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Abstract—Image search can be viewed as a problem of large-scale Approximate Nearest Neighbor (ANN) search in image feature
space. Hash ranking methods have been widely used for ANN search because of their two benefits: less memory usage and high
search efficiency. Generally, the hash ranking methods face two problems: binary encoding and binary code ranking. This paper
focuses on the latter. In existing work, the ranking of binary hash codes is usually implemented based on Hamming distance or
asymmetric distance. Hamming distance easily leads to confusing ranking when different candidate points share the same Hamming
distance to the query point. Therefore, recent work prefers the asymmetric distance to Hamming distance. When computing
asymmetric distance, it is necessary to give reasonable query-independent values. These values are usually approximated by average
values of sample candidate points in existing methods. However, when the distribution of candidate points is not uniform, average
values are meaningless, leading to wrong ranking results. To address this problem, we propose two kinds of weighted asymmetric
distance algorithms, namely, the otsu threshold based algorithm (WoRank) and the score calculation based algorithm (WsRank) in this
paper. The processes of these two proposed algorithms are similar, consisting of two steps. In the first step, we compute the
query-independent values on each bit in accordance with corresponding distribution of candidate points to reduce the approximation
error. In the second step, we compute bitwise weights in consideration of each bit’s discriminative power to further improve the retrieval
accuracy. The differences between WoRank and WsRank are the computation methods of query-independent values and bitwise
weights. To evaluate the proposed algorithms, we conduct a large number of experiments on four well-known datasets, namely, SIFT,
CIFAR-10, MNIST and NUS-WIDE. The results show that the proposed algorithms can achieve up to 22% performance gains over
Hamming distance based ranking and 13% over the existing asymmetric distance based ranking. We also find WoRank is suitable for
feature dataset (SIFT), while WsRank is suitable for image datasets.

Index Terms—Approximate nearest neighbor search, Asymmetric distance, Query-independent value, Bitwise weight.
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1 INTRODUCTION

Nearest neighbor search is to find the closest point in
a candidate point set when given a query point. It is a
fundamental problem in a variety of computer vision ap-
plications such as image search [12], [17], [25], [32], object
recognition [3], [30], [33], and object retrieval [29], [37].
Because it is usually prohibitively expensive to find the
exact nearest neighbor in a large-scale candidate point set,
Approximate Nearest Neighbor(ANN) search is explored to
obtain better efficiency by sacrificing some accuracy [1], [10],
[16], [38]. To realize ANN search, the hash ranking methods
are more promising because of the following two benefits
[5], [7], [8], [9], [19], [22], [34], [35], [36]. First, the query
point and the candidate points are mapped into shorter
and compact binary codes, thereby reducing the memory
usage. Second, the Euclidean distances between the query
point and the candidate points is approximated by the
Hamming distances between their binary codes to reduce
the complexity of calculation.

The hash ranking methods usually face two key is-
sues: similarity-preserving binary encoding and binary code
ranking. This paper focuses on the second one. In existing
work, binary code ranking is usually implemented based on
Hamming distance or asymmetric distance. When adopting
Hamming distance, many candidate points with different
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binary codes may share the same Hamming distance to
the query point, leading to confusing ranking. A simple
example has been given in [39] to show this drawback.

The asymmetric distance is proposed to overcome the
above drawback by only encoding the candidate points but
not the query point [6]. For each hash bit of encoded can-
didate points, two query-independent values are computed
for ’0’ and ’1’, respectively. Then, the asymmetric distance
between the query point and each candidate point is to
compute the distance between the vector of query point
and the vector consisting of query-independent values cor-
responding to the candidate point. For example, as shown in
Fig.1, the red triangle is the query point denoted by (x′.y′)
while all dots are candidate points. The candidate points
encoded to different binary codes are labeled with different
colors. x0, x1, y0 and y1 are query-independent values
corresponding to two dimensions of candidate points. The
asymmetric distance between the query point and each
candidate point encoded to ’01’ (points with orange color)
is: |x′ − x0| + |y′ − y1|, while the asymmetric distance
between the query point and each candidate point encoded
to ’10’ (points with pink color) is: |x′ − x1| + |y′ − y0|. We
can see that the former asymmetric distance equals to the
total length of two yellow lines, while the latter asymmetric
distance equals to the total length of two deep red lines.
Since the latter is smaller than the former, the candidate
points encoded to ’10’ are closer to the query. However, it is
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Fig. 1: A toy example of the asymmetric distance algorithm
which fails to generate the right hash code ranking.

easy to see that the candidate points encoded to ’01’ should
be more closer, because there are many points with orange
color but few points with pink color in the blue dotted circle.

