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Given a free-hand sketch query, we aim to retrieve relevant natural 1. Cross-view pairwise loss. The produced binary ({3 ¥ & [«|5 4 5 || Retrieval performances of DSH on the two large-scale image-sketch
. . 1 1 -1 1 1 -1 |
iImages In the same category as the query from the gallery. codes of images and sketches need to be similar. || NN (—/ | datasets are shown below.
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are a SO CO nSI e re . | Tree Word Embedding - il I "** denotes we directly use the public models provided by the original papers without any fine-tuning on TU-Berlin Extension or Sketchy datasets.
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are mtegrated Into a unified end-to-end framework, optimized in an Y YT e w———— 6 and 6, UpdateSiep. Once B nd B e o \ We also provide some empirical retrieval results. DSH successfully
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https://github.com/ymcidence/DeepSketchHashing



