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Abstract: With the rapid development of the Internet, recent years have seen the explosive growth of social media. This brings
great challenges in performing efficient and accurate image retrieval on a large scale. Recent work shows that using hashing
methods to embed high-dimensional image features and tag information into Hamming space provides a powerful way to index
large collections of social images. By learning hash codes through a spectral graph partitioning algorithm, spectral hashing (SH)
has shown promising performance among various hashing approaches. However, it is incomplete to model the relations among
images only by pairwise simple graphs which ignore the relationship in a higher order. In this paper, we utilize a probabilistic
hypergraph model to learn hash codes for social image retrieval. A probabilistic hypergraph model offers a higher order repre-
sentation among social images by connecting more than two images in one hyperedge. Unlike a normal hypergraph model, a
probabilistic hypergraph model considers not only the grouping information, but also the similarities between vertices in hy-

peredges. Experiments on Flickr image datasets verify the performance of our proposed approach.
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1 Introduction

In the last decade, images and video have been
widely stored and shared on the Internet. Many photo
sharing websites, such as Flickr and Picasa, have
numerous images uploaded every day. For example,
Flickr has already stored over 6 billion images. Bil-
lions of images pose a challenge for conventional
image search techniques. Since linear complexity is
not scalable in practice, it is clearly infeasible to ex-
haustively compare the query with every image in the
huge database. Furthermore, the visual features of a
social image usually have hundreds or thousands of
dimensions, which makes most large-scale image
search methods suffer from the curse of dimension-
ality. Apart from the image search problem, storage of
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such massive original data is also a big problem.
Consequently, exploring new representations and
approaches to search large-scale datasets has become
an urgent research issue.

Efficient algorithms to address this problem
have drawn much attention over the last few years.
Although many tree-based methods have been pro-
posed (Arya et al., 1998; Silpa-Anan and Hartley,
2008), hashing-based methods have attracted more
attention as they greatly reduce memory for memory
constrained applications, such as large-scale image
retrieval. Hashing-based methods aim at projecting
high-dimensional image features into compact binary
codes so that close hash codes will be generated for
similar images. With the hash codes, the Hamming
distance can be efficiently computed by using logical
XOR operation in the Hamming space. A similarity
search can then be accomplished rapidly by finding
the images that have codes within a small Hamming
distance of the hash code with the query image.
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In recent years, many hashing technologies have
been proposed. These algorithms can be grouped into
two categories: (1) supervised algorithms, e.g.,
boosting similarity sensitive coding (boosting SSC)
(Shakhnarovich et al., 2003) and the restricted
Boltzmann machine (RBM) (Hinton and Sala-
khutdinov, 2006); (2) unsupervised algorithms, e.g.,
locality sensitive hashing (LSH) (Andoni and Indyk,
20006), spectral hashing (SH) (Weiss et al., 2008), and
hypergraph spectral hashing (HSH) (Zhuang ef al.,
2011). These hashing-based algorithms embed high-
dimensional image feature vectors into a low-
dimensional Hamming space, while preserving as
much semantic similarity as possible. Unsupervised
algorithms use unlabeled image data to generate bi-
nary hash codes, while supervised algorithms gener-
ate hash codes considering the label information of
some data points in the dataset.

However, when introducing these hashing-based
methods to large-scale social image search applica-
tions, we should solve two problems: (1) Most current
hashing approaches consider only pairwise infor-
mation when representing the relationships between
different social images, while the connection between
real social media appears to be more complex.
Therefore, it will be helpful to take account of the
relationship not only between two images, but also
among three or more images that contain local
grouping information. (2) Social images such as
photos on Flickr usually have contextual text infor-
mation, such as titles, surrounding text, and user-
generated tags that describe the images. This
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information of different social images is widely di-
vergent. Some images contain tags while some do not;
the numbers of tags are also different in most cases.
Therefore, it is hard to measure the similarity of these
social images using the same metric space.

