@
KSBi- BIML e

©

CELEEHI TR ERTETT ) RSN

=l2{2(Deep neural networks)2] 0|3}

O|H|Z2 _aAystm

@ KSBI | sizymguos

llllllllllllll



BIML 2026 {3

=
—

7t Zpkel

StA L ELC

o

Q7L 2R, HE,

ol
o

CHe Attt

i



of

e

ol

ot

7|=1} Hio|
ZOHAL L
=

M
~

ofel elsxls 7lEh &

o
=

=
—

t

0| %[4Al AlHIO|
FESLICE Ol /13

—
AN

BIML-2026 &4 Bioinformatics &Machine Learning 1= 3
=
2 S0 HNAXSE Hf
XtO
[=]

Al
=

KSBi-BIML 2026

Bioinformatics & Machine Learning (BIML) Workshop for Life Scientists

| -

—

o|21t

k=3
=

o
=
ZEIO¥o = Xtz

9|7} &[5t

7|

A
2~

q

=
201540] A[ZHEl BIML $3&2 22 123 X2

BIML ¥3&2 dBZLES A4
CIX|EH0l2 20 & 20F2 Td& L.

G| O[ &

o

AlHIO| 2 EOFOf| A

= A= 7|CfE L.

o O
=S

37292, HE|RYA, HEIQY

1

IMZE Q8] A

o
=

b

C
[

b 202498 F7HEl o 2YE Xtz

—

OFAEOf S, AFAS2 2
s

CcC

—/

[y

o=

10

i

i

~N
Ko

|28 Az &

-1 O
= —

o= Z

20264 2&

2ol 4oz 85

L|Ch

I

=

o
o

ANA +&
__l.l.
7| ch

—

=

=

=

of

PN
=

2 A7

B
2y F2

| o

x
[

o
[

Fetat

I}
SEE HSLICh

BIML-2026

o

Jol



Zole

E12]'d(Deep Neural Networks)2| O|sH

2 'd(deep neural networks)2| 7|& 7}

C|
=]

2 Aelge

JH

iCfo

{4l E 2 (Simple Perceptron)f®E

AL TT-
=

ch

MZA W (artificial neural networks)2| A|Z&Ql

argd

I

-

A
=

B0 o|27|7tx|e] 2H WH¥S

o EIEoM 22|

o

.
[}

—_

jol
i

o
Eol

| 20l &5

ol
~NO

F



Curriculum Vitae

Speaker Name: Je-Keun Rhee, Ph.D.

» Personal Info

Name Je-Keun Rhee
Title Associate Professor
Affiliation Soongsil University

» Contact Information
Address 369, Sangdo-ro, Dongjak-gu, Seoul, Republic of Korea

Email jkrhee@ssu.ac.kr

Research Interest

Cancer genomics, Epigenomics, Machine learning

Educational Experience

2004 B.S. in Life Science, Korea University, Korea
2004 B.S. in Computer Science & Engineering, Korea University, Korea (double major)
2014 Ph.D. in Bioinformatics, Seoul National University, Korea

Professional Experience

2011-2011 Visiting Scholar, School of Informatics and Computing (SolC), Indiana University, USA

2014-2018 Post-doctoral Fellow/Research Assistant Professor, Catholic University of Korea
College of Medicine

2018-2019 Assistant Professor, Pusan National University

2019- Assistant Professor/Associate Professor, Soongsil University

Selected Publications (3 maximum)

(Corresponding author)

1. Dong-Yeon Nam, Je-Keun Rhee’, Identifying microRNAs associated with tumor immunotherapy
response using an interpretable machine learning model, Scientific Reports, 14:6172, 2024.

2. Bonil Koo, Je-Keun Rhee®, Prediction of tumor purity from gene expression data using
machine learning, Briefings in Bioinformatics, 22(6):bbab163, 2021.

3. Yeongjoo Kim, Ji Wan Kang, Junho Kang, Eun Jung Kwon, Mihyang Ha, Yoon Kyoung Kim,
Hansong Lee, Je-Keun Rhee®, Yun Hak Kim§, Novel deep learning-based survival prediction for
oral cancer by analyzing tumor-infiltrating lymphocyte profiles through CIBERSORT, Onco/mmunology,
10(1):1904573, 2021
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Mastering the game of GO
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n Mastering the game of Go with deep neural networks
and tree search
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Nobel prize in chemistry 2024

\\

8 -

David Baker. Ill. Niklas Elmehed © Nobel Prize Demis Hassabis. I1l. Niklas EImehed © Nobel Prize John Jumper. Ill. Niklas Elmehed © Nobel Prize
Outreach Outreach Outreach

Biomedical Data Science Lab. @Soongsil Univ. 3

THE NOBEL PRIZE
IN PHYSICS 2024

PayawW|3 SepjiN :suoyelysnjj|
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Milestones in the development of neural netw

Multi-layered
S
Problem (Backpropagation)

__DorkfgetNWintae): )

1950 1960 1970 1980 1990 2000 2010

.
. !a ¢
M. Minsky - S. Papert D. Eﬁmﬁm&; W:!A V. Vapnik - C. Cortes &@

F.Rosenblatt  B. Widrow - M. Hoff

Py o o ety 5 e, SR g (L B
J—‘ Sddo|| ele 011\'\ P ki P R Sy

* Learn: Weigl * Sokuticn to nonlinearly separable protiem: Limitaions of prior knowledge  * Hierarchical feature Leaming
— TS *XOR Problem * Big computation, local optima and ovmll:a * Kemnel function: m‘:&u Intervention

http://beamlab.org/deeplearning/2017/02/23/deep_learning_101_partl.html

Biomedical Data Science Lab. @Soongsil Univ. 5

Neuron

* Information processing unit
* Dendrite accepts signals from other neurons
* Axon carries electronical impulses awav from the cell bodv

Cell body

Telodendria

Nucleus

Synaptic terminals

Golgi apparatus

Endoplasmic
reticulum

Mitochondrion Dendrite

Dendritic branches

https://en.wikipedia.org/wiki/Neuron

Biomedical Data Science Lab. @Soongsil Univ. 6




Artificial neural networks

()
()
Inputs X5 @ Output
(s
D

s://subscription.packtpub.com/book
781788392303/1/ch01lviisec10/
locks-of-a-neural-network

https://en.wikipedia.org/wiki/Artificial_neural_network

Biomedical Data Science Lab. @Soongsil Univ. 7

(Simple) Perceptron

* A neural net with a single neuron
* Input: a vector of real values
e Output: 1 or -1 (binary)
* Activation function: threshold function

SX)=wy twx, +eetw, x,

Inputs  Weights Net input Activation
function function

@ » output

https://www.simplilearn.com/what-is-perceptron-tutorial

Biomedical Data Science Lab. @Soongsil Univ. 8



https://subscription.packtpub.com/book/data/9781788392303/1/ch01lvl1sec10/building-blocks-of-a-neural-network

Basic perceptron learning rule

Given Training Data:

D={(x® y®) | x® = =, y® = {0,1},i=1,...,n}

Algorithm:

1. Initialize weights:

W o+ (= (including bias term)
2. For each epoch:

For each training sample (x®, y™):

a) §0 = o(xOTw)
b) err = y® — §O

c) W W+ n-err-x@ (n: learning rate)

WBiomedical Data Science Lab. @Soongsil Univ. 9

Perceptrons: an introduction to computational geometry (1

* by Marvin Minskey, founder of the MIT Al lab

* Perceptrons could not solve XOR problems!

