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A Representative Pattern Generation Algorithm Based on
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Abstract
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The memory based reasoning just stores in the memory in the form of the training pattern or
the representative pattern. And it classifies through the distance calculation with the test pattern.
Because it uses the techniques which stores the training pattern whole in the memory or in which
it replaces training patterns with the representative pattern. Due to this, the memory in which it
is a lot for the other machine learning techniques is required. And as the moreover stored training
pattern increases, the time required for a classification is very much required.

In this paper, We propose the EAS(Evaluation And Selection) algorithm in order to minimize
memory usage and to improve classification performance. After partitioning the training space, this
evaluates each partitioned space as MDL and PM method. The partitioned space in which the
evaluation result is most excellent makes into the representative pattern. Remainder partitioned

spaces again partitions and repeat the evaluation. We verify the performance of proposed algorithm

using benchmark data sets from UCI Machine Learning Repository.

» Keyword : Memory-Based Learning(H22| 7|8t k%), MDL(Minimum Description Length),

Information Gain(FY0|S), PM(Probability Measure)
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tlolEjutelgdollA] wime] 7|9 FE(Memory-Based
Reasoning, °]3} MBR) 71<& thst dlo]ElE ag3o
2 EF Wizl iete g de] AMEn itk MBR
7EE AZE ARE ERIHE Lulald ol 2
< TEA] geth & SAEY 32 9 ged o8 B
4 el s s viRelo] Aot gz 2§ Al A
2 ARE viLed AFE HR ST A S Alxksl 7}
& 7P A e AEE Selas EH3e 1Yl
ok g sk n Tkt A9 BRd £ A3E o
Eol d £ AT A5t Bl H g4y Y AAE vixg
o AAstedol steg g v2ele] Arx Ad gt o}
Yt 282 93 Az Bolxle FAldel duH13(2).

MBR 7I"HelAd dEl AMEEs dERY ERole
k-NN(k-Nearest Neighbors, ©13} k-NN) ¥&7]o|t}.
kNNER7IE AR A%3E 48 5 Foizl A9z
7V 7V Aol de kel ggaes dddid 1 &
7V Be dde] &% ZYaE JdYuu S BRI o
BR71E 4% HolA BEE g AxE B oeddt Bok
o $&= 1 AT, MBRY 257171 7M1 A4S o)
2 WEsin Sle ©do] ATH3I(4).

ol¢l 22 FAREE dEsP] A AWt BT B2
3 Fgslo] o3 glom, EAY A4E IS =
Agete Zot oflel, A% S ES Ttk 2Yuw
(Hyperrectangle) 2] FE|2 A7l o]43k= NGE(Nested
Generalized Exemplar) ©]2%} sigaige] g dEafd e
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Table 1. EACH system Algorithm
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o] ZRUW FEWHS L oA Aoz may o THI WA e 82 Fof shdeltt mabd siElF)
oA A e 299 FYE 25 9o gae A SAF del ARE Al £, #8 A%
AR 7V ke dae Zeam BEat oAt ¥ SRS /P 2 ARE EEHe A8t S 4 5
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Figure 1. Model of EAS Method

1. MDL{Minimum Description Length)

MDLE Hazedols) gtoe A28 Fdstus s
9] & =AY A2 S o) AN E Zeslsiast &
w Fo3 vlARe] ZolE At W) 4EE gholth13).
e BeEzhe PAseY 98B ke HleE Alleld
Brle] A= g4sim, P AL v 8o 2EFE A
st MDLE 7371 9% 422 (1) 2t

MDL=log(|71+1)
+ fp*(=log(e/20))
+{(C—fp)*(—log{1—e/20))
+ fr*(—log(fn/U))
+ (U= fn)*(—log(1~fn/U)).
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Table 2. partitioned space evaluation after the first
partitioning process

MDL 647.5(699.01734.3|761.4|755.6
sRsajebis | 140 | 73 | 47 | 36 | 3
Majority Class2]|
e 131 73 47 33 31

3 F o 2| 2elmrimt
Table 3. partitioned space evaluation after the second
partitioning process

Hoariis 8 17 18 7 25
MDL 494.9|525.6 {567.7 |561.4|570.5
SETiET I 73 B4 36 31 15
Majority Class2)
D 73 B4 33 31 14

