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52 wHd ol ¥W FTA=E 197699 AEY g AAYES dFsd AL
g n¢s) WA FIith a2 Age YE2FY AR FAFAN dojue AL=
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o] Z(James L. Noyes)¢] PASCALE#E ¥43tx o[& TURBO PASCALZ Tds B2
2H A% WAH Fx o)) $4EGE AA AYFoZH FFY U BJY =Y
2 Agsed £ Fxux s o] BAT HHodh

I 327339 ol &3 w7

o #F AFE A7 T ARAE 2o Ui AFAAEE AFRdd)
<ag 1>3 o] 7% 7B B9 FH(neuron)olgte AEE NAA2HAA o]
5 gt AL AEA(Cell Body)Z2HEH U2 &ME7|(Axon)2te & 79 7t=o
& & 7](Dendrite)8} Eele 7HAEXNTHE WA #F t9 7182 T4
. 7L 7ol ode LAY Hx(pulse)E T8 FAESAA FHL Tt FL3H,
F E Ue wiG 9FdH YHAUZE PolA AAE Y Fo AEA ol& o
Al Rtk 7HE g8 wd9 FAE7IG AU AXAE 92 9 ofd 2YAAS}
2(synapse)dt B3¢ HEHE 539 A5 E U 2uA d4d2

Ve Synapse qnag
Dendrite $4§M

~Ma™
~H Cellbody o "51 7 —Synapse MUja
Axon /- Cleft

e | 3T

s m Synapse A
L.
A
:r% 1'?%!%24 ‘3"‘4%7&—?51‘-’4 :f% .;-,319_‘ 4,}‘_%7‘0. Cﬂi‘f
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<3y 1> 7aY wegEy T

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

=

s}

Azt AAAENeuron)d] EEg o]lf3ld AFA2EL FFHF AL FAHsA w2
(Neuro)2t2 R 29 2 E FAS: & FHAZY UFHYA 2L FYUE(unit)e 3HA
v} X2 84 (PE: processing Element)8tx gtol & w9 fFUETZE <9 2>9 #o

o

2) AEH, AFAALL ol 48 H2IRFNY H2FYARHAY dF, FFAYE
HarcFdostd Al e R, 199, p. 28
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o Ig3 Zol gilY 1289 2AE ga dgd g AT Qo vt KA
HE)Rd 2F5dE 23] 2 ofdl aYolMe o] A8 84 (Processing Element:
Axe g7t FAEVd dgE AFES AT FHo o8] A8 (summation
functuon)dtiz A& A & 27 24 (Processing Element)e] A (transfer function)3t
T 7% A Hn, ol e A3 od FAA(HE =& AFF: wizt FHA, 2
e FUEC dEdd o] ZA N FUERY ZAF BE/F VWY X9 2
A7y A9 Z4Ze] gEAE ol doiA $FFF@) i 9 WYL Be & Ay
9. w2 EAE Y AR FRe ERUIE Hojn Ex FEE 1xe W BAXN
Alzdoln AR 72 gFste 54 L 7HNT Yot ojstdA Zd FUE(FR)T 4% 4
29 AZ %] HEHT Fx9 AP E durz,

<a¥ 2> 7Y AFHNYTE
FH, d9AL, 1991, p4
2. EYardo Fx9 47

TR UENI 72E AF Tl ded ot Hed FUEE AY2E ¥F

T e
4 H5% ez 435 298 VEYAE 7294 A2Y YEYITERE YE £ Ut 97
A FHEE FUEE 28% 2Eoz d2% RmuEdare #H(node)d sl
E FUEDLE AFE R d&se doez A48y A9 FARY AYA(Synapse)d
golgtn EYAAE A%H Zo] NI o BFo2w Ag¥n oW FAXs HyA 2
gdd FUEd d8ed FAXNE FEAY AFLdE Heo] £8 JANZATY g Re
TE A E Y22 AT AN gt FAANE gl oA @A
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2 4 Atk <29y 3 >3 go] FUEV} ZEFSE OFH A IV 2EFRY &
A wgozu APAE FTZE ASFPUEYATEE . w2 Fgold FEAYAE
o] B3 2EE FUETY @E}S}%“% zAse 74°]‘4 w29 FYEZ AFeF 29
gAzHN A F Ut w29 g5 oz L4 FAXY 271gE AHFEZH
AZEd, g FAAC B ‘3°*7}4 ) 2le] glow —r’i}ﬂ(random)%k"i qEh 1

