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2 School of Computer Science,Guangdong University of Education, Guangzhou 510303, China
Abstract In recent years,hashing algorithm have been widely concerned in efficient cross-modal retrieval of large-scale multime-
dia data due to small storage costs and high retrieval speed. Most of the existing cross-modal hashing algorithms are supervised or
unsupervised methods,and supervised methods usually achieve better performance. However,in real world applications, it is not
feasible to require all data to be labeled. In addition,most of these methods are offline, which need to pay high training costs and
are very inefficient when facing input of large stream data. This paper proposes a new semi-supervised cross-modal hashing me-
thod — online semi-supervised anchor graph cross-modal hashing(OSAGCH) , which builds a semi-supervised anchor graph cross-
modal hashing model. It uses regularized anchor graphs to predict data labels in the case where only part of the data has labels,
and uses subspace relationship learning to learn hash functions,generating a unified hash code by one step. Then the model is ex-
panded to online version for streaming data input.allowing it to process streaming data. Experiments on public multi-modal data
sets indicate that the performance of proposed method is superior to other existing methods.
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min Tr((B* —(P")TF)T(B* — (P*)"F*)) 40, Tr ((B* —

B

(WHTQ, (VYHT (B — (WHTQ, (V)*)) + v Tr ((B* —
WHTQ (DT (B*—WHTQ, (D" ) 29
MT B e{—1,F1}"" T B WA, TR T.
= sgn (o, (WTQ, (V) 0, (WHTQ, (T + (PHTF*)
(30)
AR S0 T IR TR O A 41 MR R B RS I A (OS-
AGCH) , Horprp ] A8 s 5 — By 0. B0 0Ck) ={C* ., D’ . D} ,ES
E!,G' \H'}), OSAGCH FEMmBME®E 1 LHE 2 ix,
Ho ek 1 RN B BB OSAGCH 1 48 88 37 . 1 ml Bpl
T8 R BRIELR B 2 BRERERERTER,
k1 ELEHAR
BN FEUGOR SCARRAE AR B VR TS, 2 bR A SR M Y. Th ) A5 4 0(k—
DB e, e v, svsmeasBsdsY
i G — WA D B RIS G 0Ck) L E R A B AR WE R W
1.iliid RBF B85 Q, (V*.Q, (DX,
2. 3838 2 (13) %0 QF, QY MIAUAH I8 5 5 R TR A TR 4 1 Q.
3B P AR CFL MR 2 (15) X 4% B2 I k£ 7E 48 B ot
F(16) — 3 (18) X 5K 4 10 B Hi #E 47 A5 48 T, 745 2 1000 45 45 56
38
4. BHLII IR 1L B,
5. while RNk do
6. [EHABAS B, H e A B DY, DS LEN L EN R R (22) fE Lk
FA A WL W,
7. T HAl A B S el A G HS RS ) 7 e Rk
SR PR,
8. [ 5 At A5 45t L MR 3 (30) 75 48 0T T 04 75 B,
9. M BB 5,
ik 2 LR REEGE
A R RSO IS VA T, BAR B Y. 28 e, vehv, v,
NrasBad,Y
Hith G — WA S B R E RSB WL W,
1. #iHfk B=0,000) =0,
2.for k=1:m do
3. RIS 1 EH PR 0k— 1) B8 2SR 00k, AR
W 22 FH L W WE,
4 HH g — A 7S B=[B.B" ],
5. end for,

3.5 HWESEXESH

By 1 p M FREEEA, B B=[B, -, B ],
0X)=[Q (X)) .0 (O '], W T B HMQX) 5 3 K dit 15
%%, HOXOOX)™ KOCOBT 14 T ¥ B 78 2 B (9 By B i
B.ESE P BERTEITHRE QO (X (QXOHT LK
Q (XO" (BHT M= 22) W 1155 & 24 B 5 5 B8 09 808 i
R, WL, ol LITE O G B W) 93T 318 Wi, we, p
MB" 522501, ERE 1 IR LA 2 B RENITE
2% B 5 R B S B n RS R BRI TE OGo)
&) P9 52 BT,
4 LI§

AR 3ok T H S R A AR O i . R TR T 4R ¢
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OSAGCH P fg, 4 7 7€ 3 A~ iz 1l A i Bl 48 (MSCO-
C02017, MIRFlickr, NUS-WIDE) |5 5 F 4 i 4 7 1 #E 17
T BB BN e S 86 L e rp Sk [ 27 % B0 4 AT T A R
P4 5 I i BB A 3L
4.1 HB|E

