i}

I~ S T 1T WU T

EASCAL

Deep Learning and Applications to
Intelligent Transportation Systems

Pascal Institute
UMR 6602, CNRS/UBP/IFMA,

Clermont Ferrand, France



ISPR : ImageS, Perception systems and Robotics '5

S T IT UT

Mechanical, Process Engineering,
Image, Perception Materials and e :

Systems, Robotics Structures

Photonics, Waves,

Energetics and Nanomaterials

Biosystems

MACCS: DREAM:
ComSee : Embedded

Computer that see Modeling, Architecture and
Autonomy and multisensors
Control in

Complex Systems

ISPR : Image, Systémes de Perception et Robotique

1S o




Deep Learning and Applications to Intelligent Transportation Systems K

I~ S TI1 T U T

EASCAL

Introduction to Deep Learning Deep Supervisad Leaming of
e Representations

Lecture 01 2016-0

College de France

haire Annuelle 2015-2016 CIFAR Vodhus Banglo

A CANADIAN July 4, 2016 -
» et Sciences Numeriques INSTITUTE pn ¥
1 FOR Deep Learning Workshop o
ADVANCED &
RESEARCH AP
Nt

01:9* ‘ -
Université rH\ = MILA
de Montréal " '

http://www.fhnw.ch/technik/bachelor/informatik/computer-science-seminar/archiv/Deep_Learning.pptx

<At
1 ‘hf":’ pAS ChL

INETIUT FRANGAS
TR AR A o 4k




Deep Learning and Applications to Intelligent Transportation Systems ‘\

-

I~ 2 TI1ITUWUT

Content PASCAL

Introduction to Deep Learning

The Perceptron (Neural Network)

Deep Convolutional Neural Network (DCNN)

Object localisation and categorisation (FasterRcnn)
Scene specialization

Toward many-tasks networks

Some Technical aspects




Introduction to Deep Learning

Speaking to a Bot is No Longer
Unusual...
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Introduction to Deep Learning

A new revolution seems
to be in the work after
the industrial revolution.

Devices are becoming
intelligent.
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IT Companies are Racing into , PASCAL
Deep Learhing
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 Deep Learning: machine
learning algorithms based on
learning multiple levels of
representation / abstraction.

Amazing improvements in error rate in object recognition, abject
detection, speech recognition, and more recently, in natural
language processing / understanding
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Brealkthrough in deep learning PASCAL

A Canadian-led trio at CIFAR
initiated the deep learning Al
revolution

* Funcamental breakthrough in
2006:

first successful recipe for training
a deep supervised neural network

* Second mgzjor advance in
2011, with rectifiers

* Breakthroughs in applications
since then, especizlly the
AlexNet 2012. ‘ YANN LECUN

New York
Canadian Institute for Advanced Research

SRS, CRL.
gr\.h\!‘f :-AS

.
ema

T A




Introduction to Deep Learning '5

PASCAL

The machine learning framework

* Apply a prediction function to a feature representation of the
Image to get the desired output:

f(E) = “apple”
f(Rd) = tomato”
f( ) “COW”
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Traditional Machine Learning

Training Label
abeils

= Image =)/ Training |=> Learned

Features model

Testing

n = Image = Learned Prediction

Features model
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DEEP LEARNING = Learning Representations/Features F’ASCAL

# The traditional model of pattern recognition (since the late 50's)

» Fixed/engineered features (or fixed kernel) + trainable
classifier

hand-crafted “Simple” Trainable
Feature Extractor Classifier

# End-to-end learning / Feature learning / Deep learning
» Trainable features (or kernel) + trainable classifier

Trainable Trainable
Feature Extractor Classifier
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Deep Learning = Learning Hierarchical Representations P
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# 1It's deep if it has more than one stage of non-linear feature transformation

Low-Level| |Mid-Level| |High-Level Trainable
— —> —_—
Feature Feature Feature Classifier

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]
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# A hierarchy of trainable feature transforms

» Each module transforms its input representation into a higher-level
one.

» High-level features are more global and more invariant
» Low-level features are shared among categories

Trainable Trainable Trainable
Feature | wmeongee Feature |—| Classifier/ }—
Transform Transform Predictor

Learned Internal Representations
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The Perceptron g

One Neuron In“'
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The Perceptron k
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Multiple Layers

Feed Forward

Connected Weights
1-of-N Output




The Perceptron k
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Backpropagation PASCAL
J (W) =a's""
an m 8 (error term of the output layer)
(compute grad ent) ¢\;(3) =a® - y
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http://sebastianraschka.com/fag/docs/visual-backpropagation.html
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Deep Convolutional Neural Network (DCNN)
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DCNN for trafic sign recognition
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AlexNet (Krizhevsky et al. 2012)

The class with the highest likelihood is the one the DNN selects
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DCNN networks are more and more deeper PASCAL

