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LINEAR CLASSIFICATION
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Introduction to Deep Learning

ARTIFICIAL INTELLIGENCE

A program that can sense, reason,
act, and adapt

MACHINE LEARNING

Algorithms whose performance improve
as they are exposed to more data over time

DEEP
LEARNING

Subset of machine learning in
which multilayered neural
networks learn from
vast amounts of data




Linear Classifiers

e Example

e Classes: Earthquakes (0), Underground nuclear explosions (1)

e Input values: Body wave magnitudes, Surface wave magnitudes

e Decision boundary: a line separating two classes.
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Perceptron Learning Rule

hw(x) = Threshold(w - x) where Threshold(z)=1 if 2 > 0 and 0 otherwise.

Threshold function
l -
Update rule: w; — w; +a(y — hw(x)) x z;

(converges if the problem is linearly separable.) 05 4

864202468

e If the output is correct, i.e., y = hw(x), then the weights are not changed.

o If yis | but hy(x) is 0, then w; is increased when the corresponding input z; is positive
and decreased when z; 1s negative. This makes sense, because we want to make w - X
bigger so that hy (x) outputs a 1.

o Ifyis O but hy(x)is 1, then w; is decreased when the corresponding input x; is positive
and increased when x; 1s negative. This makes sense, because we want to make w - x
smaller so that hy(x) outputs a 0.
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Learning Curve

Learning curve
(constant learning rate)
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Logistic Regression

Logistic function Logistic regression
1 . 1
) 1 1 — h-“' X = L t = - 0=
Logistic(z) = = (x) ogistic(w - x) 1+ e "X
L J N 2] _ 9
B, Loss {“) = Hw; (y — h“-(X))
d
05 o = Q(y — h“'(X)) X (_‘}-u1 (y - h-“-(X))
2]
(chainrule) = —2(y — hw(x)) x /(W x) X 5w x
0 wy

6 -4 -2 0 2 4 6

= —2(y - h“'(x}) X g’(“r ’ X} X Iy .

Soft thresholding
If g is a logistic function, then

_ dg

g'(2) = —(2) = 9(2)(1 - 9(2))-

gd(w-x)=g(w-x)(1 —g(w-x)) = hy(x)(1 — hy(x))

w; — wi + a(y — hw(x)) X hw(x)(1 — hy(x)) x ;

hw(x) = Logistic(w - x)
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Human brain
e 100 billion neurons
e 100 to 500 trillion synapses

ARTIFICIAL NEURAL NETWORKS (ANN)
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Neural Network Structure
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Single-Layer Feed-Forward Neural Networks

T ) y3 (carry) | y4 (sum)
0 0 0 0
0 1 0 1
1 0 0 1
] 1 1 0
* Perceptron learning rule
* Logistic regression
X X
I @ I O
?
0 0
0 | 0 1 *2
(a) x; and x, (b) x; or x, (c) x| xor X,
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Multilayer Feed-Forward Neural Networks

Input units: (a1, az)=(r1,r2)

as = g(wos+wssas+ wysay)

g(wo s, +w3s g(wos + wizar + w3 az)

+ wy 5 glwod + wy ga; +wo 4az))

= g(wos,+w359(wos + w13 T1 + Wwa3x2)
input hidden output

+ wy 5 g(wed + wy 4 71 + wa g 2))
units units

hylx,, x5)
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0.8 4
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04 A
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() =

An ANN with a single (sufficiently large) hidden layer can represent any continuous function.
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Back-Propagation

e Let hy be a nonlinear function representing a multilayer feed-forward neural
network, where w is a weight vector.

e We can learn a neural network by finding weights using a gradient descent
algorithm.

e Gradient descent update rule:

0

Wi < Wi — & Loss(w).
0 ) — J , A2 0 2 a 2
SwLﬂSS[:“) — au.lj h“-{h” - Hw g(yk H-;:) = ; D (yk ﬂ'k)
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from the jt hidden unit to the k" output

Lossp = (yp — a;c}z

dLossy, . day. dg(ing
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from the ith input to the jt hidden unit

Lossk = (yr — ax)”

dLossp. . daj. dg(iny) a
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Example

Computation 3a \
oy =,
b @ ’ f=2c+d
2C /v
\@ p g=Ga+b)2c+d)
d —"
Loss = (y — g)?
dLoss 0 5
dLoss dg dg de
7 = 20 -9 =20-9)5 - =-20-9)f"3

