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— 4K %2, Nando de Freitas,
https://www.cs.ox.ac.uk/people/nando.defreitas/
machinelearning/

— Coursera, Geoffrey Hinton , Neural Network for
Machine Learning

— WrIHAE K%%, Fei-Fei Li, CS231


https://www.cs.ox.ac.uk/people/nando.defreitas/machinelearning/
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o QI IR =N

— ICLR (International Conference on Learning
Representation )

— ICML

— CVPR, ACL, lJCAI, AAAI.
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o 5L fitp:
fileserver.nlsde.buaa.edu.cn/Public/Study/Dee
pLearning/
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Machine learning

e dataset D={X, Y}
* Input: X :
e Output: Y e
e Learning: Y=F(X) or P(Y|X)

e Goal

e Automatically detect
patterns in data

e Use the uncovered patters
to predict future data

e Fitting and Generalization




Machine learning

e Types: view of data

e Supervised Learning(IiE 5 >])

o D={X, Y}
e Learning: Y=F(X) or P(X,Y)
e Unsupervised Learning(3F % B 52 >])
e dataset D={X, X}
e Learning: X=F(g(X)), use G(x) as representation

e Types: view of models
e Non-parametric model (FEZ 1)
° Y=F(X; xl,xz...xn)
e Parametric model(Z#fL i Y)
e Y=F(X; 6)



Neural network

e Neural network

— Y=F(X)=fr (fr-1(... f1(X)))

— fi(x) = g(Wx + b)

e Nonlinear activation
— sigmod
— Relu

ax(i, u)
0.5
1 )/9 1 | ] 1
-6 -4 -2 0 2 4 6

Input layer

Hidden layer

Output layer

Out,,




Deep neural network

* Why deep?

— Powerful representation capacity( PR £ 3
L BETT)

@
&)
-
©
=
P —
O
=
[
o

Amount of data

conv-64

conv-64

maxpool

conv-128
conv-128
maxpool

conv-256
cony-256
maxpool

conv-512
conv-512
maxpool

conv-512

conv-512
maxpool

FC-4096
FC-4096
FC-1000
softmax



Key properties of Deep learning

e End to End learning (¥ 2] ¥im 5%~ > )
— no distinction between feature extractor
and classifier

# Traditional Pattern Recognition: Fixed/Handcrafted Feature Extractor

Feature Trainable
Extractor Classifier

— >

# Mainstream Modern Pattern Recognition: Unsupervised mid-level features

Feature Mid-Level Trainable
4 —
Extractor Features Classifier
# Deep Learning: Representations are hierarchical and trained
Low-Level Mid-Level | | High-Level Trainable
1 _— -} —

Features Features Features Classifier

“Deep” architectures:

— cascade of simpler non-linear modules
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The Perceptron
1957, Frank Rosenblatt, Perceptron CJEEIHL)

# A simple simulated neuron with adaptive “synaptic weights”
» Computes a weighted sum of inputs
» Qutput is +1 if the weighted sum is above a thresold, -1 otherwise.

(
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Associative area
Treshold element

sign (w' x)

y=sign|( ZWX+b)

i=1
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Source: Intelligence artificielle
Yann Le cun, 2015-2016



The Perceptron

# Example: classifying letters “A” from “B”
# Learning: find the weight values that produce +1 for A and -1 for B

# Training set: (X',Y"), (X%, Y?),.....(XP.YP) ;
Supervised

Learning

= y=sign(D, w,x+ w,)=sign(W'X )

=1

Source: Intelligence artificielle
Yann Le cun, 2015-2016



The Perceptron

# Learning: adjusting the weights so as to obtain the desired result
¥ Initially, the weights are 0.

Desired: +1

Source: Intelligence artificielle
Yann Le cun, 2015-2016



The Perceptron

# Adjusting the weights when the the output is incorrect
» If the desired output is +1, add pixel values to the weights (Hebbian learning)

Desired: +1

Source: Intelligence artificielle
Yann Le cun, 2015-2016



The Perceptron

# Adjusting the weights when the the output is incorrect
» If the desired output is -1, subtract pixel values from the weights.

Desired: -1

Source: Intelligence artificielle
Yann Le cun, 2015-2016



The Perceptron

# Adjusting the weights when the the output is incorrect
# If the desired output is -1, subtract pixel values from the weights.

Desired: -1

Source: Intelligence artificielle
Yann Le cun, 2015-2016



The Perceptron

@ Write if the writing style varies?

Desired: +1

Source: Intelligence artificielle
Yann Le cun, 2015-2016



The Perceptron

# What if the writing style varies?

Desired: +1

Source: Intelligence artificielle
Yann Le cun, 2015-2016



The Perceptron

# What if the writing style varies?
¥ The output may become incorrect

Desired: +1

Source: Intelligence artificielle
Yann Le cun, 2015-2016



The Perceptron

# Training set: (X',Y"),(X?,Y?),......(XP.YP)

& Take one sample (Xk,Yk), if the desired output is +1 but the actual output is -1
¥ Increase the weights whose input is positive
» Decrease the weights whose input is negative

@ If the desired is -1 and actual is +1, do the converse.
@ If desired and actual are equal, do nothing

wi(t+ 1) = wi(t) + (yf — fF(W XP))al

y:f(_z w.x+w,)=f(W'X)

Source: Intelligence artificielle
Yann Le cun, 2015-2016



Al Winter

e 1969, Minsky, £ perceptron )
— XOR
— Two layers, computation impossible.