& o] ZAA A FFdletE dAsn FrIES FFIe Bohgn. 183 ¥
HATHE wge g FAXNE A Az FrrE P ojdg e T AXLE HHEEo
22 HA Ao 7t7to] st o] ggolth oW FR JoA 9 HAFFEuYFL A&
stele EAY Aoy ojgHE WEHIAY FTFHA & 2o LAY el
oz IAEA 53 FAGE FH5uHel slon Tdgs dstr] AdfME EEite H
7t71%0] "ostt}. o] Frt J)Ee) o HE BHE =N FUERS A F
AX WiEs 2380, H71E JPyde RN AT ZA AT g o] A<
£3e Poste SEPde AAZA FEPHeldn dd. B BAES WA 9
B st A AT E Foslx] ¥ SHHAes zAE Seideldn g
AT wAt2 A 54 (Supervised Leamning)# @& 3AE 739 AB4E FAHOE
stz gt
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Z&: James L. Noyes, Artificial Intelligence With Common Lisp: Fundamentals of
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Symbolic and Numeric Processing, D.C. Heath and Company, 1992, p.424

r }ﬂi

A7 AU A9 3ASTEEE AHEY 4 Ay Bde ZA(FUE)L
FAEE AE A8 8 A(autonomous processing element)o]® ZHAL o] g3k Fhne
AFHE AT 5 doen 7[z2& Uy, Uy, Un 22 7|3 & N2 dEHAY
de Ao F4E yehd o3 AALE FASE =9 M4 E B9 g5 2o

facs

1) Al %] (Weights)

ZAX Wy A Uj 7 A U o vlAE JFS ZAST 9 Wy =034 41 ¢
A j el ol® A2 (connection)® &S Webdth. o] FAXE 73 Rein forcement)
= FAX = Al (Inhibition) S YElNY FAXE P33 W2 Yetd & Ao o] FA
AE 08 Fold o2 EE FAYFLE 27|8HY A (E S o3 dA €.

2) % 5+-& (Propagation Rule)
Ange 4A2YH 4g8 @0 oA9A AFgH 4 u o dAHE AE vE
= UEYA FH(A)olg. BAFE /M B3AQ wA9 duQ oty sEFd A
(Weighted-sum rule)& AbE3th A& 7 Y X9 19 7AFAFAASY Fo &
ot 484 y 9 HAA( bias)E © g Ao|th

neti = b + Z wij . inp;
7

A714eA j & Ay o ARE BUle BE @94 +2 Yz inp & Ay 25H
w ol g% dHEHFHS JElddg 29 b v A w & BAY FAE JebdY AAEAE
519 4 48aS 70 2F 84X 1 é BFEe MR s o) E5AE
AZd F718te o] Yehirh A7AS PP PR A 2H net = b + winp B &
Zgo HAE b =032 713 3% net = winp & €& & Atk 2383 139 X
2 93 Nz ErIYgoezE Y EYIA XYY (network notation)¥ AlF X719 (layer notation)
o] Qth AZENYEL ASHE Ao ¥ E SHHo2Z F F o] AFAZH 8T
g HYsy HEYIEIYEL &S dehlls A WEYZE FHIF3tsd Hey
Ja=

J:iifﬂﬂlé

3) &/ 3}(Activations)
Aol HHE Yelue A uw o BHE a 2 JYEUY o #2 {0,1} ==
{ 1,0, + 133 28 ojatgtel gAY [0,1] =& [aliaHilF 22 73§D A58
4 ot a8ln 4G a & A FHwH o8 AR A

4) &3+ 3] (Activation Rule)

HTFHL BYTF Flx, a)oll 93 FoAAH girE BEE Ad i3] £ 7t
Abg ] g x b A2 RS AEET] Y&l o2A A (% a o BHH
EAE YEdD. F a = Flnet)Z 4 AL A4 g0l o) AHE3e FFESR
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W oj et Zrl

i) 3% ¥4 (Identity Function): AL Ay d g3 2.
Fx) = x

ii) A8 ¥ 4(Linear Function): &4zt A¥AZH R MY F ol
F(x) =mx + ¢

iii) 92l ¥4 (Threshold Function): 7]&Fo] HE 9 gt pE AlEsE T2
54 A7A F8o] Q.

_ [0 for x<p
Flx) = { 1 for x>p

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

_ (0 for x<p
Fx) = { x for x=p

x| g I8 g0l gX(threshold) p & 7]Fo) vj@staA A< 0 o gol
W 1 oldold 1 £ XAgel 23dY. JgAFs-E A LT A $ HE @A ’Q‘_
F 71€# p & d¥sto HusH AU A #5F 49 F @4 E DA EF(step
function)zg} 1=

1" al J{N‘
ox _ﬂ

vi) 2A 29 ¥4 (Logistic Function)

F(x) = ——=

BALEYFFE AZNELH 22 £ AFEDAA AHEHY S-FAB 2EE MR Al
Rol=(sigmoid)Eolitt. AR o|=ddF¢E x—>—00=>F(x)—+0, FO) = 1/2
x>+ 0o=F(x)—13 2ol GxFIsFoly nErted #+E TEH olne =dFE
F'(x) = F®[I - Fx)l/c & #Zo] dv. § F )€ l_%l #H ) 2t ¥4 ( unimodal curve)®
x—>—00=3F (x)—0, F'(0) = 1/(4c) (F'9] Huigh), x—>+oo=F(x)—07t €c}. 4714
Mce 0t & 452 274 g b#sg Azl

1A6



sigmaid Tunction 1 sigmnid function

<aY 4> A% B

AR ALY, “VFANFLE )8 HEFRFAY HxTINANEY 45", §F35)
Y HIA=ZINGD HASGA=E, 199, p.34

Eol=got o] x7]9 HANEEAZ B AHSE BAFFY dE < 29 4 >9 2

a
o 84348 Aold4(transfer function)F L% o},

5) & ¥ (Outputs)

g Aol 283 outi & I Ao FAHFFY
oj2l& &334 (output function)dt &} W&
(identity function), 138 ¥ <4(linear function) =+ 9 X &< (threshold)® YElE 4 gon
g4std AAgS A3 AMgE. oz AL A5 FAHFS oA &9
#oe WHFste AL LIH T U B9 £AHL ol e FAAYSFE 2P
o] §-gr}.

