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ABSTRACT

Learning based hashing has become increasingly popular
because of its high efficiency in handling the large scale image
retrieval. Preserving the pairwise similarities of data points in
the Hamming space is critical in state-of-the-art hashing tech-
niques. However, most previous methods ignore to capture
the local geometric structure residing on original data, which
is essential for similarity search. In this paper, we propose
a novel hashing framework, which simultaneously optimizes
similarity preserving hash codes and reconstructs the locally
linear structures of data in the Hamming space. In specific,
we learn two hash functions such that the resulting two sets
of binary codes can well preserve the pairwise similarity and
sparse neighborhood in the original feature space. By taking
advantage of the flexibility of asymmetric hash functions,
we devise an efficient alternating algorithm to optimize the
hash coding function and high-quality binary codes jointly.
We evaluate the proposed method on several large-scale
image datasets, and the results demonstrate it significantly
outperforms recent state-of-the-art hashing methods on large-
scale image retrieval problems.

Index Terms— binary code, asymmetric hashing, pair-
wise affinity, sparse representation

1. INTRODUCTION

Hashing has become a popular and efficient technique
for efficient large-scale image and video retrieval recently
[1][2][3][4][5][6][7][8][9]. Hashing methods aim to map
the original high-dimensional feature to compact binary code
and preserve the semantic structure of the original feature in
the Hamming space simultaneously. It turns out that using
compact binary codes is much more efficient due to the em-
ployment of extremely fast Hamming distance computation.
Hashing can be potentially used in recommendation systems
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[10], image classification [11][12], sketch based retrieval
[13], action recognition [14], etc.

A common problem of hashing is to generate similarity-
preserving hash functions, which encode similar inputs into
nearby binary codes. Recently proposed hashing algorithms
are focused on learning compact codes from data, a.k.a.
learning to hash, which can be roughly grouped into two
main categories: unsupervised and supervised hashing. Rep-
resentative unsupervised hashing methods include Spectral
Hashing (SH) [1], Iterative Quantization (ITQ) [15], Induc-
tive Manifold Hashing (IMH) [16][17], etc. Supervised
methods try to learn hash code by leveraging the supervised
semantic information from data. Many famous methods fall
in this category, such as Binary Reconstructive Embedding
(BRE)[18], Kernel-Based Supervised Hashing (KSH) [19]
and Supervised Discrete Hashing (SDH) [11] .

The appealing property of similarity-preserving hashing
methods is to minimize the gap between the similarities given
in the original space and in the hash coding space. In
the hashing literature, pairwise similarity is widely adopt-
ed to make the distances of similarity pairs in the input
and Hamming space as consistent as possible. However,
most previous hashing approaches fail to explore the local
neighborhood structure from data, which is essential for the
similarity search. It is shown that data points in the high-
dimensional feature space may lie on a low-dimensional
manifold, where each point can be represented by a linear
combination of its neighbors on the same manifold [16]. The
linear representation is usually sparse and can well capture
the local geometric structure of manifolds, which contains
valuable information for nearest neighbor search.

Inspired by that, in this work, we aim to learn binary
codes not only preserving the pairwise similarities as well as
capturing the underlying neighborhood structure of local data,
where the core idea is to construct asymmetric hash func-
tions that simultaneously preserve pairwise affinity and the
local neighborhood structure while mapping to the Hamming
space. To achieve this, we optimize the asymmetric binary
code inner product to minimize the Hamming distance on
similar pairs and maximize on dissimilar pairs. Meanwhile,
by analyzing the sparse representation of original feature
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space, we show how to capture the local linearity of manifold
and preserve the learned linear structure in low-dimensional
Hamming space. Our main contributions include:

• We address the importance of preserving the pairwise
similarity and local geometric structure of data in the
Hamming space. To this end, we propose a nov-
el asymmetric sparse hashing (ASH) framework that
jointly optimizes the Hamming affinity and encodes the
geometric structure into binary codes.

