A Basic Introduction to Artificial
Neural Network (ANN)
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Introduction to ANN
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Introduction to ANN

Connectionism vs Symbolism

Connectionism1} Symbolism 25 X|&

S
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Symbolic Al= X|AlZ symboldt J1=7t9] relation EE= Logic
o= HY.

- =X 2 = MER XA FES 95t symbolic
instance?t 1 =7t9| reIationOﬂ £ 74 algebraic Inference=
HEotrt

« e.g. Logical Inference in Ontology, Probabilistic Inference,
Fuzzy inference)

¢ Connectionist Al'= X|AlS& network2Hof| A=l HEZ BE S
o MOKO AMZA RLXE DHISIO X ST TEAAE US|
Ao 2 M QAl/stE/EE BH 2 of2

« e.g. Artificial Neural Net

Introduction to ANN

The Brain vs. Computer

1. 10 billion neurons 1. Faster than neuron (10~°sec)
2. 60 trillion synapses cf. neuron: 10~3sec

3. Distributed processing 2. Central processing

4. Nonlinear processing 3. Arithmetic operation (linearity)
5. Parallel processing 4. Sequential processing
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Introduction to ANN

Biological inspiration
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Introduction to ANN

* Biological inspiration
 Artificial neural network= 0|2{st = =S°| AMEdF =
(nervous system)& R BISHG] 7| E9| Symbol
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* Biological inspiration

Direction message travel

Myelin
Sheaths

,

Axon
<Neuron?2| 22Zx>

« w&l2 DendritesE Sall, Ct=2| Bl Rel=2 22 “LEASE
X =

* Nucleus(&4)E2 HE& AlS = Axon terminalsE Sofl Ot Re 2=
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Introduction to ANN

Biological inspiration

« medo B4, M, E5(HUHE 244 & ot= Dendrites,
g5

— I- —/ o
Nucleus, Axon terminalsE 2 &st 2%

-

* ANNOIA ®I2 22 22| unit= PerceptronO| 2t StCt
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Types of simple ANNs

=R st atal Artificial neural network model
ol éli(supervised) Hopfield memory, BAM

Xl =(supervised)&t 5 | Perceptron, Backpropagation neural network
AlAO|2d
- ;IF;IE(unsupervised) Self-Organizing Map(SOM)

<ANN 22 25 0l >
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2. Perceptron
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* What is Perceptron?

. Perceptron2 ANNE F43l= CHe
« S8 InputE YUY L2 F| M2 E AHZ
Output% Hig}

%, sfLto)
QU M p,ot 7HEX w

2l 28 25 gt 44of a2t
EM= yo| BR0{E7I Y &t
PJ\ .
va ------- !
INPUT | = — fixs ‘ OUTPUT
A \
Pe

<Perceptron®| 2 %£>
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« Activation function

o XIF AFEE|&= Activation function £,

<hard limiter>

<Linear>

<Sigmoid>
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* Learning (Perceptron)
« X|=%&(Supervised Learning), O| Xl & Ot
21 XM

« MK =8mHS0 Ci5t AAHE Sk
SHAC| XO|E ZAZAH
-> Widrow-Hoff rule(delta rule)

- 2 AME Skt 2k ZHof Xto[7t 8l
SH AE IEKX|(w; )= HEX|A] 2D X0
7t A2 ™ X0| 5 E0|&= WHO 2 IHEX S
HE.
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« Widrow-Hoff rule(delta rule)

Wo(0) = 0.59

Wy-5(0) = 0.12
WN_g(O) =0.78

WN_i(O) =0.34

L 7tEX|(w ()2t YA X(O)E B2lel 2 U= x|zt
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« Widrow-Hoff rule(delta rule)

Wo(0) = 0.59

X
A
1
Wy-g:(0) = 0.12 dit) =1
1
0 WN_z(O) =0.78
1 WN_i(O) =0.34
N

2. 22 YHIIEX,, Xy, . )2 SEEE I E(d)E NAl
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« Widrow-Hoff rule(delta rule)

Xo(0) = Wo(0) =1 +0.59

Sy X

Xy-3(0) =« Wy_3(0

d(t) =1

. =1x0.12
1

Xy-2(0) * Wy_2(0
0 =0+0.78
1 Xy-1(0) * Wy_4(0),
~ =1x%0.34

3. Activation function(hard limiter) £, & AF23I0] &KX &2 Lt(y(D)S ALt
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« Widrow-Hoff rule(delta rule)