T gg dFZ outy = fla)E YERH
g 2ol &8s+ IS5+
o
=

0 for x<{p
AAGE (0 = | % fopsr=q
1 for x>¢q
BATTE FAHoZ x 7F 0 ool 1 o]ae Afode AL p &S e q &2 g
=1-p & ALEDLS [ 0, 1 A 7474]%;%-% ME37] A% AAgSTE dutdeg A
=3 2885559 & L3 AASSFE 2H2qdA0 A" F Y

6) f—‘]’%‘?f"-‘l(Learrﬁng Rule)
SEtAe RE Q2xTY HEHI FAA wy 7t B & AJERA AAHES

5) dEE€¥ p = 01L& H3¥H q £ 09 7t &t
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2 gAste FHot) &S A& ulogo] WAL U8t (Supervised Learning)¥} LA}
9184 (Unsupervised Learning)e] om HAIZAETFAAME EX(goa) EE EFH
(target) o)&+= FL AFT3HE TAMteacher)7t L RAMREFZFANE FEFS A X
1 g2 3oz 27710 3 (reinforcement) Bt A A FANN AF AHEEHE AIHA
39 & FEL 1Y e 2o

c} =% 71 2 (Simple Hebbian Rule)
di = L. out; . inp;

SEdFHe A7) AG A B urel 2o) outi 9 inp; o ¥E7F 2o ghF9
3] (strength)& F7t38t 2 -r§7]' M2 929 i o] 73S AAEH
ol ZA=E t4 42 BT AL F Jon 2A1F- wAEUEE
*]1:%‘01]"17‘:— outi & goali 2 QAT ¢ At &3 g5S Hs
QAWE s FJugol & TR gow AT o] dojd F At

i) 2229 15 & (Grossberg Rule)

dj = L. outi . (inp; - wjj )

azanFAL Ar]2e] Holk uish go] HF(RA)e] BAY FAX el
Aold] wAHA FFE onl et

i) 92935 Tdelqt2( Widrow-hoff Delta Rule)
di = L. (goal - outi ) inp;
rzosxdeltae AALSASEY oY 5o AL AATE AL
goal; 2] Zolol] w3t 7HA f&q H A5 FHAMS: least mean

squares)] BT 31 YBEHE I AFSHA 24 F A2 A2
Qo P Aslsoel YHHIE gt

4N EAMN L SEole 85 8 E(Learning Rate) L& A $501% $4 0 9 1
Apole) Aegez 4 ARAANN nARS Atk Yoz sgdolest wzA o
A7t o’ 1o Zhe &e Aam 0 sEulolets AHYe] oW 0 o Fhe L &
& AHgate Aol BT HolH Y AP BE Aol YA AA B F$E 05 9
L g2 93t o] @A Mdolth DL =0 & &2 B¢ 7140 94 Uehin L
-1 & RAAA s G 0] GAH A2ge FESG L > 1 oW £8E /43

6) Bt} wg 58 ou 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

H} St oM ¥R Ftraining set) HF 9} 2 2 F 717K Epoch )olg} &t 7 <

Z70) BE BAX wy £ AE o2 27|%UT AAZ BE -10 7 410 ¥ ge
% 3Pz Aol BRG] ASHTE. A vish 2o] TANE o] 0 oW 4E Az
o d@Agel fdvke Re AUt oled TANE AUsEUE Aol2B(case

updating) 3} 7137841 (epoch updating)e] F71x] ¥¥e] v} K.7]7 A (examplar updating)
olZtnk = Aoz AL ZtZhe Bwit FAX] wy b wy + dy 2 BEF JAHE A
o2 717N RY hdd otk £ A Z) AN gAY A WA Ao
7t AEHZIAAN F ZAZ] wy o Wl 4 7t EAEE 4 Boleit BE 4 gto] 734AEo
t; + dy 7t E0h® FFIAF v Aolxrt AW F FANE JTHOEZ wy + ty
2 AJEY o] BANEL FRPFY Z 29 uixgduit FyPt o] WP wAgd
SFoAM F2 ASEY. o] BHE FAX AAR AN A A HsE: FE sgal
= FAAA AYA7IE AHRE 7HAT Yot FFAALE BE 4y (BB t; )@ FAE
E7F HAE |9 Foldr. RAIRATGY ASodME FEARFL SHAZNAY o
A5 ol Hole EFo| dis) F83 FHolNd HWHEA AL 74 7 dHE gad
goal; - out; °]t} 1D