Perceptrons




Logic gate

AND OR
A | B| Output A | B| Output
010 0 010 0
011 0 011 1
1{0 0 1{0 i
1|1 1 1|1 1

OR XOR

oo
=]
c
—

oo

Biomedical Data Science Lab. @Soongsil Univ. 11

XOR

AND
oL |eu
o [+] 4]
o 1 [i]
1 o |o :
I EE ! I
(©,0) (0, 1) \ . oL
I, R out (1.0) 1. 1)
] o o -~ -
a 1 1
S TR ?
1 1 o " !
OR s
L L | ou (0, 0) Y {0, 1) Nk
(1] o o
1] 1 1
1 1] 1
1 1 1

A
o .
(0.0) N e 5

https://medium.com/@Iucaspereira0612/solving-xor-with-a-single-perceptron-34539f395182

Biomedical Data Science Lab. @Soongsil Univ. 12




Linearly separable vs. nonseparable

XX ® g0
X¢ X % X o0
@
X
\\\ X X . o .
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BsBiomedical Data Science Lab. @Soongsil Univ. v
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Multilayer perceptron

.XZU:I
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X>
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Deep neural networks

Deep Neural Network

input layer hidden layer 1 hidden layer 2 hidden layer 3

https://towardsdatascience.com/training-deep-neural-networks-9fdb1964b964

Biomedical Data Science Lab. @Soongsil Univ. 17

* How can we determine the weights from training data?

Biomedical Data Science Lab. @Soongsil Univ. 18




Gradient descent

19

A

J(w) Initial

'/ Gradient

1
|
]
4

Global cost minimum
Jmin(‘N)

>

https://hackernoon.com/gradient-descent-aynk-7cbe95a778da

The learning rate and steepness of the gradient indicates the direction to
the minimum point and how much we update

R R — . ) . . .
ﬁi ?\‘ﬁ WBiomedical Data Science Lab. @Soongsil Univ.
L S

20
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Backpropagation

Learning representations by back-
propagating errors
David E. Rumelhart, Geoffrey E. Hinton & Ronald J. Williams

Nature 323, 533-536(1986) | Cite this article

29k Accesses | 8351 Citations | 172 Altmetric | Metrics

Abstract

We describe a new learning procedure, back-propagation, for networks of neurone-
like units. The procedure repeatedly adjusts the weights of the connections in the

network so as to minimize a measure of the difference between the actual output

vector of the net and the desired output vector. As a result of the weight
adjustments, internal ‘hidden’ units which are not part of the input or output come
to represent important features of the task domain, and the regularities in the task
are captured by the interactions of these units. The ability to create useful new
features distinguishes back-propagation from earlier, simpler methods such as the
perceptron-convergence procedurel,

Biomedical Data Science Lab. @Soongsil Univ. 21

Feed-forward & Error propagation

Forwardpass Backwardpass

dL dl dz
y —

dy — dz dy

https://github.com/Vercaca/NN-Backpropagation

Biomedical Data Science Lab. @Soongsil Univ. 22
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Chain rule |

Input

y =9 (@) )
dg _dg df )

de df dz
H/G

https://leonardoaraujosantos.gitbooks.io/artificial-inteligence/content/backpropagation.html

iomedical _Qgt_a Science Lab. @Soongsil Univ. 23

y = f(g(z))

IBiomedical Data Science Lab. @Soongsil Univ. 24
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y = f(g(z))

v = f'(g9(2))d ()

[Fo@)] = 5 5

“Biomedical _Qgt_a Science Lab. @Soongsil Univ.

25

F(z) = f(g9(h(u(v()))))

dFF  d d
- = - F(2) = — f(g(h(u(v(2)))))

_df dg dh du dv

" dg dh du dv dx

IBiomedical Data Science Lab. @Soongsil Univ.

26
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Training with gradient descent

Features

27

Review for the perceptron learning

Given Training Data:

D={(x® y®) | x® = &= y® = {0,1},1i=1,...,.n}

Algorithm:
1. Initialize weights:
W o+ (= (including bias term)
2. For each epoch:
For each training sample (x®, y™):
a) §O = g(xTw)
b) err = yO — §0
c) W W+ n-err-x@ (n: learning rate)
' ??ﬁ\—“" JiBiomedical Data Science Lab. @Soongsil Univ. 28
3 =

-14 -



Batch mode

D= {{(x®, y0) | x® & &=, y& = {0,1},1=1,...,n}

1. Initialize:
w = 0wl b= 0

2. For each training epoch:
A. Initialize updates:
Aw =0, Ab =0

B. For each training sample (x', y‘™):

(a) Compute output: ¥

= owx" + b)
(b) Calculate error: err® = y@ - ¢
(¢) Update Aw := Aw + errPxW Ab:= Ab + err®

C. Update parameters: w:=w + Aw, b := b + Ab

"Biomedical Data Science Lab. @Soongsil Univ. 29

Stochastic learning

D= {{x0, y0) | x® & R», y® = {0,1},1=1,....n}

1. Initialize:

woi=0ml hi=0, n = learning_rate

2. For each training epoch:

A. Randomly shuffle training data D

B. For each training sample (x", y):

(a) Compute output: 79 = a(w-x? + b)
p puty
(b) Calculate error: err®? = y@ _ @
(c) Immediate update:
W= w ot nerr®-xe

b =D+ n-err®

WBiomedical Data Science Lab. @Soongsil Univ. 30

-15 -



Minibatch stochastic learning

D= {{x® y@) | x® = Em, y® = {0,1},1=1,...,n}

1. Initialize:

w =0l h =0, n =learning rate, B = batch_size

2. For each training epoch:

A. Randomly shuffle training data D

B. For each mini-batch D; of size B:
(a) Initialize: Aw := 0, Ab := 0
(b) For each (x, y) in Dg:

- Compute 7 = g(wx" + b)

. errld = yi _ 5

o« Aw = Aw + errP?x® Ab = Ab + err®

(c) Update: w := w + (n/B)-Aw, b := b + (n/B)-Ab

WBiomedical Data Science Lab. @Soongsil Univ. 31

MBiomedical Data Science Lab. @Soongsil Univ. 32
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Backpropagation

N
* Find the optimal parameter minimize the total cost (MSE) ¢ = %Z(o(")
n=1

* |teratively updating the parameter

ac
wi(t+1) =wi(©) =7
aWi
0 =o(net) = 1
-net
1+e
WBiomedical Data Science Lab. @Soongsil Univ. 33
Inputs  Weights Net input Activation
function function
@ output
https://www.researchgate.net/figure/The-perceptron-processes-the-inputs- https://www.simplilearn.com/what-is-perceptron-tutorial
and-regularizes-them-with-an-activation-function_figl_357301768
Biomedical Data Science Lab. @Soongsil Univ. 34

-17 -



sign function

1
= >
X
&)
At
-1
WiBiomedical Data Science Lab. @Soongsil Univ. 35

Activation function

* How do | calculate derivative of sign function?

v

1
= >
X
)
A
-1
Biomedical Da,t? Science Lab. @Soongsil Univ. 36

-18 -



Sigmoid
1.0

Biomedical _Qgt_a Science Lab. @Soongsil Univ. 37

Why should we use non-linear activation fun___
the artificial neural network?

IBiomedical Data Science Lab. @Soongsil Univ. 38

-19 -



Backpropagation
1 N
* Find the optimal parameter minimize the total cost (MSE) ¢ = EZ(O(’O
* |teratively updating the parameter -
ac
wi(t+1) = wi(6) - LT
net='_§ow,-xi : o =iTRE= 1 1
v LeE
aC <o 9z 03C _
ow; ow; 0z do
n=1
WBiomedical DAat_a Science Lab. @Soongsil Univ. 39

e Can you calculate derivative of the sigmoid function
(activation function)?

o(z)

- 1+e*

WBiomedical Data Science Lab. @Soongsil Univ. 40

- 20 -



Derivative of sigmoid function

1
)= 1o P e I S
= —1x(1+e?)2(—e?)
—e T

e—I

(1+e®)2
1 e =
l+eT1l4e®
1 e?+(1-1)
1+e* 1+e*
1 (1+e®)-1
1+e* 1+e*
B 1 (1+e7) 1 ]

l1+e*| 1467 1+e*

1 +1e—2 [1 1 +1e—=]
= o(z)(1 - o(x))

WBiomedical Data Science Lab. @Soongsil Univ. 41

Backpropagation

N
1
* Find the optimal parameter minimize the total cost (MSE) ¢ = EZ(O(")
n=1
* |teratively updating the parameter
ac

Wi(t + 1) = Wi(t) -

1

n
aWi a(x) = 1rez

X ;
o'(z) = o(z) = o(z)(1 ~ o(x))
1
0 = o(net) = .
1+e
do — o(1
aZ - O( 0)
N N
_ Z dz dodC _ Z 1
i - an aZ ao - xlo( O)(O y)
WBiomedical Dratra Science Lab. @Soongsil Univ. 42
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What about multiple layers?

