£k F£11 g2 g it E M 5§ K A
Vol.9 No.1

20194518

Intelligent Computer and Applications Jan. 2019

XEHE; 2095-2163(2019)01-0149-05 HE 4 %2, TP391

VBB SRR LB 2 5 T R B 53 R

Fikig', skEE", T B8, B 4%, skKmE
(1 BREIMXAZE HENRZERARZR, BKRIE 150001; 2 RitR I KZ BEEE, B/RIE 150030)

B OE. MRy TR o > A T YR DL RE JEE ek LKA Y 7 SRR . BT ROBITFE R ARBAE 27 2] D TR AEAR
ZAF AL R A p R B E A AT R B K ML A R A N U ) 22 R A, ARDLRE 22 ) MU i TR 22
BRI . ARSI G T A AARLBE 27 ) ] RS BIF 52 0 JRe 0 Ji il A, fu 4% MAB B2 ) — T 20 F1 = T 20 24 o e 31 21
FRABAEE 24 ok DA I 8 -5 1 [ g o S0RI R ARMLLRE B2 | DA PR ) 9 AL 27 ) 2z i 30 P4 41 22 [l A ARRLBE 272 > DA A
—BEASHI L 7 > R RI RS BESFIMURE 7] e A SCRE B T ARMBUE 27 1 AR R AT RE AN & € D Tl

KER: ML W] BEMRUE 2]

MR SRS A

Research progress on the similarity learning methods in computer vision
WANG Fagiang' , ZHANG Hongzhi' , WANG Peng”, DENG Hong®, ZHANG Dapeng'

(1 School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China;
2 College of Science, Northeast Agricultural University, Harbin 150030, China)

[ Abstract] The similarity learning method aims to improve the classification or clustering performance by learning the appropriate
similarity metric. The existing researches demonstrate that the similarity learning methods play very important roles in a number of
computer vision applications. With the rapid growing data scale and the variant application fields in recent years, the similarity
learning problem develops many new research fields. This paper introduces the research development progresses of similarity learning
in recent years, i.e. from the traditional doublet and triplet constraints to new similarity constraint, from Euclidean distance and
Mahalanobis distance to new similarity measure, from image based similarity learning to image set based similarity learning, from
single modality similarity learning to multi—-modality similarity learning. Finally, this paper prospects the possible develop direction
of similarity learning in the future.
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