ox

AZ G gsted ZE(Caudil)sd} W E 2 (Butler)= AR 24 v|dagE&Holy o}
g2aoln tao] HYAAE o8 A AYE EAJoE e FRAGA 2o
3 Aot o FIEE-J<E(Hecht-Nielsen) S A A3zt T2 2WE ZA349
AB3 2R FFAHE 2e 3NN A3 929 JNYPdYsz FAHY Y= 43,
EAdRRAeFxE Hogsti vt FFZ(McCulloch)$t 3] = (Pitts)E= 19431 d 9] =T oA
A7re] FHE FES ABAZLER o]FoA Z oY AFHIAL o471 G =83
A7 E T3t 2dg EAF3en JYHEF A Az A5HA FYPE FASE=
oj2d w-¢ Fosite AL UAASFAUT. o] =Eo AZFY mdo Axz Ud#A gt
A7 9]

GETAS F&3tH  YW(Hebbian: 1949)9 2)dted AAlE ¢85 77X (Habbian
Learning Rule)ol] 93l T 7& Alo]9] 7IFXE AT 4+ Y= Hx9 FHOZ 74
9 AL AYRAR YHAUTTAA 4ol & & ¢ JNFAE F= Wgo
gas A3t Yolrte "Wyolrt. 24 B el(Rosenblatt: 1957)& 3 Al E &( Perceptron)©)
g Hzo AAPRDS dFsgon SdgAAdr ¢uBEFHe ALt o] W
old el slee] g Fel FolRHE w o] Blo] w3 A He AAREY JFS
222 BAs e AFHY Aol gy o3 HAEEL ¥WlAI)(Minsky)9 HHE
(Papert: 1969)7} 'PERCEPTRONS’ #& AAdA AAEE Rdg Sgzon EAsd
3 2do dAHS HHUEH 2R AHNEE 2d2E XORSF 9 Zo] ©&d uA

flo

8) °ol&9 &2 FAA diAe] A

9) & FAAY ol AAFAANSTE An T

10) 2= ALt gol EZFE FE3] 7719 F& gndio,

1) F43 %3 ALE &FHe Aolg 9v g

12) A8, JATAREE 01843 A2TEFA ] H2FIANZHAY dF, a3 re
9 HAa=Z YN HAE=E, , 1996, p29
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3 PYHEAE F & dde AL BT HYEELE 9d9 ZHZH(single-adjustable
layer)o.2 A Qe =de AP L M5y 915t AHAS(Input layer)T S A
%(Output layer)Atolo} 3ube] %27 % (hidden layer)& AH43le] A slAdsda e
A=z 19803 AR 53] FASE(Rumelhart: 1986)= Fd#AE dndF
(backpropagation algorithm)& W28ttt o] R 274 % (hidden layer) S 743 thA 39
Al d(multi-layer perception)d]l HA 33 uedFE AHEFeEzA HAPFEY EASE 3
28 + JA Ao oleF dFHAEE S FZ(multi-layer perceptron)E UHAF, &
L%, 2945 BFos 449y 7 U A4 2HFM ddZezMe AHH
Q AL EAFA ¥ AW F(feedforward)] FZolth ©o)HF }EHHAEEL d=
MEZFH FAS 72E /AL JAT FHASH & FUESY A&y SE4 S wHdgde=
FozH &3 HAEEY & FEIY T8 FAAA A7 AHeEHE 94
12 EL HA2HTAS( Least Mean Square)@ 1 E]|FE AP oz fgoz n
E41 3 ( Chain Rule )& o2 @B Hog E( Generalized Delta Rule )3l && 2 A}
23 ( Stochastic Approximation Framework )3 #AX oA fFEIch AWFJEHa §
ARstg A4 LS ALS AWFo R APsdA 270 i +4L gAnstFo 931y
ZANUYME A7 Ttk A& uwpel o] FgFL FAA wALH3G( Supervised
Learning )3 Agl+=%5( Unsupervised Learning ) 2 233%( Reinforcement
Learning )22 78% + Avh uAGATEE JH 3ol Ustey &33gko] AF&A g7 o
T g FA=Ede F £ Jde EY dd wAESE S I35 W( Kohonen )9
73 A 35 ( Competitive Learning ) o] Y= ztel did &gkol AaA e Aol o}
Yet & AFUdA 3 22( Processing Element )7He] A3 zgo] ostd FHER
Clustering )3t A FAIG ®M+7)8] F& RAFH 2L gFoln. a8jx 73S 4zt
A Ao g3t FLA JEAE dFE stgdelnt, a3 Jgkel dFd £33
g EAA3te HHoz 3FY9( Recall Dynamic )9 Heldl et S&3HE 2o
AW( Feedforward ), FW( Feedbackward )¢ ¥HZ Y& + Ut A&
(Simpson:1992)¢] £7l ¢ dFFHE 2Y < F 1 > 2},