Xo(0) * Wo(0) =1+0.59

Xy-3(0) =Wy_5(0
=1+0.12

y() =0 dit) =1

1

Xy-2(0) * Wy_2(0
0 =0+0.78
1 Xy-1(0) * Wy_4(0),
~ =1x%0.34

3. Activation function(hard limiter) £, & AFE3I0] AA| &2 Zh(y(t)S A At
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« Widrow-Hoff rule(delta rule)

Xo(0) = Wo(0) =1 +0.59

Xy-3(0) =Wy_3(0
=1x0.12

y®)=0 d@t)=1

Xy-2(0) * Wy_2(0
=0=0.78

1
0
1 Xy-1(0) * Wy_4(0),
~ =1x%0.34

4. SEgH())I e (0)E 0|8 7HEX| & 4
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« Widrow-Hoff rule(delta rule)

X
AN
1
1
Ty-2(0)  Wiy2(0)
0 =0x0.78
1
o

4. SEYEE))2 EHUYD)E 08T 7HEAE Y4
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« Example(AND Operation using Perceptron)

o &3

Xo ~ Y, X, | X, |AND
Y 0o [o]o
o= ==
0of[1]0
1 (oo
Xy W,

1 1|1
e Hell =S = It=sXC g0l YAHXIE =otH 1, OFLIZ 0
- Activation function = hard limiter

* AND guxm, +0xw =0 <05
OxWy+1xW, =W, <0.5
IxW, +0xW, =W, <0.5
IxW, +1xW, =W, +W, >0.5

« WO,W1:030r0.4
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« Example(XOR Operation using Perceptron)

OxW,+0xW, =0 <0.5
OxXW, +1xW, =W, >0.5
IxWy+0xW, =W, > 0.5
IxWy+1xW, =W, +W, <0.5

0t=0t= W0, W1 = ETHGHKI 28

GtLt2| Perceptron2 2=

FEHSH XOR 2RI i Z6HX =8t

XOR : linearly non-separable

« Olcdiel 2ME ol Zot)| fIol M 2I0 L= 3IH2| S(layer)S AIE
» Backpropagation Neural Network (Multi-layer Perceptron)
35 Perceptron2Z H{EH SEHE (:‘/\P‘*OE) HZots
« Perceptron= Multi-layer Perceptron &' Error Back propagation Algorithm
O| j| =]
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3. Backpropagation Neural Network
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Backpropagation Neural Network

* What is Backpropagation Neural Network?

. hidden
input layer
layer output
layer
x1 —o1
x2 —02
x3 —03

<Backpropagation Neural Network>
« input layerd} output layer A}O|0j| tL} O|AFO| hidden layerg
7K = et MEgl2 T
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Backpropagation Neural Network

What is Backpropagation Neural Network?

« L= HMEZ9| MY Z2|(linearly non-separable) 2X|H S ©

=]
Z(XOR operation & 7+37ts)

CH &Yt S8t Error Back propagation Algorithm= Ht&f
1oL =l HEL 11Xl (generalized delta rule)
+ Learning?

— Hols SrUI LM EHIk(o) AO[e] AN S22
MOl =l Error Function?| Z}2 X|A3}5l= WAoo 2 st
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Backpropagation Neural Network

Learning? Error backpropagation!

 Error backpropagation Algorithm 7§ &
« hidden layer2| st&E 2|3 output layergjj A EH2lict @ &
0|23l hidden layer 7t&X| Xl A At
« O] g+2 CtA| input layer@ 2 A1t (backpropagation)A|#
7S XE AL
« output layer?| 2 2 E Gradient Descent Method 7|2 2

MUl

v 51950 Z RR0| A4B0| SHS YX| Zote FR7 LutHQl
MESE Aty
e HIXozm Oio| AFRE|:= Ol Al Z0OF Sk HEHH
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Gradient Descent Method

Descending with step coefficient 0.005 (iteration 50) Descending with step coefficient 0.05 (iteration 50)

30 30
fx) = % * sin(x) f() = % * sin(x)
20 ] 20
10 Start (2.5,3.7) 1 10 Start (2.53.7)

ol . End@9.237), ol . EmME4a2Y)
2 3 4 5 6 7 8 Mo 3 5 5 7 s
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Gradient Descent Method

Error = 370.77

A
=
S—

II';';;. % s,
5 = “S\\t\\;\\
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Backpropagation Neural Network

* Learning? Error backpropagation!