• To generate better binary codes, we impose the orthog-
onality constraint on the projection vectors. To solve
the associated binary optimization problem, we adopt
an efficient algorithm, which alternatingly optimizes
over binary codes and hash functions in an iterative
way.

• We extensive evaluate the proposed ASH approach on
the image retrieval tasks and the experiments show that
our binary coding method significantly outperforms the
state-of-the-art on several large-scale datasets.

2. THE PROPOSED APPROACH

In this section, we first briefly review the asymmetric hash
function algorithm and then describe the detailed formulation
of the proposed approach. An efficient alternating algorithm
is introduced to solve the resulting problem.

2.1. Asymmetric Binary Code Learning

Inspired by the recent work [20], we dedicated to learning
asymmetric hash function by dealing with Maximum Inner
Product Search (MIPS) problem instead of ANN in this paper.
Solving the MIPS problem has a critical practical impact.
Finding hashing based algorithms for MIPS was considered
hard. To solve this challenge, [21] shows that it is possible to
relax the current LSH framework to allow asymmetric hash
functions which can efficiently solve MIPS. Compared to the
LSH which has a single hash function, [21] defines two hash
functions h(·), z(·) to compute the inner product of the query
and database point:

p = argmax
a∈S

h(x)
T
z(a) (1)

where h(·), z(·) is the hash functions for the input query
vector and data. ALSH is shown to be efficient to solve the
MIPS problem both theoretically and empirically.

Motivated by ALSH, the asymmetric-inner product binary
coding (AIBC) work [20] advocates the asymmetric form
of hash function, which is learned from data rather than
generated randomly. In [20], the Hamming affinity by the
code inner product is optimized to match the ground truth data
inner products as following:

min
∥∥∥h(X)

T
z(A)− S

∥∥∥2 (2)

where X and A denotes two sets of data points, S is the
similarity matrix between A and X and ‖·‖ is the Frobenius
norm. AIBC has been shown to achieve promising results for
the MIPS problem. As aforementioned, however, AIBC fails
to preserve the local neighborhood structure of data in the
Hamming space, which is suboptimal for similarity search.
Also, the involved optimization problem in AIBC differs from
the one presented in this work, which further explores the
orthogonality of hash functions and sparsity preservation.

2.2. Asymmetric sparse hashing

Let us first introduce some notations. Suppose we have two
sets of points: X = [x1, x2 · · ·xm] and A = [a1, a2 · · · an],
where xi ∈ Rd×1, aj ∈ Rd×1. Let denote by ℵE(x)
the set of neighborhood samples of x in dataset A. Let xi
be the input sample and A the dictionary, and we assume
xi can be represented as a sparse linear combination of the
dictionary samples in ℵE(x) ⊂ A. That is, to relate xi
with its neighbors, we choose to solve the following objective
to obtain its linear representation coefficients in terms of A,
which contain the geometric structure information around xi:

min
ci

1

2
‖xi −Aci‖22 + λ‖ci‖1 (3)

s.t. ci,j = 0 if aj /∈ ℵE(xi)

where ci = [ci,1, · · · , ci,n]> is the coefficient vector for
sample xi. We use the neighborhood constraint to favor the
locally sparse representation, therefore xi can be represented
as a sparse linear combination of its neighbors. Problem (3)
can be solved with various efficient sparse coding algorithms,
where we apply the Homotopy algorithm [22] to solve this
`1-regularized regression problem.

