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An Incremental Multi Partition Averaging Algorithm

Based on Memory Based Reasoning

Hyeong-il, Yih
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Abstract

One of the popular methods used for pattern classification is the MBR (Memory-Based Reasoning)
algorithm. Since it simply computes distances between a test pattern and training patterns or hyperplanes
stored in memory, and then assigns the class of the nearest training pattern, it is notorious for memory
usage and can'’t learn additional information from new data. In order to overcome this problem, we propose
an incremental learning algorithm (IMPA). iMPA divides the entire pattern space into fixed number
partitions, and generates representatives from each partition. Also, due to the fact that it can not learn
additional information from new data, we present iMPA which can learn additional information from new
data and not require access to the original data, used to train. Proposed methods have been successfully
shown to exhibit comparable performance to k-NN with a lot less number of patterns and better result
than EACH system which implements the NGE theory using benchmark data sets from UCI Machine
Learning Repository.

8 %

e EFoel @Wol AMREHE 71 o el WEE 7Nk 28 dugFe s MRy AAgsta &
F oAl AZE Yz g2E f'lzte] Ags Aitste] 7 vk dgude] FHag2 BReke 714l
7] wZel | e ErE goiud WEe s Sbekar T3 FUtE sjde] LA A A SHE tA S
oFetE EAIHE ZFAI At olYd FAHE Ay fste] oln] sEd qEHES Vst AR =
o= dde dsiMgt skt WA sy WS Agtett 5 /12 shgugle] B A9 wiW A
g% AES oAl gEske 3lo] oy, AlE Frhd HolEvg gFste gudes FE5Y WEHAES
%]+ iMPA(incremental Multi Partition Averaging)”]®& A<ttt ¥ =&l Aekst 7|91& x4l

= o

o = fEs o

g7 22 71 k-NN 7|3} wjaste] @AstA ol dadfdez AT BF d5S HoFH,
s

2]

Key words: Memory-Based Learning("22] 7]%F 38l%), Distance-Based Learning(”]2]7]%Fl<),
incremental learning (&% 81%), Information Gain(-g¥ o]%)

L A&
A4 ggol@d oln] %3 YEIAES 7|8
« 2O AR} B Aﬁiqu% ﬂfoﬂ %j*ﬂ ek H"fﬂ“ﬂowl
B2 H:20074F 10/ 24H, 1F58 7 H: 20084 2/ 19H BHE S 22 545 T 3, Frie 2



66 H7| M Aets|

Ae HEARE A5d 5 Ak B4, 42 0
w AEe A5ARE e o, 7lEd d5d ot

et AA,

A} & (original data)E ©] &3} 5}
o2 ZAE AHA

AR AuERE)E A7 57
@i fAHET o9 pe 54 ANpom AYHE
Aol detel sty HT W olgW F 9

v g

719k shFe w@ed] BRE SEddg wE
of st EF Alel w R s =
o] AglE Axtstel 74 ke Al de 3
o ZH2r HAE HHE EHIE 7IHS
Wb 8k (Distance Based Learning) °ol2}al%k 3FcH1](2].
wizg e g FolAd s dE dER vIHe
k-NN(k-Nearest Neighbors) =
o] Bf{7l= WEd A HE F Fojn
7V 7hke Aol A= kilel sEuEs
25 7FY g2 dde] Af%d EFYsE
5 SH213]4]. ol#l % k-NN &7{7]+=
oA WEHE whek AWE Holi glo
ofel &&¥ i Ut AT o] 7]%‘5% 3 ¥ ¢
sojud w®e st Frheka w
A9 AgHE b s
ICHALL v ALg T %
A ok AFEo] &
NGE(Nested Generalized
[5161[71.

H =2
LA/ lE

il
i

0,

& o
m B

_\3

ol
-~

9,
%1
[}
d
N L] S ¥
= 0 JE e o X
0 o £ T
rot off T

mr Mo 2 oae 2
op
e 4o

:“.:

o

>

ol =
o M

Fe ox
iTJ o
3 o
o
£
Hd
ued
R )
B
2R
(o] -
- X

»
Jm

2 oor K oo M

utl mlo 30 o

xemplar) °]&& & &

%
-}

i
Ho
o
>
e
&
)%
£
ey
e
ol
=

mejol 4]

o
& 2 A
L o
2

o
Y

e

4 o &

> oo pm

2
2
R
i
b =
=]
£
(T
tlo
o
op
QL
2

o [T oX ot
[o

¥
rl

¢
f

o A P

o™, du
ol

ol

i)