* You can compute the derivative of the cost function at a
similar way

:‘;ﬁ“—&“ WBiomedical Data Science Lab. @Soongsil Univ. 43
Y 3

Are more layers better in a neural netwo

Hidden layer 1 Hidden layer 2 Hidden layer 3 Hidden layer

Input layer

Input layer

Sy
,‘-..‘\‘\\\:\‘_
N\

https://doi.org/10.3348/kjr.2017.18.4.570

R S— . . . . .
ﬁi ?‘\Sﬁ WBiomedical Data Science Lab. @Soongsil Univ. 44
A oL«
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Universal approximation theorem

* Neural networks with one hidden layer can represent any continuous
function

* The approximation can be improved by increasing the number of hidden nodes.
(with many hidden nodes and nonlinear activation function)

Mak. 3 Mathematics of Conirol, e bt St Coppge 8 1 P e
Signals, and Systems
£ 100 g Vel Yotk ORIGINAL CONTRIBUTION
Multilayer Feedforward Networks are
Universal Approximators
Approximation by Sep itions of a Sigmoidal Function®
G Cybenkat Kuk Homsax
Abstrects [ thit paper s emoastrasy that fialte bovar combunations of come Tt Ll s
s . Maxwrns Srvcrconne ano Haunes Wesiin
bpercube; ooky mibd conditions ar impoved on the wsivarivie hanion, Our vy of Cilni, foa Dlgs
Twper mearsl merworks. In particelns. we thow (hal arbiirary derision regions e -
e o The e it
capatic fanc
Fape from our fine diensional ipece 10 arvevher &2y denired dcgre of ovcwrecy, revided iy meny
Koy wod Newral matworks, Appestmation, Compleran. rerwris, Usiverual Mapprg rersartn, Nerwork resreseaiion
eapabiey Thasne,
[—— 1. INTRODUCTION any faction encountesed in applications icads cae
Bt bev basm seaty peecy peas shoce Misiky sad e
A number of diverse application areas are concerned with the representation of Papace (LAAF) concimstvyly cumcmer fhective of some deep and
variabie, x @ R, by fini i ""'mm::"""‘““"""‘: tios capubility, of are they merely fiskes, reaulting
tioms of the form T et & from wiecive reporting and a boruitous dhoice of
» Papert e open the posnibilty it malilayer et mmmﬁm
+ @) ] Tunctioss,
Fantiers i ooy bec i the bt ener s ot socmchers 3PS M e S o
where y, ¢ B® and 2, # ¢ Roase fined. (" slhlmmdyoolhlf Illhltnnu‘
m’ of yand x) Here the o s B Aol s e e, B et b “mmwmm:
the application. Our mqwmmnnwﬂhmﬂlhﬂwﬂc'x : e
e e ?"d“mmm‘uﬂ“ﬁmmm MT;mxmwm
'“"’{n " -, i elred i e oo o ot 1 Con Kolmogorovs 19 'M-t-n-l Loy ';‘"1}:
. rences o6 Heacs] Karues (197 e o e b Howerer wevet, hese pesains
ise maturally ] rk theary as the sctivation function pling of exumples. a different waknows tramtormation (g in
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i part by NSF Grast DCR-861510), ONK Contract NO-8=G-0001 aad DOE Grast DE-FGI- e rebrem. muﬁu and with the Mur
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* Deeper neural networks may be generally better than
shallow networks.

* But..

* Training datasets were too small
Computing power was not enough
Initialization of the weights in a wrong way
Improper nonlinear activation functions
® EEE:

Biomedical Data Science Lab. @Soongsil Univ. 46
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Image classification (convolutional neural net

Biomedical Data Science Lab. @Soongsil Univ.
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Backpropagation Applied to Handwritten Zip Code
Recognition

Y. LeCun

B. Boser

J. 5. Denker

D. Henderson

R. E. Howard

W. Hubbard

L. D. Jackel

AT&T Bell Laboratories Holmdel, NJ 07733 USA

The ability of learning networks to generalize can be greatly enhanced
by providing constraints from the task domain. This paper demon-
strates how such constraints can be integrated into a backpropagati
network through the architecture of the network. This approach has
been successfully applied to the recognition of handwritten zip code
digits provided by the U.S. Postal Service. A single network learns the
entire recognition operation, going from the normalized image of the
character to the final classification.

1 Introducti

Previous work performed on recognizing simple digit images (LeCun
1989) showed that good generalization on complex tasks can be obtaned
by designing a network architecture that contains a certain amount of
a prion knowledge about the task. The basic design principle 1s to re-
duce the number of free parameters m the network as much as possible
without overly reducing its computational power. Application of this
principle increases the probability of correct generahization because it re-
sults 1n a specalized network architecture that has a reduced entropy
(Denker et al 1987; Patarnello and Carneval: 1987, Tishby et al. 1989; Le-
Cun 1989), and a reduced Vapnik-Chervonenkis dimensionality (Baum
and Haussler 1989).

In this paper, we apply the backpropagation algonthm (Rumelhart et
al 1986) to a real-world problem 1n recognizing handwritten digits taken
from the US Mail. Unlike previous results reported by our group on
this problem (Denker et al 1989), the learning network 1s directly fed
with 1mages, rather than feature vectors, thus demonstrating the ability
of backpropagation networks to deal with large amounts of low-level
information.

Neural Computation 1, 541-551 (1989) (@ 1989 Massachusetts Inshitute of Technology

48
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* The Yann LeCun et al. (1989) paper
* Backpropagation Applied to Handwritten Zip Code Recognition

10 output units
fully connected

~ 300 links

layer H3

30 hidden units fully connected

~ 6000 links

layer H2
12 x 16=192

H2.1
hidden units

~ 40,000 links

from 12 kernels
5x5x8

layer H1

12 x 64 = 768

hidden units

Hi.1 |
/1 ~20,000 links

u 7l
[ w I from 12 kernels
\\‘?“’7 H 5x5

256 input units

Biomedical Data Science Lab. @Soongsil Univ. 49

Recurrent neural network (RNN) & LSTM

Long Short-Term Memory

Sepp Hochreiter
Fakultat fur Informatik, Technische Universitat Mtinchen, 80290 Munchen, Germany

Jurgen Schmidhuber
IDSIA, Corso Elvezia 36, 6900 Lugano, Switzerland

L ing to store i ion over ded time intervals by recurrent
backpropagation takes a very long time, mostly because of insufficient,
decaying error backflow. We briefly review Hochreiter's (1991) analysis of
this problem, then address it by introducing a novel, efficient, gradient-
based method called long short-term memory (LSTM). Truncating the
gradient where this does not do harm, LSTM can learn to bridge minimal
time lags in excess of 1000 discrete-time steps by enforcing constant error
flow through constant error carousels within special units. Multiplicative
gate units learn to open and close access to the constant error flow. LSTM
is local in space and time; its computational complexity per time step
and weight is O(1). Our experiments with artificial data involve local,
distributed, real-valued, and noisy pattern representations. In compar-
isons with real-time recurrent learning, back propagation through time,
recurrent cascade correlation, Elman nets, and neural sequence chunk-
ing, LSTM leads to many more successful runs, and learns much faster.
LSTM also solves complex, artificial long-time-lag tasks that have never
been solved by previous recurrent network algorithms.

1 Introduction

In principle, recurrent networks can use their feedback connections to store
representations of recent input events in the form of activations (short-term
memory, as opposed to long-term memory embodied by slowly changing
weights). This is potentially significant for many applications, including
speech processing, non-Markovian control, and music composition (Mozer,
1992). The most widely used algorithms for learning what to put in short-
term memory, however, take too much time or do not work well at all, espe-
cially when minimal time lags between inputs and corresponding teacher
signals are long. Although theoretically fascinating, existing methods do
not provide clear practical advantages over, say, backpropagation in feed-
forward nets with limited time windows. This article reviews an analysis of
the problem and suggests a remedy.