-t
R

¢

3

)
a2

ML

AN
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2] 9 8( Recall Dynamic )

8} (Learning)
: ‘ -

P o % ul8k(Feedback) Ak (Feedforward)

¥ ¥ =l E 9 2 (Hopfield
Networks) A¥AH79(Linear
. o}E13} o}E2(ART1 &lAssociative Memory)
WAL= 845 (Unsupervis|ART2) (18t ¥ 8 3 3} (Learning
ed) ¥ A7 9 (Bidirectio| Vector Quantization)

nal Associate Memory) |& %373} 8% (Drive
T4 & vl E 9 = (Principal|Reinforcement Learning)
Component Networks)

& A} % Bl (Brain-State-1
n-A-Box) E 229 4 (Boltzman
21 7 # A 8 (Neur aljMachine)

WAMS ¥ 845 (Supervised) |Optimazation) 4 A 9} (Backpropagation)
3] A QA 585 E9) 2 ({3 A} E & (Perceptron)
Recurrent Back{o}2 2} <1(ADALINE)
Propagation Network)

<E D> S e JAFTER

AR ARY, “ABAAGL o8 H2TEFAY H2FYANNA 427, a2
9 92390 5td A EE, 199, p35

. AFgetazse] 24
1. AAge duas
ANAe] TaYYLe dnASL APsE AT 2L ATH wyow zz A
A ;iAo T2t Aes TRE PASE AAYTZE Yodo Tz

g F Z2agejy AR JAF AH19E HLslo] AA o] oo wSIHEE e
FHE 71t ol#d AL <aY 5> o] s =¥ T 2= Qo)

13) °o]& B FxE @
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~dnni A3t
wi  neti = b + ;slwu'

Wi2 = bi + wy . inps
in .
- + Wiz . inp2
Wi3 + wiz . inp3

gs5/24

a = F(net)

out; = f(ay)

out;

+ Win . INpn

< ad¥ 5> gAY TR F2

371 adelA FUES P oAseln
2 AFYEIR Z FAd. AU e Azke
ZAXNE w2 A3 L L net()E 14 &
3 o] ¥71F £ Ur)

1A12

ui Al

& st o) shte 2L AR o
g A E71E A9 A4L inpn=



ai(t + 1) = F(neti(t)
outi(t + 1) = f(alt + 1))
wit + 1) = wiyt) + dy(t)

AdAH oz FUES d&gA e AlFESAHY A7F70E o A Folol et

ANFANAT R £2AZF9 & F2ASUHAAMY x=9 <, FAto|Z(training
cycle)d <, 71ZHepoch)®] Z7), %€ ¥ EdH9P(momentum term)¥ ZL EF
(parameter) €2 TAF}DEN TG ol E2 01“*71] Aest=rbe] wepA Q)
AN7Z G o) 4FE ZA WAL JoBZ ufs At 28y ol@ A
9 71&0] I3 2d matrely yEYA ¢4 (network topology)Oﬂ g3 o]23<A 7]
& A9 AA FAG o7 AR Fej2gg Wiyl o3 A Eo] AAHZ vt
A% MEHIARAGN $& AFL IS 98 /A gz EF3es 98¢ I ¢
nHow £ AF2 n MY 4¥FH Iy 5—1°’ﬂ sl n XY @ ”é?ia e il
(hyperplane) 2.2 £33t 98& dvh Fold EAE &322 2V AdMe 4 ¢
o e Ao £& AA 1L £ AFY % ZA Adste ol Fo. 2y Aed
vpel Zol o AR Ay AZ Fo i M 2L dHA UAA & wF f2 AF
o] UF %2 AL 7AW A2ge J¥8E e 54 S vl d4os gutse)
B} JEAES dx 7|gsiriwt st FFE Ak grdo) Ao 7t UF o AlAH

9 7 gE71e 88 AU o x% A EE, =& HY FFAA = BFS
‘3}. 15 & 7-ﬂ7‘°ﬂ/‘1 BEAxE AAsE sy wHez 933 (Backpropagation) ©]
Al
1

O{N s

% HN 2 ol

2 FE I

ok,

g3 gt} oAy (Backpropagation method)2 AlZA el st vz Z+ AF

L EE = 2?]1‘}5}” o] HE AFE ABFgoIZN FAXNE HZA AL F U
e ged Qg " gig) Axde 2EASY 2@ 471x 489S 74 AZH

Yoz AFGF|G, ol A3 EA2EFAHTFI FE AEAT GHAYL EFFFY
xol A mESS B gaFggolojer gk aulm AM2agE viAY AZFd e E¥&
Egol vty o g A F olg Adsd 4 ASuit g AFZ ANFLEA
EAAC the oAwg Mol LAHERANE AAIY AW dqddsst Eolud ol
AL Aoz 2E FAXNE AN, AgZe] FARE FAelx2u & 7IF it
ZANA} ol 98 YE$Z el F (Widrow-Hoff Delta Rule)o] #3=o] Algdrh
o] Uwtslel WElFH( Generalized Delta Rule )& 83459 =34 F(x)E 439 o
S o) g3ttt AEYY nety & FYH o0& AT A4 A w7 AF 1A Y3 WA
o ZEAZ 22 f7px A y o i e Ogy Zo] ALdE. olAHL AAZRE
H) 2 3 of g ol