From the above example,we can see that the results of
asymmetric distance based ranking are subject to the query-
independent values. In the existing work [6], the query-
independent values are approximated by average values
computed based on each dimension of sample candidate
points. However, average values are not good enough to
represent all candidate points with nonuniform distribu-
tion, just like the example shown in Fig.1. To address this
problem, we propose two weighted asymmetric distance
algorithms for different data characteristics. One is the otsu
threshold based algorithm named WoRank, which is suit-
able for the feature dataset with irregular distribution (i.e.
SIFT 10K and SIFT 1M, which are public benchmark datasets
for the hash ranking based methods). The other is the
score calculation based algorithm named WsRank, which
is suitable for the image dataset (i.e. CIFAR-10, MNIST and
NUS-WIDE, which are public benchmark datasets for image
search).

The main contributions are summarized as follows:

1) To solve the problem that symmetric distance based
ranking is not suitable for the candidate points
without uniform distribution, we propose weight-
ed asymmetric distance based ranking which has
following two advantages. Firstly, more reasonable
query-independent values are computed for candi-
date points to reduce the impact of irregular data
distribution. Secondly, bitwise weights are comput-
ed in consideration of the discriminative power of
each bit to further improve the retrieval accuracy.

2) For datasets with different characteristics, we
present two weighted asymmetric distance algo-
rithms, namely, the otsu threshold based algorithm
(WoRank) and the score calculation based algorithm
(WsRank). The differences between WoRank and
WsRank are the computation methods of query-
independent values and bitwise weights. WoRank is

suitable for feature dataset while WsRank is suitable
for image dataset.

3) To evaluate the proposed algorithms, we conduct
extensive experiments on four public benchmark
datasets: SIFT, CIFAR-10, MNIST and NUS-WIDE,
where SIFT is a feature dataset while other three are
image datasets. The experimental results show that
the WoRank and WsRank both outperform the ham-
ming distance based ranking and the asymmetric
distance based ranking, with accuracy gains ranging
from 13% to 22%. Moreover, the experimental result-
s also show that the WsRank achieves better perfor-
mance compared with WoRank for image search.

The rest of this paper is organized as follows: we first
give an overview of related work in Section 2. Then, we
describe the two proposed weighted asymmetric ranking
algorithms: WoRank and WsRank in Section 3. Thirdly,
we conduct a large number of experiments on four public
benchmark datasets in Section 4. Finally, we conclude this
paper and discuss future work in Section 5.

2 RELATED WORK

Nearest neighbor search is a fundamental problem in a va-
riety of computer vision applications, such as image search,
object recognition. Since it is almost impossible to traverse
all candidate points in the database to find nearest neighbor,
Approximate Nearest Neighbor (ANN) search methods are
proposed. Traditional methods of ANN search are usually
based on tree structure, such as K-D tree [2], [14], [31]. How-
ever, with the explosive growth of data, the performances
of these methods are far from satisfactory, sometimes even
lower than linear scan. To address this issue, hash ranking
methods have been widely used for ANN search because
of their two benefits: less memory usage and high search
efficiency. We divide existing hash ranking methods into
two main streams: the threshold-based hashing methods
and the cluster-based hashing methods.

In threshold-based hashing methods, each point is
mapped to a k-dimensional binary vector by k different
hash functions and k thresholds. Locality Sensitive Hash-
ing(LSH) [9] is a representative threshold-based method,
adopting data-independent hash function. However, the
data-independent hash usually generates long hash codes,
thereby increasing memory costs and degrading query ef-
ficiency. Accordingly, data-dependent hash is proposed to
learn parameters for hash functions based on the training
data. For example, Spectral Hashing(SH) [35] is proposed
to use a subset of 1-D Laplacians eigenvectors as thresholds
for hash, achieving higher accuracy and scalability. Iterative
Quantization(ITQ) [5] is proposed to learn hash codes by
minimizing the quantization error between the original s-
pace and the binary space. Anchor Graph Hashing(AGH)
[22] is proposed to learn appropriate compact codes by
automatically discovering the inherent neighborhood struc-
ture of data points. Semi-Supervised Hashing(SSH) [34] is
proposed to minimize empirical error of the labeled data
while maximizing the variance and the independence of
labeled and unlabeled data. Kernel-Based Supervised Hash-
ing(KSH) [21] is proposed to optimize the inner products of
hash codes for Hamming distances learning, with the goal
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of minimizing the distances between similar codes while
maximizing which between dissimilar codes.

In cluster-based hashing methods, the encoding process
is based on the clustering without thresholds. By a cluster-
ing method e.g., k-means method [26], the data points are
partitioned into k non-overlapping cells in which there is
a unique center for each cell. Then, the centers are assigned
different binary codes to maintain the similarity between the
original space and the embedded space. Finally, each point
is encoded to the same binary code of its cluster center. As a
typical example of cluster-based hashing methods, K-means
Hashing [7] can perform k-means clustering and binary
code learning simultaneously.

