dedd=ge 44 R 74
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AAURT A Guey

zE

EdTeME Sdedd g 729 54 oldgr] s A= dudEe
o2 oz ¥M3a o]F EdE Z2adE HA 483 4F9Y deAAN S
Aot EdFNA AT g AT gHgLdngFoly AF T
EYPE GERHE/ MRS dEA2 MYt AT, 2EF, FFA0IE T,
g, LUHYFY E4E YU 4¥9 AA= JHAA dHFE &Ho] NAEREG A
A3

L Ad

Ho AARe Rokol o2 F3H o]Eo] "’rﬂi’s}" ol W& AgEC] AE &

Eol A e A 2o o] F UEAA 8L Y HAE, %W, AEHIHE o
49, 28x fddadEold & F A& Aolnh Sflxlc’l%w: 4 &&3 o] (Binary)
=Yg AT M2 L ololtolz fuirid FHE YerlEd oM FHoIU FA N
¥ 4 e oX=ddA BT JE FAR FIY F JA=F THAZ Rojnh. me
A A A B Bks o dhE0] AV A =AHEE IFHEAE H
#atm Ao BHANA iAol od Hge] ol FER IFHEAE RSt A 3
T Ro)7] Wi FEo|BAMG Zo] A FE Fo] WrEA 10| HojoF ¥ FaJ}
ot AAgATE 19503t AE2g =7t ABFe] 724 AUFE AT A
o] AgA2dE FHoz HYsee A KA oo ABHIHE oJddE F4
AN EHTZ FHE 7/ EHEAA=H FAY B o] A2olM A LH
2 e B2E o £x2 43y med 74y & dUAE e HF ARYHE
Aew 1983 HEHE o ﬁ’a‘oi—‘?—ﬁi g Hages 2T £ Ue FHH ¢
A g Aol ¥H EI=+ 19759 AEY A AAUFE A7 AL
g3 WA =HA 2E 115]——‘\:— HExF Y AAEA FAAAA dojuE HeR
A ZdH dzIAF L FAAA AW Jo dAUFTY HH3 SEFeEH
g fAUFE FHHo2 HHE & A FA o) Fe FEHoEL AFAF, AP
%, FAASnYE, AAE 5o zaaddee] YHoE olgHu Utk BdT7d
ME o)EAATE AZFol&e thate o2 viFE AHEIT o]& HiBeR AFTE
TEEA Rux @t A G TEL VIS SEAZTZYAE o) &AL AYSE k=

1) AP, BeF ol5d, o1FE, AEH, B34, BFFA, 47142 VBT FFEH, JAAVE
Al, 1992, p.79 :
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o]Z(James L. Noyes)9] PASCALE¥& ¥4 &3 o|& TURBO PASCALE Ty &2
ZA AAF WAR Tz ole] FEEHE dA AFFezA FFY U HFE =Y
& Agded =& HuA st Hol 2AFY F3Holn.

0 AFNFFe o4 w3

1. Fde 543 $UERY

ARG #F AFE UATY FHG AAME Bdo g AFAAMEEH Al
<ag 1>3 o] 713 718 A @92 Fd(neuron)olgtE MEE AAA2dA oe]7]
& 33 7 AEACel Body)2HH Y42 FAE7(Axon)Ete ¥ A9 7=

T A5 #8357 (Dendrite)d B2l 7HAEANYE €A AR g5 E7EZ AU
. 7HE 7 st dHE H2(pulse)E GHE FHAEANA FH4E T AEsiH,
FAENE 98 7HF dZHo YN E WolAq AAE FHT Fol MEA o]E o
Al R, 78S e 7He FAEVIS (A AEANE AZE o o 2 dA Y
& ANYX(synapse)et £ ¢E FEHE B3 AEZE W RUA 2

/7 Synapse Mtja
Dendrite 84§

™
2~ Synapse ey o
Cell bﬂd}' #Ali.‘ )\‘\"

- Axon

/it HAR ANDRIY  chk s 44501 T
AR % Rt

<a¥g 1> wde gy T2

A . James L. Noyes, Artificial Intelligence With Common Lisp: Fundamentals of
Symbolic and Numeric Processing, D.C. Heath and Company, 1992, p.422

Azt AFME(Neuron)®] EEE ol&3td AFA2HEE I AL FAPA w2
(Neuro)&}z ¥ 29 w2 & TFAstE & wdAEe A3 EdE FYUE(unit)e 3HA
v 2] 8 &(PE: processing Element)gtil &t} & 79 FUEFRE <I¥ 2>9 #o

2) B8, AFTAUAEEE o) 8Y HXFRFHY H2IIANFNFY 4F, FxH4Yred
HaxZguiztd YA =g, 19%, p. 28
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o s o] 9949 1589 2% A3 Gy dE¥e A2 Ao g 7R
Us)zde 2Eag s 8 oy 2PdAs} o] A e’ 2(Processing Element:
Mxe 97t £AE7 Udg8 AFEL dAH T oA A (summation
functuon)3 3 A& t}hA] tt& A7) 8 A (Processing Element)o] A4 (transfer function)st
E 715 A S0, ol AEE oldW FAX(HE e AFHFT w7t HelM,
g8 FUE dHA o] FAX gHAH FUEZS] AY ZFx7 vEhdo] v FA
A7t Y zZt4e 4P AE FHo] dojA D A 9 HYL L F 44
th 72 EAL RYE AA 72 EHUE Holn A FRE LEY ¥HE BAUAY
AN2goln AR F2E gF3s 5L /X1 . ot 4 FUE(GFE)ZF 4E I
A9 2733 vEYA T2 FFHHE A EA