=—6(y —g)(2c+d)
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Issues

e Overfitting
— Complex model
— Not enough data

e Vanishing/exploding gradient problem
— Cannot train many layers of a network

e Other competing methods

— Support vector machines
— Bayesian networks

e Breakthroughs
— Faster computers, GPUs
— Cheap memory (enabling large data)
— New techniques
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Output

ARTIFICIAL INTELLIGENCE

A A program that can sense, reason,
act, and adapt

Mapping
Output QOutput from
features
) [} [}

Mappng || Mepping ||  wost MACHINE LEARNING

Output from from complex Algorithms whose performance improve
features features features as they are exposed to more data over time
X X 1 I}
Hand- Hand- ]
) - Simplest DEEP
designed designed Features el
program features lEARNING
5 A 3 A

Subset of machine learning in
which multilayered neural
networks learn from
Input Input Input Input vast amounts of data

Rule-based Classic Representation Deep
systems machine learning learning
learning

DEEP LEARNING
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ImageNet Large-Scale Visual Recognition Challenge, 2012

Tasks:

* Decide whether a given image contains a particular type of object or not. For example, a
contestant might decide that there are cars in this image but no tigers.

e Find a particular object and draw a box around it. For example, a contestant might decide that
there is a screwdriver at a certain position with a width of 50 pixels and a height of 30 pixels.

Image classification e 1000 different categories
Easiest classes A :
red fox (100) hen-of-the-woods (100) ibex (100)  goldfinch (100) flat-coated retriever (100) ¢ Over 1 m|“|0n Images

> * Training set: 456,567 images

tiger (100) hamster (100) porcuplneHOO] shnqrayHOO) Blenheim spaniel (100) Year Winning Error Rate
I “ ‘ -' ﬂ 2010 28‘2%

Hardest classes 2011 25.8%
muzzle (71) hatchet (68) water bottle (68) velvet (68) loupe (66) 2012 16.4% o
E— . . @ 2013 11.2%
hook (66)  spotlight (66) ladle (65) 2014 6.7%
‘ 2015 3.57%
Human About 5.1%

ImageNet Large Scale Visual Recognition Challenge. Russakovsky et al. arXiv preprint arXiv:1409.0575. URL: http://arxiv.org/abs/1409.0575v1
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Convolutional Neural Networks (CNNs)

e SuperVision (2012)
e Deep convolutional neural network
e 650,000 neurons
e 5 convolutional layers
e Over 60 million parameters
e C(larifai (2013)
e GoogleLeNet (2014) — 22 layers r : ' ® | Objectmodels
e ResNet (2015) — 152 layers .

Linear Object
Convolutions Pooling Convs Classifier Categories / Positions object parts

(‘\ - reaesul (CO ation
»{| 1= =" [}at (xi,y) - L "'. -'j'.

-

|l }at (xi,y)

o VR
i

Input data

21|} at (xk,yx)

Pl

C3 feature maps
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ImageNet Challenge

Revolution of Depth 28.2
‘ 152 layers ’ '

\
\
\
22 layers ’ ‘ 19 layers
' 6.7 7.3

3.57 l_ I ‘ 8 layers ‘ 8 layers shallow

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13  ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)

KPlst- < hSwRael”d’Hd(té‘Ef'gﬁﬂB)reSidual learning for image rﬁ?f’?B'&'”(’:t%F\Rt%Obseep Learning
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Error Rate:
16.4%

AlexNet (2012)

The Trend

Error Rate:
7.3%

Error Rate: |=

EUHHEHFH RS

67% |-

VGG (2014)

https://medium.com/@k3083518729/tensorflow-image-recognition-58b0ac77c263
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Error Rate:
3.57%

GoogleNet (2014) Residual

Net (2015)
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The Trend

Going deeper

ResNet-50 (x3)

Going denser

oVt X

DenseNet (CVPR’17 Best Paper)

e T fc 167

pairs nouns

ResNet (CVPR’16 Best Paper)

K. He, X. Zhang, S. Ren, and J. Sun. Deep residual learning for image recognition. CVPR, 2016.

G. Hpaeg. S Eidh K AYYRYBEE2SIN P der Maaten. Densely configefesitartpbiians Defsrke SMRR g017. 23



DEEP REINFORCEMENT LEARNING



Deep Q-Network (DQN), 2015

Playing Atari games

Input: Game screen shots

Output: Control (left, right, shoot, ...)
Convolutional neural networks (CNN)
Reinforcement learning: Q-learning

