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Figure 1: (left) The proposed HashNet for deep learning to hash by continuation, which is comprised of four key components: (1) Standard convolutional neural network (CNN), e.g. AlexNet and ResNet, for learning deep image representations, (2) a fully-connected hash layer ( fch)
for transforming the deep representation into /K -dimensional representation, (3) a sign activation function (sgn) for binarizing the K-dimensional representation into K -bit binary hash code, and (4) a novel weighted cross-entropy loss for similarity-preserving learning from sparse

data. (right) Plot of smoothed responses of the sign function i = sgn (2): Red is the sign function, and blue, green and orange show functions A = tanh (8z) with bandwidths 8, < 8, < B,. The key property is limg_, tanh (32) = sgn (2). Best viewed in color.
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Figure 5: The t-SNE of hash codes learned by HashNet and DHN.
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Figure 2: The experimental results of Precision within Hamming radius 2, Precision-recall
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Figure 3: Histogram of non-binarized codes of HashNet and DHN.
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