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Robust Semi-supervised Learning for
Labeled Data Selection Bias

AKINORI FusiNo,T! NaoNor1 Uepaf!
and MASAAKI NAGATAT!

This paper presents a robust semi-supervised learning method for design-
ing good classifiers with a high generalization ability from a labeled dataset
whose distribution differs largely from that of a target test dataset. Although
JESS-CM is one of the most successful semi-supervised learning methods that
achieved the best published results in natural language processing tasks, it has
an overfitting problem in the task setting we consider in this paper. We expect
the proposed method to solve the overfitting problem by utilizing an unlabeled
dataset, whose distribution is similar to that of the target test dataset, with
the labeled data set for both training of discriminative and generative models
composing a classifier. We formulate the training algorithm and conditional
probability model by defining a single objecive function. Our experimental re-

sults for text classification using three typical test collections confirmed that
the classification performance obtained with the proposed method was better
than that of JESS-CM in most cases of the task setting. We also confirmed
experimentally the effect of combining the proposed method with an unlabeled
data selecting approach.

1. 0o0o0oano

goboooooooootooooooooOoooOoOoooOoCbOObCOoOoOoDbOboOonn
ooboooooboooooooobooooooobbooOobOOoOoboooDbbOoboboOooDooboo
gboooboooooooobooooboooooboooboOoOoobooOooOooboOoDo
goooboooooooooooooooooboboooooboooOoooooOooOooboboOoOon
goooboooooooooooooooooooboooOoooooooooooooDooboonoo
goooooooooooooooooooobooooboboooooooooooonooboo
goooooooooooooooboooOoooooOooboOooooooooooooooDoon
O0000000ooooooooOoCocooO000ogOowebOOOOOOoOoooooooQ
goooobooooboooooboooobooooooboooboooooobooooboboDbo
goooooobooooooooboooooooobobooooboooboooDbOboobboooDobDo
gooooooooooobooooboooooboooooooboboobooboboDOo
gobooooobooobooooboobooooboboOoooo

goooooboooooooboooooooooobooooobooboboooooDoOoDo
ooooooooooooooooooooooooooD e X 0000000000
00000000000 KOoooooooooo y={1,...,k,...,K}0000 10
0000000 yeYOOODOOOOOOOOXOOO0DOOO0OO0OOO0OOO? 0000
ooooooooOoOoOOOOODODODOOODODOODODODDOtarget domainD 00000
gooooooooooobooooooobooooooboOoboOooooobooOoboOoooobObooo
OODOsourcedomain0 000000000 O0O0COCOOOOOODOOOODOOOOOOO
ooboooooboog
(1) DOUOOO0OOOUDOU0OO XA 00000UD0O0O000O X 0000X =X,

10000000000 NTTODODOODOOODOOOOOOOO
NTT Communication Science Laboratories, NT'T Corporation

(© 2011 Information Processing Society of Japan



32 00000000O0O00000O0O0O0O0O00000000

(2) 0D0O0D0OOOOODOO0O0 p(x) 0000000000000 pe(e) 00000
00 Opi(x) # ps(x)

(3) 0DO00O0O0OO0OO0O000000 ), 000000000000000 Y, 0000
Ve=Ys

(4) 0DOODODODOODOODOOOODOODOODOODOO0OOONOOOODOONOOn
00000000 P(y|lxe) ~ Ps(y|x)

00000000000 00D00D0000000000000000000000000
000000000000000000000000000 XO0000000000000
0000000000 00000000000000(1)00000000000000
0000000000000 00000000000000000((2)000000000
0000000000000 00000000000000@)000000000000
00000000000 000000000000000(4) 0000000000000
00000000000000000000000000000000000000000
0000000000000 000000000000000000000000000
0000000000000 000000000000000000000000000
0000000000000 000000000000000000000000000
ooo

0000000000000 000000000000000000000000000
0000000000000 0000000000000000000000000000
oooooogoYoi092.80nonooo00000000N000N0NN0nononoo
0000000000000000000000000000YY 00000000000
0000000000000000000002 000000000000000000
0000000000000 0000000000000000000000000000
0DooDooon

