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Label Enhancement Based Discrete Cross-modal Hashing Method

WANG Yong-Xin'"?, TIAN Jie-Ru”, CHEN Zhen-Duo”, LUO Xin®?, XU Xin-Shun’

'(School of Computer Science and Technology, Shandong Jianzhu University, Jinan 250101, China)
2(School of Software, Shandong University, Jinan 250101, China)

Abstract: Cross-modal hashing can greatly improve the efficiency of cross-modal retrieval by mapping data of different modalities into
more compact hash codes. Nevertheless, existing cross-modal hashing methods usually use a binary similarity matrix, which cannot
accurately describe the semantic similarity relationships between samples and suffer from the squared complexity problem. In order to
better mine the semantic similarity relationships of data, this study presents a label enhancement based discrete cross-modal hashing
method (LEDCH). It first leverages the prior knowledge of transfer learning to generate the label distribution of samples, then constructs a
stronger similarity matrix through the label distribution, and generates the hash codes by an efficient discrete optimization algorithm with a
small quantization error. Finally, experimental results on two benchmark datasets validate the effectiveness of the proposed method on
cross-modal retrieval tasks.

Key words: cross-modal retrieval; hashing; label enhancement; transfer learning; discrete optimization
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B RS BT IR, & H PPN Fabs AR R A 55 Tz R P3RS B4 H (MAP) RIIZRIN [A] (training
time). H o, SRS BE (A Sl TSP B B AR S SR (EAS 2. & IE R s HEAf 2Bk . SRR AR 22
D ILE A BRI A AR I RE AR G AR ISR )2 Ze vt Sk A TF AR B 45 SR Fag A7 I Tl A3 2 1. &2 1)
ELE /)N BH 255 26 8 .
3.3 XL SEMSCIARTS

FA ¥ LEDCH 55 7 AW B S BASIG A5 J7 V04T T A LU SEG, AT 143 ) 18 SORA DG 1 85 KA IG5 (semantic
correlation maximization, SCM)™!, B ¥ 1 A4 75 (discriminative cross-modal hashing, DCH)™", e B4 B B A
W& 7% (fast discrete cross-modal hashing, FDCH)™ T4 Ji B BCE B 7 iR M5 4 (scalable discrete matrix factorization
hashing, SCRATCH)™), #5iC — £ 4B 23 5 7 (label consistent matrix factorization hashing, LCMFH)™® B e 71
K7W 75 (discrete latent factor hashing, DLFH)®®, 745 [] ¢ 2 2% > BSR4 (subspace relation learning for cross-
modal hashing, SRLCH)"". L, FDCH Al SRLCH & B AT 1 ST A 27 S B FF), At L 7 5 0 2 M40 1 2 42
HERARIE SR, BT S EO AR 18 SCI @ ST W . X T ARSC I LEDCH, A ic 38 5% H 2 501 J8 14 1R 4 5 ke i
R 500, 38 o v O BPREN 1 WA RPN S o ABREBEEN 1. 5950, A IBRSE R
R, PIANIEAIE 1 B 1 3 TR VCE N 10 15,
34 ZWERE55HH
341 HERE ST

%2 R T A7 LEDCH 5 FiAa %t L 7 i:4F MIRFlickr-25K il NUS-WIDE P A SE4E 445 45 111 MAP
gh . B ) MAP 25 PR R R, AT 2 AT DRt T 418,

2 2 LEDCH R %} kb 778 MIRFlickr-25K. NUS-WIDE ##i 42 1 MAP 4331

MIRFlickr-25K NUS-WIDE
8fL 16437 3247 6417 12817 8L 1647 3211 6407 1281
SCM-seq  0.6456 0.6600 0.6701 0.6570 0.6595 0.4935 0.4546 0.5459 0.5316 0.5305
DCH 0.7041 07108 0.7202 0.7349 0.7613  0.6310 0.6078 0.5715 0.5836 0.5936
FDCH 0.6561 0.7021 0.7122 0.7138 0.7139 05328 0.6136 0.6343 0.6454 0.6421
SCRATCH 0.7073 0.7094 0.7268 0.7322 0.7377 0.6129 0.6252 0.6404 0.6427 0.6497

% Jrik:

FBRRIA  oMPH 06864 06966 07062 07045 07148 05698 05806 0.6221 0.6327 0.6395
DLFH 06971 0.7224 0.7298 07418 0.7454 0.5828 0.6253 06475 0.6651 0.6712