224 x 224 x3 224 x 224 x 64

VGG16

112 x[112 x 128
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DCNN networks are more and more deeper PASCAL
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But it sometime fails ... o PASCAL

Trial and error
testing can not
guarantee
reliability

Correct|y classified as
classified ostrich
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DCNN for image segmentation PASCAL
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Deep Q-Network (Google: published in nature)
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Object Localisation and Categorization (FasterRcnn)
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FasterRcnn:
Region Proposal Network + Classification Network

classifier
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Object Localisation and Categorization (FasterRcnn) k

Faster-Rcnn (realtime) I‘ FiTlT
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Object Localisation and Categorization (FasterRcnn)

Faster-Rcnn (realtime)

https://www.youtube.com/watch?v=WZmSMkK9VuA
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Scene specialization

The intra-class variability issue (huge databases)
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Scene specialization

The intra-class variability issue (static camera)

but several parameters are scene dependent (camera
pose and view angle, trajectory)

Institut Pascal



Scene specialization

All the objects of a specific scene belong to a manifold of
a large feature space
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Scene specialization

15 <
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How to estimate the pedestrian dlstr‘lbutlon from an
unsuperwsed V|deo sequence ?




Scene specialization

Some notations

X: a state vector associated to the target object distribution
Z: the measure vector (target video sequence)

We have to estimate:
p(X|[2)

g
I b

Institut Pascal



Scene specialization

The solution:

Approximate the probability distribution by a set of samples

p(xg|zi) ~ {xU)} Ve

with a sequential Bayesian filter:
P(Xk41|Z0:k41) =

C.p(zhs1|Xk41) / (51| )P (X [ B0z ) A
X

g
l.

Institut Pascal S



Scene specialization

Approximate the probability distribution by a set of samples
with a sequential Bayesian filter: (PhD H. Maamatou)

P(Xk+1 \Zo:k+1) =
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Scene specialization
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Deep Learning for 3D vehicle understanding from monocular images:
toward many-task networks
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Deep Learning for 3D vehicle understanding from monocular images:
toward many-task networks k
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Deep Learning for 3D vehicle understanding from monocular images
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Deep Learning for 3D vehicle understanding from monocular images g
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Detection and orientation

vall
AP AOS
Method Type | Time | Easy | Moderate | Hard | Easy = Moderate | Hard
3DVP [11] Mono | 40s | 80.48 68.05 57.20 | 78.99 65.73 54.67
Faster-RCNN [27] Mono | 2s | 82.9I 77.83 66.25 E - -
SubCNN [37] Mono | 2s | 95.77 86.64 74.07 | 94.55 85.03 72.2
Ours nms = 0.4 Mono | 0.7s | 97.05 88.94 78.25 | 96.90 88.68 77.83
Ours nms = 0.5 Mono | 0.7s | 96.98 89.58 79.77 | 96.83 89.31 79.31
Ours w vis Mono | 0.7s | 97.90 91.01 83.14 | 97.60 90.66 82.66

The KITTI Vision [EASiilseiinsdmm

Benchmark Suite

A project of Karlsruhe Institute of Technology
and Toyota Technological Institute at Chicago
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Technical aspects

open source libraries for deep learning (all with GPU
implementation)

- Tensor Flow (Google, C++, Python)
- Caffe (Berkeley, C++, Python)
- Torch (« facebook », Lua)

- Theano (., python)

v

Institut Pascal



Technical aspects

Hardwares for Deep Learning

Google Asic NVIDIA Jetson TX1 4
r

Institut Pascal P ASAL



Conclusion

- Deep learning outperforms other approaches for
detection and classification

- Hardware systems are specifically designed for
DCNN (Nvidia, Google, Altera)

- How to prove the robustness of such method (Trial
and error testing can not guarantee reliability)(real
problem for Autonomous Driving Systems)?

- Databases are needed to learn DCNN (What about
new sensors or multi sensors systems)

Institut Pascal PASAL



Backpropagation principle




Backpropagation principle

summing
junction

e=X, W +X W,

non-linear
element

f(e)

y=f(e)

'
l-
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Backpropagation principle

N = f1("'(x1)1-"1 +Wee1¥2)
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Backpropagation principle

v, =1 2(“'(x1)2-"1 + “'(xz)z-"z)
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Backpropagation principle

V3 = f300aY + WeayaXa)

.
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Backpropagation principle

Vo= JaOrgyy 0y ¥, +03435)
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Backpropagation principle

Vs = Js(0sdy + 555 + 35 73)
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Backpropagation principle
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Backpropagation principle

. dfy(e)
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Backpropagation principle

Wz = Wz 1779
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Backpropagation principle

 df,(e)

W 2= W+ 10, ——=X
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Backpropagation principle

. df,(e)
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Backpropagation principle
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Backpropagation principle
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