>

>

o Y

2
v
HT oo
i
<
4l o
N
i
tlo
2
o I
ol
k=

o

o
o

)

i)
i
i)
o

it
N

-,
I
2

o FE |
2
2
I
to rlo
o
oo
P,ﬂ
a
R

~
-

oo
o T

tlo pet ¥Q o |m
29

o2

_O\_ll/

I7

N
R

_, El)‘
=y

Az F7hE dolE

2
2
2
)3
N
of

tlo
N
)

e

o
v
A CH

o fo Dy oz O T | 1 R
30,

[T L= R = R I A (1

1o
S

ARA g
Machine Learning Repository®l 4]
nA S Ay A5 E AFEsEA T At

Fet g
A W) 719l kNN 7Pt vlastel @
_E'__E
&

=&Xl(Journal of IKEEE) Vol. 12. No.1

Lazy learning Algorithmo]z}1% FEv}H8]. k-NN &

Fole WA A4 HES wad vmele] AFa 1
Pl AR Aun duelel AgE Ausie] Ag

£ 4 (DL olgatel AME e AND ANE E
on WaE dAgd 2@ i A8 APe A4

Be Teae 2daz A9 AUe RRsE L
Zolnt
n
Dyo = Y(E-Q) V)
i=1
olwf, F+v #WERZol AFH sFuHS veRH,
Qi Fola YAl F ne AL FAHE

Cross Validation
& NN 257712
F2(3] E Ao A F 4 DANA, QL)
stel AGE olgsel AFAS pelst Wy

Weight Vote k-NNo|&tx 3ln, FI2EZ 7}FX
F2 T F Hol Y 2 Feze HaE Y

2L mebd A WA s

ki3
1 =2
dom, ojul thFgh o &8&¥ I 9l

_<)|L

X

=

11

>

=

_)J‘_r‘

)

il

} fo

fr & o

RIS
o
24
y Lo

14
bil)%
ol
ol
y 2
b
>
o
]
|
Z,
Z
a=)
ox my 1%



ook Bhvl, el gleiAw 7)ol
2 Aol AgHEE A sgo] BhEeit)

2. EACH A =¥

EACH Al 2=¥& 1990 Steven Salzberg”}
3 NGE (Nested Generalized Exemplar) ©] &2
Ak LR/ o] Al2Ele Fojxl FTHIES
F7kel 299 ™ (hyperrectangle)d] = A

N
I~

Hslo] oA or e
BAASTB]7]. =3 7EHoE A7HH
A A gFstE JAAA sksyo] shesith
7. & WA T2 9 9
(seed)2 A &3} o Al (Exemplar) &
g & EFddeA Mg THb R

A

94
o] g3t

o Pg ,r XL
Z
1R ok 2

DL S [y Ob 3% > ox ¥

_ﬂ
P2 koo oo RN @ o [ o o mlo m

{

fy 1l

:ﬁlzé
o)
(|

2l

ol
-
)

210 ofy
tlo

o

)

o g
A

i,‘

o

ol

ol

%

et

i)
AN
T
o |~ M =
R
ol
=

X
=
R o

—8‘ N

N
iy ofy
il

ol
Zod
Rl S
ﬁ_m

ol
-

Mo ofN ok rr
i

=

ro

g

T oy

2
o
=

O hu L@ Ho O 2 ol 1ot
o

™ 2

o

o

B

'z

= o

ol FRIM, dHHHES
sHA v HAE #i"®e 7 77k oA
Feteh o A7 H(point)d A $-oll =
Astaln, 24FHd H o= 7t

$ooll =
A4,

.

H oeddd 714

=l AlRbelE A g (iIMPA,

incremental Multi Partition Averaging) 719 st

a% 19 e RS zter o] 7IHe WA sEdd
e Rl B 5 agste] 7hdA A7]9] o2 s
go g ukEsA RatsliA tf 3l (Representative
Pattern)& A3t 7Mooz, A2e ShFdElo] F7t
Aoz wrAw o] shgafor & wf 7]Ed] dHdd BE
shFalElel i oA ShEehAl il FrhE shEEld
o oshEte] A4 E drdEs 71E UxdEed Fr1
Aot ol gEdEl-2 Yl 1 (Pattern Averaging)™
< o] &sto] ALtttk

