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Deep Learning

g “Deep Learning: machine learning algorithms h
based on learning multiple levels of
_ representation and abstraction” - Joshua Bengio |

Hoc nhiéu tang la nhirng thuat todn hoc may
dwa trén viéc hoc cac tang bieu dién khac
nhau cua di liéu.
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Deep Learning
4

“Deep Learning: machine learning algorithms h

based on learning multiple levels of
_ representation and abstraction” - Joshua Bengio |

Low-Level Mid-Level High-Level Trainable
Feature Feature Feature Classifier

Feature visualization of CNN trained on ImageNet [Zeiler and Fergus 2013]

©Dinh Phung, 2017 VIASM 2017, Data Science Workshop, FIRST



Deep Learning

o A fast moving field! The literature is
vast.

ooooo

o Rooted in machine learning and early MMW ‘
pattern recognition theory.

o Raising technology to build Artificial =< &(@)
Intelligence systems. - >

il

o Goals of this talk:

0 Give the basic foundations, i.e., it’s
important to know the basic.

OOOOOOOOO

2 Give an overview on important classes
of deep learning models.

[Image courtesy: @DeepLearningIT]
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What drives success in DL?

o Flexible models
o Data, data and data

o Distributed and parallel computing
2 CPU: exploit fixed point arithmetic, cache-friendly
2 GPU: high memory bandwidth, no cache
o Multi-GPU/Multi-core/machines

2 Data parallelism: split data and run in parallel with the same model
o Fast at test time
o Asynchronous at training time

2 Model parallelism: one unit of data, but run multiple models (e.g., Gibbs)
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What makes deep learning take oft?

Andrew Ng’s Analogy

M6 hinh tinh toan 1on,
vi du: deep learning
models

Large NN

Medium NN

Small NN

Traditional
learning algo

Performance

Co s& ha tang tinh
toan, nha nghién cttu,
moi truvong va chinh
sach nhu bé phong

Amount of data

D liéu [&n nhw
nguodn nang luong
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Machine learning predicts the look of stem cells, Nature News, April 2017
The Allen Cell Explorer Project

“No two stem cells are identical, even if they are genetic clones .... Computer scientists analysed thousands of the images using deep
learning programs and found relationships between the locations of cellular structures. They then used that information to predict where
the structures might be when the program was given just a couple of clues, such as the position of the nucleus. The program ‘learned’ by
comparing its predictions to actual cells”




Applied DL and Al Systems
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Mastering the game of Go with deep
neural networks and tree search

Nature, 2016

Applied DL and Al Systems i
Reinforcement Learning

O+ Google DeepMind -0- AlphaGo
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Applied DL and Al Systems
Reinforcement Learning

AONKS

1997

Ban chat van dé la gi?
Tw heuristics dén ...

AUTOMATED LEARNING!
B e i s



Neural Language NLP

( ) )
Language | Neural
model anguage
L ) models
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[Mikolov et al. 2013]
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Neural Language NLP

WOMAN

MAN /
UNCLE
QUEEN

AUNT QUEENS

KING

(Mikolov et al., NAACL HLT, 2013)

Analogical reasoning: dan 6ng : phu nit = hoang dé : ?

. 2
argmin,,

hgan ong ~ Pphu i + Phoang gé ~ v




Neural Language NLP
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Applied DL and Al Systems

Neural Language NLP

Ti di vao nha bép
Ti lwom duwgc mot trai khé
Sau do6 Ti chay ra vuon
Ti lam r&t trai khé

Hoi: trai khé & dau?
May tinh: & ngoai vuon

Du hau thi tron
Qua mudp thi dai
Mud'p xanh muwon mudt

Mudp va dua hau cung mau
Hoi: qua dwa hdu mau gi?

May tinh: mau xanh

e Neural Machine Translation

e Seguence to sequence (Sutskever et. al, 14)
* Attention-based Neural MT (Luong, et al. 15)

* End-to-End Memory Networks
* Neural Turing Machine (Graves et al. 14)



Early history of DL

Ackley, Hinton and Sejnowsky
| probabilistic Hopfield networks| higher-
energy states << than lower-energy states | mid-2000s 2006 S

Coined Boltzmann machine e
™

Frank Rosenblatt (Cornell psychologist)
| put weights to McCulloch-Pitts model | Coined
‘Perceptron’ | guaranteed to work if separable

mid-1990s
Marvin Minsky and Seymour Papert

| published book “Perceptrons” |
expressive neuron layers but didn’t know
how to learn| Machine learning = neural

networks Hinton, Osindero, and Teh
| published “A fast learning algorithm
1986 The heat for NN was over for deep belief nets” |
| learning with bigger and more
1949 1982 hidden layers was infeasible |
1985

1943 1950 1969 Resurgent of NN and connectionism

John Hopfield (Caltech physicist) | re-invented Autoencorder (AE) |

| notice the analogy between Stacked Sparse AE: Google learns
neurons and spin glasses ‘cat’ from 10 million youtube videos

Donald Hebb (Canadian psychologist)

| Hebb’s rule::“Neurons that fire together wire
together” | Cornerstone of connectionism:
attempt to explain how neurons learn |

Rumerlhart, Hinton, and Williams
|invented Backprop | solved XOR problem | trained
multiplayer perceptron (NETtalk) |

Warren McCulloch and Walter Pitts

| first formal model of a neuron | aka McCulloch-
Pitts model | AND and OR gate, switch on when
number of active inputs > T | Doesn’t learn! |

©Dinh Phung, 2017 VIASM 2017, Data Science Workshop, FIRST 15




Yann LeCun Yoshua Bengio Geoff Hinton
Director of Al Research, Head, Montreal Institute for Goc_)gle !Braln Toronto,
Facebook Learning Algorithms University of Torronto

Deep learning
Yann LeCun"?, Yoshua Bengio® & Geoffrey Hinton** natur e

Deep learning allows computational models that are composed of multiple processing layers to learn representations of
data with multiple levels of abstraction. These methods have dramatically improved the state-of-the-artin speech rec-
ognition, visual object recognition, object detection and many other domains such as drug discovery and genomics. Deep
learning discovers intricate structure in large data sets by using the backpropagation algorithm to indicate how a machine
should change its internal parameters that are used to compute the representation in each layer from the representation in
the previous layer. Deep convolutional nets have brought about breakthroughs in processing images, video, speech and
audio, whereas recurrent nets have shone light on sequential data such as text and speech.
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Books

o Currently the (only) most comprehensive book in DL
o What is not covered in this book:

0 Latest development (extremely fast moving field)

o Lack of practical deployments, codebase, framework
— which is important for this field.

0 Represent a very subset of the field, e.g., no
discussion of statistical foundation, uncertainty,
Bayesian treatment.

Linear Algebra
—= 0

Part 1: Applied Math and [ Probablity and Information Theory
s
i

Machine Learning Basics /' Numerical Computation

"‘\ Machine Learning Basics

Deep forward Networks
/ ,f’ Regularization for Deep Learning
f/f 'Y Optimization for Deep Learning
— ;1gj:nD:fa’:::z‘::orkS: i Convolutional Networks
\‘.\/' Sequence modelling: Recurrent and Recurssive Nets

\‘\ Applications

/ Deep Learning' -
\ | Practical Methodology

- - Linear Factor Models

\ ‘."‘ Autoencoders
\\ I"ﬂ/ Representation Learning
\ Part 3: Deep Learning -’_ Structured Probabilistic Models for Deep Learning
. Research : Mente Carlo Methods

“\_ Confronting the Partition Function
\

| Approximate Inference

\ Deep Generative Models
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About this talk

o What is deep learning and
few application examples.

o Deep neural networks

o Neural embedding

o Deep Generative Models
o TensorFlow

o Few practical tips
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DEEP NEURAL NETWORKS



Some historical mo

o Our brain is made up by network of inter-
connected neurons and have highly-parallel
architecture.

o ANN (artificial neural networks) are motivated by
biological neural systems.

o Two groups of ANN researchers:
To use ANN to study/model the brain

Use the brain as the motivation to design ANN as an
effective learning machine, which might not be the true
model of the brain. Deviation from the brain model is
not necessarily bad, e.g. airplanes do not fly like birds.

o So far, most, if not all, use the brain architecture as
motivation to build computational models.