Neural Computation 9,1735-1780 (1997) @ 1997 Massach Institute of Technol
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RelLU

BatchNorm
Dropout

Weight initialization
And many more

Rectified linear units

Nair, V,, & Hinton, G. E. (2010). Rectified linear units improve
restricted boltzmann machines. In Proceedings of the 27th
international conference on machine learning (ICML-10)
(pp. 807-814).

Dropout

Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, [, &

alakhutdinov, R. (2014). Dropout: a simple way to prevent

al networks from overfitting. The journal of machine
ing research, 15(1), 1929-1958.

Enhancement of the neural networks

* Many enhancements where developed to make neural networks
perform better and solve new problems

Biomedical Data Science Lab. @Soongsil Univ.

Batch normalization

loffe, S., & Szegedy, C. (2015, June). Batch normalization:
Accelerating deep network training by reducing internal
covariate shift. In International conference on machine
learning (pp. 448-456). pmlr.

He initialization

He, K, Zhang, X., Ren, S., & Sun, J. (2015). Delving deep into
rectifiers: Surpassing human-level performance on imagenet
classification. In Proceedings of the IEEE international
conference on computer vision (pp. 1026-1034).

Vanishing gradient

small numbers.

* However, the gradient can decrease exponentially by multiplying of th

wi(t+1) =w;(6) —n

)
Xn a
da
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aC Z da dodC
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n=1
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N
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* Assume we have the largest gradient;

E.g. for 10 layer: 0.25%° =~ 107°

RelLU (Rectified Linear Unit) (2010)

Rectified Linear Units Improve Restricted Boltzmann Machines

Vinod Nair
Geoffrey E. Hinton

VNAIRTICS. TORONTO.EDU
HINTONGCS. TORONTO.EDU

Department of Computer Science, University of Toronto, Toronto, ON M58 2G4, Canada

Abstract

Restricted Boltzmann machines were devel-
oped using binary stochastic hidden units.
These can be generalized by replacing each
binary unit by an infinite number of copies
that all have the same weights but have pro-
gressively more negative biases. The learning
and inference rules for these “Stepped Sig-
moid Units” are can be ap-
proximated efficiently by noisy, rectified lin-
ear units, Compared with binary units, these
units learn features that are better for object
recognition on the NORB dataset and face
verification on the Labeled Faces in the Wild
dataset. Unlike binary units, rectified linear
units preserve information about relative in-
tensities as information travels throngh mul-
tiple layers of feature detectors.

1. Introduction

Restricted Boltzmann machines (RBMs) have been
used as generative models of many different types
of data including labeled or unlabeled images
{(Hinton et al., 2006), sequences of mel-cepstral coef-
ficients that represent speech (Mohamed & Hinton,
2010), bags of words that represent documents
(Salakhutdinov & Hinton, 2009), and user ratings of
movies (Salakhutdinov et al, 2007). In their eon-
ditional form they can be used to model high-
dimensional temporal sequences such as video or mo-
tion capture data (Taylor et al., 2006). Their most im-
portant use is as learning modules that are composed
to form deep belief nets (Hinton et al., 2006).

Appearing in Proceedings of the 27°* International Canfer-
ence on Machine Learning, Haifa, Isracl, 2010. Copyright
2010 by the author(s)/owner(s).

11 L ing a R d Bolt Mack

Tmages composed of binary pixels can be modeled by
an RBM that uses a layer of binary hidden units (fea-
ture d to model the higher-ords lati

between pixels. If there are no direct interactions be-
tween the hidden units and no direct interactions be-
tween the visible units that represent the pixels, there
is a simple and efficient method called “Contrastive
Divergence” to learn a good set of feature detectors
from a set of training images (Hinton, 2002). We start
with small, random weights on the symmetric connee-
tions between each pixel i and each feature detector j.
Then we repeatedly update each weight, wi; . using the
difference between two measured, pairwise correlations

Awyy = (<t dota — <Vbrecn) (1)

where ¢ is a learning rate, <uih;>daa i the frequency
with which visible unit i and hidden unit j are on to-
gether when the feature detectors are being driven by
images from the training set and < uvh; >, o is the
corresponding frequency when the hidden units are be-
ing driven by reconstructed images. A similar learning
rule can be used for the biases.

Given a training image, we set the binary state, hj, of
each feature detector to be 1 with probability

1

plhj=1)= )

1+ exp(—

ievis Vi)
where b, is the bias of j and v, is the binary state
of pixel . Once binary states have been chosen for
the hidden units we produce a “reconstruction” of the
training image by setting the state of each pixel to be
1 with probability

1

=) ——
L T A S

3)

The learned weights and biases implicitly define a
probability distribution over all possible binary images
via the energy, E(v. h), of a joint configuration of the




Activation function

Leaky ReLU

Sigmoid
max(0.1z, z)

0'(27) = H%

tanh

Maxout
tanh(x) max(w] x + by, w3 x + by)
ReLU ELU
max(0, z) % 20
ale*—1) =<0 -~ W
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RelU

RelLU is probably the most popular activation function (simple to
compute, fast, good results)

But ReLU neurons might "die" during training

Not necessarily bad, can be considered as a form of regularization

* compared to sigmoid/Tanh, ReLU suffers less from vanishing gradient
problem but can more easily "explode"

Biomedical Data Science Lab. @Soongsil Univ. 56

- 28 -



Overfitting

* Collecting more data would be helpful to reduce overfitting

* Also, data augmentation is helpful (E.g. for images: rotation, crop,
translation, an so on)

* |In addition, reducing the model capacity is necessary.

* Smaller architecture: fewer hidden layers & hidden nodes, dropout, etc.
* Smaller weights: early stopping, norm penalties

* Adding noise

o EtC:

Biomedical Data Science Lab. @Soongsil Univ. 57

Regularization for neural networks

n L
L2 — Regularized — Costwp = % Zﬁ(y["'],ﬁlﬂ) + % Z w2,
=1 =1

* Regular gradient descent update:

J

* Gradient descent update with L2 regularization:

oL 2
Wi = Wi =T\ B T Wi
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Dropout: A Simple Way to Prevent Neural Networks from

Overfitting
Nitish Srivastava NITISHECS TORONTO.EDU
Geoffrey Hinton HINTONECS TORONTO.EDU
Alex Krizhevsly KRIZEICS TORONTO EDU
Ilya Sutskever ILYA@CS. TORONTO.EDU
Ruslan Salakbutdinov RSALAKHUGCS TORONTO.EDU
Departient of Computer Seience
University of Toronto
10 Kings College Road, Rm 3302
Toronto, Ontario, M58 3G, Canada.
Editor: Yoshua Bengio

Abstract

Deep neural nets with a large number of parameters are very powerful machine learning
systems. However, overfitting is a serious problem in such networks. Large networks are also
slow to use, making it difficult to deal with overfitting by combining the predictions of many
different large neural nets at test time. Dropout is a technique for addressing this problem.
The key idea is to randomly drop units (along with their connections) from the neural
k during training. This p units from co-adapting too much. During training,
dropout samples from an exponential number of different “thinned” networks. At test time,
it is easy to approximate the effect of averaging the predictions of all these thinned networks
by simply using a single unthinned mmrk that has smaller welghv.s This significantly
reduces overfitting and gives major imp over other 1 ion methods. We
show that dropout imp the perfi of neural ks on supervised learning
tasks in vision, speech recognition, document classification and computational biology,
obtaining state-of-the-art results on many benchmark data sets.
Keywords: neural networks, regularization, model bination, deep

1. Introduction

Deep neural networks contain multiple non-linear hidden layers and this makes them very
expressive models that can learn very complicated relationships between their inputs and
outputs. With limited training data, however, many of these complicated relationships
will be the result of sampling noise, so they will exist in the training set but not in real
test data even if it is drawn from the same distribution. This leads to overfitting and many
‘methods have been developed for reducing it. These include stopping the training as soon as
performance on a validation set starts to get worse, introducing weight penalties of various
kinds such as L1 and L2 regularization and soft weight sharing (Nowlan and Hinton, 1992).

