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Abstract

In view of the heterogeneity and semantic gap between different data in cross-modal retrieval, a
new supervised hash method is proposed. This method uses matrix factorization technique learn-
ing training data set to represent the low-dimensional potential semantic space. At the same time,
this paper considers the semantic features as a separate mode, and maps them to the low-dimensional
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latent semantic subspace by using matrix factorization, then maximizes the correlation among
them in the subspace, and obtains the corresponding low-dimensional potential semantic repre-
sentation. After that, the hash codes are obtained by using the hash function with better learning
performance of orthogonal rotation matrix. A lot of experiments have been carried out in three
commonly used data sets Wiki, MIRFlick and NUS-WIDE, and compared with some common cross-
modal hashing methods, the results show the superior of this algorithm.
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(Collective Matrix Factorization Hashing, CMFH) [1], iZ%%&EA F Wik [14E [ 20 fift 25 =) 22 A 25 B0 3L R i 7%
TEIE N RIE, RIEHAERE —IGAY ., 75T U B 45 (Latent Semantic Sparse Hashing, LSSH) [2],
LR I B G 2 ) R I RS URIE,  [RIE R F RE B 2 A5 B SOR IV AETE SUERIE, AR5
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4.1 BIRENR

Wiki: ZHEGENAERE TR AAETTR, 8T 2866 A EUR-SCABUERT, L 10 AME L.
o, HRAEA 128 4EM SIFT RAHEZR B 508, I 10 4 LDA RHEF R SCAKUE . 7255, 4]
BEALKG L PR 75%1E R IIZREE, 25%fE il .
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NUS-WIDE: 1% #4882 B B 3 r K2 AT a5, Je60 269,648 5K M Flickr Mk F &R 1 ]
AR SRR, Bk R P 6 AMbRiE, XSSO I LA 4 81 M. AR AR A 500 4
(1) SIFT Fon B #dE, 1000 4E 1) in [m) ERHER R SOREEE . 58, A7 IRIERESEA 208 2 Ik
FEAS, EHCEEE PR R 2 M 10 D RIEUR T, X LR k4% 95%1E N IIZREE, 5% 1E il
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MAP = %i AP(q;) (14)
Horp, o A—MEWREA, NAEHEASR, AP JFHERER, EiitEAXy:
AP =13 P, (1)3(1) (15)

Hoh, T RZETPAMRKIAENEL, P, (r) IR RO r DIk, s(r)2—1
TRREREL 5 r MR R BN LA SRR N EHE, HERN L, RN 0. AT ERAEH AR
K RAES, — MR EG LR CA, H Img2-Text Fox, 7—FUE R SCA LR AKEE,
H Text2-Img &R,

IR A AR E A RS EOEAT 5, YT Wiki 83R48, S804, 4, 4, o, 0,7} FIE S
#{1,1,1,0.1, 0.1, 0.1}: X T- MIRFlick #¥i &, 280 {4, 4, A, o4, 0y, 7} HIE 52 7302940.1, 100, 1, 0.1, 1, 1}
$tF NUS-WIDE 240 { A, 4,, Ay, o4, a,, 7} HIMEST51940.1, 1, 100, 0.1, 1, 1} AT AMHVEA AR, WA
I FE 3 731 ¥ B A 16 bits, 32 bits, 64 bits L% 128 bits. A C)5LK:/E Matlab2019b, Intel(R) Core(TM)
i7-6700 CPU @3.40GHz 45 Fit47 .

4.3. SEERAMSHT

AT EAE LCH BEA &, BATEI T ISR R EEI T, 1452 IMH, SCM,
CMFH, SMFH, LSSH, LA SePH, IXU&EyALERTm = C&l/E T RSB MNH. Ll fEr, XthEE
1) S 56 2 BT R A AR S SO 8 U0 () S B0 AT W BT o AS SCHX 10 YA B2 ) 5256 25 B KPR EAF e &
FSEO6 45 R
431 SRR

# 1 BRT LCH ByEANT b BvEAE Wiki BdEE LR, £ 2 BT LCH ByEAS b EyAE
MIRFlick 4 4E F g . % 3 IR T LCH Syt L 592 7E NUS-WIDE #dlE4E Fiss k.