©Dinh Phung, 2017 VIASM 2017, Data Science Workshop, F



Perceptron

[Rosenblatt, late 50’s]

output y 4 N

n
D e —wxl?
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\_ J

min J(w) =

N =
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Frank Rosenblatt single ‘neuron’ unit % 2 z : s 1
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Feed Forward Neural Networks

o Perceptron are linear models and too weak in —

what they can represent. 1 - i —
o Modern ML/Stats deal with high-dimensional ?gn(z)
data.
o non-linear decision surfaces l small step, big leap
in modelling

z >
_ 1
o(z) = 1+ez
d
fl(zz) = 0(2)(1 - 0(2))
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Activation Functions

o Given input x; and desired output y;, t = 1, ..., n, find the Y1 Vi y
network weights w such that
?t ~ yt' \44
o Stating as an optimization problem: find w to minimize the z,
error function
M K
1 ~ N 2
W) =23 > Ve = ) )
t=1k=1

o Neural activation: h(x) = f(w'x + b)
o J(w) is a nonconvex, high-dimensional function with possibly many

‘‘‘‘‘‘
NN SRR ele 00
""""

local minima.
Sigmoid TanH RelLU
12 15 10
1.0 1 _f0 for z<0
0. f(z) = l14e® f@) = {z for z>0 ‘

777
/7

7

/]
~/4
;,/i'
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Gradient-based optimization and search

Perceptron
4 )

1 n
min Jw) =5 > [y - w' ]’
N t=1 y

o Ata point x = (x4, x,), the gradient
vector of the function f(x) w.rt x is

of af)

dxy 0 xy

Vfx) = (

o Vf(x) represents the direction that
produces steepest increase in f.

o Similarly =V f(x) is the direction of
steepest decrease in f

[Ngudn: Wikipedia]
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Gradient-based optimization and search

o To minimize a functional f (x), use
gradient-descent:
2 Initialize random x,

0 Slide down the surface of f in the direction of
steepest decrease:

Xe+1 = Xe — 1] X Vf(x¢)

learning rate

o Similarly, to maximize f(x), use gradient-
ascent.

©Dinh Phung, 2017 | VIASM 2017, Data Science Workshop, FIRST 25



Stochastic Gradient-Descent (SGD) Learning

o Also known as delta rule, LMS rule or Widrow-Hoff rule.
o Instead of minimizing J(w), minimize the_instantaneous approximation of J(w):

1 n
Je(w) =E[Yt — 9¢)? J(w) =%z[xt.w —y,]?
Partial derivative: =1
o Partial derivative W) aa—V{,i= S 9 — (Ol
aw; = —(Ve — Ve)xe ~__ \

nhew old

o Update rule (where t denotes the current training sample)

wi « w; +n(Ve — V) Xy
o Compare with standard gradient descent:
0 Less computation required in each iteration

o Approaching the minimum in a stochastic sense
0 Use smaller learning rate 1, hence need more iterations
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Backpropagation

o Similarly for input = hidden weights

1 & 2 ) X Vi Yk o ...
Je(w) = EZ(yk — Vi) zj = a(zj) where z; = Z X;Wij y
k=1 i=1 .
ij
dJ:(w)
Wi};' — W[; — awh Z2
ij .
o i Wi
o.(w) _ 3, _ 0% ’
Bwl-hj d Z awihj x
— 7. (1= z:
- zj ( zj) - %
dJ; _ dJ; y 0z;
IR

chain rule -—------c-emmeeeeeeeci

K
z dJ¢ . d Vi
o Gradient descent update 0y, 0z

=1 e _ _gn
h T oo = nfa-2) Y i

h h A0
le l]+775] xi 5](

&
-
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Early day of NN application

Input Retina 11

s
1

[Ngubn: Machine Learning, Tom Mitchell, 1997]

.. and TODAY

A processor
reads the data
and regulates
vehicle behavior.

A laser sensor scans
360 degrees around the
vehicle for objects.

Radar measures -
the speed of ‘
vehicles ahead. I
An orientation sensor | I
tracks the car’s j

motion and balance. 1

Truck,
Train,
Boat,
Uber,
Delivery,

A wheel-hub sensor
detects the number
of rotations to help
determine the car’s
location.

* Parking
A
\‘ f R
Intermodal Services » Fleet Car2Car, Car2X = 5
Y Managment [ H =
". "\_\ g I-'lll s [T f
II|I 'x ’.l A.d.-' . III
\ o Advanced Driver {
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\ " E |
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\\ \ [ & —_ s Il|' { ; Car
\ \ | f : N
UEI L \\ I". | Automated Connected [ Diagnostics
AY \ \ f Driving MNavigation, I ;,f’
LY W S i .
Y \ Yo Infotainment oy
) J_{—u.,/—-f—h.‘\ e
(D) ¢ AT
W& 3\
LA S —
M2M Comim. 10T Cloud Big Data Integration Business Processes

Source: www.enterprise-iot.org



Tricks and tips for applying BP

Sensitivity of learning rate i

o SGD provides unbiased estimate of the
gradient by taking average gradient on a
minibatch.

o Since the SGD gradient estimator
introduces a source of noise (random
sampling data example), thus gradually
decrease/reduce the learning rate over
time.

o Letny be the learning rate at epoch k. A
sufficient condition to guarantee
convergence of SGD is:

S ne =0 and 3t <
k k

o In practice, it is common to decay the
learning rate linearly until iteration t:

N =1 —a)ny +an,

: k : :
with a = — After iteration t, leave 1 constant.

o Monitor convergence rate
0 Measure the excess error

/() — minj(6)

2 In a convex optimization problem: the

: 1 : :
excess error is 0 (—) after k iterations
vk

2 In a strongly convex optimization
: 1
problem, excess error is: O (E)

©Dinh Phung, 2017
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Tricks and tips for applying BP

Sensitivity of learning rate i

o Start with large learning rate (e.g., 0.1)

o Maintain until validation error stops
improving

o Step decay: Divide the learning rate by 2
and go back to the second step.

o Exponential decay:n = nge " where k is
a hyperparameter and t is the
epoch/iteration number

Mo
1+kt
hyperparameter and t is the

epoch/iteration number.

where k is a

o 1/tdecay:n =

Strategies to decay learning rate i

[Image courtesy: Wikipedial
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Tricks and tips for applying BP

Accelerate learning - Momentum

o

o

o

o

SGD can sometimes be slow.

Momentum (Polyak, 1964) accelerates the learning by accumulating an exponentially
decaying moving average of past gradients and then continuing to move in their direction.

UV« av —nVy/(0)
0<06+v

« is a hyperparameter that indicates how quickly the contributions of previous gradients
exponentially decay. In practice, this is usually set to 0.5, 0.9, and 0.99.