With unlimited computation, the best way to “regularize” a fixed-sized model is to
average the predictions of all possible settings of the parameters, weighting each setting by

itish Srivastava, Geoffrey Hinton, Alex Kri . Tiya S and Ruslan
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Improving neural networks by preventing
co-adaptation of feature detectors
G. E. Hinton®, N. Srivastava, A. Krizhevsky, I. Sutskever and R. R. Salakhutdinov

Department of Computer Science, University of Toronto,
6 King's College Rd, Toronto, Ontario M5S 3G4, Canada

*To whom il should be add I; E-mail: hi toronto.edu

‘When a large feedforward neural network is trained on a small training set,
it typically performs poorly on held-out test data. This “overfitting” is greatly
reduced by randomly omitting half of the feature detectors on each training
case. This prevents complex co-adaptations in which a feature detector is only
helpful in the context of several other specific feature detectors. Instead, each
neuron learns to detect a feature that is generally helpful for producing the
correct given the i ially large variety of internal contexts in
which it must op Rand, “dropout™ gives big imp: on many

benchmark tasks and sets new records for speech and object recognition.

A feedforward, artificial neural network uses layers of mm—lmear “hidden” units between
its inputs and its outputs. By adapting the weights on the i ng ions of these hidden
units it learns feature detectors that enable. it to predict the correct output when given an input
vector (1). If the relationship between the input and the correct output is complicated and the
network has enough hidden units to model it y. there will typically be many different
settings of the weights that can model the training set almost perfectly, especially if there is
only a limited amount of labeled training data. Each of these weight vectors will make different
predictions on held-out test data and almost all of them will do worse on the test data than on
the training data because the feature detectors have been tuned to work well together on the
training data but not on the test data.

Overfitting can be reduced by using “dropout™ to prevent pl 1 ions on the
training data. On each presentation of each training case, each hidden unit is randon'l.'ly omitted
from the network with a probability of 0.5, so a hidden unit cannot rely on other hidden units
being present. Another way to view the dropout procedure is as a very efficient way of perform-
ing model ing with neural ks. A good way to reduce the error on the test set is to

average the predictions produced by a very large number of di . The

arXiv:1207.0580v1 [cs.NE] 3 Jul 2012

Biomedical Data Science Lab. @Soongsil Univ. 60

- 30 -



Dropout

(a) Standard Neural Net (b) After applying dropout.
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Why do we normalize inputs for gradient desc

Gradient of larger parameter Both parameters can be
dominates the update updated in equal proportions

https://www.jeremyjordan.me/batch-normalization/
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* However, normalizing the inputs only affects the first hidden layer.

* Is it enough? What about the other hidden layers?
Deep Neural Network

input layer

hidden layer 1

hidden layer 2

hidden layer 3
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'\\};‘}, 2 ‘,,,"‘7 ; output layer
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https://towardsdatascience.com/training-deep-neural-networks-9fdb1964b964
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Batch Normalization: Accelerating Deep Network Training by
Reducing Internal Covariate Shift

Sergey loffe
Google Inc., sioffe@google.com

Abstract

Training Deep Neural Networks is complicated by the fact
that the distribution of each layers inputs changes during
training, as the parameters of the previous layers change.
This slows down the training by requiring lower learning
rates and careful parameter initialization, and makes it no-
toriously hard to train models with samrating nonlineari-
ties. We refer to this phenomenon as internal covariate
shift, and address the problem by normalizing layer in-
puts. Our method draws its strength from making normal-
ization a part of the model architecture and performing the
normalization for each training mini-batch. Batch Nor-
malization allows us to use much higher learning rates and
be less careful about initialization. It also acts as a regu-
larizer, in some cases eliminating the need for Dropout.
Applied to a state-of-the-art image classification model,
Barch Normalization achieves the same accuracy with 14
times fewer training steps, and beats the ariginal model
by a significant margin. Using an ensemble of batch-
normalized networks, we improve upon the best published
result on ImageNet classification: reaching 4.9% top-5
validation error (and 4.8% test error), exceeding the ac-
curacy of human raters.

1 Introduction

Deep leaming has dramatically advanced the state of the
art in vision, speech, and many other areas. Stochas-
tic gradient descent (SGD) has proved to be an effec-
tive way of training deep networks, and SGD variants
such as momentum (Sutskever et al., 2013) and Adagrad
(Duchi et al., 2011) have been used to achieve state of the
art performance. SGD optimizes the parameters 8 of the
network, so as (o minimize the loss

~
L1
Qzargngnwgttx. a)

where x;_._x is the training data set. With SGD, the train-
ing proceeds in steps, and at each step we consider a mini-
bateh x,__, of size m. The mini-batch is used o approx-
imate the gradient of the loss function with respect to the
parameters, by computing

1 9(x;,8)

mo a8

Biomedical Data Science

Christian Szegedy
Google Inc., szegedy@google.com

Using mini-batches of examples, as opposed to pne exam-
ple at a time, is helpful in several ways. First, the gradient
of the loss aver a mini-batch is an estimate of the gradient
over the training set, whose quality improves as the batch
size increases. Second, computation over a batch can be
much more efficient than m computations for individual
examples, due to the parallelism afforded by the modern
computing platforms.

‘While stochastic gradient is simple and effective, it
requires careful tuning of the model hyper-parameters,
specifically the leaming rate used in optimization, as well
as the initial values for the model parameters. The train-
ing is complicated by the fact that the inputs 1 each layer
are affected by the parameters of all preceding layers — so
that small changes to the network parameters amplify as
the network becomes deeper.

The change in the distributions of layers® inputs
presents a problem because the layers need to continu-
ously adapt to the new distribution. When the inpur dis-
tribution to a learning system changes, it is said to experi-
ence covariate shift (Shimodaira, 2000). This is typically
handled via domain adaptation (Jiang, 2008). However,
the notion of covariate shift can be extended beyond the
learning system as a whole, to apply to its parts, such as a
sub-network or a layer. Consider a network computing

£ = Fy(Fy(u,84),6a)

where F, and F; are arbitrary transformations, and the
parameters 6. Oz are to be learned so as to minimize
the loss £. Learing 6, can be viewed as if the inputs
x = Fj(u, 8,) are fed inio the sub-network

{ = Fax,8,).
For example, a gradient descent step

o o~ (%, 0s)
8, 8, — - 21—091
=

(for batch size m and learning rate ) is exactly equivalent
to that for a stand-alone network Fz with input x. There-
fore, the input distribution properties that make training
more efficient - such as having the same distribution be-
tween the training and test data — apply to training the
sub-network as well. As such it is advantageous for the
distribution of x to remain fixed over time. Then, 8; does

Lab. @Soongsil Univ.
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Internal covariant shift

WBiomedical Data Science Lab. @Soongsil Univ. 65

Batch normalization

* Normalization of inputs for hidden layers

Increasing training speed

Reducing sensitivity for weight initialization and
hyperparameter setting

* Regularization

WBiomedical Data Science Lab. @Soongsil Univ. 66
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Input: Values of x over a mini-batch: B = {x, .}
Parameters to be leamed: ~, 3
Output: {y; = BN, ;(z;)}

1B — L D /f mini-batch mean
m i=1

m
9 1 9 - .
Ty +— — E |x; — HE // mini-batch variance
B : i )

T i HE M/ normalize
‘\.I’GFBE + €
y; + 4T + 8 = BN, g(z;) {/ scale and shift

Algorithm 1: Batch Normalizing Transform, applied to
activation - over a mini-batch.

e r and fare learnable parameters.

DBiomedical Data Science Lab. @Soongsil Univ.
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Batch normalization

i-th hidden layer

¥
Activation

WBiomedical Data Science Lab. @Soongsil Univ.

