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Diverse Set of Automotive Customers use MATLAB for Al
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Outline

Ground Truth Labeling
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Network Design and
Training

4\ MathWorks

Jatson TX1,
TX2,
Xavier

DRIVE PX2

CUDA and TensorRT Code Jetson Xavier and DRIVE
Generation Xavier Targeting

Key Takeaways

Platform Productivity: Workflow automation, ease of use
Framework Interoperability: ONNX, Keras-TensorFlow, Caffe

Key Takeaways
Optimized CUDA and TensorRT code generation
Jetson Xavier and DRIVE Xavier targeting
Processor-in-loop(PIL) testing and system integration
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Example Used in Today’s Talk
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Ground Truth Labeling
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Unlabeled Training Data

i

Ground Truth Labeling

>> gTruth
gTruth =
groundTruth with properties:

DataSource:
LabelDefinitions: [4x3 table]
LabelData: [250x4 timetable]

>> gTruth.LabelData

ans =

250x4 timetable

Time

4\ MathWorks

[1x1 groundTruthDataSource]

LaneMarker Sunny Shadow
0 sec [2x4 double] {2x1 cell} true false
0.033333 sec [2x4 double] {2x1 cell) true false
0.066667 sec [1 [1 false false

Labels for Training



Interactive Tools for Ground Truth Labeling

ROI Labels
Bound boxes
Pixel labels
Poly-lines

Scene Labels

& Ground Truth Labeler

LABEL AIXELS

(=L Zoomn ‘o>
Q =N <_} 2 = J J Bt Stee G Label Opacity
o4 Zoom Out
Label| Pohypon Smat St Popoe  Brush Erase T FoodFl TR
5 J Pan s Gl Pokgon Emlor
A
—— P il LADLL DHIACITY
ﬂ(‘}l Label Definition \.:ltcu' cordovalavi
o 1l B
Labal
» Car
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(et )\
| Datee new scene Hbel
& Cymrent Frame Add Label
Time Interval Remove Label
> Sunny [ V]
» Shadow il

\_

jlﬁ 87949

Siart Tre

Max Time

Zoom in Time terval
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Automate Ground Truth Labeling

& Ground Truth Labeler (5

LABE|
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| Shadow
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4\ Ground Truth Labeler

581 & Zoomn [T efautt Layout
~em—a

@Lg

i (& ZoomOut [ show ROl Labels
' pan ‘Show Scene Labels
p— - B
MODE VIEW SETTINGS

! - f Run automatiofi

RUN

Automating Labeling of Lane Markers

Run automation algorithm

il

ROI Label Definition |

2 = =

. » laneMarker l ==
» e
» | B2

Scene Label Definition

[}
R
Current Frame Add Label
Time Interval Remove Labsi
& i

» 1 ,
Ll
01.30000

Start Time

[ caltech_cordoval.avi

01.30000

Current

l

02.47728

End Time

08.33334

Max Time

(4] |[1]{ | [>]

| Auto Lane Detection [

Scene Labels

[___Jsumy
[ Icloudy

Zoom Out Time interval

Load a MonoCamera configuration object from the
workspace using the settings panel

Specify additional parameters in the settings panel

Run the algorithm

Manually inspect and modify results if needed

4\ MathWorks
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Automate Labeling of Bounding Boxes for Vehicles

‘
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Export Labeled Data for Training

>> gTruth

gTruth =

groundTruth with properties:
Algarthm

oy
— 9 = DataSource: [lxl1 groundTruthDataSource]
5 @ S Auomale  View Label] | Export | LabelDefinitions: [4x3 table]
Configure : - - ,
Summary v\ws-.-vm._l LabelData: [250x4 timetable]
AUTUMATE LASELING SLMMASY

avi >> gTruth.LabelData

250x4 timetable

Time Car LaneMarker Sunny Shadow
0 sec [2x4 double] {2x]1 cell} true false
0.033333 sec [2x4 double] {2x1 cell true false
0.066667 sec [1] [] false false

Bounding
Boxes Labels

Polyline Labels

12
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Ground Truth Labeling

Network Design and
Training

CUDA and TensorRT Code
Generation
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Example Used in Today’s Talk
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Lane Detection Algorithm

Pretrained Network
(E.g. AlexNet)

»

(

\_

~

Modify Network for

Lane Detection

J

» Coefficients of parabola

15«6 table

leftlane » iaftLane b leftLase o ightLace »

-

-

........