0000000000000 00D0000000000000000000000000
00000000000000000000000000000000000000000
0000000000000 00000000000000000000000000000
00000D0O0D00000000000000000 JESS-CMO Joint probability model
Embedding style Semi-Supervised Conditional ModelO 0 29+2% 0000 0 O JESS-CM
0000000000000 000000000000000000000000000
00000000000000000000000000000000000000000

000000000 0O0oo0ooO0ooO Vol.4 No. 2 31-42 (Mar. 2011)

goooooooooooooooooboooooboboooooobobbooooDoboboo
ooooOOoOoogooJeESS-CMOOOOOODOOOOOOOOoOooooooooooog
gobobooboooobooooooobooooobooboooboooodoooobooooooo
goooboboooooooboooooooobooooooooboooooooooooooboo
goooboooooooboooobooooooobooooooboooooboboOooooboooo
oooo0ooOooo0ooUooUoOooo0ooooOoOoooOooOU 11)oUoao
gooooooooobooooooooooobooboOoboOooboooooboobUooobooOobo
gobooooboooobooooooooboobooooooooo
oooooooooOOooooooooboOooNBOODODOOOOOOOOOOOOOMLRO
gobobooooooooboocoooboooooboooooobo3bbooooooooooooo
goooooooooooooooooboooooobooooooooooooooobooo
ooooooogg Jess-cMOOOOOOOOOOOOOOOO0O0O0O0000O0

2. 0000

0000000000000000000000000000000000000000
000000000000000000000000000002 0000000000
0000000 2000000000000000000000000000000000
0000000000000000000200000000000000000000
000000000000001000000000000000 00 Osample selection
bias” 00000000 covariate shifttFY 00 0000 000 0 00 unsupervised domain
adaptationd 00 DDO0D0DO0OO00OO0OOOOOODOOD
0000000000000000000000000000000000000000
00000000000000000000000000000000000000000
0000000000000000000000000%00000000000000
0000000000000 0000000000000000000000000000
00000000000000000000000002:2290000000000
0000000000000 0000000000000000000000000000
00000000000000000000000000000000000000000
00000000000000000000000000" 000000000000
00000000 00000 000000000 O00000O00000O00000O
000000000000000000000000000000000000 £2000

(© 2011 Information Processing Society of Japan



33 OD00000O000000ooooooooooooonoo

00000000000000000000000000000000000000000
000000000000 000000000000000000000249190
0000000000000000000000000000000000000000
000000 ®?® 0o000000000000000000000000000000
00000000000000000000000000000000000000000
000000000000 0000000000000000000000000000
00000000000 000000000000000000000000000000
000000000000 00000000000000000000000000000
000000000000000000000000000

3. 0 0O O

3.1 0OoOoood

0000000000000000000000d D, ={=,}Y_,000000000
00000000 Dy ={(xn,y.)} -, 0000000000000000D0000000
00000000000 MHLEO Maximum Hybrid Log-likelihood Expectationd 0 0O O
0000000000000000000000000000000000000 Pa(yle; W)
000000 py(x,y;©) 0000000000000 DO0OO0OOOOODOOOOOODOO
gogobooobbdooobboobbboobbooobbooobobuoooo

0o0000o0ooo0oooo0oooooooooO0 MAPODODOODOOODODODOODOO
ooopooooooooodoood =, 0000000 v, 000000 DOOOOMAP
0000000000000 0000ooo0O0o000 pe(e,y;60,) 000000 © =
[61,...,0,...,0k] 0000000000000O0

Zlogpg Tn,Yn; Oy, +szym

m=1 k=1

)1og pg(xm, k; 01) + log p(©)

00001, (k)0 I, (k=ym) =101, (k# y,) =0000000000000p(O)
0 e00000000000000000000000 2, 0000000 y, 0000
000l (k)000000000000000000000000000 z,00000
000 k00000 P(klz,)00000P(klz,) 00000000000000000
000000000000000000000000

000000000 0O0oo0ooO0ooO Vol.4 No. 2 31-42 (Mar. 2011)

