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Structure-preserving hashing with coupled projections
for cross-modal retrieval

Min Kangling'”, Zhang Guobin’, Wang Lei'*, Li Danping**

1. School of Electronic Engineering, Xidian University, Xi'an 710071, China; 2. Key Laboratory of Marine Intelligent Equipment
and System of Ministry of Education, Shanghat Jiao Tong University, Shanghai 200240, China; 3. The 27th Research Institute,
China Electronics Technology Group Corporation, Zhengzhou 450047, China;

4. School of Telecommunications Engineering, Xidian University, Xi'an 710071, China

Abstract: Objective With the rapid development of multimedia technology, the scale of multimedia data has been growing
rapidly. For example, people are used to describing the things they want to show with multimedia data such as texts, ima-
ges, and videos. Obtaining the relevant results of one modality using another modality is a good objective. In this sense,

how to effectively perform semantic correlation analysis and measure the similarity between the data has gradually become a

Wo#E H #3:2020-08-28 ; & B H #§:2021-02-02 ; FIED 7« H #§:2021-02-09

#* BISVEE .S dpli@ xidian. edu. cn

E£WE : FZE AL H (2016 YFE0207000) 5 5K F ARL #2231 H (61203137, 61401328 ) ; BRPH 4 [ A FH# ZEREWF 5T 114 351
H (2014JQ8306, 2015]M6279)

Supported by : National Key Research and Development Program of China (2016YFE0207000 ) ; National Natural Science Foundation of China
(61203137, 61401328 ) ; Natural Science Basic Research Program of Shaanxi (2014JQ8306, 2015JM6279)



1559

5265 /5 7H /2021 F7 8 HER, KEE, T3, THF / BEREREEEBESER

hot research topic. As the representation of different modal data is heterogeneous, it poses a great challenge to the cross-
modal retrieval task. Hashing-based methods have received great attention in cross-modal retrieval because of its fast
retrieval speed and low storage consumption. To solve the problem of heterogeneity between different modalities of the data,
most of the current supervised hashing algorithms directly map different modal data into the Hamming space. However,
these methods have the following limitations: 1) The data from each modality have different feature representations, and the
dimensions of their feature spaces vary greatly. Therefore, it is difficult for these methods to obtain a consistent hash code
by directly mapping the data from different modalities into the same Hamming space. 2) Although label information has
been considered for these hashing methods, the structural information of the original data is ignored, which could result in
a less-representative hash code to encode the original structural information in each modality. To solve these issues, a novel
hashing algorithm called structure-preserving hashing with coupled projections ( SPHCP) is proposed in this paper for cross-
modal retrieval. Method Considering the heterogeneity between the cross-modal data, this algorithm first projects the data
from different modalities into their respective subspaces to reduce the modal difference. A local graph model is also
designed in the subspace learning to maintain the structural consistency between the samples. Then, to build a semantic
relationship between different modalities, the algorithm maps the subspace features to the Hamming space to obtain a con-
sistent hash code. At the same time, the label constraint is exploited to improve the discriminant power of the obtained hash
codes. Finally, the algorithm measures the similarity of different modal data in terms of the Hamming distance. Result We
compared our model with several state-of-the-art methods on three public datasets, namely, Wikipedia, MIRFlickr, and
Pascal Sentence. The mean average precision (mAP) is used as the quantitative evaluation metric. We first test our method
on two benchmark datasets, Wikipedia and MIRFlickr. To evaluate the impact of hash-code length on the performance of
the algorithm, this experiment set the hash code length to 16, 32, 64, and 128 bits. The experimental results show that for
both the text-retrieving image task and image-retrieving text task, our proposed method outperforms the existing methods in
each length setting. To further measure the performance of our proposed method on the dataset with deep features, we test
the algorithm on the Pascal Sentence dataset. The experimental results show that our SPHCP algorithm can also achieve
higher mAP on such dataset with deep features. In general, cross-modal retrieval methods based on deep networks can han-
dle nonlinear features well, so their retrieval accuracy is supposed to be higher than that of traditional methods, but they
need much more computational power. As a “shallow” method, the proposed SPHCP algorithm is competitive with deep
methods in terms of mAP. Therefore, as an interesting direction, our framework can be used in conjunction with the deep
learning method in the future, i. e. , using deep learning to extract the features of images and text offline, and using the
SPHCP algorithm for fast retrieval. Furthermore, we analyze the parameter sensitivity of the proposed algorithm. As this
algorithm has 7 parameters, a controlled variable method is used for evaluation. The experimental results show that the pro-
posed algorithm is not sensitive to parameters, which means that the training process does not require much optimization
time, making it suitable for practical application. Conclusion In this study, a novel method called SPHCP is proposed to