Transform to
Image Coordinates

~

J
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Lane Detection: Load Pretrained Network

Lane B daries in image Coord

Lane Detection Network
Regression CNN for lane parameters
MATLAB code to transform to image co-ordinates

4\ MathWorks:

>> net = alexnet
>> deepNetworkDesigner

16



View Network in Deep Network Designer App

4 Deep Netwark Designer

[ DEEP NETWORK DESIGNER

L2 (&
New  Impont YInca

J e DView

FILE U0

Imageinputl ayer
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Remove Lavers from AlexNet

4\ Deep Network Designer

o

4\ MathWorks

& cut

J A
"UJ ‘\; = ¥ %
New Impot  Duplicate Fit
rag:e 10
FILE BUILD

DO%MAME: EE:

N

‘o

[k

ImagelnputlLayer

SequencelnputLayer

Convolution2DLayer
TransposedConvolutionZDLayer
FullyConnectedlLayer
LSTMLayer

BILSTMLayer
N

Rel.ULayer
LeakyRal ULayer

ClippedReLULayer

BatchNormalizationLayer

\*{ Zoom In

A e

B g

=4 Zoom Out Auto Analyze Expon
Arrange

NAVIGATE

LAYOUT |ANALYSIS | EXPORT

A
™

Number of layers 25
Number of connections 24
Input type Imags

; Oulput type Classdicatior
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Add Regression Output for Lane Parameters

4\ Deep Network Designer

4\ MathWorks

m!

Export
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FILE BUILD NAVIGATE LAYOUT ANALYSIS | EXPORT

Convoiution2DLayer

TransposadConvolution2DLayer

I AT ALY et D froph
-

FullyConnectedLayer D wlti7

LSTMLayer

Rel UL ayer D oy
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Transparently Scale Compute for Training

Works on Windows
(no additional setup)

Specify Training on: m‘m <
T 1T 1T
Y 4 [|@ 4 [
—r T —r T =S — ¢
"CPU’ "gpu’ ‘multi-gpu’
onte = iningOptions ('sgdm',

Quickly change training hardware jchs', 100,

"MiniBatchSize', 250, ...
'InitialLearnRate', 0.00005,

\

»ExecutionEnvironment', 'auto ;

4\ MathWorks:
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NVIDIA NGC & DGX Supports MATLAB for Deep Learning

= GPU-accelerated MATLAB Docker container for deep learning &
— Leverage multiple GPUs on NVIDIA DGX Systems and in the Cloud
= Cloud providers include: AWS, Azure, Google, Oracle, and Alibaba dOCker

< NVIDIA. GPU CLOUD

NVIDIA DGX System / Station
— Interconnects 4/8/16 Volta GPUs in one box

Containers available for R2018a and R2018b

— New Docker container with every major release (a/b)

Download MATLAB container from NGC Registry
— https://ngc.nvidia.com/registry/partners-matlab



https://ngc.nvidia.com/registry/partners-matlab

4\ MathWorks:

Evaluate Lane Boundary Detections vs. Ground Truth

Bird's-Eye Plot of Comparison Results
30—

Sample Ground Truth Data for Left Lane Boundary ?rﬂu;d T“rluih
rue Fositive
False Paositive
257+
evaluatelLaneBoundaries K
201 1
Bird's-Eye View of Comparison Results
E’ 15
>
10
5
0 L
0 -2
Y (m)

22
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Example Used in Today’s Talk