In the above hash ranking methods, Hamming distance
is used to compute the distances between binary codes
for ranking. However, Hamming distance easily leads to
confusing ranking when different candidate points share
the same Hamming distance to the query point. To solve
this problem, one way is to assign bit-level weights to
different hash bits, thereby distinguishing them. In [40],
a query-sensitive hash code ranking algorithm(QsRank) is
proposed, which defines a score function based on the target
neighborhood radius and the query raw feature to rank the
hash codes. In [39], a weighted Hamming distance ranking
algorithm(WhRank) is proposed, which assigns different
bit-level weights to hash codes in consideration of the nature
of different hash functions, thereby reranking hash codes
to get the final results. In [13], a query-adaptive hash code
ranking method(QRank) is proposed, which improves the
discriminative power of each hash function while promot-
ing the mutual complement of hash functions for nearest
neighbor search. In [15], a novel framework is proposed to
learn class-level weights based on the pre-defined semantic
concept classes, producing finer-grained ranking results.
Besides, the asymmetric distance algorithm is another way
to avoid the confusing ranking caused by Hamming dis-
tance [6]. When computing asymmetric distance, we only
encode the candidate points but not the query point, thereby
reducing the information loss in encoding. Compared with
Hamming distance which only represents the number of
different hash bits, the asymmetric distance represents more
accurate Euclidean distances between the query points and
the encoded candidate points.

From existing work, we can see that bit-level weight
based method and the asymmetric distance based method
both outperform Hamming distance based method for ANN
search. There is few work to consider the combination of
them. In this paper, we propose weight asymmetric ranking
algorithms to assign more effective bit-level weights to the
asymmetric distance, thereby taking full advantages of bit-
level weight and asymmetric distance.

3 RANKING HASH CODE WITH WEIGHTED ASYM-
METRIC DISTANCE

To combine the bit-level weight and the asymmetric dis-
tance, we propose weighted asymmetric ranking algorithm-
s. Fig.2 shows an architecture of image search with weight-
ed asymmetric ranking. Through feature extraction, the
query image and all images in the database are repre-
sented by high-dimensional feature vectors such as SIFT

[24] and GIST [27] descriptors. Then the feature vectors
of images in the database are encoded to binary codes by
an existing threshold-based hashing method, which will
be analysed in Section 3.1. The key point in the weighted
asymmetric ranking is a looking-up table that contains the
query-independent points for the final distance calculation.
We propose two different computation methods of query-
independent points, which will be discussed in sections 3.2
and 3.3, respectively. During the online search, the query
image is not encoded into binary code with thresholds.
We should learn the query-adaptive weights by using the
looking-up table and binary codes in the database that have
been already computed offline. Two calculation methods
of bit-level weights are also presented in sections 3.2 and
3.3, respectively. Meanwhile, a looking-up table for query-
adaptive weights is generated for computing distances be-
tween the query and encoded points in the database. Finally,
all images in the database are ranked based on the weighted
asymmetric distance.

TABLE 1: Descriptions of notations.

Notations Descriptions
xi ∈ Rm a database point in m dimensions

X ∈ Rn∗m a matrix of n database points
k code length

T ∈ Rm∗k a transform matrix
j = 1...k cyclic variable of hash bits
tj ∈ Rm j-th transform vector in m dimensions

yij j-th projection bit of the i-th data point
zj threshold on the j-th bit
Z a quantization function
Bij j-th hash bit of the i-th data point

B ∈ Rn∗k k-dimensional binary codes of n data points
σi standard deviation of the nearest neighbors distri-

bution on j-th bit
wj weight on j-th bit
qj j-th projection bit of the query point
x1
ij the set contains projection points that will be hashed

to 1 on the j-th bit
|x1

ij | the number of the projection points in the set |x1
ij |

x0
ij the set contains projection points that will be hashed

to 0 on the j-th bit
|x0

ij | the number of the projection points in the set |x0
ij |

a1
j query-independent point for 1 on the j-th bit

a0
j query-independent point for 0 on the j-th bit

s1j score of the query-independent point a1
j

s0j score of the query-independent point a0
j

Pr(a1
j/x

1
ij) probability that the points in x1

ij can be represented
by aj

1

Pr(a0
j/x

1
ij) probability that the points in x0

ij can be represented
by aj

0

r1j final query-independent point for 1 on the j-th bit
r0j final query-independent point for 0 on the j-th bit

Ut ∈ Rm anchor point in m dimensions
g(x) ∈ Rr r-dimensional anchor graph representation of data

point x
S ∈ Rn∗n Similarity between two data points in anchor graph

d1
j distance between the j-th projection bit of the query

point and r1j
d0
j distance between the j-th projection bit of the query

point and r0j
Dwa(q, xi) weighted distance between the query point q and

the database point xi

3.1 Theoretical Analysis of the threshold-based hash
methods
Let us introduce the notations in theoretical analysis firstly.
Table 1 shows the descriptions of all notations used in the
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Fig. 2: Overview of our image search architecture with Weighted Asymmetric Ranking algorithm.