—Ylil-a_rirlo

error;; = F'(net;)[goal - o)

14) A8, AFTAALL o8 AXFRFAY H2 TR A4S, TeIFY7%
A HaxZdgddsd HAE A=, , 1996, p.60

15) James L. Noyes, TArtificial Intelligence With Common Lisp: Fundamentals of
Symbolic and Numeric Processing; , D.C. Heath and Company, 1992, p.445
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Ztztel & AFol da AFEZ AE3HEE ZAZ Je Zd A w o dE e 45
3 Zo] Aah

erron; = F'(net;)) 21 Wiiji . €ITOT1j
J

9§ QU A u 9 BAY FAA 43 oprle A AAE G A% AgE 3
o4e Qdel TANE Agstel el R nivs gol FB BTN Egs
F'(x) 7 488t o] S34E 7] A48 BEFFY NS ENTL ZE & A3
Mol 7t Ao] @ o|eist 2RHA o] =B (Case Updating Learning)s] F7% 4
g obd 4% st o3 APAT

dijj = L . errori . o1
diij = L . erronii . o1 + M.Zi-1
B dy; otk 4719 7 HR —]—3‘

M =09 & @e Be A3 4
= dshgol o Aoz ANET.

oH ol

dsold M
M Sadye X r} b},
il

wii; = Wi + diij

AN Wi FARE B 2o P F FAXE s Ao G54
Fol g AdE FIo. ded 4 GAE Z2aYPSs AT dedn
<

16) A AA AFL 4 dFAFTolnz ALNZ FAXT Qe Aoln.
17) %o ojR o] A WA YFol2d Z,; = 0 ol
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1 MEAZE T8t 273

a) A%+ NL& Add,

b) 2 AZ) £3d 49 Fonel=1 .. < dugn

) AFFH L A&

d) 585 Fx) & o9 #dY 252 A93d. & FIFE x A
g 2olw wlEshseteiop @k

e) Y59 o9 BAY BHE HHAT o] F52 DN W&
ZAE PEFop ok AFHoR IFFFF f(x) = x 7} AHEET

) S&e3 2dy 24 M M99

g) 7137841 (Epoch Updating)elvk #|©] 278 21(Case Updating)°l &
Adsta gref sz sle] AHgETHR §aE TI =0,

1=2 ... NL & %73 3}
h) &9 =+ Add g A83ld EE FAA JE w,
1=2 .. NL& %733ttt adx AAAZHES 273880,

2. 2] dFAEE Q9@
a) na - 829489H o

tlo
g
[«
_
it
r [+3
iv)

3. AWAHARE 1 =2 ... NL & £2o& ol
a) wi & o1 AFE3Y no - 84 nett WEE AR
b) nett & A3l no - 8.4 a HEHE AEH
c) a & AHEEY ng - 82 o HEHE AE
4. ¥4 5t (Backward Propagation)& 1 = NL ... 2 9 $£o7 olg £yt
a) na - 84 error1 HEHE AAbgr}
b) na 9 AAALE D & AHE38tY na & AAEH
5 732& gt
a) #Alo]27§4l(Case Updating)o] AH&HE FAANYZE w1 = wi + dy

o] =NL ... 2 & &7 A%
b) 713+784(Epoch Updating)e] At& =™, MAXNE Ty = Th + Di

@ 1=NL ... 2 2 gastn FAJFY AY wA g

Aol27 HB wi=wi +t, ¥ 1=NL ... 2 & wig JA%,
6. <% 7] (training session)o] €o| WX & AAs} e} wek &5r|3ol
Tolgtd & D; gtol Add w PH FAXI utFA A Aoz
F&AAE HF ol aEXNLOH GA 2 2 Eoyt A A Edeh

<E 2> AWRGELLIYFY €A
2. AT Tz
Aed dneSe /M 34 AQY T2add ol £88 FAs] A

Noyse ¢ 29L& o]83td TURBO PASCAL & A&t o] T2aPL o274
(case updating)® 717t784)(epoch updates) E57F 7153le] £33 AHXE g4EF Uth