The momentum primarily solves 2 problems: poor conditioning of the Hessian matrix and
variance in the stochastic gradient.

Momentum helps
accelerate SGD to use
@ —_9 @ —_9 relevant directions
and dampens

normal SGD

SGD with momentum
[Image courtesy: Sebastian Ruder]
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Tricks and tips for applying BP

Accelerate learning - Nesterov Momentum

o A variant of the momentum algorithm,
inspired by Nesterov’s accelerated gradient
method (Nesterov, 1983, 2004)

Ve av—nVyJ(0 + av)
0—0+v

o The only difference between Nesterov
momentum and standard momentum is
how the gradient is computed.

o For convex batch gradient, Nesterov
momentum improves the convergence rate
from 0(1/k) to O(1/k?).

o Unfortunately, this result does not hold for
stochastic gradient.

4 L
IR

- Adadelta

SGD
Momentum
NAG
Adagrad

Rmsprop

R
2,0
000yt O 0
ot i,
.00, 0000,
I
AKX
;l’l’

%
% %
:‘o,":‘&:'o":" X

T
%

i
o

0
KD
XS

1.0

SGD
Momentum
NAG

Adagrad
Adadelta
Rmsprop

T T T
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Tricks and tips for applying BP

[Image courtesy: Sebastian Ruder]

Accelerate learning — AdaGrad (Duchi, 11)

= SGD
== Momentum
- NAG
o Learning rates are scaled by the square root of the — saaaa
a0 ~—— Adadelta
cumulative sum of squared gradients : . B
-2 0.0, q@@*
g < Ve (6) 2
Yy <y +g9g0g | s
n .
0-0-——7=>0g _
6 + y . -1.5

where é is a small constant

(e.g., 10~7) for numerical stability.
o Large partial derivatives

o Thus, rapid decrease in their learning rates
o Small partial derivatives

o hence relatively small decrease in their learning rates.
o Weakness: always decrease the learning rate!

©Dinh Phung, 2017 | VIASM 2017, Data Science Workshop, FIRST
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Tricks and tips for applying BP

[Image courtesy: Sebastian Ruder]

Accelerate learning — RMSProp (Hinton, 12)

R s
o A modification of AdaGrad to work better for ~— NAG
non-convex setting. ) — Rﬁ;n:i%d;
o Instead of cumulative sum, use exponential 2 "35',"&"3:
moving/smoothing average 0 s

Y,
*fzf':%:?:%:«o:'a%%@;a

g < VeJ(0)
Yy <y +(1-pBgOg

_.n
00 m@g

where § is a small constant (e.g., 107°) for
numerical stability.

o RMSProp has been shown to be an effective and
practical optimization algorithm for DNN. It is
currently one of the go-to optimization methods
being employed routinely by DL applications.

©Dinh Phung, 2017 | VIASM 2017, Data Science Workshop, FIRST
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Tricks and tips for applying BP

[Image courtesy: Sebastian Ruder]

Accelerate learning — RMSProp (Hinton, 12)

—  SGD
. =  Momentum
o RMSProp with Nesterov momentum — NAG
- Adagrad
~— Adadelta

Rmsprop

Y
it

~

G
Z %
: Lo, %,
;',’.‘{ 2 'I"I"l’l,"l[/‘,. ~
a SREHEAEAIAL 'I,"l"""[

E Fav Kl
%
K55

%% 25
S

g < V5/(0)
Yy <y +1Q-pg0g |

veav—L@g
o+y

0<0+v

SGD
Momentum
NAG

Adagrad
] — Adadelta
Rmsprop

TITOIITrr
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Tricks and tips for DNN

[Image courtesy: Sebastian Ruder]

Accelerate learning — Adam (Kingma & Ba, 14) . Momentum
= NAG
o The best variant that essentially combines res; (At

i, Adadelta
. Gy 'lliflf;‘i"’}

RMSProp with momentum ! 77 g — Rmsprop

AT

2 I INIKL)

20,200 9,000,

0 NS
t—t+1 %

g < VpJ(0) -
s« pis +(1—-pB)g
Yy <By +(1-6)g0Og e
S
T1-f
P A
1-p;

0—0-—n

S

14
S
Nk
o Suggested default values: € = 0.001, f; = 0.9,
L, = 0.999 and § = 1078,

o Should always be used as first choice!

©Dinh Phung, 2017 | VIASM 2017, Data Science Workshop, FIRST
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Tricks and tips for DNN

Overfitting problem - quick fixes

o Performance measured by errors on “unseen”
data.

o Minimize error alone on training data is not
enough

o Causes: too many hidden nodes and overtrained.

generalize

v

o Possible quick fixes:

0 Use cross validation or early stopping, e.g.,
stop training when validation error starts to
grow.

2 Weight decaying: minimize also the
magnitude of weights, keeping weights small
(since the sigmoid function is almost linear

“proper fit”

v

near O, if weights are small, decision surfaces
are less non-linear and smoother)

“over fit”

. | Overfit: tendency of the network to “memorize” all
= KeEp small number of hidden nodes! training samples, leading to poor generalization
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Tricks and tips for DNN

Overfitting problem - regularization

o L2 regularization 1 - train

Qo) = z z (k) z”W(")” / generalize

0 Gradient: Vw(k)ﬂ(e) — 2w

v

: . “proper fit”
o Apply on weights (W) only, not on biases (b) prop
0 Bayesian interpretation: the weights follow a
Gaussian prior. 1
o L1 regularization
10 =33 )
o Optimization is now much harder — subgradient. N
o Apply on weights (W) only, not on biases (b) over fit
0 Bayesian interpretation: the weights follow a Overfit: tendency of the network to “memorize” all
Laplacian prior. training samples, leading to poor generalization

©Dinh Phung, 2017 | VIASM 2017, Data Science Workshop, FIRST 38



Tricks and tips for DNN (tw doc)

Overfitting problem — Dropout (Nitish et. al., 2014)

o Computational inexpensive
o Can be considered a bagged ensemble ﬁ
of an exponential number (2V) of Z(1+1)
neural networks.
o Training H
r ~ Bernoulli(u) z(l)
7O =z00r
Z+D = f (Wa)T (D 4 b(z)) H
Z(l_l)
o Testing

70 =z0 x (1-p)
Z2+D = f (wa)T (D 4 b(z))

©Dinh Phung, 2017 | VIASM 2017, Data Science Workshop, FIRST 39



Tricks and tips for DNN (tw doc)

<>

Can help: better optimization, better
generalization (regularization).

o Allow to use higher learning rate
because of acting as a regularizer.

o Itis actually not an optimization
algorithm at all. It is a method of
adaptive reparameterization, motivated
by the difficulty of training very deep

" %
o Gmmizod ¥ gnmodt ¥ 0 g SRl Y
p4o

mOde|S :0 g ol :° Snmi=od: r:f = o Ghmdead
o Update all of the layers simultaneously |
using gradient can cause unexpected e A f i
results, as many functions compose and o . : :
change together. N B “5 1”5“ N

000 boo o . ol
dio 7 gimmi=173 e 0 gmmi=165 ¥ "V gimmi=a 0 o ! gamma=281 ¥ 7 ginmd=-1 % ° gmma=-160
o028 ha b o 2
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Tricks and tips for DNN (tw doc)

Overfitting problem - Batch Normalization (loffe et. al., 2015)

o Apply before activation: f(w"h + b) - f(BN(wa + b))
o Make a minibatch has mean 0 and variance 1.
X — Up
BNipie(x) =

