Computer Science and Application HEPIEIF 5N, 2023, 13(6), 1264-1272 Hans )0
Published Online June 2023 in Hans. https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2023.136124

ET RS BRI RFNBIRSERRR

RS ST
FARTAMER AR, A TN

Wk H . 20234F5 220 FHER: 20234F6H21H: &AW HI: 20234F6H28H

HE

BRNET R NEESKERTEENE SRR U X STRERAES TAEES R FHRE —FH
FRIAEZE I 3R AH LIS A (Unique Similar Hashing, USH). USHE—ANRBEIMRA L, KTFEIR
HHBEEIRHRE. F—HE, AERRECHEREESE BB ER, RIGHEMAER > #ESIEE
2. BAGANEEZRPEIMR, AT RLBUREF AR HENEHRLAR, MRERITHEE
KB PR, BEEI—MURKIRRIDZIE, B —NEHRERREHAPS ZRER D AER . £
Wiki$iEde 5 REH KT IESATRIE, USHEmMAP LEVAEUFER, BV T &7 kA it.

XK ia

WA, BERSRR, EMESE

Research on Cross-Modal Retrieval Based on
Matrix Factorization and Similarity
Preservation

Xinwen Zhang

School of Automation, Guangdong University of Technology, Guangzhou Guangdong

Received: May 22", 2023; accepted: Jun. 21%, 2023; published: Jun. 28", 2023

Abstract

Earlier hash-based cross-modal retrieval methods were not suitable for big data scenarios due to
problems with semantic extraction and slow running speed. Therefore, a new framework called
Unique Similar Hashing (USH) was proposed. USH is a two-stage learning-based hashing method
that learns hash codes first and then hash functions. In the first stage, data is nonlinearly projected
to a kernel space using kernel functions, followed by learning a latent space using matrix factori-
zation. Hash codes are then learned from the latent space by computing their closed-form solution
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directly instead of relaxing the discrete constraints to avoid quantization errors. After learning
high-quality hash codes, a hash function is learned to map original samples to a low-dimensional
Hamming space. It’s validated on the Wiki dataset against state-of-the-art methods, USH achieved
good results in mAP, demonstrating the effectiveness of this approach.
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Figure 1. Schematic diagram of cross-modal hashing

E 1. BRSnATEE

3.1. FFSRER

B X RN 2SR B MHERIRR X, e R . Bm N1 RETEE, Zm A2
RS, n REREALE . TN AL, (e EE X, WU BB AR X, e R .
HFxR— MBS, FISERARSER Le{0,1}™, Ko ¢ RETHREMMII. BipgrE—
AEBIART, FERRIBBe{-L1", r RETHAEILKSE, WHERA. BIEHE—MER Z,

12
0 Frobenius {EUEEEHA NN 2], =(3,[a[) MTr(2)=% 7, -

3.2. BRREFES

JEUR R FTRE RS IR, IR 2 5] MR R, BNEER A . SRARAE R gt i
A DAL BB O A R AR B R 30— A SR [ A o 5 18] DURE A7 AN R BEAS (R v 20 Lo (ER XA 2
NG, DUOREMEZS I 20 AT ERAE LA AR (o BT — 3K A 22 (A 2 O R A A (R Ry
Ve AEFIFERE D A RERBE A 2 2] — MB R ], Hgdiid T

DOI: 10.12677/csa.2023.136124 1266 THENUR 5 N H


https://doi.org/10.12677/csa.2023.136124

(V'S

x,-up| vel X v M)

man} U201

He o R—DTHZHL U eRYERU, e RP WA RS, M1 eR™ Y, e R™REAH
RS HVTE A ], X DU AR BT 222 5 o VR 225 1 F) A R A A0 B e 0 B P PR T DAL s A5 ) g 2
SN]SR o

AR ETER )G, TERR AR K P08 o 81 2R 5 e Tx 5 B A
RN, (ERRAE BB S REAZ AR . R I B, 42 R F0 AR (oL (7 B ket 55 9 AT
el BRI S, E RIS 5 MR /, B I0RBOE R
h; =11, @)