w2
w
w
T
UEgrdoezRee gEaFHd dig &9

7HEdgA g &
<adg 2> 79 AdFHNAYTEE

A5 HES, HYAG hHR WE L, =102, A ESA—T", WERE T2
FE, g4}, 1991, pd

2. VEHarde 729 g

FEo JEYA FRE AR Wl sl ot Aed FUEE AYL2z2 45 4
A A4 Aoz 43 A% VEHZ 724 AFY MEHITEE Uz 7 A% 971
N FYUEE fFUEE 28% Yoz dZY FRUEHILY 2¥(node)d HFTH
F FUERE ARG R dgdts dog ddHY dA9 7aH AL (Synapse)d
goletn AT AYH o] Vi ¢ W¥ozw A= ojd FARZ dAM 2
¥E FUE Jd¥8d. FAXNE FE49 Z2€YdE A £E JAYEEY b ¥
F& Ao = AW2EY AT sHAAGD dig3te FAXNE Ed A REHA
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4 & vk <ad 3 >F Fo] FUEY FRILE IFHH AL NIV 2FLY F
A dgoznt AHAE FZE AFYUEYI TR o 729 gFold HEAYAN 2
do] 2o 22 FUEZS AYEFE 2dsE Rold. w2 FUEDR H¥EF 24
gHER BAT ¢ Ut 729 g5 gutdoE &4 FAXY 2U|gE dAFLEH
Az, 2S5 FAX @I FAstY AHo] glod F A (random)F L2 HETH 2
g o] FAX thisiAM gFdeoletE ¥ FrVEE Fxso FriEg. a2 3
tARE ugeR FAXNE AT X FJrte oo o T2 Mg &Y
2% HAH R0 Ftrke] e Aol &Foltt. oW FR oM HAGFLRYEL HE
stee TAY Aoy oj&HE UEYHIY FHo o] deixlvh g gy
ozE WAIEY g wARlE Eddel don g Y] AME v H
7h71Ee] Hasdtth of Il VEol 23 Hritd A#HE H=lfA FUEIS AR F
AR Wig ZATS J7HE P YR wARIERA JZHAZT i o] 43
298 o3 FHYAE wAIEY ggidolstn 34 I8 Hrr|EE WAA 9
Bol A gustd wA A5 E R3] e SEEHAE dARE eyl g9 2
AFE WALE U4 (Supervised Learning)¥ © & 3AIF TR AL S T4z B
Atz gio,

N |
inpy —Q\g - out;

npe2
outs
inps ‘%Q
—> outy
Inp4
N=9

U4

dHAZF FL2AE £9A2F

<3¥ 3 > 3AFAAEEe o

At&: James L. Noyes, Artificial Intelligence With Common Lisp: Fundamentals of

3) 7t golgtnE o
4) FAAE o
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Symbolic and Numeric Processing, D.C. Heath and Company, 1992, p.424

A7 il 4719 3472 E AHEE $4 A7) 2de ZA(FYE)E wiE
TA3tE A A 8 & A(autonomous processing element)o]® ZtAL ul$ @&F e
HAFEHZ AT ¢ don 7g2E Uy, Uy, e JUn 22 FE7|8th @ N& dE A
A A9 FFE YEPAD ojdlol A AFFE FAHINE =9 W5 E BE OgF 2o

1)F Al 2 (Weights)

FAA Wy A Uj 7 A U o MiAE 93¢ BASD B W =0 8 A ¢
A j 7t oj® AF (connectiomE RSE& Ut Ao FAAE %3 Rein forcement)
€ %9 FAXE YAl(Inhibition)E YEtHH FAXNE P8 W2 Uepd & QUoh o] 74
e 08 Foiz oz T+ Aoz 27|stHY FHEE) & ¥

2) A 3}+-& (Propagation Rule)

Ao ZAZHE dZHd gEo] A9A A= 4 uw o JEIAE A& Ug
e vENSZ 7ERED)Y EdFe 7MY B4EQA 739 sy otde tEERTE
(Weighted-sum rule)S Al&3ch Aa&L ZF A Ao 29 7FA(FAA)%e] F9 #
ot A w 9 A bias)E © & AHo|th

neti = bi + 2, wy . inp;
J

A7 j = My o] ARE BUE ZE Ao 8 Yehia inpi e A uy E2¥EH A
w ol dg S el 2282 b v A w ¢ #AE HAE JehdY. dA8aE B
T 19 A dHFS JIXY BF oA 1A AFdE /M E gy o)y S+4E 7
Aol F718le o]E el 4712 E BEYeZ A 22U net = b + winp B &
F 3len HAE b =02 718Y 4% net = winp & & F Uk a3 AF T A
E 9% 71z BVIHeEE UEYIHEY|YH(network notation)¥} Al ZE 1% (layer notation)
o] Jtt AFENYL AFEE H T E 5PHLE € F U] AFASH o 3
dxglo Helsy EJIFEIEE J28S$ Jehlie AA YEYIE HI3eH He
A=

3) ¥4 3}(Activations)

Aol AelE Jveuie 4 w o 4L a 2 e o #& {0,1}) EE
{—1,0, +1}3 =& ojidgte] HAY [0,1] £+ [aliaHi]3 L F3# A4 gkl
g 4 gk a8z @43 a = 29 473 o8 2R EH.

4) 8247t (Activation Rule)

A TALE TS Fx, a)dll 3l Fox 0 g BE Ao dis) F£Z & g7t
ALEE T AEG x 7t AZ2E G A&y A %A A AU a o AHH
EAE YEtAT F a = Fnet)2 B4 A3 AZ LA B AL FTESH

1A5

=7



W olzs} 2o},

) 3% #<(ldentity Function): 4% 2¢dA ¢ 2}
F(x) = x

ii) 4% #4(Linear Function): ¥A4%< Z2¢Uex)e HYFLo|

FxX) =mx + ¢

iii) 9 x ¥4 (Threshold Function): 71&°] HE 9t pE AL E 42
4 A7kl 8ol ot

F(x) = { 0 for x{p

1 for x=p

_ 0 for x<p

Fx) = { Ai  for x>p
_ 0 for x<p

Fx) = { x for x=p

Ao e BAgol X (threshold) p o] 712 vlgstd AL 0 o ko] =85
W ool dolE 1 EE N Agol 2HHEY. AXNEFE ALT A BE BAY Aoke A
T 1@ p & d¥sd R AV A #4F Y T F4LE SAT4(step
function)g&t 1 & ghe},

vi) 2229 §<(Logistic Function)