(i+1)-th hidden layer
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How Does Batch Normalization Help Optimization?

Shibani Santurkar®  Dimitris Tsipras* Andrew Ilyas* Aleksander Madry
MIT MIT MIT MIT

shibani@mit.edu teipras@mit.edu ailyas@mit.edu madryfmit.edu

Abstract

Baich Normalization (BatchNorm) is a widely adopted technique that enables
faster and more stable training of deep neural networks (DNNs). Despite its
pervasiveness, the exact reasons for BatchNorm's effectiveness are still poorly
understood. The popular belief is that this effectiveness stems from controlling
the change of the layers™ input distributions during training to reduce the m—m]]ed
“internal covariate shift”. In this work, we that such di:

stability of layer inputs has little to do with the success of BatchNorm. Instead,
WE URCOVEr 3 more ﬁmd.nmenh] |mpn:1 of Brm:thrm on the tnmmg pmoﬂs it
makes the This induces
amore predictive and stable behavior of the gradients, allowing for faster training.

1 Introduction

Over the last decade, deep learning has made impressive progress on a variety of notoriously
difficult tasks in computer vision [16, 7], speech recognition [5], machine translation [29], and
game-playing [ls, 25]. This pmgmss hmged ‘on a number of major advances in terms of hardware,
datasets [13, 23], and iques [27, 12, 20, 28]. One of the most
™ of such ‘was batch ization (B: ) [10].

At a high level, BatchNorm is a technique that aims to improve the training of neural networks by
stabilizing the distributions of layer inputs. This is achieved by introducing additional network layers
that control the first two moments (mean and variance) of these distributions.

The practical success of BaichNorm is indisputable. By now, it is used by default in most deep learning
maodels, both in research {more than 6,000 citations) and real-world settings. Somewhat slloclungly
however, despite its prominence, we siill have a poor ing of what the i
BaichNorm is siemming from. In fact, there are now a number of works that provide aliernatives lu
BaichNorm [1, 3, 13, 31], but none of them seem to bring us any closer to undersianding this issue.
(A similar point was also raised recently in [22].)

Currently, the most widely accepted explanation of BatchNorm’s success, as well as its original
motivation, relates to so-called internal covariate shift (ICS). Informally, ICS refers to the change in
the distribution of layer inputs caused by updates to the preceding layers. It is conjectured that such
continual change negatively impacts training. The goal of BatechNorm was to reduce ICS and thus
remedy this effect.

Even though this explanation is widely accepted, we seem to have little concrete evidence supporting
it. In particular, we still do not understand the link between ICS and training performance. The chief
goal of this paper is to address all these shortcomings. Our exploration lead to somewhat startling
discoveries.

~Equal contribution.

32nd Conference on Neural Information Processing Systems (NeurlPS 2015), Montréal, Canada.
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Figure 1: Comparison of (a) training (optimization) and (b) test (generalization) performance of a
standard VGG network trained on CIFAR-10 with and without BatchNorm (details in Appendix A).
There is a consistent gain in training speed in models with BatchNorm layers. (c) Even though the
gap between the performance of the BatchNorm and non-BatchNorm networks is clear, the difference
in the evolution of layer input distributions seems to be much less pronounced. (Here, we sampled
activations of a given layer and visualized their distribution over training steps.)
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Standard Standard + Standard +
BatchMNorm “Noisy” BatchNorm
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Figure 2: Connections between distributional stability and BatchNorm performance: We compare
VGG networks trained without BatchNorm (Standard), with BatchNorm (Standard + BatchNorm)
and with explicit “covariate shift” added to BatchNorm layers (Standard + “Noisy” BatchNorm).
In the later case, we induce distributional instability by adding rime-varying, non-zero mean and
non-unit variance noise independently to each batch normalized activation. The “noisy” BatchNorm
model nearly matches the performance of standard BatchNorm model, despite complete distributional
instability. We sampled activations of a given layer and visualized their distributions (also cf. Figure 7).
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Figure 4: Analysis of the optimization landscape of VGG networks. At a particular training step,
we measure the variation (shaded region) in loss (a) and ¢, changes in the gradient (b) as we move
in the gradient direction. The “effective” 3-smoothness (c) refers to the maximum difference (in
f>-norm) in gradient over distance moved in that direction. There is a clear improvement in all of
these measures in networks with BatchNorm, indicating a more well-behaved loss landscape. (Here,
we cap the maximum distance to be 7 = 0.4 x the gradient since for larger steps the standard network
just performs worse (see Figure 1). BatchNorm however continues to provide smoothing for even
larger distances.) Note that these results are supported by our theoretical findings (Section 4).
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Weight initialization

* What happens if we initialize all W=0?

* All outputs are 0, all gradients are the same! No “symmetry
breaking”

* What about small random numbers?
P20 o o g

* Random sampling from a uniform distribution in range [0,1] or [-0.5,
0.5]

* Random sampling from a Gaussian distribution with zero mean and
small variance (0.1 or 0.017?)

* It works okay for small networks, but problems with deeper
networks.

Biomedical Data Science Lab. @Soongsil Univ.

Understanding the difficulty of training deep feedforward neural networks

Xavier Glorot

Yoshua Bengio

DIRO, Université de Montréal, Montréal, Québee, Canada

Abstract

‘Whereas before 2006 it appears that deep muli-
layer neural networks were not successfully
trained, since then several algorithms have been
shown 1o successfully train them, with experi-
mental results showing the superiority of deeper
vs less deep architectures. All these experimen-
tal resulis were obiained with new initialization
or training mechanisms. Our objective here is (o
understand better why standard gradient descent
from random initialization is doing so poorly
with deep neural networks, to better understand
these recent relative successes and help design
better algorithms in the future. We first observe
the influence of the non-linear activations func-
tions. We find that the logistic sigmoid activation
is unsuited for deep neiworks with random ini-
tialization because of its mean value, which can
drive especially the top hidden layer into satu-
ration. Surprisingly, we find that saturated units
can move out of saturation by themselves, albeit
slowly, and explaining the plateaus sometimes
when iraining neural neiworks. We find that
a new non-linearity that saturates less can often
be beneficial. Finally, we study how activations
and gradients vary across layers and during train-
ing, with the idea that training may be more dif-
ficult when the singular values of the Jacobian
associated with each layer are far from 1. Based
on these considerations, we propose a new ini-
tialization scheme that brings substantially faster
convergence.

1 Deep Neural Networks

Deep learning methods aim at learning feature hierarchies
with features from higher levels of the hierarchy formed
by the composition of lower level features. They include

Appearing in Proceedings of the 13'* International Conference
on Artificial Intelligence and Statistics (AISTATS) 2010, Chia La-
guna Resort, Sardinia, ltaly. Volume 9 of IMLR: W&CP 9. Copy-
right 2010 by the suthers.

learning methods for a wide array of deep architectures,
including neural networks with many hidden layers (Vin-
cent et al., 2008) and graphical models with many levels of
hidden variables (Hinton et al., 2006), among others (Zhu
etal., 2009, Weston et al., 2008). Much attention has re-
cently been devoted to them (see (Bengio, 2009) for a re-
view), because of their theoretical appeal, inspiration from
biology and human cognition, and because of empirical
success in vision (Ranzato et al, 2007; Larochelle et al
2007; Vincent et al., 2008) and matural language process-
ing (NLP) (Collobert & Weston, 2008; Mnih & Hinton,
2009). Theoretical results reviewed and discussed by Ben-
gio (2009), suggest that in order to leam the kind of com-
plicated functions that can represent high-level abstractions
{e.g. in vision, language, and other Al-level tasks), one
may need deep architectures.