Vo5& +€

o Undo the batch norm by multiplying with a new scale parameter y and adding a
new shift parameter f (note that y and f are learnable)

BN(x)=y(x_"B>+ﬁ

2
Op + €
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o Hai bién thé quan trong cliia deep NN
JAutoencoder

2 Convolution neural networks (CNN)




What is an autoencoder?

o Simply a neural network that tries to copy its g Tn

input to its output. "
O Input x = [xq, x5, oo, xn] T Jp:Z—T -
2 An encoder function f parameterized by 0 7k Z
0 A coding representation z = [z4, 2, ..., Zg] | =

fo (@) Jorx =2

0 A decoder function g parameterized by ¢ x
2 An output, also called reconstruction X1 Xn = Xy

r= [Tl,TZ, ""TN]T — g(p(z) — g(p(fﬂ(x))
2 Aloss function J that computes a scalar J(x, r) to
measure how good of a reconstruction r of the

given input x, e.g., mean square error loss:
N

J(x; r)= Z(xn - rn)z

N\

0 Learning objective: argmin J(x,1) N
0,9 Gia tri dau vao va ra la giong nhau

e, 2\
\ =

©Dinh Phung, 2017 | VIASM 2017, Data Science Workshop, FIRST
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Autoencoders

o Hidden layers K < N: under complete,
otherwise overcomplete.

15

o Shallow representation works better |
with overcomplete case.

unregularized — useless!

2 Warning: overfit without regularization;
why? one can always recover the exact
input!

o Key is to regularize the autoencoder!

0 Sparse coding z: J(x, 1) + Q(2)

2 Predictive sparse decomposition

0 Contractive autoencoder

2 Denoising autoencoder Sparsity regularization
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Denoising autoencoder
EEESENENEDR

e PP ) 6 W S
e MAE P E AL
o BRI I

may bousedto  BIASIKIEIEIE KB
generate correct E]E]llll
input from ﬂ.“@

=] 4 4w BYRTEI C
l[ﬂll
/ Y1717 2] ¥IOIOMS

corrupt input cleaned input

'.

corrupted input.

g

[Vincent et al., JMLR’10]

©Dinh Phung, 2017 | VIASM 2017, Data Science Workshop, FIRST 45



Convolutional Neural Networks (CNN, C

C3: f. maps 16@10x10 Nguébn: http://yann.lecun.com/
INPUT gé@:zfgatzugre maps S4: f. maps 16@5x5 LeNetb5
X
32x32 S2: f. maps C5: layer .
6@14x14 120 ';% layer %TPUT

‘ Full coanection ‘ Gaussian connectic
Convolutions Subsampling Convolutions  Subsampling Full connection

o Motivation: vision processing in the brain is fast

2 Simple cells detect local features

i

0 Complex cells pool local features answer: 0

B

e Technical: sparse interactions and sparse weights within
a smaller kernel (e.g., 3x3, 5x5) instead of the whole
input -> reduce #params.

1Ar e B 2.

e Parameter sharing: a kernel with same set of
weights while applying onto different location

e ¥ :ﬂmz'j :EEEF i I e 3

<k &

2588

@ Translation invariance.
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Networks become thinner and deeper

o A glimpse of GooglLeNet 2014

deeper and thinner ...

Convolution

9 Inception modules Pooling

Softmax

Network in a network in a network... Other

©Dinh Phung, 2017

VIASM 2017, Data Science Workshop, FIRST



o And ... ResNet 2015 beats human performance (5.1%)!

Microsoft

Research
Revolution of Depth 28.2
‘ 152 layers ’
A
\
Increase in depth curve ',
\ 16.4
\
\
\ 11.7
| 22 layers 19 layers
\
\ 6.7 7.3
Humanperformance =~ = wm_ B B8 B8
F L E e R LT LT 3.57-- -~ - " 8 layers T 8 layers
ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

. ImageNet Classification top-5 error (%)

%ICCV1E

T ——— Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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So what help SOTA results eme

o Larger models with new training
techniques:

o Dropout, Maxout, Batchnorm, Maxnorm, ...

o Large ImageNet dataset [Fei-Fei et al.
2012]

2 1.2 million training samples
2 1000 categories

o Fast graphical processing units (GPU)
2 Capable of 1 trillion operations per second
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ConvNets won all Computer Vision chal

Galaxy

Diabetes recognition
from retina image

« CNN da gat hai rat nhiéu thanh cong (nhat 1a trong computer vision)

« Tuy nhién n6é da dén ltc b&do hoa — néu co cai thién, thi chi la vun vat.
* Next? MO hinh sinh di¥ li€u nhiéu tang (deep generative models)
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e What is deep learning and few o Deep Generative Models
application examples. o TensorElow
o Deep neural netWOI’kS o Few practical t|ps

0 Key intuitions and techniques
0 Deep Autoencoders
o Convolutional networks (CNN)

o Neural embedding

0 Word2vec, recent embedding
methods
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Neural Embedding

“You shall know a word by
the company it keeps”

J.R. Firth 1957

Tam dich: ching ta cé thé suy dién nghfa clia mot tir néu biét
nhitng tv ving khac hay dung kem va&i no.
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Advances in NLP

Class-based Neural
Language
language Language
model
model models
o (aka n-gram model) o Reduce computation o Use distributed representation
o distributions over sequence of o Cluster words into categories for words.
symbolic tokens in a natural o Use category ID for context o Similar words will stay closer.
language. o Symbolic representation
o Use probability chain rule. o With one-hot representation,
o Estimating by counting the the distance between any two
occurrence of n-gram words will always be exactly V2 !

context
A

n
14 N\
Pr(xq, ..., x,) = Pr(xq, ..., Xp—1) l_[ Procs | Xe—q) eer Xp—ter1)
t=k

P(“Bau troi mau xanh”) = P; (“Bau troi mau”) Py (“troi mau xanh”)/P, (“troi mau”)
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Neural embedding

Neurons

appleO  Dappe
Word Embedding [Mikolov et al., 2013] ———— o
eat Qe ADeat
o Representing meaning of words JO e
o Important for all NLP tasks. ’"'"‘O ._ O“"“‘
2 WordNet e Y T
o Discrete/one-hot representation wt@ | Owt
0 Methods: LSA, MDS, LDA
o Word2vec (Mikolov et al. 2013) vectors
0 Distributed representation for word. |
0 What does it mean? Learn a real-valued } ok
vector for each word. | = g
o Small distances induce similar words. i KL
0 Compositionality induces real-valued vector m”!ﬂ%fb'e
representation for phrases/sentences. |
0 A simple application of NN with exactly 2 Juce e Pmm

o Fun: https://ronxin.github.io/wevi/

layers!

water
L ]

gat
drink & _orange
™ L
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Neural embedding

Control Panel

Config:

{"hidden_size":5 "random_state" 1 "lear
ning_rate™0.2}

Training data (context|target):

e|milk drink*milkjwater,orange"apple| *
juice.apple”drink|juice,rice*drinkjmilk, ||
milk*water|drink. water*juice|drink juic +
erwate r|drink L

Presets: | King and queen v

Update and Restart

Update Learning Rate

Weight Matrices

Input Vector

apple
drink

juice
milk
orange
rice

water

MNeurons

“Vectors

Output Vector .milk
rice [i%nk
[ ] i! N
|
juice
orange
ea‘ L ] s
[ ]
juice
water 1 J
* .dnnk
eat
rice
apple
[ ]
apple
izl
L]
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Neural embedding

Word Embedding

o Negative sampling: speed up training by

o Skip n-gram: predict context based on word. .
Cont ) . 4 (CROW 4 sub-sampling (e.g., frequent words).
e Continuous-bag-of-word ( ): predict o Hierarchical softmax: deal with large

word based on the context.