Fx) = —L—

a4

1+e ¢

BEAZGETE 3ASUARH 2L & ASEddN ALEY S-AR Rk A Ao
Eol=(sigmoid)#roltt. AlaRo|=@fE x—o>—0o=F(x)—0, FO = 1/
x>+ 0o=F(x)—13 Zel GRFIMgFoIN uEIlEd 48 B ojme TaL:
F'x) = FR - Fxlec # 2o 9. & FFxE ©9 o) zk3<4( unimodal curve)E
x> —0=F (x)=0, F'(0) = 1/(4c) (F'9 HUF), x>+ 00=F (x)—07F Aok A7]4 )
MecEO0XRYG & 352 43 ghg bl Ao
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sigmoid function | sigmid fanction i1

<I9E 4 > A% B

g WY, “YFAALE ol & H2FEFHY HE2FHAZ7E Y 457, dF747)
24 HaxFIud YA =E, 199, p34

Aagol=ggo #Zo] 279 HMEENAH G ALEE 84859 de= < 28 4>9
o A% E Aol gr(transfer function)gt 1 x i},

5) & ¥ (Outputs)

& Mo 283t outi & 2 A9 EAFEY E UE 2 outi = fl@)E YEY
o2& Z¥ S (output function)z} o}, Mg Y #o] &8P F5H$F
(identity function), 418 #<(linear function) £+ 9 X &< (threshold)& el + Jdovy
g43te A3 3% AHSdy ditFoR 3L A5 SRS oA 9
goz Hgsde AL LI E g 5 $£HL otde 2 HATrE €Y=
o] &3},

0 for x{p
~ - x forp<x<gq

AARTE TAHeR x 7F 0 o]l 1018 B fde AL p #& HdH q #L q
=1-p 2 AYERS [0, 1 PKiolg FAZE F237] A% AA%sE ddyez A
¢ 2A2EEEHTY 2 FEAG. FAFFE 2EFAAT AHEE F A

6) 3% 73 (Learning Rule)
&5 E ZE d2dx2d HEHD FAX wy 7 FEA 28 oA AAHE)

5 d&E€™ p =01 H3A q = 09 7 Ak
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g gAste FHoloh d45e A&F uigdo|l mALE & (Supervised Learning) 3 LA}
=84 (Unsupervised Learning)o] fom mAIG™UAdFAME ZH(goal) = EHF
(target) ©]2}= & AFsH= HAlteacher)’t I RAIRESGFAME ZEFE 44 £
31 & f3 o2 Ar)7iEo] B3 reinforcement) €Tt AZFAAM AF AL EE A LA
F3e g57HL 2y g8 o

i) @< %+ X (Simple Hebbian Rule)
di = L. outi . inp;

GegFAe 3714 BE uksh Zol outi ¢ inp; o F37F 2o g9
3l (strength)2 F718t R 57k A2 o2l a8 o 73& wAgd
ol AR ESE FF EF ALY g lod 2AF- 2AEdg s
AMzdf e outt & goal E HAY F U+ A&AHY TFE A
dHHEE Aol stm 2¥A] God AF o] Ao + Urh

iiy 2228 1 3 (Grossberg Rule)
dy = L. outi . ( inp; - wy )

222 FHE 47140l Holt vhsh o] SF(HA)] @AY T stel
Aolo] WAHA FHE oo,

iii) 9=29 3T delT 2 ( Widrow-hoff Delta Rule)
di = L. (goal; - outi ) inp;

Aoz adetie aAGdGFEHo Y g9 MAL AL AlE
goali 9o} xtojel wlalgtn st g} & 24 T H(LMS: least mean
squares)o| &1 %E 3 YHWE7 AP EYQA 2AZF AN AHEE 5
den dFPLe Ao JEHE o

BNAEANA LE gFEolet 31 3EFE(Learning Rate) LS A9 FFol8 4 0 ¢ 1
Atold] dsgtes B4 ARAFAM nAZE AP diHe g dGgdolest By o
?7F fled 1 9 77k #& #Hsta 6 SgHolee Aol woew 0 o 7t L &
< AHgstE Aol AT diolE 9 Ao #F Hol dHA A ¥ FeE 05 9
L @& "3le 2o &3 Adeeltt, DL =0 & &F& ¢ 7/Ado] 15& Yehdig L
=1 & FAAZ} #8582 d€ 8 dAH A2dE FEIHG. L > 1 ojd F8E 7153

6) Bt} wg sg on g
7) James L. Noyes, Artificial Intelligence With Common Lisp: Fundamentals of
Symbolic and Numeric Processing, D.C. Heath and Company, 1992, p.428
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o, FeAAgA FAF(training set)HA 2 2z B2 & 7|7 Epoch )0l 3v] 73]
Z7)d RE FAX w; © 39 o2 27y AdA2 B2d -10 3 +10 3 ZL
F S8 Aol &9 gke] ALSET Aed viel Fo] FAXY Fho] 0 o)W 43 A
o ddgdel gdude AL Ut o FAXNE AAdEdHE HAolAPA(case
updating)# 7]2}78 41 (epoch updating)®] F71A @Wye] sUvh. K.7)78 A (examplar updating)
olg}ik 3hE Alolx AL Zzte HIInlth BFAX wy 7t wi + dy B BF JAHE A
o2 7|t RG e Wgeint. F ¥R VAU HE dgAve] R A Aolx
7t AEHZIHA F 229 wy ol tid ty 7 A48 Z Brlvit BE t; go] AAH
t; + dy 7 €048 SEHEY upA R Aoj2rt AyE F FAXNE HFHOE wy + ty
2 AT o] BAEL FHIEY Z d29 wpAIguig FEn), o] Wy e wAIEd
gFolA F2 ALEET o WL FAXI HAZ A=A A WEE FE PN
€ FieA AgAgle AFE M2 Y FFEAFL EE & (BTt )@ke] FAE
AE7t HAE o9 Fojdrt. aARASEFY] AfoME FFHAHL 2HAZFNAY 9
Aol go] dlojE EFo] s FE3] FHolXH HEA .10 7N 7 dEe g
goal - outi ©]t}.1D

