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— Neural network inspired by biological nervous
systems, such as our brain (A R 4)

o RIEJH
— 194044
o D FFMcCullochFIE 2% ZK Pitts 37 1 BB N
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o 195044, 19604

— PRI 7 R EE (Perceptron)
o [RFM: AWM. Marvin Minsky, Frank Rosenblatt, Bernard Widrow

» 1980F4%
— J. Hopfield#2 i Hopfield ™ £% (1984)

— Hinton. Sejnowsky. RumelhartZ: A2 7 # 4
Y1Boltzmann#/l (1985)

— RumelhartZ53& H 2 2= W 2% i) 52 >) HE—BPHE
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» 2000448
— Hinton et al. Deep Neural Networks (2007)
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Research Circle

Neural networks have evolved into a broader concept
— Seems any intelligent algorithm can be cast into NNs

Top journals for neural networks
— IEEE Trans. on Neural Networks
— Neural Computation
— Neural Networks

Other related journal or conferences

— Journal of Machine Learning Research

— Machine Learning

— Neural Information Processing Systems (NIPS)
PRI 2 2]

— Geoffrey Hinton, Ruslan Salakhutdinov

— Yann LeCun, Yoshua Bengio
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— The objective of the neural network is to find the suitable
connection weights so as to transform the inputs into

meaningful outputs

MANE  REE R



Applications

* Applications
— Approximating function
— Making prediction
— Classification

— Clustering
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input  weights g(v) — 1
- 1+e™

Informal problem definition: A A

Given a data set {(x, ¢;) | i=1,2,...,n}, where | f

y; denotes the prediction value (class label) > >

for the i-th sample, the task is to find the 1 1

best weight W to make the output of the NN A

for each sample fit c; . >
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Typical setting for classification:
m outputs | Training data: {(x, ¢.) | i=1,2,...,n}
Vs Goal: Find the best weights W, , (g+1) O

make the output of SLP approximate the
y true label of each sample
2

— d: dimensionality of each sample

— m: the number of classes

— True label of x; is equivalently written as
label vector:

ti — [O, ceey O, tk,i’ O, cey O]TERm
where t;=1, If k = c;; 0, otherwise

n

.1 U
W =arg mV\I/n —ZZ[yk (Xi)_tk,i]z «— Qur task
2\
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— If the activation function is a linear function

d
Ve () =V, =) W X +W, o =WiX, k=12,..,m
=1

v

Y=XW" (T~XWT")

- - 1 L i 2 - 1 T 2
min E= min EZZ[yk(Xi)_tk,i] = min E” XW' =T

i=1 k=1 @

B 0 WT = (XTX)IXTY
oW
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— If the activation function is a sigmoid function
* W,,.(¢+1) CaN be updated by gradient descent method

ZZ[yk(X) b

=1 k=1

w,(t+1)=w,(t)—n —

k

>

aaW—Ek 4 g[ (X) tkl] yk(X)[l yk(x)]x yk(x) g(v)— _|_e1WE>~<

Chapter 4, M. Cheriet, N. Kharma, C.-L. Liu, C.Y. Suen, Character Recognition Systems: A Guide
for Students and Practitioners, John Wiley & Sons
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E = iz[yk (x.) _tk,i]2 Sequential updating
k=1

- /
/Wk(Hl) = w, (1) -7, svfi AR
%i/l\ﬁézii k /
O,

OWk — kZi;[YK(Xi)_tk,i]‘ YK(Xi)‘[l_ yk(xi)]°)~(i

Lemma: The stochastic approximation converges to a local minimum of E with
probability 1 under the following conditions:

lim,,,n(t)=0, >, n(t)° <o
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* Any other loss function except square error?

— Any physically meaningful loss function as long as it is
smooth and continuous

— Cross entropy loss function

H(p,a) =-> p(x)log(a(x))
U

E, = > (L, 1ogLy, (x)1+ A -t,) log[L -y, (x)])’

I=1 k=1
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* SLP has an analytic solution, if the activation
function is linear

e Batch model

— Update the weight only once in a cycle of feeding all the
samples  (— {4 T AUE)
— Disadvantages: slow convergence
 Sequential model

— Update the weight when a sample arrives (iZFf: A 5 5 AUE)

— Stochastic approximation, but fast and guaranteed to
converge
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Typical setting for classification: Our goal:
Training data: {(x;, ¢;) | I=1,2,...,n}
Goal: Find the best weights to make the output of ZZ[yk (x.)-t, I]
MLP approximate the true label of each sample i=1 k=1
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Problem formulation:

B = i H R AL
Yi (X) = g(uL,k(X)) = Q(ZLL Wll<_th j +W||<_o)’

= g(ZIj_;WII;jg( 1 WL 1h|_ i TW ol)"'Wli_,o)’
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(yk (Xi) _tk,i )2

n m
k=1

Yi (X) =0 (uk (X)) =0 (le_lwkjhj +Wk0)

=0 lezlwkjg (Z?_1Wjixi +Wj0)+wk0) Vi (X) = lezlwkjhj T Weo

=0 ijlwkjg(uj (X)) +Wko) uj (X) - Z?:leixi + Wi
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- Stochastic gradient descent optimization R
15 OF,
E =— X)-t.) — w{+)=w,({)-n—,1=12,...m
! 2;(“ )t ow,

oE, - (%)
ﬁl - Zk:1( yk (Xi) _tk,i ) ay5WI

- Zrzl(yk (x.) —t ) ayé(VE,Xi)

N (%)

Zkl(yk(x) tk|) yk(X) ]_ yk(X)) .
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V0 =27 [ Wigh; + W,
h; (X) = g(u; (x))

I
U; (X) - Zizleixi + Wi,

oV, (X _
ar/\f ):hj’le"“’m' —(RE—MmbE)
Kj
ov, (X) 0 _ -
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Updating the weights:

AW, (t) = —7.8,(0h;, k=12,..,m; j=12,...1

Ay (0 ==, D8, 0wghy (x) (1-h; () -
:_77t5j (X)X,
j=12,..1,i=012,..,d 5, (%)




AW, (8) = =72.8,00h, k=1,2,...m; j=12,..,]

AW () = =77, S (X)wigh; (x) (1=, (X)) -
@ =—1,0,; (X)X, j=12,..,1,1=0,12,...,d

BUE FE# s = A

Back Propagation (W £4E15 B, & [M4% #%)
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For function application
— Training the weights with one single output unit
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* An example
— Target: Recognize 10 digits

— Input data, MNIST (each sample of 28x28=784d)

« 60K training samples
* 10k test samples

300 hidden @ A

Y. LeCun, L. Bottou, Y. Bengio and P. Haffner:

Gradient-Based Learning Applied to Document Recognition,

Proceedings of the IEEE, 86(11):2278-2324, 1998
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Stepl: Initialization --Randomly sort
the training set

--Randomly initialize the weights w;;
and wy;

Step2: Do - input each training sample
sequentially to the input nodes
-Update the weights

Until converged

Test for a new sample z:
c(z) =arg mkin Y, (2)
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* Some practical Issues

— Preprocessing iIs important

* Normalize each dimension of data to [-1, 1]

* Normalize each dimension of data by: x=(x-m) /o
— Adapting the learning rate

=1t



MLP: Discussion

* Good expression ability

— A three-layer network can map any continuous
function exactly from d input variables to an
output variable *

— A benchmark classifier in many pattern
recognition tasks (& H 1L TT %)

— Simple to implement

*. C. Bishop. Neural Networks for Pattern Recognition. Oxford University Press, 1995.



MLP: Discussion sl

= training point
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— Slow convergence
: OE.
« Using momentums: Aw, (t +1) = yw; (t) -7, MI

» I

* Using Newton’s method (second order method)

— Over-fitting
* Regularization on the smoothness of weight W
 Fewer but sufficient number of hidden nodes

— Local minimum

* Try different initial points for NN
* Perturbation



RBF Network

* A three-layer NN with each node performing a localized non-
linear function (usually RBF/Gaussian) in the hidden layer

hidden layer m outputs

Heel p —lx-m,?) . .
Y, U(x)=exp - =11
Vq 20

Vi (X) = lewkjuj (X) + Wy = ZI:ijuj (X)

"V B B 1
UI a R ym yk (X) =0 (Vk (X)) — 1+ e_vk ()
OE.
Still optimize W by > W (t+1) = w,; (t) —7(t) —
gradient descent when Ki
a;and m; are known ok '

8Wi. N (yk (X;) =t ) Yk (Xi)(l_ Yk (Xi))uj (X)) =9 (Xi)uj ()

J



RBF Network

 When

Oj and m; are known

— Update them by gradient descent

m,(+3) =m; (0 -7() =

ou () U)o
om, 27, | J
OE. & ou; (X;)
—= > W.0, (X
amj ; Kj k( |) mj

OE,

o, (t+1)=0;(t)- n(t)—-

_:Zm: kj k( )

auj(xi)_ u. (X
or.

