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An Algorithm Based on Multi-task Multi-instance

Anti-noise Learning
Li Qi-xiang', Xiao Yan-shan', Hao Zhi-feng’, Ruan Yi-bang'
(1. School of Computers, Guangdong University of Technology, Guangzhou 510006, China; 2. School of Mathematics and Big
Data, Foshan University, Foshan 528000, China)
Abstract: In multi-instance learning, classification performance may be limited due to the noisy data or a scarce
amount of labeled data. To solve this problem, an algorithm based on multi-task multi-instance anti-noise learning
is proposed. On the one hand, in view of the noisy data, the algorithm trains a classifier by assigning the instances
in bags with different weights. And the weights of instances are updated by adopting an iterative optimization
framework which decreases the influence of the noisy data. On the other hand, in view of insufficient labeled data,
the classifier is extended to multi-task learning to train multiple learning tasks at the same time, so that the
performance of each learning task can be improved by sharing the classification information among the tasks.

Extensive experiments have showed that the proposed classification framework outperforms the existing

classification methods.
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Bae s\l N A AT R ST ATARRIZ R, SR BUHTIRE & R

2018 B HCAAIRE LMBRATHF A FHRARLWLHIRE “MEF" RiEEFH T2018F3A288 £ 75 M
T E R 23285 6] E Z L EAIR ¥ EA LSS E TRA T A H K LI 5 R 5 A
EHFVL CRIAIRS), AFRkie kT A EM, #BIFFLER, FHELFTREZTA, AFLAX AL, TR
2, A, BATERER, BIRFMMARE, EREITAIF ARG AT SRR R R F. AR ES & RN
ITEEALRS T, ZMBARARE. FHRXET (5M) ATFEZLHARRA RS 4, HM)
HBEANES (BlAR) ZBAF RN T LERALE RS I, T HBREFEIRS A RS AD. &
HBIHFTALFRABNEFRARESFALF ARG FH o m o HRZRK PEAAIFRFSTHS R
AE THEEMB R, TARAILKRFTIRF S0 H 5 EAMRIETRELEHIZ BT “TIE0 5 %
AT MIRE, S TRHESLEREPHELEGEE, NBT THEL I T EHRE, HERZAL
BRI, JIREAATKREGE FHRET (5N ) ANTFET LR IRA RS s 208 E#E
IETHE TR Y A TR ABIL R F ik B R G T BE. TR FHH EAL IR RAAFHEK, woTIae) & 2R
RGO HRA—ANBARIFRIET R ARG b, BB A A A e 7 Ak iRk KR b 69 5 JE P AR AR A T
I, PEAAIFRFAABT R, AXIBRAIFEAFHERLIAT T ELARAKRES T/Z3304E
IR T 388) # 7 ik BT AR HOR 69 B R 321, A8 KR IR B B T Ae F AT AR B 5 W IRAR A
A . BAHE R R T 3600 #7  E a TR R, E A IR Sh R .
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