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Conditional Value-based Co-training

CHENG Sheng-Jun'! LIU Jia-Feng' HUANG Qing-Cheng' TANG Xiang-Long'

Abstract Co-training is one of the major semi-supervised learning methods, which iteratively trains two classifiers
under two different views, and uses the predictions of either classifier on the unlabeled examples to augment the training
set of the other. In each round of co-training, newly added examples are selected according to the classifier’s posteriori
probability output, which neglects examples’ value with respect to the current classifier. This paper proposes an improved
co-training style algorithm, termed as CVCOT (conditional value-based co-training), which employs a conditional value-
based strategy for selecting candidate training examples. Specifically, the conditional value of unlabeled examples in the
co-training process is defined and computed, then it is utilized by either classifier under different views for augmenting
the training set of the other. The new strategy can not only guarantee the reliability of the pseudo-labels, but also tends
to add more informative examples with higher values to the training sets. Therefore, the classifier under either view will
get refined. Experiments on UCI data sets and application to the web page classification task indicate that the CVCOT
achieves better classification performance and learning efficiency.
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Fig.1 A binary classification problem with 2 views
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CVCOT 5 Co-training (2254 F: 1) WT
Co-training, WHLE T 4> 2888 B oA X 7 Hk ik Hr g
FEAR, AGHAZHIL . XF CVCOT, Firfi#
HREAHS A My o> 2R ds ok AL R Pk, RANEXS T A
[FIFL IR 9 2888, PRk 45 RAF]; 2) Co-training
DAFEA bR I B AR TE — 20 2848 5 S M2 4 A ok
PRIEAEA M, 11 CVCOT LIFEARM &AM EAE
HFRIEFEA B

3 RBERSHH

ARILS HIAE UCT Hdi 4250 FJE 1 0L 4325 1)
I BEAT 43 2R 5250, 30 0 52 50 50 E AR SCH 0B
TR AP SRS A R, 5 SOk (18], AT
WA Z LK A 2 AT A5 Self-training 1. Self-
training 2, 5 Co-training — A & S5 X} b &9k,
Self-training 1 Fl Self-training 2 (#4415 Co-
training #H[7], Self-training 1 = ALK T )52
Sy MBEAT B2 ), A B AR B 5 Il gidE, T
Self-training 2 5322 A T PY A I R 1) 73 28 4% 4
TSR ARICREACKR AT B 57 2] o, — SR
i 3 S At H PR A B A ek A . Gl B L
4 T B HE AR Ui B A A S5 AT (R B 184 R A ke
AR E . AR RIS UERE, BT EAHCR
FHW 3 24 24 it 1R) I 360 M 5 AH 3 110 8 1l g vk R dk AT

3.1 £ UCI HiiF& LR

#1710 A UCT Hd MR B, XA~ 4
Pr AL BEAT LRI 43, ¥ 3L 25 % 1E R4, Fol
75 % TE NN, FARCFEARER LN 20 %, Tk
FRICAEARLER LE] A 80 %. w5 =&, UCT %4
WA RS Z B, AICE ¥ 8 BN SN
AR /INAHIE (9 B T AR 1 7 R A i AR L. A OG
W5y WIS 17181 i UCT S S a8 MR A
JL4%, Co-training 7F UCI #¥s 4 L [AIAE REfE IS
311 BSHRE

e AN 22 DIl (N B) A8 70 2888 2 ) .
FFIEARIRE n = 30. I AR, X T B 5%,
R IEARH T R AR R k= 20, I EFEA X 8K
W Ds(x), %5905 K Euclidean R JE K & FE
AR E. A1 REITERE, 15 5 ANASFEIF LA

U RN 5, BT A 550 e s A Eda 4 Bisdr
5 K, B 5 IRIMSLIBAT 150 B R R I~V S EAE N
HEAE AR B R R, A CVCOT
FH R FH 58 R DX s 8 P R SR [ T S AR AN R (P P A,
SEAG R S IN — AR ST VR AR AR, BN LA 2 oK
T FEAS AR S BE, AN G DX . o0 b Bk
it 4 Variant.

R 1 UCKH B IA Al

Table 1  Characteristics of the UCI datasets
Ho e B REAREH =Sl 1EG ) B (%)
Australian 14 690 2 55.5/44.5
Bupa 6 345 2 42.0/58.0
Colic 22 368 2 63.0/37.0
Diabetes 8 768 2 65.1/34.9
German 20 1000 2 70.0/30.0
Hypothyroid 25 3163 2 4.8/95.2
Ionosphere 34 351 2 35.9/64.1
Kr-vs-kp 36 3196 2 52.2/47.8
Sick 29 3772 2 6.1/93.9
‘Wdbc 30 569 2 37.3/62.7

3.1.2 SLWHERS5HR

*K 2 FIHT 5 FEEAE UCT HdidE Lk
gL WIHETRAR (Initial) FREAZ AT, FVEAENNEA
B RER . T IR IVIR A R ZEAT [F]. o5
LR (Final) FriE R LR, FIEAENRE L1
S RER . PERETETH L (Improve) 85 &4 1R %K
BHIGHEE RRBRA I L. 3R b Pk se 4 T b B K AE
AR .