SRLCH  0.6652 0.6570 0.6744 0.6854 0.6980 0.5952 0.6390 0.6262 0.6653 0.6654

LEDCH  0.7467 07547 0.7562 0.7648 0.7655  0.6509 0.6579 0.6721 0.6737 0.6761

SCM-seq  0.6296 0.6414 0.6604 06353 0.6390 04794 04540 05262 0.5246 0.5280

DCH 0.7615 0.7636 07650 0.7956 0.8246  0.7644 0.7433 0.6895 0.7065 0.7344

FDCH 07210 0.7683 0.7985 0.7428 0.8090 0.6919 0.7658 0.7875 0.7884 0.8067

ARREE SCRATCH 0.7553 07716 0.7830 0.7931 0.8054  0.7348 0.7449 0.7732 0.7823 0.7918

LCMFH 0.7370 0.7551 0.7755 0.7723 0.7916  0.6631 0.6718 0.7289 0.7453  0.7548
DLFH 0.7550 0.8076 0.8252 0.8392 0.8464 0.6693 0.7769 0.8042 0.8162 0.8199
SRLCH 0.6927 0.6912 0.7273 0.7304 0.7535 0.7221 0.7632 0.7635 0.7981 0.8086
LEDCH 0.8247 0.8395 0.8465 0.8567 0.8582  0.7718 0.7998 0.8163 0.8191 0.8230
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(2) 5 LCMFH. DLFH % )L/ 7 A EL, LEDCH 15U T Al M R SR TF, 1K 6 WA ST 3R H I 3 1
T2 2] (W 10 38 5 BR % 4230 BB (W B0 5088 SO A, T8I RAbR i 20 AT AR AL 27 o 31 T 5 BT IR G 5 7.

(3) BEA WA A AT )T, K 2 BT IR REAT — e FEE 3T, o T KA A i e A0 3 58 2 (AR AU
S {2 LEDCH 755659 AR BEIUAT 547 A 1k B, % B e LA A a N fs I N BE 0, AT BB A% 27 oJ 31 55 B )0 )

Fi 5 A B

(4) RZHITFAESCAR R GAE S L AR B RSO S LRI LS. AT REI S A, SUAKFAE B

N BE (K PR e 1 B e R R AT Y .

342 RSP

R 3 IR T TR EEJ5 VAT LEDCH IR 0], i i 4 R AT 75, AR 3 BATTRT LU
(1) LEDCH £ P ¥ £ 10 VI ZRIN 1] #08 1 Bre 1), UE R T8 1R ke

) RGP A T AR e ME R A, AR USRI T 7588 T 22 3931 DR A AN R SEadont ey i i K2

IEACU B I R AN —FE.

%3 LEDCH Fji45 % bt /5724 MIRFlickr-25K. NUS-WIDE 4l 45 L i I R 18] (s)

 HFELRE,

. MIRFlickr-25K NUS-WIDE

ik SR T6fr 3200 64fr 1280 8h 16ht 320 oalr  1280r
SCM-seq 13.46 22.57 4428 57.24 99.33 10.21 11.64 22.03 44.09 97.85
DCH 6.64 6.18 11.96 17.76 60.23 37.80 40.08 78.21 193.36 814.99
FDCH 13.65 13.42 13.52 13.78 14.90 82.42 86.91 88.12 89.42 86.83
SCRATCH 2.25 2.96 5.54 7.17 8.95 26.39 30.88 37.86 49.71 81.75
LCMFH 8.99 9.75 10.84 10.56 14.46 45.57 44.32 50.92 63.00 75.69
DLFH 4.74 4.84 21.69 37.60 241.48 13.39 33.55 160.72 611.47 2498.0
SRLCH 14.65 14.43 15.09 15.32 15.93 130.43 131.71 133.09 122.60 140.22
LEDCH 1.67 1.70 1.72 1.61 2.38 8.71 8.84 9.57 13.79 15.87

3.43 @M

h T DA AR SO H bR T I B A Rk, FATTE AT TR, K 4 451 T LEDCH 5 A28 1)
MAP Z5 3. Hrp, LEDCH-S 37 R A% G5 —AEAHALIE R BRI 7735, Hh 3 b AR AR AL RE B AR AE 1 77 52 2% 1)
To At A N A A S 51 25, RATTRENLEEL 10 000 MFEA T LEDCH-S (1125, /R4 LEDCH 7] B3k
A A iR I 28, 9 T ST B, A1 1H LEDCH-10K %75 LEDCH R A H] 10 000 M ZikEA. etk 3

(NEER/ I Sk

(1) % LEDCH-S 5 LEDCH-10K #4558, FAiTrl LA A SO HR IR ac 0 AT AR LA Pk BE 62 1) SR T A R A .
(2) %ttt LEDCH-10K 5 LEDCH, A1 n] LA H W A3 I 2R Re s I B3R A HERG 26, Xt i il T i v 7