MR HE S MARCUEFERE S, WERPIADFEASE R 4%, e RS, MR, R Ef]
PREEAHAR, WA FAANE . AR RE S it 5 an T

o _[1 o .
P00 hy <V 3)

BE, HEFESNZ AN RHSAMY. BAATmS, WRFAERZHEB, A el ERER

W AZ AT o T RAR IR AN, A8 ATEAEREAR AT SRITML, IX 0] LBEAE AT 1R 2510 R S 1
JR AR AR AL A B A R A s

min £ 3°[(17), - (1),

i=1 i=1

2
s, @)

i

Ho B —ANTAES . SIS PR A 74 1T DASRECR B A 13 ) 48 SOR LR A 14 S o
5 EBR AR B AN B A ARD B e (-1}, BME T S sk AT B A % . W 7R
B MR AR U 8 5 I3 3 0 DRI 2 VB 5 A 0 3L Oy 1 s 7 B R385 ] 108 SUBER

B R T 45 R TR ST 0 A
min¢(|8- BV [} +[|B-BY[, ), st Be{-11}"". (5)

Hep 0 R\ =TS H. B eR™ IR P e R™ &7 B2 ) FIMLHE R .
A, EARQD), A4, AXGO)EERK, FrIFRI%E— B HARR S

|)~(1 _U1V1||i +0‘||Xz _U2V2||2F +IBZ:,Z:,”(V1)I _(Vz)j 2 Sy

h ¥

manl U2V .R.5,B

+0(|B= RV} +|B-BR]} ) (©)

rxn

st. Be{-1L1}"".

3.3. {LILIRmE

b B8 A 2R(6) A — ANl ™ 1 R 0T DA LA BB A o A SR ST A v — AN i ] A
WA AR (OB, B LIS 2 (6)Fe A A RERETE T 3
L=Tr( XX —2X1 U} + UV VU )+ alr( X, X) —2X,1,U7 +U,1,1,UY )
+ BTr(V,DV; =218V, +V,DV, \n+ 0Tr(BB" —2BV,'R" + RV,' B" )n -
+0Tr(BB" -2BV, P + BV,V, )

st. Be{-11}"".

DOI: 10.12677/csa.2023.136124 1267 MR 5 R


https://doi.org/10.12677/csa.2023.136124

ISV

1) #Hr U.
FE[E € V,,U,,V,, B, B, B Z )G, KT U, 1 H bR 8O A an F -

L(U,)=Tr(2X U] +U VU, (8)

BEELT U NSE, EHSET 0 v RIS 2| U, MEHME, FE U, 00 IS B .
U= X5 (nt) ©)
U, =X (ny) (10)

2) HH Vo
€ U,,U,,V,,B,P,BZ )G, AR(TBEFHAIT:

L(V,) =Tr(=2X U + U VU )+ BTr(-20,8V)" +7,DV;)

(1)
+0Tr(-2BV,' B + RVVR").
HEARDN TV, 5V, KIS HET 0 /15 1, 5, KA.
V,=lvap(E,F,G,). (12)
V, =lyap(E2,Fz,G2). (13)
3) HH P,
N T EH B A BALSEURIFA BB W H ARk 3L
L(R)=Tr(-2BVR" +RVJ'ET). (14)
THREARQHW FHIF HAGH R E R 0, HHEF B s, FES P sl ik
R=BV(nyT) . (15)
p=BV (1) (16)
4) EH B.
[E5E U, 1, Uy Yy BB AT B, 51830 Tr(BBT )= 8k, R 4L AR B Bt F
L(B)=Tr(BB" -2BV'R" + BB 2BV, P)
:Tr(—ZB(KTET +V2TPZT)) (17)
st. Be{-11}"".
H LA B MR
B=sign(RV,+PJV,) (18)

3.4. BEERHF

USH & NPFTBURIS A5 77 1%, R A T BRI Ay bR B 22 51 70 50T o BT LAAE 2 50 58 — ML OIS 4
W2 G, i Eh— AW Ay B8 DORE SRR R AR SR LR DU A 18] o O 1 P SRS B, R % e
o ELAE > R AT A A R . RN RS IR I T -