INPUT PROJECTION  QOUTPUT

w(t-2)

w(t-1)

wit)|

w(t+1)

2%

wt+2)

Skip-gram

vocabulary: 0(V) to O(logV).

INPUT PROJECTION OUTPUT

w(t-2)
w(t-1)
SUM
— W)
w(t+1)
w(t+2)
CBOW

57
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Node2vec

o Motivation:
0 Learn continuous feature representations for nodes in large networks (e.g., social networks)
0 Define a flexible notion of a node’s neighbourhood

o Key ideas:
0 Consider a node in a network as a word in a document.
0 Apply Word2vec to learn a distributed representation for a node

0 Question: “How can we define the context (neighbourhood) for a node?”
o Homophily: nodes are organized based on communities they belong to
o Structural equivalence: nodes are organized based on their structural roles

2 Node2vec develops a biased random walk approach to explore both types of neighbourhood
of a given node

Homophily: neighbourhood(u)={s1, s2, s3, s4}

Structural equivalence: neighbourhood(u)={s6}
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Neural embedding

Applications T

o word2vec (Mikolov, et al.  distributed representation for words
o Combining n-gram and neural 2013)
language models. doc2vec (Le an Mikolov, distributed representation of sentences and
o Neural Machine Translation. 2014) documents
o Question-Answering system. ’;zqi;)Zvec (Niu and Dai, distributed representation for topics
o End-to-End systems.
y item2vec (Barkan and distributed representation of items in
o Multimodal linguistic regularities  Koenigstein, 2016) recommender systems
Nearest Images med2vec (Choi et al., distributed representations of ICD codes
2016)
node2vec (Grover and distributed representation for nodes in a
Leskovec, 2016) network
paper2vec (Ganguly and distributed representations of textual and
Pudi, 2017) graph-based information
sub2vec (Adhikari et al., distributed representation for subgraphs
2017)

cat2vec (Wen et al., 2017) distributed representation for categorical values

(Kiros, Salakhutdinov, Zemel, TACL 2015)

fis2vec (2017) distributed representation for frequent itemsets
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e What is deep learning and few o Deep Generative Models
application examples. o TensorElow
o Deep neural netWOI’kS o FeW practical t|ps

0 Key intuitions and techniques
0 Deep Autoencoders
o Convolutional networks (CNN)

o Neural embedding

0 Word2vec, recent embedding
methods
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Deep generative models

Deep generative models from density estimation view

Explicit density estimation Implicit density estimation
 True Samples Estimate | ~ True Samples Estimate
e g ) g B asgbuion | (", W) serer
o Assumption: the true, but unknown, data o Assumption: the true, but unknown, data
distribution: P(x) distribution: P(x)
o Data: D = {x4,x,, ..., x,} Wwhere x;~P(x). o Data: D = {x4,x,, ..., x,} Where x;~P(x).
o Goal: estimate density P(x) with data D such e Goal: estimate generator G(z) with data D
that P(x) is as ‘close’ to P(x) as possible. such that samples generated by G(2) is
‘indistinguishable’ from samples generated
by P(x) where z~N(0,1).

[Goodfellow, NIPS Tuts 2016]
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Deep Generative Models

o Explicit Density Estimation
0 Restricted Boltzmann Machines
2 Deep Boltzmann Machines

o Implicit Density Estimation

2 Variational Autoencoders
0 Generative Adversarial Nets

©Dinh Phung, 2017 | VIASM 2017, Data Science Workshop, FIRST



Restricted Boltzmann Machines (RBM)

o An important building block for deep generative
models.

o Itis (undirected) graphical models with two layers.

o Unsupervised learning to:
0 Discover latent features of data

2 Provide new representations of data for other classifiers
such as GLM, SVM, Random Forest, ...

o Stacking to construct higher-level models

0 Deep Belief Networks

7 A
\ \\vA l’ll;'
N K17
A\
X9
S
& VV‘ 2N, Ve
\“ QS V‘,”/ 2:{;;['

O

0 Deep Boltzmann Machines

/ ‘ A LA NS
NN oY “‘:‘}“\ R

0 Deep AutoEncoders 0 005

T 2SN L7258 XX

E25 O ) 24N\

: £

o Can also be viewed as a stochastic autoencorder.
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RBM — Model Representation

o Input: data (v) i’
o Output: new representation (h) (hy) oo by
w
o Variables
av = [v,]y € {0,1}V: visible/observed ) (2 or W)
0 h = [k ]k € {0,13%: hidden/latent 1

o Parameters

Ja= [an]N (S ]:RN, b = [bk]K S RK: visible
and hidden biases

AW = [wyelnxk € RV*X: connection
weights
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RBM - Model Representation (tuw doc)

o Energy function
E(tvh;v)=—(a'v+b"h+v'Wh)

o Tractable and fast factorization

N
p@li) = | |pCalhip)
n=1

K
p(hlvi) = | | pChelv; )
k=1

o Conditional probability
p(hy =11 v;9) = sigb, +v'wy)
p(v, =11 hy) =sigla, +wy h)

i’

L
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RBM - Parameter Estimation (tv doc)

o Data log-likelihood e Rewrite the joint distribution:
log L(v; ) & = log p(v;9) p(w, h;y) = exp{—E(w, h;y) — A(Y)}
= logz p(v; h; )
h

Exploiting property of exponential family
p(x; 8) = h(x) exp[0T p(x) — A(6)]

__________________________________

d J0E(v, h; ) JE(v, h; )
—log L(v; =E .
N og L(v; ) \P(v,hﬂ/))[ oY ) p(h|v 1/))[ )
Y
model expectation, data expectation,
this is the problematic term! can be computed easily!
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RBM - Latent Representation

p(hy =11 v;¢) =sig(by + v'w.y)

/@A@T'@ //

K
1w =] |ptu 1 v:9)
k=1

data space

project

MNIST Samples

PGS s
NEBISE =l
2757506 s
F13v5% <

773072

latent
representation
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Applications

Image, video modelling
Speech recognition
Time series

Topic modelling
Recommender systems
Information retrieval

Covariance RBM (cRBM) (Hinton, 2010)

Mean-covariance RBM (mcRBM) = cRBM + Gaussian RBM
(Ranzato et al., 2010)

The mean-product of student’s t-distribution models (mPoT)
(Ranzato et al, 2010)

Spike-and-slab RBM (ssRBM) (Courville et al.,2011)
Convolutional RBMs (Desjardins and Bengio, 2008)

e o o o o o o

Natural language processing
Neuroimaging

Deep networks

Mixed data modelling

Latent patient profile modelling
Image retrieval

Tensor data modelling

Beta-Bernoulli process RBMs (HonglLak Lee et al., 2012)
An infinite RBM (Hugo Larochelle, 2015)

Infinite RBMs (Jun Zhu group)

Privacy-preserving RBMs (Li et al., 2014)

Mixed-Variate RBM, ordinal Boltzmann machine, cumulative
RBM (Truyen et al, 12-14)

