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Cross-Modal Hash Method Based on Multi-Scale Fusion and Projection
Matching Constraint

Deng Wanyu, Zhao Yina, Yang Wanzhen, Zhang Bo, Li Hao, Ye Shugqi
School of Computer Science & Technology, Xi’an University of Posts & Telecommunications,
Xi’an 710121, Shaanxi, China

Abstract Most cross-modal Hash methods based on deep learning learn unified Hash codes of different-modality data
directly through neural networks. However, these methods ignore the factor that different scales of single-modality data
contain different semantic information, which affects the data feature representation, and the importance of low-
dimensional features in bridging the “heterogeneity” gap. Based on the above problems, we propose a new cross-modal
Hash retrieval method (MFPMC) based on multi-scale fusion and projection matching constraint, which obtains low-
dimensional features of different-modality data by designing the image multi-scale fusion network and text multi-scale
fusion network. Moreover, it introduces the low-dimensional feature projection matching constraint and adversarial
training to ensure the distribution consistency of low-dimensional features among different modalities. Simultaneously,
low-dimensional features containing rich semantic information are used as inputs for the Hash function. Furthermore, inter-
modal Hash code, intra-modal Hash code, quantization, and label-embedding losses are constructed to constrain the
learning of Hash function and Hash codes to ensure the generation of discriminative discrete binary Hash codes.
Experiments on two benchmark cross-modal retrieval datasets (MIRFlickr-25K and NUS-WIDE) reveal that the proposed
method outperforms other methods in terms of retrieval performance.

Key words cross-modal hash retrieval; multi-scale fusion; low-dimensional feature; projection matching constraint
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Table 1 Detailed parameter settings for IMFM

Input Layer Kernel size Stride Output
I Average
Original image : 5X5 5X5 Ipool 1
pooling 1
Ipool 1 1X1Conv 1X1 1X1 IMs-feture 1
S Average
Original image ) 10X10 10X10 Ipool 2
pooling 2
Ipool 2 1X1Conv 1X1 1X1 IMs-feature 2
o ) Average
Original image . 15X15 15X15 Ipool 3
pooling 3
Ipool 3 1X1Conv 1X1 1X1 IMs-feature 3

#2 TMFM A2 5 s
Table 2 Detailed parameter settings for TMFM

Input Layer Kernel size  Stride Output
Average
Bow vector . 1X50 150 Tpool 1
pooling 1
Tpool 1 1X1Conv 1X1 1X1  TMs-feture 1
Average
Bow vector . 130 1X 30 Tpool 2
pooling 2
Tpool 2 1X1Conv 1X1 1X1 TMs-feature 2
Average
Bow vector . 1X15 1X15 Tpool 3
pooling 3
Tpool 3 1X1Conv 1X1 1X1 TMs-feature 3
Average
Bow vector . 1X10 1X10 Tpool 4
pooling 4
Tpool 4 1X1Conv 1X1 1X1 TMs-feature 4
Average
Bow vector . 1X5 1X5 Tpool 5
pooling 5
Tpool 5 1X1Conv 1X1 1X1 TMs-feature 5
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Table 3

Comparison of mAP values of different methods on

MIRFlickr-25K dataset

Method Image2Text TextZ2Image
16 bit  32bit 64bit 16bit 32bit 64 bit
SCM  0.6157 0.6213 0.6268 0.6102 0.6284 0.6292
SePH  0.6481 0.6453 0.6596 0.6457 0.6476 0.6508
STMH 0.5877 0.5901 0.6001 0.5863 0.5877 0.5879
CMFH 0.5780 0.5827 0.5861 0.5784 0.5878 0.5889
DCMH 0.7219 0.7332 0.7450 0.7526 0.7576 0.7704
PRDH 0.7052 0.7125 0.7208 0.7607 0.7739 0.7784

CMHH 0.7302 0.7387 0.7444 0.7320 0.7283 0.7301
MFPMC 0.7501 0.7608 0.7687 0.7764 0.7895 0.7898

£4 AR FEAENUS-WIDE $d 4 11 mAP i Ho 4%
Table 4 Comparison of mAP values of different methods on
NUS-WIDE dataset

