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Context-aware deep weakly supervised image hashing learning method

LIU Meng, ZHOU Di, TIAN Chuanfa, QI Mengjin, NIE Xiushan
(School of Computer Science and Technology, Shandong Jianzhu University, Jinan 250101, China)
Abstract; Existing deep supervised image hashing approaches rely on substantial labeled image data, which is very difficult to be widely
applied in reality. By utilizing tags associated with images as the supervision information, a context-aware deep weakly supervised image hashing
method was proposed. The method enhanced the image region representations by adaptively capturing the relevant context information of image

region features, and raised the discrimination of the learnt hash codes by introducing a discrimination loss. Extensive experiments on two public

datasets show the effectiveness of the method.
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Fig.1 Illustrating some image samples from the

NUS-WIDE dataset
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Fig.2 Framework of the proposed model IDEA
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Tab.1 Performance comparison in terms of mAP scores over 5 000 retrieved images
NUS-WIDE MIR-FLICKR25K
PR
12 bit 24 bit 32 bit 48 bit 12 bit 24 bit 32 bit 48 bit
ITQ(AEIREE) 0.6329 0.6299 0.5940 0.6478 0.6908 0.7064 0.6684  0.699 6
PCAH(JEIREE) 0.576 6 0.5046 0.4900 0.4904 0.6430 0.6306 0.6372 0.6516
LSH(JEREE) 0.350 1 0.409 3 0.416 9 0.454 6 0.573 6 0.604 9 0.595 4 0.623 9
DSH(JEIREE) 0.5919 0.598 2 0.5713 0.579 1 0.6955 0.707 1 0.683 4 0.660 3
SpH (IR ) 0.4645 0.4645 0.4465 0.4472 0.5966 0.5811 0.5828 0.5790
SH(AEREE) 0.5623 0.5033 0.4896 0.4533 0.6605 0.6405 0.6291 0.6213
AGH(AEIREE) 0.6551 0.6459 0.6274 0.6225 0.6862 0.7005 0.6998  0.6853
DH(IREE) 0.4733 0.4601 0.4620 0.4763 0.6033 0.6195 0.6135 0.6180
UH-BDNN (&) 0.592 3 0.5915 0.590 2 0.609 7 0.665 4 0.668 4 0.667 2 0.669 9
DeepBit (¥R )E ) 0.546 3 0.554 8 0.562 4 0.561 0 0.589 0 0.602 7 0.609 0 0.608 6
WDHT-BTV () 0.6202  0.6270 0.6247 0.6249 0.6365 0.6326 0.6373  0.6352
WDHT (W) 0.6709  0.6805 0.6955 0.6760 0.7346 0.7430 0.7034 0.7054
IDEA (IR &) 0.7052 0.7411 0.7507 0.7590 0.7774 0.7856 0.7937 0.798 5
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Tab.2 Performance comparison in terms of mAP scores over 50 000 retrieved images
o NUS-WIDE MIR-FLICKR25K

o 12 bit 24 bit 32 bit 48 bit 12 bit 24 bit 32 bit 48 bit
ITQ(AEEE) 0.5295 0.5227 0.493 2 0.517 5 0.641 8 0.6550 0.6253 0.650 4
PCAH(JEIRE) 0.456 6 0.4209 0.401 6 0.397 1 0.609 8 0.603 3 0.608 5 0.616 9
LSH(JERE) 0.330 8 0.368 2 0.372 6 0.391 8 0.570 8 0.588 5 0.584 3 0.601 5
DSH(AEIRE) 0.506 5 0.511 8 0.490 2 0.480 7 0.656 1 0.659 3 0.644 0 0.6422
SpH(ARERE) 0.3829 0.3959 0.390 7 0.384 7 0.586 0 0.578 5 0.578 9 0.578 9
SH(AERE) 0.450 3 0.402 9 0.400 6 0.373 1 0.625 1 0.6157 0.604 4 0.596 0
AGH(FEEE) 0.5350 0.522 6 0.497 0 0.479 1 0.637 8 0.648 4 0.647 3 0.634 6
DH( ¥ EE) 0.403 6 0.387 4 0.3932 0.401 4 0.5833 0.594 5 0.5932 0.594 2
UH-BDNN () 0.498 2 0.499 6 0.483 2 0.4853 0.632 4 0.627 9 0.627 4 0.625 8
DeepBit (¥R ) 0.4225 0.424 7 0.4359 0.4310 0.597 4 0.603 2 0.607 7 0.6115
WDHT-BTV (3R )%) 0.480 9 0.4750 0.479 3 0.470 2 0.606 4 0.608 7 0.607 7 0.609 8
WDHT () 0.625 8 0.639 7 0.660 6 0.647 0 0.687 0 0.695 0 0.666 7 0.662 1
IDEA (TRE) 0.652 1 0.672 4 0.672 0 0.687 8 0.728 5 0.736 8 0.741 6 0.749 3
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Tab.3  Performance comparison among model variants in terms of the mAP scores over 5 000 retrieved images

NUS-WIDE MIR-FLICKR25K
Y
12 bit 24 bit 32 bit 48 bit 12 bit 24 bit 32 bit 48 bit
IDEA-L 0.701 8 0.726 6 0.7330 0.746 2 0.758 8 0.764 7 0.767 6 0.790 7
IDEA-A 0.702 7 0.737'1 0.737 2 0.744 3 0.759 7 0.774 7 0.781 3 0.7820
IDEA 0.723 4 0.741 1 0.750 7 0.7590 0.777 4 0.7856 0.793 7 0.798 5
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Tab.4 Performance comparison among model variants in terms of the mAP scores over 50 000 retrieved images

NUS-WIDE MIR-FLICKR25K
P

12 bit 24 bit 32 bit 48 bit 12 bit 24 bit 32 bit 48 bit

IDEA-L 0.6316 0.649 3 0.660 9 0.673 6 0.704 2 0.722 3 0.715 5 0.733 5

IDEA-A 0.642 5 0.663 6 0.665 5 0.674 8 0.717 8 0.724 5 0.728 5 0.7325

IDEA 0.657 2 0.672 4 0.672 0 0.687 8 0.728 5 0.736 8 0.741 6 0.749 3
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