M. Minsky - S. Papert




Conclusion for first phase

* Training by iteration
— Inference, calculate f(x)
— Compare the difference between the f(x) and y
— Adjust the weights. (gradient based)

| Source: Intelligence artificielle
Yann Le cun, 2015-2016




Second: Back Propagation

D. Rumelhart - G. Hinton - R. Wiliams

1986, Backpropagation (Jx[mf&#E)
— Calculate gradient efficiently O(d”*2)

* Routine of training

— Forward

— Back-propagation
— Update weights based on gradients

dhy Ohy Oy dl(y)
% Ohy 2 hn Dy

dhy dhn, dy



-

Beaten by SVM

V. Vapnik - C. Cortes

1

 1990s, Vapnik, support vector machines. (3ZfF
R
— y=f(WX+b)
— Globally optimization
— High efficiency, just one layer

e Loss function

— Function + loss

+ Al

[%gmax (0,1—%("3'2_}’))

Kernel trick for nonlinear



Third: deep learning

e 2006, Geoffery Hinton
— Deep Belief network

* Pre-training

* Fine-tuning

Pretraining Unrolling Fine-tuning



Third: deep learning

100%a According to Microsoft’s

speech group:
L ]
e 2011, audio
V4 Using DL
4%
2%
1% N
1990 2000 2010

Deep Learning in Speech Recognition

Switchboard 309 18.5% 27.4% 18.6%
(Microsoft Research) (2000 hrs)
English broadcast 50 17.5% 18.8%

news (IBM)

Google voice search 5,870 12.3% 16.0%

(android 4.1) (and falling) (>>5,870 hrs)



Third: deep learning

* 2012,imageNet

o
Traditional CV & Deep Leaming

2
o
4 o
—
£
w

ImageNet: The “computer vision World Cup”



Third: deep learning

e 2012,imageNet

°
‘ ImageNet Classification Error (Top 5)
20

Human Performance

3.57
-

2012 (AlexNet) 2013 (ZF) 2014 (VGG) 2014 (GooglLeNet) 2015 (ResNet) Today
(GoogleNet-vd)

0

ImageNet: The “computer vision World Cup”



Why deep learning grow so fast?

* Big Data

* More Powerful and cheaper machine

* Open Source
— Code: git-hub
— Paper: arxiv

K)S&M (USCorsair) &
RMB50x HEJJR

& +if(Kingston)3ZE# & FuryZ 5l
DDR4 2400 64G (16GBx4

EVGA GTX 1070 8G SC GAMING ACX
3.0 Black Edition

[AJi8(SanDisk) IN5&hR 480G BEIZSHE &

Source: F£/7 IR E 2= >IN 146 ¥16,904

5t 7%, 2016
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Application

Object Classification

motor scooter

mite container ship motor scooter leopard

black widow lifeboat go-kart jaguar
cockroach amphibian moped F_‘ cheetah
tick fireboat bumper car snow leopard

starfish drilling platform || golfcart Egyptian cat

grille
convertible agaric 3 s S monkey

grille mushroom grape spider monkey

=Y pickup J jelly fungus elderberry titi

beach wagon gill fungus |ffordshire bullterrier indri
fire engine || dead-man's-fingers currant howler monkey




Application

* Object detection




Application

* Scene Parsing




Application

Automatic Image Caption Generation

‘man in black shirt is playing ‘construction worker in orange “two young girls are playing with
guitar.” safety vest is working on road." lego toy."

‘girl in pink dress is jumping in ‘black and white dog jumps over "young girl in pink shirt is
air” bar' swinging on swing.'



Application

e Artistic style learning on images

TWO MINUTE

PAPERS

DEEP NEURAL
NETWORK LEARNS

VAN GOGH'S ART




Application

Automatically Adding Sounds To Silent Movies

"'.~ /‘ :

L - N9

> » : ' v .
TE S EESEEEEEEEEEEES TS S S EEEESEEEEEEEES

-0.5

(seconds) >



Application

* Automatic Handwriting Generation
Z\/{OhC/L/pVUL L\QOL «/\,\/\«\3 \/La . J‘J\,\/
MOMU(M s LQWV\@ MVL@O

ij ﬂd\ﬂm Loaur f\/\na ﬂ/(ag‘\e/(k/

Sample of Automatic Handwriting Generation



Application

* Automatic Text Generation
— Shakespeare
— Wikipedia articles (including the markup)
— Algebraic Geometry (with LaTeX markup)
— Linux Source Code

* http://karpathy.github.io/2015/05/21/rnn
-effectiveness/



Application

* Alpha Go

¢0: Google DeepMind
o Challenge Match

8 - 15 March 2016




Q&A