Graph-induced RBMs (Tu et. al, 2015)
Non-negative RBMs (Tu et. al, 2013)
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Going Deeper

o Layer-wise pre-training for DBN, DBM, DAE

i‘\ h2 .—O oee O RBM—B"i

W, hs OooO

de¢oder

h YY)
. 1 O O RBM-g/: Ws
i hy O Oooo O \‘E hs3 O oo O ho O oo O
| v W W
,U ‘ , © oo zM_l ho O eoe O hy O O oo O encoder
114 ;
Stack of y Wi
pretrained RBMs (O Qe O v OO0 O 0O Deep Autoencoder
W Deep

v Q O © - O Boltzmann Machine

Deep Belief Net
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Deep Boltzmann Machine (DBM)

[Salakhudinov, Hinton 2008, 2012]

o Motivation: compose more complex representations from simpler ones.
o How? Expand/stack the latent structures

ha O..O:

Higher-level features: W

Combination of edges
ho O XX O
W
_J Low-level features:
//lk\\ Edges ha O O °ee O
'/’ /
PR 1
‘l ),.//\‘ v ' ‘ ' oo ‘ J
Input: Pixels Deep

Boltzmmann Machine
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DBM Applications

o Document classification [Srivastava 12]

o Image classification [Srivastava and Salakhutdinov 13]

o Automatic caption generation

o Image Retrieval with Multimodal query [Srivastava and Salakhutdinov 12]

Multimodal Query Top 4 retrieved results

»

Lo v -is':“-a‘c';‘&. ;

| e sE
hongkong, causewaybay, howell, bridge, genesee, london, uk, night, skyline, edinburgh, arcoiris, fincadehierro,
shoppingcentre, river, rochester, downtown, river, thames, lights, bridge scotland, lluvia, sannicolas,
building, mall buliding dusk, bank  valencia

e

z‘ 4
me, myself, eyes, urban, me, trisha, mynewcamera, me, ofme, pink, prettyinpink,
blue, hair abigfave, fiveflickrfavs lake, field, girl self, selfportrait explored
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DBM Applications

o Text generated from Images

2 Huan luyén (images, captions)

2 Input: images — suy dién b= | -
captions dog, cat, pet, kitten, sea, france, boat,  portrait, child,
puppy, ginger, mer, beach, river, kid, ritratto,
tongue, kitty, dogs, Bretagne, plage, kids, children,
furry brittany boy, cute, boys,

italy

X Ad )Ai .

water, glass, beer, bottle, portrait, women,
drink, wine, bubbles, army, soldier,
splash, drops, drop mother, postcard,
soldiers
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DBM Applications

[Ruslan Salakhudinov, Deep

o Image retrieval from text

Query Retrieved Retrieved

water, red,
sunset

nature, flower,

P——
P—————

red, green
blue, green, 3 sm p ;
yellow, colours A0 A0%3
B,
chocolate,

cake




DBM Applications

[Ruslan Salakhudinov, Deep Learning Summer School, 2015]

o Story telling

A man skiing down the snow
covered mountain with a dark
sky in the background
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Deep Generative Models

Explicit density estimation

True Samples Estimate
distribution - (1.2, - density

P(x) P(x)

o Assumption: the true, but unknown, data
distribution: P(x)

o Data: D = {xq, x5, ..., x,} where x;~P(x).

o Goal: estimate density P(x) with data D such
that P(x) is as ‘close’ to P(x) as possible.

/ Implicit density estimation \

True Samples Estimate
distribution ’- ’ generator
P(X) {x_l, ...,xn} G(Z)

o Assumption: the true, but unknown, data
distribution: P(x)

o Data: D = {x4,x,, ..., x5} where x;~P(x).

o Goal: estimate generator G(z) with data D
such that samples generated by G(2) is

‘indistinguishable’ from samples generated
by P(x) where z~N(0,1).

. /
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Variational Autoencoders (VAE)

N
o Given adataset X = {J\C(‘)}i=1 wherein x are i.i.d and can be
continuous or discrete.

o Latent continuous random variable z with prior distribution b— 1>
pe(Z), a conditional distribution pg(x | z) parameterized by 8.
o The generative process: 1
Z ~pe(2) \

x~pe(x|z)
o Inference latent variable p(z|x) for new data sample x is also

kS

expensive .

SOLUTION:

* Use a recognition model g4 (z | x) to approximate pg(z | x),
* Learn parameters ¢ and 0 together,

* Use neural networks to parameterize q4(z | x) and pg(z | x)

that
form the encoder and decoder, thus resemble an autoencoder.
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Variational Autoencoders (VAE) (tu doc)

o Marginal likelihood: pg(x) = [ pe(x | z; 8)pge(z)dz
0 Intractable to evaluate or differentiate.

o Its bound: P N
logpe (%) = Dy; (49(2 1 %) Il pe(z 1 X)) + £(8, 3 ) b— 1w 9
where L(0, ¢; x) is the (variational) lower bound:
logpg (x) = L(6, ;%) = Eqyzin)|— l0g a4 (z | x) + logpg (x, 2)] , /

o The bound can also be written as: \
£(8, ¢ %) = =Dy, (442 1 2) 1l Pp(2)) + Eg a1 [log pe (x | 2)]

o We want to differentiate and optimize the lower bound w.r.t both the variational parameter
¢ and generative parameter 6.

kS

o Gradient Vg L(8, ¢; x) can be derived easily, but Vg L(8, ¢; x) is problematic, for example, \
the approximation:

VoEqy(zim[108Pa (X | 2)] = Eq(212) [logpe (x| 2) Vylog q4(2)]

L
1
= ZZ logpe(x | 2V) Vg log g (2V)

exhibits very high variance.

o moreover, taking the gradient over the random variable z is infeasible, thus we use
reparameterization trick.
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Variational Autoencoders (VAE) (tuw do

o Reparametrize the random variable z ~ q4(z | x) using a

differentiable transformation g4 (€, x) of an (auxiliary) (
noise variable €: o— +» —0
Z = g4 (€,x) with € ~ p(e). , /
o The gradient of approximation of the expectation becomes: |
quIEq(,,(zIx) [lOg Pe(x | Z)]
, L
N
= Zz log pg (x | gd,(e(l),x)) Ve logqy (gd,(e(l), x)) > g
=1

o Now we can take the derivative Vg 4 £(60, ¢; x), and plug

the gradient into our favourite optimization method such as
SGD, AdaGrad, RMSProp, Adam.
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Variational Autoencoders (VAE)

o An illustration of networks p and g with x and z following

normal distributions. z (left) blocks the backpropagation.

L(6, p; x)

Ix—% 17

N

[

Decoder
(vo)
N

J

KL(V (p(x),2() 1 v(0,D)

z ~]\l“(u(x), Z(x))

L(6,p; x)

(qA)

f N
Encoder

X

KL(V (p(x), () 1 V(0,D)

‘Reparameterization trick’

Ix—% 12

" Encoder |
forward N  (qe)
N
backward
X

N

[ Decoder
(vo)
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Variational Autoencoders (VAE)

o Nhuoc diém cda VAE: khong tao ra duoc hinh sac nét trong trudng
hop dit liéu rat phirc tap (vi du hinh anh thién nhién)

o Ly do: ???
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Conditional Variational Autoencoders (VAE)

encoder
VA 2~po(2) q4(zIx,y) CVAE
z~pg(z)
Q¢(I|I) decoder ] ?
— _— decoder ]
[ ent:m:ier ]
X~pg(X|Z)

X~pg(X|y, z)

Male : -1 Male : 3
Smiling: -1 Smiling: 3
Mouth Open : -1 latent variables Mouth Open : 3

inferred / changed J

attributes \ attributes
‘ inference

reconstructlon

[Nguén: http://deeplearning.jp/cvae/]
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Variational Autoencoders (VAE)

Nhirng bién thé khac

o Recurrent VAE [Fabius et al., ICLR14]

o Ladder VAE [Sgnderby et al., arxiv16]

o Importance Weighted Autoencoders [Burda et al., ICLR15]

o Bottleneck VAE (semi-supervised learning) [Shui and Bui, ICML17]

Két ho'p véi GANs
o Adversarial Variational Bayes [Mescheder et al., arxivl7]
o Adversarial Autoencoders [Makhzani et al., ICLR16]

o Autoencoding beyond pixels using a learned similarity metric [Larsen
et al., ICML16]
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Implicit density estimation

[

True Samples Estimate
distribution » generator
P(x) {x_l, ...,xn} G(Z)

Assumption: the true, but
unknown, data distribution P (x)

Data: D = {x4, x5, ..., X} where
x;~P(x).