Most of the recent experimental results with deep archi-
tecture are obtained with models that can be wrmed into
deep supervised neural networks, but with initialization or
training schemes different from the classical feedforward
neural networks (Rumelhart et al., 1986). Why are these
new algorithms working so much better than the standard
random initialization and gradieni-based optimization of a
supervised training criterion? Part of the answer may be
found in recent analyses of the effect of unsupervised pre-
training (Erhan et al., 2009), showing that it acts as a regu-
larizer that initializes the parameters in a “better” basin of
attraction of the optimizati ing to
an apparent local minimum associated with better general-
ization. But carlier work (Bengio et al, 2007) had shown
that even a purely supervised but greedy layer-wise proce-
dure would give betier results. So here instead of focus-
ing on what unsupervised pre-training or semi-supervised
criteria bring to deep architectures, we focus on analyzing
what may be going wrong with good old (but deep) multi-
layer neural networks.

Our analysis is driven by investigative experiments 10 mon-
itor activations (watching for saturation of hidden units)
and gradients, across layers and across training iterations.
We also evaluate the effects on these of choices of acti-
wvation function (with the idea that it might affect satura-
tion) and initialization p (since ised pre-
training is a particular form of initialization and it has a
drastic impact).

Biomedical Data Science Lab. @Soongsil Univ.
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Xavier initialization

Sigmoid depth 5
Sigmoid depth 4
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Softsign

- Softsign N
- Tanh N
Pre-training

test errar %
g

3

30

20

10
0.0 05

1.0 PR 2.0 2.5
# exemples seen 167

Figure 11: Test error during online training on the
Shapeset-3 x 2 dataset, for various activation functions and
initialization schemes (ordered from top to bottom in de-
creasing final error). N after the activation function name
indicates the use of normalized initialization.
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Figure 12: Test error curves during training on MNIST and
CIFAR 10, for various activation functions and initialization
schemes (ordered from top to bottom in decreasing final
error). N after the activation function name indicates the
use of normalized initialization.
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Xavier initialization

* Initialize weights from Gaussian or uniform distribution

* Then, scale the weights proportional to the number of inputs to the
layer

0 o 1 where m is the number of

. 1 . . h Sometimes,

W = “/ " m input unl::s to the next “fan in” + “fan out” are used
ayer

W; ;¥ ~ N(u= 0,02 =0.01)

(or uniform distr. in a fixed interval, as in the original paper)
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Xavier initialization
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Figure 6: Activation values normalized histograms with Figure 7: Back-propagated gradients normalized his-
hyperbolic tangent activation, with standard (top) vs nor- tograms with hyperbolic tangent activation, with standard

malized initialization (bottom). Top:
higher layers.

(top) vs normalized (bottom) initialization. Top: 0-peak
decreases for higher layers.

0-peak increases for
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Delving Deep into Rectifiers:
Surpassing Human-Level Performance on ImageNet Classification

Kaiming He Xiangyu Zhang Shaoging Ren Jian Sun
Microsoft Research
Abstract iechniques [13, 30, 10, 36], aggressive daia augmentation

Rectified activation units (rectifiers) are essential for
state-of-the-art neural networks. In this work, we study
rectifier neural networks for image classification from two
aspects. First, we propose a Parametric Rectified Linear
Unit (PReLU) that generalizes the traditional rectified unit.
PReLU improves model fitting with nearly zero extra com-
putational cost and little overfitting risk. Second, we derive
a robust initialization method that particularly considers
the rectifier nonlinearities. This method enables us to train
extremely deep rectified models directly from scratch and to
investigate deeper or wider network architectures. Based
on the learnabie activation and advanced initialization, we
achieve 4.94% top-3 test error on the ImageNet 2012 clas-
sification dataset. This is a 26% relative improvement over
the ILSVRC 2014 winner (GoogLeNet, 6.66% [33]). To our
knowledge, our result is the first' 1o surpass the reported
human-level performance (5.1%, [26]) on this dataset.

1. Introduction

Convolutional neural networks (CNNs) [19, 18] have
demonstrated recognition accuracy better than or compara-
ble 1o humans in several visual recognition tasks, includ-
ing recognizing traffic signs [3], faces [34, 32], and hand-
written digits [3, 36]. In this work, we present a result that
surpasses the human-level performance reported by [26] on
a more generic and challenging recognition task - the clas-
sification task in the 1000-class ImageNet dataset [26].

In the last few years, we have witnessed tremendous im-
P in it mainly due to ad-
wvances in two technical directions: building more powerful
models, and designing effective strategies against overfit-
ting. On one hand, neural networks are becoming mere ca-
pable of fitting training data, because of increased complex-
ity (e... increased depth [29, 33], enlarged width [37, 28],
and the use of smaller sirides [37, 28, 2, 29]), new non-
linear activations [24, 23, 38, 22, 31, 10], and sophisti-
cated layer designs [33, 12 On the other hand, bet-
ter generalization is achieved by effective regularization

! reported in Feb. 2015.

118, 14, 29, 33], and large-scale data [4, 26].

Among these advances, the rectifier neuron [24, 9, 23,
38], e.g., Rectified Linear Unit (ReLU), is one of several
keys 1o the recent success of deep networks [18]. Tt expe-
dites co of the training procedure [18] and leads
to better solutions [24, 9., 23, 38] than conventional sigmoid-
like units. Despite the prevalence of rectifier networks,
recent improvements of models [37, 28, 12, 29, 33] and
theoretical guidelines for training them [8, 27] have rarely
focused on the properties of the rectifiers.

Unlike traditional sigmoid-like units, ReLU is not a sym-
metric function. As a consequence, the mean response of
ReLU is always no smaller than zero; besides, even assum-
ing the inp ights are subject to e distribu-
tions, the distributions of responses can still be asymmetric
because of the behavior of ReLU. These properties of ReLU
influence the theoretical analysis of convergence and empir-
ical performance, as we will demonstrate.

Tn this paper, we investigate neural networks from two
aspects particularly driven by the rectifier properties. First,
we propose a new extension of ReLU, which we call
Parametric Rectified Linear Unit (PReLU). This activation
function adaptively learns the parameters of the rectifiers,
and improves accuracy at negligible extra computational
cost. Second, we study the difficulty of training rectified
models that are very deep. By explicitly modeling the non-
linearity of rectifiers (ReLU/PReLU), we derive a theoret-
ically sound initialization method, which helps with con-
vergence of very deep models {e.g.. with 30 weight layers)
trained directly from scratch. This gives us more flexibility
to explore more powerful network architectures.

On the 1000-class ImageNet 2012 dataset, our network
leads to a single-model result of 5.71% top-5 error. which
surpasses all multi-model results in ILSVRC 2014. Fur-
ther, our multi-model result achieves 4.94% top-5 error on
the test set, which is a 26% relative improvement over the
ILSVRC 2014 winner (GoogLeNet, 6.66% [33]). To the
best of our knowledge, our result for the first time
the reported human-level performance (5.1% in [26]) of a
dedicated individual labeler on this recognition challenge.
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He initialization

* Assuming activations with mean zero at Xavier Initialization (which is
reasonable for tanH)

For ReLU, this is different, as the activations are not centered at zero.

He initialization added a scaling factor of 20>

For Leaky ReLU with negative slope alpha:

2 I 1 2
O — W W — W .
Wh=w \/; W T a2 i
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Learning rate decay

* Learning rate decay is a technique in which a network starts training
with a large learning rate and then slowly decreases it.

wl| —

-
=2
2w _ | Bubk ek e .
3
— 18-layer
e E— — ResNet-18
— ResNet-34 34-layer
g % @ w2 10 20 ET a0 50
epoch iter. (1ed)
(a) Learning rate decay strategy (b) Figure taken from He et al. (2016)

Figure 1: Training error in (b) is shown by thin curves, while test error in (b) by bold curves.

https://arxiv.org/pdf/1908.01878
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Momentum
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gradient
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On the momentum term in gradient descent learning algorithms
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Meural Networks 12 (1999) 145-151

Abstract

A momentum term is usually included in the simulations of

yﬁﬂyunpmﬂﬂspednfm;ﬂumllavlbeﬂl'mnynmmdmn(llsm&dﬂmsms.lnﬂusppﬂls‘mdﬂml’mlmlnf
the momentum parameler is analogous o the mass of Newtonian particles ﬂ.atmﬂmghamummmmz

continuous time,

ist learning algorithms. Although it is well known that such a term

conservative force field. The behavior of the system neara local minimum

The momentum term improves the speed of convergence by bringing some eigen components of the system closer o critical damping.
Smhrmdmmhobumdhrdﬂdmmumcmuudmcmlp«nrmuhnmIl\pamullx Id!ﬂv!dlehould;lmmnwm

learning-rate and momentum paramelers, and that the

the range of leaming rate over which the

system converges. The optimal condition for convergence is also analyzed. © 1998 Elevier Scence L1 All rights reserved.

