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Where we are

Supervised
Learning

= | CR (week2)
= SVM (week5)
= CNN (week8)
= RNN (week10)

= GMM (week3)
= HMM (week4)
= PCA (weekb)

= VAE (week12)
= GAN (week12)

= DQON (week14)

= PG (week14) Reinforcement

Learning

Unsupervised
Learning



You are going to learn

d Terminology for neural networks

d Its basic operation with a multi-layer perceptron model (MLP)
(J How to train a neural network

- Backpropagation

- An example of backpropagation



A bio-inspired approach

synapse




Terminology in neural networks

1) (2)
Wi,j Wi,j
Wi(,gj) : weight on a link at layer (/) between node i and j
X Zy Y1
J Two types of layers:
- Nodes: Input/Hidden/Output layer
- Links: Hidden/Output layer
Xp @ Y 1 In general, a standard L-layer neural
network consists of
Input Hidden Output i
layer Layers Layer - aninput layer,

- (L-1) hidden layers,

- an output layer.



Role of hidden layers

Y1 =W, X, + WX + W,

@ O
(0,1) (1,1)
O(0,0) .(1,0)
0 X

XOR problem



Role of hidden layers: a simple example

NAND gate

Z, = W,X, + W, X, +W,



Role of hidden layers: a simple example

Z, = WX, +W, X, + W,

O NAND gate




Role of hidden layers: a simple example

Ly, =W X, + W, X; +W; 0 X



Example structures of neural networks
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A neural network model
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A neural network model: bias and weight

WI.(}; weight
bias @
: \:‘\m O Fully connected vs Partially connected
@\ \\ %:}‘@ O Bias and weight initialization
\\\\ o | - Xarvier (2010) / He (2015)
\>< \‘\
i
L N\

M 1) 1)
Wl,l Xl + W2,1 X2 + WO,l XO

bias
Xo =1
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A neural network model: activation function
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M 1) 1)
Wl,l Xl + W2,1 X2 + WO,l XO
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g

|dentity

flz) ==

Binary step

' (@) = {ﬂ forz < 0

1 forz=>0

Logistic (a.k.a.

sgmogorsat | fla)=o(@) =" | f@={@)0- i)
step)
Tani flo) = tone) = = | fe) =1~ fGa)

Rectified linear
unit (ReL Uy

_JO forz<0
ﬂm}_{m forz >0

iy J0O forz<0
'f(m)_{l forz >0

Leaky rectified
linear unit

(Leaky
RelLUy™

f
Hife
sl

f(z) = 0.0z forz <0
€T forx >0

forz <0
forxz >0

o= {20

O Vanishing gradient problem

D Convergence SpeEd (6 timeS fater) [http://www.cs.toronto.edu/~fritz/absps/imagenet.pdf]

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



A neural network model: cross entropy with softmax

M 1) 1)
Wl,l Xl + W2,1 X2 + WO,l XO

2) (2) (2)
Wl,l Zl + W2,1 Z2 + WO,l ZO
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Sigmoid Normalization Softmax
-5 frog 0.00669 0.00334 0.00004
-1 bird 0.26894 0.13447 0.00243
1 dog 0.73106 0.36553 0.01794
5 cat 0.99331 0.49666 0.97959
t
Label

0

H(y)=-) t;log(y;) =0.020621
0 i
1




Operation



Overview of the operation

forwarding

Input data (X) output data (Y) Label (t)
\ J
Y
Error (E)

backwarding
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Backpropagation: a toy example

W -2
9 0 of of o
i S f oW o0g ow
-7 f=3
O o
X S 9 1
b Error=10 ob
f — g+ b 1 Assuming that the value of f should be “3”.
O How to update variables which you are interested?
g = WX of _ o
Wiy, =W +77 - Bpew =g +77
W, =—-2+0.1x5=-1.5 b., =3+0.1x1=3.1
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Backpropagation: a toy example