SR I L) R B X

% 4 LEDCH & [17F JE4E MIRFlickr-25K. NUS-WIDE 345 [ MAP 43 %%

s g MIRFlickr-25K NUS-WIDE
16477 3243 644 128477 84 164 6417 1284
LEDCH-S  0.6640 0.6821 0.7084 0.7144 0.7185 0.5095 0.5253 0.5321 0.5409 0.5450
KefZ A LEDCH-10K  0.6938 0.7039 0.7137 0.7224 0.7279  0.5206 0.5370 0.5410 0.5478 0.5535
LEDCH 0.7467 0.7547 0.7562 0.7648 0.7655 0.6509 0.6579 0.6721 0.6737 0.6761
LEDCH-S  0.7056 0.7126 0.7265 0.7389 0.7443 04975 0.5026 0.5142 0.5173 0.5285
YAKZEE LEDCH-10K  0.7243  0.7371 0.7496 0.7488 0.7546  0.5062 0.5122 0.5203 0.5288 0.5355
LEDCH 0.8247 0.8395 0.8465 0.8567 0.8582 0.7718 0.7998 0.8163 0.8191 0.8230
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FAHAE MIRFlickr-25K R4 LT T S8 50 K 401 LEDCH W 24 o Ml w WBURYE. [HIFFEIZ, 5
£00 F0 A 2 3 o ad FOUE 00 1 UK T R B, T T DU 2 90 4 LB 8 o — MR/ ME. Bl 2 2R T LEDCH 72
G B SCA RN STAS K R KGR S R AT 45 11 MAP 45 5. A i A 02 16 NE T IRATAT LU ), Z3
a SHAER A — E MR M, JOI S EUE N 0 I F) MAP (B AE# AR, BEITASCHR H A 36 TR 27 > K AR 10 48 5 1 4%
PE. 2400 WAL FAR AT — @ MR, (USRS B B, FOYEE H bRk o FUR R B A BB e, B2,
a Flw¥ k1 i, LEDCH iR 4T

0.85 0.85

0.80 | 0.80

0.75 | 0.75 |
L 070 L 070
s 3

0.65 | 0.65 |

0.60 | 0.60 |

0.55 1 —— B R A 0.55 —o— BB RCR

—a— WARREG —a— WARREG
050 1 1 1 1 1 1 050 1 1 1 1 1 1
0 001 0.1 1 10 1E2 1E3 IE4 0 001 0.1 1 10 1E2 1E3 IE4
a w
(a) MIRFlickr-25K @ 16 fi. (b) MIRFlickr-25K @ 16 fi.

2 KT o Mo MSEEUENE T

3.4.5 WCSES T
ASCAER 2.2.3 TAES 2.3.3 P 20 Gl 45 H T Ar i 8 5 AN A A5 27 S AR AL SR IR S e . b T k25 k]
TATTIWC S, 8 3 45 T LEDCH ¥ WML B EAE MIRFlickr-25K 1 NUS-WIDE _E 1) — 1k H Andit R bk A<
DECB A 6. WA TSI H0E 16. WKL 3 FeATTRTLUE H, BIANEVEIRETE 10 JOE AR 2SS, IE T8

AL 0 e 2
1.0 1.0

—o— MIRFlickr-25K —— MIRFlickr-25K
—s— NUS-WIDE —a— NUS-WIDE

N[N

fu
l’)éo.6- L’SO'é-
m juing
= S
g0.4 iow

02} 02}

0 & & & o 0 1

0 5 10 15 20 0 5 10 15 20

IEARIREL IEARIREL
(a) FRICHISE @ 16 7 (b) W75 2] @ 16 Air

3 R T hRIC g A A A S AW

DR A 3 AR K 5 MR R (D R 3 IR, bR SR AL I R ST T 15 22 3 19, B AR ANBURK, T
PLBE N BOR RIS AR BOR ORIE S PUAR. 1T 5 5 525 P 180 B DI P S0 2803 R A 3 A AR UK, g LU AT
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RIS AR IR [ I 2% FE SR B AR R . DA, AEASCSE I, M SR IR e KA E 1 A 1y 23 T3 e
A 10 I 5.

4 & g

ARSCHE T AR T ac 1 9 ) 29 0 B A A5 7% LEDCH. ‘Bl i A T B 2% 2] 51N SR 50 et i %
SVHEATARACHG 9, AT 42 0 R 10 B S SO AT, IR TR AR AR, BRAh, ASCRE TSR
HUORAC SR, FT DA ORI 7 B, /s 1B AR 22, AT DRAIE T A2 s A i 1K ST, )i, AR SCAE AN iz W A
(K HEME R G EREAT 1 925, SRR T ACSCIEAE R MR LA k. Rk, JA It SR i B 2 gy g 2
getrz gt I HonT LIOE IR b ic 58 5 55 U [RI A PR o0 i 4 15 it 2D A 15 6.
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