) log pg(Tm, k; Ok)

ZIngg T, Yn; Oy,) + Z Z P(k |wm)zlk/

m=1k'=1
+10gp(®)
M K
—E)%mwm%7%+§:2ywmmbwwm$ﬂwﬂ%m®
n=1 m=1 k=1

(1)
0000000000000000000 v, 0000000000 P(k = ym|em) = 10
P(k # ym|zm)=000000000 (1)0000

ZIngg (Tn,Yn; 0y,,)

0000000000 J,(e) 0000000000000 00o0o0oooo MAPOOO
00000 Pkle,) D0D0O0D0O0ODO0O0OOOOODOOOOOOO

00000 Py(yle;W)0OODODODOO0O0O0000000000000 P(klzn) 0O
goooooowoboooooooooooobobot =, 000000DOOOOODDOO
0o00oo0oo0oo0ooo0oooo0oooooooon Pklew)ODOOOOOODOO
O00o00P(klze,n,)D0ODO0OOOOODOODOOODOODOOODOOODOOOOOOOODOO
000 P(ylem) O Pa(ylem; W) O KLO Kullback-LeiblerO O 000000000000
obobooooooobooooowioDoooooooooDooDooboboobooo
ocooooooooooooooowooOoOobobobobobobooooo

M
)+ Y 108Dy (Tm, Ymi 0y,,.) + log p(O)

m=1

W) = Z log Py(yn|Tn; W Z P(k|zm)log # + log p(W)

(2)

O000pW)D WOOOODOOOOOOO0O (20000 Pk = ym|em) — 1, P(k #
YmlT,) —0000000000000000

N
> log Palynlzn; W)
n=1

o0ooooJu(W)0OUOoOUOoOoUooooUoooooUooooooooooooUo

M
+ ) " log Pa(ym|am; W) + log p(W)

m=1

(© 2011 Information Processing Society of Japan



34 O00O0O0O000O0O0COOOO0OCOOOOO0OOO0O00O0

oooooooooooooad
gOob0D0oooooodooooooooboobooboonoo P(k|a:m)|:||][||][||][||][|
whedloodooooDoDoOooOooDOooOooooooDoooooooDooooooon
00 Pi(ylen;W)0OODOODO00 ()00 (2)0000 J(W)0O J,(0) 00000000
00 P =[P(klzm)m, 000000000000000000000000000000
oooooOoooooooJw)o J,(e)oooooooooooooooooooo
0000 pOOD0DOOOOCODODOOOODDOOOODOOOODODOOOODO
JW,0,P) = Ja(W) + 3J4(O) 3)
D000 B0>0000JW)0 J,(©) 00000000005 | P(klzm) =1,Ym O
ooo0o0ooU0o0oooUoOoooUoUOooUoOoJ(W,e,P)0L0LOOOODO POO
Pa(y|zm; W)pg(Tm, y; ey)ﬁ
Sy Pa(k|am; W)pg(@m, k; 01)°

P(ylzm; W,0,8) = m,Vye{l,... k..., K}

(4)
0000000000000 A1000@MOD0000000000 (40000000
00000000 4000000000 P(ylen,;W,0,8)00000000000000
00 P(yle,) 0000000000000000 x00000 P(yle;W,0,8) 0000
000000000000000000000000000000000000000
0000D00000000D000 Pkle,) 000000000000J,(©) 0000
000 e000 J,(W)0D00000 WOOD0J,(0)0 J,(W)00000oooo
00000060 WODDOO0O000000000 (3)0 Ju(W)O J,(0)00000
P(klz,,)00 (4000000 P(klznm;W,0,3)000000000000000000
00000DO0WDO ennonononon

N
J(W,0) = log p(W) + Blog p(©) + Y _ 108 Pa(yalan; W)py(@n, yni 0s,)"

n=1

M K
+ Y log > Pa(klaum; W)pg(@m, k; 6x)" (5)
k=1

m=1
3.2 ODO0OOOOOoOOoOooOooo
J(W,@)EII:IDEIEIDEIEIDDDDDﬂDDDDDDDEMDDDDDD7)DEIDI]EI
00000000000 D000*0000 v={W,e}0000000000000000
000000 x))booooovyoooo v® 0OD000QUOOODO0O0OO0OOODoOn