In this paper, we aim to overcome the above
difficulties by proposing a novel hypergraph-based
hashing framework. Different from a conventional
hypergraph framework (Zhuang et al., 2011), we
further exploit the correlation information among
images by using a probabilistic hypergraph (Huang et
al., 2010) in our framework, which presents not only
whether a vertex v; belongs to a hyperedge e;, but also
the probability that v;ee;. The scheme of our approach
is illustrated in Fig. 1. In the proposed method, we
first represent each social image by visual content
features and semantic textual features, which are
generated from the visual content and the tags of the
image, respectively. Then a probabilistic hypergraph
is constructed, in which the vertices denote the social
images in the dataset and the hyperedges are gener-
ated by common visual features or tags between so-
cial images. Inspired by spectral hashing, we convert
our hash code learning problem into a probabilistic
hypergraph partition problem, which can be easily
solved. Furthermore, we use a supervised learning
method to learn hash codes for novel inputs, which
addresses the out-of-sample extension problem. We
conduct experiments on Flickr image datasets, and the
experimental results demonstrate the effectiveness of
our algorithm.
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Fig. 1 Schematic of the probabilistic hypergraph based hashing algorithm
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2 Related work
2.1 Hashing-based image search

As mentioned before, many hashing-based al-
gorithms have been proposed in recent years. LSH
(Andoni and Indyk, 2006) is one of the most popular
methods. The basis of LSH is to design binary code so
that items which have small Euclidean distances will
be mapped to similar codewords. LSH generates
every bit in the code by a random linear projection
followed by a random threshold. The Euclidean dis-
tance can be asymptotically approached by the
Hamming distance in this way. However, since ran-
dom projection is data-independent, this method may
lead to quite inefficient codes in practice. Several
recently proposed methods pursue machine learning
approaches rather than random projections to calcu-
late data-aware hashing codes. Hinton and Sala-
khutdinov (2006) and Salakhutdinov and Hinton
(2007) showed that multiple stacked RBMs can learn
much more compact binary codes. In the greedy
pre-training stage, they used contrastive divergence to
achieve the convergence of the parameters layer by
layer, and the derived result of each layer was treated
as input to train the next layer. In the fine-tuning
stage, back propagation using an objective function
such as neighborhood component analysis (NCA) to
refine the weights of the trained network was used.
RBM-hashing showed much better performance than
LSH in Torralba et al. (2008). However, it means that
we need to estimate a large number of weights, which
would make the training procedure time-consuming
and demand a big size of training data. A much sim-
pler algorithm called boosting SSC was proposed in
Shakhnarovich et al. (2003). They first used adaBoost
to classify pairwise input data as similar or
non-similar, and then took each weak learner as a
decision stump. The output of all weak learners on a
data point was its binary hashing code. In Weiss et al.
(2008), a promising method called SH was proposed
based on graph partitioning. SH formalizes the re-
quirements for good hash code and equates them to
the graph partitioning problem. The analogy to graph
partitioning suggests an efficient solution by thresh-
olding eigenvectors of the Laplacian matrix of the
similarity graph to binary codes. SH demonstrates

significant improvements by comparison with LSH.
In Li et al. (2013), an approach of spectral hashing
with a semantically consistent graph (SHS) was
proposed to improve the performance of SH. As an
extension of SH, HSH was first proposed by Zhuang
et al. (2011) which used a unified hypergraph to re-
place the simple graph in SH. HSH makes a novel
improvement to SH. However, a unified hypergraph
considers only the grouping information between data
points while ignoring the fact that the relationship
between vertices and hyperedges may be different.

2.2 Hypergraph learning

Since the hypergraph is effective for higher-
order semantic relationship modeling, it has already
been adopted in many information retrieval and data
mining tasks (Zhou et al., 2004; 2006; Xia and Han-
cock, 2008; Huang et al., 2010; Liu et al., 2011; Yu et
al., 2012). In Gao et al. (2013), a general hypergraph
framework was proposed and the authors generalized
the methodology of spectral clustering which origi-
nally operated on undirected graphs to hypergraphs.
They further developed algorithms for hypergraph
embedding and transductive classification based on a
spectral hypergraph clustering algorithm. In Gao et al.
(2013), a joint method which integrates a visual fea-
ture and tags of images in a unified hypergraph was
proposed for image retrieval. It performs better than
separated methods which use only visual content or
tags. In Zass and Shashua (2008), the probabilistic
hypergraph was adopted in an image match by solv-
ing the convex optimization problem. Huang et al.
(2010) extended the probabilistic hypergraph model
for image retrieval via hypergraph ranking; its effec-
tiveness was demonstrated by comparison with other
methods.