3. A7%e g5t

A7 gl st FZH(Caudil)® HE 2 (Butler)e AAMA2%E vguzFEyoln of
g2 Aol thro AHFAE ol8F FA AUYE SR e FRAYA2dole)
o AYstn gen §EE-J&(Hecht-Nielsen)S AR 32we] 723 2HE FA3to
AR EGE IS ZE AEAIEA 43 d4E MAGHER FAH A= #HE,
BAAEAR 22 Aodla ok, WEFZ(McCulloch)$t 3 = (Pitts)E 1943119 =F o)A
A2l FHE TFBS AAAEER o|Foz F AHoAd HFHAL 47| ded =3
AFE FI¥se Edg HoFon HHERF AU A9 AeHA BHE A=
] wl¢ Fa3ThE RS A4S o] =80 AAY 2do Axg d43HA Yot
ARG Fd&ETHE F&stH §(Hebbian: 1949)9] )3t AMAlE {18 A (Habbian
Learning Rule)d] 2|3td 5 7@ Alolo] 715X& Y 4 Qe Az F3oz o4
o e AHelgARe YT FAN Y] & FE UK MFEXE T wFoz
8 5e MEstd Vol wyolu. 24 2 el (Rosenblatt: 1957)2 4 E&( Perceptron)®]
SHE Hzxo AAREDE RN SFHHAM dRFs AL AT o] Uy
< ofd g9 FAue] g F Fole o o] Rdo] ¥EIA HE ddA=Y JEE
222 WH3te 2AFAHA FHxlolth ey olgd HAEEL U27)(Minsky)s} SHHE
(Papert: 1969)7} 'PERCEPTRONS’' 2= AAoA HAYEE 2dg Fi3oz BNy
O 2do 944 Uil 248 HAYEE vdE2E XORETS o] g&d vlA

¢

=4

[¢3

8) o159 §2 FAX il FAgc

9) BRE FAXY go] AAHAULE uFid.

10) 2E AdE gto] BEXFE 283 717y AL 9n @,

11) Fo A @3 A4dd ge] o] & ojvgir),

12) 484, J3FAAYE o8 AxTRF 9 HxFYAA/NE o=, rg=2a3re
Y Hax=Z3guddd A =8, , 1996, p.29
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¥ BYEAS E 4+ 9os A BT WHEES @YY 24 3(single-adjustable
layen 2.2 TS A= 2l FAME M7 $5td JHAS(Input layer)F A
Z(Output layer)Ateloll 3ti}e] & &4 & (hidden layer)2 Al839 EAE sHAszgn 3=

ANE7} 1980 dthell A= e 53 FUI}E(Rumelhart: 1986)c AR F dundF

(backpropagation algorithm)& 7H:&3t gt °1 A2 & &7 F(hidden layer) & 713 HAZH
Al (multi-layer perception)o]l HAG&FAnEL Aoz H APEH EAFTE 3
A & YA Ak o)y dFHAEE S FER(multi-layer perceptron)t YHAZF, &
L7% 2842 wgoz AZ4HY &4 2UY A4 2H3A d¥FezA AHY
9l dZFL AR ¥+ AWd(feedforward)e FEolth olg ¥ UFHHPYEEL ©dF ¥
ANEEZF FAIE 728 7HX 3 AT FHAETS 4 FUES &y EAHE vd¥ge=
oz ¢ HHNEEY AL FEIAY TS FYAAY. 97 AL EHE A &
2 EL H42HYFA%5( Least Mean Square)@ 12| EE HAYH oz H§FoZ wige
B33 ( Chain Rule )& <2yl wE 3oz #L&( Generalized Delta Rule )3t &2 A}
23 ( Stochastic Approximation Framework )3 #dX oA fFx3ch ARFUEYHI o
ANt ARG A4 AWgon AFPHAAM Fo U FHL JHATYFN o3o
zAMAYe AZ Dol Aed uel o] TEFL AA A HSEF( Supervised
Learning )3 ®AIglE84( Unsupervised Leamning ) ¥ 7Z313<%( Reinforcement
Learning )22 788 4 ot ZAISATFS 4Pkl dsteq & gkol FaA U7
2o gFdA FA=9e £ F A e WY 2AYRETEE 23 ( Kohonen )9
73 A A 8¢ ( Competitive Learning )& o] Y gtol g & gkol A&A Ae Aol of
Uzt 2L AZuoA Hal82( Processing Element )39 23zt odtd FHEF(
Clustering )& dA fFAHS ME7E Fv 37 2L ggolth 28 Z3stae dg gkl
g do thatd #2232 JEAE LT ot a2 gt U &gk
& #}AsE ez 3493 Recall Dynamic )o Hejoll metr AFHej& Bl
Z AW( Feedforward ), F%( Feedbackward )o ¥e€=z &t F U A&
(Simpson:1992)2] ¥ 7ol 9% F&FPeE A < ¥ 1 >F I
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3] 49 3}( Recall Dynamic )

3} 4 (Learning)
' f 393k (Feedback) A v} gk (Feedforward)

Y =Y E 9 A (Hopfield
Networks) AP A479(Linear
°olE13} ©o}E2(ARTI1 &|Associative Memory)
DAl =38 (Unsupervis|ART2) 8 & Wl B 5= % 3} (Learning
ed) %3k A A7) 9 (Bidirectio| Vector Quantization)

nal Associate Memory) |& AW 87} 3} 3 & (Drive
FA Bl E Y A (Principal|Reinforcement Learning)
Component Networks)

A} 2} A} Bl (Brain-State-1
n-A-Box) E 299 (Boltzman
21 7 # A 3} (NeuralMachine)

