Mang neuron

va wrng dung trong xw ly tin hieu

Wieg 1Y
— |

% Giang vién
Tran Thi Thanh Hai

International Research Institute MICA

Multimedia, Information, Communication & Applications

UMI 2954

Hanoi University of Science and Technology
1 Dai Co Viet - Hanoi - Vietnam



Bai 7:

Phwong phap huan luyén
MLP

(Multi Layer Perceptron)




Gi&i thiéu

= Trong bai trwdc, ching ta da biét cach huan
luyén mang neuron perceptron 1 1&p (1 dau vao
va mot dau ra)

= DOi v&i perceptron, viéc tinh toan dao ham 1a kha
thi vi chi c6 mét I&p

= Trong céc bai toan thwec t& ddi hdi mang neuron
cd cau truc phire tap hon, nhiéu I&p hon

= Khi d6 viéc tinh toan dao ham cua ham muc tiéu
la rat phure tap




Muc tiéu cua bai hoc

= Gidi thiéu mot gidi phap dé tinh toan dao ham
cua ham muc tiéu véi mang da Iop st dung ky
thuat lan truyén nguoc (Backpropagation)

= Thwe hanh thong qua mot vi du




Cac han ché ctiia mang Perceptron 1 1&p

= Perceptron: mang 1 I1&p dau vao va mét Iép dau
ra, khong co hidden layer

= Mang perceptron khéng thé phan loai cac di
lieu c6 phan tach phi tuyén (XOR function)

NOT problem AND problem OR problem XOR problem
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Khac phuc han ché cua Perceptron 1 1&p

= Thwe té c6 nhiéu mang da I&p co6 thé giai
quyeét bai toan XOR

« Mot 1&i giai:
¢ Thiét ké 2 neuron dé tao ra hai bao déng

o Thém mot neuron sau do dé két hop hai bao
dong lai thanh mét (toan tir AND)




Giai phap cho toan tir XOR

Inputs Individual Decisions AND Operation

N7 A 4 A
n: az,
{0
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phap cho toan tir XOR

XOR problem (2 layers)

Input layer

Hidden layer

Qutput layer

WO — ‘g g] b(l):[

W@ — }] b = [1]
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al) = f (w(l)Tx + b(l))

X = |:m1:| ;a(l) e

Tz

0@ — f(W(2)Ta(1) 4 b(z))

f(.) = sgn(.) {element-wise)
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Xap xi ham (function approximation)

= Ngoal wng dung trong phan Iop, cac mang
neuron da |&p cing duoc §GJ dqu dé tao ra cac
ham xap xi trong cac hé théng diéu khién

Input Log-Sigmoid Layer Linear Layer
N7 A 4 A
| n, a',
b n? az
p + | > A —>
n'y at, l b2
Wiy, Z —P_L W22 1
Iz
 \_ y, N Y,
a! = logsig(W!p+b!) a? = purelin(W2a'+h2)




Xap xi ham (approximate function)

T
Input Log-Sigmoid Layer Linear Layer
N\ B 4 A
n! !
wll.l Z 1 |‘£ 1
Fa 2
vl g g
J
a! = logsig(W!p+b!) a? = purelin(W2a'+5?)

= Gia thiét cac thong so ciia mang nhw sau

wiy =10, wy, = 10, b, = —10, by = 10,

wil=],wi2= l,b2=0.
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Xap xi ham (approximate function)

Input Log-Sigmoid Layer Linear Layer

N7 A 4 A

v I3 _’|Z

A

p a! = logsig(Wip+b!) a2 = purelin(W2a'+b2)

= Gia thiét cac thong so ciia mang nhw sau

wiy =10, wy, = 10, b, = —10, by = 10,

wil=],wi2= l,b2=0.
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Xap xi ham (approximate function)

=Day la xap xi ham hai bwéc. Néu ta thém cac
trong so thi sé lam thay do6i hinh dang cua dap
rng.
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Mang da tang

= Mang v&i 1 tang an c6 thé biéu dién bat ky ham
Boolean nao

= Khd nang cla mang nhiéu tang da dwoc kham
pha t lau, tuy nhién chi dén nhirng nadm 80
ngwdi ta maéi biét cach dé huan luyén cac mang
nay

= Mang nhiéu tang, méi tang c6 ham kich hoat
tuyén tinh thi van chi cé thé biéu dién cac ham
tuyén tinh

=D& biéu dién cac ham phi tuyén thi cac ham
kich hoat phai Ia ham phi tuyén
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Multilayer Network