Goal: estimate generator G(z) with
data D such that samples generated
by G (2) is ‘indistinguishable’ from
samples generated by P(x) where
z~N(0,1).

GAN estimate a generative model
via an adversarial process by
simultaneously training two
models:

1. A generative model G that
captures the data distribution.

2. Adiscriminative model D that
estimates the probability that a
sample came from the training
data rather than G.
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M6 hinh chung cua GAN

o Noise variable z ~ p, - the prior distribution
o A generator G maps from noise z to data X f
space: = g
X = G(z; Bg)
constructed by a deep neural network with
parameters 6.

o The discriminator D(x; @4), another deep neural
network with parameters 84, maps a sample x
to a single scalar in [0, 1]. This represents the
probability that x comes from the real data
rather than G.

o To summarize:
0 X~ Pgaaiq — D(x) tries to be near 1,

0 z~p,— D tries to push D(G(z)) near 0,

0 Z~p, — G tries to push D(G(z)) near 1.

©Dinh Phung, 2017 | VIASM 2017, Data Science Workshop, FIRST 86



Huan luyén GAN

D and G can be considered two competitors in a two-player
minimax game with the value function V(G, D):
mGin max V(G,D) = Ex~p, . 0llogD(x)] + E; . p ) [log(1 —D(G(2)) ]

e Alternatively train D to maximize the probability of assigning
the correct label to both training data and samples from G:
o {z0,2®, ., zD} < p,
o {x®,x@, 2D} < pya

= Update D: _
Histogram of GAN1D

M 1.0-
1 [ [ —— decision boundary
Vo, MZ llOgD(x(‘)) + log (1 —D (G(Z(‘))))] 208, R
i=1 g - generated data
e and train G to minimize 1 — D(G(z)) to fool the §0-6
discriminator: =04
©
- {z(l), z? . Z(M)} ~ D, g
502
= Update G:
M 0.0 - . ‘ . . ‘ /\ . |
1 [ ( W )] -8 -6 -4 —thol 2 4 6 8
— — ala values
ngMZ log|1 D(G(z ))
1=
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More examples

Real
images

Generated
images

airplane

swenoe. D E M E =S

bird
cat
deer
dog
frog
horse
ship

truck

[l |- | R

Sl VES ¥ ERS
il el LA K o
HIIN‘&HEI
lﬁﬂ&ﬁﬂﬂi‘l

IQ
dﬂh.!!iﬂll
CIFAR-10
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bicubic SRResNet SRGAN
(21.59dB/0.6423) (23. 44dBIO.7777) (20.34dB/0.6562)
v P) - 4 . L % ,q\ ~

Introspective adversarial networks

Generated images

User edits

=) et

w—Colt Interactive GAN
mwmw Sketch
BW to Color

Labels to Facade

Labels to Street Scene

ouput input output
Day to Night Edges to Photo

/’/‘
i Lﬁ

f*

/ ‘ )\

il i >
|> [ "
input output input output

output

Image-to-Image

Hundreds of GAN’s variants can be found here: https://github.com/nightrome/really-awesome-gan
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Nhuwoc diém clia GAN?

o Sharp images but
unrecognizable when train
on large-scale and diverse
dataset like ImageNet.
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Nhuwoc diém clia GAN?

o Mode collapse

GAN
3
3
i
£
b3
5

Unrolled GAN

D2GAN
%

P S . (our on-going work)

step O step 5k step 10k step 15k step 20k step 25k
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Deep Generative Models

Implicit density estimation

VAE

True Samples Estimate
distributi » generator
[ is IFDI(;)IOH ].‘ {x_1, ...,xn}] [ G(2) ] GA N

o Remarks

o we can also use P(x) as a generator to generate new data (although it
is not always easy to do so, e.g., think of drawing samples from a
complicated graphical model)

0 The generator G(z) doesn’t give an explicit form of the density, hence
can’t evaluate the likelihood of an unseen data point (but it’s possible
to get around this — new research problem!)

0 Estimate P(x) is generally a harder problem than G (2) (at least
computationally in high-dimensional data); but why bother with P(x)
if what we want is to just generate new samples?
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e What is deep learning and few o Deep Generative Models
application examples. 0 RBM and DBM
o Deep neural networks o VAE and GAN
0 Key intuitions and techniques o TensorFlow
0 Deep Autoencoders e Few practical tips

o Convolutional networks (CNN)

o Neural embedding

0 Word2vec, recent embedding
methods
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Deep Learning Packages

o TensorFlow o deeplearning4j
o Theano @ convnet.js

o Caffe @ cudamat

o Torch e H20

o MxNet o deepdist

o cuda-convnet e mshadow

o Chainer @ neon

o MatConvNet e BigDL

o CxxNet e SparkDL

o EbLearn 9 ...
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TensorFlow - Popularity

Strong External Adoption ©

Adoption of Deep Learning Tools on GitHub
P P e ; TensorFlow

I GitHub Stars
I GitHub Forks

TensorFlow ;
GitHub Launch Nov. 2015
_ https://www.tensorflow.org/
Caffe L) GitHub Launch Sep. 2013 https://github.com/tensorflow/tensorflow
Ltk GjtHub Launch Jan. 2012
Torch
Theano GitHub Launch Jan. 2008
0 10000 20000 30000 [Nguobn: Jeff Dean}
I tensorflow / tensorflow @ Watch~ 4,024 W Star | 43,748 % Fork | 20,370
<> Code (@) Issues 756 11 Pull requests 42 [l Projects o 4~ Pulse L1 Graphs

Computation using data flow graphs for scalable machine learning http://tensorflow.org

D 13,142 commits 17 16 branches © 20 releases 22 588 contributors sfs Apache-2.0
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https://www.tensorflow.org/
https://github.com/tensorflow/tensorflow

TensorFlow

o Back-end in C++: very low overhead

o Front-end in Python or C++: friendly
programming language

C++ front end Python front end

Core TensorFlow Execution System

o ...and even in more platforms

Linux CPU Linux GPU Mac 0S CPU Windows CPU Android

build ' passing build ' passing build | passing build ' passing build passing

W VvllipuLaLiviial gi1apiil ao vawailivyvv giapii

o Construction phase: assemble a graph to
represent the design, and to train the model

0 Execution phase: repeatedly execute a set of
training ops in the graph

Flexible, intuitive construction
Automatic differentiation
Switchable between CPUs and GPUs

Multiple GPUs in one machine or
distributed over multiple machines

Automatically add ops to calculate symbolic
gradients of variables w.r.t loss function

Apply these gradients with an optimization
algorithm

Launch the graph and run the training ops
in aloop

= e init
Cf i
2
G

A very simple graph
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Automatic Differentiation

fl,y,z) = (x+y)z

of _, of ofof _

T T T A
= -2
of ofo
f_01of ., of _ofou_ _, .
dz O0f 0z dy  dudy
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e What is deep learning and few o Deep Generative Models
application examples. 0 RBM and DBM
o Deep neural networks o VAE and GAN
0 Key intuitions and techniques e TensorFlow
0 Deep Autoencoders o Few practical tips

o Convolutional networks (CNN)

o Neural embedding

0 Word2vec, recent embedding
methods
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Vai kinh nghiém ...

Summary for practical use — Design

o Design and train

o activation function: RelLU
data preprocessing: whitening
weight initialization: Xavier
batch normalization: should use
Babysitting the learning progress

U 0O 0O 0 O

hyperparameters optimization: random
sample hyperparams.

o Pay attention to sensitivity of learning rate 1

o Minibatch size

o Larger batches are more accurate, but less
scalable.

