MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2018,27(10):146—153 [doi: 10.15888/j.cnki.csa.006550] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

= s LS £A =4 =3+
ETERAEXEENNEEEEFIFEE
WL F R
(P EBRERA R G BRAHAR SR, AE 230027)
JEWAMEE: 7 &, E-mail: yindong@ustc.edu.cn
T RN TREE R, T A RS PRSI, — AR W [ 77— B o T2
F. T Bt 4% b 4 SR I BB MR, DR 3 2 S 6F 3 ML A 5 5 1) A B R, S UL S A7 7E F) 4%
T 75 g0, LA (1) &P B 2 o) SRR AE AL B &P 43 S 1) RN, 4343 tH I 23 S v A e AL DA 73 S HEAff 2 8 B K
N . 1 2% i L, A SR o B R R A DO e B ST AR 0 v DU 1 4220 T 7 A
B, A GINB B S, @ﬁ*@@'_uﬁﬁﬁTZ@ﬁﬁfz'ﬁ‘%fﬁ%@ﬁ, FIFBERE T g AT Ak, M
SR, fot e 15 2 10 P A N SR TORE I 125 2 ] B I PR B A B L e b, A A T 2 R 7 BN ) %
Tt 73 S 10) RIS, KA O i 73 R 2. AR SORAE — 288 R ML 5 S B 4R (UCT) 388 NI 48 F kAT 50k
i V.. " 3 .
KRR L o M B R OIS v U i R A B b

%

SRR 20 ARV, I AR T A R DG J v U 11 e B R 2 o) LR TSN R G R FHL2018,27(10):146-153. http://www.c-s-a.org.cn/1003-
3254/6550.html

Robust Metric Learning Based on Maximum Correntropy Criterion

XIE Lin-Jiang, YIN Dong
(School of Information Science and Technology, University of Science and Technology of China, Hefei 230027, China)

Abstract: Metric, also called distance function, is a special function in metric space that satisfies cértain conditions. It is
generally used to reflect some important distance relationships between dat% examples. Since distance has a great
influence on various classification and clustering problems, metric learning has an important influence on these machine
learning problems. Existing metric learning algorithms for cla"s.sification problems are vulnerable to noise, the
classification accuracy is not stable and tends to fluctuate. To solve this problem, this paper presents a robust metric
learning algorithm based on maximum correntropy criterion. The core of maximum correntropy criterion is Gaussian
kernel function, which is introduced into metric learning in this study. We construct a loss function with Gaussian kernel
function and optimize the objéctive function using gradient descent method. The output metric matrix is computed
through repeatedly t‘esﬁng and adjusting the parameters. The metric matrix learned through this method will have better
robustness and will effectively improve the classification accuracy when dealing with various classification problems
affected by noise. This study performs validation experiments on some popular machine learning datasets (UCI) and face
datasets.
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