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Research on clothing image retrieval based on attention
mechanism and attribute disentanglement

YAO Li, ZHU Ziqing, WAN Yan

(College of Computer Science and Technology, Donghua University, Shanghai 201620, China)

Abstract: The development of e—commerce has led to an increased demand for personalized search in the fashion retail sector,
making multimodal clothing image retrieval a pivotal task. This paper addresses the task of clothing image retrieval with attribute
manipulations in multimodal retrieval scenarios and proposes a clothing attribute manipulation retrieval model. Building upon the
Residual Network ( ResNet), the model incorporates a feature disentanglement module to extract disentangled attribute features,
facilitating attribute manipulations. An attribute—guided Convolutional Block Attention Module (CBAM) is introduced to enhance
feature extraction capabilities. Furthermore, improvements in cross—entropy and triplet loss functions are employed to enhance model
performance on multi —label datasets. Building on this, a feature memory module is introduced to store disentangled attribute
features, transforming attribute manipulations into residual features and fusing them with clothing features for similarity retrieval.
Finally, experiments on public datasets validate the proposed enhancements in retrieval accuracy and demonstrate their superiority
over alternative methodologies.
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Fig. 1 Example of clothing attribute manipulation retrieval
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Fig. 2 Architecture of clothing image retrieval model
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Fig. 3 Improved feature extraction network
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Fig. 4 Channels and spatial attention block
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Fig. 5 Mechanism of attribute feature memory module
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Fig. 6 Implementation of attribute manipulation retrieval

4 TREHH

AR HIAE Ubuntu 18. 04 LTS FREEH B 1T,
CUDA RRA R 12. 2, BE 8L T Pytorch ¥R B 2 > HE
BRSTHER, SEHR SR TN I IR 2 B 4 DeepFashion''*
() 2H 0 i PR R MR 4, TR 00 AT 55 S I ik
J B STEAR = PR AR I IR 4.1 A9 A
X704 113 948 5K IE Ml 248 5 4E . 7EJE 1k
PAERRAT 55 9000 1 WAL O E T« A ify &
R BYERRAE B AR R S E R BT R R A
B = JC Il ke A 780 336 Y4 =t 5
204 221 A =04,

4.1 4$HERENM L& L0

R T SN R] BT 2% 1 S 1 A 2] G AR 254
kSRR G DA N = v X5 A R N i = e W
2551 AFD B i a1 A 2 96 R AE TR £ 4R
Ly 4y 2 B8 J1, R H VE AL 48 bR R o 2 ME B R
(Accuracy) ,SCIR 45 R UL 1, £ 1 H, w/FD FIR
BT WKL T 8 i 254

H S 5645 5 AT A1, ResNetS0 AH H HoAth 9 45 v 1l
BRI WIS A AE A T A M 2 %) R B N 445
T 2%

T uE e Y e 5] 5 = T L (AD
attention ) 5 AR -1 A8 A 01 2% bR BCRN SRy 3 — 42 I
ZICLH IS PR W&T loss ) Fb X 455 28 R 1F 45 L fi

TIREETE AT 2P A5 BRI RS, SEU A AR L
%2,
£1 BERUEETFREN LR

Table 1 Comparative experiments on feature disentanglement

backbone networks

LG54 TR A2 25 0 BT 5 HER/ %
AlexNet! ") w/FD 51.8
VGG16''"% w/FD 53.8

ResNet34 w/FD 52.5
ResNet50 w/FD 54.7
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Table 2 Feature extraction network ablation experiment

Ay HEBIR/ %
ResNet50( baseline) 54.7
ResNet50 + AD attention 56.3
ResNet50 + W&T loss 59.8
ResNet50 + AD attention + W&T loss 60.3
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Table 3 Results for ablation experiments retrieved by attribute manipulation

TBETR Top-10 ace/%  Top=20 acc/%  Top—-30 acc/%  Top-50 ace/% NDCG@ 30
ResNet50 ( baseline ) 20. 4 25.5 28.7 33.0 0.330
ResNet + AD attention 21.8 27.4 30.5 34.7 0.332
ResNet + W&T loss 21.4 26.8 30. 1 34.2 0.328
ResNet + AD attention + W&T loss 24. 4 29.0 32.0 35.6 0.335
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Table 4 Results for comparative experiments with similar models

e Top=10 ace/%  Top=20 ace/%  Top=30 acc/%  Top—50 acc/% NDCG@ 30
Image only 2.3 4.1 5.6 8.1 0.318
AMNet ! 14. 1 19.4 22.9 27.6 0.282

Adde-m!™! 23.0 27.7 30.9 35.1 0.329
AR SRR 24.4 29.0 32.0 35.6 0.335
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Fig. 8 Example of attribute manipulation search results
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