2. PM(Probability Measure)
HEEE5 VelE PM 3 9oz AXg Bagrie

$7 450] 59 2930 Wpur} L 982 quge
2, PM #o] &5 28I BFAE50] B Ao
FEH14).
(0=
Pr(i) = MNEZE ] e (8)
f
min (¢, P)
PM(R) = Pr(§) e, (9)
i=p
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2UFHE Ao

AEE FE3el vis) A9 #3E BeFET & EASY
A8 PMe] 0oz Eetg-7hile] gallelrler) 1429) ¥
&g 22dot}, o, BTN E IMPATHOE
Baa 320 ol delzdon B5ek T A3 day
ot} & 5& EAS-PMe] F ¥ 2&37)
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77 =z 2Ee St
Table 7. partitioned space evaluation after the first
partitioning process

STl

21

Majority Classe]
7R

19

H 8. T oin 2| 2atzyiEp)
Table 8. partitioned space evaluation after the second
partitioning process

0.0005

sramevie | 70 | 46 | 45 | 28 | 14
H 1 [e]
Majoﬂr:gwcfss‘l 70 | 46 | 45 | 26 | 14
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3. CHEole MM
HESEe) 4 57 g HelE R R 299 o)
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 Majority Class
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u J3Fo] YIEE B} 0|9} 22 EAAL Yk 33

< o old FegaiEe] EAER oE o) 71X vHER,
o3z} o] Aokt EAS7IHe] <)@ dEAANAY <2
£5 a9 29 A TRET E 69 EAS YmelEolu).

 wdaw
HEniag
e

T8 2. EAST|Hol| ofst EHETEAMO] AlM| PAE
Figure 2. Detail Modules for the generating
algorithm of Representative Pattern by EAS Method

E 4. EAST Il <5t CHEaieidy 2z
Table 4. Generation Algorithm of Representative
Pattern by EAS Method
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Aete EAS7HL B2 ARE £573}7] Hale thEs)
BE3 4 (1002 A2 AtE sl 7P 7ke tiasid
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sl zte] AgjAt glot §4¢ 1Az ANt
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i=0
ARSI

B =R e EAS 7IHe AH%E Stratified
10-fold Cross-validation 7I'H& AME3l]  k-NN,
EACH, FPA 53 A¢tet EASY] MDLZ PM gxgl&
sl vl AFsiact ARz FlEe ARE Ehske
iMPAZI 2 A& ] 9x] ol A9t
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Table 5. Training Patterns in Classes

New-Thyroid | 215 150 35 30

Breast-Cancer | 699 | 9 458 | 241 -
Balance-Scale | 626 | 4 49 288 | 288
lonosphere 3B1| 34 | 225 | 126 -
Iris 150 | 4 50 50 50

5
3

Survival 306 225 81 -

Breast-Cancer Hl°]8] A& Wisconsin THEH 99
William H. Wolberg 27t F2ldd f+8¢t et AzolH
{16), Balance-Scale l°|g] 4l& 4123} 4 AMg-317]
YA FIEPEE BA3 A=olt). lonosphere Hl°1E Al
& Goose BayolM 3¢ #old] dlolElolH, Iris HloJ¥]
AL Felela] Hopolla] 71 wol AMSEE £97 23l
Zolgt YH] £A1& 7oz Age| 2/E WEske veolE
Holt}t, New-Thyroid Glel8] M A A AgolH,
Haberman's Survival Ho|€] A(e]8} Survival)& A7}
3 s el 8 e F AR 97 B4 29
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F e A k-NN 71%e Leave-one-out
Cross—validation 7IHo& AHE HAo) kzhe AM8sld
o1, 53 EACHAIZ9E A= (Seed) 714 5, 7154 #d}
% 0.28 27|30 dAs] Aleslgn e ¥ 8e 7t
tolE Mol ALEE k-NN 7o) katst kzkg Axveb]
Hsted AR AIZHE UEhit

B 6. =F4s FnEE st kgt Y A ARF (Hour)
Table 6. k Value and Hour for kNN Method

clolEiA breast | Balanc ioncsgp;zx new Surviva
cancer (eScalel h-ere thyroid |
kat 21 1 1 51 1 1
ARE 261 2.26 | 4056 | 0.33 1.61 1.01