N

67

Learaing
Data

iMPa
Learcning

Fig 1. iMPA Learning Model

a9 1. AAA vk g (ivea) SRl

HLA7E delstA vE

=

2

il

|

Jom TAE ALA, F M
| wlskel guiHom 2 g
L geb] F o 5ol

2 =Azve] Folol]

b

o
E_llmT"

o
o o

2

ol
-

rr

fioot o L8 0 2o ol

X

i

s

AN



— , [ al pr T oy Tor éu _]ﬁ_Al U C ‘_ilL
T 3 g AR R o o oo MR
= e N EN BB R E oy o R O
TENE® e " ma EENL g - 2 w3 ! - o g
" T T g < W op T O DMy ®
%lm v T ELERS gpew LewTE T
o : —r = R= LT — —_ 0 OB
a S 5 BTUQO T ' i oy hc_,_w 2 %Jw N ,wL T 1;m = M_% N o ]
| < L=t A_A_uw» < o)y T 2 N N o gy o T
? - > % RS W%#ﬁd%ﬂrmﬁ X o LT )
5 g R e STy PR om B
e 3 0 o = R S S (S DR oo o
_ g SRR — BHE oL foody?® BgLD®ET
3 —~ ~ = 0 £ —_
= f a ﬁodrv_f&% [ T - e 2 b TR
=) I = _ MLI;O M ~ 3= WX = H | it s ay el R
4 T 2 IS 1 X Eoepd B E R T g s o B m«T i o
g B T oS T N & L X = g R -
. g U8R CXTRET o E RERIF.Tasiy RLRETIs
= N : R s T A CHE < DT
i a K el of w0 g Wy RN Ang B A -
— I o ﬂo#%Wu__/um.L = i r < Mo .mvu mw T oW R A i gﬂ = iﬂu N o
) 7 - I o ol o = M 9
2 G | T o e O P rgrtrtaEoue XM g
o 3 3 ; RIS T R ®EN - _FTm =g d Wy m ==
~ o O_t=M X T T O o = o o T o
: I o =R = m - RO T " < W o= T T
3 . 2 Wi 2 mOBIEEN e xRB L =M T g =z
> 5 K B ﬁwmﬂo_‘,aﬂr IR S~y ) E I S T
h : ¢ o S ARE R o i A N VAN i
E R R T = S S g
TR AT
- o B AeERREewER kLl
5 = T OIS < o L) L_.Mgﬂe o 5 TR IR o xOM‘n_rm:v
= = ) E% o) ~ e o o ol urzs
g B kT < SRR = T g TP
3 T N o= g \ R ol LIRS
) =
A R B S : R i
op o o o wq m N b 4 B ﬂMo_Ea#ﬂA7 o TRE R
I w S - 4~ : O Am e X Ny e
.I =) . Wi —— ) + 7 ‘ul .i ‘Ul HI‘F ;OEA.. o~ ﬂm =8
e = ) - e . o o | o
W o T Do - < CLpRp ! ~ ) ~ 1 REW O
o} i~ O W = Ao Q, T K
o ) ® s 2 75 Cac e LE O~ L RS mmmig) Mg
3 e IR e 8 5 &3 B ~ TN aﬁ#@%%ﬂﬂ@ L=
R B Pg = o B N~
s T R VA y oLEET W B o EMppR R o R
— o~ —— 7o) Cs
Y T Ty ool -~ 3 7 8 » Wy ® = LR N S TN ) PR " oﬁL i
T e o %% - = Sopdl - — wogr JET iio ﬂeo_e (i B,
e P T T AT ozriue Qo CUM m ol ny Aok T
— o XU @O - o~ —_—— — O = . L
v B v S g T T Edy SAIl @Al Ry TR T oy
DEE wiy =8 & FEFB oRE Ao R e oy,
AR B+ E I g W R TS s
oy ~N = < e — m ~ T :ENGOT@ _ ! AU oy . J.o& . oF 1 =0
T exE TR ® BT Y L ® Taws
Mmook @ L I Ay~ T Il {a © B UGS et o ot IR
W ._.;ﬁ i o 7 ¥ o. N . B2
Faw gy —— ®x o Rgl o~ oE P g O S W B
M m7rL oW T o I L R imm@mﬁ% no %%L%Wiwﬁ%??% o5 %ﬂﬂnﬂw
R 0 ~ | o= I Lo L T e ORI
TE o Moo = Wz Cl BELSURE p% FE R S7 o /e
e R = o HEEIS
© o o m i
O

(68)



69

iMPA Algorithm

Table 1.