1A15



azln Aed ZdF o) fARAS VYN AR UE EFAS VIR o8 XY &
T34 E29%4E S AL ngES APsted o § FE&3 Z2 2P uiEA
s A™sid o] ZR2aPLS AEdoleE Hde FHE YHIEE Hol Jlon HE
A2 F2E AFFE 4 WA 4 AFY FHE F£ 26 /7HA AR=Re AR & A
EE Hol gt o] Z2aAL RA2E BT FFEHTFI AHEE wf 3AF ol
Ao dAH9E Fists z2adoel. o] 22aPL FFAEHTFY E EHISF A}
4" "odx A&7MssH 2AZFEAANE ATHEdE S AHEE £ Jdoh ada ge
Zge AHEE Jleetth WA FoEdFRe HEH fA=AYE AASE vnorm(), 3
do] FFAYE AMEE minorm() o] Utk ZAAFFE = Fol3 HEHE SHeE
displayvec() & Folzx AL ZH3lE displaymat(), VIENZSHY AYPL LS BAFE
working(), ¢ &4 random(), 2384 F(, SF710E¢ AT Ax9 Axe} FAAE
AAR3 = getwgt(), Z} Ao WEYIAYHXE AA3t= propagation(), R HA AZFe <
HA9 nxgAE Age] FHEFXNE AE training(), A SHIFE Ao &4 A
o M &= results(), A9 oelE AAsn de/lAE AASE learning(), @A
Azol e AZ HEHe £88 HAFE writeout) &F TRIWE APsHE w77t BEA
He djdzgzador 7450 ok 2 AF7AS ALdE F9 g4A BAF2] A
w=07HEZ w & 27333 2y AARZ olgdA HA " EAELS £
E7FssHA 2o AA o"w MY F249 @ol w (B ZF wi )E Z7Isslr] 98 A
|9, 28" ggo] vl ZAXNAY FAAMN A AFIHA FE FE Ik w9
A @io] dojud tdE 2713 FAXI AR EHAY 5ot ¥etAgn. ofstdlA
2 Z2ae 43S 39 BY oS 2o

IV. AAG =z ade] Az P}

B ade zz2a9s A3ysy] e duA pAFdoe 4 9 fFUES F4
8849 BYS AHdof . BAFE 3AF 798(JHYD), 3M(EFLB), 424(2E %
o2 A Y. P35 APIS(Linear)dt A 22 o] =34 (Sigmoid)2] 2 FF/H7
Rom o ZRIZIE AdYdte FHE HAUY RE YHF L AP¥FF= s F3
AaRe|=g42 .18 HEYaY F27 FAAE g AFdolge o R
gttt F MEdolete] o119 O QAE dolEE WolEY ofd ol YHAUL vt
t EER B A7Y HA$ AFdolHe £ 7oy dHloje 3 UM traning.pas °t}.
o4 Ze HAAol EUYW =ro ol MAEY £ Z2aPe] AYS A WS de
& ARAR/IANZAE Adste] FHa Bux ot o < 39 6 >3 2L 3 AFRY
(NL = 3)& 7Fg38ta ofgfe} Zo] o] Ao g}

na =7 7bed FAY #(9"H)
nc: = 3 75 W (&

KX
ncs =7 7bed A8 F(29)

-

40

2% oy
(i s rlo

18) &9, C2 TEE H AHEA2H, AF5SHAL 199, p.135
19) MIEH I SFAZ 4E€F sl £ /7 d&7toln
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ol el AL

<Y 6> deodsigry

B 102 7R EAAEHASTE THFE AILSEAL 5T E 2HIFE ALESA
020 zF A HAE 0 2 HESIT SE&S L = 05 2 EUES 098 AMEET2D x7)
FAAL FES HFFAXNYG Hog FAVNDY F 25 AFHY Fol 43T 93¢
718 g 7] WEed22 27 FAXE FAR At e vepgo] FAA wy; &
Ay ¢ w 7He FA(connection)o] W3t JhFHolth, GEEW wg = -0.0995 = A w o
A oug ol g £ ZFEAE Jehdg FAR RN BHL s AoARAF Ao
2733 & e o)A7tA] AW €U &S TURBO PASCALE A3d F ol ¥
g Axe oS Zo

200 GATI AHEE W o] FFEL WEAF} BT},
21) o)A & ol AML oF wA TeITE AL owT)
22) AR oz oldHetEroletd YAME AFTANE FUY o gk
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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 1Rate 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

Piz enter the initial connectiori 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> dedsddd T g4

ag)a ofet 2o 3789 FAA o)A}t o8 3 Y(training.pas)Z Y o] A} &
2 3 Z71zHepoch)with ALEE AT ©]712td sS4 A S BAE oen 2o
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Aol R 58

1 0111101 1101
2 1100010 1001
3 100 1110 1011

< E 4> dFAolx9] o

A 85713 epoch)2 Aol 1 o g ddoz ARHIL tdFoeg Aolx 2 71 ¢
Ha Aolx 1 3 Ze AdAHYge] vEHY. I3 Aok 3 ofxyHYE A WA ¥4
ko] Eojdrt. o] AHL 7+ o] 0 Ex 1 o F2E 9 71X Asdn. & 4FAA
409 A 7]zt (epoch)ll X ZE £ Ao FEAQ 01 HAW Rlﬂl-‘ﬂﬁd‘?. gz
EEFE A7 BEEAY 01 MRS @l AP 2N 97]dA O HYE JFAE
th.23) ojspzto] Ak AlAdo] FdHol HYE tE #AHE PPl AHEE 5 Uk EH A
AL 49 FAC 2T dEEW Aol AT Fo] mindE 4]
A A o] Aol 1001000 ¢ Zol L Aujsin] o)Al g VAT oF
3 Ze NS FAsA "o F ob23(0.9840), B2 :(0.3247), 34 (0.3334),
F2(0.9891)& ofe Esh 2ol EHA A