-

23



4\ MathWorks:
YOLO v2 Object Detection

m

Pretrained Network

ionLaYer  alayer . over
; epthconcate"':?iwz'fran;‘g‘.:_‘;ﬂzq%tp uthay

{—0—0} — ( ) -
Feature Extractor conv Batch ReLu Conv '11 it e |
( E.g. ResNet 50) ner 3 - t "
=l ———
— - s e
SR Two anchor boxes Filter by class scores,
[ Class: airplane perform non-max suppression
Detection Subnetwork \_ Class: sailboat and mtersectlor? ove:r union
YOLO CNN Network Decode Predictions




Model Exchange with MATLAB

(PyTOI‘Ch ) Keras-

( Caffe? )\ | Tenscirflow

( MXNet ><——> ONNX 4—><I\/IATLAI9
Open )déjral Nrtwork Exchange Y

(Core ML)
( CNTK ) Caffe

4\ MathWorks
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Import Pretrained Network in ONNX Format

load resnetClassNames.mat
net = importONNXNetwork('resnet58.onnx"', ...

'OutputLayerType', ‘'classification’, ...

"ClassNames', classnames);
analyzeNetwork(net)

4\ MathWorks

26
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Import Pretrained Network in ONNX Format

resnet50 177 0L 00

Analysis date: 09-Jan-2019 09:30:08 Rt g Gt
“  ANALYSIS RESULT @
- [ manes veE ACTIVATICNS [Leansances
Y tnput 1 Image nput 224x224%3 - A
! {conv1 | Convolution 112x112x64 Welghts 7x7x3x64
: bn_conyl ;:;a 7x7x3 convolutions with stnde [2 7] ands padding {3 2 3 3§ | Bias Ixixba
® actvaton 1 il |bn_conv1 |Bateh Normaiization  [112x112x64 offset 1x1x64
1 s Sateh novmalizanen weth 54 channels { Scale 1xix6a
8. max_pooing2d_t ¢ |activation_1_relu |ReLU 112%112x64 -
-~ -~ |ReLU
§/ros2s branchiza: 9 fea2a_brnch) ¢ |max:pooling2d_1 | Max Poaling [55%55x64 -
I ' 3x7 max pooing with sinide [2 25 and padding |000 0] | |
unZa brenchZa @ brda_beanchl t -
= ~ = |res2a_branch2a | Convolution 55%x55x64 Weights 1xlx64x64
Imzmmn‘?-nuu __‘fi‘ h_tfvi'-_w'lu'uh with stride [1 1] and padding (0 00 0) } —_— —— : f.‘.faf., __l-f}ffd
7 |bn2a_branch2a |Batch Normalization | 55x55x64 nffset 1xix6d
res2a_beanch2b fi_l:nr.r. normakization with 64 channels | ‘Scale 1xix6d
: :éalvaﬁm 2_retu IReLU : 55x55x64 I
l, b2a_tiranch2b Ry — = f
' ol
aciivation 3 fel * |res2a_branch2b | Convolution 55%55%64 Weights 3x3x6axea
- Y," iS4 convolutions wih amde |1 1] and padding same " Bias 1xix6a
® res2s_teanchc 10 |bn2a_branch2b | Batch Normaiization | 55x55x64 Offset  1x1x64
Y | Batch normakizabon with 84 channels ‘ Scale 1x1x6a
. 1 i 1
Re2e. branciox 1 |activation_3_ret |ReLy P— I
- ReL )
1] 13 resZa_branch2c | Convolution 55x55x256 Weights Ix1x64x256
S.acti n 4 rely 256 1x1264 conyolutans with-stnde [1 1] and pagcing [0 0 0 0) | Bias Ix1x256
P> o 12 lres2a_branchi | Convolution 55x55x256 Weights 1x1x64x256
@ resdb_branchla 256 121354 conyniutions sdih stiids [1 1] and pudding [ 0 0 0] ’ Bias 1x1%256
l b2t brancha 14 W;_&amc o ;Balcn Normalization |55x55x256 0ff§et 1x1%256

27
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Modify Network

lgraph = layerGraph(net);

lgraph = removelLayers(lgraph, 'Input_input_1"); Removing the 2
lgraph = removelLayers(lgraph, 'fcleee Flattenl'); ResNet-50 layers
lgraph = connectlLayers(lgraph, 'avg_pool', 'fcleee');

avgImgBias = -1*(lgraph.Layers(1l).Bias);