T AMG ¥ 845 (Supervised) |Optimazation) ¥ A 3} (Backpropagation)
3] A o A % 3 & v E 9 2 (| 4 E &(Perceptron)
Recurrent Back|°o}F2 2} 1(ADALINE)
Propagation Network)

<E1> gaiyd mE VFTEF

Ag: LA, “AFNELE o] H2FEFAY H2 A YAANE9 427 §42387)
€Y HAX=ZIUY HAH = F, 199, p.35

O AAggas s 24
L A7) d1dE
AR T2aPPL IYEL AYsE AH g AEA wiez zzaPs
3% %m Al Taadust ded F2E PARE AYLFZE Rt T2y

® & Zzadeu A8A7 AAE QG HEad AFPo| oo WEHES st
el 7HAch ol @ FHPL <2 559 Bol VI Y ¥ 4 A

13) o1& % Exe} @

1A11
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8%/&4

net; = by + glwu a; = F(net))
= b + wy . inp1 outi = f(ay)
+ wiz . inp2
Wi3 + wiz . inps

...... out;
in . INPn
St eA:

TEFTE A g

ANF 2+ 71314

2 Aol ze) oA

wis 734

u; Al

< a¥ 5> dedFHITFR)Y 72

271 2”8 FUES dFHL Arfeln &L dtuoly o] e 2HL2 Az o
€ A(RYE)E Z w3 4714 e ABE mese A B8 A 982 inp(h)E
FAAE w2 ARAEL neti(t)2 LA & F ov G447, 24¢F, FAAE S
3 o] BV F Ut

1A12
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ai(t + 1) = F(neti(t))
outi(t + 1) = fla(t + 1))
wi(t + 1) = wy(t) + dy(t)

dHdHo2 FUESY YEdHE NBFEHo|n Y7 EI7) o B Eolo) e}
A3UF%e 2L $LA%e 4, $2AZUAMY wEe 845 Ako] Z (training
cycle)el <, 71ZHepoch)®l Z7), &€ 2 EdWd(momentum term)d BL B
(parameter) £ 2 742N FAA oY R4-EL WA AHst=rte way o
FANRZY Aol 4L AA vAD JouZ oje ZFaF EAoltt U o) A
el 71l e =Y mebnley WEYI 94 (network topology)d] tE o|2 el 7]
TE A9 A &AL A8 1A FA2"HE Byo] 9@ AMASo] AAY L Qi

AT UMEAIRLGN & A3 UL de 71 Pyos Bgsts= A8L g o
BHoZE F& AFS n A9 ¥ 39 2P g n Y 9 HHe zyw
(hyperplane) 2 2 £¥3= A8g Ao Fol3 EXE 28502 27 JsiM: 2z 2o
of A= Ao & A a2 & AS9 58 A Mg Aol b Y HeH
Bho} ol o} A Aa} AF Fo Y HMeo 2L GaA U }} sl 2o A=
ol UF ¥ A& 7w AN2ge 98¢ s 539 e @40z duksay)
Hoh dEdee Ox Jgsrw ste A%L Wk wde] M F71 YR How Aaw
=0 0 AEINe 87 dAY o B IAHYE, = AS SFaiA F= A
doh. 19 g2AZdA FAXNE AMates dhve] #¥os o w(Backpropagation)d o]
AAH I vt o H b9 (Backpropagation method)& A2 %9 st&ubyel vz 2t AZ
A oMHE At o] g ARE Aoz LANE HGaA AAANL = g
oo stue] gded A" dE A2ge 2HAZ 2ud Yix JHe 7 A=n)
o ez Asdrh ojg Y8 2XN2€@8YESFI 22 ALEY. dAREL FEFEI)
xll A W E7Fg3tan vigagsolojol @k aalm Al2dL v Az g= 2l
=R Hlasta 2 g AN F olg AFste Z AZulg oeE ARZ Ao
FAA R owF MM 2 YSE=ASE AL UG dHAA} Boyw o)y
NaE dgesd BE FAXNE AA"Y. A0go] ZAXNE ALY 2 7| v
A, olg 93 =93 T el H(Widrow-Hoff Delta Rule)o] &350 Al&st).
° dwtzte Wbt A ( Generalized Delta Rule )& #8849 E3<4 F'(x)8 883 o
=% Zo] Z8th AFUY nety & 29 o,f AAE Ay g AS 1o Qi R
T EYAZ 22 w4 A w o BF @ ey go] AMNHYG )R AMBE
vl &l & of g o]},

erron; = F'(net;)[goali - o]

14) B8H, ATNZTE o83 AXFEFAY H2FYINANFe d= Tazydre
9 HaxBFddegd JARY=E, |, 1996, p.60

15) James L. Noyes, [Artificial Intelligence With Common Lisp: Fundamentals of
Symbolic and Numeric Processing; , D.C. Heath and Company, 1992, p.445
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Ztzte] & AFol ds AFZ REHAS AAF e 4 A w o HE dHE 9&
3 o] Aitdrh

erron; = F'(net;;) 25 Wi . errorg
J

A = Al A w g BALE FAXNA g ofrid 4 dHE @I A AedEn F
o] A& A FAXNE A o2& FAHNH Reups Fol FF BTN =g
F'(x) 7} A8t o] 85 7] AH8E 855 HEE EAEY RE §& A3
Aol 2+ Aol i ozt ZAHEHH Ao]27d 85 (Case Updating Learning)®] FAA ¥
ste o AF9 sl o3 PP,

i

dii; = L . errori; . 011y

H
fr

diij = L . error . o135 + M.Z-1

W Zy £ A SEAL 8 5 AME dy oItk WY F EA He £
2 4L 45 ME 711 EAEYE EFBTh M = 09 S & e A 43
Moz HgHo] frh ojWHo] ASHEAE FANE AAgo] ok Yo AAadet