Let C = [c1, c2, · · · , cm] ∈ Rn×m be the sparse matrix
composed of the sparse representation of the dataset X, which
encodes the local neighbor structure between X and A. We
would like to preserve this in Hamming space while learning
binary codes. We denoteB = h (X),B = [b1, b2, · · · , bm] ∈
{1,−1}r×m is the binary code matrix of dataset X; Z =
z (A) , Z = [z1, z2, · · · , zn] ∈ {1,−1}r×n is the binary
code matrix of dataset A. We have the following optimization
problem:

min
bi,zj

∑
i

∥∥∥∥∥∥bi −
∑
j

cijzj

∥∥∥∥∥∥ =
∑
‖h(xi)− C.iz(A)‖22

= ‖h(X)− Cz(A)‖2. (4)

which C.i is the i-th column of matrix C. Minimizing the
above objective function can well preserve the locally linear
structure in the Hamming space. The local linear hashing
(LLH) work [23] also studies a similar problem as (4) for
hashing. However LLH is different from our work by the fol-
lowing aspects: 1) we are focusing on the asymmetric hashing



for MIPS problem while LLH is designed with a symmetric
setting; 2) our model learns orthogonal hash functions while
LLH does not; 3) we optimize binary codes in a discrete way,
while a relaxed problem (minimizing quantization loss with
ITQ) is adopted.

By incorporating the pairwise similarity and local neigh-
borhood structure preservation into the asymmetric binary
coding framework, we get the following optimization prob-
lem:

min
h,z

∥∥∥h(X)
T
z(A)− S

∥∥∥2 + ‖h(X)− Cz(A)‖22. (5)

In addition, we consider to minimize the quantization
loss for binary embedding in our objective function. Let
B = h(X) = sgn(WTX), Z = z(A) = sgn(RTA),
where W,R ∈ Rd×r. The final optimization problem can
be rewritten as

min
B,W,Z,R

∥∥BTZ − S
∥∥2 + ‖B − CZ‖2 (6)

+ λ
∥∥B −WTX

∥∥2 + β
∥∥Z −RTA

∥∥2
s.t. B ∈ {−1, 1}r×m, Z ∈ {−1, 1}r×n, (7)

WTW = I,RTR = I

The projection matrixW andR are considered to be orthogo-
nal in this work. The reason for the orthogonal transformation
is that it can preserve the Euclidean distance between points,
distribute the variance more evenly across the dimensions
and finally generate maximally uncorrelated compact binary
codes [1].

2.3. Optimization

Apparently, the above joint optimization problem (6) is non-
convex, non-smooth and generally an NP-hard problem due
to the binary constraint bi ∈ {−1 + 1}r. To find a
feasible solution, we solve the original problem by iteratively
optimizing its two sub-problems. In other words, we solve
this problem in an alternating way: updating one variable with
others fixed.

By taking advantage of the flexibility of the asymmetric
hash function, we adopt to solve W and R in an alternative
way. In practice, we chose to solve W and B while fixing Z
and R first. We initialize R by PCA projection, and then Z
can be initialize byZ = sgn(RTA). The two alternating steps
are described in detail below: Equation (6) can be reduced to
the following optimization problem w.r.t. B and W :

min
B,W

∥∥BTZ − S
∥∥2 + ‖B − CZ‖2 + λ

∥∥B −WTX
∥∥2

(8)

s.t. B ∈ {−1, 1}r×m,WTW = I. (9)

(i) Fix B and update W . With B fixed, the first term is
ignored in this sub-problem, so the problem can be shown as

equivalent to:

min
W

‖B −WX‖2 (10)

s.t. WTW = I.

Problem (10) is known as the orthogonal procrustes problem,
and is recently widely involved in learning orthogonal pro-
jections. This procrustes problem can be solved as follows:
firstly, we take the SVD of the matrix XBT as XBT =
UΣV T , then let Ur be the first r singular vectors of U and
finally get W = UrV

T .

(ii) Fix W and update B. We have the following sub-
problem:

min
B

∥∥BTZ − S
∥∥2 + ‖B − CZ‖2 + λ

∥∥B −WTX
∥∥2
(11)

s.t. B ∈ {−1, 1}r×m.

This problem is hard to solve because of the binary
constraint in matrix B. A natural idea to solve this problem is
to relax the binary constraint to find a continuous embedding
and then binarize it. But this approximate solution may
cause large quantization error and consequently result in
sub-optimal performance. This is especially the case when
learning long hash codes. Following [11], we adopt the
discrete cyclic coordinate descent method to solve this sub-
problem.