Input First Layer Second Layer Third Layer
N N7 N A\

P al a2 a3

P VN | YN e | YN g

S'xR @_’ £l §2x 8 f2 §3x 52 n f3
S'x1 $2x1 $3x1

% 1P b2 % 1P b3 %

§'x1 g1 2x1 52 3% 1 S3

U U J Y,
al =f1(Wip+b!) az=f2(Waa'+b?) a’ =f3(W3a2+bd)

a>=£3(W3f2(W2f 1 (Wip+b1)+b2) +b?)

am+1 _ fm+l(wm+lam+bm+1) m = 0?2’”' ,M—l
0
a =p
M
a = a
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Huan luyén mang MLP

Training Set
Pt} {P2.to} . ... . {Po.to}
Mean Square Error

F(X)= E[e’] = E[(t-a)]

Vector Case

F(X)= E[e e] = E[(t—a) (t-a)]

Approximate Mean Square Error (Single Sample)

F(x) = (t(k)-a(k)) (t(k)-a(k)) = e’ (k)e(k)

4 Approximate Steepest Descent
Wi (k4 1) = W (k) - 02 k1) = B () - 0L
ow. . ob""

i ] I
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Giai thuat huan luyén mang MLP

= Giai thuat GD dwoc s dung

= Tuy nhién viéc tinh toan Gradient cua ham muc
tiéu trén tat ca cac tang la rat phire tap

= Giai thuat Backpropagation cho mét giai phap

niéu qua va don gian dé tinh toan dao ham cua

ham muc tiéu theo trong s6 va bias & cac tang

Khac nhau

http://neuralnetworksanddeeplearning.com/chap?2.html
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Giai thuat huan luyén mang MLP

= Str dung ky thuat lan truyén ngwoc
= Ky thuat nay dwoc nghién ctru dé xuat nhiéu
lan bé&i cac nha khoa hoc
¢ Bryson an Ho [1969]
¢ Werbos [1974]
o Parker [1985]
¢ Rumelhart et al. [1986]
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Chain Rule

df(n(w)) _ df(n)  dn(w)
dw dn dw
Example
f(n) = cos(n) n=e" F(n(w)) = cos(e™)

df(n(w)) _ df(n)xdn(w) _ (—sin(n))(Zezw) _ (—sin(ezw))(Zezw)
dw dn dw

Application to Gradient Calculation

m

oF _ oF 9 oF _ oF  on;
ow; ; om; Ow; b on]' b

1, J 1 1 1
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Gradient calculation

Sm—l
m m m-1 m
n, = w; +b,
Jj=1
an:ﬂ _ am_l a’n:ﬂ 1
wl' "
Sensitivity
m_ OF
on;
Gradient
aﬁ' _m m-—1 Bf? _
S 5idj “m
Wi ob;

19



Steepest Descent

1

wzzj(k+ 1) = w?j(k)—us?a?_ b, (k+1) = b} (k)—os;

W k+1) = W'k —os™@" ")’ b"(k+1) = b" (k) - as™

Next Step: Compute the Sensitivities (Backpropagation)
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Jacobian Matrix

| 5"
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m+ 1 m+ 1 m+ 1 an;" anj‘l ! on
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Backpropagation (Sensitivities)

A m+ I\ A
M. m ”m T
o _ OF =[8n - ) OF_ _ gy oy 17 _0F
on”' on on on

T m+1

sm _ Fm(nm)(wm+l) S

The sensitivities are computed by starting at the last layer, and
then propagating backwards through the network to the first layer.
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Initialization (last layer)

SM

d >y (t;—a;)
w_ OF _at-a)(t-a) _ E‘l -

2

M
on;

M= (- a) " ()

M = 2Fm™)t-a)

a;
“2(1;—a)—-

on;
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Summary

Forward Propagation

0
a4 =

p

m+1 m+ 1 m+1 m m+1

a =f (W a +b

a =4

)

M

Backpropagation

M

m+1.7T m+1

" = F'mMW"" ) 's

s = —2FM(nM)(t —a)

m=M-1,...,2,1

Weight Update

W k+1) = W'k)-—as (a" l)T

b"(k+1) = b"(k)—as
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Vi du: Xap xi ham

g(p) = 1+sin(Zp)

AN

(‘

1-2-1
Network
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Kién tric cia mang

B
r ~
P
1-2-1 a
*—> —>
Network
\_ y,
Input Log-Sigmoid Layer Linear Layer
r N A 4 A
i ?I'| ﬂ'|
Wi E > L
l b, n2 a2
p ! ) o < Pt e
ny b2
Whi Z —> _£ 1.2 ll
2
! J N J
a! = logsig(W!p+b!) a? = purelin(W2a! +b?2)
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Khéi tao cac théng so6 cia mang

w'(0) = {—0*2‘] ,b'(0) = {—g-‘;‘j,wz(o) = [0.09 =0.17] » *(0) = [0.4g]

p

Figure 11.9 Initial Network Response
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Di¥ liéu huan luyén mang