Keywords: Moaentum; Gradient descent learning algorithm; Damped harmonic oscillator; Critical damping: Learning rate; Speed of convergence

1. Introduction

‘Connectionist neural network models have been success-
fully applied t0 a wide range of problems (Rumelhart and
McClelland, 1986; McClelland and Rumelhart, 1986;
Anderson et al., 1990; Churchland and Sejnowski, 1992).
Although there are many different varieties of leaming algo-
rithms available, the majority of them—including the
popular back-propagation learning algorithm—are of the
gradient descent type. For a given network architecture,
one usually starts with an error function which is parame-
terized by the weighis (the connection srengihs between
units) in the network. The gradient of the error function
with respect fo each weight is then computed and the
weights are modified along the downhill direction of the
gradient in order to reduce the error. Let E(w) be the error
function, where w s a vector representing all the weights in
the network, the simplest gradient descent algorithm, known
as the steepest descent, modifies the weights at time step ¢

the weights, and ¢ is a small positive number known as the
learning rate.

It is well known that such a leamning scheme can be very
slow. The inclusion of a momentum term has been found to
increase the rate of conve dramatically (Rumelhart
et al., 1986). With this method, Eq. (1) takes the form:

Aw= — VLE(w) + pAw, @

where p is the momentum parameter. That is, the modifica-
tion of the weight vectar at the current time step depends an
both the current gradient and the weight change of the pre-
vious step. Intuitively, the rationale for the use of the
‘momentum term is that the steepest descent is particularly
slow when there is a long and narrow valley in the error
function surface. In this situation, the direction of the
gradient is almost perpendicular 10 the long axis of the
valley. The system thus oscillates back and forth in
the direction of the short axis, and only maves very slowly
along the lang axis of the valley. The momentum term helps

accarding to: average out the escillation alang the short axis while at the
P Gy me time adds up conlion alng the log
where ¥, represents the gradient operator with respect to Oth have also been propasec

TTel: +1212543-5213: Fav +1-212:543-5161; E-mail: ngs@
columbia.edu

speed of convergence of gradient descent learning algo-
rithms. For example, the conjugate gradient method has
been shown to be superior to the steepest descent in most
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On the importance of initialization and momentum in deep learning

Tlya Sutskever!
James Martens
George Dahl
Geoffrey Hinton

Abstract

Deep and recurrent neural networks (DNNs
and RNNs respectively) are powerful mod-
els that were considered to be almost impos-
sible to train using stochastic gradient de-
scent with momentum. In this paper, we
show that when stochastic gradient descent
with momentum uses a well-designed random
initialization and a particular type of sluwl_y
increasing schedule for the

ILYASUCIGOOGLE.COM

IMARTENSECS. TORONTO.EDU

GDAHLECS. TORONTO.EDU
HINTON@CS. TORONTO.EDU

widepread use until fairly recently. DNNs became
the subject of renewed attention following the wark
of Hinton et al. (2006) who introduced the idea of
greedy layerwise pre-training. This approach has since
branched into a family of methods (Bengio et al.,
2007), all of which train the layers of the DNN in a
sequence using an auxiliary objective and then “fine-
tune” the entire network with standard optimization
methods such as stochastic gradient descent (SGD).
More recently, Martens (2010) attracted considerable

rameter, it can train both DNNs and “NNS
(on datasets with long-term dependencies) to
levels of fi that were previ
achievable only with Hessian-Free nptlmlza-
tion. We find that both the initialization
and the momentum are crucial since poorly
initialized networks cannot be trained with
momentum and well-initialized networks per-
form markedly worse when the momentum is
absent or poorly tuned.

Our success training these models suggests
that previous attempts to train deep and re-
current nenral networks from random initial-
izations have likely failed due to poor ini-
tialization schemes. Furthermore, carefully
tuned momentum methods suffice for dealing
with the curvature issues in deep and recur-
rent network training objectives without the
need for sophisticated second-order methods.

1. Introduction

Decp and recurrent newral networks (DNNs and
RNNs, respectively) are powerful models that achieve
high performance on difficult pattern recognition prob-
lems in vision, and speech (Krizhevsky et al., 2012;
Hinton et al., 2012; Dahl et al., 2012; Graves, 2012).

Although their representational power is appealing,
* the difficulty of training DNNs has prevented their

dings of the 30" { Conference on Ma-
chme Learning, Atlanta, Georgia, USA, 2013. JMLR:
WE&CP volume 28. Copyright 2013 by the author(s).

—

by showing that a type of truncated-Newton
method called Hessian-free Optimization (HF) is capa-
ble of training DNNs from certain random initializa-
tions without the use of pre-training, and can achieve
lower errors for the various auto-encoding tasks con-
sidered by Hinton & Salakhutdinov (2006).

Recurrent neural networks (RNNs), the temporal ana-
logue of DNNs, are highly expressive sequence mad-
els that can model complex sequence relationships.
They can be viewed as very deep neural networks
that have a “layer” for each time-step with parame-
ter sharing across the layers and. for this reason, they
are considered to be even harder to train than DNNs.
Recently, Martens & Sutskever (2011) showed that
the HF method of Martens (2010) could effectively
train RNNs on artificial problems that exhibit very
long-range dependencies (Hochreiter & Schmidhuber,
1997). Without resorting to special types of memory
units, these problems were considered to be impossi-
bly difficult for first-order optimization methods due
to the well known vanishing gradient problem (Bengia
et al., 1994). Sutskever et al. (2011) and later Mikolav
et al. (2012) then applied HF to train RNNs to per-
farm character-level language modeling and achieved
excellent results.

Recently, several results have appeared to challenge
the commonly held belief that simpler first-order
methods are incapable of learning deep models from
random initializations. The work of Glorot & Ben-
gio (2010), Mohamed et al. (2012}, and Krizhevsky
et al. (2012) reported little difficulty training neural
networks with depths up to 8 from certain well-chosen

The momentum method (Polyak, 1964), which we refer
to as classical momentum (CM), is a technique for ac-
celerating gradient descent that accumulates a velocity
vector in directions of persistent reduction in the ob-
jective across iterations. Given an objective function
f(#) to be minimized, classical momentum is given by:

Vi vy — =V f(8) (1)
Br1 = Htovn (2)

where £ > 0 is the learning rate. p € [0, 1] is the mo-
mentum coefficient, and V f(#;) is the gradient at #;.

Nesterov's Accelerated Gradient (abbrv. NAG; Nes-
terov, 1983) has been the subject of much recent at-
tention by the convex optimization community (e.g.,
Cotter et al., 2011; Lan, 2010). Like momentum,
NAG is a first-order optimization method with better
convergence rate guarantee than gradient descent in
certain situations. In particular, for general smooth
(non-strongly) convex functions and a deterministic
gradient, NAG achieves a global convergence rate of
0(1/T?) (versus the O(1/T) of gradient descent), with
constant proportional to the Lipschitz coefficient of the
derivative and the squared Euclidean distance to the
solution. While NAG is not typically thought of as a
type of momentum, it indeed turns out to be closely re-
lated to classical momentum, differing only in the pre-
cise update of the velocity vector v, the significance of
which we will discuss in the next sub-section. Specifi-
cally, as shown in the appendix, the NAG update may
be rewritten as:

"Work was done while the author was at the University YebL = PR Evf(st + F"-'t) (3)
of Toronto. Besr = B+ (4)
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Gradient descent optimization algorithm:

(b) SGD optimization on saddle point

https://arxiv.org/pdf/1609.04747
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Thank you!
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