%Create new input layer and incorporate average image bias
larray = imageInputlLayer([224 224 3],

‘Name®, 'input’,... — 1mageInputLayer .replaces the
'Averagelmage’,avgImgBias); input and subtraction layer

lgraph = replacelLayer(lgraph, "input_1_Sub',larray);

netModified = assembleNetwork(lgraph);

save('resnet50_model.mat’', 'netModified'); Save MAT file for code gen

28



YOLOV2 Detection Network

yolov2Layers: Create network architecture

4\ MathWorks

>> lgraph = yolov2Layers (imageSize, numClasses, anchorBoxes, network, featurelayer)

: e

Number of
Classes

-
= !‘C:J =) l:)

a

3

 w—

Two anchor boxes
[ Class: airplane

Class: sailboat

Pretrained
Feature Extractor

>> detector = trainYOLOv20bjectDetector (trainingData,lgraph,options)

29




Evaluate Performance of Trained Network

= Set of functions to evaluate trained
network performance
— evaluateDetectionMissRate
— evaluateDetectionPrecision
— bboxPrecisionRecall

— bboxOverlapRatio

4\ MathWorks

>> [ap,recall,precision] =

evaluateDetectionPrecision (results,vehicles(:,2));

0.8r

0.8

07 r

0.6

0.5

0.4

Average Precision = 0.7

evaluateDetectionPrecision

4|

0 0.2 0.3 0.4 0.5

bboxPrecisionRecall

30
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Example Applications using MATLAB for Al Development

Lane Keeping Assist using Occupancy Grid Creation
Reinforcement Learning using Deep Learning

Lidar Segmentation with
Deep Learning

31



CUDA and TensorRT Code
Generation

Outline
u -
Q
o
8]
2
Ground Truth Labeling Network Design and
Training
Key Takeaways

Platform Productivity: Workflow automation, ease of use
Framework Interoperability: ONNX, Keras-TensorFlow, Caffe

TX2,
Xavier

DRIVE PX2

Jetson Xavier and DRIVE
Xavier Targeting

Jatson TX1,

4\ MathWorks
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GPU Coder runs a host of compiler transforms to generate CUDA

4

MATLAB

4

Front — end

3

Control-flow graph
Intermediate representation
(CFG -1R)

3

Library function mapping

Loop perfectization

Loop

e Loop interchange
optimizations

Parallel loop creation

CUDA kernel creation

CUDA kernel
Traditional compiler optimizations

optimizations cudaMemcpy minimization

Shared memory mapping

NVIDIA
CUDA code emission EEEesss———) <> cuDa
C/C++

33
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Example Used in Today’s Talk

[ Optimized TensorRT Code for Models ]

34



ol res4a branch2a
Yl convolution2dl

————13

bnda_branch2a
barhNormaliza

r

activation 23 ...
reiuLayer

res4:
j con

a_branch2b

voluton2dl ..

bnda_branch2b
bakchNormaliza..
activation 24 ...
reluLayer

S ——

res4a branch
convoluson2dl ..

y

activation 22

rejulayer

bn3d_branch2c
batchNormaliza..

resda _branchl
convolution2dL..

bnda_branch2c
bakchNormalza

bnda_branchl
batchNomaliza..

A AathiWArlres

TensorRT
Optimizer

TensorRT
Runtime
Engine
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HOME

s _Jthl

New COpen Save

- - -

PLOTS

L) Find Files

i Campare =

= Print ¥y
ILE

< SR

Current Folder
|Name

=2l ® “'- "‘ er

Y caltech_washingtonl.avi

“] lane_and_vehicleDetection.m

lane_yolo.m
H= LaneDetectionmet. mat
(1 VehicleDetactorNet.mat

| GoTa v
L Find =

VIGATE Eon

MATLAB R2019b - prerelease use

EDITOR PUBLISH VIEW
Insert =l fx el - . [
i L £2] P = Run section (L7
Comment 9, gl
: Breakpoints Run Run and |k Advance Run and
Indent B - v Advance Time

