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Supervised Similarity Preserving Deep Second-order Hashing

ZHANG Jian-xin""? s WU Yue? ,ZHANG Qiang®® and WEI Xiao-peng®**
1 School of Computer Science and Engineering, Dalian Minzu University, Dalian, Liaoning 116600, China
2 Key Lab of Advanced Designed and Intelligent Computing, Ministry of Education,Dalian University,Dalian, Liaoning 116622, China

3 School of Computer Science and Technology,Dalian University of Technology,Dalian, Liaoning 116024 ,China

Abstract Recently,deep hashing technology.with its advantages of high storage efficiency and quick query speed.has been wide-
ly investigated in the field of large-scale visual image retrieval. However, the fundamental image features obtained by current deep
hashing methods mainly depend on the first-order statistics of deep convolutional features,and they seldom take the global struc-
ture into consideration.leading to the limitation of retrieval accuracy to a certain degree. Focusing on the global representation ca-
pability and the similarity of intra-class samples, this paper proposes a novel supervised similarity preserving deep second-order
hashing (S2PDSoH) based on deep pairwise supervised hashing, gaining effective performance improvement in the image retrieval
task. Based on the pair-wise deep hashing model, S2PDSoH first employs covariance estimation based on matrix power normaliza-
tion method to capture the deep second-order information of sample images,so that hash codes can possess good global presenta-
tion ability. Then,to gain more robust hash codes,it further constructs a joint constraint of category supervision and similarity
preservation motivated by the idea of multi-loss integration, followed by an alternate iteration optimization algorithm to realize the
end-to-end training. Therefore, with the semantic information added to the dual channel deep second-order hashing framework,
S2PDSoH establishes a mechanism for common constraints on category supervision and similarity maintenance. In addition.it also
introduces a hash-like function to achieve the approximate binarization result of hash codes,which solves the problem of non-con-
vexity and avoids the quantization error in the hash mapping process. Extensive experimental results on three commonly used data
sets show the effectiveness of the proposed deep-order hashing method with supervised similarity preservation.

Keywords Deep hashing,Second-order statistic modeling,Category supervision, Similarity preserving,Image retrieval
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Table 1 Compared mAP results on MNIST
Method 12 bits 24 bits 32 bits 48 bits
DLBHC! 0.932 0.931 0.937 0.935
CNNHJ 0.957 0.963 0.956 0.960
ppPSH * 18] 0.965 0.963 0.967 0.973
DCEH'®] 0.983 0.990 0. 989 0.988
S2PDSoH 0. 986 0.991 0.989 0.991

9 T4 LK PE I S2PDSoH 7 CIFAR-10 % ¥ % E i)
mAP 455 [RUREAE 12 £ .24 £7.32 f2 1 48 {57 4 4> 9 B if
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Table 2 Compared mAP results on CIFAR-10

Method 12 bits 24 bits 32 bits 48 bits
DPSH! 8] 0.713 0.727 0.744 0.757
DSDHM! 0.740 0.786 0.801 0. 820
DTSHMY! 0.710 0.750 0.765 0.774

HashGANE! - — 0.731 0.735
DCEH'®) 0.745 0.788 0. 802 0. 806
DPNE 0.755 0.759 0.789 0.769
SSDDH! 0.749 0.762 0.774 0.785
S2PDSoH 0.757 0.796 0.815 0.826
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Table 3 Compared mAP results on NUS-WIDE

Method 12 bits 24 bits 32 bits 48 bits
DPSH * 18] 0.752 0. 790 0.794 0.812
DSDHMY! 0.776 0.808 0. 820 0.829
DTSHZ! 0.773 0.808 0.812 0. 824
HashGANY) - — 0.737 0. 744
DCEH!® 0.781 0.816 0. 827 0.839
DPNEJ 0.762 0.793 0. 809 0.827
SSDDHH?! 0.787 0.811 0.816 0.823
S2PDSoH 0.786 0.826 0. 834 0. 846
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