%18 | R Vol.41 No.1
2013 4£ 1 A ACTA ELECTRONICA SINICA Jan. 2013
. =/ MZ A AL SPAG S N
o bt o 22 S M ) 2 WS B R [R] 7(7}%: %
TEEL,AAHA R L EFE B, Ea R
(1 ARG R BN S8 (5 TR B, JE A 10008352, Jbat TR KA S {5 8 TR BE, b 100048)
OE: RSP Ti-Training BIEFTRE T DR 7850 TOAA R B BR 1, 300 3 A = A4 2 g Ak 2

FRic B B FIREAS B [a] B4R /25 T FRieRes . b — 2 145 U R 2R 72 v o 2R Z ) 1 22 Pk DA SR s Mg, AR SCHE
LR FEA L AR T — G 2 e e Y 2 B R IR A 2Bk BRI AN R B S AT A 2T BB A e
RUAETE it R v, W] RE < R BEATLAAT S B8O AR AL T R B P AR B 43 JZ AR SR X AR IO A SR A T 41l
FE I8 3 F o BB R AR Bk S T 20 A8 AR, 38 8 T T HE B 3 A SCl g St e Xt BT 4 b Bk 5
Tri-Training B350 T BB LA, S50 45 B BA A SCRHTHE H (W D7 iR 76 0 28 ) 2L 580 ) M 68, IE T IZ B TR I 8K
PEFE ATk

KA VB R/ZE B Tri-Training 357 ; WEOR 22 PR s A0 2 HlkRT:

FESES:  TPISL XEAFRIRAE: A MXEHS:  0372-2112 (2013)01-0035-07

BFZE3 URL: hitp://www. ejournal . org. cn DOI: 10.3969/].issn.0372-2112.2013.01.007

A Semi-supervised Collaboration Classification
Algorithm with Enhanced Difference

YU Chong-chong'?,SHANG Li-1i?, TAN Li*, TU Xu-yan', YANG Yang', WANG Jing-yan’
(1. School of Computer and Communication Engineering , University of Science and Technology Beijing , Beijing 100083, China ;
2. School of Computer and Information Engineering , Beijing Technology and Business University , Beijing 100048, China )

Abstract:

dundant views and raised label efficiency by applying three classifiers to deal with labeled confidence. In order to further improve

Tri-Training algorithm in semi-supervised learning broke the restriction of previous algorithms on sufficient and re-

classifiers’ performance through enhancing the difference between them, a semi-supervised collaborative classification algorithm with
enhanced difference that applies three different classifiers was presented in this paper. Taking the might-be performance deterioration
led by random sampling during the updating of classifying models into consideration, a method of stratified sampling based on la-
beled class was used by the algorithm to sample from the labeled sample sets, and the method of weighted voting based on classifi-
cation accuracy realized the classifier ensemble, as a result the prediction accuracy is raised. Performance comparison between the
proposed algorithm and Tri-Training algorithm was made through experiments, and the results show effectiveness of the former.
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