DOI: 10.12677/csa.2023.136124 1268 MR 5 R


https://doi.org/10.12677/csa.2023.136124

(V'S

min,, [B-0,%, ||; +ilolf, (19)

Horb 0, N5 « MESHI 2 RER, T A =001 Z2RIELE NS a9 )5, 4 — i
RIEAS, FTUMEH] O 3 BN A5 h, SR i i R A G AN [R] (e 7 B M T R Se B R . O 1AL
~R19), HEHLFHEIFLSHIN 0 /17 O, IR

0, =BXT (X X[ +41,) . (20)
RE SR AEEAAG R B IRAE S 1 e

Algorithm 1. Unique similarity hashing (USH)
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[21LA K CMFH [1]. i — 54 W B s %5 51, 445 SMFH [6], SCM-seq [3], SePH [7], DCH [8], GSPH
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Table 1. mAP results on Wiki database
= 1. Wiki #4785 LI mAP 45R

145 Jii 16 iz 32 fir 64 fif 128 iz
LSSH 0.2330 0.2340 0.2387 0.2340

CMFH 0.2538 0.2582 0.2619 0.2648

SMFH 0.2276 0.2516 0.2581 0.2496

M SCM-seq 0.2210 0.2337 0.2442 0.2596
LA SePH 0.2787 0.2965 0.3064 0.3134
ok DCH 0.3317 0.3686 0.3762 0.3748
GSPH 0.2900 0.3100 0.3200 0.3260

MSLF 0.3324 0.3639 0.3751 0.3995

USH 0.3636 0.3730 0.3833 0.3934

LSSH 0.5571 0.5743 0.5710 0.5577

CMFH 0.6116 0.6298 0.6398 0.6477

SMFH 0.5242 0.6039 0.6602 0.6658

ok SCM-seq 0.2134 0.2366 0.2479 0.2573
Li0A SePH 0.6318 0.6577 0.6646 0.6709
M DCH 0.7006 0.7087 0.7241 0.7093
GSPH 0.6460 0.6680 0.6770 0.6810

MSLF 0.7211 0.7468 0.7467 0.7595

USH 0.7202 0.7547 0.7640 0.7564
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F. B USH #lB 1 Hfthrik. XMER 1 R -8, L EPPEFRHERER T USH A 2.

DOI: 10.12677/csa.2023.136124 1270 MR 5 R


https://doi.org/10.12677/csa.2023.136124

Bl R A@32{xL

B8 A @641

—#—LSSH

0.12

%19 02 04 06 08 1 01, 02 04 06 08 1
BEE BEE

. EREE T R@321 b8 E&#& R R@644L

TEAEER
o
~

0.3

0.2o

0 0 0.4 0.6 0.8 1 0 0.2 04 0.6 0.8 1
A=z Al
Figure 2. Precision-Recall curves on the Wiki

& 2. Wiki LAY PR Hhtk

0.2

5. B4

eM=A

ASCHRE AR AALANG A5 (USH)RUETESE,  SREGESCIL 2 BUSKI 2. USH & MWBEAIHER, €
S I A T P 2 S W A B A RSB Berh, (S RTRE R O AN RS 2 3] — MR R R =S ], I
A UARAFAS RIS R P o 3556 AN R RS (AT 7 2 1)l ) AR LU R B 0 5%, SR AT USRI [
rer R SRR AT RS AR, i a WIRFE SRR 22 2 e v i . 22 20 58— MU e A, —
ANERNE ) 70 S AR WA A bR 28 LT ICREHT B RE A S SR AE DA 25 18] . O THIER] USH A RAT 2 A
R, AE Wiki i e AT SER e, e S AR T A HGIER] 7 USH M7 e ss .