BNEALPOIN A

1/ » mathworks » devel » sandbox » jshankar » GTC2018 » demofolder » demo files »

Gl B} Editor - /mathworks/devel/sandbox/jshankar/GTC2019/demofolder/demo files/lane yolo.m
lane yolo.m lane and vehicleDetection.m B
1 function Out = lane_yolo(In)
2 The reagressio et 1s trained to detect parameste f Lane pa La
3 s T l nalized a convertad to left and right la pol
4 1 1m 1nat
5 The camera coordinates are describsd by the caltech mono camera model.
Ll
7 ¥cod
a8
g - frame = imresize(In, [227,227]1);
10
2 B parsistent | anet;
12 - 1f isempty(l t)
13 - lanenet = coder.loadDeeplearningNetwork('LansDetsctionNet.mat', 'La
14 - end
15
16 - lanecoeffsNetworkOutput = r.predict(frame);
17
18 s Recover original etfs by raversing the nalizaty steps
19 - LaneCoeffMeans = [-.0002 , .0DD2, 1.4740, -.00DD2, .0D045, -1.3787];
2 - laneCoeffstds = [.0030, .0766, .6313, .0026, .0736, .9846];
21 - params = lanecpeffsNetworkOutput .#* laneCoeffStds + laneCoeffMeans;
22
23 % should no than 0.5 { 1t to be 3 La
24 - isRightiLaneFound = ahs(params(6)) > 0.5;
5 - isteftlLaneFound = abs(params(3)) = 0.5;
25
27 - vehicleXPolnts = 3:30; %meters, ahead of the
28 - 1tPts = coder.nullcopy(zeros(28,2, ‘single'));
29 - rtPts = coder.nullcopy(zerns(28,2,'singl='));
30
31 % map vehicle to 1mage coordinates
32 - if isRightLaneFound &% isieftiLaneFound
23

Command Window
New to MATLAB? See resources for Getting Started.

Fx >>
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GPU Coder
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GPU Coder
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(SR
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The GPU Coder workflow generates CUDA code. To begin, select your
entry-point function(s).

N NN
& W N
I

|

Generate code for function: [Enter a function name
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New |

-
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With GPU Coder, MATLAB Is fast

Single Image Inference (Titan V, Linux)

R2019a

300 -

350

Faster than TensorFlow,
MXNet, and PyTorch

250 1

N
o
o

Images/Sec
—_
(&)
o

100 |

50 1

0

ResNet-50 VGG-16 Inception-V3
Intel® Xeon® CPU 3.6 GHz - NVIDIA libraries: CUDA10 - cuDNN 7 - Frameworks: TensorFlow 1.13.0, MXNet 1.4.0 PyTorch 1.0.0 38
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TensorRT speeds up inference for TensorFlow and GPU Coder
Single Image Inference with ResNet-50 (Titan V)

R2019a

400

350

300

N
&)
o

Images/Sec
N
o
o

150
100 TensorFlow
50 | GPU Coder

o

cuDNN TensorRT 39
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faster across various Batch Sizes
ResNet-50 Inference (Titan V)

R2019a '

3500

3000

2500

Images/Sec
M
-
-
o

—
wn
o
-]
T
!

TensorFlow + TensorRT
1000 |- .

500 .

. . . . Batch Size

1 2 4 8 16 32
Intel® Xeon® CPU 3.6 GHz - NVIDIA libraries: CUDA10 - cuDNN 7 — Tensor RT 5.0.2.6. Frameworks: TensorFlow 1.13.0, MXNet 1.4.0 PyTorch 1.0.040
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Even higher Speeds with Integer Arithmetic (int8)
ResNet-SIU Inferen i::.eI (Titan V)

R201 QICI | TensorFlow (int8)