(fnld, X m)+ fz
m+1

i

fnew

o o Wroor R0 & M
(R T % 0+ = W old W © T A BT
a® BE g 5 ? F BT % _ wum 2 me%wm%
2™ B 2 oW D T TN T
© o KO o7 N ol iy o O Nl dd RN Ea..rﬂe-n ni
T e ) o N2 oW B oy
= TP =R o+ N W o i o) v e
” = T Wooo =% @O B w o~
3 T o ® : | E =k B _xo
=) A i o = oy < B o o ™ o Mo mLt‘ﬂo,ﬂH
e P s T oW o = B om .o ® W ] P = Jl‘_Eﬁ
s ~ 10 o 5 i oy M= Jm = o WEER = WlmmoE
P o A= T N o o Y ome o RS F
Tum T o el a_ﬂl w B B Reng P & g FRRMT S
o i = ¥ TN T owox B - e, OlgH
ol o o N e o
BT DEL aw = C MEiTaEs R Fromr T
A Ahm 52 oy o TeidggléT T =D o el
- or X — * ol o oy o ol — o NN T
ip o RN oy T 7 M g RO <] ) N
r WES PR w & T ) HOE T gy x BT R
I = T = T o M - = dn X T o
o #Fo ORI R SCIC I = 3T w.m N S 2 g W oE erv_]_or%%mﬂ
T To ~ ME o T N == oy N & o% B Mo = o H == T o =0 o 4 ur_o_eﬂmo T o
s - mm "ol w ) M = N B W N <A o | Mmoo . EEH\MM}L
— A Pra it CSAN o? = o# HE o# < BN
AR Gy KHER S g B W F T R o B9 d]i;o_.(ﬂﬂ
O L i R e N~ e v ] _ o T AT _
Moo E NS e wEEE . 9w I F_ogE
RER M @M T AN gh T w S R | Dy W Ty
REPTXTNN -5 5 2RHoHNBERSE| 5 Hagp L g UlpgleD
S ® -~ - 6 © © ® R " < o
=BT M g T Miopdemido
FTART T ROTFROT
M,M@%ﬂmjw_dﬂ%
S M- o MR BT T MY
S~ ~— )
L SRR :
w Mkw B T T
. a E o op W SN
mﬁ s W H BT T
= EECiETa %
- — o i
J ° S o= ﬂ = w,m Wﬂ ol m -
BN T H o i §os
o me oog QA X e
oW oW o — ¥ e
Z rpgEtocee Epd
5 T - ?
M U = H g ,JmL L 8
-3 T S S =
K T N~ =5 kit
= y T
o o H w0 Ho o Mo g iy = < .
I B~ do o oy Y W & o
J
EH ﬂo],ﬂrémﬁsﬁﬂud'mrw Ao
o Mo W Aoy = ” !
= T T oww oo M7 3
=) T o Bl i .ok B =
I W JoRr o ® o B3
. [T T W o =
S o B By
fn = 3 ) BB e X
A " A T T
P ERXTT AT ®

(7

Stratified

ted k-NN,

o

o

%
A

i

3
| ola skl

K

Nue
o v

=
™

o

gk iIMPA 7] 9]

Y IGG)E, — @

n

1=0

IV. 439 2 &4

o] ¢y

==

[s)

Al A RE
10-fold Cross—-validation

=

T

B

EACH, iMPA

(69)



70

1. 4

i

g dol¥

B =gl A A1 Sl WA AR el A

€-%)+= UCI Machine learning Database Repository il 4]
6719 dolE ML ste] ARSI TH 14l °] Eﬂo]
HE BE 540 A5 3 z2erg. g9 ¥ 2

@ Apmel BEE nelFa 9

g

Table 2. Training Patterns in Classes

=&Xl(Journal of IKEEE) Vol. 12. No.1

000 S
80.0 o

—

1!£|Z‘J§c‘305 40% | 50% | 60% | 70% | 80% | 20% |io0%

[—s—EacH[ 528 | 566 [€0.7 [ 704 | 7.6 | 79.3 | 884 | 30.7 [ 309 910
|—m—imPa 547 [96.0 [ 966 979 | 98.4 [ 983 | 964

Fig 4. Incremental Learning Performance

of iMPA, EACH (Breast-Cancer)

