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Abstract: By designing and optimizing an objective function, and combining the distribution of samples, hash learning learns the hash
codes of samples. In the existing hashing models, linear model is widely used due to its conciseness and high efficiency. For the
parameter optimization of linear hashing model, a model parameter re-optimization method is propose based on similarity drive, which
can improve the precision of the existing linear model-based hashing algorithms. Given a hashing method, this method is firstly run for
several times with obtaining several hash matrices. Then, some bits are selected for these hash matrices to obtain a new final hash matrix
based on the similarity preserving degree and a fusion strategy. Finally, this new hash matrix is used to re-optimize the model parameters,
and a better hash model is obtained for out-of-sample extension. Extensive experiments are performed based on three benchmark datasets
and the results demonstrate the superior performance of the proposed framework.
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Fig.1 Framework of the proposed method
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mAP = 52 AP(i) 9)
Hh 0 R EW RGN ER APG)ERRE | DMFEARNHE EEIE.AP E LN
AP:%iprecision(r)O'(r) (20)
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b Num ()75 MR 28 O EOH
22 EBHERSHH

R 2~FR A RIR T TE 3N ATFEAE FE LA ST vE RN TE A RIS A 5505 B mAP . H b B IG A 15 K
B4 SEL 24 48 1 64.“ 5 ik A HR-" RN VRS | B AT G IS5 3R, 5 V5 44 FR-s" Fn FE A S 10 87 E1 AR
RIS HIE GG R NE 2 BT g R mT UG AR SO B TR AL 7 iR BUE WA A A MR R R TH A B K
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Table 2 Performance in terms of mAP score on Cifar-10

R 2 TEFIEFEE Cifar-10 F ) mAP Ithhess R

REE Y 24 bit 48 bit 64 bit
FSDH-1 0.648 1 0.6855 0.6880
FSDH-2 0.634 7 0.674 6 0.689 2
FSDH-3 0.6531 0.679 2 0.682 7
FSDH-s 0.670 3 0.698 5 0.700 8
FSSH-1 0.653 9 0.6722 0.677 8
FSSH-2 0.664 9 0.668 1 0.677 4
FSSH-3 0.641 2 0.663 9 0.678 5
FSSH-s 0.650 4 0.6737 0.680 3

COSDISH-1 0.436 1 0.4759 0.5020
COSDISH-2 0.4193 0.504 9 0.484 7
COSDISH-3 0.4710 0.5219 0.488 2
COSDISH-s 0.559 9 0.6207 0.605 9

SSDH-1 0.668 9 0.668 5 0.682 4
SSDH-2 0.6100 0.682 4 0.675 9
SSDH-3 0.6210 0.6770 0.6758
SSDH-s 0.659 9 0.6795 0.676 0

Table 3 Performance in terms of mAP score on MS-COCO
#= 3 (EHPEE MS-COCO L) mAP P:RE4: 53

SVE AR 24 bit 48 bit 64 bit
FSDH-1 0.666 3 0.804 5 0.789 1
FSDH-2 0706 5 0.747 5 0.775 3
FSDH-3 0.7236 0.772 0 0.7515
FSDH-s 0.7839 0.827 1 0.829 1
FSSH-1 0.836 4 0.857 5 0.870 1
FSSH-2 0.826 9 0.859 9 0.866 4
FSSH-3 0.827 9 0.858 7 0.8721
FSSH-s 0.850 6 0.862 2 0.8776

COSDISH-1 0.584 7 0.580 4 0.562 9
COSDISH-2 0.565 8 0.665 6 0.6425
COSDISH-3 0.505 4 0.593 8 0.666 8
COSDISH-s 0.7140 0.7335 0.7417
SSDH-1 0.708 4 0.694 2 0.712 3
SSDH-2 0.694 2 0.698 3 0.712 4
SSDH-3 0.6730 0.667 8 0.697 0
SSDH-s 0.717 6 0.780 6 0.789 6
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Table 4 Performance in terms of mAP score on NUS-WIDE
=4 TEHE)E NUS-WIDE /) mAP PEREZE R

AP S 24 bit 48 bit 64 bit
FSDH-1 0.7575 0.781 4 0.784 8
FSDH-2 07703 0.784 9 0.782 0
FSDH-3 0.7729 0.7850 0.780 8
FSDH-s 07777 0.7951 0.798 1
FSSH-1 0.790 3 0.809 2 0.818 2
FSSH-2 0.782 3 0.809 2 0.8112
FSSH-3 0.7921 0.815 4 0.8115
FSSH-s 0.7759 0.802 2 0.826 8

COSDISH-1 0.536 3 0.554 5 0.6121
COSDISH-2 0.516 7 0.5799 0.6320
COSDISH-3 0.496 6 0.623 3 0.549 9
COSDISH-s 0.6231 0.693 8 0.707 6

SSDH-1 0.636 5 0.624 6 0.660 7
SSDH-2 0.6457 0.657 8 0.662 8
SSDH-3 0.636 4 0.647 1 0.667 1
SSDH-s 0.658 4 0.641 8 0.675 2
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Fig.3 Performance of applying the proposed method to different hashing methods
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(Precision v.s. hash length. Dataset-Cifar-10)
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Fig.4 Performance of applying the proposed method to different hashing methods

(Precision v.s. hash length. Dataset-MS-COCO)
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Fig.6 Performance of applying the proposed method to the hashing method COSDISH with different datasets
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