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ABSTRACT

In this paper. we propose a new learning algorithm, ASOFM (Adaptive Self Organizing Feature Map), to solve the
defects of Kohonen's Self Organizing Feature Map,

Kohonen’s algorithm is sometimes stranded on local minima for the initial weights, The proposed algorithm uses
an object function which can evaluate the state of network in learning and adjusts the learning rate adaptively
according to the evaluation of the object function. As a result, it is always guaranteed that the state of network is
converged to the global minimum value and it has a capacity of generalized learning by adaptibility.

It is reduce that the learning time of our algorithm is about 30% of Kohonen'’s,

I.LM & £ 238 DP(Dynamic Programming), VQ(Vector

Quantization}, HMM (Hidden Markov Model}, 1

TAYY Robe Tmel A& S8l Fekyol
okt BolzM Be A7st dysol %1 GYH
4 7) (discriminator) ol ARkE|ol4 o). 2AE

i K I B R Bl

*Department of Computer Engineering, Kwang Woon
University
Al 4119943 8¢ 209!

A2 (NN: Neural Net, )5} sit}y, 53] 3o
= HMM®} A 738298 345 4771 8¢ 3
grn do{i)12]. dAFgzde P
2} =3 R & H(supervised learning) 2.9 3} v =]
= &< (unsupervised learning) 2499 5 e v}
SR Aty 2 g Fol b



84

olete| Zef 2(class)ol Y FE3 A7} AR
32 AA =S 236 gaA gl o] oA
e}, o] 2dole AN E N A (feedforward network)
2l HYEE (perceptron), ¥ %) E )3 (feedback
network)e] FE= J|E$ A (hopfield network)S
o] A}(5]. A& &H mdL g5RAA ol e
of E Frrt FAAX ¢ vz Yt
(clustering} & st €t} o] 2dey ISR
Fz o] g SOFMel AtH5][6]. o) SOFME
2L Fas e dolety 7iserE 2d 28
o FAeag T3 Abd(mapping) o224 &t
39 85928 YA E(feature map)2 HE&}
A gcth o] B M dojzt ¥ S PR
e 99 e A HEEH Yo, o]
HENIY FHL g JAZ¢ A= €8 o2 2
o] Fgddo} Agdgo] obd & 3h}e] Ay
2E ARl Qg 2 FY 501 423 W
2de AF Azgsdss 28 JEAI7} 817
W gl ARNTY FHA) A7z JFL g £+ 9
e d, 221 g5 ¥ 23830 4 s
& FHA YA REE Y o= W, Y
g&5% $HA A5G0 rhsdlce ASod(7]
o] ES]Z o ¥HE HlAL 5 v B
B 87EHE A Ahdoze @0l AY
ot 7Y g ARk Sl 22, dHEL
W3] e &4 of(lateral inhibitation) ol 2|23
oe Hoid

2 =2 Jd3%rd & 25| AP SOFM
guZe] 9 FHRAY SFAAL YR
). o] =& FAL A 71Ee] 2N U
F& 71ssy, oA Ak’ ASOFMY 1el&ES
Azsdn, IVl 482 138, Vel ZES
7=t

I. 25 4l2) SOFM(Self-Organizing Feature
Map) &32|&

1. 3ol Adn2|E

A7 2H43 FYPANE dRASAN 2¥FA =2
& 4(cell, output neurcn) & FAZE e g ¢
o] AR Q71 g L] Al st eht =
SAE Adsn 2 AL g&¥ ¢ de 5L
PAL7| M N2 AYE dt 25F A7) 7

HEERERIE BI3E HOM199)

F 7h7hE Aol seldtil gk o] St (winner) 4
o] 2EJ3E BY F e KLY 4ol H2 yn
A Ao 282 FAE, o B2 WS AP
olgtm @tk 1, o] AWgET S35 (winner
zake all) ¥ Folelnx g},

REY L FL o] AW} FI FYSadA
MeE Seldn g3 AP ol 48we) A7t
€ d=AE o] st ol &R 7][(8].

