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Fine-grained Semantic Reasoning Based Cross-media Dual-way Adversarial Hashing Learning
Model

CAO Xiao-wen, LIANG Mei-yu and LU Kang-kang
Beijing Key Laboratory of Intelligent Communication Software and Multimedia, School of Computer(National Pilot Software Engineering School) ,

Beijing University of Posts and Telecommunications, Beijing 100876, China

Abstract Cross-media hashing has received extensive attention in cross-media searching tasks due to its superior searching effi-
ciency and low storage cost. However, existing methods cannot adequately preserve the high-level semantic relevance and multi-
label of multi-media data. In order to solve the above problems, this paper proposes a fine-grained semantic reasoning based cross-
media dual-way adversarial hashing learning model(SDAH) , which generates compact and consistent cross-media unified efficient
hash semantic representations by maximizing fine-grained semantic associations between different medias. First, a fine-grained
cross-media semantic association learning and inference method based on the cross-media collaborative attention mechanism is
proposed. The cross-media attention mechanism collaboratively learns the fine-grained implicit semantic associations of images
and texts,and obtains the salient semantic inference features of images and texts. Then,a cross-media dual-way adversarial has-
hing network is established to jointly learn the intra-modality and inter-modality semantic similarity constraints, and better to
align the semantic distributions of different media hash codes through a two-way adversarial learning mechanism, which generates
higher-quality and more discriminative cross-media unified hash representation, facilitates the process of cross-media semantic fu-
sion and improves the cross-media searching performance. Experimental results compared with existing methods on two public
datasets verify the performance superiority of the proposed method in various cross-media search scenarios.

Keywords Semantic reasoning, Hash learning,Cross-media search, Adversarial learning,Cross-media semantic fusion
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3. for t iteration do:

4. Update OI; by descending their gradients:
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AFEILEEN TE MEAR 2 . 787 A fi 20 09 4i0b7 B 35 S HE 3 4
TEZ R0 AR SCHE T 2 A~ 3L 5200 TE 3 8% 2 50 90 5 I 1k B X
Bl A AR R E A G R SCAR IR R A Sk, i A
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FoJf — AR I TE AR 2 Z 00 B8 R AF 18] 2 F SC
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y=1,0r=0.00001,margin=0.3, 7EHDEIE EFERK
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Table 1 mAP scores for two cross-media retrieval tasks based on two benchmark datasets
(B bits)
Task Method MIRFlickr25K NUSWIDE
16 32 64 16 32 64
SePH 0.7110 0.7090 0.7169 0.6538 0.6678 0.6720
SCM 0.6281 0.6286 0.6367 0.4280 0.4374 0.4090
GSPH 0.6068 0.6191 0.6230 0.4015 0.4151 0.4214
DCMH 0.7201 0.7287 0.7418 0.5657 0.6007 0.6001
12T SSAH 0.7709 0.7840 0.7924 0.6020 0.6219 0.6463
AGAH 0.7923 0.7945 0.8069 0.6455 0.6600 0.6512
SCAHN 0.8168 0.8301 0.8328 0.6429 0.6510 0.6635
MLSPH 0.8076 0.8235 0.8337 0.6405 0.6604 0.6734
SDAH 0.8224 0.8305 0.8428 0.6643 0.6861 0.6958
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Task Method : MIRFlickr25K : NUSWIDE :
16 32 64 16 32 64

SePH 0.7127  0.7261  0.7309  0.6600  0.6676  0.6854

SCM 0.6068  0.6089  0.6108  0.4280  0.4374  0.4090

GSPH 0.6282  0.6458  0.6503  0.4995  0.5233  0.5351

DCMH 0.7553  0.7593  0.7730  0.5336  0.5871  0.5916

T21 SSAH 0.7681  0.7737  0.7838  0.6123  0.6369  0.6398

AGAH 0.7887  0.7904  0.8049  0.6313  0.6422  0.6336

SCAHN  0.8034  0.8105  0.8193  0.6501  0.6575  0.6685

MLSPH  0.7852  0.8041  0.8146  0.6433  0.6633  0.6724

SDAH 0.8128 0.8223 0.8322 0.6830 0.7053 0.7202
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Fig. 2 Precision-recall curves on two datasets
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2T AR SR,
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Tabel 2 mAP results of ablation experiments with 64-bit hash codes
MIRFlickr25k NUSWIDE
Method
12T T21 12T T21
SDAH-v1 L8061 0.7934 L6554 L6705