X2 ZYxd Saad e ¥
% 4. iMpa, EACHS] ARZA FH5A%
4 2~
E]]O]E1 ’51 EHE—E E'_i% %EH&_ ‘ﬁ uHFd 7HT (Breast-Cancer)
As (W 1| 2| 3| 4| 5| 6
B c 699 | 10 |48 241 Table 3. Training Patterns increases of 10%
reast-Cancer LN I T3 10%H =7 s e )
Glass 214 10 | 70| 76 | 17| 13| 9| 29
Hlo]g] | Breast i Ionosp T New -
lonosphere | 351 | 34 [225|126| - | - | -| - A | cancer | %% | nere | T™*° | thyroia | 7€
Iris 150 | 4 |50|50]|50| -| -| - 10% 63 19 32 13 19 16
New-Thyroid | 215 150| 35 | 30| - | -| - 20% 126 40 64 26 40 32
Wine 178 13 59| 71| 48] - | 30% 189 60 96 39 60 48
40% 252 80 128 | 52 80 64
Breast-Cancer Hl°JE A< Wisconsin th3lH <] 20% 310 100 | 160 | 69 100 80
William H. Wolberg ®HA}7F Agst et A A8 60% 378 120 192 78 120 96
O}U%[II% Gldb‘jj g %H* /SLS} ‘ﬂdﬁ:}fr*} A ol A}%]Léi} 70% 441 140 | 224 | o1 140 112
7 A FeEle 24 #Eo Ionosphere H| o] E 80% | 504 | 160 | 256 | 104 | 160 | 128
42 Gogse Bayol 4 951 dlolel dol elol ™, Tris o -
o]Eﬁ Ao SEo1 A Kolo] A 7} wo] AFREE= Lol 90% 567 180 288 117 180 144
3} 1;%:;94 z‘go]g} U] $x2 sdlog 2B £H 100% 630 198 | 324 | 135 198 162
£ ¥hdslE dlolE] Alo|tt, New-Thyroid H°oJEH A&
A A AsolH, Wine Hlo]E] Al o] &hg]ole]
Y A oA Al TFA] vhE FFOE AE o4l
SLER

2

A5 dEAE E 3k eel Baaee AL
A ARA dEREel B

s dz =4 ﬂ%"ﬂ% A Q’%ﬁﬂ% 135 7% 10%<

3Far

OIH *}loﬂ o
5 7tEA S/ 0.2

BEHASS 5%4

£ 10%4 F7HA A 74

E]éEﬁHEﬂ 157Hi

Fole g
A ﬂﬂﬁ@mﬁr¢ﬁﬂ%ﬂ.ﬁ3%%ﬁﬂ@%ﬂ%ﬂ

e = urq»nu} =3 6719

A= A

EEEY

00— —
o
50.0

——

10% | 20% | 30% | 40% !5095- 60% | 70% | B0% | 90% |100%

|—o—EﬂLH 593 | 547 | 538 54.8‘70.9 764 (773 (867 (91.3 | 913

|+iMP‘\ 67.9 | 66.7 | 739 735‘735 765 | B19 | 807 | 856 | 858

SanEsg

Fig 5. Incremental Learning Performance

of iMPA, EACH
a9 s,

(Glass)

iMPA, EACHY ¥4 8t&4As (Glass)



100.0

300

40%
75.3

50%
737

60% 100%

56.0

zossl:o;s|ao;e
536 614] 633
537 864 ] 508

70-76|so9s
83z[ 851
955|974

|+EACH
[—m—iwpa

75.8 852

825 | 835 | 951 973|971

shemE

Fig 6.
of iMPA, EACH
19 6. iMPA, EACHO HXH

(ionosphere)

Incremental Learning Performance
(ionosphere)

=) 2~ .
5T

100.0

80.0
Je

500

40.0

103 | 20% | 208 50% | 60% | 703 | 50% | 90% |100%
[—+—ceacH] 508 | s5.4 | s0.2| s6.0 | 895 | 870 923 956 577 [373
[—m—imPa] s6.2 | 95.6 | 552 | swo [ 970 | ses | 976 | 977 |97 |97
Fig 7. Incremental Learning Performance
of IMPA, EACH (iris)
SLow ] e s s
1% 7. iMpA, EACHO HR A St5A 5 (iris)
0o WH—
£0.0
o
I
50.0 7
400
10% | 20% | 30w | 40% | sow [ 60w | 70% | go% | 0% [100%
‘—-—EﬁﬁHls!E‘G!B‘EjE‘TEG 835|867 (822 | 938 | 961 |65
| —m—iwPassg 338 [ee2 271|971 |73 (875 973 |97 [a7s
semEsE

Fig 8. Incremental Learning Performance
of IMPA, EACH (new-thyroid)
7% 8. iMpa, EACHS AXA sHAE