2. RFY YRS AH

23 4lel SOFMY e &9 33 A&8a7 <
ZHEl e AE TR 23 A AMISte FAAES
Tz uA AYHREZ S FF(classifi-
cation) S Bl Aoz TEY 5 Uk A,
azlu AAEEE T3 d53HA ol shEsid
e dold.

Ae8gs Foazy Az AFA Gzpa AP
£ 4% F A 2 F M READ B AR
U3 E 3ol L= 2P} AR A
3E F798M s A9 3o ey REIN
& 283l= fge] wteA] e g ojn, F
BH Holol A, £ FHG A e Yre
A5 33 wetM e 448 2AE of71A0 vt
o9tz EAE AEAZ7 Bogle ALAES
53 29 # Jdd. AL BPSFS ol &3l
= g Wlgeg olfde g2 34 7R
g F 9, 23539 SOFML ZAe&e F3hy9
AFdte EQNIEA AxtFadA A7]= SOFM
& AAHEE Fid ggsts MEHaRA Ax
oM A7) EAPE 9d & At

w5, A4 g53 SAAE 87) dEd AF
A7IE)E 439 BE GERAE HESe] IR A=

24D U A28 JEEE FHslen

£
ge dARE WEL AR
(X, Mt+1)) <d(X, M(t)) (2.p

47|14, X = A 7kE = WS} 214 (index)
olx, = X0 ¥ el e AFZE HEe A
Zolth, thAI WS, 437} A7FE Qs |aF R
T HE7} AV A3 2xg Fo]7] YA +
A= Aoy, 2e 2, A7t wal YHEAUF
7te] §Euc ol dS5He s ¥ sdEs



J5H A7t 2 P

QAT HE = hﬂi}“}E WES L 2AREShE
wioe AL FHPPC F A5H ﬁ}-é“-c'l 7+
stcke Aol o ghzts -—~’:§€ AP srguln g
7hR| 3 d &S 3 7|22 g

2 ALEY g dtge] Eo)el vl o
@z Fol 7hA & £shte] FYolct

II. M|2tEl ASOFM(Adaptive Self-Organizing
Map) ¥32|5

1. 23U &eiFe| oy

AYsE AYolA JFZE WE o] A3 P 660,
208 o) Yo R 2RE A= HE4E «
(1) o} g7t @},

M) =alD)[X () =6M.(¢)) (3.1)

aeng, A7z 98 Mo dFe e stgge

Wk el o zaA drt. SgEel ARNLS 3
st AN zaHiok & F71A ZA7F AUt
i*”'ﬂ{-.‘: g3 274 {rough tuning part)ol A g

F2 2oke 7R TA2AIZ AJT} oln, EXe
o] 4| 24 3 (fine tuning part)ol A FFeo Yi1ZE
S dolg A& Ao},

7, dHH 2ZFAN SFdel R JAe gt
7h2] FAFHY, g 2@ pziA WEg A
7t HLoH g7 AN E WE BE AT &
849k ¥ 194 €9 27 g 27)F |
Bl tigrd 2ol g B MEH2 Jeis
a7 18 Adelddl Eold HU: BAFEe A7le
7bE e A7 gasdun S, Adeie HAa
el Apelg nj4dl 2FAMA dggol &
Z8Y srEEo) A oW, gEol UF o A
el ZHE LY WEY R e} o] St
g g& Algke] BadtAl o ofe| g defol A 2
9 F87 a5 ga AH=]7] wize) 3
2P FHIR @ JHE Tl FIEH 5 Ut

olA, ojA ZPolA Sggel FAZE AWt
cd Wi A} disigdeln ), o)Al HES)
27} ﬂ*@ﬂl Zetsted g 27 BT A e
22 FE5F (09 FaZolg FgHEe AT
HE 1%1011 isle] 858 a(f) ol VR 4Es] 24
st e Bzl Hadel7tx] #E52 2

4ng we

Minimwm Point «

2. LHEQAY] depdst(SEgs Aot 3438 2
£ 3%

Fig 1. The change of network state, (In case that learn-
ing rate steeply decrease)
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