WAL 2 wf%n: 1) FSEERRECT, CVCOT
eI B E 1 kg, B CVCOT Sik2s >
BB, 2) AU (Co-training, CVCOT)
T B 4 B rERe e T, AL 2T, A2t
5% (Self-training 1, Self-training 2) 75— 73 £
£ b m FRAR 2 PR RE, X 3 B Bl ) ARV 1 4328
PEREIL T A 2 X 8k 3) CVCOT 78 7 AN %ds
£ EE GRS s NI, L2 R, Co-
training MEH 2 &, JF H CVCOT 76K £ B4
FEAS PRI L 2 K T Co-training; 4) 5
A SCEE AR 4K Variant ELE, CVCOT 7 KZ %
A B R TAL, XUl TR Bk
TR TR A T8 3 S R A Y DX ks B, RRE AR R
PE, AT DL Sl B A AR (Outlier) I IZREE
T S = 4 R 1k g



1670 H ]|

e

39 %

¥ {1

2 5 MEIAE 10 MRS LSRR

Table 2  Classification rate of 5 algorithms on ten different datasets
IR
Kot Initial CvCOoT Variant Co-training Self-trainingl Self-training?2
Final Improve (%) Final Improve (%) Final Improve (%) Final Improve (%) Final Improve (%)

Australian 0.238 0.229 3.9 0.231 2.9 0.234 1.7 0.234 1.7 0.247 -3.9
Bupa 0.459 0.453 1.3 0.448 2.4 0.448 2.4 0.485 —5.7 0.463 -0.9
Colic 0.207 0.176 17.6 0.185 10.6 0.203 1.9 0.224 —8.2 0.287 —38.6
Diabetes 0.250 0.245 2.0 0.238 4.8 0.235 6.0 0.267 —6.8 0.253 —-1.2
German 0.257 0.223 15.2 0.236 8.2 0.253 1.6 0.247 3.9 0.264 —-2.7
Hypothyroid 0.025 0.021 19.1 0.021 16.0 0.024 4.0 0.027 —8 0.022 —12.0
Ionosphere  0.183 0.142 28.9 0.148 19.1 0.134 26.8 0.164 10.4 0.155 15.3
Kr-vs-kp 0.144 0.113 27.4 0.121 16.0 0.131 9.0 0.125 13.2 0.117 18.7
Sick 0.043 0.034 26.5 0.039 9.3 0.042 2.3 0.041 4.7 0.031 28.1
Wdbc 0.071 0.044 61.4 0.051 28.2 0.058 18.3 0.049 31.1 0.074 —4.2

SRR, SR T AR S A (8 Phoide SR 1)
CVCOT Hytfedefl, IXAE— R LRI THEA
5 BEXTT 0 KA . A SCRH L THF
AGRATANE I BRI s K gk Co-training, TLAGHs
B BFEAY s BNIIZREE T, v DU A R AR Ak 43
KA.

3.2 EMTHELBINA
321 HiRSKHR

W T R E s 4R Y5 H Blum 45 1) Co-training
Wl A 1051 R E 4 T RETENLAR
F U . X LB BTR] 4 R 2 AN, K CORFE
U AN I U AR IR, A2 PR 32
() 0 B AR S, SXAERUE RG> o0 K i, 3L
WO 22 %, KB 78 Y%. 1% M BT 43 ] R EE T
DARR S 9 GUAS B 40,55 (145 SRR M GUEAT 1A 3 2,
AT LU A 4 381012 9 0 e e e 0, 55 1045 LR
HEAT IEA 3 38, SXRE 1) 09 0 8tk AT A R 20 0 R
PRI, 20 D9 GO AS B A5 1R 1] 1 Je P B A B — A
PR, T 20 e 5 110 ] 1 Je P B A BB —
MHLE.

322 KWBHRE

S BAR SR 5 SR (2] AR Edl g
25 % W TUREAAE IR EE, WITHAbRicFEASE L AL
fE 3 AN IEFIRT 9 AR, R AN TChRid i
KEE U h. Jr REBBERUR AN DM, 2573 2K 4%
BRI U hHkIE k = 12 DMREARMAINZR, Fikik
R 30 & k. 3T Bag of words, £3d Stemming
NURFEZFE S5, PIRLIE R B PR IR0k 66 A
5. AL BE, K TR KRR AR ) B R R
P AR BIR 3 AT, DAIKE R A (1] 1 2 4 45

THSLPY A T B AR SCR AL F - KL iU
(KL divergence) #j 54 A ] 25 :

= D(z]|(az; + (1 — a)7)) (10)
Hor, o AP R B (KSR o BLO.5). B4k
AR DX I T Rl

—m1 2 D@ill(az+(1-a)7))
Tie D

Distance(xj, x;)

Ds(z)=e (11)
Horb, D([|-) 245 BB i — Bl 5 5 4> A 2 (8]
ZS M RE. WA PL(C) 1 Py(C) Tl KL
HUSEH

|C]
D(P(O)[|P(C)) = 3~ Pr(C)log (igi)

(12)
SCHR (23] FRH, KL SO E R T SRR I FE
A PE B A R L Euclidean #H 5945 55 -
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Table 3  Performance of four algorithms on the web classification problem
Initial CvVCOT Co-training Self-training1 Self-training?2
Final Improve (%) Final Improve (%) Final Improve (%) Final Improve (%)
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Fig.3 The learning curves of comparing algorithms g or 1 il
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Fig.4 Classification performance of each algorithm
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