‘

solve the problems mentioned. First, aiming at the “modal gap” between cross-modal data, the scheme of coupled projec-
tions is applied to gradually reduce the modal difference of multimedia data. In this way, a more consistent hash code can
be obtained. Second, considering the structural information and semantic discrimination of the original data, the algorithm
introduces the graph model in subspace learning, which can maintain the intra-class and inter-class relationship of the sam-
ples. Finally, a label constraint is introduced to improve the discriminability of the hash code. The experiments on the
benchmark datasets verify the effectiveness of the proposed algorithm. Specifically, compared with the second-best method,
SPHCP achieves an improvement by 6% and 3% on Wikipedia for two retrieval tasks. On MIRFlickr, SPHCP achieves an
improvement by 2% and 5% . On Pascal Sentence, the improvement is approximately 10% and 7% . However, the pro-
posed method requires a large amount of computing power when dealing with large-scale data, because SPHCP introduces a
graph model to maintain the structural information between the data. The calculation of the structural information between
each sample leads to a larger computing complexity. In future research, we will introduce nonlinear feature mapping into our
SPHCP framework to improve its scalability when dealing with nonlinear feature data. Furthermore, we can extend the SPH-
CP from a cross-modal retrieval algorithm to a multi-modal version.

Key words: cross-modal retrieval ; hashing; structure-preserving; graph model; coupled projections; subspace learning
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H 25 0], — @ FR R bRk T 30K S5 B g5 i ke S5
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I TR B A e SR ) P AR ABL 5 265 6.7 T30 R
G A23 [RUFI SCAS 23 [A] i B RS AY  HIORFE & H 1
23 [A] DR BRI 1) 1 45 44 15 2 5 5 — AT LUA 2K
5 5 HE B ST o) e A el AU T
2.3 BiEES
K (1) BE— A 8 AR AR M AL Ak In) A,

TRME KA, A0S T8 55 40 7 A2 A, XA~k
PY AR R AR B T LA IR R AT DA BA
KA
1) SKARA 2545 W BT, [ HAh AR 5, =X (1)
EMT
min|[Y - W'B| + e [ W] (2)
A (2) B—AIE M e/ —3fe (] 81, (A e 75 X
W R SR 5 A 55T 0, AT 1%
W = (B'B + o,I) 'BY" (3)
2) KRG P, B, [ HAh AR &5 )
(D) T
min _p,|M, - PL,V[; +

yr(P_,VL,V'P,_ ) +a,|P,_, |2 (4)
K (4) A IEZAH, 3 & —A RN Phfbln) @, ix
LR Wen A1 Yin (2013) Fr# 05335t P,_, 9E4T
oAk, WA AL P, o
3) R it A A5 6] M, i, [ s H At AR =,
KD FHMHT
minp, M, - P, VI +A|B - PIM, [T (5)
XFR(5) KT M, T, R 28055 T 0,
A
M, = (ud + A,P'P) " (u,P',V+A,PB)
(6)
EBLIGIEE
M, = (ud + AP'P) " (uP",T +\,PB)
(7)
4) SRR PEE A P, o, [ E A AR A )
K (D) BT

