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A Semi-supervised Learning Method Based on
Generative/Discriminative Model Combination and
Its Application to Multi-label Classification

AKINORI FusiNo,T! NaoNor1 Uepaf!
and HIDEKI Isozaki'!

We propose a method for designing semi-supervised multi-label classifiers,
which select one or more category labels for each data sample and are trained
by using labeled and unlabeled samples. The proposed method provides a clas-
sifier based on a combination of discriminative and generative models trained
on labeled and unlabeled samples, respectively. We design a multi-label text
classifier by utilizing log-linear and naive Bayes models as the discriminative
and generative models, respectively. Using three test collections consisting of
real text data, we confirmed experimentally that the proposed method provided
better multi-label classifiers with high generalization ability than conventional
semi-supervised learning methods of log-linear and naive Bayes models.

000000000000D00000000000000000000000000000
00000000000 p(z) 0000000 00000000000000
0000000000000 000000000000000000000000000
O0000000LROOOOOOOOOODOOOOOO0O0Y 0DOooooooooooon
O00D00000 Pyle) 0000000000000 00000000000O0O0OO
O0000000000000000000000000000000000000 p(x)
0000000000000 0000000000000000000000000DO00
000000000000000000000% 0000 LROOOO transductive SVM
OTSVM'0000000000® 00000000000000000000000
000000000000 00000000D0000000000000000000

10000000000 NTTOODOOOOODOOOOOOOO
NTT Communication Science Laboratories, NTT Corporation
x1 000000000000 00000O00DOO0oDO0oDOoDO0obDO0oDO0obODOobDOobOoDboDbo

(© 2009 Information Processing Society of Japan



133 ODO0O000000O0O0C0COO00000000O0C0O000000O0O0000O

goooooooooooooobboobobooobobobooobDobooooooDoo
0000000000%000000000000000000000000000000
goooboooooooobooooooooboobooooooooooooooooonoa
gooobooooooooooooooooobooboobooooooobooooooobooag
goooobooooooooooooooooooOobooooooooobocOoooooboDboo
gooobooboodoooooboooooooboOoboOoO0ooooooDOobOoooooDon
gbobodoooobooooobooooboooobobooobOoOoOoOobODbObOboODO
goooooboooboooooooooboooooobooooooooOoooOoooDoOoboOo
goboboooooooboooooboooobooooobooobooobooOooobooooboo

gboboobooboooooboOo10cobOoOoocobooobOOobOboOobOoOobOOoOooo
gooooooooooooooooooobooOooooooobooooOoOoOoooDbono
goooobooooz200000o00b0000obobooooobooocooooOoooooDoonoo
gooooooooooooooooobooooooooobooooooooooooonoo
gboooooooooooooboooboooooo0ooooboooooooOooooO0 1o

gobooooooooobooooooobooooooooboooobooooooooboooooOon

gooooooooooooooooooooboo0ooooooooooooooDbobo
0000000000000 0000000000000000000000Y¥oO000
gooooooooooooooooobooooboboooooDobooooDObOoo
gobobooooobooooooo2bb0000oobooooooboboooobooooDoo
goooooooooooooooboooooooobobooooobooooooooDbooo
gobooooooobooooood
gooboobooooooooobooboooooobobooooooooooooooobooa
goooobobooooooooboooooooobooobooOoboOooooobooboOoOoooDboobooa
goooobooooooooooooboooooboobooobobooooooOooOoOooooDoonoa
gooooboooooooooooooobooOoboobboo0oboooooooOobobOoOoooDboboo
goboooooooboooobooobooooooboooo
goboooooo2000000o0ooo0oobo0oooboboOooooOo3bcooobooon
ocooooooobOo0o0oooooooooOODbOOOO0O00000O0bOobOOOO0000040
gbobooboooooboobooobooooobooooobooooooooooOooooDo
goboooobo3dobooobooooooobooooooooooobobo so0bob00ooonoo
goboooobooooooobooooooboo

000000000 000000000 Vol.2 No.2 132-144 (Mar. 2009)

2. 00OooOoOOobOoOOooOdg

000000000000000000000000 KOOOOODO0000000000
000000000000 20000000000 y=(y1,--,¥k---,yx) Oyk € {1,0}
000000000000000000yw, =10y =000 n000000 2,0 kDO
0000000000000 0000000000000000000e” 000000
000000000000000y0 K>100 Y, % >100000000000
00000 YK ,w=100000K=100002000000000

000000000000000000 D; = {(z.,v,)})., 000000000000
D, ={z,}¥_,0M>>NOOOOOOOODOOOO D={D,,D,}000000000
00000000000000000000000000000000000000000
000000000000000000000000000000000000000000

000000000000000000000000000000000000

2.1 00000

00000000000000000 00000000 90000000 p(e,y) 0
00000000000000000000000000000000000000000
00000000000000000000000000000000000000000
00000000000000000000000000000000000000000
000000000000000000000 pyle) 0000000000000000
oooo

0000000000 D,000000000 p(e,y;0) 0000000000000
00060000000 pe|D,)000000000e00000000000MAPD
0000 22)0000000000000000legp(®©|D;)000000000

Ty(©) =Y logp(wn,y,;©) + logp(O) (1)

0000000 eUl0UiU00Ob 100000ULOOLO0OULOOLOULU 200 pO)O O
goboooooboooog

22 0O00O0O0OO
goboooobooooobobuoobooboooobobooobooboboooboobbooDoo
gdoooooO0oO0oO0O0UOoU0O0O0O f(e,y;W)OUUOUOUO . 0000OO0OO0OOOOOOO