Wiij = Wiij * diij
71Zb73 A0 di§ FAESIE 28 BYgos YA & FAAE S Ao 54

Eo 9t ZE Ao o AHE 3 Aded 4 dAE z2adde AP g5
so02 7|£3H < B 2> ¢ #r}

16) A AA AZL 44 dPAZFoI22 AAAA FAXI e Aol
17) 2ef o] 3] A A oA Zy; = 0 ot
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1. EYZE #A3}n 2783
a) A%4 NL& Ad9@
b) 2 AZe]l THE 4 Fney1=1 ... NLE A€,
c) AdFHE AHg 8t
d) 584 Fx) & o9} #dE 25 & Ay & §58FE x 994
H Aol mlE7hgdtef ok Fo)
e) 2HFr oot BHY EFE HHYEL o] g2 A ded
Z4& UHEFHor gt AFHoE FFYSF f(x) = x 7F AHEEY
f) g9 2y 24 ME Addo
g) 7177841 (Epoch Updating)eluk #| o] 27841 (Case Updating)°] k&
Aestn gef 7]z ale] AR ETE Y TI =0,
=2 NL 2 %73} 3o},
h) 739 =& Addd &g AH83loq 2E FAA 38 w,
1=2 ... NLE& 27]8¢t}, 1e8la AHAgE 27|88
2. 59 gEAtElE A9Ed.
a) ncp - 8290 HHE o0& WolERIY.
b) nexw - 84AHE goald WolEUTh
3. AYAAE 1= 2 ... NL ¢ #2002 olg 8 g}
a) wi % o1& AHE3lY no - 84 neti HEE A4{
b) net; & A2 nc - 84 a HEHE AL
c)a & AH4d9 no - 24 o HEHE A4
4. 394 gt (Backward Propagation)& 1 = NL ......... 2 9 £o2 o]l§ F£YTd
a) n - 824 errorn MEHE A4}
b) nc ¢ /AW E D & AHE3tY no & AdE
5. A& sy
a) #Ae]2 7§ (Case Updating)o] AH&EH FAXNHE w = wi + d,
¢ 1=NL ... 2 & &7 A%
b) 7]1z+7341(Epoch Updating)e]l AH8-HH, /AN & Th = T + Dy,
g 1=NL ... 2 2 st FAIEY AY v
Aol27t A wi=w +t, & 1=NL ... 2 2 wig A%,
6. 8t 712 (training session)¢] E°] A& @A e}t B¢ H§F7)3to]
Folztd F Dy gl A wy PE 9 FAXI uiFA A Ao
574 L WIojeh 2FXNFLeW WA 2 2 Eopb tA Al xslE.

< E 2> qdaggdng s ¢
2. 7% 2oy
HEY ¢1YFES /e 3384 AAY Z2a97 ol §8& s3] A48

Noyse ¢ 2d& o]|839 TURBO PASCAL & A #39Y. o] T2ayhe Aojx7a
(case updating)® 71Zt78Al(epoch updates) 257} 7H53td =£§ d8xl:E &5 o
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a8y Aed 2dd ol fARY S EVYE MR & Zigd 7M1 o iR &
53 2884E AHEslo ARG nAES APsted e 83t Z2add g
7red Adgstd o] T2 aWe PEdoelE BYe FHR YHHEE FHo Jon YE
2o F2E AZFE 4 WA 4 A3 FUE FE 26 /7HA ZHEol AAE 5 3
T2 o Q) o] ZEaPL XN 2P FFEH T AHEE | 3AZ R
Mol AATE g3t T2 adolrt o] TP FF5FHFY dE EHIFI AL
28 o= AHE7H5EY 2AEEANAE AddETE S AHEE £ . a2ga &
z2%e] AMEE JM5dith WA FaFgFEE dHEHe fz=AYE AUSE vnorm(), 3
Fol BaAHE AASE minorm() o) Utk TRAAFFIZE Fol HHE Y=
displayvec) ¢ Fo|z2 8 & &3]3+ displaymat(), WIEH A EFY IP&EE BAFE
working(), ¥4 &% random(), 8484 FO, &57105< A28 Hxe HAY FAXNE
AR3E getwgt(), Zt Aol VEHAYHXE AA3IE propagation(), 3 A AZF <
Hx ¢} vl HASE AEe FUEFANE ¢+ training(), AL SHFTE A 4HE
ol A &8tE results(), BAL cE FAAHT LENME ANSE learning(), A2
AZd e 42 REY 282 RAYFE writeout) ¢ ZEIAE APt dlwrt ®A
He dezzader FARY o agn AS7AY ALE Fo 44 BAF7] A8
w =07 952 w & 27|83t 2y HAAZ o]FA HYE od wAELS 717
BolssA B AA od HAUe T4 el w (B Z4 w)E X787 S At
49, a9d 5o f§ oA AY FAXN 1 HASHA & 5 U v o
#HE Aol dojud o 2713 FAAI AMSHAY @F 5ot dstAET. ol st A
B xzzaofe A3 3t B v Zh

IV. A733zzaye] 439351 FJ7

B AFe 22adg Ay dsiMe 9uA FAHAHE ZF 39 FUEY £
3% EIJS Aok o BATE 34AF T4EH(Y YD), 3M(EFSS), 42859
oz A gt 2¥HIFE HPIS(Linear)9 Al AF ol =& 4(Sigmoid)e] 2 FF7T
dom o= AQZIE AdEdE FHI HoUd BE dE€FS AIdFE 33 FHFS
ANaRel=gsg Fthid) vEAY TRV FMAE S ASdolgHd #d dHE
3ot F AEdolete] £919 1 AF dlolEE WolEd oW olF9 UHH{UEL TE
o JEEH B A7 AS AEdlEY F& 7ol dole 3 YL traning.pas °|h
o] 47 & dAo] FUW =vo] FFo] AET & T2 H4PE A s I
3 B ABEIAAYL Aesle £ds Bz 3 ol < 1Y 6 > 2L 3 ASEd
(NL = 3)& 7tAst 2 ofzio o] o|& At}

7 7bs@ F4e #(99)
3 7% #HY F(gd)
7 ted N8 F(EH)

H

ncy

ncsz

ncs

18) A&+Y, C2 w=xe Ao FEAEH, A5EHA} 199, p135
19) MEH A FFAZ0 A& dHolEst 2 A7 A&7l
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ol del A