0 Too small batches under-utilize multicore
architectures.

o Larger batches cost more memory
o Power of 2, e.g., 16, 32, 64, 128, 256, ...

o During the learning process

Q

O 0O 0O O

Q

Start with one hidden layer and small # units

Start with small learning rate and
regularization

Monitor the loss
Early stopping
Decay learning rate

Hyperparam Opt: coarse -> fine

o first stage: few epochs to get rough idea of
what params work

o second stage: longer running time, finer search

Ratio of weights updates
o Update_scale / param_scale = 0.001 (1e-3)

o Ensembles

o different initializations, average results of

multiple independent models, average
multiple model checkpoints of a single model
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Vai kinh nghiém ...

Summary for practical use - Debugging

o Visualize the model and what it learns o Monitoring histograms of activations and

o Visualize and analyze the worst mistakes gradient.

o Statistics of activations and gradients
collected over a large amount of training
iterations (perhaps one epoch).

o Criticize the software using training and
testing errors

+ Training error is often low, and testing o The pre-activation value of hidden units can

error high indicate if the units saturate, or how often
- If both are high, the model is they do.
underfitting or software defect > RelU: How often are they off?
o Fit a tiny data, e.g., only few sample o tan.h: ayerage of absolute value of the pre-
activation.

o Compare back-propagated gradient to

. ! o How quickly gradients grow or vanish.
numerical gradient.

2 Observe the magnitude of parameter

0 E.g, use centered difference for better gradients to the magnitude of parameters
accuracy themselves. Parameter updates over a
flx+ 16 —flx— 16 minibatch = 1% parameter values (Bottou,
2 2
f'(x) = 2015
€

©Dinh Phung, 2017 VIASM 2017, Data Science Workshop, FIRST 100



Vai kinh nghiém ...

Summary for practical use - Debugging

o Make sure our model is able to (over) fit on 0 weights:
a small dataset. o cannot initialize weights to O with tanh
) ) i ) i activation, since the gradients would be 0
o If not, investigate the following situations: saael 2 Eeinia)
2 Are some of the units saturated, even ~ The initial parameters need to break
before the first update? symmetry between different units, otherwise

~ Scale down the initialization of your all hidden units would act the same.

parameters for these units o Useful references:

¢ PropEny RermelER Ene IrpiE 2 Practical Recommendations for Gradient-

2 Is the training error fluctuating significantly Based Training of Deep Architectures —
/ bouncing up and down? Yoshua Bengio, 2012
o Decrease the learning rate 0 Stochastic Gradient Descent Tricks — Leon
o Parameter initialization Bottou

2 The initialization of parameters affects the
convergence and numerical stability.

0 biases: initialize all biases to 0
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o What is deep learning and few o Deep Generative Models
application examples. 2 RBM and Deep DMs
o Deep neural networks 0 Directed GM: VAE, GAN
2 Key intuitions and techniques o TensorFlow
2 Deep Autoencoders o Few practical tips

2 Convolutional networks (CNN)

o Neural embedding

0 Word2vec, node2vec, recent
embedding methods
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Vai suy nghi thém

o Why deep learning works?
2 Can learn and represent complex, nonlinear relationships
o Strong and flexible priors (layered representation)
2 Train DNN is not too hard and fast

o When does it work?

0 Data, data and data Xin cam on cac anh, Chi

- Good quality supervision, labels d3 |é'ng nghe!
2 Compositional

2 Hierarchical structures

o When it doesn’t work?
0 Data, data and data
2 Black box, theory ?



Appendix




Node2vec

[Grover and Leskovec, KDD’16]

o Step 1: Apply Word2vec (Skip-gram) to the network
0 Let G = (V,E) be a network and Ng(u) be the neighbourhood of a node u, Ng(u) c V
0 Let f:V > R? be the mapping function from nodes to feature representations
2 Objective function:

max > log Pr(Ns(w) | f())

uev
0 Conditional independence: Pr( Ng(u) | f(u)) = [ln,ensq Prn | f(w)
0 Symmetry in feature space: Pr(n; | f(u)) = > e);pg ;?;)(i ;2@)
ve

0 Objective function simplifies to:

max ) [~logZy+  »  f()f ()]

uev ni€ENg(u)

where Z,, = Yyey exp(f (W f (v))
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Node2vec

o Step 2: Develop biased random walks to capture node neighbourhood

0 Breath-first search (BFS): search for immediate neighbours = capture structural equivalence

0 Depth-first search (DFS): search for far away neighbours = capture homophily

2 Node2vec smoothly interpolates between BFS and DFS

2 Random walks:

Pr(c, = x| s = v) = {% if (v,x) €E

0 otherwise
0 Biased random walks:

Agp(EXIWyx
Pr(ci=x|ci_1=v)={ 7 if(v,x) EE
0 otherwise

(1 ifdy =0
0 where wy,, is a weight and @, is a search bias, ag,(£,x) =< 1 ifdy =1
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Node2vec

[Grover and Leskovec, KDD’16]

o Demonstration: Les Miserables network

capture homophily capture structural equivalence
. o ~ BlogCatalog . o PPl (Homo Sapiens) Wikipedia ‘
o Experimental results: W el ow |

% 0.35 - ./‘/"W_‘-‘ - 020+ ﬁ " 050 %

Algorithm Dataset = pan) r"/o:'./"r._,*.‘:-“:::‘ - 0.05- 040 Te—e s w=w s s
BlogCatalog PPI Wlklpﬂdla “P5o 0z 04 06 os 1o o 02 04 06 08 10 00 02 04 06 08 10

Spectral Clustering 0.0405 0.0681 0.0395 " . - e | | e
DeepWalk 02110 | 0.1768 | 0.1274 //"'/ o o ’
LINE 0.0784 | 0.1447 | 0.1164 g FT . P ceees o j
node2vec 02581 | 0.1791 | 0.1552 L W o ,
node2vec settings (p,q) 0.25, 0.25 4,1 4,0.5 Z o5 HW_W..H/- 005 /’4 0 e e
Gain of node2vec [%] 22.3 1.3 21.8 "o 02 04 05 o0s 10 00 02 04 05 08 10 G0 02 04 06 05 10

=—a Spectral Clustering +~—= DeepWalk 4 LINE =—e node2vec
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DBM Applications

[Ruslan Salakhudinov, Deep Learning Summer School, 2015]

o 3D object generation

generated

o Pattern completion

Damaged images

Completed images

True images
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