(© 2009 Information Processing Society of Japan



134 0OO0O0O0O00O0O0OO0O000COOOO0OO0COOOOO0OCOOOOOOCOOO

§ = argmaxy f(z,y; W) 0000000000000
00000loglinear0 0000000000000 WOODODOOODO f(z,y; W) =
y"We00ODO0O0O00 20000000 y0000000000
exp{f(z,y; W)} @)
Doy exp {f(x,y's W)}
0000P(yle;W)0000000 y0000 200000000000000000
00000 p,000000000000000000000000000

P(ylz; W) =

W) = log P(y,|n; W) + log p(W) (3)

0000000 WOOOO WOoOOOOoOOoOoooowooooooo p(W)OOOO
0ooooo0?o000000000

3. DOooboooooooo

gooooooooooooobooobOooooobOOoboOoOoooobooOobooooooDoobooo
goooobooooooooooooooboooooboooobooooooooooooDbobo
gooooboooooooobooooboooobooobooboobooooobobooDo
gogobbooobboobobboobbbooobbooo

3.1 JUbObOOooobobooobboooobo

O0o00o0ooo0o0o0ooD0oo0oUoo0ooo0D p(=,y;©) 0000000000
ooogooooooobod 2, 0000000y, 00000000MAPOOOOOO
Jg(G)):Zg{:lZyIym(y)logp(wm,y;@)—Hogp(@)DDDDDEII] egoUooooo
000000000000 00000000000001y, (y)00y=y, 0000 10
y#vy,0000000000000000000000y,, 0000000001y, (y)
0000000000000y, (y0DOOODODOODO0OO000000 R(yle)00000O
e0000o0o0ooooooo

©)=> > R(ylzn)logp(@mn,y;©) +log p(©) @)

m=1 Y
O00D0OU0OU0O0OR(y|lx)DODOUOODOOUOODOODDOOUDODO
O00ORylz)D0D0O0O0O0O0ODO0OUOUOOOOOOODDOOUDULODOOOOOO

000000000 000000000 Vol.2 No.2 132-144 (Mar. 2009)

Class Boundary by R(y|x)

~Generative Model > K
UnIabe,ed PO0) Class Boundary /
ample ’ ' Labeled
\_ - 7 L N . by £ (xy;W) /’ Sample
, 7 e > \ / ° e
P [ ] \\ e o ® \ - /
1 e ® e x
\
.:o . e\ \\ ° . L - L]
\ 1 x x
v\ e ® g \\‘ ® o’
\\. L4 [ 7 N \.\ o_ ’/
N N 3 _ P 7/

for Unlabeled Samples for Labeled Samples

01 00ooogogoogo
Fig.1 Basic idea of classifier design.

000000000000000000R(yle) 0000000000000000000
000000 f(x,y;W)O0OODOO0OO0OD0O0O000

exp{7f(z,y; W)}A
>y exp{7f(z, y's W)}

Py (yla; W) = (5)
000000o0bobOoooo2220000000000000DODO0OOOOODOOODODO
[II]El[II]I:I[IDEl[II]I:I[IDEl[II][II]I:I[IDPW(y|a:;VAV)D|:|[IDEI[IDEI[I yOOO
oooo0oOoOoooOoOOo000doOooOoOOoOoO0o0oUOOOoooooOOoOoOooOoooo
D[IP%ka;W)[I[IEI[IDDDD R(ylz) ODODODO

O00000OR(y|lx) O Pw(y|:v;W)DDDDDDDDDDDDDDDDDDKLDD
0 Kullback-Leibler divergencell

- Alnlos o S _Blylz) ()

x)|| Py (y|x; W
D(R(y|z)|| P (y] Pyl W)

oUooUuoKLooooooooooooooooo oooo JR,©)ODODOOLDOOO
Ryle)DOODOUOUOOUOO0100000000000OOUOODOLUOUDUDULDO
gooooooooooooooooooooooboobooooooooooooooboobooo
O00O00UD0O0OR(ylx)D ©000000L0O0OO0O0OOO

(© 2009 Information Processing Society of Japan



135 ODO0O000000O0O0O0O0000000000C0000000O0O0000O

. Weighted
Feature Discriminative Model | Combination
Vector exp{ f(xy;W)} }

Classifier
* . @ Ry (v W,0)
Generative Model }
p(xy;0)

02 000000

Fig.2 Outline of classifier formulation.

= Z Z R(y|xm)logp(xm,y; ©

%2 Ryl )| P (y]2m: W)
m=1 Y m=1
+logp(©) (7)

00000400000000000000KLOOOOOOO00000000000000
0000Y, R(yle)=100000000000000000000000087,,3/0R=0
000000000000

P, (yla; W)p(z, y; ©)°
ny(a:;@ W)
— exp{f(z,y, )}’Y (w Y; ) (8)
Zy/ exp{f(x, y ,W)}'Yp(.’.l?, y 7(—))@

Ry (y|z;0,W) =

DDDDDDDDDDZﬂ@@J@%:ZyPMyMWWMwWQ@BDDDszCmmT
0000000000000000000000000000000 Ry(ylz;0,W)00
00000000000000000000 20000000000000
0@®)000000000000000000000000000000 exp{f(z,y; W)}
0000000000000000000000000000000O0O0O0OOOOOOO
000O0® 00000000000000000000000000000000000
000000000001 00000000000000000000000000000
0000000000000 0500000000000000000000000000
000000000 8) 0000000000000 000N0N0N00N0NDOoONOONonoa
00000000000 e000000n (7)00 (8)00000000000noon
00000000000000000