Fig. 3: The left is an example that otsu threshold is better than average to represent the whole distribution(B is otsu
threshold, C is average); The right is an example that the distance between the query and threshold causes ambiguity for
binary code ranking.

following equations.
When input data points denoted by {x1, x2, . . . xn}, xi ∈

Rm, are given, the object of hash methods is to find a
transformation matrix T ∈ Rm×k, where k denotes the
code length. For j = 1 . . . k, the hash embedding function is
defined by

yij = xitj
Bij = Z(yij)

(1)

where tj ∈ Rm is one column of the matrix T , B ∈ Rn×k is
the resulted binary code matrix and

Z(yij) =

{
1, if yij � zj ;
0, otherwise.

(2)

in which zj , j = 1, ..., k is the threshold for the j-th bit. In
this way, we can formulate the whole encoding process as
B = Z(XT ).

From the formula (1), we can see that the original data
points in space Ω are first transformed into the intermediate
real-value space R with a transformation matrix T . Then
they are mapped to the binary space H with k thresholds as

shown in Fig.2. The difference among various hash methods
is the choice of transformation matrix T . However, it is
necessary to encode them into binary codes with thresholds
at the last step. This is why we call them as threshold-based
hashing methods. Our Weighted Asymmetric Ranking algo-
rithms are based on them.

3.2 Otsu-Based Weighted Asymmetric Ranking Algo-
rithm
Otsu [28] is a classical nonparametric and unsupervised
method to select an automatic threshold for gray picture
segmentation. However, it also applies to the problem of
representative point selection with asymmetric data distri-
bution, just like the various bit-level unknown distributions
in our WoRank algorithm. As illustrated in the left part of
Fig.3, we suppose that it is the distribution curve of the data
points on the positive vertical axis. It is obvious that most of
the points are distributed around A and only a few outliers
are distributed around D. If the mean value C is selected as
the query-independent value to represent the whole range
in [6], it is ambiguous and can lead to a wrong ranking
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r01 r02 r03 . . . r0k
r11 r12 r13 . . . r1k

TABLE 2: Query-independent points on each dimension

of the result. In our method, we choose otsu threshold B to
approximate the whole distribution and achieve better accu-
racy. For each dimension of the vectors in intermediate space
R, we compute two offline otsu thresholds corresponding to
hash codes ’0’ and ’1’, respectively. Then we get a database
table as shown in Tab.2, which contains 2k items.

Although the asymmetric distance can distinguish the
binary codes that share the same Hamming distance with
the query to some extent, it is still confusing to rank the hash
codes that share the same asymmetric distance to the query
with the increasing scale of database. Therefore, we learn
bit-level weights and incorporate them into asymmetric dis-
tance in terms of various bit-level distributions and different
queries. As for the data transformed to intermediate space
R by hash functions, we can hardly regard different bits
equally because the query-independent points are directly
decided by the nearest neighbors’ distributions on each
dimension. When we randomly select a point from the
intermediate space R as the query-independent point, if
its neighbors are mostly close to it, this query-independent
point is meaningful to represent this dimension. So our bit-
level weights should be monotonically non-increasing w.r.t.
standard deviations of the nearest neighbors’ distributions
on different bits.

ωj = f(σj) (3)

Meanwhile, we identify that bit-level weights are also in-
fluenced by different queries. As shown in the right part
of Fig.3, it is a diagram with only two dimensions. The
black horizontal line is the threshold in hash functions. The
four red triangles are the query-independent points in our
asymmetric distance algorithm, while the two pink dots
are two dimensions of the query in intermediate space R.
In this example, the query is encoded as ’00’, which has
the same Hamming distance with hash code ’01’ and ’10’.
But according to our asymmetric distance algorithm, the
addition of two segments’ lengths with mark ’b’ is smaller
than that with mark ’a’, so hash code ’01’ will be ranked
higher. Since the first dimension of the query is very close
to the threshold, it is more likely to lie on the upper side
of the threshold originally. However, it actually lies on the
position due to a random noise. Obviously, if the query is
encoded as ’10’, hash code ’10’ should be ranked higher than
’01’, so the asymmetric distance algorithm provides a wrong
ranking. As a result, bit-level weights are also a function of
queries. The equation(3) can be rewritten as:

ωj = f(σj , qj) (4)

Obviously, the smaller the distance between |qj − Tj |, the
smaller ωj . So bit-level weights should be monotonically
non-decreasing w.r.t. |qj −Tj |. In consideration of the above
two factors, in our WoRank algorithm, we simply set:

ωj = |qj − Tj |/σj (5)

3.3 Score-Based Weighted Asymmetric Ranking Algo-
rithm
The WsRank algorithm differs from WoRank algorithm in
two aspects. First, we propose a probability-based score
calculation method to evaluate the performance of the
query-independent points produced by [6] while adjusting
them according to the score. Second, we propose a different
method to learn bit-level weights in order to attain higher
accuracy.

Let us first introduce how to compute the score on
each hash bit. In [6], the authors compute the asymmet-
ric distance by using sample average values as query-
independent points to represent the whole distribution on
each bit. However, there is no criterion to estimate whether
the query-independent points are good or not. Accordingly,
we calculate score for each query-independent point based
on probability theory. Given a settled radius around each
query-independent point, the higher the probability of the
points fall in the radius is, the higher the representativeness
of the query-independent point is. Hence, we assign higher
scores to the query-independent points with higher repre-
sentativeness.

To calculate the scores for the query-independent points,
we first introduce some notations. Let x1

ij and x0
ij be the

points on the j-th bit to be hashed to 1 and 0, respectively.
Then the query-independent points in [6] can be calculated
as follows:

a1j =
1

|x1
ij |

∑
u∈x1

ij

yuj (6)

a0j =
1

|x0
ij |

∑
u∈x0

ij

yuj (7)

Where yij has been defined in formula (1). As illustrated
before, the scores of the query-independent points can be
computed:

s(j, 1) = Pr(a1j/x
1
ij) (8)

s(j, 0) = Pr(a0j/x
0
ij) (9)

To calculate Pr(a1j/x
1
ij), the distribution of x1

ij − a1j is
essential. Based on our discussion in Section 3.1, we assume
that the distribution v(x1

ij , a
1
j ) = x1

ij − a1j accords with the
density function pdfj(v). Then, we have:

Pr(a1j/x
1
ij) = Pr(|x1

ij − a1j | ≤ ε)

=
∫ ε
−ε pdfj(v)dv

(10)

The Gaussian distribution assumption for pdfj is used in
our experiments, because the hash methods in our exper-
iments are all Gauss-like distributions. Hence, pdfj(v) =
N(μj , σj), we have:

Pr(a1j/x
1
ij) =

1

2
[erf(

ε− μj

σj/
√
2
)− erf(

−ε− μj

σj/
√
2
)] (11)

where erf is the Gauss error function. The computation of
Pr(a0j/x

0
ij) is similar with Pr(a1j/x

1
ij).

We adjust the query-independent points according to the
scores to form the database table Tab.2.

r1j = s(j, 1) ∗ a1j (12)

r0j = s(j, 0) ∗ a0j (13)
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The intuition behind our method is: if Pr(a1j/x
1
ij) is

very large, the points x1
ij are mostly distributed around the

query-independent point a1j , the representativeness of a1j is
so strong that we needn’t adjust it much. Furthermore, if
Pr(a1j/x

1
ij) = 1, the query-independent point is invariant.

However, if Pr(a1j/x
1
ij) is small, there are few points x1

ij

around the query-independent point a1j , since the value of
s(j, 1) is between 0 and 1, after our adjustment, the value
of the query-independent point will be decreased. It means
that the contribution of the j-th bit is reduced because
the distance between |qj − a1j | and |qj − a0j | is minimized.
In the limiting case that Pr(a1j/x

1
ij) and Pr(a0j/x

0
ij) are

both zero, the j-th bit is ignored on account of the weak
representativeness of a1j and a0j .

In our WoRank algorithm, the distribution of the
database points and the distance between the query point
and the corresponding thresholds are both considered to
learn bit-level weights. In the WsRank algorithm, we pro-
pose a new bit-level weights calculation method by taking
the surroundings of the query point and the correlations
among hash functions into consideration [13] [23]. Since the
distribution around the query point is more convincing than
that around the database points, WsRank algorithm attains
higher accuracy than WoRank algorithm in general cases.
Now, let’s illustrate how to compute the bit-level weights in
WsRank algorithm.