3500

3000

2500

M
o
o
o

Images/Sec
o
o
o

000 TensorFlow + TensorRT

500

. . . ! Batch Size

1 2 4 8 16 32
Intel® Xeon® CPU 3.6 GHz - NVIDIA libraries: CUDA10 - cuDNN 7 — Tensor RT 5.0.2.6. Frameworks: TensorFlow 1.13.0, MXNet 1.4.0 PyTorch 1.0.041
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Ground Truth Labeling

J00 . coRan o

Network Design and
Training

4\ MathWorks

DRIVE PX2

CUDA and TensorRT Code Jetson Xavier and DRIVE
Generation Xavier Targeting

Key Takeaways
Optimized CUDA and TensorRT code generation
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Deploy to Jetson and Drive

M GPU Coder

MATLAB algorithm Build type
(functional reference)
Call compiled Call compiled
/‘ application from application
MATLAB directly from hand-coded
main()
m Deploy to target
v Desktop Desktop
GPU GPU

L
o

L
C——

-

e Functional test

Deployment e Deployment
unit-test integration-test




Hardware in the loop workflow with Jetson/DRIVE device

Stream Webcam
Images from HW

A 4

Run model
in MATLAB

Model + Code

A 4

Update
parameters

.............................................................................................................................................................................................................................

Results for
Verification

Deploy and launch
on Target hardware

Generate CUDA and TensorRT code
Deploy and build on target
Launch executable on the target.

4\ MathWorks
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e
| ISP

)

I r 8

»» Generate Code

3) TR
! |

e
el I
L3 i
DNLIYErIN
gl

GPU Coder - lane_yolo.prj

Build type: +| MEX

Output file name: lane_yolo_mex

Language

gg) More Settings

pale :

i 1 T o et s
=il 1 = |

18 _‘ latal4d]

int T .::.1‘

18] : |

(z223) Generate

GENERATE »

VERIFY CODE

4\ MathWorks:
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7 Editor - /mathworks/devel/sandbox/jshankar/GTC2019/demofolder/demo_files/lane_and vehicleDetection.m

| lane_yolo.m lane_and _vehicleDetection.m = | +
1 “ function lane_and_vehicleDetection
2
3- videoFileReader = VideoReader('caltech washingtonl.avi');
4 - depVideoPlayer = vision.DeployablevideoPlayer( ' Name', 'simulation');
5 - fps = 0;
6 - while hasFrame(videoFileReader)
7 % grab frame from video
8 - I = readFrame(videoFileReader);
9
10 % Run the detector on the 1nput test i1mage
11 - tic;
12 - sim_frame = lane_yolo_mex(I);
13 - mltime = toc;
14
15 % Calculate fps

Command Window

New to MATLAB? See resources for Getting Started.
i > hl




Processor in the loop verification with Jetson/Drive devices

4 )
% Set up connection to Jetson device
hwobj] = jetson('gpucodar-xavier-1', 'ubuntu', 'ubuntu');

Q J

(% set up code generation to Processor-in-loop mode )
cfg = coder.gpuConfig('lib'};
cfg.verificationMode = 'PIL';

\cfg.Hardware = coder.hardware('NVIDIA Jetson'); y

4 )
% Generate code for application using CUDA and TensorRT
cfg.DeepLearningConfig = coder.DeeplLearningConfig('tensorrt');

\cndegen -config cfg detect lane yolo full -args {Dnesirﬂ.aiﬂ,ﬁﬂ@j,'uintE')})

Generates a wrapper
detect_lane_yolo_full_pil

4\ MathWorks
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Outline

Ground Truth Labeling

J00 oo oe

Network Design and
Training

TX2,
Xavier

DRIVE PX2

CUDA and TensorRT Code Jetson Xavier and DRIVE
Generation Xavier Targeting

Key Takeaways

Platform Productivity: Workflow automation, ease of use
Framework Interoperability: ONNX, Keras-TensorFlow, Caffe

Jatson TX1,

4\ MathWorks

Key Takeaways
Optimized CUDA and TensorRT code generation
Jetson Xavier and DRIVE Xavier targeting
Processor-in-loop(PIL) testing and system integration
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Thank You
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