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Non-linear Classification

** Many Impossible Cases to be classified linearly
» Linear model: perceptron
» Non-linear model: decision tree, nearest neighbor models

» Explore to find a non-linear learning model from perceptron
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XOR Problem

* Limitation of performance of perceptrons in XOR problem

» 5% Accuracy

» QOvercome this limitation by using two perceptrons
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XOR Problem

% Two Steps for Solution
» Mapping an original feature space into a new space
» Classify in the new space
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XOR Problem

% Example of Multilayer Perceptron as a solution
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Architecture of Multilayer Perceptron

% Multilayer Perceptron (MLP) in Neural Network
» To chain together a collection of perceptrons

A simple neural network

> Two layers (not three layers) input  hidden  output
_ layer layer layer
= Don’t count the inputs as a real layer

= Two layers of trained weights

» Each edge corresponds to a different weight
= |nput -> hidden, hidden ->output




Architecture of Multilayer Perceptron

% Multilayer Perceptron (MLP) in Neural Network
» Input layer, Hidden layer and Output layer
» Weights: u and v
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Forward Computation

*» Functions in MLP

o= f(x)
z=p(x)

0 =¢q(z)
L

o = q(p(x))
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Forward Computation

% Other Understanding of MLP Forward Propagation
The single-hidden layer Multi-Layer Perceptron (IMLP).

An MLP can be viewed as a logistic regressor, where the input is first transformed

using a learnt non-linear transformation
[ Seftsmax Function ]

& : Scoring Function for top-layer

) “ - [ fank Function |
output layer o(z) = G(b'2 + W2 h(z)) l

8 1 Activation Function
for hidden layer

hidden layer h(z)|= ®(z) = s(bV) + wllg)

|

input layer X

f:RD—:vRL

flz) = G2 + W (s + W),

D is the size of input vector x Feed Forward Propagation

L is the size of output vector f(x)
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Activation Functions

“* Major Difference between MLP and Perceptron
» Hidden units computes a non-linear computation of their inputs
» Activation function or Link function

zj = f(ujj - x)

» One example link function
= Sign function: Non-differential

sl

1

Signum function y = sgn(x)
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Activation Functions

% Hyperbolic tangent function o — - ,_.- |

wnhifl) |
coiiy | |

» Popular link function ; k)
» Differential: its derivative is 1-tanh?(x)

sinhz e*—-e* | [T

tanhx = = -
coshr e*+e*
6‘21‘ sl . 6—2.1:

621+1 o 1+€—21'

sinh, cosh and tanh &

» Sigmoid functions 1—/7
1 0.5+
S(t) = |
“ L /

The logistic curve
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Activation Functions

% Simple Two-layer MLP

Algorithm 24 TWOLAYERNETWORKPREDICT(W, v, X)
. fori =1 to number of hidden units do

> h;j «+ tanh(w; - &) /| compute activation of hidden unit
; end for
¢ return v - h // compute output unit

7= ZUI' tanh(w; - x)
]

= v - tanh(W2%)
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Activation Functions

% Small Two-layer Perceptron to solve the XOR problem

X1,X2
(1,1)
(1,0)
(0,1)
(0,0)

computation
- TANH(30) + TANH(120) -1
- TANH(-30) + TANH(40) -1
- TANH(-30) + TANH(40) -1
- TANH(-90) + TANH(-40) -1

Net for XOR
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Learning in MLP

“* MLP Learning
> TO flnd {u’ V}, glven x= {(X‘h tf), (X2, t2)= Ty (XN, tN)}
» X;: feature vector

» ;. class label vector or target vector
" if x; € wjthent; =(0,..,1,..,0)

% General Designing Steps for MLP Learning
» Step 1: Building up classification model

» Step 2: Cost function, J(@)
» Step 3: Design an algorithm for finding 6 to optimize J(0)
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Learning in MLP

s Step 1
» Parameter set: 0 = {u, v}

% Step 2 | o124 7} 21 2} 7|cH &t
» Cost Function: (573 ¥E) (& i) (SHYE)
X 0 t
E=li(f- —Ov)2 X =—H e 0 {
,.) | 4 N
“ k=1 X} = ) F
> Overall objective: | [RESS
! :
m 1 2 X, > 0, ’m
‘B,L“Z 2 (tk Tk (7 VjieTy (- x)))
k=1 j Zj
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Learning in MLP

s Step 3
» adjust 0 = {u, v} to reduce errors )
vih+1)=v(h)+Av=v(h)- pi—E
v
u(h+1)=ulh)+Au=u(h)- pC:—E
> How to do line 5? ou )
e T A X={(x1. ). (x2. ). =~ (X W)}, 58 p
&2 712 w2t v
oL 1 ll .,

1. ue} vE =7|38kcl)

5
3. for (‘YQI AL 7}710) IH?’“) {
4 (4.12)2} (4.13)o.58 Hu} AALRS: 3t

5. £9]— i F ALK
cv Cu

6 4172 N2& uet vE AAKkt
7. }
8

.} until (stop-condition):
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Learning in MLP

% Back-propagation Algorithm

How to learn the weights??

