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e Unsupervised hashing methods either utilize shallow models with (:q Wt (110...010 ) o)
hand-crafted features as inputs, or employ deep architectures for I
obtaining both discriminative features and binary hash codes.
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e The shallow hash functions suffer from hand-cratted features and
dimension reductions techniques, and may not capture the
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non-linear similarities between real-world images due to their low
capacity.

e The unsupervised deep hash functions have not shown
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satisfactory improvements against their shallow alternatives due
to overfitting problem in lack of any supervisory signals.
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Figure 1: Visualization of HashGAN discriminative representations for a query set on
MNIST using TSNE projection. The real and synthesized data are indicated by colored

Contributions

e We propose a novel framework for unsupervised hashing model by and gray circles respectively. Some of the synthesized images are randomly shown from
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coupling a deep hash function and a generative adversarial different parts of space h
network. Figure 2: HashGAN architecture, including a generator (green), a discriminator (red)
e We introducing a new hashing objective resulting in minimum N CIFAR-10 MNIST _ and an encoder (blue), where the last two share their parameters in several layers
atase s O
entropy, uniform frequency, consistent, and independent hash bits mAP (%) mAP@1000 (%) mAP (%) mAP@1000 (%) &3 (red®blue=purple). The arrows on top represent the loss functions.
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Table 1: Image retrieval results (mAP and mAP®1000) of unsupervised hash functions HashGAN| 0.913 0.965 0.920 0.958 0.602 0.465 0.316 0.394

on CIFAR-10 and MNIST datasets, when the number of hash bits are 16, 32 and 64.

The usage of supervised pretraining is shown for each model using the tick sign.
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Table 2: Clustering performance of HashGAN and several other algorithms on four
image datasets based on accuracy (ACC) and normalized mutual information (NMI).
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Figure 3: Precision-Recall curves on CIFAR-10 database for HashGAN and five baselines with 16, 32, and 64 hash bits.
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