MSCOCO20178) & — A KM B s 4 . 0 & 115525 4>
SNBSS B L — A BRI SCAS, 43R 80 A2
B AT EEA S B S R T VGG MZ R CNN X BR 3t 17
FRAESREL, 3RIR N 4096 ZE B RFIE 18] & L 3 3 BoW X SCA#EAT
FRAE SR, 7R A 2000 4E A FFAE 17 . Rl ML G BROECHE 46 R Y
10000 A~ F 8 A5 S il i 45 4 o 47 28 980, B 80T A9 2088 T
YR A R RS R EA RBHE E . MUI SRBE 1 B — 2 P B L
I 10 Y01 AR ig s . A Ry R bR e B

MIRFlickr™7 f& — 4~ A B0 4 46, 45 & M Flickr T %
B9 17 772 A S B A~ 560 BOHE AT B — A~ R ORTAR B 1
AL 24 A, X TF AL E ST VGG W%
A9 CNN X UG #E AT R AE 42 B, 7R g 4096 2k 19 R AE ] 4,
W BoW X SCAS AT RRAE SR X . 3R 7R O 1386 4k (9 FRAE ] 1
Rl HL 26 BORCHE 42 P A 5 000 AN B8 71 S 03 #04 ok A7 A i
T T B F T I 0 A bR B0 R R R B I . IR
T 4 — 2 P B ML B 10 %6 7R R AR e B . A o R bR g
Hod .

NUS-WIDEF®) J& — A~ K R A5 B4R B0 88 48 . 618 193 749
A SR A B B L — A R FI AR R Y SCA, 43R
21 A5, X TFEA S S 5T VGG M4 CNN Xt
1GHEAT AR AR B, 2678 9 4096 4k B FRAE 1] 8, 53 BoW %) 3C
A BEAT R $R U, R O 1000 i (4 451 1) &2, I ALk HROK 3
A 10000 FOHEAE S D 54 1 A7 2L RN B B T
IR0 A o NG R RBEPE . IR B0 19 B — 2 vh B
HLAIER 10 %6 75 A b ic B oAy S KA 12 80405 .
4.2 EMIERR

A S0 AT A B AR S A R AT 55, BV o R A i) SCAR
DAt SCARAE I B R . S T RS R 7 2k it BE L SR B
Fi )32 0 FH B S8 BE (mAP)YPYAE R IE A 45 F7 L Hoh mAP
1R (8] T A 45 3R AT 5 B mAP-all, BRI LI AN, 2R 528608 %
FAT 538115 B A 48 40k - 1) I BRORS 52 I G 2% S 491 500 A k1
top-K R B 2850 2) i o i 26 5 8 W A6 R W P-R il
LRI R UL, X 3 AN IT AN 8 bR AR R K, &5 SR R AT
4.3 Mk AE

AT AR OSAGCH 5 LLF 5 R 5 #5225 08 75y ik il
IT .

kM R 0B B % (Robust and Flexible Discrete
Hashing, RFDH) ™47 . 3 32 25 #0H BE 4 fiff 1 122 2 ) o 7 1, 9
LA L EECER =B B,

156 & 1 ST %8 P4 43 it W5 7 (Joint and Individual Matrix
Factorization Hashing, JIMFH) ", i 1o B¢ 4 %0 B4 #0284 40
W 53 ) 2 ] 55— W A T R0 BRI 75 T L B U 4 P 4 A AR )
I LS ARG

B A S I 7y (Discrete Cross-modal Hashing, DCH) :
W R S ML (9 0 A bR BORN 55 — A Ay T 37 46 S T & A Ak 1) L
I B — o e B WO AL B 2 T R A TS

BRI WS A I F 25 1] 56 & % 2 (Subspace Relation
Learning for Cross-modal Hashing, SRLCH)% ., # F i ¥ #5
T O [ ASE 25 1% R B0 B850 90 O I 42 3 L R BRI 2 SR LU AR
R Y & .

HA ,RFDH #1 JIMFH J& JC ¥ & J7 % . DCH F1 SRLCH
EAWE . PrA X5 %k e 7 M k4R A5, AR R
AH R SCHR P S B0 R LT ER HEAT S8 . X A PSS I A
J7 95 ¥ R B 4R Wk 7R AN B B S BOHE i R 2 S
Wy B 09 T A TH ARG — R I k. BbAh, B T 30A 70 28 05 B S 0
A IR A KM OE TAE P A 819 HMOH H 76 £8 S
ANV Ay 55 187 B R S E 2 W RS A A i s BRIV SO A ]
G B b R ORI A5 28 B AR R 8 B i 4 O R R
4 B 51 5 A 4R 5 A S 0 A (Hadamard Matrix Guided On-
line Cross-modal Hashing. HMOCH)., OSAGCH #1 I & ¥
BRXH L SE e fE— B Y1A Intel 2. 4 GHz AL BEZY (8 GB N 77 HI
64 f Windows 10 #4E R 48 094> N H I B kT,

