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Table 1 Comparison of mAP on MIRFlickr25K dataset under different encoding lengths

TR TR R O A AL YRR AE A B B T S B A T
FEANE ., M FBAH J7 8 0] DUTEAS [7) 437 0 B #B A= i
B R B A A

P4 A6 38 SCA AR K T
ik Image retrieval text Text retrieval picture Average
Method
16 bit 32 bit 64 bit 16 bit 32 bit 64 bit 16 bit 32 bit 64 bit
SePH 0.670 7 0.673 6 0.674 7 0.690 7 0.696 1 0.699 0 0.680 7 0.684 9 0.679 8
DCMH 0.720 1 0.728 7 0.741 8 0.753 3 0.759 3 0.773 0 0.724 4 0.744 0 0.757 4
PRDH 0.722 1 0.739 5 0.755 0 0.754 8 0.763 8 0.777 2 0.7385 0.7517 0.766 1
CHN 0.763 2 0.777 6 0.789 2 0.763 6 0.780 7 0.790 6 0.763 4 0.779 2 0.789 9
SSAH 0.770 9 0.784 0 0.792 4 0.768 1 0.773 7 0.783 8 0.769 5 0.778 9 0.783 1
AGAH 0.792 3 0.794 5 0. 806 9 0.788 7 0.790 4 0.804 9 0.790 5 0.792 5 0.805 9
DADH 0.802 0 0.807 2 0.817 9 0.792 0 0.795 9 0. 806 4 0.797 0 0.801 6 0.812 2
FBAH 0.813 4 0.830 3 0.840 5 0.802 8 0.819 9 0.832 7 0.808 1 0.825 1 0.836 6
£2 FRE%HBIKE T NUSWIDE HEE ) mAP L
Table 2 Comparison of mAP on NUSWIDE dataset under different encoding lengths
PR 4R 3R SO ARG FR B -
ViRiS Image retrieval text Text retrieval picture Average
Method
16 bit 32 bit 64 bit 16 bit 32 bit 64 bit 16 bit 32 bit 64 bit

SePH 0.506 5 0.514 0 0.518 9 0.533 4 0.543 7 0.549 9 0.520 0 0.528 9 0.534 4
DCMH 0.565 7 0.600 7 0.600 1 0.533 6 0.587 1 0.591 6 0.549 7 0.593 9 0.595 9
PRDH 0.592 9 0.633 3 0.624 3 0.593 9 0.609 8 0.600 6 0.593 4 0.621 6 0.612 5
CHN 0.602 8 0.608 0 0.642 2 0.608 5 0.626 3 0.611 2 0.605 7 0.617 2 0.626 7
SSAH 0.602 0 0.6219 0.646 3 0.612 3 0.636 9 0.639 8 0.607 2 0.629 4 0.643 1
AGAH 0.645 5 0.660 0 0.651 2 0.631 3 0.642 2 0.633 6 0.638 4 0.651 1 0.651 2
DADH 0.649 2 0. 666 2 0. 666 4 0.650 1 0.667 9 0.680 8 0.657 7 0.667 1 0.673 6
FBAH 0.688 5 0.692 1 0.697 5 0.706 8 0.716 2 0.729 1 0.697 7 0.704 2 0.713 3
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Table 3 mAP results of the ablation experiments with 64 bit

hash codes
MIRFlickr25K NUSWIDE
Iy ik G R AR FE G h R SCAHG R
Method XA SR XA K 1%
Image retri- Text retri- Image retri- Text retrie-
eval text eval picture eval text val picture
FBAH-1 0.838 8 0.827 5 0.691 4 0.716 7
FBAH-2 0.836 6 0.829 4 0.694 3 0.715 3
FBAH-3 0.838 9 0.827 9 0.696 7 0.698 7
FBAH-4 0.836 8 0.828 0 0.688 4 0.713 3
FBAH 0.840 5 0.8327 0.697 5 0.729 1
4 ZEig
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Feature Boosting Adversarial Hashing for Cross-Modal Retrieval

HE Pei' , WANG Meng®, WANG Zhuo' ;LU Guangyun®

(1. College of Science,Guangxi University of Science and Technology, Liuzhou, Guangxi, 545000, China; 2. Tus College of Digit,
Guangxi University of Science and Technology, Liuzhou, Guangxi, 545000, China; 3. Liuzhou Institute of Technology, Liuzhou,
Guangxi,545616,China)

Abstract: In cross-modal retrieval tasks,hashing method is widely used because of its high retrieval efficiency
and low storage cost. However,these methods pay little attention on how to compensate for the loss of fea-
ture information in the process of transforming high-dimensional features into hash codes. To solve these
problems, this article proposes a Feature Boosting Adversarial Hashing for Cross-Modal (FBAH). FBAH
combines subspace learning with adversarial learning to reduce the difference of different modal data. In addi-
tion,a module similar to residual structure is constructed, which can bypass the main network and directly in-
put the selected distinguishing features into the hash space for feature boosting. In this way, the generated
hash code can have more original feature information. Finally, the linear classifier with branch network is used
to make two kinds of prediction in label space,and the gap with the real label is minimized to ensure the in-
variance of semantics. In this article,two large datasets commonly used in cross-modal retrieval tasks are se-
lected for a large number of experiments. The results show that the performance of FBAH is superior to sev-
en existing advanced cross-modal hashing methods.

Key words: feature boosting;cross-modal retrieval; sparse matrix; hashing subspace learning;adversarial learn-

ing
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