0 0 0
SDAH-v2 0.8072 0.7910 0.6578 0.6697
SDAH-v3 0.8013 0.7897 0.6328 0.6177
SDAH-v4 0.8189 0.8005 0.6564 0.6702
SDAH-v5 0.8139 0.8009 0.6579 0.6703
SDAH 0.8224 0.8128 0.6643 0.6830

H4e .l it SDAH-v1 DL J& SDAH-v2 % I 52 56 7] L &
B, AR SCHE B AIORLRE B S HE 0 8 A A9 R g
LT AR 3 5 T AT SC i B At R R X TR A TE HER 72
o T SO ER O TR EL A SR R A IR L T DAAR B b 4 i 2 R R
RS T 2ORE B R AL i ORE E 012 i 5 A3 Sl & i AR O S
BB LA A RS AR AL TR BT A A S R AR L b A,
SDAH-v3 X 5256 71T LA H . GCN e B 5 55 7 85 i Ak &
PEBE. (HAT M2, GON i #3875 B2 30 £ 14 s 18] B A% , 75
B VEAR A1 1 4T 4 5 S, T SDAH W G 25 A8 2 it LA
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HYk it SDAH-v4 LA K SDAH-v5 7§ 30 52 56 7] LU A S
2 HH 11 O XoF T I 7 T i 2 1 B I A R IR T 25, R
AT i — it ot B0 A 5 0 4 W 59 AR B R R RE L IR R R O
XS oF 470 W A5 T LA g b KT 5 B O AR N A B T R A A R
AIE [ 2 (9 Aty b T LA 7 A L A e o A R AT 4 4
R,

BeAh AL 8 13 1T A% SDAH 4570 v (1% 40 b7 BE 18 i B
Oy kil — 25 W T AR B Y AT RS R R Rl L % SDAH

AR e ) 0 AL B T SCHHE B A BN B B AGAH T DADH™
B RRAIE 2 2D R e 0 A 2 ) 204 0 D SR 4R — 3 0 3% 3 T
VLA 2 A8 e LA G 75 1 50 A8 RE 7, o b 5 8% ) A5 0 110 1 R
SESE AL R FoR . AT LU #], SDAH J5 ik Hh 1 41k
B SCHE B AL 7E T A 285 A R AT 55 L RO [ AR B 4 T
JEURE R 48 R P BE L b, NUSWIDE $d 4 b i 18 3
893 XA U B R P R T A R AR B R R A B TR R
)N T
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Table 3 Transferability evaluation of fine-grained semantic reasoning module in SDAH
(A : bits)
Task Method MIRFlickr25K NUSWIDE
16 32 64 16 32 64
AGAH 0.7923 0.7945 0.8069 0.6455 0.6600 0.6512
T AGAH * 0.8168 0.8305 0.8331 0.6566 0.6749 0.6859
DADH 0.8020 0.8072 0.8179 0.6492 0.6662 0.6664
DADH = 0.8064 0.8219 0.8339 0.6520 0.6801 0.6872
AGAH 0.7887 0.7904 0.8049 0.6313 0.6422 0.6336
o1 AGAH * 0.8087 0.8104 0.8189 0.6830 0.7053 0.7202
DADH 0.7920 0.7959 0.8064 0.6501 0.6679 0.6808
DADH * 0.7999 0.8162 0.8269 0.6688 0.6907 0.7114
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Fig.4 Semantic visualization of hash codes
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Fig.5 Influence of hyperparameter margin on cross-media
search performance
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Fig. 6 Influence of learning rate {r on SDAH model performance

(DA R EACYECT B9 5 AR R PR BE 23 B

ARSI T TR epoch R/NT BB BEASE R IERE . 76
MIRFlickr25K $ié 4 L aE AT 7 S0, SCo a5 R K 7 rom
T LLE L BEE epoch BIBEINT, BB BT KBS, 2 epoch



130

Computer Science FHEMLFI2:  Vol. 49,No. 9, Sep. 2022

2 20 B ,mAP ZEARI/N s 2 epoch 292 30 B BRI R
R e Bk TR E

0.86
—o— mAP_12T
084 a— mAP_T2I

082

mAP

080

0.78 -

7 ZHepoch XA BE 1Y 52 0

Fig. 7 Influence of parameter epoch on model performance
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