We expand (11) and rewrite it as:

min
B

∥∥BTZ
∥∥2 − 2Tr(BTQ) (12)

s.t. B ∈ {−1, 1}r×m,

where Q = ZST + CZ + λWTX . According to [11], we
choose to learn one row of B in each iteration while other
rows fixed. Let b be the lth row of B, B̃ be the rest of B
omitting the b; let z be the lth row of Z, Z̃ be the rest of Z
omitting the z; let q be the lth row of Q, Q̃ be the rest of
the Q omitting the q. Thus the original optimization problem
reduces to:

min
b

(zT B̃T Z̃ − qT )b (13)

s.t. b ∈ {−1, 1}r .

Finally, we have the solution:

b = sgn(q − Z̃T B̃z). (14)

Fix B, W and update Z, R. In the same way, with B and
W fixed, (6) can be written as

min
Z,R

∥∥BTZ − S
∥∥2 + ‖B − CZ‖2 + β

∥∥Z −RTA
∥∥2

(15)

s.t. Z ∈ {−1, 1}r×n, RTR = I. (16)



Table 1. Results in terms of mean average precision (MAP) and mean precision of the top 500 retrieved neighbors
(Precision@500) of the compared methods with 32, 64, 96 and 128 bits on the CIFAR-10 dataset .

Method MAP Precision@500
32-bit 64-bit 96-bit 128-bit 32-bit 64-bit 96-bit 128-bit

LSH 0.1209 0.1261 0.1279 0.1371 0.1504 0.1678 0.1800 0.1914
AGH 0.1581 0.1500 0.1442 0.1411 0.2930 0.2955 0.3066 0.3072
SH 0.1252 0.1254 0.1250 0.1249 0.1873 0.1880 0.1892 0.1912

PCA-ITQ 0.1490 0.1447 0.1479 0.1520 0.2154 0.2040 0.2167 0.2222
AIBC 0.1724 0.1925 0.1937 0.2051 0.2581 0.2626 0.2754 0.2841

ASH-NO 0.1705 0.1943 0.1987 0.1967 0.2486 0.2754 0.2741 0.2788
ASH 0.2143 0.2133 0.2157 0.2175 0.2986 0.3039 0.3100 0.3102
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Fig. 1. (Top) Precision@2000 retrieved samples and (Bot-
tom) precision-recall curves on CIFAR-10 for 32 and 128 bits
respectively.

We can obtain the orthogonal projection R and the binary
code matrix Z in the similar way as solving (8). We
iteratively solve (8) and (15) and the algorithm converges
after several iterations. The proposed Asymmetric Sparse
Hashing algorithm is summarized in Algorithm 1.

Algorithm 1 Asymmetric Sparse Hashing (ASH)
Input: Training data X and A ; similarity matrix S; binary code

length L; parameters λ and β.
Output: hash function h(x) and z(a)

1: for i = 1; k ≤ n; i++ do
2: Compute Ci according to (3);
3: end for
4: Initialize R by PCA projection;
5: Initialize Z by Z = sgn(RTA);
6: repeat
7: update B and W by solving (8);
8: update Z and R solving (15);
9: until converge or reach maximum iterations

3. EXPERIMENTS

In this section, we extensively evaluate the proposed method
with comparison to several state-of-the-art algorithms on the
image retrieval task. We test our method on three image
datasets:CIFAR-10, SUN397 and ImageNet. Since the pro-
posed asymmetric sparse hashing (ASH) is unsupervised,
we take into comparison several state-of-the-art unsupervised
algorithms, including LSH [24], AGH [25], ITQ [15], SH [1]
and AIBC [20]. For AGH, we use k-means to generate 1,000
cluster centers for anchor. We use the available codes and sug-
gested parameters in the original papers of these approaches.
Despite the original algorithm of ASH, we also evaluate ASH
without orthogonality constraint (denoted by ASH-NO). For
our methods, we set the data matrix X as the whole training
data and generate A by the 10,000 randomly selected points
from training set; we set the maximum iteration number as
10 for all the experiments; we empirically set the parameters
λ = 100 and β = 100; the similarity matrix is defined as
follows. First, we compute the Euclidean distance between
each point in X and its kth nearest neighbor, and then set the
threshold as the average distance to round S to be 1 or 0. Then
the semantic neighbors are decided if the euclidean distance
is less than the threshold. We set k as 500 for SUN397 and
CIFAR-10 and 1000 for ImageNet.