min Ay B - PIM, [+ [P, [ (8)
XI(8)SRIET P, ffhi S I AT 0, 7T 1%
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[Fi] B AT 753
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mBmHYH% -2u(Y'W'B) + |W'B|? +
Ar([BI} - 2tw(B'PIM,) + |PIM,[}) +
AvCIBI: =2w(B'PIM,) + | PIM,[})
s.t. Be{-1,}" (12)
B w(B'B) = | JpH BT U BT LA
il h
mBin -2u(Y'W'B) + |W'B| -
24,ie(B"P'M,) - 2A,ir(B"P'M,)
s.t. Be{-1,1}" (13)
W (13) dE—BAL AT 15
rﬁn\WﬂB\i—2U(BTQ)
sst. Bel{-1,11",Q=WY+A,P'M, +A,P'M,
(14)
Al LA DCC ( discrete cyclic coordinate de-
scent) BIREKRE B E—17, 27" £ B
LT, XL =1, L o B' FmAEEE z M4 B .
4 q" FoR Q BN 147, [FARE, Q' RARALAE ¢ HYFE
Q. 2w Fom WIS LAT, W, W RRAE
& w BRERE W82 A LIS ]
z =sgn(q — B'W') (15)
PR R  SAP IR B INT
B EUREHE Vs SCREAE T 5 FF Y
AT L BRI E i, Ay, A, Yy Y o
1) FEGESE v RSCAREEE T 1717
FHMEA;
2) RN R tR i W M, M, P, P, ,,,
PP, J—ABEHL { - 1,11 WIUGIL B 5
3) JTIRTERE .
(1) WIFEXG)IHEI LG W
(2) MRAELDIR 2) THHRBSHHEE P, P,y
(3) MHE=(6) A=k (7)o M, M, ;
(4) WHE=(9) M= (10) THEBE AR P, P,
(5) MHE15) IR B .
4) BRI S
Wi A A IS A B B P,_,.P_, %
WP, P,

3 KBERSHH

RT3 ATEBS AR 2 U R FH A0 R ke

R EIENTERE , 70 38 Wikipedia Z4E4E  MIR-
Flickr Z0#& % F1 Pascal Sentence ZU#E4E , Ho i )5 —
S R T R, X ISR 42 45 LSSH
(Zhou %§,2014) . CMFH ( Ding %5, 2014 ) . SCM
(Zhang F1 Li,2014) .SePH ( Lin %%,2015) .DCH ( Xu
Z£ 2017 ) . DSPH ( Zhang % ,2020 ) il DHCSC ( /™ *X
Wk 55,2019) . PFAN$E AR N F 2K RS E (mean
average precision, mAP), K R H 5 Ding % A
(2014) 01RO PEA FE 5

1) Wikipedia £ 4R . &R 10 28400
32 866 AEIMRSCAXS, EHREERR H 128 4E SIFT
(scale-invariant feature transform ) $EAE T3R8, 3C
KGR F 500 4E BoW ( bag of words ) ¢ IE#E1 T4
7N, 8R )5 H LDA (latent dirichlet allocation ) £ 7 £4) 7
10 4ESCAFRIE Iy 2 173 X8R o3 il 25
B, HARY 693 Xof Al il 4

2) MIRFlickr #4845 . 225G 16 738 M
A% 324 28 AFRIETF Flicke W3k, Ho E{SH
150 4EFEAREI R, SCAS W38 3 PCA ( principal com-
ponent analysis ) J7 514 £ Y 500 4EFRFIEHEAT R,
B b 15 902 X Bt 73 BN 2R 46 , Her 836 XA
BRI

3) Pascal Sentence A ¥E £, % ¥ 4E U &
1 000 EESCA G X, 220 &, Horp R8s
%1 024 4E CNN ( convolutional neural networks ) #i
RHAIE HE AT s, SCAS H i W) 2 S 2 I 300 4
BoW $F1iF, 95 J5 H] LDA L AL H4 & 100 4k 30 Ay
fiE o K Hrb 600 X Bcdfi 2 7 N R 4% 0T 400 X
Ha I X2
3.1 KBERS5HH
3011 IRBEERAEEIEE S

ARSCR FH R RE A 08 5 Wikipedia #1 MIR-
Flickr i SPHCP 5k AYTERE, % 1 O SPHCP 53k
AR T IEAEIE AR SE b T o T FIT o 1 HY
KR mAP B, Ry 8 I A B 6 25000 53 32 1k B 119 52
M, S5 56K WA A 8 43 S5 B AR 16 it 32 bt 64 bt il
128 bit,

M1 ATLLE ]