<19 6> dedaidrd

B 108 7MY 2A2EESFE $5H5E AL $FHTFE FHETE AMEEHA
th20 ZF A HAE 0 2 AESD 52 L = 05 2 RAEL 098 Ag@hD 27)
ZAXY e FAEFFAXNYG aF FEUINY 5 BFA HFH gl ¥ IS
7NA ¢ Q7] W R 27|FAXNE FAHRZ A9t A€ viehdo] FAA wy; &
Ay ¢ w e FAl(connection)dll Wi 7tF Aot AEEH ws = -0.09%5 & A w 9
A ug ol E B J1FEXE Jebdn, FAXBAY $HE VBN Ao 24T Ao
27218 Aggct olA7A A4 YHuUES TURBO PASCALE AHyd F ol Yd¥
¢ Ad4E dSH 2o

20) HA7t AHEE W o] F4EL FEIsSoF @
21) oJAL o)A Mg olF FA EITUE A& V¥
22) YdiH o2 ol itHggFulolEle] HHfME AFFAXNE F9E daE g
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Interactive Neutral Network Program

Please enter the title for the model:

medical

Please enter the external traning filename: A'training.pas

Please enter the total number of layers (2-4): 3

Please enter the number of cells in layer 1 (1-26): 7

Please enter the number of cells in layer 2 (1-26): 3

Please enter the number of cells in layer 3 (1-26): 4

Please enter the activation type (I or L) and parameter: L 1.0
Please enter the output type (I, S or B) and parameter: I 0.1
Please enter the positive IRate Learning rate parameter: 0.5
Please enter the non-negative alpha parameter for the momentum: 0.9
Please enter the cell bias types (C, S, R or F): C

--- are the initial cell biases to be fixed (Y/N): Y

Plz enter the initial connection weight type (C,SR or F): R

Enter a single bias fot all cells:0.0

Enter the positive Pseudo Random Number seed: 0.1

Enter the lower and upper PRN limits with rmin < max: -1.0 1.0
Update biases/weights after each case or epoch (C or E): C
Normalize the output for learning? (Y/N): Y

Enter the number of training periods (epochs) to be used: 40

Enter the non-negative convergence tolenrance for this training: 0.1
Do you wish intermediate output from the training period? (Y/N): Y
40 training periods(epochs) have been used so far

The (sum-of-squares)/2 of last layer error is : 1.5420993911E+00
Do you wish to apply the network?(Y/N): Y

< E 3> dedaidazdge g

azj offe} o] 3709 FAAcl2vt dlolEl WY (training.pas) 2 YHFHo AAGe ¥

& I3 &7 (epoch)vttt AHEH AT o]7]zbE AP W g g
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Aol SRR =%

1 0111101 1101
2 1100010 1001
3 100 1110 1011

< E 4> dgAolx9 9

A AR &7 epoch) Aolx 1 o dd dPez AFAHIL gFeg Aoz 2 7 9
e 3 Aolx 1 3} ZL AdHAo HEEY. aga Aol 3 ojMYHE A WA FH
717ke] Boldtt o] AL Z+ FYoe] 0 EE 1 A HIZH 9 74A ALdd & YA
£ 408 A 7)1z (epoch)l A BE gL Zzte] FHA ] 01 WA AAHANG. & Z
£z 4719 FERX 01 AU ol HAYI 2N Gl O AZE HFAE
0.2 olgjzto] dd Alxde] Fde] W & #AE dHol AHEE F ATk ¥ A
AL dYe] FAde gtk dEEW AN MY Fo| wge T4
dEHA oJAL Y] 1001000 ¢ #o] L uisin] ojZd o8 VFFL &
B 2& Ag FHA ok F o237 (0.9840), #7122 (0.3247), U4 ™(0.3334),
F21(09891)& olef Eoh ol 235A ddh

Input to (and Output from) Cell(s) ul1l] - u[7):]
1001000

Layer 1:

Output from cell(s) u[8 1 - uf 10 ]:
0.5000 0.5000 0.5000

Layer 1:

Output from cell(s) u[1l1 ] - ul 141 :
0.9840 0.3247 0.3334 0.9891

DO U wish to continue the applications? (Y/N): N

40training period (epochs) have been used so far

the (sum-of-squares)/2 of last layers error is: 6.7882439180E-01
Is additional training still required? (Y/N): N

23) o] FEL W=EA vl Z 719 BelM o FolAe W2 MUY e
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<E5> 299 1By

Network Model Summary:

The file used for training was: A'training.pas

There were 3 layers in this model

Layer 1 had 7 cell(s)

Layer 1 had 3 cell(s)

Layer 1 had 4 cell(s)

The activation type L was used with a parameter of 1.0000
The output type I was used with a parameter of 0.1000

The learning rate was 0.5000

The alpha parameter for the momenturn term was 0.9000
Normalization of o-vector was used

The cell bias initialization type was C

--- using a constant of 0.0000

The cell biaes were held at the initial value

The connection weight initialization type wsa R

--— using a PRN seed of 0.1000 and range of (-1.0000,1.0000)

Update of weights/biases performed after each training case (example)
There were 40traing periods (epochs) used

there were 3 training case in A:training.pas

The convergence tolerance of the last training set was: 1.0000000000E-01

The (sum-of-squares)/2 of the last layer errors was: 6.7882439180E-01

End of Backproparation Program

<E 6> UEY A &2 QeF
o] e HA3PAFA B uf dHo] 1001000 3 Zo] FAY AL ol2uAFg F2o)