The above studies have verified the effectiveness
of the hypergraph model in building a higher-order
relationship among data. In our proposed method, we
use the probabilistic hypergraph model to build the
relationship among social images so that both visual
content features like bag-of-visual-words (BoW)
(Jiang and Ngo, 2008) and contextual information
like user-generated tags can be taken into considera-
tion. This provides more useful higher-order infor-
mation for the mapping step.



540 Xie et al. / J Zhejiang Univ-Sci C (Comput & Electron) 2014 15(7):537-550

3 Introduction to hypergraph

For better understanding of our method, both
conventional and probabilistic hypergraphs are in-
troduced in this section. In the simple graph model,
samples like social images are represented by vertices,
and an edge can connect only two vertices. Using the
affinity relationship of the simple graph, many
learning methods can be conducted on the graph
(Zhou et al., 2004; He et al., 2004; 2006). However,
simple graphs cannot represent high-order infor-
mation. Different from the simple graph, a hyperedge
in a hypergraph can connect more than two vertices,
which is helpful in analyzing high-order relationship.
For clarity, Table 1 lists some important notations
used in this paper.

Table 1 Notations and descriptions

Notation Description

G=(V, E, w) G represent a hypergraph, where V, E, and w
indicate the set of vertices, the set of
hyperedges, and the weights of edges,

respectively
D, Diagonal matrix of the vertex degrees
D, Diagonal matrix of the edge degrees
H, Incidence matrix for the probabilistic
hypergraph

w Diagonal weight matrix with its (7, 7)-th
element being the edge-weight of the ith

hyperedge
A4 Laplacian matrix of the constructed
hypergraph
d(e) Degree of hyperedge e
dv) Degree of vertex v
w(e)  Weight of hyperedge e
n Number of images in hypergraph learning

k Number of bits in hashing code

F An nxk matrix representing the k-bit binary
codes of all » images

3.1 Conventional hypergraph

From a vertex set V, a hyperedge set E, and the
weights of the edges w, we can construct a hypergraph
G=(V, E, w). Here each edge e is assigned a weight
w(e). The hypergraph can be denoted by a |V]x|E|
incidence matrix H with entries:

ifv ee,

hse,) ={1’ 1)

0, otherwise.

The conventional hypergraph model defined in
Eq. (1) assigns a vertex v; belonging to a hyperedge e;
with a binary judgment (A(v;, €;) equals 1 or 0). This
hypergraph model equally treats all the vertices in a
same hyperedge and ignores the relative affinity be-
tween vertices. This may lead to the loss of some
useful information, which may impact the accuracy of
the hypergraph based applications.

3.2 Probabilistic hypergraph

Similar to Huang ef al. (2010), we use a proba-
bilistic hypergraph model to break the constraint of a
conventional hypergraph. Assume that each vertex
has an affinity coefficient with each hyperedge and
the affinity coefficient A(7, j)€[0, 1]. In our applica-
tion, this assumption means that each social image
may have a different affinity for a visual feature or a
tag. A vertex having a greater affinity coefficient with
a hyperedge means that the vertex is more likely to
belong to the hyperedge, and vice versa. A probabil-
istic hypergraph can be represented by an incidence
matrix H, defined as

)

p

h ) A, j), ifv ee;,
v.,e.)= K
v 0, otherwise.

As we can see, both the local grouping information
and the probability that a hyperedge contains a vertex
are taken into consideration in the probabilistic hy-
pergraph model. In this model, the correlation in-
formation between vertices and edges is represented
more accurately. The definition in Eq. (1) can be
taken as the special case of Eq. (2). Fig. 2 provides an
example to explain the difference between a simple
graph and a probabilistic hypergraph.