W 1.5
9 s of of o
i S f oW o0g ow
-4.4 f=3
® o
3.1 —=1
b : Error=7.4 ob
f — g+ b 1 Assuming that the value of f should be “3”.
O How to update variables which you are interested?
g = WX of _ o
Wiy, =W +77 - Bpew =g +77
W, =—-2+0.1x5=-1.5 b., =3+0.1x1=3.1
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Backpropagation in a neuron

e
(x) ) -
\ _______ i 3 E( CT)
‘\ //// \\\:\:\: \\\ w
\\‘\\:\\l\ . // \\\\\ . Za 3 P
Linear summation Activation Error
function function function
a=W,Z, +W.Z, +W,Z l
OE(o(a oE(oc(a)) Oo oOa B e e 1
(0(a)) _ %E(o(a) oo () —

—a

oW oo oa OW l+e

E(e@) =5 ( ~o(@)
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Backpropagation in a neuron

inear summation : Activation i Erro‘r
: function t | fUtnCt:OH function
E — 1 E _ 1 2
=Wz, +W,Z, + W,Z, o(@)=17 = (o(@) =52t ~o(@)
oal ow, = 9
h =24, ey — O—(a)(]__ O'(a)) w — _(ti — O—(a))
' oa oo
oalow, =z,
oalow, =z,

oE (W) _ oE(o(a)) y oo y oa

aW]_ 50‘ aa 8W1 Linear summation Activation Error
function function function
CE(W) _0E(o(a)) do  oa A
oW, oc  da ow, N
JE(W) OE(c(a)) oo oa - .
= X X A
OW, oo oa oW, - &=

20



Backpropagation in the next layer

aE (W) . aE (W) v az1(0uput) v az1(input)

o @)
an,l az1(ouput) aZ1(input) an,l
1 2 Kk
oE(w) OoE(w), OJE(w), oE(w),,
= + e p—
az1(ouput) az1(ouput) az1(0uput) az1(0uput)
Linear summation Activation
ok (W) uo_ aE(W) W, ayl(output) y ayl(input) function function
821(ouput) ayl(output) ayl(input) azl(ouput) X W,
. . (2) f T 2=
Previously obtained W1
I H B
W,
—_ w2 (2) (2) s 3
Yy =Wi3'Z +Wo Z, +Woy Zg| o
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Backpropagation example



Backpropagation algorithm - Forwarding

Input Label
values values

12 @ . C— — ‘@ 10
2.1 -
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Backpropagation algorithm - Forwarding

q = Wl(ll) X+ Wﬁxz T Wc(a

a, =0.15x0.12+0.2x0.3+0.1
a, =0.178

a, = Wl(lg X+ Wél)z X+ Wc()l)z
a,=0.2x0.12+0.3x0.3+0.2
a, =0.314
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Backpropagation algorithm - Forwarding

a, =0.178 o(8,) = 0.544
a, =0.314 o(a,) =0.578

1+e
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Backpropagation algorithm - Forwarding

vyéf? 10
W\mﬁ“@f&ﬂ

0,2

1 ~
Py WP 1s
12 L @
W1,2 20—

o _,a-f""":: <__ .
@Wﬁﬂza
302w 30
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2 2 2
Q = W1(,1) Z, + Wé,l)zz + W((),l)
a, =0.40x0.578+0.5x0.544 +0.2
a, =0.703
2 2 2
a, = W1(,2) Z, + Wé,z)zz + Wc(),z2

a, =0.45x0.578+0.55x0.544+0.1

a, = 0.659



Backpropagation algorithm - Forwarding

o(a,) = 0.669
o(a,) = 0.659
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Backpropagation algorithm - Forwarding

E(w) = %((0.1—0.669)2 +(0.9-0.659)?)=0.191
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Backpropagation algorithm - Backwarding

6y1(input) v 8y1(ouput) v aE(W) . aE(W)