“Backpropagation Algorithm”
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Learning in MLP

m

< Back-propagation Algorithm 8(0.5% (1, —0,)%)
. g ® . 6E _ r=1
» From vj perspective, it is just v o
a linear model _ 8050, —0,)%)
» Avjcalculation Vi
60&-
=0 ) —
C'\'J.k
-, -0,) ct(o - sum,, )
Cﬂﬁ.
J ) k ~ 5
O A O >0y =—(t, —0; )t (0 _sum; )w
z; OV 5

=—(t, —0; )t'(o_sum, )z

0p =(ty —03 )t (0 _sum, ). 1<k <m

cE

’\'jk

AV =—p =p0,z;,0<sj<pl<ks<m
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Learning in MLP

% Back-propagation Algorithm 205 =0y
¢E =

» Aujy calculation Guy

» Gradient descent + Chain rule __Z(, e

P Cuy

co _sumy

_—Z(t —o0; )U'(o _sumy)

k=1 I)

¢o _sum, ©z;

-_Z(r -0, )t'(o _sumy ) ————

c_.- cfulj
m C_ A
=—Z (ty —0p )U'(0 _sumy )v
e cu,}
m
=— —o, )t (o sump ), t'(z sum,;)x
Ty k) L k)Y jk i =X j)l
k=1

= —Z 05V TU'(z _sum )x;

i

N =t (E_sum Y S vy 1< j<p

oF
Ay ——pc——pl]j,\, 0<i<d,1<j<p
Ou;

20




Learning in MLP

* Understanding back-propagation on a simple example
» Two layers MLP and No activation function in the output layer
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Learning in MLP

* Understanding back-propagation on a simple example

2
LW) = % (y — ) _vif (wi- x))

L AL Of;

aw,' B af, aw,'

g—; = = (}/ - Zvif(wi'x)> v; = —ev;
ofi oy

au)i _f (u)l 'x)x

Vw, = —ev;if (w;-x)x
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Learning in MLP

“ Understanding back-propagation on a simple example
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Learning in MLP

“ Understanding back-propagation on a simple example

24




Learning in MLP

“ Understanding back-propagation on a simple example

df3(s)
ds

df3(s)
das

! —_
W3 x, =W3x, T pE€3 X1

! —
W3 x,=W3x, T p€3 X
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Learning in MLP

“ Understanding back-propagation on a simple example

dfi(s) ~
e
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U 14=U14 T p€q ;S Va

dfi(s) ~
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Learning in MLP

. . Dl Ll HE TEEE (MLP) 9SS ST £F 9T YiE (W 2E)
% Back-propagation e o
W E AR A= ), (w), - (b)), T8 p

Al g 0 rlth m & 73 ue) v

k7 =
=1 I-Lll'r_l-

i =73

1. ue} vE 272k

2. m=n=1; I vpo|es
3. repeat {
4 for (V2] A& Z2ho] ojEl) {
3. Y HEE 3= (w2} t= (ot 28 E7]RL
0 AL
- a
6. for j=1top) {z_sum, =Zx1!-!g: =tz _sum, )} 0 (412)
=0
P
T. for (k=1to m) {o_sumy =73 z v op =tio_sum.);} // (4.13)
i 22 o)
g for (F=1 to m) Te = —0 070 _sum, ); i (4.18)
g for (25 v 0572 p lsksmo ofaf) Avy =pd,z,; 4 (4.19)
10. for (=1 to p) M, =Tz _sum 33 Bev, i (4.20)
el
11. for I:lﬂ_'l‘_ Hu:ﬂi]'i: ﬂ’_lidlip |:-'|| rH&I.':] ﬂu;l =|;_'|'r'|;x|; . {421]
N 73] 74
12. for (2 Ve DS JEp1SkSmof ofa) v =vu +4ve: 0 (4.17)
13. for (25w, 02i2d 1272 poj gjal) u, =u, +8u,; /@17

14, }
153, } undl (stop-condition):
16. u2} v&E Ak
(1]
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Learning in MLP

% Simple Example in MLP Learning

x=(0.7, 0.2)". t=(-1.1)
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Learning in MLP

* Forward Computation
» Activation function; ()=

e

=1 ,a=1p=02

l+e
» Line 6:
z_sumy = 1*0.3+0.7%0.4+0.2*0.2 = 0.62000
z_sumy=1*(—=0.1)+0.7%(=0.5)=0.2*0.1 = —0.43000
23 = 12(0.62000) = 2/(1+e 09" —1 = 0.30044
23 = 13(—0.43000) = 2/(1+e ™) —1 = 021175
» Line7:

o_sum) = 1%0.1+0.30044*(—0.2)+(—0.21175)*0.4 = —0.04479
o_sumy = 1*0.2+0.30044%0.3+(—0.21175)*(-0.1) = 0.31131
o1=12(—0.04479) = —0.02239