000000000 000000000 Vol.2 No.2 132-144 (Mar. 2009)

M
% Z log Z~ (m; ©, W) + log p(©) 9)

40OO0O0DOD0OODODOOEMOOOOOOY0000000000000000J~(8)0

000000000000 e00000000000000 (/000000 e0000
0eWoo0onJy(etth) —Jy(©W) >y et o) - gye",e") 000D
QUODO

Q'y(@(Hl), @(t))

M
= Z ZR’Y(y|wm§ @(t)’

m=1 Y
000000000000 8)000000MQ~y@eW, ey o et opooooon
o000y e oooooog et g e oooood Jy(e)0ooono
oooooooe*Y o e®oonoo00000000000000000Nod eod
ooooooo

0000000000000 D00O00EMOOODOOY 000000000000
EMODOODOD0? 000000000000000000y =000 8=10000
Z~(xr,;©,W)OOEMODO0O00000000000000000™ 000 CO0
CZyM@m%@DDDDDDDV:ODDDDZﬂ%MQWQDDDDDDDDDD
EMODDO00000000000000000 CYyp(zm9;0)° 000000000
0000000000000000 EMOOO0O0O00 KLOOOOOO0OO0O0O00O00
00000000000000000000000000000000000000000
O EMUO restricted conditional probability EMO RCP-EMO O O0OO0OO0O0OOOOOO0O

3.2 00000000

0000000000000000 v = (1,8 00000000000000
Ry(ylz;©6,W)000000000000000000000000000O00000
000000000 D, 0000000000000 Ry(ylz;©,W)000000000
0000~00000000000R~(y|2;©,W)00000 WO D,00000000
000000000 D,0~4000000000000000000 00000000
0000000000 400000000000000000000000000000
00000000 0000000000000000000~0000000

W) log p(m, y; ©TV) + log p(@FY) (10)

(© 2009 Information Processing Society of Japan



136 ODO0O0O000O0O0O0OOO00000O000O0C0O000000O0O0O000O

1. 0000000 D ={(@n,ys)}ne1: Du = {@m}hoy
oooo

ooooe®, ¢t —o.

0 @)oooo wo wi-» oooo

.e® o w-™ opooo (11) 0000000 40000
000D0000000000000

e40 WOOOO (10) 0000 ©*tY gooo

e 0t 0 W™ gpoo (11) 0000 400000
ot «—t+ 1.

6. Ry(ylz; 0, W)oon0

Rl

03 0J00oOooooooooooogo
Fig.3 Outline of parameter estimation algorithm.

N
Jo(y) =Y log Ry(y,|n; 0, W ™) + logp(7) (11)
n=1
W g (zn,y,) 000000000000O000DOO0O0OOODOOO0OWOOOOOO
O0p(y) 0000000000000 00ODOOGO00D00O0000000O0ODO0ODOOO
000010000 L-BFGSOODOOO™ DOoOoo Je(v)0OODDOOO0DO~0O00OO0OO
00000000000000e000 0000000000 (10)000O0DO00O0
00o0o00ooo0oodoed 000000000000 OO0ODOO0OOOO0ODOO
DDJ—Y(G)D Jo(y)DOODOODODOOODO OO ~v0000D0DOODOOOODOODOOOO
(10)0000000 e**Y 00 (11) 0000000 4000000000000000
00o0o0o0oooooonD 3000000000 ooooooooono

4. J00O0o0OOOobDOO0DbOd

3000000000000000000000000000000000000000
0000000000000 000000000000000000000000000
0000000000000 p(e,y) 00000000000O0O0O02Y 0000000
000000000000 00D00000 (10)00000000000000oo0ooog
0000000000000 0000000000000000 R(yle)000000O0
000000000000 00000000D000D00y=00002%¥—-100000
O0D00KOOOOOOOOOOOOOOOO0OO0OO0O00000000000000000

000000000 000000000 Vol.2 No.2 132-144 (Mar. 2009)

000000000D000000000000000000000O0ONBOOOOY OO
Oo0fdooobodoooboooooboooobooooooooooogo 5)[|16)|:|D
do0o0odoOodoOooooOOoobOo0bOo0ooboOoobOoboOooNBOOODOOODOO
00o0o0o0o0o0oooooooooooooooooooooa

4.1 NBOOO

0000000000000 DO0ODODOOODOODODOY,=10000000D0O0O
Oy, =000000000000000DO0O0O0OODOO0O

p(@, Yx; Or) = p(@|yr; O )Tk (Yk) (12)
0000m(y) 0y 0000000 _m(y) =100000p(ly;Ox) 0 g 00
D000 2 000000000p(zly;©:) 0000000NBOOO 00000

NBOOOOODODOOODODODOOODODOOODODODOODODOOODO::000000000
0000000000000 2= (z1,...,24...,2v)’ 00000000000000
goviooooooooooooooooooooooOooooooooody,0oooo
oooooo

\%
@y Ox) o< | [ {0ni ()} (13)
i=1
[II][II][ID[ID[IDDDDDDDDDDDDGM(%)D ye e oooooobaooo
000 00k(yx) > 003" Oi(ye) = 1000006k = [Bri(yr)iy, JONBOODDOD
goOoooooo
4.2 00O0O0O00O0O00O0O0O0O
NBOOOOOOOOOODODOOOOO220000000000000000000003
000000000000000000 W = [wi,..., Wk ..., wk]T O fu(e,yews) =
yewiz 0000 flz,y;W) = S fu(z,ywe) 00000y € {1,00X 000
Sy exp {30, i@y wi)} =TI, 2, o exp{fu(@,ys;wr)} 0000000 (2)
0 Plyle;W)UOOOOOUO KOOOOOOOOOUOOooooooooo