3.3 Introduction to hypergraph learning

We can perform different machine learning tasks
in the hypergraph model, e.g., embedding, clustering,
classification, and ranking. Here we introduce the
basic hypergraph partition algorithm which is used in
our proposed method to help us better understand the
hypergraph model. This algorithm can be conducted
on both a conventional hypergraph and a probabilistic
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Fig. 2 The difference between a simple graph and a
probabilistic hypergraph

(a) Incidence matrix H),; (b) Simple graph built from H);
(c) Probabilistic hypergraph built from H,

hypergraph. For each vertex in the hypergraph veV,
its degree can be defined by

d(v) =) wieh(v,e), ©)

ecE

and the edge degree of each hyperedge ec E is defined
by

5(e) = _h(v,e). “)

velV’

Let D, and D, denote the diagonal matrices of vertex
degrees and edge degrees, respectively, and W the
diagonal matrix containing the hyperedge weights. As
in Zhou et al. (2006), a normalized cost function Q(f)
is defined for a binary partition problem in the
hypergraph:

o(e) Jd@)  \Jd(v)
®)

ecE u,vee

an-lyy w(e)h(u,e)hw,e){ 1) fo) ]

where f is the label vector to be learned. Vertices
having more hyperedges in common are more likely
to be in the same class; minimizing the cost function
Q(f) can guarantee these vertices obtain similar
labels.

Let ©=D,;"?HWD,'H" D;"* and define 4=1-0,
where I denotes the identity matrix. The normalized
cost function can be rewritten as

_ weh(u,e)h(v.e)[ f*w) _ fw)f()
20=2,2 5(e) ( d(u) \/d(u)d(v)j

eeE u,vee

B ) w(e)h(u,e) ~ h(v,e)
2L G 2 s

S@hv,e)w(e)h(v,e) f(v)
- (6)
22 Jdu)d(v)S(e)

ecE u,vee

= [T Af.

Here the second step in the derivation comes from

zwzl and ZM:I. The matrix 4 is
e du) wer o(e)

called the hypergraph Laplacian, and we can note that
A4 is a positive semi-definite matrix. From standard
results in linear algebra, the solution f'to this optimi-
zation problem is the eigenvector corresponding to
the smallest nonzero eigenvalue of 4. According to
Zhou et al. (2006), it is straightforward to extend this
approach to k-way partitioning.

4 The proposed algorithm

In this section we present the proposed proba-
bilistic hypergraph based hashing approach. We in-
troduce the process of probabilistic hypergraph con-
struction from social images, and then present how to
obtain binary hash codes from the constructed prob-
abilistic hypergraph. Finally, we take the out-of-
sample problem into consideration.

4.1 Probabilistic hypergraph construction

In probabilistic hypergraph construction, each
social image is regarded as a vertex in the probabilis-
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tic hypergraph G=(V, E, w). For a dataset of n social
images, the constructed hypergraph contains n verti-
ces. We use two types of features, i.e., the low-level
visual content feature and high-level semantic textual
information, to create the hyperedges of the generated
hypergraph.

For the visual information of social images, we
adopt BoW representation (Yang et al., 2007; Jiang
and Ngo, 2008) for image description. To generate
BoW representation, local invariant features are ex-
tracted from each social image using a difference of
Gaussian (DoG) detector and a scale invariant feature
transform (SIFT) descriptor (Lowe, 2004). We then
compute a codebook by clustering all the SIFT de-
scriptors in their feature space into s clusters, and each
detected SIFT feature is encoded into the BoW
codebook by the K-means approach. After these
processes, the visual content of every social image

bow

can be represented by a vector y¥, where

2™ (I) =m denotes that this image has m SIFT de-

scriptors belonging to the /th visual code of the
codebook.

For textual information we consider only the top
1000 most frequently user-generated tags in our social
image dataset. From all the unique tags we first cal-
culate their frequency of occurrence, and then select
the top 1000 frequent tags to build a codebook for tag
information. Each social image is encoded into the
codebook by the index of tags that it contains. We use

»:* to represent the textual content of each image

where y*(/)=1 means that the social image v; con-

tains the /th tag. Fig. 3 shows the procedures of gen-
erating the visual codebook and tag codebook.