000000000 0O0oo0ooO0ooO Vol.4 No. 2 31-42 (Mar. 2011)

QW ¥ W) = ga(W, ¥ ) + Bge(0, ")

ooo

N
qa(W, ¥') = log p(W) + > log Pa(yn|zn; W)

n=1

M K
+Zzp(k|mm;\ll(t)”8) log Pu(k|xm; W) (6)
m=1 k=1

N
44(0, ) = log p(©) + > 10g py (@, Yn: by,

n=1

M
+ 3> P(E@m; ¥, 8) log py(wm, k; O1) (7)

m=1 k=

=

O00000000logh<b—1000J(0)—J(¥®)>Q(w, v®)—Qu® v®)yonoo
00000O0@(+1)000000000

v = argmax Q(v, ), £=0,1,2, .. (®)

000000000000J(¢) 000000000 $Y000000000000000
()00 vt —wt ot+igpoooooo wtY o et oooooooon
oooooooon

WD = arg mvz&qu(I/V, \I/(t>) (9)
et — arg mgxqg(e)7 \Il(t)) (10)

gooboooooooboobobobo1rboboonoog

3.3 DUOOOO0OO0OO

0000000000 0oDOU0Doo0OooO0oUooUoooooong JESS-CMO Joint prob-
ability model Embedding style Semi-Supervised Conditional Model[?*:?® 0 000 O
000000000oo0o0ooooO00ooooooogJESS-CMOOOOooooog
po(x,4;©)000000000000000000000000000000 f(z,y; W)

x1 00000042000000000000000000000000

(© 2011 Information Processing Society of Japan



35 OU00000000000Oooooooobooooonoo

1. Input training set, D; = {(m",yn)}ﬁjzl and D, = {mm}%:1~
2. Set 3, T = (W@ o} andt— 0.
3. Perform the following until convergence.
[E-step]
e Set Q(¥, UM) by computing P(y|xm; T, 8), Vm and Vy using Eq.(4).
[M-step]
e Compute W*1) using Eq. (9).
e Compute OtV using Eq. (10).
ot «—t+ 1.
4. Output parameter estimates ¥ = {W, ©} after setting as {W, 0} — {W®) o®},

01 0oooooooooooo
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Table 1 Classification accuracies (%) obtained by using N labeled data with a distribution different
from that of target domain: (a) classification accuracies of target domain test data, and (b)
classification accuracies of source domain test data.

N MHLE JESS-CM NB/EM-A MLR/MER TSVM NB MLR SVM

20 [ 69.4 (6.5) 50.8 (9.3) 65.9 (3.4) 46.6 (10.3) 59.9 (13.7)[60.5 (5.4) 46.9 (10.2) 52.9 (9.9)
(i) | 100 | 72.3 (5.6) 66.8 (5.1) 69.7 (5.4) 63.2 (4.8) 78.8 (4.5)(69.2 (4.2) 63.3 (4.7) 69.3 (4.8)
500 | 88.1 (1.4) 82.5 (2.4) 73.0 (3.2) 81.2 (1.6) 86.5 (1.2) |72.8 (2.7) 81.3 (2.0) 82.8 (1.9)

50 | 44.2 (5.5) 46.1 (4.3) 36.1 (5.5) 38.8 (4.2) 35.0 (5.0) [34.2 (4.5) 38.0 (3.9) 37.1 (4.5)
(i) | 200 | 48.0 (3.4) 47.4 (4.6) 34.6 (6.0) 38.1 (6.7) 44.1 (1.3) [40.0 (3.6) 39.7 (3.6) 39.3 (3.3)
1000| 50.0 (3.1) 48.7 (2.9) 32.5 (4.0) 44.8 (3.8) 47.8 (1.3) [45.3 (3.3) 45.3 (2.4) 44.7 (2.5)