P(ylz; W) = ﬁ exp { fx(x, yr; wr)}
’ k=1 Zzl;'k=o exp { fi(z,y',; wi)}

(14)

000000 3)Uo0oowoUOoUOUoUooUooooUoUoUoDUL00 weOOOOO
oooo

(© 2009 Information Processing Society of Japan



137 OO0O0O000O0O0OO000COOOO0OO0COOOOOOCOOOOOOCOOO

43 000000000

31 0000000000 O0ONBOOO p(zly;©r) 0000000000000
fr(@,yp; ) 0000000000000 000O0O0ODDDDO0000000OO
00 R(yle) 00000000

€)= "> > R(ylen) log p(@mlyr; Ok)me(ye)

k=1 m=1Y#0

_— Z Z R(y|zm) log (y‘wm)

B Py (ylam; W)
00006 ={6;};,00000000000000 1000000000000000
0000000000000 0y=0000y 000000000000 Rylz)0OO
DDDDDDDZ%&O (yle)=10000000000000O0OO0OOOOOOOOOO
oooooooooooo

+log p(©) (15)

[T, he(a, yu; W, Ok, ik, )

Ry (ylo; W, 0, p) = (16)
Zy/¢0 Hk:l hk w7y k;wkvekvl'“ﬁPY)
00000000000000
R (®, Yi; W, Ok, pk, ¥) = exp{ f(@, yr; W)} p(|ye; O)” exp(yi)™* (17)

00 pk = Blogmi(ys =1)/mi(ye =0) 0000y = (v,8)" 0 g = (1, ok, pirc) T
0000D320000000000000000000000000000000000
ooooo

©0000000 (1500 (16)00000000000000 QOO

Qy(e"*,01)

=D D> Ry (ylem: W, 00, ) log p(amlye; ©F ) + log p(0 1) (18)
k=1 m=1Y+#0
0000000 QUOOOD0OOoO0OoD et oooooOo000000ooonono
020y000000000000 Ry(yle;W,0W, p)000000000000000
000000 yD 2 -1000000000KOO0OD000 e oonoooo
gooobooooooooboooboooooooboooooooooboooooboOooooboonoo

000000000 000000000 Vol.2 No.2 132-144 (Mar. 2009)

000
s (@, yu; On) = hi(Z, yr; Wi, O, p; ) (19)
I, o0 " (Y1 W, Ok, ik, Y)
DDDDDDZ se(x,y;0) =100 NBOOOOOOOOO ©, 00000000
DDDDDDDDDDDQDDD%@MMGQ p(©,)000D000000000000
ooooooo
Qﬂy(@(t+1),@(t))
K M 1
= {}: E:Qk@muym(ﬂw)bgp@MJms9$+”)+1mnﬂ@f+”)} (20)
k=1 Um=11y,=0
oooo

sk (Tm, ye = 1;04")
K
1-— Hklzl Sk’ (wm7 y,k/ = 07 @;:,))

00 ge(@m,yr =0;09) =1—qp(zm,y: = 1;00)000000000000000 A1
0000 (21) 000000 ge(zm,y;0P)0000000060000000000
0 KOODODODOOOODOOo

000DO000ONBODOOODOODOOODODOOODOODOOODODOOODOOO

g (T, ye = 1;01) =

(21)

p(©r) < [T, o [ {fwi(y)}* ' 00000D0000QODDNONDOOD &Y =

(08 (y)]iw,, 0000000000

S k(@ Yk O )i + € — 1
S A o k(@ i OO + € — 1

¢(>1)00000000000000000000000000¢600000000000
(2200000 6" (y) 00000000 NBOOODODOOOOODOOOOD

05t (i) = (22)

5. O O

5.1 OOOOOOOOO

00000o00o0U000o0o0oO0O0O0o0o0o00000oooOU00C0OooOOoOooooooog
000000O0O000DOO000O0 30000000000 ODReuters-215780 RCV1-20
WIPO-alphaD OO0 00O

(© 2009 Information Processing Society of Japan



138 ODO0O00000O0000O00000000000c000ooooooOboboO

Reuters-21578*'0 000000 ReutersD 00135 000000000000 Reuters
newswire ] 00 0000000000000 OODOOODOOOOOOOO 10000000
000000000000000000000'0000000 100000000000
oo0ooOO0O0o0o0oOooooooooooDOoOoOoOe49000000000OOOOODODO
000000000000 O0oDOO0o00OoDooooOgoo 245000000000000
000020000000000000000000000000D00000 9Y%00000
O00000DoOo0ooO000o0oDoooo0o0o0UooDooooOoOO0U0Uonnstop wordd
0DO0®ooo0000001000000000000000000000000000
O0bDOo00DO0o0ObOoOO 1458600000

RCV1-2*?00000000103000000000 000 Reuters newswire 0 0 0O
0000000000000 00000000000000D0O00oooooooooog
00O00¥YOoOoOoOOoOoO00O000000000000000000 20000000000
0000ooooooo0o0oooooooooooooooooooooooon 23,1490
00200000 000000000000000000000000 76%0 000 0Reuters
000000000000 00O0O000O0O00DO000000DO0O0O 3924200000