We use the following evaluation metric to measure the
performance: hashing ranking performance means average
precision (MAP) , mean precision of the top 500 retrieved
samples (Precision@500) and hashing lookup precision of
Hamming distance 2 (HD2 Precision). We also show the
precision of top 2000 and precision-recall curves of three
datasets.
Result on CIFAR-10. The CIFAR-101 is a labeled subset
of 80-million tiny images collection which consists of 60000
32×32 color images in 10 classes. The comparative results
on CIFAR-10 are reported in Table 1. As can be seen,
our ASH achieves superior result with all code lengths in
MAP, precision@500 on this dataset to all other methods.
ASH consistently performs better than AIBC though the

1http://www.cs.toronto.edu/kriz/cifar.html



Table 2. Results in terms of mean average precision (MAP) and mean precision of the top 500 retrieved neighbors
(Precision@500) of the compared methods for 32, 64, 96 and 128 bit respectively on the SUN397 .

Method MAP Precision@500
32-bit 64-bit 96-bit 128-bit 32-bit 64-bit 96-bit 128-bit

LSH 0.0572 0.0940 0.1280 0.1486 0.0883 0.1432 0.1842 0.2086
AGH 0.3149 0.2919 0.2600 0.2372 0.3699 0.3620 0.3410 0.3620
SH 0.2048 0.2082 0.2000 0.1926 0.2687 0.2779 0.2733 0.2674

PCA-ITQ 0.2781 0.3073 0.3164 0.3183 0.3231 0.3546 0.3643 0.3660
AIBC 0.3601 0.3987 0.4178 0.4207 0.4098 0.4465 0.4593 0.4575

ASH-NO 0.3617 0.3680 0.3929 0.3954 0.3917 0.3968 0.4238 0.4238
ASH 0.4466 0.4849 0.4961 0.5013 0.4782 0.5081 0.5162 0.5193
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Fig. 2. (Top) Precision@2000 retrieved samples and (Bot-
tom) precision-recall curves on SUN397 with 32 and 128 bits
respectively.

advantage becomes smaller as the code size increases. We can
clearly see that ASH outperforms ASH-NO in all situations,
which demonstrates the advantage of the unrelated binary
codes for retrieval. Among the compared methods, the data-
independent LSH improves the performance as the code size
increases, and it even surpasses the data-dependent method
SH at long code size. This behavior may due to the theoretic
convergence guarantee of LSH with the long hash codes. For
precision@500, our method ASH has a small but consistent
advantage over AIBC. The precision curves with top 2000
returned samples and precision-recall curves are reported in
Figurer 1. The results with 32 and 128 bits confirm the
performance gains of ASH in Table 1.
Result on SUN397. This dataset [26] contains 397 classes
about 108K images. Each image is represented by a 1600-
dimensional feature vector. Table 2 shows the results on
SUN397 dataset. Consistent with the results on CIFAR-10,
our method ASH clearly outperforms the compared methods
in terms of both MAP and precision@500. For instance, with
128 bits, ASH obtains 50.13% MAP which are higher than
the second best result (by AIBC) by 8.06%. The MAPs of
AGH and KSH suffer from performance deterioration with
the increasing code lengths. Among other methods, AIBC
achieves best results, which implies that directly learning