SE

[11 Ding, G., Guo, Y. and Zhou, J. (2014) Collective Matrix Factorization Hashing for Multimodal Data. Proceedings of’
the IEEE Conference on Computer Vision and Pattern Recognition, Columbus, 23-28 June 2014, 2075-2082.
https://doi.org/10.1109/CVPR.2014.267

[2] Zhou, J., Ding, G. and Guo, Y. (2014) Latent Semantic Sparse Hashing for Cross-Modal Similarity Search. Proceed-
ings of the 37th International ACM SIGIR Conference on Research, Gold Coast, 6-11 July 2014, 415-424.

[3] Zhang, D. and Li, W.J. (2014) Large-Scale Supervised Multimodal Hashing with Semantic Correlation Maximization.
Proceedings of the Twenty-Eighth AAAI Conference on Artificial Intelligence, Quebec, 27-31 July 2014, 2177-2183.

DOI: 10.12677/csa.2023.136124 1271 THEAURF 5 R


https://doi.org/10.12677/csa.2023.136124
https://doi.org/10.1109/CVPR.2014.267

(6]

(7]

(9]

[10]

Zhang, J., Peng, Y. and Yuan, M. (2018) SCH-GAN: Semi-Supervised Cross-Modal Hashing by Generative Adver-
sarial Network. IEEE Transactions on Cybernetics, 50, 489-502. https://doi.org/10.1109/TCYB.2018.2868826

Rasiwasia, N., Costa Pereira, J., Coviello, E., ef al. (2010) A New Approach to Cross-Modal Multimedia Retrieval.
Proceedings of the 18th ACM International Conference on Multimedia, Firenze, 25-29 October 2010, 251-260.
https://doi.org/10.1145/1873951.1873987

Liu, H., Ji, R., Wu, Y., et al. (2016) Supervised Matrix Factorization for Cross-Modality Hashing. Proceedings of the
Twenty-Fifth International Joint Conference on Artificial Intelligence, New York, 9-15 July 2016, 1767-1773.

Lin, Z., Ding, G., Hu, M., et al. (2015) Semantics-Preserving Hashing for Cross-View Retrieval. Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, Boston, 7-12 June 2015, 3864-3872.
https://doi.org/10.1109/CVPR.2015.7299011

Xu, X., Shen, F., Yang, Y., ef al. (2017) Learning Discriminative Binary Codes for Large-Scale Cross-Modal Retriev-
al. [EEE Transactions on Image Processing, 26, 2494-2507. https://doi.org/10.1109/TIP.2017.2676345

Mandal, D., Chaudhury, K.N. and Biswas, S. (2018) Generalized Semantic Preserving Hashing for Cross-Modal Re-
trieval. I[EEE Transactions on Image Processing, 28, 102-112. https://doi.org/10.1109/T1P.2018.2863040

Wang, S., Zhao, H. and Nai, K. (2021) Learning a Maximized Shared Latent Factor for Cross-Modal Hashing. Know-
ledge-Based Systems, 228, Article ID: 107252. https://doi.org/10.1016/j.knosys.2021.107252

DOI: 10.12677/csa.2023.136124 1272 MR 5 R


https://doi.org/10.12677/csa.2023.136124
https://doi.org/10.1109/TCYB.2018.2868826
https://doi.org/10.1145/1873951.1873987
https://doi.org/10.1109/CVPR.2015.7299011
https://doi.org/10.1109/TIP.2017.2676345
https://doi.org/10.1109/TIP.2018.2863040
https://doi.org/10.1016/j.knosys.2021.107252

	基于矩阵分解和相似性保持的跨模态检索研究
	摘  要
	关键词
	Research on Cross-Modal Retrieval Based on Matrix Factorization and Similarity Preservation
	Abstract
	Keywords
	1. 引言
	2. 相关理论
	2.1. 无监督哈希方法
	2.2. 监督哈希方法
	2.3. 半监督哈希方法

	3. 方法提出
	3.1. 符号表示
	3.2. 哈希码学习
	3.3. 优化策略
	3.4. 哈希函数学

	4. 实验论证
	4.1. 数据集
	4.2. 实验设置
	4.3. 实验结果

	5. 总结
	参考文献

