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Large scale visual search has attracted great attention in computer vision
due to its wide potential applications [1]. Hashing is a powerful technique
for large-scale visual search and a variety of hashing-based methods have
been proposed in the literature [3, 4, 7]. The basic idea of hashing-based
approach is to construct a series of hash functions to map each visual object
into a binary feature vector so that visually similar samples are mapped into
similar binary codes.
In this paper, we propose a new deep hashing (DH) method to learn
compact binary codes for large scale visual search. Figure 1 illustrates the
basic idea of the proposed approach. Different from most existing binary
codes learning methods which usually seek a single linear projection to map
each sample into a binary vector [2, 5, 6], we develop a deep neural network
to seek multiple hierarchical non-linear transformations to learn these binary codes. For a given sample xn , we obtain a binary vector bn by passing
it to a network which contains multiple stacked layers of nonlinear transformations. Assume we have M + 1 layers, the output for the mth layer is:
m m−1 + cm ) where Wm and cm is the projection matrix and bias
hm
n = s(W hn
vector, to be learned at the mth layer of the network respectively, and s(·) is
a non-linear activation function. We perform hashing for the output hM at
the top layer of the network to obtain binary codes as follows bn = sgn(hM
n )
which is parameterized by {Wm , cm }M
m=1 . Our model is learned under three
constraints at the top layer of the deep network. By using the matrix representation of the binary codes vectors and the output of the mth layer of
the network, we formulate the following optimization problem to learn the
parameters of our network:
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Figure 1: The basic idea of our proposed approach for compact binary codes
learning. Given a gallery image set, we develop a deep neural network and
learn the parameters of the network by using three criterions for the codes
obtained at the top layer of the network: 1) minimizing loss between the
original real-valued feature and the learned binary vector; 2) binary codes
distribute evenly on each bit, and 3) each bit is as independent as possible.
The parameters of the networks are updated by back-propagation based on
the optimization objective function at the top layer.
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NS and ND are the number of neighbor and non-neighbor pairs, {Hm
s1 , Hs2 }m=1
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are the hidden representation of sample pairs in S and {Hd1 , Hd2 }m=1 in D.
The objective of J2 is to minimize the intra-class variations and maximize
the inter-class variations, α is the parameter to balance these two parts in this
term. The aims of J1 , J3 , and J4 are the same as those of the DH method.
Learning parameters {Wm , cm }M
m=1 by solving the optimization problems through spectral relaxation and stochastic gradient descent is described
in our paper. Experimental results on three widely used datasets showed the
effectiveness of the proposed methods.

The first term J1 aims to minimize the quantization loss between the learned
binary vectors and the original real-valued vectors. The second term J2 aims
to maximize the variance of learned binary vectors to ensure balanced bits.
The third term J3 enforces a relaxed orthogonality constraint on those projection matrices so that the independence of each transform is maximized.
The last term J4 are regularizers to control the scales of the parameters. λ1 ,
λ2 , and λ3 are three parameters to balance the effect of different terms.
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