Table 1. Experimental results on the Wiki dataset

F 1 7E Wiki BiE5E LRSI ER

124 Wi 16 32 64 128
IMH 0.1952 0.2003 0.2084 0.2097
Img2-Text SCM 0.1611 0.1434 0.1366 0.1356
CMFH 0.2132 0.2259 0.2632 0.2419
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SMFH 0.2699 0.2835 0.2920 0.2981
LSSH 0.2141 0.22216 0.2218 0.2211
SePH 0.2787 0.2956 0.3064 0.3134
LCH 0.2681 0.3005 0.3118 0.3233
IMH 0.1508 0.1581 0.1636 0.1668
SCM 0.1542 0.1373 0.1294 0.1239
CMFH 0.4884 0.5132 0.5269 0.5379
Text2-Img SMFH 0.6051 0.6257 0.6357 0.6428
LSSH 0.5031 0.5224 0.5293 0.5346
SePH 0.6318 0.6577 0.6646 0.6609
LCH 0.6801 0.6984 0.7203 0.7345
Table 2. Experimental results on the MIRFlick dataset
F= 2. 7£ MIRFlickr ##E5E FHLIRLER
1% Jr ik 16 32 64 128
IMH 0.5671 0.5654 0.5655 0.5654
SCM 0.5876 0.5757 0.5704 0.5627
CMFH 0.5861 0.5835 0.5844 0.5849
Img2-Text SMFH 0.6237 0.6343 0.6448 0.6489
LSSH 0.5784 0.5804 0.5797 0.5816
SePH 0.6732 0.6771 0.6783 0.6817
LCH 0.6708 0.6892 0.6955 0.7103
IMH 0.5672 0.5653 0.5647 0.5647
SCM 0.5862 0.5745 0.5657 0.5590
CMFH 0.5937 0.5919 0.5931 0.5919
Text2-Img SMFH 0.6133 0.6209 0.6295 0.7354
LSSH 0.5998 0.5927 0.5932 0.5932
SePH 0.7197 0.7271 0.7309 0.7387
LCH 0.6996 0.7485 0.7364 0.7564
Table 3. Experimental results on the NUS-WIDE dataset
& 3. 7€ NUS-WIDE #i#E% FRISEInsE
1% Jr ik 16 32 64 128
IMH 0.4029 0.4090 0.4268 0.4248
SCM 0.3907 0.3758 0.3646 0.3542
CMFH 0.4267 0.4229 0.4207 0.4182
Img2-Text SMFH 0.4553 0.4623 0.4658 0.4680
LSSH 0.3900 0.3924 0.3962 0.3966
SePH 0.5421 0.5499 0.5537 0.5601
LCH 0.5841 0.5991 0.6053 0.6061
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IMH 0.4002 0.4091 0.4315 0.4317

SCM 0.3875 0.3693 0.3608 0.3538

CMFH 0.4627 0.4556 0.4518 0.4478

Text2-Img SMFH 0.5033 0.5056 0.5065 0.5079

LSSH 0.4286 0.4248 0.4228 0.4175

SePH 0.6302 0.6425 0.6425 0.6584

LCH 0.7382 0.7541 0.7671 0.7678

43.2. LWEERSH

1, £ 2MEE 3 AHLEHT LCH 55 L& EAE Wiki, MIRFlick Al NUS-WIDE iX =AM R4 L1
PR RS AR ASAT 55 1 mAP 30l PEATES K E 53904 16 bit 32 bit 64 bit A1 128 bit.

X T Wiki $edl 4, W3 1 IR AT LLE H, LCH 7E RIS 7565 K B T i mAP (B8 T ot B 492,
IGUE T LCH fEFS LS RATS R R . AR, WSR3 1, nfLURIKI A B S A WA 45 5 v Lk
T B IS RS WA A VAR R BCR U, 1K R A B il i iR N B SRS BRI ARG, AT L
KRS ARG R 5 FT o SCAK R B AT 55 19 mAP {8 H B KR SCAR T mAP 3R 5, X2 A
AP E PE B E A E R B, BEE R A 0E L. A, I 1 b e DLWEER], ih
A, WARGATREIRAE G B2, RIS R AR R T

XIF MIRFlick #5486 F1 NUS-WIDE ##545, M4 2 A5 3 Hif) mAP HfExf bl LSS, LCH
T HETE, X5E Wiki BHRET MG 8 FIRIIE | A SO EAE P B ZRAT 55 A 280
UeAh, FATATLARERS], XIS, mAP (AR Wiki 5 b B, X2 A IX A s 4240
T AR ERAERE, EURFISOARIE O R INE R, X R R RS BRI 1048 FES SR RAT
%

4.3.3. RBEIM ST

1 N LCH ZE =AM 4 ik AR SoE 2, WA 1 i seab g b el DIGER], LCH Sk AMUZ A 2L

Wk, T HUSSICE FEARR,  1& & 78 MU b T SRS I R AT 55 -

X108 Convergence Validation
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Figure 1. Curve: Model convergence analysis
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