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Abstract

Although deep learning has achieved many good results in the field of Fashion retrieval in recent
years, researchers have little research on Fashion style. Consumers often search the matching
clothing through their favorite style, or consumers are more willing to search the clothing similar
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to their own style. The existing Fashion style researchers only classify the Fashion style and iden-
tify the favorite style for consumers through the user’s input image. However, such retrieval re-
sults can only return the clothing similar to the image style, but can not match with the input im-
age. Therefore, starting from the overall compatibility of Fashion style, this paper regards each
piece of clothing as a word, and proposes text-based style retrieval model and image-based style
retrieval model respectively according to the concept of word similarity in Word2vec. Finally, a
multimodal style retrieval model is proposed based on feature fusion of the two modal informa-
tion obtained. The experimental results show that on the Polyvore multimodal data set, according
to the previous researchers’ Fashion style similarity evaluation criteria, the multimodal fusion
Fashion style retrieval method has better average similarity than the single modal style retrieval
and other multimodal hybrid style retrieval methods.
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Figure 2. Convolution neural network diagram
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Figure 3. CBOW model diagram
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Figure 5. Image style retrieval of clothing
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Figure 6. Multimodal clothing style search diagram
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Figure 7. Structure of style retrieval
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Table 1. Comparison of fashion style search results
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Figure 8. Feature fusion result diagram (text retrieval content: women
hooded faux leather jacket)
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