Image2Text Text2Image

Method
16 bit  32bit 64 bit 16 bit 32 bit 64 bit
SCM  0.4905 0.4946 0.4995 0.4598 0.4660 0.4701
SePH  0.5324 0.5350 0.5529 0.5078 0.5095 0.5177
STMH 0.4354 0.4471 0.4544 0.3895 0.4098 0.4187
CMFH 0.3925 0.3958 0.3990 0.3956 0.3955 0.3978
DCMH 0.5257 0.5375 0.5458 0.5792 0.5875 0.5944
PRDH 0.5919 0.6058 0.6116 0.6155 0.6287 0.6349
CMHH 0.5530 0.5697 0.5559 0.5739 0.5786 0.5639
MFPMC 0.6042 0.6196 0.6256 0.6246 0.6375 0.6437

mAP B4 A E T 2. 214 E 4 5 1. 384 H 43 44
M A A Sk 64 bit i), 5 kAT A H TR
7E MIRFlickr-25K 1 NUS-WIDE %4 % | i mAP {i
SroldE R T 2.37T A A ML A0 H A . X F
Text2Image £ 55 , 24 Ay 54 2 16 bit i, 5 AL 7 %
FHFE , BT 42 77 125 75 MIRF lickr-25K #l NUS-WIDE %% 4
£ ERmAPES MR T 157 N E S M0 9140 H
Oy MM A O 32 bit I, 5 A 7 A H BT 4R
J7 ¥ 7 MIRFlickr-25K #l NUS-WIDE %t #2 48 I 1y
mAP 43 A3 & T 1. 56 4> H 43 2 0. 88 4N H 43 44
M A KR 64 bit B, 5 AR ik A B i B O TR AR
MIRF lickr-25K Fl NUS-WIDE % #2 45 | (9 mAP {8 4
FIBRE T 11443 SR 0. 884N E 4 s o B LAl L
UEBH < BT $2 07 T 7E WA S 5t 4 B3 Se Bl T /e
KR VERE . BLAMA T LA MR ST B A i
Sk 64 bit BF, BT 5 J7 vk 00 R 2R M B M R T A A A R
416 bit 32 bit B AL, i b v LUEBT 78— 2 &4 T,
W A 5 B R, A B A SUME B R & A G R
PERE R LT

HE— 25 R T B TR T R A A RO, LA A R K
B A 16 bit£E b 36 M 245 1, 78 MIRF lickr-25K #1 NUS-
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P-R curves of Image2Text on MIRFlickr-25K dataset
when Hash code length is 16 bit

Fig. 2
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Fig. 4 P-R curves of Image2Text on NUS-WIDE dataset when
Hash code length is 16 bit
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Fig. 5 P-R curves of Text2Image on NUS-WIDE dataset when
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Table 5 Comparison of mAP values of ablation experiments

Task Method MIRFlickr-25K NUS-WIDE
Base 0.7250 0.5630
Base+IMFM 0.7312 0.5734
Base+ TMFM 0.7324 0.5727
Image2Text
Base+IMFM+TMFM 0.7401 0.5833
Base+LFPMC 0. 7568 0.5974
Base +IMFM+TMFM+LFPMC 0. 7687 0.6256
Base 0.7341 0.5605
Base+IMFM 0.7398 0.5769
Base+TMFM 0.7433 0.5834
Text2Image
Base+IMFM+TMFM 0.7522 0. 6008
Base+LFPMC 0.7698 0.6294
Base+IMFM+TMFM—+LFPMC 0.7898 0. 6437

2) il 1t ¢ 574 Base + IMFM + TMFM .Base +
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HEYAEEREANEZMN .
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Fig. 6 Influence of hyper-parameter £ on mAP on MIRFlickr-
25K dataset
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Fig. 7 Influence of hyper-parameter ¢ on mAP on MIRFlickr-

25K dataset
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Fig. 8 Influence of hyper-parameter y on mAP on MIRFlickr-

25K dataset
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Fig. 10  Influence of hyper-parameter x on mAP on MIRFlickr-
25K dataset
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