Number of retrieved samples
0 500 1000 1500 2000

P
re

ci
si

on

0.1

0.2

0.3

0.4

0.5

0.6

0.7
ASH
ASH-NO
AIBC
SH
PCA-ITQ
AGH
LSH

(a) 32 bit
Number of retrieved samples

0 500 1000 1500 2000

P
re

ci
si

on

0

0.2

0.4

0.6

0.8

(b) 128 bit

Recall0

P
re

ci
si

on

0

0.2

0.4

0.6

0.8
ASH
ASH-NO
AIBC
SH
PCA-ITQ
AGH
LSH

(c) 32 bits

Recall0

P
re

ci
si

on

0

0.2

0.4

0.6

0.8

(d) 128 bits
Fig. 3. (Top) Precision@2000 retrieved samples and (Bot-
tom) precision-recall curves on ImageNet with 32 and 128
bits respectively.

the binary codes without relaxations is preferable than the
continuous solution to achieve approximate binary solution.
Fig. 2 (top) shows the comparison in terms of precision of top
2000 samples, where we can see that ASH ranks first with
32 and 128 bits. Fig. 2 (bottom) represents the precision-
recall curves for our method and compared methods, which
corresponds to the trend in Table 2.

Result on ImageNet. As a subset of ImageNet [27], the
large dataset ILSVRC 2012 contains over 1.2 million image
of totally 1,000 categories. We use the provided training
dataset as the retrieval dataset and 50,000 from the training
set as the query set. We use the 4096-dimensional features
extracted by the convolution neural networks (CNN) model.
Table 3 compares all the methods in MAP and precision@500
on the ImageNet dataset. For MAP, we can see that both ASH
and AGH achieve outstanding performance on this dataset.
However, AGH suffers from performance deterioration at
high code length. For instance, when code length is 128
bits, our method achieves 54.37% and is higher than AGH
45.65% by 8.72%. Similar results are observed in terms
of precision@500. These results demonstrate the ability
of ASH in preserving pairwise affinity and capturing local
neighborhood structure.



Table 3. Results in terms of mean average precision (MAP) and mean precision of the top 500 retrieved neighbors
(Precision@500) of the compared methods for 32, 64, 96 and 128 bit respectively on the ImageNet dataset.

Method MAP Precision@500
32-bit 64-bit 96-bit 128-bit 32-bit 64-bit 96-bit 128-bit

LSH 0.0592 0.1136 0.1555 0.1903 0.1209 0.2183 0.2835 0.3326
AGH 0.3873 0.4547 0.4999 0.4565 0.4653 0.5430 0.6216 0.6155
SH 0.2418 0.3066 0.3243 0.3310 0.3642 0.4513 0.4813 0.4956

PCA-ITQ 0.3014 0.3842 0.4234 0.4416 0.4115 0.5052 0.5479 0.5679
AIBC 0.3067 0.3575 0.3275 0.3607 0.3932 0.4270 0.4008 0.4402

ASH-NO 0.2978 0.3679 0.4509 0.4981 0.3847 0.4378 0.4509 0.5518
ASH 0.3748 0.4874 0.5011 0.5437 0.4637 0.5920 0.6344 0.6526

Table 4. Results in terms of Hamming distance 2 Precision of the compared methods on the CIFAR-10, SUN397 and ImageNet
dataset at 32 bit.

Method LSH AGH SH PCA-ITQ AIBC ASH-NO ASH
CIFAR-10 0.1650 0.2160 0.2262 0.1632 0.1452 0.1624 0.2350
SUN397 0.0437 0.4852 0.2472 0.3813 0.4448 0.4055 0.5177
ImageNet 0.0666 0.5015 0.4029 0.4425 0.1827 0.5447 0.4814

4. CONCLUSION
In this paper, we presented a novel method for learning
asymmetric hash functions, which was capable of preserving
pairwise affinity and local structure in Hamming space jointly.
An efficient algorithm was designed to optimize the model
in alternating manners and finally we obtained high-quality
binary code and hash function. Our experiments on large
scale image datasets demonstrated the superiority of our
method over state-of-the-art methods.
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