58 B4 S W] B O R & ¥ Mt Vol.8 No.5
2013 4F 10 J CAAI Transactions on Intelligent Systems Oct. 2013

DOI:10.3969/j.issn.1673-4785.201305033
) 2& B ARt 3k - hitp 1 // www. cnki.net/kems/ detail /23.1538.TP.20130929.1105.006. html

E T Tri-training FE B E ZRicEI&E X

N#E S REEL? GHEA,
(LLBHKRFE HAEMEEEHARFR, LE KR 030006; 200 @K F H AR P LEEAEXTRELLRE,
L KR 030006)

i E AN T RS B TS BRI E R R ZRR R R AR R B B R £
A, FRA5 58 B 28 AR IC M I ZRRE A A 2 Al 5 BROYE Y. R, A2 B U RN R AR A HE SR R 48 18 T 55 T Tri-training
)2 B 2 pRie 2% S B (SMLT) AE2= S B Br , SMLT 51 A—A MELZEFRIE, S8 5 £ X B — Xt 2 551, A1) Hrm] Y
ZRHLH Tri-training 3535 I ZRA5 30 XF B 143 28485  TE BN B B , 28 08 — BT IRRAR B AR A LRI Ag 10 40 2548 o AR
P FFMCAR BN 2 /0 ZhRic 2% 2] IR A A bR ic HE 7 )R, -4 2 400 28 bR 10 B9 15 528500 S B (B 8 A 1e HE 7
SRR A6 UCT W 4 48 A AR08 48 L 0T ESE g 3 W] SMLT B35 7E 4 M L PERe K2 T
ot AR 9600E Tk A 2hE.

3 S PEA T Tat= S5 P oY % = 2= o33 | ; Tri-training

FE SRS TP181 XEkFRER A XEHS :1673-4785(2013) 05-439-07

PSR NGE, RE L, SE S, S BT Tritraining 3 BB SIMEEIEX[)]. BRAKFH, 2013, 8(5) : 439-445.
5| A& LIU Yanglei, LIANG Jiye, GAO Jiawei, et al. Semi-supervised multi-label learning algorithm based on Tri-training
[J]. CAAI Transactions on Intelligent Systems, 2013, 8(5) : 439-445.

Semi-supervised multi-label learning algorithm
based on Tri-training

LIU Yanglei'*, LIANG Jiye'?, GAO Jiawei'*, YANG Jing'?
(1. School of Computer and Information Technology, Shanxi University, Taiyuan 030006, China; 2. Key Laboratory of Computational
Intelligence and Chinese Information Processing of Ministry of Education, Shanxi University, Taiyuan 030006, China)

Abstract ; Traditional multi-label learning is in the sense of supervision, in which the complete category labels are
required. However, when the size of data is large and there are several categories of labels, it is quite difficult to
obtain the training sample sets with complete labels. Therefore, a semi-supervised multi-label learning algorithm
based on Tri-training (SMLT) is proposed. In the learning stage, SMLT initially introduces a virtual label, then for
each pair of virtual labels, the Tri-training algorithm is utilized to train the corresponding classifiers for each pair of
labels. In the forecast stage, a new sample is given, which will be substituted into the obtained classifier described
above. According to the votes of each label, the multi-label learning problem is transformed into a label ranking
problem, subsequently; the votes of the virtual label are taken as the threshold for distinguishing the label ranking
results. The contrast experiments on four commonly used UCI multi-label datasets show the SMLT algorithm behaves
better than other comparative algorithms in four evaluation indices and the effectiveness of the proposed algorithm is
verified.

Keywords ;: multi-label learning; semi-supervised learning; Tri-training
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Table 1 The characteristics of datasets

BAREAR RS AN B hRie A
emotions music 593 72 6
scene image 2 407 294 6
yeast biology 2417 103 14
enron text 1702 1001 53

SEHR A 4 FhE 0 26810 2 2T A R AR
X P 8 #F 47 PF 4% . Hamming Loss . One-Error
Coverage F1 Ranking Loss. LA I 4 FhiFAL +8 b 04 {E %
N RITZ I PERE AR

SEEGHE il HOAS B R B9 90% 1F D Il ZR kA A
(HH 20% BN ZRkEA 2 E Ric BEA S, 80% I
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FEARSE R 10 G AR 4R T TRAM J7
e e AN R B H R A LA I R
DUAEAS HE AT TN, 52 56 v R dwe 2 P03 R AR A R
TRAM YIZRE AU RPRICHEARSR. 3R 2~ 5 4 i T3040
BEIR IRLER 23 AR bR b iR PERE.

F2 HIEE emotions FRE XMW ER
Table 2 The summary results of four algorithms on emo-

tions dataset

L% Hamming  ror Coverage I8
Loss Loss

MIKNN 02571 04068 22034 02399

RankSVM 02797 04237 22373 0278 1

TRAM 02768 03390 21525 02321

SMLT 02420 03139 17970 01845
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R3 HIEE scene EREFHNTHER

Table 3 The summary results of four algorithms on scene

dataset
o Hamming  One- Coverage Ranking
Loss Error Loss
MLKNN 0.0989 0.253 1 0.560 2 0.095 5
RankSVM  0.1127  0.232 4 0.473 0 0.076 8
TRAM 0.1010  0.269 7 0.510 4 0.085 4
SMLT 0.1141 02178 0.459 6 0.077 1

R4 HIEE yeast L REENTHRER

Table 4 The summary results of four algorithms on yeast

dataset
ok Hamming ~ One- Coverage Ranking
Loss Error Loss
MLKNN 0.204 3 02356 64256 0.1733
RankSVM 0.208 4 0.2190 6.3884 0.177 8
TRAM 0.221 4 0.3347 65000 0.1879
SMLT 0.210 5 02172 63168 0.168 1

R5 BIESE enron EEEEWTHWER

Table 5 The summary results of four algorithms on enron

dataset
o Hamming ~ One- Coverage Ranking
Loss Error Loss
MLKNN 0.058 7 0.370 6 15.300 0 0.104 8
RankSVM  0.074 7 0.3559 14.065 9 0.099 6
TRAM 0.053 3 0.241 2 13.8529 0.087 5
SMLT 0.048 8 0.164 7 13.652 8 0.085 7

LT 2~ 5, 7F emotions A enron X 2 MY
e b AR AY B L SMLT 78 4 P PEAG P bn L AR
THAMBE, MTE scene I LA 2 DIFAL R I7
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The summary results of four evaluation metrics
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Fig.3 The summary results of four evaluation metrics

on scene dataset
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