Visual codebook

SIFT
02034750
MW 10120411
K-means ® 25467502
* 01103025
Tag codebook
Top car 00101000
horse 10100011
1000 |wep| hair 00000100
moon 00011000
tags leaf 10000010
Images and tags pool 11000001

Fig. 3 Illustration of the visual-codebook and tag-
codebook generating procedures

With the two vectors y**¥ and y*® for each social
image, we can easily construct the hyperedges of our
probabilistic hypergraph. In our algorithm each visual
codeword in y™ generates a hyperedge by linking the
images containing the same word in the BoW feature,
and we assign an affinity coefficient A(i, j) to each
image belonging to a content-based hyperedge e;. The
A(i, j) is computed as follows:

1 .
o eXp| — < |5 1fvl.ee/.,
A, j)= ( ; (])J ‘ (7

0, otherwise.

We use each codeword of the tag to construct a
hyperedge analogously. For each image connected by
hyperedge e;, the A(i, j) is assigned 0.8 if the social
image v; contains the same tag which generates the
hyperedge, and if the title or the label of this social
image includes this frequent tag, the A(i, j) is assigned
1 to show a high affinity.

Furthermore, we assign a weight parameter w(e;)
to each hyperedge e;eE. The weight of each hy-
peredge is calculated as follows:

X, AG.))

> L AG) ®

wie,) =

However, a tag often provides more information
than one dimension of BoW representation, but the
tag codebook appears to be sparser in most cases. This
means that using Eq. (8) to calculate all the hyperedge
weights is unfair for a tag-based hyperedge. We set a
parameter 1€[0, 1] to balance this effect. The weight
parameters can be updated by

if e is content-based,

W,(ej) _ {ﬂ . W(ej)a )

(1=4)-w(e,), if e, is tag-based.

4.2 Spectral hashing on the probabilistic hyper-
graph

Semantic hashing seeks a mapping function
which can map data points into binary codes. In the
constructed hypergraph model G(V, E, w), each ver-
tex ve V corresponds to a data point. We want to find a
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good mapping function @ between vertex v and
k-dimensional binary codewords f, which can be de-
fined as

D:v— fel{-1L1}". (10)
As mentioned in Weiss et al. (2008), a good
mapping function should have the following qualities:
1. Compactness: requiring only a small number
of bits to code the full dataset.

2. Consistency: preserving the similarity by
mapping similar data points to similar binary
codewords.

3. Extendibility: easy handling of the out-of-
sample inputs.

To preserve the vertex similarity in Hamming
space, we expect to map vertices sharing more
common hyperedges with more similar codewords.
To meet this property, we seek a hashing function that
minimizes the average Hamming distance between
similar vertices in the same edge. For coding effi-
ciency, we demand each bit of the codewords has a
50% chance of being 1 or —1, and different bits are
independent of each other.

According to Weiss et al. (2008), the &-bit spec-
tral hashing problem can be regarded as finding &
independent balanced partitions through the lowest
cut cost in a simple graph. Similarly, our problem can
be solved by finding the lowest normalized cost
function Q(f) in the k-ary balanced probabilistic hy-
pergraph partition problem described in Zhou et al.
(2006). This also quite adequately meets the re-
quirements above.

Let F=[fi, f5, ..., fi] denote the binary codes of
all n vertices. F is an nXk matrix, each row corre-
sponding to k-bit hashing code of a vertex veV, and
the ith column f; is an n-dimensional vector contain-
ing the ith bit of all n vertices. As in Zhou et al. (2006),
from the normalized cost functions (5) and (6), we can
obtain the optimal objective function for our hashing
algorithm:

k
min)_ f'Af =tr(F'AF)
e (11)
st. F(i, j)e{-1,1}, F'1=0, F'F=1.

Here A4 is the hypergraph Laplacian of the constructed
probabilistic hypergraph. According to Weiss et al.

(2008), this is a non-deterministic polynomial (NP)
hard problem, but by removing the constraint F(i, j)e
{—1, 1}, we can formulate the problem to the hyper-
graph partition problem in Zhou et al. (2006), whose
solution is the k eigenvectors of 4 with minimal ei-
genvalues (after excluding the eigenvector with trivial
eigenvalue 0). Then we can obtain binary codes by
thresholding these eigenvectors to 1 and —1.