4.4 BHIRE

RATAARCPE SR E KB A B E R 5,58
KB e B0 500, S6 T REBLGT . S8 o ZEAE S 2 AR A /I B X 45
AU A A iR B R 9 3R 0.6, b T B
R SRR AR 223006 e, ve, v0, 00 S HIEE N 0.9,0. 1,
101,10 °, AT E X QDO P o RN 9.7
IR LB T A LB Osa, S EIE N 0.1,0.1 K1 0,01, X
Ty B H M 0,001 2546 F] 1000,75 3] v g 1 B M AE R 4T
4.5 LIGHER

AT A 3 A B A B A A S K B OSAGCH
5%t ey e A a R 16 47 B 128 1, % 1— 3K 3 405
BT 3 AR EAY mAP S5, i Tto T RRBEE IR
AT to I R UARK REG, MM F AR RRMER. WA
By 64 AIAT Y P-R M 2— 8 4 fis, op-K #i 4
mEs—m’ 7 PR,

# 1 NUS-WIDE 454 L) mAP
Table I mAP on NUS-WIDE dateset

Algorithm TtoT Ttol
16-bit 32-bit 64-bit 128-bit 16-bit 32-bit 64-bit 128-bit
JIMFH 0.4064  0.4460  0.4846  0.4332  0.4118  0.4345  0.4714  0.4161
RFDH 0.4731  0.4615  0.4776  0.4961  0.4626  0.4538  0.4720  0.4875
DCH 0.3627  0.3680  0.3824  0.4069  0.3998  0.4068  0.4254  0.4611
SRLCH 0.5786  0.6099  0.6149  0.6322  0.5658  0.5961  0.6008  0.6156
HMOCH 0.4180  0.4913  0.5030  0.5083  0.4245  0.5030  0.5135  0.5204
OSAGCH 0.5888  0.6677  0.6534  0.6750  0.5405  0.6140  0.6043  0.6245
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#F 2 MIRFlickr £# 4 I mAP
Table 2 mAP on MIRFlickr dateset

TtoT Ttol
Algorithm
16-bit 32-bit 64-bit 128-bit 16-bit 32-bit 64-bit 128-bit
JIMFH 0.6493 0.6279 0.6291 0.6083 0.6512 0.6448 0.6310 0.6135
RFDH 0.6246 0.6235 0.6304 0.6344 0.6476 0.6517 0.6522 0.6526
DCH 0.6407 0.6438 0.6551 0.6683 0.6324 0.6328 0.6452 0.6553
SRLCH 0.6387 0.6496 0.6696 0.6772 0.6331 0.6198 0.6479 0.6498
HMOCH 0.6125 0.6267 0.6326 0.6333 0.6057 0.6243 0.6275 0.6287
OSAGCH 0.6793 0.7244 0.7371 0.7434 0.6390 0.6739 0.6873 0.6895
%3 MSCOCO2017 44 [ mAP
Table 3 mAP on MSCOCO2017 dateset
TtoT Ttol
Algorithm
16-bit 32-bit 64-bit 128-bit 16-bit 32-bit 64-bit 128-bit
JIMFH 0.4246 0.4070 0.4224 0.4287 0.4241 0.4339 0.4383 0.4384
RFDH 0.3952 0.3973 0.3983 0.3990 0.3978 0.3992 0.3997 0.4005
DCH 0.4361 0.4378 0.4304 0.4291 0.4227 0.4246 0.4315 0.4409
SRLCH 0.3921 0.3989 0.4029 0.4070 0.4022 0.4131 0.4189 0.4231
HMOCH 0.3451 0.3469 0.3285 0.3259 0.3961 0.3995 0.4016 0.4033
OSAGCH 0.4509 0.4548 0.4584 0.4808 0.4962 0.5219 0.5185 0.5356
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065
060 \
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Fig. 2 64-bit P-R curve on NUS-WIDE dateset
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Fig. 8 Sensitivity analysis of each parameter
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Table 4 Training time on MIRFlickr dateset

(LA :s)
Algorithm Training time

16-bit 32-bit 64-bit 128-bit

JIMFH 37.59 38.81 43.89 49.67

RFDH 81.55 88.98 115. 89 200. 09
DCH 7.68 7.92 8.01 8.19
SRLCH 0.47 0.65 0. 84 1.32
HMOCH 0.70 1.75 3.85 7.60
OSAGCH 1.12 1. 20 1.41 1.74
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