Input layer Hidden layer Output layer
Xy dp
S 1 ~
! 1
1

1

0
0 0

1
1 1 o
v
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Backpropagation Neural Network

* Learning? Error backpropagation!

Input layer Hidden layer Output layer
X j-th neuron d
p 14
A\ 1 A~
! 1
1
1
0
0 0
1
1 1 o
v
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Backpropagation Neural Network

* Learning? Error backpropagation!
Input layer Hidden layer Output layer

Input,, = Z;V:‘)( W, -0, j-th neuron
Xp i-th neu:én e dp
N\
: N\
1
1 1
1
0
0 0
1
1 1 g
A4
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Backpropagation Neural Network

* Learning? Error backpropagation!

Input layer Hidden layer Output layer
X j-th neuron d
P i-th neuron 0y = f(Inputy) p
N 1
N
! 1
1
1
0
0 0
1
1 1 o
N

Al Lab, Hanyang University




Backpropagation Neural Network

* Learning? Error backpropagation!

Input layer Hidden layer Output layer
X j-th neuron d
P i-th neuron 0, * Wy p
A 1 ol g k-th neuron A
! 1
1
1
0
0 0
1
1 1 o
A4
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Backpropagation Neural Network

* Learning? Error backpropagation!

Input layer Hidden layer Output layer
X j-th neuron d
p i-th neuron Input = ZZ:OD/VV//( -0, 1
N 1 k-th neuron A
1 1
1
1
0
0 0
1
1 1 o
Y
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Backpropagation Neural Network

* Learning? Error backpropagation!

Input layer Hidden layer Output layer
X j-th neuron 0 d
/f i-th neuron ok = f(Inputyy) p P
1 NN
1 —
] 0.8 1
1
Vg - 0.2 0
0 0
0-7 1
1 1 N
4
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Backpropagation Neural Network

* Learning? Error backpropagation!
Input layer Hidden layer Output layer

j-th neuron

i-th neuron

Output layer 27 6, 2 &

2wy &S
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Backpropagation Neural Network

* Learning? Error backpropagation!

Input layer Hidden layer Output layer
j-th neuron
Xp i-th neuron op dp
N 1 N
1
1 P08 1
1
Vg - 0.2 0
0 0
0.7 1
1 1 N
A4
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Backpropagation Neural Network

* Learning? Error backpropagation!

Input layer Hidden layer Output layer
j-th neuron =AM} 0 d
P “p

i-th neuron

1 K-th neuron VAN N

<—LO—‘L—L>“><
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Backpropagation Neural Network

* Learning? Error backpropagation!

Input layer Hidden layer Output layer

Jihneuon_ = o otmp 0

= 8 p dp

Backpropagation Neural Network

* Learning? Error backpropagation!
Input layer Hidden layer Output layer

j-th neuron 0

<_no - >“><
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Backpropagation Neural Network

« Learning? Error backpropagation!

Activation function - Sigmoid function

L 723 X|(w)ek dAX|(0)& =7|3}

2. 28Xt S8 () 2 HAl

3. MAlEl 2HHMEE O[8350] hidden layerJ“WH w20l RISt ALt

Input.,, Z -
4, Sigmoid function§ AI8310f hidden layer2| £8(0,,)8 A4t

5. hidden layer2| &2 & 0|85} output layer &2 k22| YHLE A LAt
6. Sigmoid functiong AI&38}0| output layer2| Z2{(0,,)E A 4t

Opi = f(Inputyg)
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Backpropagation Neural Network

* Learning? Error backpropagation!

Activation function - Sigmoid function
7. 2l BY 7}EA| Gradient (Zf 7S K| WO CHE E, 2| HZtE)& FEHCL
P s

)
oo s ok S — 3
awk_(dpk Opna(mpwpk) ow ) - (d,, opka)opku 0.9,
vk

o0E a0,,) olinput,) o0O,) dlinput,)

e P = i "
ow, 2.0 (9ot = O alinput ) 00,) dlnput,) oW,

P/ Vi
o zf_; - D OD/( (1 s Op/( )VV/;(OD/ (1 B O Xp/'

)
174
-3 aMO-0 0,

olinput ;)

1 :
= N @ s
® b 2 ; Pk Pk @ 6(W,/) XD/
alinput,,) alinput,,) - | g
® T2 @ y=rlx) e - y)
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Backpropagation Neural Network

« Learning? Error backpropagation!