1) %F T 4098 45 Wikipedia F1 MIRFlickr, < 3¢ fi
PEADAEATL S5 BRI R SCA (1 to T) FE: 55 SCAKS
REUR (T 10 1) | mAP (T 7 HABS kX%
W] SPHCP A AT LA BOBEA T ES SR R
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*& 1 7 Wikipedia 1 MIRFlickr #{#55% F R E XM PR ZHE (mAP)

Table 1 Cross-modal retrieval performance( mAP) of different methods on Wikipedia and

MIRFlickr datasets with various code lengths

/%

Wikipedia MIRFlickr
Ttk

16 bit 32 bit 64 bit 128 bit 16 bit 32 bit 64 bit 128 bit
LSSH 20. 83 22.09 22.14 22.07 56.84 57.05 56.99 57.23
CMFH 21.32 22.59 23.62 24.19 57.99 58.32 58.97 58.99
SCM 22.13 25.89 27.88 28.33 62.37 63.43 64.48 64.89
SePH 23.91 26.50 27.30 27.73 66.99 67.19 67.71 67.83
ot DCH 27.16 29.01 31.44 32.31 67.43 67.74 68.01 69.31
DSPH 27.42 28.36 29.52 31.28 67.52 68.31 68.65 69.04
DHCSC 27.33 28.56 30.61 32.51 67.89 68.32 68.45 68.13
SPHCP 33.87 36.03 37.32 38.08 68. 82 69.38 70.53 71.06
LSSH 50.21 52.08 52.77 53.25 57.16 58.32 59.24 59.33
CMFH 48.84 51.32 52.69 53.75 59.37 59.19 59.31 59.24
SCM 21.34 23.66 24.79 25.73 61.55 62.12 63.04 63.40
SePH 55.75 57.12 57.96 58.40 72.01 72.75 73.33 73.80
tel DCH 65.63 69.57 71.06 71.21 75.43 75.84 76.89 76.68
DSPH 56.25 57.46 58.91 59.03 66.72 67.15 69.82 70.15
DHCSC 66.28 69. 64 70.41 71.12 74.31 75.23 76.13 76.11
SPHCP 70. 06 72.05 72.33 72.53 78.72 80.50 81.67 83.49

ey LSRR STTIET S 8

2)SPHCP 519 mAP {H HCPERESS 2 19 DHCSC
BETE T to TAESS 1 720 3% |, i 7E MIRFlickr %%
P b T to 1 {E5 4, SPHCP B ¥ mAP {H5E T4
5% ,iXUERH TR FRR A 450 AR B 7R RRAS A 45 4
FHA B RE

3) Bl M A B B3 0, BT A FA A mAP
HOAEFET: 32 PR R W A R 50k 22 | W 72 5 T
NOLEHSSUR E A (RN P G E A - RE AU LT IVE SO
64 bit T}5 128 bit if, mAP {HIETHE/N, B2 H T
TR, 52 A H, AR SCRE I mAP (B FERR S
PETt, X R W 3E 2 SR AR B A5 B2 AT FR A 1
of P RY AT DA — 2542400 SCA T R R B 1 45
P R, TR DRAS ZORG JEE
3.1.2  WREERHEBR Y RS

HE—25 5 T HE IR AE Pascal Sentence £0#iE 52 1
TREERRAE b 3E 47 925, 3% BB T-V CCA ( three

view canonical correlation analysis) ( Gong %5,2012) |

Deep-SM ( deep semantic matching) ( Wei 55,2017) |
DCH .DSPH Il DHCSC fE %t Fe ik, % 2 M5
TR ZEEE LB mAP {H,

% 2 7E Pascal Sentence #{iF&E F & E LM
FHRRFEE (mAP)
Table 2 Cross-modal retrieval performance( mAP) of
different methods on Pascal Sentence dataset
/%

7k TtoT/ Ttol
T-V CCA 31. 12/34. 64
Deep-SM 39.80/35. 42
DCH 44, 14/65. 81
DSPH 46. 58/68. 27
DHCSC 37.63/70. 22
SPHCP 54.01/77. 63
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M A R ] LRI EAE 55 Tto TFIT to 1
I+, SPHCP # 7& () mAP 4351 ik 8] T 54.01% A
77.63% , W T A X K B] SPHCP Al LA
AR A EAT DR B R A4k . TR B R,
FARAR SRR RO A W IS A AEES T T
RPEREIAE W A R, Lt Pascal Sentence %4545
2 H FT SRS AT R PR SO S