WIPO-alpha 000 00O00OWIPOOOOOODOOODOIPCOOOOODOOOODO
00000000000 000000000000000000000007000000
Jo0ddoDO0o0DOooDoooDOoOooDOo 20000000000IPCOOODOO0O
0d0d00O0DbO000OO0oDO0obOOO00ObDO0O0ObDDOO S0b0DbOb0bOODDObOOOD 200
d0DoOo0ooOo0ooDoOOoobOO0o0oobOo0bObOo0oobOooooOOoOo 20000000
00000 29626000 20,2060000000000000000000000 18%0
O000O0O0OO0ODOOO0ODDDOOODODOOtitled abstract 000000000000
OO0OReuters 0000000000000 OOOOOOO0OOOODOOOOOO 35,941
ooooog

52 0 O0O0O0O

400000 RCP-EMUOUOOODOOOOCODOOOOOOORCPOOOOOOOOOODODO
000O00os00000000D0Ob0D000000JLL/MCLOLL/MEROTSVMONB/DCO
NB/EM-AUOUOOOO0OUOOOOOOOQOOOOLLOODOOOOOOOO

*1 http://www.daviddlewis.com/resources/testcollections/reuters21578 /reuters21578.tar.gz

*2 http://www.daviddlewis.com/resources/testcollections/rcvl/

000000000 000000000 Vol.2 No.2 132-144 (Mar. 2009)

RCPOOODOODOOOOOD WOOOAOpOOODOWOOOOOOODOODOOO
00 p(W) o [[i, exp(~wiwr/20?) 0000~ 0 p00000000000000
p(v, 1) o exp{—(y = 1)*/2 = (8= 1)*/2} [[,_, exp(—43/20*) 000000000 (22)
00 ¢00000000O©00000000000000000000000000000
000000 oe{10"2}5_s0pe{10M22__,0¢e{1+10 "} 000000000

NB/DCOODC0 8) 0000000000000 000D0O00D0NON0N00NON0NOd
000000000000000000NBOOOOOOOOODOOOOOOOOOOOO
O0O0ONB/DCO00O0OOOOONONOOOOOND 200000000NB/DCOOOO0
O0ORCPO p0 ¢0000000000000D000000000O0O0000000
000000000000000 RCPOOOOOOODOOOOOOOO

NB/EM-AOONBOOOOOOOOOOOOOOOOOOOEM-AOOOOOOY O
000 NBOOOOODOOOOOOOOOOONB/EM-AOOOOOOOOOOOOOO
00 200000000NB/EM-A000000O0O0OO0OOOOOO NBOOOOOOD
00000000000 00000000000000000000000000000
0000000000000 00000000000000000000000 1300
X € {0.01,0.02,0.05,{n x 0.1}}2,} 00000000 NBOOOOOOODOOODOOONB
000000000000 00000000000000000000000000000
000000 €=n4+101000 ne{1,{1x107",2x107",5x10""}2_,} 0000
ooooo

JLL/MCLODOO 5)0000000000000000000O0 joint log-linear modell
JLLOOOOp(x,y) DOO0O0OO0O0O0OOOOOOD multi-conditional learningdd MCLO
00000000 JLLOODOO00000000000000000000000000
00 p(z) 0 pyle) =p(z,y)/p(z) 00000000000000000000000O
0000000000000000000000 p(ylz)000000000000000
00000000000 p(x)000000000000000000000 JLLOOD
000000000000 0p(ylz) 00000000000 a=100000p(x)000
00000000 1000 B€{107"}_, 00000000 JLLODOOOO0O0OO000
O00JLLOO0O0OO0O0000 W = [w,...,ws,...,wx]T 00000000000000
p(W) o [T, exp(—wiwy/20*) 000000000000000900 o € {102},
OoooOoOoooo

LL/MEROOCO (14)0000000000000000000LLOOOO0O0O0000

(© 2009 Information Processing Society of Japan



139 ODO0O000000O0O0O0O0O000000000C0000O00O0oOOO0bO

OD0000OLLOOODOOO0OD0OO000O00OO0 minimum entropy regularization 0 MERO
0000 000000000000000000000000000000000000
ocooboooooooooboboOooooooobooOoOOoOoOoOoooobooOoOobOOOoOoOoooboobooODn
oooooooooooooooooobobooboooooooooooobooOoObObObn 16
00 Xxe{l,{I1x107",2x107",5x10""}s_,} 00000000 LLOOODOOOOO
oOooooJnn/MCcLOOOoUoOoooooUooooooUooooooooooooo
LLO0ODO (4000000000 ouooooooooLLgoouooooooon
O00LLo0oo0oo0oo0ooOoooUoUoUoUoUOoooooooOoooUJLL/MCLO
LL/MEROUOOOOOOOOOOUOOOOUOOOOUOOUOOOOOUOO
oboobooboebOUOOOOOOOOOODODOOO 1I00DO0DOO0OOODOOOCOOOO
ooooooooooo0oooOooobooO0ooOoo00ooOb0ooObo0ooOoO0oo0ooO000oO0Bb0D
NB/EM-A 000 RCPONB/DCOJLL/MCLOLL/MEROLLOOOO0OOOOOOOOO
oo ZleileDDDDDDDDDDDDDDD
0000000000 ¢transductive SVMO TSVMOOOOOOOODODOOOOOOOO
20000000000000000000TSVMOOOOOOOOOOOconcave-convex
procedured CCCPOODOO00O0O000O0O00OO0 Univer SVM*'00O000Y000 5)
0000000000000 b0000 Ramp LossDOO0D0OO0O0D0OO0O s=-0.5000
gooooobooooooobbooooooboboboooooboo Zyilwizloﬂ[lDD[l
000000000000000000000000000 700 Ce{10"}3__,000
000000000000000000000000000000 500 C* € {10"}5__4
ocoooooooooooooooooobOoOoboooooooOoOOobObOooooooooDoOo
0000ooo00ooo0o0oooooTSsVMOOOOOOOOoOooooooooooo
ooooooooooooooooooooooOoOOobOOoOoooboOoOoOoooooo
o0o0o0o0o00o000oooO0O00000OooooooO0o0o0oooCcAMuogooo
FOOF,0OO00000 FOOFyOO30OO0OOOOOODOOOO FOOFO0O0OQO0OO
0o0oo0oo0o0o0ooooooooooooon

