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Metric Learning based on Global Cluster Validity Index

KEN-1cHI FUukui! and Masayukt Numaof!

This paper proposes a metric learning method based on the global cluster
validity index that considers inter-cluster neighborhood relation. The proposed
method learns a transformation matrix of Mahalanobis distance by genetic al-
gorithm, where the global cluster validity index as the fitness function. The
experiments reveals determination of the appropriate smoothing radius of the
validity index, then confirms that the proposed distance metric learning im-
proves the validity index. Also, we discuss the effectiveness of the proposed
method via visualization by the self-organizing maps.
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Fig.1 Extension of a set-based cluster validity measure. The basic statistics are weighted by the
neighborhood relation based on inter-cluster distance d; ;. This example shows topology-

based distance.

BARMICIZ, Ny B i 7RI DT =R, N 3B 7 7 ADT—F KB, Npq 1358
iV TAYICEGENDEt 7V TADT =Y B ERTET S, 2T, Ny, Niy N Z2EHA
BES hij 12X D RAD & ICEANT T 3,

Ny = Z hi,jNij, (1)
cjec

NE=YONL=D)0> T higNg, (2)
leT IET C;€C

N = Z N} = Z Z Z hi ;N j. (3)
ciec Ci€C IET Cj€C

ZIT, hy BIFAOHBTBAHBEER S, A7 ABBTEZ25681%, h; =
exp(—d;;/o%) L% %, di; 137 7 ASMEETH Y, o(> 0) FFRERTH S,
Ble LT, MLy brE—ofiikiE, X (1), (2), 3) zHwTXATEALNS,

weighted Cluster Purity (wCP)
1 /
c;eC

weighted Entropy (WEP)

wCP(C)

(© 2012 Information Processing Society of Japan



TR TS
IPSJ SIG Technical Report

d i), ()

(i) 4" X likelihood( c(i) = c(j) )

¢ J7j) cluster hei.e()
Xi o centroid
pair of objects "~/ d

(a) Distance of data pair on a graph (b) Likelihood function

B2 737 72y ZUHIBEOIROBAIK, 7= WBFELC 7 7 A BT L6 LI 2RTA
BB EAT 5,
Fig.2 Extension of a pairwise-based cluster validity measure. A likelihood function is introduced

to represent a degree that a data pair belongs to the same cluster.

1
wEP(C) = )7 Z Entropy(Cs), (5)
C;eC
1 N/, N/,
Entropy(C;) = 7log N ]\;/ log ﬁ, (6)
ler ° g

2.4 T—IWICEDIL I FRYZYEEEDOIER

RKICTF — & FHHS IRV (2on TR, 9, R1ITRTR? 74 X5EEzk
ET2, 22T, a,b,c,dET—=FDRT7VEL 7 FA (V7 F7A%) KELTWwS (JBELTW»
Z0) BThD, ROEZHTEL T, AL 7725 @T7F—oBofbhiz, ML
7 95 A8 ThH BRI likelihood(c(i) = c(j)) #EZ 5. T, K2R T2 L9, 7
SAZEEEIC L D F— I WAL 7529 THh B LER G2 5. BEMBIZEAICES
BERLACEABBZMG2 L8 TES, Thbb, likelihood(c(i) = c(§)) = he@),e(s)
T3, Z2LTC, ZOREORANIZE YRXRAD LI ICRT VA AGEERE2IRT 5.

K1 774Xy
Table 1 Cross table for pairwise of data
t(i) = t(j) | t(5) # t(4)
c(i) = c(j) a b
(i) # c(4) c d

Vol.2012-MPS-87 No.32

2012/3/2

a' = Z he(iy,e(i)s (7)
{i.316()=t(7)}

V=" > e (8)
{4,316()#t(3)}

d= > G—hwmm)=a+c—d7 (9)

{i,31t(H)=t()}
d= Y (1 - hc(i),c(j)) =b+d-Vb. (10)
{131t #t()}
ISR L7 o/, b, ¢, d VT, FIZIERT7 74 XEELRXT T4 X FEIIZETO
) IELSIND,
weighted Pairwise Accuracy (wPA)
a +d

PA = 11
wPA(C) o +b +c+d (1)
weighted Pairwise F-measure (wPF)
2-P-R
PF = — 12
wPR(C) = 250 (12

IIT, P=d/(d+V)I3#HE#E, R=ad/(d +) IZHHELRL T3,

25 EHBEHY

EHIED IR L Ty M E D BRI W I EABS b, ; 11, RO
ADKIHABEABEH NS ZENTE S, HlZIE, RLICHD S 25T H T AR,
—EDEHETH B D 2 WIEEREROEKEA S, 22T, hiyj =6, (@E&7a%y
A—DTINY)DEE, TUADIEL 2220 ARBINRTH S L2 5,

Rz, M3 ICHEABBOMELZRT, P LER o 230 IED L IXE>T, 77 A5
BNZEHIS 2 2 L1/ D, BOHZREICE DI THAD -EIEDE, £7 %0
EODYFAZELTHHGIT A2 LItk 5.

2.6 RELBEBLEEDRE

KB T 7 A & e, B OZMERERIC 7 7 2 8 MOEFHBROEAM T34
INTV5, 22T, KNI 7 A8 ZLBIERIRICE EN2EHEBT 2 RD K HICELT S
T 4. GEHIRSY) FHiE Poal &, v % MMSEERIGRDE. 2 5 N5 A DFHIHE Fval,mg
DEZ%, Bva CEENLEHEETET 5.

22T, Eval ZTEEOKEBIN Y 5 A% M EHEOFHEEE2EL T» 5,

(© 2012 Information Processing Society of Japan



TR TS
IPSJ SIG Technical Report

smoothed value

6

5 \ radius (o)

4 <5

3 1

2 0.5

1 <0 (=original value)
0

neighboring clusters
B 3 FLEROME, FEIRE RS- T, EH ETHEAFR LS Tw L,

Fig.3 Example of the effect of smoothing radius. Values over the neighborhood relation of the

clusters become smoother as the radius increases.
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Fig.4 Cluster prototypes (e) with topology-based neighbor relation on two dimensional synthetic
data. The data points ([0, A) were generated from two Gaussian distributions.
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Fig.5 The effect of smoothing radius for synthetic data with kmc-knn (k1 = 25,k2 = 4); total
evaluation value (Ewval), Eval with random topology (Eval,,q), neighbor component (NC).
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Fig.6 Change of the best fitness in each generation. (a) #pop. denotes population size, Pm denotes
mutation probability, and Pc denotes crossover probability. (b) comparison between when M

is diagonal or learn all components.
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Fig.7 Comparison of the visualization results of SOM with/whithout proposed distance metric learn-

ing for Iris data. (a),(c) represented by dominant class, (b),(d) U-matrix representation.
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