Since the Euclidean distance can not strictly capture the
image’s global similarity [13], we use the data-dependent
similarity which is adaptive to different datasets to calculate
the bit-level weights in our WsRank algorithm. Each sample
is described by its anchor graph g(x) based on its local
neighbor relations to anchor points U = {ut ∈ Rm}rt=1,
which can be generated efficiently by clustering or sampling
[23]:

[g(x)]j =

⎧⎨
⎩

K(x,uj)∑
u′
j
∈NN(x) K(x,u′

j)
, if uj ∈ NN(x)

0, otherwise
(14)

where NN(x) is x’s nearest anchors in U according to the
predefined kernel function K(x, uj) [13]. Then we have the
similarity Si1,i2 between two points xi1 and xi2:

Si1,i2 =

{
exp(− ||g(xi1)−g(xi2)||2

σ2 ), xi2 ∈ NN(xi1)

0, otherwise
(15)

in which, σ is the largest distance between g(xi1) and g(xi2).
Then, we can define the bit-level weights using the spectral
embedding loss [23], [35], [40]:

ωj = exp

⎡
⎣γ ∑

p∈NN(q)

sp,qBj(q)Bj(p)

⎤
⎦ (16)

where B has been defined in formula (1), γ > 0 and∑
p∈NN(q) sp,q = 1.
Previous research has shown that the balance and inde-

pendence among hash functions are important to generate
compact binary codes [35]. So we try to minimize the mutual
information criterion among hash functions to further adjust
the bit-level weights in our WsRank algorithm [23]. Since it
is too expensive to evaluate the independence among hash

d01 d02 d03 . . . d0k
d11 d12 d13 . . . d1k

TABLE 3: Query-independent points on each dimension

functions, we compute the pair-wise correlations between
them based on the mutual information MI(yj1, yj2):

vj1,j2 = exp[−λ(yj1, yj2)] (17)

where λ > 0. Then we re-weight the bit-level weights by
using a positive variable πj :

ω∗
j = ωjπj (18)

which should maximize the independence between hash
functions. We formulate it as the following quadratic pro-
gramming problem which can be efficiently solved by exist-
ing techniques.

max
π

∑
j1,j2

ω∗
j1ω

∗
j2vj1,j2

s.t. 1Tπ = 1, π ≥ 0
(19)

3.4 Hash Code Ranking with the Weighted Asymmetric
Distance
After generating the database table(Tab.2) and the bit-level
weights, we form the query-adaptive table that contains 2k
items as shown in Tab.3:

d0j = |qj − r0j | (20)

d1j = |qj − r1j | (21)

Then, the database points can be ranked by the weighted
asymmetric distance:

Dwa(q, xi) =
k∑

j=1

ωj ∗ dBij

j (22)

where Dwa denotes the distance between the query point
q and the candidate point xi computed by our weighted
asymmetric algorithms.

4 EXPERIMENTS

In this section, we will evaluate our proposed algorithms
WoRank and WsRank with three general threshold-based
hashing methods: LSH, SH and ITQ. We adopt four public
datasets and three evaluation criteria as the benchmark in
our experiments, which are described in Section 4.1. The
Section 4.2 presents the details of parameter computation
in our experiments. Finally, Section 4.3 gives the analysis of
experimental results from various views.

4.1 Datasets and Evaluation Criteria
We conduct the experiments on four public datasets: SIFT,
CIFAR-10, MNIST and NUS-WIDE. In each dataset, three
kinds of sub-sets are given, namely, base set, training set and
query set. The base set is viewed as a database of candidate
points. The training set includes points for parameter learn-
ing. The query set includes the points which are used as
the query to find the nearest neighbors from the base set. In
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Fig. 4: Recall of Hamm, AsyE, AsyLB and WoRank on SIFT-10K with code length in the range of 32 to 256 bits.
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Fig. 5: Recall of Hamm, AsyE, AsyLB and WoRank on SIFT-1M-PART with code length in the range of 48 to 128 bits.
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Fig. 6: MAP-SIFT-10K
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Fig. 7: MAP-CIFAR-10
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Fig. 8: MAP-CIFAR-10

SIFT dataset, the base set, the training set and the query set
are provided in advance, which can be used in experiment
directly. In other three datasets, we need to build three sub-
sets by ourselves. The details of datasets and evaluation
criteria are illustrated as follows.

SIFT: The SIFT dataset is a public benchmark for the
evaluation of hash based ANN search, which is published
by Herv Jgou [11]1. We first use SIFT-10K as a lightweight
dataset to evaluate our algorithms. This dataset consists of a
base set of 10,000 vectors, a training set of 25,000 vectors
and a query set of 100 vectors. To further evaluate the
performance of our algorithms when increasing scale of
dataset, we build a new dataset named SIFT-1M-PART by
randomly selecting 100,000 and 50,000 vectors from the base
set and the training set in SIFT-1M as new base set and new
training set, respectively. The query sets in SIFT-1M-PART
and SIFT-1M are the same, consisting of 10,000 vectors.

