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Abstract: Existing deep metric learning methods guide efficient training of the model by constructing hard sample generation meth-
ods. The hard sample generation methods based on algebraic computation have the advantages of simplicity and efficiency. Howev-
er, such methods lack consideration of the overall data distribution, resulting in strong randomness of the generated samples and
slow convergence of the model. To address this problem, we propose a hard sample generation method based on sample rotation by
rotating positive samples in a triad to the reverse extension of the line connecting the anchor point and the class center on the axis of
the class to which they belong, and give a new loss function to construct a deep metric learning model (RHS-DML) for generating
hard samples based on sample rotation, effectively improving the training efficiency of the model. Experiments on image retrieval
were conducted on the Cars196, CUB200-2011, and Stanford Online Products datasets, and compared with the symmetric sample
generation method in algebraic computing. The results showed that the retrieval performance of the algorithm proposed was 2.4%,
0.7%, and 1.4% higher than the symmetric sample generation cost method on the three datasets, respectively.
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Fig.1 The flowchart of deep metric learning
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Table 1 Experimental results (%) for image retrieval task

comparison on Cars196 dataset

7k J& 225 N oo #51k (Multi—class N-pair ) A )&
2 IR AR B R O SR TE AR A T B B B R
] JE 2k b #9751, BF RHS-DML-O .
%3 = Stanford Online Products 4 4% 4 L #47 B 4§ 4d & 4%
G red e IR (%)
Table 3 Experimental results (%) for image retrieval task

comparison on Stanford Online Products dataset

fiA R@l  R@2 R@4  R@8
Multi-class N-pair(2016) ~ 68.9 78.9 85.8 90.9
DAML (2018) 75.1 83.8 89.7 93.5
Symm -+ N-pair(2020) 76.5 84.3 90.4 94.1
EE-+N-pair(2020) 72.5 81.1 87.6 92.5
FacilityLoc(2017) 58.1 70.6 80.3 87.8
CGML(2021) 75.8 84.4 90.5 94.4
RHS-DML 78.9 86.3 91.9 97.5

R2 £ CUB200-2011 £ 4% & LobAT B4 A 50042y
FI 2R (%)
Table 2 Experimental results (%) for image retrieval task
comparison on CUB200-2011 dataset

A R@]1 R@10 R@100
Multi—class N-pair(2016) 66.4 82.9 92.1
DAML (2018) 68.4 83.5 92.3
Symm-+N-pair(2020) 73.2 86.7 94.8
EE+N-pair(2020) 73.5 87.5 944
FacilityLoc(2017) 67.0 83.7 93.2
CGML(2021) 68.4 84.3 93.2
RHS-DML 74.6 88.6 95.7

Fi%E R@l R@2 R@i  R@8
Multi—class N-pair(2016) 51.9 64.3 74.9 83.2
DAML(2018) 52.7 65.4 75.5 84.3
Symm -+ N-pair(2020) 55.9 67.6 78.3 86.2
EE-+ N-pair(2020) 55.2 67.4 7.7 86.4
Facilityl.oc(2017) 48.2 61.4 71.8 81.9
CGML(2021) 52.1 64.2 75.4 84.5
RHS-DML 56.6 68.3 79.8 87.6

%4 & Cars196 # ¥ % L RHS-DML 5 RHS-DML-O 5
N-pair 5 K #A4T B 4§ R AL 5 b4 0 23625 R (%)
Table 4 Experimental results (%) comparing RHS-DML with
RHS-DML-O with N-pair loss for image retrieval on the
Cars196 dataset

R@l  R@2 R@4  R@8

Multi-class N-pair(2016) 68.9 78.9 85.8 90.9
RHS-DML-O 76.2 84.2 90.3 92.6
RHS-DML 78.9 86.3 91.9 97.5

3.4 HRASEE

AN TE Cars196 Bdla 4 b A7 10 18 Rl 52 49
S 4R O A T a2k e B 226 NoT A
1 9 (Multi—class N-pair) , ZEA5 2N 2 o J5 , Al
¢ RS v U g D I TE R A E e ) T I 1) A
K b, DR S5 AT T8 Rl s 36 ), 9T >R B9 % L

Hi 2 4 AT, 422 BR AR B Dt A5 J5E B 1Y O 1
(Deep Metric Learning model for generating Hard
Samples based on Origin Rotation , RHS-DML-O )
T R e 5% B9 Multi—class N-pair J7 15 50 S8 5
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27 BBAE R, A R R TR A i B i TR
HEFE A A R U7 B (RHS-DML ) HE #% B8 A A Ji
SE e 19 7 15 (RHS-DML-O ) %R 4, 138 B 4
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Fig.5 Comparison of RHS-DML on the Cars196 dataset

with the losses of the symmetric synthesis method
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