— ke Uk, TR B A o S SR R k]
DA M b FRAR L MR R AT, PR A 2 A B FT RE 25 L
G i, AR I 2 DA AR B () 33 9 U AR
Wi, MR —Fh BB 15k, ri SPHCP 5.
PG ERETEI 2 TH AR B (R A A, PR R —
AR SR 5 ], AR AT DA 12 530k AR R 2 AR A1 4 B

DR . PR 2 ) B8 2 A MR AN SCA Y
FHE, ] SPHCP Bk T GH AT R |
3.2 SHEREST

1E Wikipedia £ 4 138 or $12 53 15 19 2 BB
JEAE A s A K BE O 16 bit, SPHCP Bk
AT ASEGHA o R IENI S5, HAEH A B Ik
WG AR N 10, B4 6 B H0T LIR
FHEE AR & ik R AT o0 B, S BCE R E N {1072,
107,10} o ESEEE Ay, Ay, v, Ay, WK
Wy s o, SEEREERUNE 2 (a) (b) Frs AR w, AN
oy P HUEXT BE ) mAP B AS K SR G 2w,
oy Ay, MR A, A, SEREE R 2(¢) (d)
R, 85 KA, , A, 09 BUE XT3 35 /) mAP{E

() 1 to TAEZ5HyFIAZEfLi}

() T to U5 HyFIAZS LB

(k) I to TAES5 Rl ZEfLmst

() T to UES5HyRIu AL aT

K2 7F Wikipedia $t¥i4E b SPHCP B8 7E R IR B 5T HSF 34 R
Fig.2 The mAP of SPHCP with different values of model parameters on Wikipedia dataset
((a)mAP of T to T with differentp, and w, ; (b) mAP of T to I with different v, and u, ; (¢)mAP of I to T with different

Ayand A, ; (d)mAP of T to I with different A, and A, ; (e)mAP of I to T with different y, and y, ;

(f)mAP of T to T with different y, and y, ; (g)mAP of T to T with differentw and A ; (h) mAP of T to T with different y and A ;

(1)mAP of T to T with different y and A ; (j)mAP of T to I with different y and A ;
(k)mAP of T to T with different y and 5 (1) mAP of T to I with different y and u )
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SR [ K 2 (e) (£) W y, Fly, BYBUEXT
B mAP EHE WA, AT i — 05 AR
BESHIE, AY 2wy =y =, Ay = Ay = AH
v =y =y, E2(g) (h) B 2(i) (j) FE 2(k) (1)
SR E y IR, A X B [ E e, T
oy, A PRI L A, R,y X5
BRI, DR LA 2 kE TR E BN BB

TURR 35 A SE PRI
4 & it

RSP — MRS R B M A IS SR R

2 (SPHCP) . j@TLJﬁE%i‘%Mé&%}“ZIEﬂB’ﬁ%K“M
W AR TR AR X 8 T 'S

/}@E//I‘KIEJ%&%EE%M%#E@EE’J T AT A AS B 5y
— NGRS . A T LA A e L s B 25 4
FEFNE SCHUN M IR AE TS B2 2 ha ] AT K
PR R R R N R R, FEMS A i A B 1)
T AR S AT 28R (B SR B T 0 A 5 4 S
INTPEIRAE bR SEB6 45 B0 IE 1 BT s o
ARPERE . — 7 10, 76 7R B RRAF 405 55 I, SPHCP (-
BIR FRG AR T WA 2577k s o — 7 I, TR
BEFFAE, SPHCP R 20 B A iR, (HR T2
HERER IR, T SPHCP 5 AT EIALH g L 45 B 7]
LRI D, A R AR AR I A AR
S Z TR A AR R T A K B S
KA 5T FAIE— 25 51 A AR L MERRAE b, 2
T+ SPHCP k% HAT R LM RR e 50000 19 A 38 RE T
FIHMA R SPHCP PSS K R Bk i — 2D 40 e 1k
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