CIFAR-10: The CIFAR-10 dataset [18] is a subset of
the Tiny Images dataset [30], which is usually used for
the evaluation of image search2. This dataset consists of
60,000 images with size of 32×32, which have been grouped
into 10 categories, namely, airplane, automobile, bird, cat,
deer, dog, frog, horse, ship and truck. All of the images
are labeled, without specific query set and base set. To

1. You can download from http://corpus-texmex.irisa.fr/.
2. You can download from http-

s://www.cs.toronto.edu/ kriz/cifar.html.

evaluate our algorithms, we randomly select 10,000 images
as the query set and 10,000 images as the training set, while
the remaining 40,000 images are used as the base set. We
extract 320-dimensional GIST descriptors [27] computed at
3 different scales(8,8,4) as the feature vectors. The ground-
truth labels are used to evaluate the performance of our
algorithm.

MNIST: The MNIST dataset is a subset of a larger set of
handwritten digits available from NIST [20]3. This dataset
consists of a training set of 60,000 images and a test set of
10,000 images. In experiments, in addition to being used for
parameter learning, the training set is also used as a base
set. The test set is used as a query set. All of the images are
represented by 784-dimensional signature vectors [13] and
marked with digital labels from 0 to 9.

NUS-WIDE: The NUS-WIDE dataset is a real-world
web image database from National University of Singa-
pore [4]4. It contains 269,648 images with a total number
of 5,018 unique tags, in which 161,789 images are used
for training while 107,859 images are used for testing. In
experiments, we use the 255-dimensional CM55(Block-Wise
Color Moments) feature vectors provided on their website
as the low-level features. Firstly, we use a light version
of NUS-WIDE dataset named NUS-SCENE to evaluate our

3. You can download from http://yann.lecun.com/exdb/mnist/.
4. You can download from http://lms.comp.nus.edu.sg/research/NUS-

WIDE.htm.
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Fig. 9: Precision of Hamm, AsyE, AsyLB and WsRank on MNIST with code length in the range of 32 to 128 bits.
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Fig. 10: Precision of Hamm, AsyE, AsyLB and WsRank on MNIST with code length in the range of 32 to 128 bits.
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Fig. 11: Precision of Hamm, AsyE, AsyLB and WoRank on MNIST with code length in the range of 32 to 96 bits.

algorithms. NUS-SCENE consisting of 34,926 images can be
downloaded from their website as well, half for training
and the rest for testing. We use the training images and the
testing images as the base set and the query set, respectively.
Moreover, we randomly select 5,000 images from the base
set as new training set for parameter learning. Then, to
further evaluate the performance of our algorithm on larger
dataset, we build a NUS-PART dataset by randomly select-
ing images from NUS-WIDE, in which 50,000 and 10,000
training images are selected as the base set and the training
set, respectively, while 10,000 testing images are selected
as the query set. In NUS-WIDE dataset, images are mostly
associated with more than one labels. One image is viewed
as a true nearest neighbor of the query as long as it contains
one same label with the query.

In our experiments, we use there evaluation criteria to
evaluate the performance of algorithms, namely, Recall, Pre-
cision and Mean Average Precision(MAP). These evaluation
criteria can be computed based on the following equations.

Recall =
Number of True Neighbors

Total Number of True Neighbors
(23)

Precision =
Number of True Neighbors

N
(24)

MAP =

∑
M Precision

M
(25)

where N and M are the numbers of points and true neigh-
bors in the rank list returned by algorithms, respectively.

4.2 Parameter Learning

To compute the proposed two kinds of weighted asymmet-
ric distances, some essential parameters need to be learned,
i.e., the otsu thresholds, the anchors and the standard devi-
ations. In WoRank we directly use the function ’graythresh’
provided in Matlab to compute the otsu thresholds, in which
two thresholds are computed as the new query-independent
points for each dimension of training data. In WsRank we
compute anchors by k-means clustering to build the anchor
graph for learning the bit-level weights. Followed the advice
of parameter setting in existing QsRank method [40], k is
500 for SIFT-10K, NUS-SCENE and NUS-PART while k is
300 for CIFAR-10 and MNIST. The standard deviations are
necessary in WoRank and WsRank. We randomly select a
set of sample vectors from the training set to compute the
standard deviations of the nearest neighbors’ distributions
on different bits.

4.3 Experimental results

In order to demonstrate the effectiveness of our algorithms,
we compare our algorithms with three baseline distance
calculation methods. One baseline is Hamming distance
denoted by ’Hamm’ which is the most common one used in
existing work. The other two baselines are the Expectation
based asymmetric distance and the Lower Bound based
asymmetric distance proposed in [6], which are denoted
by ’AsyE’ and ’AsyLB’, respectively. Recall, Precision and
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Fig. 12: Precision of Hamm, AsyE, AsyLB and WoRank on NUS-SCENE with code length in the range of 64 to 256 bits.
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Fig. 13: MAP-MNIST
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Fig. 14: MAP-MNIST
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Fig. 15: MAP-NUS-PART
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Fig. 16: MAP-NUS-SCENE
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Fig. 17: Precision of Hamm, AsyE, AsyLB, and WsRank on NUS-PART with code length in the range of 48 to 128 bits.