Np

CA= -3 1y.(5,) (23)

T=1

*1 http://www.kyb.tuebingen.mpg.de/bs/people/fabee/universvm.html

000000000 000000000 Vol.2 No.2 132-144 (Mar. 2009)

23 0T Yy Yl
Z‘r:l Zk:ly kYrk (24)

- Z-IFV:Tl 25:1 Yrk + 2551 Zf:l Yrk

Ey

K N N
1 223 YreYrk
FMZfZ ~ =1 N (25)
K k=1 ZT:Tl Yrk +ZT:T1 Yrk
Np K N
1 22, YrkYrk
Fp=— =L (26)
Nz ; D ket Yrk + Dy Gk
aooo NTDDDDDDDDDDDDDDDDDQJT=(yTl,...,ka,...,yTK)T[II:ID[I

0000000009, = (§r1,.-drk,---,9-x)  00000000000000000
O0000Fy0000000000000000000000000000000F, 00
000000000000000000000000000000
0000000000000000000000000000000000000000
0000 1000000000000000000000000000000000000
000000000000000000000005,00000000000000 NOO
0000000000000000000000000000000000 NpOODOO
000000000000000000Reuters 000000000000 Ny = 25450
00000000000 00RCVI-20 WIPOOO Ny =50000000

5.3 0000000

531 0000

0100200 3000000 1000000000000000000000CAOO
F,00F,00F, 0000000000000000000000000
RCPOOOOOOOOOOOOODO JLL/MCLOLL/MEROODOODOO0OOJLL/MCL
0 LL/MEROOOOOOOOOOO0OO000000O0O0O0OOOOOOOO0000000
000000000O0O0ORCPOOODOOONONOOOOOOOOOOOOOOOOOODOO
00000000O0ORCPOOOODODODOOOOOOOOOOOOOOOOOOOOOOO
000000000000000000000000RCPOOOOOOOOOOOOOO
0000000000000000000000000000

OO0O0ORCPO JLL/MCLOLL/MEROOOOOOO0O00O0O0OOOO000O0OO0O
00000000000C0C0O0O000000000RCPOOO320000000000
000000000000000000C0C000000000000000000000

(© 2009 Information Processing Society of Japan



140 OO0O0O0OO00OOOOO0OOO0OCOOOOOCOOOOOOCOOOOOOCOOO

01 Reuters 00000000000000000CADOF,00Fy 00F, 00000%0

Table 1 CA-, Fy-, Fa-, and Fp-scores (%) of each classifier for Reuters data set.
N RCP JLL/MCL LL/MER TSVM NB/DC NB/EM-\ LL
80 |83.4 (1.9) 74.7 (2.6) 72.4 (1.1) 72.6 (3.0) 74.8 (2.0) 73.0 (3.3) |72.1 (1.4)
CA| 320 |88.2 (0.8) 82.6 (0.6) 82.8 (0.6) 83.4 (0.9) 80.5 (1.4) 78.2 (1.4) |82.5 (0.5)
1,280 [ 90.7 (0.4) 87.1 (0.7) 87.7 (0.5) 88.1 (0.3) 83.8 (0.4) 82.3 (0.6) |87.4 (0.4)
80 |87.9(1.9) 82.6 (2.4) 82.1(1.0) 83.1 (2.0) 83.5(2.1) 81.4 (2.7) |82.2 (1.1)
F, | 320 [92.1 (0.6) 89.2 (0.5) 89.4 (0.4) 90.5 (0.6) 88.2 (0.8) 86.8 (0.9) |89.3 (0.4)
1,280 [ 94.1 (0.2) 92.6 (0.3) 93.1 (0.2) 93.3 (0.2) 90.8 (0.2) 89.2 (0.4) |92.7 (0.3)
80 |74.7 (3.5) 59.4 (3.8) 62.4 (4.0) 71.0 (3.2) 67.3 (3.4) 67.4 (3.2) |62.6 (4.0)
Fpr| 320 |83.1(1.3) 76.1(1.9) 75.4 (1.6) 81.6 (2.0) 76.4 (1.4) 76.1 (1.8) |75.6 (1.7)
1,280 | 87.5 (0.4) 85.6 (0.8) 85.3 (0.5) 86.9 (0.5) 80.6 (0.7) 79.1 (0.8) |85.1 (0.5)
80 |89.8 (1.7) 81.1(2.5) 76.5(1.3) 81.4 (2.3) 84.1 (1.3) 82.7 (1.6) | 76.6 (1.3)
Fr, | 320 |93.3 (0.5) 90.0 (1.0) 87.2 (0.7) 89.2 (0.9) 89.2 (0.7) 87.8 (0.6) |87.2 (0.7)
1,280 (95.1 (0.1) 92.4 (0.2) 92.2 (0.4) 92.7 (0.4) 90.6 (0.2) 90.6 (0.3) |91.9 (0.4)

02 RCV1-200000000000000000CAUODF,D0Fy 00F, 00000%0
Table 2 CA-, Fy-, Fy-, and Fp-scores (%) of each classifier for RCV1-2 data set.

