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. CPU 3.6-GHZ 8G 64
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7 CMFH FSH
4 NUS-wide MIRFlickr
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M,,. 10 M,,
M,, Intel ( R) Core ( TM) i7-4790
1 M,,
WIKI MIRFlicker25k NUS-WIDE
16bits 32bits 64bits  128bits 16bits 32bits 64bits  128bits 16bits 32bits 64bits  128bits
CMFH 0.2614 0.2357 0.2431 0.2532 0.5852 0.5849 0.5848 0.5853 0.3917 0.3905 0.3947 0.3932
SMFH 0.2459 0.2561 0.2561 0.267 4 0.6280 0.6345 0.6385 0.649 0 0.5408 0.5564 0.5675 0.5678
SCM 0.2341 0.2410 0.2456 0.2575 0.6280 0.6345 0.6385 0.649 0 0.5408 0.5561 0.5608 0.561 2
DT DCH 0.3421 0.3721 0.3823 0.3824 0.6710 0.6716 0.6817 0.689 0 0.5941 0.5741 0.5988 0.6145
SePH 0.2771 0.3011 0.3098 0.3201 0.670 8 0.676 6 0.681 5 0.6832 0.584 0 0.6002 0.6031 0.609 1
FSH 0.2431 0.2591 0.2673 0.274 5 0.6174 0.623 1 0.6254 0.6315 0.5002 0.5101 0.5204 0.523 4
SCRATCH 0.3514 0.3817 0.3859 0.3822 0.7101 0.7093 0.7214 0.7345 0.6204 0.6415 0.6532 0.662 4
Our 0.3710 0.3775 0.3894 0.400 2 0.7147 0.7264 0.7372 0.742 4 0.6334 0.6511 0.6617 0.669 4
CMFH 0.4901 0.5201 0.5312 0.5414 0.5872 0.5899 0.6012 0.604 1 0.401 2 0.4121 0.4021 0.4123
SMFH 0.4714 0.5056 0.5189 0.489 7 0.5741 0.5521 0.5614 0.5589 0.4321 0.4248 0.4624 0.492 4
SCM 0.2324 0.2514 0.2482 0.2622 0.624 1 0.6312 0.6306 0.6259 0.524 2 0.5234 0.5254 0.5268
oI DCH 0.7012 0.7158 0.7207 0.718 1 0.7498 0.7487 0.7645 0.789 7 0.7201 0.7198 0.7157 0.7275
SePH 0.6290 0.6497 0.6701 0.6723 0.7231 0.7301 0.7342 0.7385 0.670 1 0.6803 0.6912 0.700 2
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2 nus S
2 000 5 000 10 000 15 000 20 000 25 000
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SCM 13.10 16.57 18.90 26.77 39.89 32.01
DCH 1.97 6.05 9.87 13.56 17.58 21.58
SePH 186.52 531.56 1 985.50 4 754.40 8 421.00 13 415.00
FSH 13.25 32.89 64.58 100. 42 142.20 185.20
SCRACH 1.88 3.65 6.45 10.21 14.58 17.24
OUR 1.328 0 1.382 4 1.703 4 2.042 2 2.258 0 2.710 0
3.6 NUS-wide 2 000
MLRFlickr25k  NUS-wide-25K 25 000 32
32 bit
4 4 16
3.8
16 By
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The Cross-Modal Discrete Hash Learning of Tag Embedding Subspace

TENG Shaohua' GUO Lanjun' ZHANG Wei' TENG Luyao’
(1. School of Computers Guangdong University of Technology Guangzhou Guamgdong 510006 China;

2. The Centre for Applied Informatics Victoria University Melbourne Victoria 3011 Australia)

Abstract: Because supervised cross-modal hash retrieval has still problems of high computational cost and low accu-

racy of retrieval a cross-modal discrete hash learning method for tag embedding subspace is proposed which em-

beds data information and tag information into the common subspace at the same time. The common subspace is ap—

proximated by semantic features with tag information and discrete hash codes with low slack are generated which

greatly reduces the computational cost and quickly generates a common subspace with rich semantics. This method

is compared with 3 standard data sets and the results show that the retrieval accuracy is better than the compared

method.

Key words: tag embedding; subspace; discrete hash