(2) (2)
an,l ayl(input) ayl(ouput) 11
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Backpropagation algorithm - Backwarding

w(”) 10 (2) 20 Ya(input) @ Y1(ouput)
xg”}zojﬁna_h% 323‘10 —/
Wiy .15 S~ —~— ) -
W1,2 20— -

—— . 0578 ° T 0.669

R @cn — T~
@\{\_/2&,_23 "‘“-~3-@W1l=59"" @
30 2w 30 2@ 55 20

0.544 0.659

8y1(|nput) 8y1(ouput) v aE (W) . aE (W)
2 B 2
an( 1) ayl(input) 8yl(ouput) an(,l)
0.569

1
E (W) = —((0.1— YVicoout)? + (0.9 = Yarouont) )
oE(w)
ayl(output)

~(0.1= Yy oupuy) = —(0.1-0.669) = 0.569
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Backpropagation algorithm - Backwarding
W(”) 10 .yv(z) .20 yl(input) @ yl(ouput)
@ \5”}9_\0 @ 72719 A/
w15 T~ . h T
W(l)_ﬂzﬁ_,f---*” ) .
0 (ol

1 8y1(input) 5 ayl(ouput) aE (W) aE (W)
— 2 2
yl(OU|OUIt) o 1+ e—yl(input) an(,l) ayl(input) ayl(ouput) an( 1)
0.221 0.569
a3/1( tput) _
e (yl(mput) )(1 O-(yl(lnput) ))
ayl(lnput)

yl(output) (1 yl(output))

=0.669x(1—0.669)=0.221
31



Backpropagation algorithm - Backwarding
(g i 20
%ﬂl

Wo,2 “2~th

WP 1s
12 \ XN )
W]_, 2.2 Ox"'“*-—-h___%
@\{Véﬂﬂza’"”
302w 30

ayl(lnput) 8y1(ouput) v aE (W) . aE (W)
a(input) = Wig 2y +Wp 1 2, +Woy 11 8y1(input) N1(ouput) 11

0.578 0.221  0.569

ayl(input)

(2)
8W1’1

=2,=0.578
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Backpropagation algorithm - Backwarding
wib .10 w? .20 yl(inp t) i\/ yl(ouput)
W\g,ﬂﬁioj:“‘“m.m W%%“lﬁxx u /

2

1 H"“n‘_&\k -\-_hq_'“"h—_____\_q_x-\-

. WP 1s ~__

12 1 \-Iu\lﬁmm”' B ~. _—
12.20 T <

@ _rf-""'#!: ---H"'““'n.-_h . ) (2) ____’____.F——--""':-:- __-:_-___-___"'"--—H:EH"HH
30 2w 30 2@ 55 20

0.544 0.659

oE(w) 8y1(input) y 8y1(ouput) " oE(w) _ OE(w)

2 o 2
an(i) awl(,l) ayl(input) ayl(ouput) an(,l)
0.578 0.221 0.569

(2) % __ \p/(2)
Wi * = Wi, +7

=0.4+0.5x0.0727
=0.436

2)
(2) (2 (2 oW,
Same procedures are applied for W1,2 y W2,1 ) W2,2 t
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Backpropagation algorithm - Backwarding

az1(input) v az1(ouput) v aE(W) . ok (W)

1) - 1)
an,l az1(input) az1(ouput) an,l
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Backpropagation algorithm - Backwarding

az1(input) v az1(ouput) N aE(W) . ok (W)

1) - 1)
an,l az1(input) az1(ouput) an,l

OE(w) OE(W), s oE(w),
0z 0z 0z

1(ouput) 1(ouput) 1(ouput)
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Backpropagation algorithm - Backwarding

(2) (2) (2)
Yo(inputy = Wio £y W5 52, + W 5

ayZ(input)