N RCP  JLL/MCL LL/MER TSVM NB/DC NB/EM-A| LL
160 | 31.8 (1.8) 30.9 (1.5) 30.7 (1.7) 33.2 (2.0) 29.0 (2.0) 25.3 (3.2) |30.7 (1.7)
CA| 640 | 45.3 (0.9) 45.5 (1.2) 45.1 (0.8) 46.3 (1.0) 39.2 (0.7) 35.4 (1.2) | 44.8 (1.0)
2,560 | 55.4 (0.7) 54.6 (0.9) 54.6 (0.8) 54.6 (0.6) 45.9 (0.6) 40.6 (0.8) | 54.5 (0.9)
160 | 66.3 (1.4) 64.6 (1.2) 64.6 (1.3) 69.5 (1.2) 66.6 (1.3) 63.6 (2.0) | 64.8 (1.3)
F, | 640 |76.8 (0.6) 76.1 (0.7) 75.2 (0.7) 76.8 (0.3) 74.1 (0.7) 715 (0.7) | 75.2 (0.7)
2,560 | 81.9 (0.5) 80.6 (0.6) 80.8 (0.5) 81.1 (0.4) 77.5 (0.6) 75.1 (0.5) | 80.8 (0.5)
160 | 50.9 (2.6) 43.7 (1.8) 43.2 (2.3) 58.1 (2.0) 53.3 (1.7) 47.9 (2.4) |43.5 (2.4)
Far | 640 | 66.6 (1.7) 64.9 (1.5) 62.3 (1.7) 67.2 (0.6) 63.7 (1.1) 59.7 (1.0) | 62.4 (1.7)
2,560 | 74.4 (0.9) 73.2 (0.7) 725 (0.9) 71.7 (0.9) 68.9 (0.7) 64.4 (0.6) | 72.6 (0.8)
160 | 67.4 (1.3) 63.8 (1.2) 61.9 (1.5) 68.5 (1.4) 65.0 (1.3) 62.4 (2.4) | 62.0 (1.6)
Fp | 640 |76.7 (0.5) 74.4 (0.7) 73.4 (0.8) 76.1 (0.4) 73.0 (0.7) 71.6 (0.6) |73.4 (0.8)
2,560 | 81.7 (0.4) 79.7 (0.5) 79.7 (0.6) 80.6 (0.4) 77.0 (0.4) 75.4 (0.4) | 79.6 (0.5)

ooooUo0oo0o0~y00000OOUOOJLL/MCLO LL/MEROOOOODODOOOO
pONDOOOODOO0O0OOO0O0O0COOO0O0ODO0O00OO0O0OO00OOoOoooooOOg
0000 RCPOOOOOOOOOOODOOOOOOOOOOOOOOOO
RCPOOOOOOOReutersd WIPOODO TSVMOOOOOOOOORCV1I-2000
gooooooooooooooboooooooboobooooOoooooboobooooooboo

000000000 000000000 Vol.2 No.2 132-144 (Mar. 2009)

03 WIPODOOUOOODOODOOOOOODOOOOCAUODOF, O0Fy OO0FL 0ooooo%0o
Table 3 CA-, Fy-, Fy-, and Fp-scores (%) of each classifier for WIPO data set.

N RCP  JLL/MCL LL/MER TSVM NB/DC NB/EM-A| LL
160 |37.9 (3.0) 18.1 (3.8) 11.9 (2.5) 19.4 (1.9) 16.5 (2.0) 9.7 (5.7) | 12.1 (2.4)
CA| 640 |46.8 (1.4) 28.5 (1.9) 24.8 (1.9) 31.3 (1.6) 27.2 (2.3) 21.5 (2.6) | 24.8 (1.9)
2,560 | 53.1 (0.7) 37.6 (1.3) 36.9 (1.1) 40.6 (1.3) 34.1 (1.4) 30.4 (1.7) | 36.9 (1.1)
160 |49.2 (1.9) 38.5 (5.0) 28.9 (3.0) 40.3 (2.1) 42.0 (1.7) 36.6 (2.8) | 29.1 (3.0)
F, | 640 |57.1 (2.2) 49.4 (1.9) 45.0 (1.7) 53.4 (1.1) 53.0 (1.6) 47.3 (2.1) |45.1 (1.7)
2,560 | 63.7 (0.9) 58.6 (1.0) 57.7 (1.1) 61.9 (0.8) 60.1 (0.8) 58.2 (0.8) | 57.7 (1.0)
160 |36.4 (1.4) 27.4 (1.2) 18.0 (1.5) 32.4 (1.7) 28.8 (L.5) 22.1 (1.4) |18.3 (1.4)
Far | 640 [48.0 (1.5) 39.7 (1.2) 34.4 (1.7) 45.9 (1.3) 41.9 (1.3) 35.9 (1.3) |34.6 (1.6)
2,560 | 56.3 (0.7) 49.6 (0.7) 49.2 (1.0) 54.1 (1.0) 52.1 (0.8) 48.3 (0.7) | 49.3 (1.0)
160 |47.1 (2.1) 36.3 (7.1) 17.0 (2.2) 31.9 (2.4) 35.4 (1.6) 25.3 (2.8) | 17.2 (2.1)
Fr | 640 |55.6 (2.2) 48.3 (2.1) 32.4 (1.9) 44.7 (1.5) 45.7 (1.9) 41.7 (1.1) | 32.5 (1.9)
2,560 | 62.8 (1.0) 55.8 (0.9) 48.7 (1.2) 55.4 (1.1) 52.8 (1.0) 53.1 (0.8) |48.8 (1.2)

04 0O0O0OO0O0OOOOOODOOOOOD V, OOODDOOOO W
Table 4 Within-class and between-class variances (V,, and V},) for each test collection.

