
— Desktop GPU
— Embedded GPU

40
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GPU Coder for Deployment

r Accelerated implementation of
1 parallel algorithms on GPUs & CPUs

Intel 1 NVIDIA. 2 ARM 3
MKL-DNN . [T m Compute
Library C/C++ Library

Deep Neural Networks 1.23 Image Processing and Signal Processing and
2 T )
Deep Learning, machine learning Computer Vision C_om_munlcatlons |
Image filtering, feature detection/extraction FFT, filtering, cross correlation,
. e ] = N
5x faster than TensorFlow 60x faster than CPUs 20x faster than
2x faster than MXNet for stereo disparity CPUs for FFTs

41
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GPU Coder for Image Processing and Computer Vision

Fog removal Frangi filter
— E—
5x speedup 3x speedup
Distance
transform | Stereo disparity
8x speedu —
P P 50x speedup
Tye A
,f_& zf_}l 4,3 50 ?..n‘ SURF feature
fl MUY o | extraction
Ray tracing i ;’5 | e I——
E—— 5 700x speedup

18x speedup
42
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Design Your DNNs in MATLAB, Deploy with GPU Coder

Access Data Design + Train Deploy

|7 s B
o Sy

ARR802

= Manage large image sets = Acceleration with GPU’s = Automate compilation to
= Automate image labeling = Scale to clusters GPUs and CPUs using
= Easy access to models GPU Coder:

= 11x faster than TensorFlow
= 4 5x faster than MXNet
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Questions?
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Thank You!
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