Breakout

Space Invaders

Video Pinball
Boxing
Breakout

Star Gunner
Robotank
Atlantis

Crazy Climber

Demon Attack
Name This Game

Road Runner
Kangaroo
James Bond

Pong

Space Invaders
Beam Rider
Tutankham
Kung-Fu Master

Time Pilot

Fishing Derby
Up and Down
Ice Hockey
Qbert
H.ER.O.
Asterix

Battle Zone
Wizard of Wor
Chopper Command
Centipede
Bank Heist
River Raid

Seaquest
Double Dunk
Bowling

Ms. Pac-Man
Asteroids
Frostbite
Gravitar
Private Eye

2539%
1707%
1327%
598%
508%
449%
419%
400%
294%
278%
277%
245%
232%
24%
145%
143%
132%
121%

102%

97% o

9%

8% —
6%

1

19% —
2% —
102% —

100% —

82%; —

At human-level or above

6%
67%
67% ——
sa—
6% ——
5T -
5T% -
54% —
3% —
2%
38—
Lasw

4%
n13%
T
HEB%
5%
hz%

Montezuma's Revenge

%

Below human-level

) )
T 10T

0 100

1
600 1,000 4,500%



AlphaGo, 2016

Google DeepMind’s AlphaGo vs. Lee Sedol, March 2016

e Possible board positions of Go: 1070 $0* Google DeepMind 83 AphaGo
e cf. Chess: 104 1 e el
 Monte Carlo tree search
* Deep neural networks:
e Value network
e Policy network
e Reinforcement learning
e Trained from
e 30 million human moves
* Playing against itself

e 1,202 CPUs, 176 GPUs
Game Date Black White Result Moves
1 9 March 2016 Lee Sedol AlphaGo Lee Sedol resigned 186 Game 1&
2 10 March 2016 AlphaGo Lee Sedol Lee Sedol resigned 211 Game 2/
3 12 March 2016 Lee Sedol AlphaGo Lee Sedol resigned 176 Game 3&
4 13 March 2016 AlphaGo Lee Sedol AlphaGo resigned 180 Game 4&7
5 15 March 2016 Lee Sedollnote 1] AlphaGo Lee Sedol resigned 280 Game 567
Result:

AlphaGo 4 — 1 Lee Sedol
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Robotics (OpenAl)




DEEP LEARNING:
SOME RECENT APPLICATIONS



Language Translation

 Google Neural Machine Translation (GNMT) System

] perfect translation
5 —
= neural (GNMT)
E 4
= phrase-based (PBMT)
S 3
@
W
& 2
;—
1
1]

English  English English  Spanish  French  Chinese

> - = = = =

Spanish  French  Chinese  English English English

Translation model

Source: https://ai.googleblog.com/2016/09/a-neural-network-for-machine.html
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Language to Action (SNU)

Supplementary Material for ICRA 2018

Text2Action:

Generative Adversarial Synthesis

from Language to Action

Hyemin Ahn, Timothy Ha, Yunho Choi, Hwiyeon Yoo, and Songhwai Oh

CPSLAB, Department of Electrical and Computer Engineering, Seoul National University




Synthesis

* Speech (WaveNet, Google DeepMind)

* Images

Labels to Street Scene

[1] Phillip Isola, Jun-Yan Zhu, Tinghui Zhou, Alexei A. Efros , “Image-to-lmage Translation with Conditional Adversarial Nets,” CVPR 2017.
[2] Karras, T., Aila, T., Laine, S., & Lehtinen, J. Progressive growing of GANs for improved quality, stability, and variation. ICLR 2018.
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Video Synthesis (University of Washington)




Pose Estimation (DensePose, Facebook)

DensePose:
Dense Human Pose Estimation In The Wild

Riza Alp Guler *  Natalia Neverova lasonas Kokkinos
INRIA, CentraleSupélec Facebook Al Research Facebook Al Research

*
Riza Alp Guler was with Facebook Al Research during this work




Autonomous Driving (Wayve)




Wrap Up

e Linear classification
e Neural networks

— Backpropagation
e Deep learning
 Deep reinforcement learning
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