50 |42.4 (13.0) 41.6 (12.2) 31.1 (15.2) 17.4 (5.6) 31.5 (5.4) [19.8 (5.9) 22.4 (3.2) 21.7 (4.0)
(iii)| 200 |49.7 (13.6) 48.4 (14.7) 36.3 (14.7) 23.0 (6.9) 40.7 (4.5) |25.8 (8.3) 23.3 (6.2) 27.0 (6.2)
1000|71.6 (10.3) 52.8 (7.2) 49.9 (17.4) 37.3 (5.1) 46.7 (5.3) [36.8 (9.0) 37.6 (5.2) 38.8 (5.5)

(i) WebKB, (ii) SRAA, (iii) 20news
(a)

N | MHLE JESS-CM NB/EM-A MLR/MER TSVM NB MLR SVM
20 | 71.4 (7.3) 69.5 (6.4) 77.0 (2.4) 66.2 (7.2) 66.0 (16.4)72.0 (3.6) 66.2 (6.6) 69.8 (5.3)
(i) | 100 | 83.0 (1.5) 83.8 (3.6) 80.3 (2.5) 83.5 (2.4) 86.2 (1.7) |81.5 (2.8) 83.5 (2.4) 85.2 (2.4)
500 | 90.8 (2.4) 91.4 (2.3) 82.9 (3.5) 91.6 (2.4) 93.3 (1.9) |83.7 (3.1) 91.5 (2.3) 92.0 (2.6)
50 |67.1 (6.8) 66.0 (4.5) 69.6 (2.5) 62.9 (3.8) 64.8 (4.6) |64.7 (2.8) 63.3 (3.6) 63.6 (3.9)
(i) | 200 | 79.0 (2.9) 78.3 (4.0) 81.6 (2.3) 75.5 (2.6) 76.7 (3.1) |78.0 (2.8) 75.5 (2.6) 76.2 (2.4)
1000|88.3 (3.2) 85.8 (2.3) 86.5 (2.7) 85.2 (2.3) 84.9 (2.3) |86.6 (2.7) 84.6 (2.4) 84.9 (2.1)
50 | 62.5 (6.4) 64.5 (7.1) 56.8 (7.0) 64.0 (5.6) 64.0 (7.2) |61.5 (4.7) 66.1 (4.6) 64.9 (5.4)
(iif) | 200 |76.8 (3.0) 76.0 (3.4) 71.9 (6.8) 75.3 (3.6) 75.6 (3.5) |71.8 (7.3) 75.1 (4.1) 75.6 (3.6)
1000(86.8 (3.7) 85.8 (3.5) 82.2 (5.5) 84.9 (3.1) 85.5 (3.3) |83.2 (4.0) 84.9 (2.9) 85.6 (3.0)
(i) WebKB, (ii) SRAA, (iii) 20news

(b)

gbooobooobooooobouodn00b0bCO0ob0ob0OO00obOb0OobOo0oboOoboboOoDa
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godr,00000obO00obo0c0obobcoboo0obo0oobooboboobobooooooDo
ooooo %WUOoOOor, 00000000 DOOUDOUOOODOOODOUOOOODOOOD
ooooooOoooooooooog Woooonor,Ur, DOODOOOOOOOOO
gobooooooooboogoo
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Table 2 Word overlap ratio (%) between labeled and unlabeled datasets in (a) different domain
setting and (b) single domain setting.

dataset | N gl Tw Ta dataset | N T Ta Ta
20 |94.1 7.5 7.5 20 |96.9 7.3 7.3
WebKB| 100 |90.6 21.6 21.2 WebKB| 100 |94.2 21.6 21.3
500 |85.5 46.2 42.8 500 |89.9 51.0 48.2
50 |79.8 8.4 8.2 50 |90.3 7.7 7.6
SRAA | 200 |72.4 20.3 18.9 SRAA | 200 |84.6 20.3 19.6
1000(57.8 42.3 32.3 1000|72.4 45.3 38.6
50 |83.2 9.8 9.5 50 [95.4 10.5 10.4
20news | 200 |78.2 22.4 20.9 20news | 200 |92.4 27.1 26.4
1000|74.9 45.8 39.4 1000|88.3 63.8 58.8
@ ()