=Chuan bj tap div ligu huan luyén: lay mau
ham vei 21 diém trong khodng [-2, 2] (cac cham
tron trén hinh vé&), cac diém cach déu 0.2

p

Figure 11.9 Initial Network Response
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Huan luyén mang

= Bat dau v&i diem p = 1 (diem th 16)

Hﬂ=p=1

= Dau ra cua I&p thir nhat:

1 Lxg,l 0 1 . | 1-0.27 —0.48 . | [-0.75
a=f(Wa+b)=1051[ + J=1031[ J
B8 [—0.41} I:l:l [—0.13‘] B8 —0.54
_ 1 i,

L+e ™| _ 0321]
1 0.368
1+Eﬂ.54




Huan luyén mang

= Bat dau v&i diem p = 1 (diem th 16)

Hﬂ=p=1

= Dau ra cua I&p th hai:

a’ = f"l(sz’c1 + bz) = purelin ([0_09 _0_17] {ggzj + [0.48]) = [0.446]

= Gia tri cia ham 10i

e =t—-a = {1+5in(§p)}—a2 = {1+51n(§1)}—0.446 = 1.261
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Huan luyén mang

= Tinh dao ham cua cac ham truyén dat
¢ L&p thir nhat:
Aoy = 41 )_ o =(1_1 1 )( 1 ) (1 —a'y(ah

dn\{ ;. ,™" —(1+£_”)2 +e  l+e

¢ LOp thwr 2: oy = dimy = 1
dn
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Lan truyén ngwoc

s> = 2F (n%)(t—a) = -2 [;2(,3)](1.261) = 2[1](1.261) = 2522

= Lan truyén ngwoc vé I&p thir nhat:

] 1 1
s' = Fl(nl)(Wz)Tsz - (I—ay)(a,) 0 [0‘09} [—2.522]
0 (1-ay)(ay)| 017

_ |(1-0.321)(0.321) 0 0.09
{ 0 (1- 0.368)(0.368)} {—0.1?] [_2‘522]

_ 0218 0 |[-0.227| _ |-0.0495|
0 0.233]] 0429 0.0997
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Cap nhat trong so

Wi(1) = W(0)-as’(a) = [0.00 -0.17] -0.1[-2.52] [0321 0.368]
= [0.171 ~0.0772] -

b*(1) = b*(0)—as” = [048] -0.1[-2.522] = [0.732]

Wi(1) = W'(0) - as'(a®) = {_0.2?]_0_1{—0.0495} ] - [—0.265}
~0.41 0.0997 ~0.420

b'(1) = b'(0)—as' = |-048|_g.1|-0-0495| _ |-0.475|
-0.13 0.0997 ]  |-0.140
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Thao luan veé ky thuat lan truyén ngwoc

= Lwa chon kién tric mang
¢ Mang da 1&p c6 thé sir dung dé xap xi bat ky mot
ham nao néu co du s6 neuron trong moi I&p an

¢ Tuy nhién, bao nhiéu layers va bao nhiéu units la
du dé dat dwoc mot hiéu qua nhat dinh

¢ Vidu: can xap xi ham, v&ii=1,2,4, 8

g(p) = 1+Sin(?p) for 2<p<2

¢ Khi i tdng, ham tré nén phurc tap vi cé nhiéu chu
Ky cua song sin trong khoang [-2, 2]
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Thao luan veé ky thuat lan truyén ngwoc

= Néu sir dung kién tric mang 1-3-1, két qua thu
dwoc sau qua trinh huan luyén mang nhw sau:

= Khi 1=1,2,4: mang
dat dwoc dung
v&i ham ban dau

=Khi | = 8, khdng
xap xi dwoc dung

P A 3 i=4
vOol ham ban dau, -
ham chi xap xi /\/\/

3 .

2 |
| \/\
0 |
!

"2 -1 0 1 2

\;

3
2
]
0
!