] J
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ou. (x)

(Tj



RBF Network

* Very good model for pattern classification or function

approximation

— Like MLP, RBF can form an arbitrarily close
approximation to any continuous nonlinear mapping

— Usually converges faster than MLP

— Can perform better than MLP in some cases

D. Hush and B. Horne, Progress in Supervised Neural Networks, IEEE Signal Processing
Magazine, 8-39, 1993



RBF Network

« Another viewpoint
— RBF is learning the best basis and the best weight
coefficients

— Assume the number of hidden node is equal to the sample
size and m; equal each training sample Xx; , then it is very
similar to parzen window

— If the weight W is further regularized by ||[W||? = Least
Square Support Vector Machine (with RBF kernel)

Neural networks are something related to SVM but
without a regularization term, making it easily over-fitting
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Deep Learning Since 2006

materials are identical for all configurations. The
blue bars in Fig. 1 summarize the measured SHG
signals. For excitation ofthe LC resonance in Fig.
1A (horizontal incident polarization), we find
an SHG signal that is 500 times above the noise
level. As expected for SHG, this signal closely
scales with the square of the incident power
(Fig. 2A). The polarization of the SHG emission
is nearly vertical (Fig. 2B). The small angle with
respect to the vertical is due to deviations from
perfect mirror symmetry of the SRRs (see
electron micrographs in Fig. 1). Small detuning
of the LC resonance toward smaller wavelength
(Le., to 1.3-um wavelength) reduces the SHG
signal strength from 100% to 20%. For ex-
citation of the Mie resonance with vertical
incident polarization in Fig. 1D, we find a small
signal just above the noise level. For excitation
of the Mie resonance with horizontal incident
polarization in Fig. 1C, a small but significant
SHG emission is found, which is again po-

28 JULY 2006 VOL 313 SCIENCE

Reducing the Dimensionality of
Data with Neural Networks

G. E. Hinton™ and R. R. Salakhutdinov

High-dimensional data can be converted to low-dimensional codes by training a multilayer neural
network with a small central layer to reconstruct high-dimensional input vectors. Gradient descent
can be used for fine-tuning the weights in such “autoencoder” networks, but this works well only if
the initial weights are close to a good solution. We describe an effective way of initializing the
weights that allows deep autoencoder networks to learn low-dimensional codes that work much
better than principal components analysis as a tool to reduce the dimensionality of data.

imensionality reduction facilitates the
classification, visualization, communi-
cation, and storage of high-dimensional
data. A simple and widely used method is
principal components analysis (PCA), which

finds the directions of greatest variance in the
data set and represents each data point by its
coordinates along each of these directions. We
describe a nonlinear generalization of PCA that
uses an adaptive, multilayer “encoder” network

www.sciencemag.org

Neural networks are coming back!
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e Academicals

— —Machine Learning @ UofT

» Geoffrey E. Hinton, Rich Zemel, Ruslan Salakhutdinov, Brendan Frey,
Radford Neal

— Université de Montréal: LISA Lab

* Yoshua Bengio, Pascal Vincent, Aaron Courville, Roland Memisevic
— New York University: Yann Lecun’s andRob Fergus’

group
— Stanford University: Andrew Ng’s group

— UBC —Nando de Freitas’s group

— UC Berkeley —Bruno Olshausen’s group

— University of Washington —Pedro Domingos’ group
— University of Michigan —Honglak Lee’s group
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e Industrial

— Google: Jeff Dean, Samy Bengio, Jason Weston,
etc.

— MSR: Li Denget al.

— Facebook: Yann Lecunet al.

— IBM Research —Brian Kingsburyet al.
— Baidu: Kai Yu et al.

— Huawel: Xiaogang Wang et al.

— Alibaba:

— Tencent:
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\._higher-level concepts.” (Oct. 2013.) K

o o = =

TR ST IR

\)—r AA)

« REF ]
“Deep learning is a set of algorithms in machine learning that attempt
to learn in multiple levels, corresponding to different levels of
abstraction. It typically uses artificial neural networks. The levels in
these learned statistical models correspond to distinct levels of
concepts, where higher-level concepts are defined from lower-level
ones, and the same lower-level concepts can help to define many

e o o o Em Em e o Em Em Em o
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____________________________________________________________

“Deep learning is a set of algorithms in machine learning that attempt .
to model high-level abstractions in data by using model architectures |
composed of multiple non-linear transformations.” (Aug. 2014) :

_____________________________________________________________
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Why Deep Architecture in the Brain
Area V4 ,l PR ? Séiltw;r;:lt?;:; visual
[ texton/part
L & Primitive shape detectors ‘
Area V1 Edge detectors edge
1’\. -
pixels .
l<] pixel
Low-level Feature Feature Inference:
OW-IeVel =>preprocessin : : rediction
sensing vPrep 9= extraction ™ selection = P L
recognition

Yoshua Bengio:

Learning Deep architectures for Al, Foundations and Trends in Machine Learning, 2009
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— Hopfield network
— Boltzman machine
— Restricted Boltzman machine
— CNN
— DBN
— DBM



Belief Network

A belief net is a directed hidden
acyclic graph composed of cause
stochastic variables.