S

)

e

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

Layer 1:

Output from cell(s) ul8 1 - u[ 10 ] :
0.5000 0.5000 0.5000

Layer 1:

Output from cell(s) u[11 ] - u[ 14 ]:
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] FES WEA o] Z+ 717 EelX ¢ FopAE Loz AdE daE o
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<E5> Y9 7

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 momentum 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> VEYIAY £HQ %

ool AT B W A€o] 1001000 F gol A A¢ olaA A F4o|
g3 F¥9t 2 Z2addA Y FAA AadEes AoaAus dddAG
ARBAE Gl Mxd AR JdEth FAPe Nxde AFEA TAAI

L
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A FAHAA AN B FH7|M] o) FFANE BEFE, HXFANYY, ¢
2AZANAY A S 2L de IR Qe FEUY. B AT BIE 2 A=Edo)
Me o g2 £99 5 ddh Y Ay BE YEYIE F9 4%z o F Yo
EAES AT 71 Aok ARG 2dS FEJE o A4 FAFse e AU e
R °}‘4‘:}. @A Agute] WEA FAANL F dE AN2EE AT & U B AT
Al AR JHRE F2AFNELS EHded F83% ERTE AFTG gy o)
Abg-of = 7}21 TAAE o AA AGHH AL HF(Local Minima) Ew)e] #9493 Az
< A2 7 gle wit S5 Utk o8 F 73-?‘ w o qg & 27|@&E FZ8H ol&
TA] Al zforgit), ol A QGAHALF E(w)e BH oS3 2,

E(w) = 1/2 Zl gl[goali,j — oy(w)P?

BANHAA & ¢ & FFHAENA Aoz & m & EHAZAANY Ao & o5w) €

goali; ol & H‘:— A EZEH ot} A5 2 ( Least Square Error ) E(w) & Z%

8 ool tigste FEE 1Y Aold Wi AEFE JEhdH o)9 7)1 &7)(gradient) s F

Ao WsFH dx st E4 =AF A7 Aok WHGEZ FAX WHge FAT -’r‘-

AE AR F3] Frh o] ¢ w o tiF o AFARE AHEFAY E5F¢4E AA
T Atk 28 AR F gES JtEsey] A o s1yel AEEI g

N?‘-

V. 24

BATFANE GedZ B T2 548 oty A ABY=PY GuAES
JEHoz EAFL o) Edlx Z2ade 4A d4sto] AATY d&AR L
Adsad. 2ATFAA FLYEL 3AF T2 °*Z4j+%ﬁal5°lf% Cackiny

AN g
2y L—c«]iﬁrﬂ”‘]f—%-‘iﬁ—% AN 2 AAsAT. AES, =5, dEAolF
gas, EUHEYEEY E4E 8T 489 A¥e dgHAd ‘ZH“} £80°] 7Y &R} 714
dx3tHh AZUNEYZE W2 (McColloch W. S.)¢b 3] =(Pitts W.)oll s 1940d )
Z719 AEEU. Bh 2= AAAAA S AAAFL ARG 2 FEAAJH A
ARG e FEUENIE IPE AdAYROE HE 7gddsdez ¢ & 494
Qo B o HolEHE wM=n F&Hog AHFr) o] A|2HE ofd HoE Eo]
fUAY ARHYAE 2 F98E ¢ e §A S HRAE AAE Azdolt. FHEUEE
533 AMES TTEE T AAERZREH B2 YHES TYY FELE A
7Vs8tAl 1 a°1—r\3} THUEE HAY SA4AANTH 22 AAet FEd a4 A
53 ¢4 Aoz AYHI Joh 2 o JHA Y AP AZANAE F Eopith
FEUEE %-Ev-{‘} ] 2] (PDP: Parallel Distributed Processing) F+ 9722 d(
olgti: gtk £ A7 dEAB R ded FRoA 88 = dE
tohe Wl 2 9ort gtz B gy AAEE EE o ALgste

8}
el 3]

%‘
Connectionist
128 AT

24) Abhijit S. Panadya and Robert B. Macy, Pattern Recogmtlon with Neural Networks
in C++, CRC Press, 1996, p.35
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NETWARE &1 E8+ 2ZEdo &9 98 ¢ddr}t A39E 3 &+ d+e
s=doz 788 S4AFH = /idEHe] Juh® B AT dFE A4,
A2 BE AT EokE 1 $8& HIAY dF8&S Hojux g&
W2 aAelde] o2 Ry Fo IFF MLAAE A3 U A

LAWY, $5%, o159, 15, AFH, FEH, AFIA, "WHE ARPAFH,
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g gAL, 1991

5. 9d<, “A Neural Network Model for Assessing Expert Judgements”, '$%¥thsta=&
A, , 1992, pp.451-463
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A Design And Implementation Of Simple Neural Networks System In Turbo Pascal

Woo, 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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