02=12(0.31131) = 0.15441

> x = (0.7,0.2)T, 0 = (—=0.02239,0.15441)7, t = (-1,1)7

» Error:
E=0.5%((—1.0—(—0.02239))’ + (1.0 —0.15441)%) = 0.83537
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Learning in MLP

% Back-propagation
» Line 8:

8, = (~1.0+0.02239) 15 (~0.04479) = —0.97761* 0.5 * (1 + 1, (~0.04479))(1 — 1, (~0.04479))
= -0.48856

8y =(1.0-0.15441)75 (0.31131) = 0.84559* 0.5 * (1+ 1, (0.31131))(1- 1, (0.31131))
=0.41271

> Line 9:
Avg =0.2%(~0.48856)*1.0 = -0.09771

Avgy =02%0.41271%1.0 = 0.08254
Avyy =0.2%(-0.48856) * 0.30044 = —0.02936
Avyy =0.2%0.41271%0.30044 = 0.02480
Avyy =0.2*%(~0.48856)*(=0.21175) = 0.02069
Aviyy =0.2%0.41271%(-0.21175) = —0.01748
» Line 10:
n = 75(0.62000) * ((~0.48856) *(—0.2) + 0.41271*0.3) = 0.10076

Ny = 15 (~0.43000) * ((—0.48856) * (0.4) + 0.41271* (~0.1)) = —0.11304
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Learning in MLP

% Back-propagation

> Line 11:

> Line 12:

Aug, =0.2*0.10076*1.0 = 0.02015
Aug, =0.2%(0.11304)*1.0 = -0.02261
Aty =0.2*0.10076*0.7 = 0.01411
Ay =0.2*(=0.11304)*0.7 = —0.01583
Atiy; =0.2%0.10076*0.2 = 0.00403

Ay =0.2*%(-0.11304)*0.2 = -0.00452

v =0.1-0.09771=0.00229 Line 13:
oy =0.2+0.08254 = 0.28254

vy ==0.2-0.02936 = -0.22936

ty3 =0.3+0.02480 = 0.32480

vy =0.4+0.02069 = 0.42069

vy =-0.1-0.01748 = —0.11748

31

uy; =0.3+0.02015 = 0.32015
Uy ==0.1-0.02261=-0.12261
uyy =0.4+0.01411 =0.41411
1y =—0.5-0.01583 = -0.51583
yy =0.2+0.00403 = 0.20403
Uy =0.1-0.00452 = 0.09548




Learning in MLP

% Learning Effect of One Iteration
» Line6 & 7:

z_sumy=1.0%0.32015+0.7*0.41411+0.2%0.20403 = 0.65083
z_sumy=1.0%(—0.12261)+0.7*(—0.51583)+0.2%0.09548 = —0.46460
z1=031440

za= —(.22821

o_sum) = 1.0%0.00229+0.31440*(—0.22936)+(—0.22821)*0.42069 = —0.16582
o_sumy=1.0%0.28254+0.31440%(0.32480)+(—0.22821)*(—0.11748) = 0.41147
o)1= —0.08272

02=0.20288

> o = (—0.08272,0.20288)7, t = (—1,1)7

» Error. E=0.73840 (vs. 0.83537)
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More Considerations

* Typical complaints
> # of layers I
» # of hidden units per layer

= significant
» The gradient descent learning rate

» The Initialization

.

» the stopping iteration or weight regularization

“ Random Initialization
» Small random weights (say, uniform between -0.1 and 0.1)

» By training a collection of networks, each with a different random
Initialization, we can often obtain better solutions
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More Considerations

“ Initialization Tip

Initial Value

& 7|7k Settings
- Random &}H Fk| £EF F 20| Random 8tA| F=7i0| ELCt.

tanh £ Activation O 2 AI25t= 42

|nter\fa| = [_\/fﬂ-“in‘ffﬂ-“-ﬂu! ? Jfﬂ'ﬂinffﬂ'nﬂ“']

Jfan., = the number of units in the (7-/)th layer.
Jan = the number of units 1n the 7th layer

sigmoid & Activation © 2 AFE5I= 4%

Interval *4\/fﬂn;n+fﬂﬂnu! \/fﬂ.n,ﬁ‘i'fﬂﬂr}u!
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More Considerations

“* When is the proper number of iteration for early stopping?

885

P2Ea
-/
T

ol &S Mt %= (k)

35




Python Code and Practice

* You should install Python 2.7 and Numpy

» Download from: http://nlpmlir.blogspot.kr/2016/02/multilayer-
perceptron.html

< Homework
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Thank you for your attention!
http://web.donga.ac.kr/yjko/
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