# 92 AL 7ol k-NN# EACH, Z2]1 FPA 7]

Wi vme EFAd%oldh. EACH Al2slo]l glasset
lonospheredlA] A23 A% Hol= AL Hake

(Random) 2 A% 27| A= (seed) e daFos Az

# 94 EAS-MDL7I'%-2 breast-cancer® A3}
k-NN# W58ty 948 Aee Jells, FAS-PME
FrAk de& veplia gioh. EACHU FPAZIMETD RE
dloje] Mol $3F AHE HoFm Qi) we T 10e
E 99 ¥F A%l g 2FUAE BoE Aog Aot
EAS-MDL# EAS-PMe] 71&¢] kNN# EACH, 18)a
FPART P4l At Jehfigic

I

f

27 =ZRds
Table 7. Performance

breast | Balanc i:c;ﬁés”
cancer je-Scale | h et

new | Surviv
thyroid | = &l

k-NN 96.8 | 887 | 8.7 90.9 96.9 | 794
EACH 94.4 | 508 70.3 | 946 939 | 64.0
FPA 90.7 87.8 863 | 956 | 959 | 776
EAS-MDL| 96.2 | 881 8531 96.1 930 | 765
EASPM.| 934 | 858 | 835} 953 | 953 | 745

X 8. X 9o Cigt mFEwAt
Table 8. Standard Deviations of Table 9

O’O'Eﬁl breast | Balanc | jonosp iris - new | Surviv
E cancer {e-Scale! h-ere thyroid al
k-NN 04 1.2 1.3 14 0.8 0.7

EACH 3.2 2.2 2.3 11 1.2 5.1

FPA 0.4 0.6 1.3 14 1.0 1.8
EAS-MDL| 06 2.0 1.7 2.0 1.3 1.3

EAS-PM | 04 1.7 15 25 13 14

3. olZ2E2| ALEE H|2

x 28 AFH gEule] £E ARRSISIE, o

© B8] Hee] HAE v
e A, sigtel T 9] e g BAEY] Wit =l
FPASH A|¢tg EAS-MDL 3 FAS-PM 5-& gk Fol A4
e dade] Az Z49%t ® 12414 EAD-MDL
712 breast-cancerg A st LE tolE oAl mzz]
AREgo] vl P43 Ao R Vet X 128 E 119 v
Be] AR 2ol ol RS HoiFrt

£ 9. uza| g
Table 9. Memory Usage

;"mﬁwj breast | Balanc | ionosp He | new | Surviv
o cancer e-Scale| h-ere thyroid ! al
k-NN 629.1 | 562.5 | 316.9 185 198 | 2754
EACH 406 | 1494 | 70.8 18.7 204 38.9
FPA 3088 | 417.3 | 2224 | 437 389 | 189.6
EAS-MDL| 79.2 | 1464 | 633 15.2 13.1 31.7
EAS-PM- | :69.3 | 1475 |. 89.2 13:0 2.7 35.1

E 10. E 170f chst ZZFHA
Table 10. Standard Deviations of Table 11

HOIE | breast | Balane new | Surviv

ionosp
o cancer |e-Scale) h-ere

k-NN 0.0 0.0 0.0 0.0 0.0 0.0
EACH 22 19.6 1.2 0.3 1.0 3.6
FPA 1.1 1.0 2.2 0.4 0.4 1.7
EAS=MDL| 038 1.3 11 0.8 1.6 0.8
EAS-PM| 1.4 1 1.0 03 1.3 06
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33L& k-NNE galel AAE vi2eld A4ggdes
H2e] AME-ES 100%2 & o, 7} 719 wlza Ae8S
Himg Zeltk. EACH Al2El®} FPA 7o) zt4 H#
15%9t 51%% AH&sta ¢levt, EAS-MDLE 14.2%%
J2]1 EAS-PME 15.3%% AHg3le] $58 245 Jet
et

df ok
g

breast-

cancer ha::;:e‘ w!;f:zph iris c::;;;d survival
\Bl-NN 100 100 100 100 100 100
afACH 6.5 26.6 32.4 01 1.3 FERY
wFPA 462 742 704 23.6 1.6 68.8
BEAS-MDL! ns 268.0 201 8.z 6.6 g
HEAS-PM e 6.2 n6 70 13.0 w7

O3 3. o|22] ARBE(%)
Figure 3. Memory Ratio(%).
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