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Metric learning algorithm with adversarial sample triples constraints

WANG Xin', GUO Xinyao', WEI Wei'?, LIANG Jiye"’

(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: Most of the existing metric learning algorithms with triple constraints use prior knowledge to construct con-
straints, which restricts the performance of metric learning algorithms to a certain extent. To solve this problem, the met-
ric learning algorithm with adversarial sample triple constraints, named ASTCML, is proposed based on the idea of
sample perturbation in adversarial training, in which the adversarial sample is learned near the original sample to con-
struct adversarial triple constraints. The metric learning model is constructed on the basis of adversarial triples and ori-
ginal triples constraints. Experimental results show that the proposed algorithm overcomes the effect of prior knowledge
that is problematic for existing fixed constraint methods and improves the classification accuracy. This shows that distin-

guishing triple constraints that are more difficult to distinguish can improve the performance of the algorithm.
Keywords: machine learning; metric learning; triplet constraints; adversarial training; Mahalanobis distance; sample

perturbation; convex optimization; gradient descent
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Table 2 Comparisons of classification accuracy

G/ KNN ITML GMML RVML LDMLT LMNN PFLMNN  AML  ASTCML
Balance 0.8080  0.9280  0.8000  0.8080  0.7840  0.8240 0.8000 0.8080 0.9760
Dermatology ~ 0.9324 09595 09324 09324 09459  0.9730 0.9324 0.9459 0.9730
Diabetes 0.6883  0.6818  0.6883  0.6883  0.6688  0.6948 0.7273 0.7078 0.7273
German 0.6850  0.7100  0.6850  0.6850  0.7200  0.6900 0.7100 0.7050 0.7150
Tonosphere 0.8592  0.8873  0.8592  0.8592  0.7887  0.9296 0.9014 0.8592 0.9437
Wine 0.9722  1.0000 09722 09722 09722 09722 0.9722 0.9722 1.0000
Zoo 0.8571 09048 08571  0.8571 0.8571 0.9048 0.8571 0.8571 0.9524
Segment 0.9416 09675 09416 09416 09610  0.9589 0.9567 0.9545 0.9654
Waveform-21 07709 0.7564  0.7709  0.7709  0.6873  0.7909 0.7891 0.7764 0.8400
Corel 5k 02680 02630 02680 02680 02560  0.2930 0.2660 — 0.2980
Satellite 0.9065  0.8880  0.9065  0.9065  0.8270  0.9085 0.9155 0.9065 0.9105
Wilt 0.6780  0.7640  0.6780  0.6780  0.8020  0.8220 0.8040 0.7140 0.8260
Mean 0.7806  0.8092  0.7799  0.7806  0.7725 08135 0.8026 — 0.8439
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