4.3 Out-of-sample extension

The above step generates only the binary codes
for the social images in the hypergraph. However, for
the novel query images that do not belong to our
training dataset, it is hardly realistic to generate the
binary codes for them by updating the hypergraph.
This problem, called out-of-sample extension, is often
resolved by the Nystorm method (Bengio et al., 2004)
and SH method (Weiss et al., 2008). Nevertheless,
these methods are not suitable for our social image
search problem since they are either computationally
expensive or rely on a very restrictive assumption of
data distribution. In this work we adopt the strategy
used in Zhang et al. (2010) and Zhuang et al. (2011),
which considers the out-of-sample problem as a su-
pervised learning process.

We use the generated binary codes in F to train &
binary classifiers. The ith column f; is regarded as a
label vector of the ith binary classifier @'(x). Here x is
the input vector combined by »™" and y“¢. After the
supervised learning by inputting features of the
training social images, we obtain k binary classifiers
@1(x), @2(x), . @k(x). We concatenate them to build
the final hashing function @(x) for the 4-bit hashing
problem. In our algorithm, the support vector ma-
chine (SVM) with non-linear kernels is used as the
classifier. The whole procedure of our algorithm is
listed in Algorithm 1.

Algorithm 1 Probabilistic hypergraph based hashing

Input: Social images vy, vy, ..., V,.

Output: Binary codes F and hashing function @(x).

1 Generate bag-of-visual-words y*¥ and tag infor-
mation vector y,*¢ for each social image v; in the
dataset;

Construct probabilistic hypergh G=(V, E, w);
Compute the affinity coefficients for all the vertices in
each content-based hyperedge using Eq. (7);

4  Assign affinity coefficients for vertices in tag-based
hyperedges to 0.8 or 1;

5 Compute the hyperedge weight by Egs. (8) and (9);
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6  Compute the incidence matrix H, using Eq. (2) and
diagonal matrices D,, D, using Egs. (3) and (4);

7 Compute A=1-D;”>HWD.'H'D;"”;

8  Generate F by computing the k eigenvectors of 4 with

minimal eigenvalues;
9  Threshold Fto 1 and —1;

10 for i—1to kdo

11 Use the ith column of F as binary labels to train the
SVM classifier @'(x);
12 end for

13 Concatenate ®'(x), ¥*(x), ..., P*x) to build the
hashing function @(x).

5 Experiments evaluation

In this section we carry out experiments on a
social image dataset NUS-WIDE to evaluate our
proposed method by comparing it with several
state-of-the-art hash algorithms, namely LSH, SH,
SHS, and HSH. We also extend our approach to spe-
cific applications, such as object retrieval and scene
matching, using object image dataset NUS-WIDE-
OBJECT and scene image dataset NUS-WIDE-
SCENE.

5.1 Dataset and experimental settings

We use a widely adopted NUS-WIDE dataset
(Chua et al., 2009) to conduct our experiments. The
NUS-WIDE dataset contains about 270000 Flickr
social images and these images are labeled with 81
semantic concept classes (e.g., animal, cars, and sky).
Fig. 4 illustrates several example images from this
dataset. NUS-WIDE is a multi-label dataset which
means each social image in NUS-WIDE may belong
to more than one class. In our experiment, the image
labels are used as the ground-truth to evaluate the
image search performance. If an image shares at least
one common label with the query image, we consider
it as a correct search result. NUS-WIDE-OBJECT
and NUS-WIDE-SCENE are subsets of the NUS-
WIDE dataset, which contains 30000 object images
of 31 object categories and 34926 scene images of 33
scene categories.

NUS-WIDE provides different image features
and tag information for all the images in the dataset.
We use the 500-D bag-of-visual-words feature and
1000-D tag vector which corresponds to the most
frequently used 1000 tags in the experiment. Thus, the
length s of the visual codebook is 500. The parameter
A is assigned to a different value in different cases. In

our work, precision is adopted to evaluate the re-
trieval result, which is the fraction of retrieved images
that are relevant to the query.
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Fig. 4 Several example images and their associated
tags in the NUS-WIDE dataset