0000000000000000WebKBO N =100000000TSVMOO0OODO
0 MHLEOOODOOOOOOOOOOSVMOOOOOO MLROOOOOODOO0OO0ODO
OOOMHLEODO MLROOOO NBOOOOODOOOOODOOOOOOOO0O00O000O0O
MHLEOODOOOO TSVMOOOOOOOO MLROOOOOOOO0OO0O000000
0oo

MHLE O JESS-CMOOOO0000O000000O0000000000000000
WebKB 0 20news 00 MHLEO OO JESS-CMOOOOOOSRAADOOOOOOOD
0000000000000000000000000 1(b)000000000MHLE D
JESS-CMODO00DO0OO0O0O0O0OOOMHLEOOODOOOODOOODOOODOO
00000D000D0000000D00000000000000000000000
MHLEOODOOOOOODOOOOOODO000D0000000D000000000
0000000000000D000300()00000000000000000000
MHLE O JESS-CMOOODO0OO00O0O0O000D000000000O0 CA(C)O MHLE
000 JESS-CMOODOOOOO0OOO0ODOO0O000D000000000000CA(D)D
CA(G)0D0O0D000000 Pulylz; W) O py(e,y;©0) 0000000000000000
000000000000000000

0 3(a)0(c) 0000020mewsd WebKBOOOODOOOOOOOOOOOOOOOO
0 MHLEOOODOOOOODOOOOOOOOODO0O CAMD)00000000MHLE D
00000000000 CA(C)D00D0D000000000000JESS-CMOO0O0DO
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Fig.3 Examples of the classification accuracies at the (¢t)th iteration step in training (a) an MHLE

classifier for 20news (N = 1000, M = 2500), (b) a JESS-CM classifier for 20news (N = 1000,
M = 2500), (¢) an MHLE classifier for WebKB (N = 500, M = 2000), and (d) a JESS-CM
classifier for WebKB (N = 500, M = 2000).

CA(C)ODD 3(b)0 20news 000 000000000000000 3(d)0 WebKB O
0000000000000000000000O0MHLEOD JESS-CMOOODOOODO
OD00000O0O0O0O0OMHLEOOODOOOOOOODOOODOOO0ODO00O000O0000O
000000000000000000000000000000000000 P(y|z) 0
000000000000000000000000000000000000000000
0000000000000000000000000000000JESS-CMOO0O0DO
0000000000000000000000000000000000000 300
0000000000000000000000000000000000 MHLEOOD
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Table 3 Classification accuracies (%) obtained by using N labeled data in a single domain setting.