(new-thyroid)

(71)

HRA d2dgdd s 71
e —.,,.—l=/-jﬁl=l=l=H
800
Jo k/
B
60.0 /
400
10% | 20% | 30% 40%‘50% 60%._| 70% | 80% | S0% [100%
|—0—EACH 49.1 | 62.9 | 66.6 550'53.7 95.4.| 96.8 | 96.2 | 97.4 | 97.4
|+iMFA 92.6°| 95.6 | 965 EE-‘rlBE.S 98.5)|99.2 | 99.3 | 996 | 992
semEss
Fig 9. Incremental Learning Performance
of IMPA, EACH (wine)
1% 9. iMpa, EACHO HA 7 &%5A% (wine)
29 4ol A ¥ 9ol A 7 dle]E] Aol gk 345
del 114 F7kel i@ AswsE ndd Qew 7
agelA x5 E= SgafEnlsdd did dege o
ety 29 59 Glass dHlolE M-S Al9sta iMPA7E
EACH Alz¢lutt $53 zloz uvehudeh =g

EACHA| 22812 A%50] 50004 984744 8t Ahgo] &
o wet F7F Fol A FAHUIL, IMPAE 66.7° 4

AL,

99.2714] Wt HlmF AA tHdE REoew FA
HAth e Ass VEo R AFHE  de Ase
S+ A=7F EACHAIZ=®E 70% ~ 80%°] 448,
iIMPAE 30% ~ 40%5F-EH A8 & de= Hes 573
AR
F 49 ® 5= 19 479 I3 9o ZA dEkd A
714 3¢ EACH Al=¥13 iMPA®] E77d% Hlald
e EEARES wolFrh
Table 4. Standard Deviations of EACH Performances
3 4. EACH ¥57F A%l o3 =3z
o|o B t I N
Ul £eas Glass | PP 1ris ewl Wine
’jl Cancer here Thyroid
10% 6.21 7.32 16.13 7.23 6.89 8.48
20% 5.02 7.35 16.88 5.78 7.12 8.32
30% 5.03 7.78 15.27 4.23 6.58 8.19
40% 4.30 7.46 15.92 5.41 6.31 7.98
50% 4.78 8.34 14.56 | 5.34 5.61 7.23
60% 4.23 7.23 16.71 4.22 5.76 7.65
70% 3.18 7.14 15.43 5.62 4.39 6.91
80% 3.37 6.38 16.17 5.37 4.86 6.32
90% 3.45 6.37 15.38 5.12 4.53 6.67
100% 3.78 6.18 15.46 | 5.27 4.87 6.30




rox
ne

72

M7|MASte| =

Table 5. Standard Deviations of iMPA Performances

# 5. L soll tigk mFEAA}

iMpa 5 A%

10% 3.21 13.60 | 10.53 4.30 8.61 7.69
20% 4.02 12.17 9.33 4.62 7.59 6.61
30% 3.03 11.49 7.31 4.25 4.50 6.89
40% 2.63 12.75 7.61 3.46 4.42 4.95
50% 2.45 13.58 6.25 3.51 5.03 5.18
60% 2.96 11.56 5.53 2.90 5.40 5.61
70% 2.80 12.14 6.58 3.80 3.59 5.96
80% 2.78 13.31 4.94 3.36 4.04 6.55
90% 2.70 12.23 5.13 3.69 3.50 6.41
100% 1.66 11.88 5.97 4.07 4.36 6.49
9 108 ggoEe] grHe] ohd ABHoE A
ZHAS w, ALts IMPAZF KNN 7|H ¥ EACH Al
W mwstel FAE 45e WolFa gle] QB
AN E A PE A5e waATh E 62 19 10
of W@ EFEARelth oW kNN /¥e

Leave-one-out Cross-validation 71 &2 A3k
o] k@ts ARSI om[9], 7t WEE 025
o7 AAs e AYsAnt. OGS F 7 7} ol Al
A AbEE kNN 71989 k@t kgs ALter) $ls
AFE-E AIZES YERAT

%7]

10000

20.00

Jo
o s0.00

breast- ) ionospher i new- "
cancer £y & e thyraid it
mENN 96.43 91.10 87.15 590.87 96.90 9781
mEACH 91.00 91.30 86.00 97.30 96.50 97.40
=iMPAfbstch) 5121 8151 85.79 8751 87.71 BB.48
Gjojg s
Fig 10. Batch Learning Performances (kNN,

EACH, iMPA (batch))
¥ 10, BAH BF
(batch))

