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A cross-modal retrieval algorithm of decoration cases on feature fusion

KANG Jie, LIU Wei
(School of Electrical and Control Engineering, Shaanxi University of Science & Technology, Xi’an 710021, China)

Abstract: Currently, home decoration customer service systems chiefly depend on manual decoration case retrieval,
which leads to the system not meeting user demand for fast and timely consulting service and high labor costs. Thus, we
propose a feature fusion-based cross-modal retrieval algorithm for decoration cases. Aiming at the problems of insuffi-
cient semantic information mining of multimodal data and low accuracy of model retrieval, the existing style aggrega-
tion module is improved. The channel attention mechanism is introduced into the original module to add suitable
weights to the feature vectors of different pictures in each group of decoration cases, thereby improving the important
features that include more helpful information and weakening other unimportant features. Conversely, a multimodal fea-
ture fusion module is developed for retrieval scenarios to make full use of multimodal information. The module can ad-
aptively control a series of fusion operations of feature vectors from two different modalities to achieve knowledge flow
and sharing between cross-modal data, thereby producing feature vectors with richer semantics and stronger expressive
ability to improve the retrieval performance of the model further. Our developed algorithm is compared with other meth-
ods on a self-built multimodal dataset of decoration cases, and results show that the algorithm performs better in decora-
tion case retrieval.

Keywords: home decoration customer service system; decoration case retrieval; cross-modal retrieval; style aggrega-
tion; multimodal; feature fusion; channel attention mechanism; semantic information
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Fig.1 An overall framework for a cross-modal retrieval algorithm of decoration cases based on feature fusion
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Fig.2 Improved style aggregation module structure diagram
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Table 1 Comparative experiments of different multimod-

al feature fusion methods

Ji¥k Recall@5 Recall@l0 Recall@l5 mAP
Baseline  0.616 0.673 0.717 0.755
MFFM1 0.625 0.691 0.733 0.770
MFFM2 0.627 0.694 0.739 0.774
MFFM3 0.618 0.685 0.730 0.765
MFFM4  0.636 0.701 0.758 0.797
MFFM 0.668 0.742 0.807 0.852
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Table 2 Comparative experiments of different methods

ik Recall@5 Recall@10 Recall@l5 mAP
KCCA 0.323 0.429 0.493  0.558
MvDA-VC 0.411 0.525 0.572  0.595
CMPM 0.548 0.610 0.639  0.663
CAMP 0.634 0.697 0.744  0.796
Baseline 0.597 0.638 0.665 0.714
Baseline + SE 0.616 0.673 0.717  0.755
Baseline + MFFM  0.645 0.709 0.761  0.806
AR T 0.668 0.742 0.807  0.852
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Fig. 5 Visualization results of the test data projected in different common subspaces
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