$43 FHdEq & ZaaPdeA A9 FAX AAdgon Aol2nNg Mdgsct
7174 o x v dIFH7t JoEd. FAHeE AN2RE HFEA EFAAN
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A3 FANAN FHHe] @& FAsNol Yasdd AR B4E, HRXFAXNYY, ¢
SAFAAGg Ao £ FL A JHA] 46 Rk € 79 BE 2 AR
Me o 22 F88 F o 2y AFsr 2 VMEHAIE $o #ddn o & Y
TAES AZE 571 Ao AZBA2EE FEYE o ¥} FFEE e AU Qe
A& ohun &x FyPute] M FANL F YT A2dHE ’Qﬁl@ T g & 479
A A AT FLAZFIELE Fdded o8 ERTE ATIAG 2y o9
Apgele R7HA EAME ok AR A 9HH 2% (Local Minima) E(w)e] F93 HAg)
< A2 7 e wil U2 A olHE Bf w o AT e 2V|ge FAHHA o8
OAl AZopdtt, ofefel A YA HLF E(w)E BE o3 Zr

E(w) = 1/2 g} ng[goalu - oii(w)F

B714dA & ¢ & FFHEANA A2 & m & EHAFAAMY A £ oy(w)
goalyj ol &3e EHAFTEHRA ot HAAFAE( Least Square Error ) E(w) & &
gt ol g3t &g WY Aold U A g ey o9 7]&7](gradient)
AX e WstFd gt 4 =ddge EA7F U dwEz FAX) Asis ‘:'"]
A AR F3] F} o] A$ w o o & AAGE AHEIAG 5SS

F Aok 2 AAT FFE HEEsty] 93 g siyel Adsa gk

@ A 0 Bodr

r
oﬁnﬁ“- rir

V. g4

BEdFdME @A d LY T2 FAE o338y Y8 AF2 e dudES
oJ2HoZ EAEI ol§ EUE ZZIYWE HAA AW ALY AL
A3t EATFNA Y FdndEL 3ASFFRY AL uyFo) ANA G
23 dedaA BN 2dEYg S AYXE AYsAth. AFF, =25, FFAE F,
Aag, LU B4 E JYS A¥ A YA A FHo] /B H} AY
A2k AFMEYIE 98 2(McColloch W. S.)9 3 2(Pitts W.)oll &3 1940 o
Z719 ALHNUYG. HF2E FAHAY AAHAEGAR T Jx2e FFHAY .24
AZ% Ex= FEUYUYEAIE AL AdAGHROE e Jdaddsydez o F dBiA
Ao W Fe HoEHE MEN ELHLFE Ay gt o Al2|E ojH Hlo|E Eo)
fAY 2XRIAHER F P8 F Jde 5AE /MR e A Aadel FRUEE
EAH AMNEES T3 U dHEZYEH B YHES 5Y8 o FAJ
7beatAl REEY. wEVEE v AU SAMEEH 2L AM9) BEY HEAY A
53 ¢ Aoz #9532 vt 281 o8 71X o U A AT & Folzith
w2 EE ¥ EAA 2 (PDP: Parallel Distributed Processing) ¥ @2 d(
Connectionist )olet1x ot £ A7 dEANEHE A FEH 88 5+ UE
712E€ AF@rie WA 2 st i o a2n AFEES AL o AgEE

24) Abhijit S. Panadya and Robert B. Macy, Pattern Recognition with Neural Networks
in C++, CRC Press, 1996, p.35
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T2y Aol LISP BuhE AH C, PASCAL, FORTRAN 2.2 /i AYgAY
NETWARE #1 & 2ZES o &d 93 s34 473%E 9% & e
d=dolz 7HE EF-AFEH AR AMEHY WD E ABY d7E A™UA,
HE/M2E EE AolF9 Eok2 1 $82 HIAY daads dojdar @&
HrzagAolde ol EYME T FF ALAAME tx Ak FA

ﬂz‘-"
R
&
rl

1. A9, 35, oI5, olF3, AFH, M, AZFFTAH, 474 VALAFH, ,
AAAEAE, 1992

2. A&y, 'CER 9=t Ho ARAAY,  AFEHAL 19%

3. B84, UAFANAGE o]§3 AXFEF 9 HZFYANAHEY H4F7 dFH8rs
¢ HaxZgdugd HA e =§, 199%

4, 88 H gAY HFR FB T =2—ur, 2L P I—7° | RAEE "FEAFH, ,
g3 AF, 1991

5 9d<%, “A Neural Network Model for Assessing Expert Judgements”, '@ Ydjda=%
2, , 1992, pp.451-463

6. o] A&, “Neural Networks& o] 43 FSEAJMAAN2GAEA € A8, "94Fdddess=
Z; A223, pp.101-103

7. 9%, o ARFA, "HAANALG /AN, , =X 93 o, 1997

8. Soon Ho Jung, "Extendibility of Neural Networks”, "#7Z & a=&3, A28 A23%, 1997,
pp.19-24

9. A%AM, qRAAFEFY, "FRHAAIILAAAY obd 2 HFE UE, , WFAH, 194
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A Design And Implementation Of Simple Neural Networks System In Turbo Pascal

Yoo, Won Tack

Faculty of Information Science, College of Natural Science, Kyungsan University

The field of neural networks has been a recent surge in activity as a result of progress in
developments of efficient training algorithms. For this reason, and coupled with the widespread
availability of powerful personal computer hardware for running simulations of networks, there is
increasing focus on the potential benefits this field can offer. The neural network may be viewed
as an advanced pattern recognition technique and can be applied in many areas such as financial
time series forecasting, medical diagnostic expert system and etc.. The intention of this study is
to build and implement one simple artificial neural networks hereinafter called ANN. For this
purpose, some literature survey was undertaken to understand the structures and algorithms of
ANN theoretically. Based on the review of theories about ANN, the system adopted 3-layer back
propagation algorithms as its learning algorithm to simulate one case of medical diagnostic
model. The adopted ANN algorithm was performed in PC by using turbo PASCAL and many
input parameters such as the numbers of layers, the numbers of nodes, the number of cycles for
learning, learning rate and momentum term. The system output more or less successful results
which nearly agree with goals we assumed. However, the system has some limitations such as
the simplicity of the programming structure and the range of parameters it can dealing with. But,
this study is useful for understanding general algorithms and applications of ANN system and
can be expanded for further refinement for more complex ANN algorithms.
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