MAP of the final result lists are computed to compare our
algorithms and the baselines, in which the range of Recall
and Precision values is from 0 to 1, while the MAP is a
percentage score.

A. Results on SIFT. Fig.4 and Fig.5 show the Recall of SH
method with different ranking algorithms, in which code
length varies from 32 to 256 bits. The horizonal axis repre-
sents the number of points returned by retrieval methods,
which varies from 100 to 1000 for SIFT-10K while 1000 to
10000 for SIFT-1M-PART respectively. It is easy to find out
that asymmetric distance outperforms Hamming distance
obviously. When the length of binary code is longer(128
and 256 bits), we can achieve a better performance by the
WoRank, compared to other existing methods. Fig.6 shows
the MAP of SH method with different ranking algorithms
on SIFT-10K dataset. As shown in Fig.6, we can see that
the WoRank outperforms other three baseline distances with
longer code.

B. Results on CIFAR-10. Since each image is marked with
a label, we can easily find true neighbors of the query as the
ground truth. To calculate score in the WsRank algorithm,
we use the whole database set for training. Fig.7 and Fig.8
present the MAP of SH and ITQ methods with different
ranking algorithms on CIFAR dataset. We can see that the
WsRank algorithm can be used to achieve higher accuracy
from 16 hash bits to 256 hash bits.

C. Results on MNIST. Fig.9-Fig.11 show the Precision
of LSH, ITQ and SH methods with different ranking algo-

rithms on MNIST dataset. The results show that WoRank
and WsRank both outperforms other three baselines. Fig.13
and Fig.14 give the MAP of LSH and ITQ methods with
different ranking algorithms on MNIST dataset. It is easy to
see that we can obtain higher performance by the WsRank
algorithm.

D. Results on NUS-WIDE. In the experiments, we first
use NUS-SCENE to evaluate the performance of our al-
gorithms. Fig.12 shows the Precision of SH method with
different ranking algorithms, while hash bits varying from
64 to 256. We find that WoRank algorithm generally outper-
forms Hamming distance and Expectation based asymmet-
ric distance. With long hash code (e.g. 256) WoRank can also
outperform Lower Bound based asymmetric distance. To
further evaluate the performance of our algorithms on larg-
er dataset, we conduct experiments on NUS-PART. Fig.17
shows the Precision of ITQ method with different ranking
algorithms, while hash bits varying from 48 to 128. We can
see that the WsRank algorithm is better than other three
baselines. Fig.15 and Fig.16 show the MAP of LSH and ITQ
methods with different ranking algorithms on NUS-SCENE
and NUS-PART datasets, respectively. We can also see that
two proposed algorithms outperform other three baselines.

WoRank vs WsRank: To further compare the perfor-
mances of WoRank and WsRank algorithms, we conduc-
t more experiments on CIFAR-10, MNIST and SIFT-10K
datasets. The MAP of LSH, SH and ITQ methods with
WoRank and WsRank are shown in Fig.18 and Fig.19. From
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Fig. 18: MAP of WoRank and WsRank on CIFAR-10 and MNIST with LSH and ITQ hash methods.
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Fig. 19: MAP of WoRank and WsRank on SIFT-10K with LSH, ITQ and SH hash methods.

Fig.18 and Fig.19, we can see that WsRank outperforms
WoRank in CIFAR-10 and MNIST dataset, while WoRank
outperforms WsRank in SIFT-10K dataset. The results verify
that WoRank and WsRank are suitable for different types of
datasets, respectively. WoRank is more suitable for feature
data set with irregular distribution because of the robust of
otsu threshold. WsRank is more suitable for image search,
because the kernel function is used for the weight calcula-
tion in WsRank.

5 CONCLUSION AND FUTURE WORK

To realize hash ranking based image search more effectively,
we propose two weighted asymmetric ranking algorithms,
namely, WoRank and WsRank. Their differences are the
computation methods of query-independent values and
bitwise weights. Extensive experimental results show that
the WoRank and WsRank both outperform the hamming
distance based ranking and the asymmetric distance based
ranking, with accuracy gains ranging from 13% to 22%.
Moreover, we find that WoRank is more suitable for feature
dataset while WsRank is more suitable for image dataset. In
the future, we will try to combine their advantages to design
more effective hash ranking algorithm.
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