N MHLE JESS-CM NB/EM-A MLR/MER TSVM NB MLR SVM
20 | 70.3 (4.7) 62.3 (7.7) 73.2 (4.8) 59.2 (7.5) 64.9 (5.0)|63.6 (4.0) 59.4 (7.4) 61.7 (7.0)
(i) | 100 | 81.3 (1.6) 82.0 (1.6) 77.8 (2.4) 80.1 (1.5) 81.0 (3.4)|76.0 (1.9) 80.0 (1.5) 81.2 (1.2)
500 | 89.5 (1.1) 91.0 (0.9) 83.3 (1.1) 91.0 (1.7) 89.4 (1.2)|83.0 (1.2) 90.4 (1.3) 90.2 (1.1)
50 |58.0 (5.0) 57.1 (5.1) 56.6 (3.8) 49.0 (1.5) 47.8 (5.4)]|49.4 (2.2) 48.9 (1.3) 49.4 (1.6)
(i) | 200 | 64.9 (1.1) 65.8 (1.3) 61.5 (2.2) 57.2 (1.7) 58.5 (1.3)|59.4 (1.2) 57.2 (1.7) 57.6 (2.1)
1000|713 (1.2) 71.9 (1.2) 70.8 (1.7) 68.5 (1.0) 67.6 (1.2)|70.1 (1.6) 68.3 (0.9) 67.6 (1.3)
50 | 71.2 (2.6) 72.7 (1.5) 60.5 (6.0) 51.4 (5.7) 63.2 (6.7)]48.6 (4.7) 51.9 (4.6) 50.5 (5.4)
(iii) | 200 | 78.0 (1.3) 78.3 (1.4) 67.1 (4.8) 72.3 (1.8) 74.3 (1.5)|64.6 (3.8) 69.5 (2.0) 68.7 (2.3)
1000|84.7 (1.5) 84.2 (1.6) 77.3 (2.5) 81.8 (1.3) 82.4 (1.7)|76.5 (2.6) 81.4 (1.4) 80.6 (1.8)
(i) WebKBUO (ii) SRAAD (iii) 20news
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gooooooooooobooooboooooboooooobobooboOoboboDOo
000 3000MHLEQO JESS-CMUOOOOOOOO0O0O0OO0OOOOOOOOOOOOOO
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ooooooooooooooo0oO0oOMHLEOOOOOOO0OO0O0O0O0O0O0O00000O0
goooboboooooooboooooooooooooooooooooooooooboo
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gboobooodoooboboooooobooboooooobooooooooOoboOooobooOooDon
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Table 4 Classification accuracies (%) of target domain test data obtained by using 1000 labeled
data and M selected unlabeled data.

dataset|t,.| M, | MHLE JESS-CM MLR/MER NB/EM-\A TSVM

0 [2500] 50.0 (3.1) 48.7 (2.9) 44.8 (3.8) 32.5 (4.0) 47.8 (1.3)
75(2191] 50.2 (2.2) 48.4 (3.8) 45.2 (3.3) 33.8 (4.0) 48.1 (1.4)
SRAA |80(1792| 50.0 (2.9) 47.6 (2.2) 44.9 (3.1) 33.3 (4.1) 48.4 (1.2)
85[1140| 51.7 (2.6) 47.3 (4.9) 43.1 (4.8) 35.6 (4.8) 49.1 (1.7)
90| 536 | 49.8 (4.7) 46.2 (3.7) 43.6 (3.6) 38.2 (3.1) 48.2 (2.2)
0 [2500(71.6 (10.3) 52.8 (7.2) 37.3 (5.1) 49.9 (17.4) 46.7 (5.3)
75|2095| 74.3 (3.9) 47.4 (7.4) 37.8 (5.2) 50.0 (16.2) 46.9 (5.5)
20news |80|1752(70.5 (10.4) 47.0 (6.8) 38.0 (4.8) 46.7 (17.3) 45.8 (6.5)
85[1229| 69.1 (6.0) 43.5 (6.6) 37.7 (5.3) 42.5 (14.9) 46.0 (6.1)
90| 690 | 60.8 (6.5) 42.4 (6.2) 37.5 (5.4) 39.2 (11.6) 43.7 (5.9)

05 MHLEOOOOOOOOOOOODDOODODD (%)
Table 5 Classification accuracies (%) of unlabeled samples obtained with MHLE.

dataset |data type| MHLE-A MHLE-S
SRAA SUD 52.6 (2.3) 54.2 (3.5)
RUD 44.6 (1.7) 47.4 (2.1)
20news SUD 68.6 (9.6) 70.9 (5.7)
RUD |67.2 (11.4) 75.0 (4.6)

RUDOOOOOOOODOO 5000MHLE-ADCCOODO RUDOOOOOO SUDOOO
000000000000 000O00OMHLE-AOOOOOOOOOODOOOOOOOOO
ORUDOOOOOOOOOOOOOODOOOOOOOOOOOOOOOOOOO0OOO0
O0OO0O0OO0OO0OOOMHLE-SOOORUDOOOOOOOOOOOOOOOOOOOOOO
0000 SUDO RUDOOOOOOO0OOOOOOO0O0O0OO0OO0OO0OOOOOMHLE-S
gboooooooooooooooooobooooooobooboOooooobooOobOoOoooobon
goboooobooooooobooooboocoobooooooo

5. 0 0O O
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