We get to observe some of the
variables and we would like to
solve two problems:

The inference problem: Infer

the states of the unobserved visible
variables. effect
The learning problem: Adjust

the Interactions between R 2% 2 Y 4 K AN B

variables to make the network

more likely to generate the -

observed data. Hard to training:
T BAG T G 30 o0 A (2G50 F1ELAR)
- AE T AL PR 15 R )



Hopfield network
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RBM

o 414

— In an RBM, the hidden units are conditionally
Independent given the visible states

N\ ///l\\///‘

Y

hidden notes

Y

AT AN

visible notes




RBM

¢ é%ﬁ‘@ (Bipartite Structure) o - _
Stochastic binary visible variables v

hidden notes {0,1}9are connected to stochastic

binary hidden variables he{0,1}™.
/ l""’/Q
A

W s %
77\

W/

The energy of the joint configuration:
E(v,h;0) =-> w,v;h,—=> bv,-> ah,
ij [ J

0={w,a,b}—model parameters

Probability of the joint configuration is
visible notes given by the Boltzman distribution:

1 : — L Wi Vih; by ajh;
pe(V1h)=meXp(—E(V,h,9»— 2(9)1;[@ He He

2(0) = Zv’h exp(—E (v, h;9))



RBM

e The goal
log(p,(v)) = log {H exp(bivi)H (1+ exp(a; + Zwijvi n— log z(6)

N
25 ENDFEAS: max ) log p(v,) ‘
A ENAHE 2 {1

Y

hidden notes
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e
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® visible notes
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RBM
o NZR(ML)

— v AWNAR g, h AR E, HEEERECN: E(v, h;0)
- B p(v,h), pv), p(h), p(vih), p(hiv):

exp _E(v,h)
p(v.h) = Ze xp £

Zexp—E(v,h) Zexp—E(v,h)

p(v) = Z exp £ p(h) = Zexp‘E(V h)

exp —E(v,h) exp —E(v,h)

Zexp—E(v,h) p(h | V) Zexp—E(v h)

\Y

p(v[h)=
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RBM 2(6)

« ML
log p(v) =log > exp """ —log > exp ="
h v',h'

3 (exp—E(v,h) —oE(v,h) j Z (exp‘E(V"h') _aEé\(; ,n’) j

dlog p(v) _ 4 04
06 Zexp‘E(V’“) Z exp M)
h

—GE(v,h)) o —OE(V',h)
Zh:(P(hIV) % jZ(p(V,h) o J

v',h'

_0E(v,h) _OE(V',h)
Ep(h|V) ae - Ep(V',h') 86

positive negative
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Contrastive Divergence



RBM
HAKZ W, a, b

- RBM HIRE =AY Y: E(v,h)2 —v"Wh-b"v-a'h
—*%%ﬁ/fﬁ: 1 .1

viWh .b"v.a'h
(vh)_—e e” ‘e

(a +Z:iwijvi)hj
o) =TTpty 19 =TT

i 1+e”
(b +Y i-h-)vi
p(vIm =TT ptv 1M = H D

OE(v,h) _ vh OE(v,h) _ . CE(v.h) _
OW.. . @bi aaj |
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G. Hinton. A Practical Guide to Training Restricted Boltzmann Machines, Tech Report, No.
UTML TR 2010-003, Department of Computer Science, University of Toronto, Canada
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CNN (Convolutional Neural Networks)
ZE 1 -
C2: 4 feature maps
S2: 6 feature maps

C1: 4 feature maps
S1: 4 feature maps

Input layer l

convolution layer (CL)

sub-sampling Layer (SL)



CNN

Sub-sampling (pooling)

o YIIZx

L: 402, K 5558 j Efilter, b % R E, h: B R
(L=0 A E RN ER)



P~ #R1E:  Convolution and Pooling
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« Two operations: Convolution, Pooling

« Application: Representation for almost all tasks

\
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256 Max
Max Max pooling
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(classification, segmentation, even real-time recognition

or tracking on cell-phone)
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e Autoencoder

— G. Hinton and R. Salakhutdinov. Reducing the
Dimensionality of Data with Neural Networks. Science,
2006
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