=) -1 0 1

o8]

dwoc 1 doan

.L@m
< .
>
<]

3
%]
—
(=]
—_
i+

) -1 0 1

Figure 11.10 Function Approximation Using a 1-3-1 Network
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Thao luan veé ky thuat lan truyén ngwoc

6m

g(p) = 1+5in( p) for -2<p<2
=6 = 1rein(y

1-2-1 1-3-1

= SO neuron & 2 |

lén da cho

phép Xép Xi N 0 1 2 N 5 ] >
tot nhat ham —— ) |
~ 1-4-1 1-5-1
o 2W 2\/\N\
0r 0 ]

Figure 11.11 Effect of Increasing the Number of Hidden Neurons
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Thao luan veé ky thuat lan truyén ngwoc

= DO hoi tu g(p) = 1 +sin(np) for -2<p<?2

¢ Gia stir ta mudn xap xi ham sau v@i kién trac 1-3-1

3

Tai bwdc 1&p thir b cho két

/ qua tot nhat

Figure 11.12 Convergence to a Global Minimum
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Thao luan veé ky thuat lan truyén ngwoc

= Néu khéi tao khong tot, co thé roi vao cuc tri dia
phwong va khéng cho I&i giai mong mudn:

3 T

2

Figure 11.13 Convergence to a Local Minimum
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Thao luan veé ky thuat lan truyén ngwoc

= Tinh khai quat hoéa (generalization)
¢ Thong thwdng mang da 1&p dwoc huan luyén voi
mot s6 mau hiru han
, 2 _X > 1o a (p) = l+sin(Ep)
e Vidu dé xap xiham % 4
o SO mau 1a 11 trong khoang [-2, 2]

+ Mang co kién trac 1-2-1 Mang 1-2-1 ¢6 7

tham sb, Co 11
cap dir lieu

39
Figure 11.14 1-2-1 Network Approximation of g(p)




Thao luan veé ky thuat lan truyén ngwoc

= Tinh khai quat hoéa (generalization)

¢ Thong thwdng mang da 1&p dwoc huan luyén voi

MmOt sO mau hiru han .

o Vidu dé xap xiham 8w =1+ 5'“(:&’)

o SO mau 1a 11 trong khoang [-2, 2]

¢ Mang cé kién tric 1-9-1 Mang 1941 c6
3 | | | nhiéu tham so:
(18 weights va 10
bias
Tuy nhién lai chi
co 11 cap dir liéu
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Figure 11.15 1-9-1 Network Approximation of g(p)




Thao luan veé ky thuat lan truyén ngwoc

= Tinh khai quat hoéa (generalization)

¢ Mang phai cé s6 tham so it hon s diém di liéu
trong bo huan luyén

Don’t use a bigger network when a
smaller network will work
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Cross Entropy error function

E. (w;)= —ZZ[Iarg_f : log(out (inf )) + (1 —targy ) log(l —out;(inf ))]

This is appropriate if we want to interpret the network outputs as probabilities, and has
several advantages over the SSE function. When we compute the partial derivatives for
the gradient descent weight update equations, the sigmoid derivative cancels out leaving

Aw)Y) = nz (r,‘arg; —out,™ ).ourf -
P

which is easier to compute than the SSE equivalent, and no longer has the property of
going to zero when the outputs are totally wrong (so no need for offsets, etc.).
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Bai tap thao luan
= Cho hai Iép sau:

o Hai l&p ¢ phan tach tuyén tinh khéng ?
¢ Thiét k& mang neuron dé phan tach I1&p nay

l I } Class I
m EJ Class 11
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Bai 1

= Quy w&c 6 xanh cé gia trila 1, 6 trang c6 gia

tri la -1
= Khi dé hai I&p div liéu sé c6 cac mau nhw

sau

a

P =

P, =

-

p; =

Py =

~
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Bai 1

= Néu dir ligu phan tach tuyén tinh, sé ton tai
mot sieu phang phan tach, nghia la c6 ma
tran W va b thoa man:

Wp,+b>0, Wp,+b>0, Wp3;+b<0, Wpy+b<0

1
1
-1
—1

[Wl,l Wi2 Wi,3 W1,4:| - I:Wl,l +W1,2—W1,3—W1,4:| >0

[—wlil—w1,2+w1,3+w1,4:| >0,

[wl, 1~ Wit W1,3_W1,4:| <0,

[—W1,1+W1,2—W1,3+W1,4:|<0' 45




Bai 1

= Hai diéu kién dau bi mau thuan

Wi W2 >wW 3+ W)y and W3+ W g>W  + W,

= Hai diéu kién sau ciing bi mau thuan:

Wi W 3> W+ w) oy and Wi+ Wy >W  +w)

= Vi vay bai toan nay khéng phan tach tuyéen
tinh
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Bai 1