8. Gradient Descent 7|1 © 2 Hidden-Output®@Z 7= X|E ZHASIC]
W+ =W, +n=*6,*0,

9. Gradient Descent 7| 2 2 Input-HiddenAZ 7t X| £ ZHASHC]
Wi+ =W )+n*6,*X,

10CHA. 2= St ol| Coto] T2 ot of [M7hX] 22 F7|510] Bt

12EHA. 2852 QIP& E7t 5182t O|510| ALt X[CY Bt5 o2t 3
M EE, 18X| gtod 22 JhM CRA| BhEsir),
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At 3t (function approximation)

y =0.5(cos 8x +sin 4x — x + 0.8)
S BAHACE 2E MHE 29 150 <x,y> A4S
StSOIOIE 2 AFS (*&&0I0IE: Ot &2l &)

@S 1l =8, 245: 60 =&, 2851 =
g ALE

+
+

o

5

ol ol ol
01 02 03 04 05 06 07 08 09 01 02 03 04 05 06 07 08 09 01 02 03 04 05 06 07 08 09

UL CIOIHZ 1,0008/ 855 10,0008/ & &% 20,0003t 5%
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Backpropagation Neural Network

« Example
& fom — TEIES

https://www.youtube.com/watch?v=6IgAzEomn-4
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Hopfield memory
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Types of simple ANNs

1%}
18
0 i
Jz
Jor

P ErAL Artificial neural network model

Xl & (supervised)

oldes |5 Hopfield memory, BAM
=]

Xl = (supervised)&t & | Perceptron, Backpropagation neural network

x

1
©
Je

;{;IE(unsupeW|sed) Self-Organizing Map(SOM)

<ANN 2& 27 0l >
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Hopfield memory

« What is Hopfleld memory?

Wny W53 'ng Wn|
1. .ui ity wa2 'y
LT 2 1
i3] ) 1031
[T T Wi 1 Wiy w1y

A 4

A 4

(-
Lag

" <Hopfield memory>

¢ Hopfield memory= XtAE H 23t RE FE
ANN

« Activation function@ Z hard limiter& At

« 7l ZE2 bipolar Zt(+1, -1)Z ALE

© QM| EE NH3 XS FEU T2 A8

o
. T2 20 ANN modelnt 22| AN SH&S 84X @1, 7| sh5jEo| o/x3
(sum of outer product)= fﬂ*}@ AAII=K|E Bt
e OlLIO| FEHEZE AFESIE 2 QSHIE QI IO K} 2l0| &Y (Auto associative
Memory)
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Hopfield memory

*  What kind of problem can I solve with Hopfield memory?

3R @% Rha@"

by Hopfield and Tank

-~ @ a
%|®3} 28| (ex.Traveling salesman problem)
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Hopfield memory

 How does Hopfield memory work?

Wy 183 un2 Wi
twan 1 "“i' wWig a1
T W2 wa1_
g4 023 1191
)4 Wiy w1y

<Hopfield memory>
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Hopfield memory

 How does Hopfield memory work?

Activation function = Hard limiter
1. M7lie| IiE& O|&6I0] N7§ w7 Afo|e| ¢1E 715X & A3
Wy wHIM 77 ESI ed 7t54X)

ZX‘SXJS G=p 0<ijsN-1
s=0
0@ =)

2. O|X|2| ©& | & & Hopfield memoryd| | A|
w@=x 0<isN-1

3. =250 S 7IEX & 2% U2 §6l0 Activation functiong S1A|Z
W+ = G5 Wy*m®) 0<isN-1

4. SB(RES &8 Hslot glE SENE L7l 38 Bt
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Hopfield memory

* Learning(Hopfield memory)

Example
£ 74e| s& Ij8 P, =<1,1,1,-1>,P1 =< 1,-1,1,—1 >& Hopfield
memory0i| KA

M=-1
2 w ={’Z;x'sxls *)  o<ijsN-1
0@=p
D Wo =X X+ X' X = x D+ (1 x(-1)
Wor = X" X0 + X2 X, = (1X D)+ (1x1)
Wos = Xo°X3° + X' X" = (1 X (=1)) + (1 X (1))

b 0 2 -3
60 8 o
W=els g g 3

20 -2 ¢
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Hopfield memory

* Learning(Hopfield memory)