=w%) =0.45
az1(output)
Previously calculated
aZ:]_(mput) v aZ:L(ouput) N. aE(W) . aE (W) --r?\-“-c:l-jf-y-f?-c-:l:-a--e- -------------- ‘
oy _ - oy ok (W) 8E (W) ayl(output) ayl(lnput) :
OW. 0z 0z OW. :
11 1(input) 1(ouput) 11 7 ﬁy ay 82
1(ouput) 1(output) 1(input) , 1(ouput)
0.0259 ---------------------------------
0.0503 0.569 0.221 0.4
OE(w) OE(w), JE(W)
. 1 y2 --------------------------------
az _ az + az 8E (W) 5E (W) ayZ(output) 8y2(|nput)
1 t 1 t 1 t
R {ouptt (oupt) az1(ouput) . 2(output) ay2(|nput) az2(ouput)

00248 0241 0225 0.45
=0.0503-0.0244 = 0.0259
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Backpropagation algorithm - Backwarding

0.544 0.659

az1(input) N aZ1(ouput) v aE(W) . ok (W)

1) - 1) 1
an,l aZ1(input) az1(ouput) an,l Z

1(OUpUt) - _Zl(input)
0.2439 0.0259 1 +€
0Z,
(output)
(9 — O-(Zl(input) )(1_ G(Zl(input) ))
Z1(input)

— Z1(output) (1_ Z1(output))
=0.578x(1-0.578)=0.2439
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Backpropagation algorithm - Backwarding

0.544 0.659

az1(input) v az1(ouput) v aE(W) . ok (W)
@ B (1)
an,l az1(input) az1(ouput) an,l

0.12 0.2439 0.0259

_ @D (1) (1)
Z1(input) R Wl,l Xl + W2,1X2 + WO,l

0z, .
= x, =0.12
oW {
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Backpropagation algorithm - Backwarding

0.544 0.659

az1(input) v az1(ouput) v aE(W) . ok (W)

an(ll) az1(input) az1(ouput) an(ll) W]Fll)* = W]F,ll) + 77 aaEV\(IZ-\)I)
0.12 0.2439 0.0259 11
=0.15+0.5x0.00075
OE(w) = 0.1504
8W1(11) — 0.00075

1 1 1
Same procedures are applied for W1(2) y Wé :)L’ Wé )2
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Backpropagation algorithm - Backwarding

W(1) Z1(input) o Z1(ouput) yl(input) o yl(ouput)
1'1 // Praaticn N \\ // LT \\
L ) S o E(w)
M 0 0 | 7 ) (2) (2) - |
Zl(input) =W X + W51 X, +Wo g - 1 Yiginputy = Wi 2y +Wo 12, +Wo o 1
Z1(ouput) = yl(OUIOUI) -

1+ e_zl(input) 1+ e‘Yl(input)

az1(input) v az1(ouput) % ayl(output) v 6E (W) . 6E (W)
1) N 1)
an,l az1(input) ayl(input) ayl(output) an,l
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Vanishing gradient problem

,//. .\\\ ,//.. — .S\\\ ,//.. —— ..S\\\ ,//‘. )
y A\ S - S/ AN ~— - J/ N\ ~— ’ / A\
\\\ ~ - ”’/ \\‘ - ."‘/ \\‘ - - ",/ \\ - -

“\ /"‘ N \\\ ’/'/ . \\\ /”’ A "‘\\ ,/’4. A .\\\\
/» . . f_,.- -‘\. ~\.. £ - . ) . - . _‘.
— ( M ) — \ _/ ) — ( M ) — Z / ) |
/ Ay 7 7 . — i - / .'\\ - 4 / ; — / /
I ~ g \\“\.. - "1/ \\‘ - - ”’/ \\\\.. - ”’/ \\\‘. - ",/

—)

OE(w) _ OE(W) do(a) . Paginputy
oWy oz oa oW,

1(ouput)

Whew = Woig T77

new

N Gradient
aW(l) =~ vanishing
11

* Odo(a) _ 0
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