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Abstract: Hashing, as an effective data representation technology, has played an important role in dealing with the
explosive growth of multimedia data. Due to the advantages of its low storage and high efficiency, it has received more and
more attention in the field of multimedia retrieval. At present, multi-modal hashing methods have been well researched and
developed in multimedia retrieval tasks. However, most of these methods usually use the inner product of hashing features
to reconstruct larger pairwise similarity, aiming to preserve the structural information of the original data, which will bring
more complex optimization problems. Besides, some models lack discriminant ability, which leads to limitations in the im-
provement of retrieval performance. In order to overcome the above-mentioned problems, this paper proposes a new multi-
modal fusion hashing method. Under the supervision of category information, Hadamard matrix is used to generate target
codes for data, and the margin between categories is increased by relaxing strict binary constraints. At the same time, the
graph embedding approach is used to promote compactness within the class. The proposed method in this paper not only en-
sures the strong discriminative ability of the model, but also simplifies the optimization process. The experimental results on
three public datasets show that the method proposed in this paper is very effective in multimedia data retrieval, and the aver-
age performance is 8.47% higher than that of the optimal comparison method.
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R T AR EDU R AL L, 1 3 S — > 2SR
R JLFRAT b T 3k FA SCHE R A MFH-RH & [7]
1 5K R A5 A R AR R 3 4730 . R REE AL 24 N
2o B HEATHE R B, BT SOASE B TR R 46
SRR S Y SO B R WA 2 A £L A HE Y SE AR
JEIE A OGRS R 45 2 . IR 3 i A] LR B, ITQ F1
LSH 7E R 5 K5 38 45 3 v R ¢ B IE B i A R 45 2R
DLLE, HCOH, MFH,MVLH, OMH-DQ 7£ & [1] {1 2% S v

HE Y R 56 VU A 35S 1A SE 1) A RE R 21 AH OC 1E B 1Y 245
A SCHR H A MEH-RH Y AE 645 B0 HEF 1245 —
ASFNEE =AWt R UL RT = R A R A SR
) MFH-RH % e A5 2R 590 [n]REAS A OC A R 45
& 3 v Jre 9 B K R R W1, MFH-RH 5 3500 T HoAth
B 7 7R Z RS RAT 55 Hh e 2 B A
PERE.

R EE Z B WS A BB R by Z B85 E 5 24 4



o4 W JH B2 LT AN Hadamard 55 PR ) 2 B Rl & e A 5 vk 915

09 [V

=
N

Precision

03

Recall
(a) WikKi

0.9 %

=
o

Precision

03

. . . .
0.2 0.4 0.6 0.8 1
Recall

(b) Pascal Sentence

T

—+—LSH

—%—1TQ
DLLH

HCOH
—O— MFH
0.9 —A— MVLH
—p— OMH-DQ
= Ours

Precision

0.3

0.2 0.4 0.6 0.8 1
Recall

(¢) MirFlickr
2 A 5 AR S R PRI

Se kTR BE ~7 ST RE SR E5 5 o4 > B v i) — K Ak 4 14
AR AT LU R 2 R A B TE 2 RS I A i R A
5 AR T ORCE R R R IR 2 RS Ay
(Deep Multi-View Hashing, DMVH) "**' Hl 1F 52 1E 0] 1k
% W K 14 45 (Deep Multi-modal Hashing with Orthogo-
nal Regularization, DMHOR ) (341 30 12 0 s B 14 IR JBE
% BB EWE Z O E M 75 (Deep Collaborative Multi-

EHixh ik

ITQ

LSH

DLLE

HCOH

- .
1 Jordan retumed to the ! MFH
INBA not s a player, but]
I a

MVLH

OMH-DQ

MFH-RH

—

Fl3 WiKi B4 [ 2B RAT 55 5
HEHE R NE)

=

15 ol T DR PR ), A R A2

View Hashing, DCMVH ) ¥ & — Fft 47 Wi B A 1€ i 22 45
BN BT AR S 0 B T 2 ) BB R LY
ith . 1 SCHK Bl AT i R Y TR BE 22 B A5 S Ay (Semantic-
driven  Interpretable ~Deep  Multi-modal  Hashing,
SIDMH ) ! 75 T B W A 45 # P A B0 SCIR 3l 14 ] fift
B A R AE . fESC g b AR B S ERIRE
Ay J7 V5 7E Pascal Sentence 45 5 I 4T 5250 X LY, X
FESr s g g R IAE £ 3. 5 B IR SRS TR
RUAH L, A SCHR Hh i SR RS T S A R R M pE . A
Fb A A B 6 HE 5 3 DCMVH, 7K SCH Y MFH-RH 7£
JIT VB Z PG A OB S I A5 1 R AR OF 3
0.91% B35 . 524645 5 R W], MFH-RH fE 98 /E il B
AR I SR IR RE T WS A FR AR, 2 AT A5k o
EZVENITE R v )
R3 AEFIETE Pascal Sentence #IEE _ERIIERE L

. Pascal Sentence
Sk 16 bit 32 bit 64 bit 128 bit
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