Example
3ME2 93 I8 B, =<11,-1,-1> & HA|. =T O7}X| Weli &}
s

(@) uo(0) = 1,11(0) = 1, 4(0) = —1, u3(0) = —1
)yt +1) = frC Wiy *m () 0<isN-1

0 0 2 -2
(C)uy=[11 -1 —11*[% : 5 _g]=fb([0040])=[1111]
-2 0 =2 0
de g 2.2y . 0
W@ =111 1]*[ e 3 _%] =£((000 - 4] =111 - 1]}
w2 0 wd 0

Po=<11,1-1>0 =8
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Hopfield memory

IHEIOIDIXI ID|: (5x5) THAt: {1, =, ©, =2}OZ &5

EEEEE B
o N

| S5

2 I et N& Jtset e+ 2
HopfieldOil A= =281 <=0t NQI 3 LBt O 2 0.15NIH 2| THE
o1 Jts
Ol Gil KISl &< 25x0.15 = 3.75 — 41 DI2+S| MHE! Q1A

EEEEE EEEEE
| N AN |

Hopfield &1 & &
g

ax& V|
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Hopfield memory

« Example of Hopfield memory
e i — —

Sest number of pattern to store is: 11.52

Input Pattern Output Pattern:

Recal Pattern

ear
et

https://www.youtube.com/watch?v=EGazcWEJGuY
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7. Self Organizing Map(SOM)
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Self Organizing Map(SOM)

Artificial neural network model
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Self Organizing Map (SOM)

SizeX

<Self Organizing Map>

What is SOM?

L L

L]

m., o~
g K
=2 =
n
| ojn ol
_Jo O
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Self Organizing Map(SOM)

« What kind of problem can I solve with SOM?

Culture and I L
PhySiCS and society Best tour for travelling salesman problem found by Hopfield and Tank
engineering

%|®3} 28| (ex.Traveling salesman problem)

Clustering & Classification
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Self Organizing Map(SOM)

* Learning (SOM)

= e
> N7io] o 2HEH M

N

Hol 21 481 Aolo] ABYEE Yolo| oz 7|2
2 M2 YTES 92i% 20| FAIBCH

3. YEHEe RE EYFHSIC| H2|(YHHEA 7S K HES AHZ)E AL

di= ) (Xi(t)—Wy()?

i

0
4. % 272|E RIS SRS T8 g7F HA0 B £ S MY
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Self Organizing Map(SOM)

* Learning (SOM)

5. 59l et 10|z AL m8ls0] OAZIE S 12 Al0] Ols A =7
Wy(t+ 1) = Wy(t) + a(x(t) — Wy (1)

2>0471M j= j*| o|x Lo RE #H

6. 25 Jbh S ¢ EH

(¢]
3
£
o
i
b
o

7. N\ HE stE9| 47X 0|2 HHAS AL ZEAAF|HA 2HE 62| NHEHE =8
ot 3l HiE s500000
OSOOOOO
@) 08
ScEsss
Sl oS dlor
OO OOODYI.
N
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Self Organizing Map(SOM)

« Learning (SOM, Example)

do d1 OQutput layer
Q , e O

Input: X=(0.1, 0.9)

(2, 2SES05) 0.1 09 Input layer

* do = (0.1-05/2 + (0.9-0.9A2 = 0.16, d; = 0.05, d; = 0.02(&XAH)
¢ dy o 917 5% 5

Woa(t + 1) = 0.2+0.5(0.1-0.2) =0.15
Wia(t + 1) = 0.8+0.5(0.9-0.8) =0.85

— MAlE! Q80 7HY RAR S8 5O X HET Q8 Yoo 0|F
— dy 2| 0| RHE YA S &g
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Self Organizing Map(SOM)

« Example of SOM(TSP problem)

step 0080 of 1088, epsilon: 8.1, lanbda: 18, ring: 8068, best: 9352
26200

26000 [

258600 -

25600

25460 -

25200

256000

24800 [

246t

00 L L L L L L L s .
50760 50800 50900 51660 51100 512680 51300 51460 515680 5160680 517600

https://www.youtube.com/watch?v=8tnxgfE6gl|
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THANK YOU!
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