Al =

3 (kNN, EACH, iMPA

|
7
o
o]

X|(Journal of IKEEE) Vol. 12. No.1

Table 6. Standard Deviations of Batch
Learning Performances
¥ 6. dEE] BF Al o xEAA
B &= I New—
g reas Glass ones Iris S X Wine
cancer phere thyroid
k-NN 2.24 5.37 | 5.08 7.16 3.66 3.57
EACH 3.66 5.19 | 18.13| 5.58 4.84 6.29
PR 2.16 11.81| 5.97 4.07 6.30 7.77
(batch) 5 5 5 5 5 5
Table 7. k Value and Hour for kNN Method

% 7. R4S HAFE A k@t 2 A ARE (Hour)

kgt
A7k

21 1 1
261 2.26

51 1
40.56 | 0.33 1.61

19
1.29

3. Mz ASF v

g 1104 2’ 167bAe) 2 A shruiE ol
o2 ZF7tEo] g<5E u) EACH Al~®3} iMPACl o
el e AMEEE Zgstglen 7Zb adeAM xF<
e ggdfEn ol g Wz ARg S-S yErdd
9 EACH Alz=gle] A= wree] Agd 239
o 9 A gHvEe] #2 Agsded,
= EACHAIZ"lo)A wEale] AAEE Bioddo
Bweo HYE YerE A, steke F ol wd
otk Ee IMPAE AAE dmdEe
Ne2 F43A 0k

ERE

o]

1r

5 ox 2%

T

£

\=

breast-cancer-wisconsin

200.00

g

7@

205 403 ‘Sﬂﬂ ‘suﬁ 503 | 90% | 1008

20000
)

10009
=

0:00

|—0—EHCH 37.1 (397 [827 112.|144.|1T]. 196. [ 215. | 236. | 253.
|+'IMPA 333 (578 827 1IN,|113 |117, 131 (143, [136. | 137.
SEHTHE
Fig 11. Memory Usages (Breast-cancer)

% 11. W& AR (Breast-cancer)



e 7k 38 71y 7]
glass
90.00
__ 60,00
o
o
& 3000 -
0.00
10% [ 20% | 30% | 40% | 50% | 60% | 70% | B0% | 90% |100%
|+El‘~CH 15.38|18.46/24.86)/32.34/40.01|47.45|58.34 /60.44|66.08|75.73
|+iMPv\ 14.99/19.2124.33|27.64(|34.34|36.75|44.62|52.77(61.40(70.02
ST HUE
Fig 12. Memory Usages (Glass)
a9 12, HWEY A (Glass)
ionosphere
150.00
& 100.00
o
= 50.00
o0.00
SCISGlZa')S 30% | 40% | 50% | 60% | 70% | BOX% | 90% | 100%
|+EACH 32.29‘44 24(54.33168./60|82.93{101.5|109.7|122.7 [127.5| 136.5
[—m—imPa[2a 6443726567 | 758097 32| 108 4 [ 1157 [127 5 [137.7 1478
SEHTH S
Fig 13. Memory Usages (Ionosphere)
% 13, HW52 AHEE (Ionosphere)
iris
30.00 el
o
g 1500 p==
000
10% | 20% [ 30% -tﬂ%‘sﬂié 60% | T0% | 805 | 90% | 1005
|+EAEH 6.90 |7.01 121 1E.Q|l?.4 23.2 |28.2|29.0 | 21.2 |30.8
|+iMPA 578 | 638 | 898 lﬂﬁlfIZE 114 (117|144 139 (135
SEmELS
Fig 14. Memory Usages (Iris)
% 14. WiRE] AR (Iris)
new-thyroid
40.00 =, ==
_ 3000 st
nd
of 2000 —
T 1000
0.00
10% | 20% | 30% | 40% | 503 | 60% | 70% | 80% | 90% |100%
—e—EACH 292 |41.2 453 [49.1 |24 |216 314|320 [37.2 331
—m—iMPA| 691 |5.62 (12,0 |14 |16.2 |153 [17.0 | 180 [17.5 181
SEHELIE

Fig 15. Memory Usages (New Thyroid)
% 15. vl AME# (New Thyroid)

2
N

73

wine

50.00
50.00
40.00
20.00
0.00

nee

10% | 20% | 30% | 40% | 50% | 650% | 70% 90% | 100%,

—e—EACH | 14.7

4.4

18.3
26:0

23.7
29.6

309
36.1

395
46.2

457
52.1

515
59.1

56.2
611

519
66.8

643
724

—m—iMPA

Fig 16. Memory Usages (Wine)
% 16. "R AHEF (Wine)

