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Abstract

The nearest neighbor classification rule is widely used because it is not only simple but the
error rate is asymptotically less than twice Bayes theoretical minimum error. But the method
basically use the whole training patterns as the reference vectors. so that both storage and
classification time increase as the number of training patterns increases. ILVQ(Learning Vector
Quantization) resolved this problem by training the reference vectors instead of just storing the
whole training patterns. But it is a heuristic algorithm which has no theoretic background, there
is no terminating condition, and it requires a lot of iterations to get the meaningful result.

This paper is to propose a new training method of the reference vectors, which minimize the
given error function. The nearest neighbor network, the network version of the nearest neighbor
classification rule, is proposed. The network is funtionally identical to the nearest neighbor
classification rule. and the reference vectors are represented by the weights between the nodes.
The network is trained to minimize the error function with respect to the weights by the steepest
descent method. The learning algorithm is derived and it is shown that the proposed method can
adjust more reference vectors than LVQ in each iteration. Experiment showed that the proposed
method requires less iterations and the error rate is smaller than that of LVQ2.

IEEE, Btk Bt EM FEHTF © 19934 98 208
(Dept. of Comp. Science. Hallym Univ.)

(979



S HaA

I.ME

E]

HAeld Aol 4] #HTA o] uhH (Nearest Neigh-
bor Method)< #ZWe (reference vector) 5%
A, AAsbaz) e AR (Al o]
2w el 7P 7k FrERHEE Alktele] 1 3x
Wel7 &3k Anhel] Al EEe] &£3riw Hrisls
ol b o] upge- /g H .o Fhedslm 7h Awke
SR E el e FA1A o2 Bayes2Ake] 2
W7t g2 dethe APEel sl dARIQIA Bof
olr] de] AHEE 3 gloh ¥ e AT ol W
e BT gEdrlEe] e g AMEERR wgp
Hele) 7t Foluiwd F1d 37k} AlAbaFe] vlalA o
2 Folue wA7 Qe o]E FEAHoR FH3]
fla st Aynkbs e 2 AHgshe W

u
Bzelelg we) e

g o) AHEgl e 2

adl

e
32
©

h= hn ) -
dudZE o] Aotsglon} 2R AL 3
Asx e Lt
Kohonen " & abzulelg Fal A2 vpo

24 LVQ(Learning Vector Quantization)2 |
statadrh. ol= shpuivl AR 2z
HZ ARgste oiilddl ss3S B8 awe
AARsle Zloleh, LVQe AxwEle] ghpolels A
28 NS AlFsldon o|FA geogd 3zl
o Mg ShgHeie] w0} F-3sA AR AR
g 5 Al =Helc) LVQs dA7kx] geiAl {43
Fzode] g5 upgoza) ' ofeiria] wide] gle
ol olF FAA siriclel= LVQ27t 71 AHitst
o 43 A k¢

LVQe ohE gl ghdel vl ohg3h 22 Aol
glo] &AdQIAl M Falel Al M RadarAlE 3
5 ofe] HolollA o] &= qlel. A LVQel Fx
Wl 52 el Al an 9 ety
FAE 938E Fed F2= A wkelE(class label)

3.0 o]lH =
= i ?_]‘I”a

=
=

=

o) glew Hlsl LVQel Fae s Aol &4 4w
o] 85 7HAL Sleh. ol ofeizhxl AAEE E4

= A2 )

T

ARgate] QA Alze)g Pk AP |
of. A 7189 2TA ol Hhde wis Az
G5 W A 5 gle] R v)dFitel
w QlAjAzke] HA Achs AAe] glrh vl
2 25 oAz} wilel nlsl &5 pEe] A
olle} QAlFH zhedala Q1A 7ke] HA A
o}, o #2A o] g FEke whe duelE e
of /ksle] glong o]F olgatH AMAIZEE ¢
5 wh2 A & gl

e IVQE 71RAe2 A 57 (heuristic

QEERELE R

(980)

171

rule) 224 25 A} o] BAYSE 3
asbabe 59 o284 AAYE Foln A U w
g mea gz Eld FREH] Foid A o
of MHANSE AH ] Wl wha vk
30 20 HEMEe] SHHnT MRSy
ch= el Sirh.

B o ol wHE IR 9 BEAEE
grabe AAAH WS IRkl o] E LVQS) vl
bzah shi Zlelth o] $1ate] 3ol wh
o Rz ATAT A2 o)2wE AL of
o BEME S ekt ST AT,

=} =
e

ol
&

1. =28 ol wele] & el S
7129 #HTA ol W AP X R (test sam-

fo

ple)& A7 93 ol AL At

1) d=H3 7 ghxale)ele] Aels A4k

2) Azt 7 b Az s Rl

3) o1 A7} Sl Ade]E-8 223}

o] L A3FH wh(feed-forward network) 3
B2 ®AIRE A-E #HEA o] % W(Nearest Neigh-
bor Network)2ti H-27|2 3z} o]o] +2& 1
g 1o @}

f
F nodes o . Oy
\ w

LN N ] O,

Min Module
D nodes v I :"
(W]
| nodes

g 1 H2A ol 72
Fig. 1. Structure of the Nearest Neighbor
Network.
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