= C6 nhiéu mang dé phan tach dir liéu nay
=Day la mot vi du

Inputs AND Operations OR Operation
r N7 A\ 4 A\
P 2 m, - a,
X 2 2
’ -1

P 2 n', at, 2
[
22— 1
Pa 2 -1




Bai tap thao luan

= Cho hai I&p sau:

o Hay thiét k& mang neuron dé phan tach hai l&p
di lidu nay

© 0 4 &6
O o © e® %
00 O O 0O ¢®
0?0 )

o

: ? .
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L&i giai: Tang thir nhat

owhl = [1-1 1-1 1-1 1-1-111
1-1-1 1-1 1-1 1-111}|

1
(b)) = [123 0505 -1.75 2.25 -3.25 3.75 6.25 -5.75 —4.75] -
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L&i giai: Tang tha 2

AP

|, 0 0
ogo *
O
OOO

11110000000 -3

w2= 00001100101 7 _|-3

00001001110 -3

00000011101 -3
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W =T1111],b" =[3].

Input Initial Decisions AND Operations OR Operation
r N N7 N7 A\
p al a2 al
YN | YN e | YN |
11x2 @_’:F 4x11 :F 1x4 :F
_/ 11x1 j 4x1 j 1x1
b! 1= b 1= b3
2 11x1 11 4x1 4 1x1 1

\_/ \ J \ J \ J

a! = hardlims(W:p+b!) a2 = hardlims (W2a'!+b2) a3 = hardlims (W3a2+b?3)
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Thwc hanh matlab

= Goi Nntoolbox trong matlab

= Viet mét CT tao 4 I&p div liéu, sir dung mang
neuron 2 Iop de phan I&p 4 I6p div lieu nay

52



CSDL MINIST

= Dir lieu: MNIST
¢ Trainning set: 60.000 images

¢ Validation set: 10.000 images
¢ Kich thwéc anh: 28x28
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Code matlab MLP for MNIST

= Code: https://github.com/Myasuka/matlab-
mnist-two-layer-perceptron

* 2 layer perceptron

¢ 28x28 inputs

¢ 10 output units (10 different digits)
= Stochastic training
= Sum square error function

= Error back propagation

54


https://github.com/Myasuka/matlab-mnist-two-layer-perceptron

Ham huan luyén

function [hiddenWeights, outputWeights, error] = trainStochasticSquaredErrorTwolayerPercepton(activationFunction,

% trainStochasticSquaredErrorTwolayerPerceptron Creates a two-layer perceptron
% and trains it on the MNIST dataset.

i

% INPUT:

% activationFunction : Activation function used in both layers.
% dActivationFunction : Derivative of the activation

% function used in both layers.

% number0fHiddenUnits : Number of hidden units.

% inputValues : Input values for training (784 x 6028@)
% targetValues : Target values for training (1 x 60008)

% epochs : Number of epochs to train.

% batch5ize : Plot error after batch5ize images.

% learningRate : Learning rate to apply.

A

% OUTPUT:

% hiddenWeights : Weights of the hidden layer.

% outputWeights : Weights of the output layer.

*
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Ham truyén dat va dao ham

function y = logisticSigmoid(x)

% simplelogisticS5igmoid Logistic sigmoid activation function

4

% INPUT:

% ox : Input vector.

4

% OUTPUT:

%y : Output wvector where the logistic sigmoid was applied element by
% element.

4

function y = dlogisticSigmoid(x)

applied element by element.

# dlogistichigmoid Derivative of the logistic sigmoid.

%

% INPUT:

FA : Input vector.

4

% QUTPUT:

%y : Output vector where the derivative of the logistic sigmoid was
%

4
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Ham validation

function [correctlyClassified, classificationErrors] = validateTwolayerPerceptron(activationFunction, hiddenWeights,

%
%
*
%
*
x
4
*
%
*
x
4
%
*

validateTwolayerPerceptron Validate the twolayer perceptron using the

validation set.

INPUT:
activationFunction
hiddenWeights
outputhleights
inputValues

labels

OUTPUT:
correctlyClassified
classificationErrors

: Activation function used in both layers.
: Weights of the hidden layer.

: Weights of the output layer.

: Input values for training (784 x 10008).
: Labels for validation (1 x 18808).

: Number of correctly classified values.
: Number of classification errors.
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Tai lieu tham khao

= https://cs231n.qithub.io/neural-networks-1/
= https://medium.com/@karpathy/yes-you-should-

understand-backprop-e2f{06eab496b
= https://cs231n.qithub.io/optimization-2/
= Chwong 11 cua Neural Network Design
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https://cs231n.github.io/neural-networks-1/
https://medium.com/@karpathy/yes-you-should-understand-backprop-e2f06eab496b
https://cs231n.github.io/optimization-2/

