514 %5 6 OB R & v M Vol.14 No.6
2019 11 H CAAI Transactions on Intelligent Systems Nov. 2019

DOI: 10.11992/tis.201906045
[ £& H AR B 3k : http://kns.cnki.net/kems/detail/23.1538.TP.20190828.1022.002.html

REEEFIEFIA

1,2

Xk, g, gt
#a b5 %

(1T RFZEAFHRER, LT 100871; 2. b TR F HLERK FRRHF R T LTSI E, LF 100871)

o E R R OO AR LA 2% ) B HL 51 T IR U —, AT A 30 R 0 A ) A A AL
oy [a) B DG B . BRAT MRS B X B = T A A R IR, T IE SUREAS AT A A BRI 2, TR Okt —Fo 5 3L
7 2 RAT N AT 2 SR IE AU A RAE, WA “MEBIHZHR . IR IZ I8 B SO AR T3 & 40 8, A3
PURWE T BT /N FRAES BT E . RSB AR [0, G025 T U B 62 > U L AR
PERYSED:, IR T H 5 softmax /-8R, I AE U7 BRI, SCH 50 & — B0 B4 JEm
LERE TIFZ B THRT: softmax HI 51 gAY otk Bk, IR KB AR E 22 S, ik — 2545 /NS N IR
B LYTORIEMIBE, B Ak i A g

KGR R e 3] TR 2R S MLEs 405 St LU A = el ok s AR HLE 2% 5 softmax 432 ; YL
FESES: TPIS1  XEirE: A XEHS: 1673-4785(2019)06—1064—09

5 AR Xk, B, HEE. REEEF G J]. BEERSFIR, 2019, 14(6): 1064-1072.
#1325 A#&3(: LIU Bing, LI Ruilin, FENG Jufu. A brief introduction to deep metric learning[J]. CAAI transactions on intelligent
systems, 2019, 14(6): 1064-1072.

A brief introduction to deep metric learning
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(1. School of Electronics Engineering and Computer Science, Peking University, Beijing 100871, China; 2. Key Laboratory of Ma-
chine Perception (MOE), Peking University, Beijing 100871, China)

Abstract: Recently, deep metric learning (DML) has become one of the most attractive research areas in machine learn-
ing. Learning an effective deep metric to measure the similarity between subjects is a key problem. As to existing loss
functions that rely on pairwise or triplet-wise, as training data increases, and since the number of positive and negative
samples that can be combined is extremely large, a reasonable solution is to sample only positive and negative samples
that are meaningful for training, also known as Difficult Case Mining. To alleviate computational complexity of mining
meaningful samples, the proxy loss chooses proxy sets that are much smaller than the sample sets. This review summar-
izes some algorithms representative of DML, according to the time order, and discusses their relationship with softmax
classification. It was found that these two seemingly parallel research methods have a consistent idea behind them. This
paper explores some improved algorithms that aim to improve the softmax discriminative performance, and introduces
them into metric learning, so as to further reduce intra-class distance, expand inter-class distance, and, finally, improve
the discriminant performance of the algorithm.

Keywords: deep metric learning; deep learning; machine learning; contrastive loss; triplet loss; proxy loss; softmax clas-
sification; temperature
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