A k2
Abg- ol
S =
=35k

iMPA”7I® o] EACH Al~=" 7|HHET} &g
FASAL $58 Ao vehgton, vRg
sasldel M%7t o 80% H 277
e AL Vel ek

V. 2

fd =]
RS

N
—

Wi
i
4

i

3
o
o A

2,
=)

2} (original data)ZE ©] &3}

JAE AR (YEde)s A4 o
A=A g FAEh o] A 7HA 5A
o] BT A v A T dd
A5HE THES A st 3lo] oy
H dlelE sho] AR&3H 2
=

sl 4

o
i)

P2 oo S

=
=

do

g%mrz
%

>
=

m[o
o
R

g, A
= guege

FJ

v X

rlo
Ho

ol Al Alte IMPA~I
o, 711 Sk o | 2l

Al

ol i
iﬁ,
ﬂllo F{U

e}

g o=

12 ku

[ed

o
oz, 1
w
o,
o = 2
ok
i Mo oy
%m
o
=l
o 02‘:
Jn £ e
=

= o 4
[ o P ot

K
G
ot 2
o

Lo

ioox 2

rin T
2
p ‘
!
Do 8 e foE o

o o, =
B

Nt

ek

2

e

o

2L

eyan)
(&3

i M
2.8 o
N

—_ ED’ ol

&L o

oY, > >
o hu

rir

=
[>
>
e

of
-

o, oX,
ft o

ol
ol 0 o o Ao - alo 2 3%

il
Ut ox
e &

eI o 1 =T o w A o gt
s



74

€zke] Ag Astew Om)elm, iIMPAS Azt &
FE A% 2FA ddel g T 4FL FH, 3
Ak Aol @ 3590 Om’)elr, o&
EACH Al=€l3} fAE A7 B3 =s 7HA AR, A
Al el Fad AFS EACH Alz=dlo] wste] A
ta E o4 gtk
FaEd

"A Study of Distance-Based
Ph. D. Thesis,
computer Science Dept.,, Oregon State University,
1995.

[1] T. Dietterich,
Machine Learning Algorithms,”

[2] D. Wettschereck,
Majority kNN
National
Technology, 1995.

"Weighted kNN  versus
A Recommendation,” (German

Research  Center  for  Information

[3] D. Wettschereck, "A Hybrid Nearest-Neighbor

and Nearest-Hyperrectangle Algorithm,”
Proceedings of the 7th European Conference on

Machine Learning, pp. Pages: 323 - 335, 1995.

[4] D. Aha, "Instance-Based Learning Algorithms,”
Machine Learning, Vol. 6, No. 1, pp. 37-66, 1991.

[6] D. Wettschereck and T. Dietterich, "Locally
Adaptive Nearest Neighbor Algorithms,” Advances
in Neural Information Processing Systems 6, pp. 184
~ 191, 1994.

[7] S. Salzberg, "A Nearest Hyperrectangle Learning
Method,” Vol. 6. No. 3. pp.
251-276, 1991.

Machine Learning,

[8] J.R. Quinlan,
Machine Learning, Vol. 1, pp. 81-106, 1986.

"Induction of Decision Trees,”

ol

O] A4, Aeid, &3}, "AH 24 5
oA A=A gre] el Ek 47, d=A A st
3], ‘98 &A= 3], 1998.

[10] AN, 019, &3} "uA 2 Frdaes
= AbgekE AEE ve] vk FE) g nA
s3] =], A6 A62, pp. 1563-1570, 1999.

9% OHCY
A53., pp.

[11] 1@ Y, "RPARF 7] A
g%, dFAE T o] 3
824-830, 2003

+=&2X|(Journal of IKEEE) Vol. 12. No.1

[12] O. L. Mangasarian and W. H. Wolberg. "Cancer
diagnosis via linear programming”, SIAM News,
Volume 23, Number 5, September 1990, pp 1 & 18.

[13] http://www.ics.uci.edu/ mlearn

NP

ol ¥ dR3IY)

19854 29 WA ek AR
Avers} s

19949 29 WA o3
AR A st A A
20008 8% WA TSI vjete
A F et upa)
19841 129 ~19899 119 ()48 A0 EA
19901 59 ~19949 89 (F)A A =AY
20054 9 ~ AT ehs} SIE A} T
B 1 vite] A, AEIAA, of o)A

25, AR, A AGE