Vw Vb

Reuters | 0.049 0.0050
RCV1-2 | 0.027 0.0030
WIPO 0.042  0.0029

gobooboooooooooooooooobooboobooOo Vv, 0oDbOoOooD W
gobooooboooobood

Sy
1
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Yy s=1
1
Vi = M Zsy(my
Y

S, 00000 y000000 2,,000000m, 0000000 my =Y Y, 2./,
0000mO00000000000000000000000®,,0 Y1, @ysi=10
00000100000000000000000000000000000000000
0000000000004 00000000000000000000000 Reuters
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Table 5 CA-scores (%) for test samples assigned to two more category labels and for all test

samples (within parenthesis).

() 00000 D0OO0O00O0000O0ODDOODODODOOOOOOOD

N RCP JLL/MCL LL/MER TSVM NB/DC NB/EM-A LL

80 |26.9 (83.4) 19.2 (74.7) 22.8 (72.4) 28.2 (72.6) 26.5 (74.8) 24.4 (73.0)[22.8 (72.1)
(i) | 320 |43.8 (88.2) 29.8 (82.6) 33.4 (82.8) 43.9 (83.4) 37.5 (80.5) 32.3 (78.2)33.9 (82.5)
1,280(54.2 (90.7) 50.3 (87.1) 49.9 (87.7) 55.3 (88.1) 47.8 (83.8) 41.1 (82.3)|50.5 (87.4)

160 | 26.0 (31.8) 22.5 (30.9) 21.9 (30.7) 27.7 (33.2) 23.1 (29.0) 17.6 (25.3)(22.2 (30.7)

( (
2,560|49.4 (55.4) 48.9 (54.6) 48.9 (54.6) 49.5 (54.6) 38.8 (45.9) 35.8 (40.6)[49.1 (54.5)
160 |21.3 (37.9) 19.0 (18.1) 13.8 (11.9) 16.6 (19.4) 16.5 (16.5) 9.2 (9.7) [13.9 (12.1)
(iif) | 640 |26.1 (46.8) 15.5 (28.5) 20.4 (24.8) 26.2 (31.3) 27.0 (27.2) 13.2 (21.5)|20.1 (24.8)
(40.6)

)

) )

) )

) )

(i) | 640 | 38.3 (45.3) 40.0 (45.5) 38.5 (45.1) 40.4 (46.3) 32.1 (39.2) 28.9 (35.4)[38.6 (44.8)
) )

) )

) )

2,560(26.4 (53.1) 24.6 (37.6) 24.5 (36.9) 40.6

29.3 32.4 (34.1) 28.2 (30.4)(24.6 (36.9)

(1) Reuters, (ii) RCV1-2, (iii) WIPO
() 000000 D0DOD0ODODODOO0O0O0O00O0DDDDOODODOOOOO

N RCP JLL/MCL LL/MER  TSVM NB/DC NB/EM-A LL

80 [30.0 (81.4) 20.4 (64.2) 21.4 (71.4) 30.7 (71.6) 27.3 (74.9) 24.2 (70.0)|21.4 (70.9
(i) | 320 [47.6 (87.2) 34.3 (81.0) 33.0 (82.5) 45.3 (83.2) 39.2 (79.5) 35.9 (76.4)(34.0 (82.5
1,280(58.7 (90.0) 54.3 (87.2) 51.1 (87.6) 57.4 (87.6) 48.5 (82.7) 41.6 (79.6) |51.3 (87.5

160 | 27.2 (31.9) 22.5 (30.9) 22.1 (30.8) 28.3 (33.0) 24.2 (29.2) 19.9 (24.8) [22.5 (30.9

)
2,560(50.3 (55.4) 48.7 (53.7) 48.7 (54.2) 49.5 (54.6) 39.1 (45.5) 35.8 (40.5) |49.0 (54.3

~|= ~ ~[=

160 |23.6 (33.2) 22.9 (13.2) 13.1 (9.9) 18.9 (12.3) 21.0 (15.3) 25.6 (10.0)[13.2 (10.6
(iii) | 640 |28.9 (42.6) 29.2 (17.0) 19.7 (22.2) 26.6 (28.1) 26.8 (25.9) 31.2 (10.0)[19.5 (22.2
2,560|31.4 (48.8) 25.5 (36.5) 24.6 (36.9) 30.1 (39.9) 33.0 (33.9) 30.8 (28.5) [24.7 (37.0

) (70.9)

) ) (82.5)

) ) (87.5)

) ) (30.9)

(ii) | 640 | 40.7 (45.3) 40.8 (45.9) 38.7 (44.9) 40.9 (45.8) 32.8 (38.8) 30.7 (35.4) [38.9 (44.8)
) ) (54.3)

) ) (10.6)

) ) (22.2)

(37.0)

(i) Reuters, (ii) RCV1-2, (iii) WIPO
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Table 6 Average processing time (sec.) of parameter estimation for WIPO data set.

N |RCP JLL/MCL LL/MER TSVM NB/DC

160 | 58.6 21.2 3.7 6,617.1  10.0

640 |105.2 22.0 4.6 6,033.8 11.1
2,560 | 198.0 16.7 7.9 2,951.3  12.0
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