5.2 Experimental results and analysis
5.2.1 Experiments on NUS-WIDE

In our work, the proposed probabilistic hyper-
graph based hashing algorithm is compared with
competitive hash methods including LSH (Andoni
and Indyk, 2006), SH (Weiss et al., 2008), and SHS
(Li et al., 2013), and we also assess the performance
of probabilistic hypergraph hashing against HSH
(Zhuang et al., 2011). To verify the effectiveness of
weight reassignment, both probabilistic hypergraph
hashing with equal hyperedge weights (PHH) and
probabilistic hypergraph hashing with hyperedge
weight updating using Eqgs. (8) and (9) (PHH-W) are
compared with the above methods. First, we ran-
domly select 30000 images in the dataset to construct
the probabilistic hypergraph. All these images are
then mapped to binary hash codes using different
hashing algorithms. For PHH-W, the parameter 4 is
empirically set to 0.1 here. Five thousand images are
randomly chosen from all 81 classes in the 269 648
images of NUS-WIDE as query images. Then we
rank the other images according to the Hamming
distance to the query images.

Fig. 5 shows the nearest neighbor retrieval re-
sults of different methods. The code length ranges
from 4 to 32 bits and the precisions of the first 50, 100,
and 150 searched neighbors are illustrated. Since
there are several frequently occurring labels (e.g.,
person, animal) shared by a large proportion of im-
ages, even random selection can achieve a precision
over 0.2. So, it can be observed that LSH has rela-
tively low precision results than other algorithms, and
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as the number of bits increases, its convergence rate is
small. SH works better than LSH since it is a data-
aware method. HSH and SHS improve the perfor-
mance of SH by employing a hypergraph structure
and semantically consistent graph. As expected, PHH
outperforms these methods in almost all cases, which
verifies the effectiveness of the probabilistic hyper-
graph model. PHH-W further enhances the perfor-
mance of PHH. It is mainly because we reassign
higher hyperedge weights for tag-based hyperedges
using 4=0.1, and these hyperedges are often more
sensitive to semantic labels. Fig. 6 illustrates the pre-
cision curves with different nearest neighbors re-
trieved using the above methods. The results also
show that PHH-W and PHH achieve the best per-
formance consistently. Among all the algorithms,
HSH and SHS have relatively good performance, but
our method outperforms both of them. The main
possible reason is that we take the affinity between
vertices and edges into consideration in hypergraph
construction. This provides more important infor-
mation for hash code learning.

From the outstanding performance of PHH-W,
we can infer that weight-updating of hyperedges
plays an important role in our method. So, we carry
out experiments to further test the effect of 1. We set
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different values to 4 and the results are demonstrated
in Fig. 7, from which we can see that the performance
of our method gradually deteriorates as A increases
from 0.1 to 0.5 (4/=0.5 means equal hyperedge
weights). This proves that since the tag-based hy-
peredges contain more semantic information but have
a sparser codebook, they should be reassigned much
higher weights to approach the better performance.
However, when 1 is set to 0.05, the performance de-
teriorates compared to A=0.1. This may be caused by
ignoring too much visual information.
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5.2.2 Experiments on specific applications

To further evaluate the performance of our pro-
posed algorithm, we extend it to object image re-
trieval and scene image match applications using two
subsets of NUS-WIDE. For the NUS-WIDE-
OBJECT dataset, 17927 images are selected for
probabilistic hypergraph learning and 2000 images
are randomly chosen from all the 31 object classes as
queries. For the NUS-WIDE-SCENE dataset, we
perform a similar operation using 17463 images for

training hypergraph and 2000 images from 33 scene
classes for query. Then we convert all these images
into hash codes using different hashing algorithms
mentioned before. Tables 2 and 3 demonstrate the
average precisions of queries coming from all 31
object classes and 33 scene classes, respectively. The
number of searched neighbors in Hamming distance
is set to 50 and the parameter A of PHH-W is assigned
0.1 here.

We can see that PHH-W and PHH have the best
and second best performance in most cases for both

Table 2 The average precision of each label class on the NUS-WIDE-OBJECT dataset using different methods

Average precision (%)

Class 16-bit 32-bit
LSH SH SHS HSH PHH PHH-W LSH SH SHS HSH PHH PHH-W
bear 8.16 12.04 2245 2398 2852 57.22 8.26 10.58 28.74 49.19 5034 64.58
birds 11.73  15.04 23.17 2226 2696 53.64 12.12 13.81 32.16 34.62 36.89 58.40
boats 1829 21.89 36.23 37.69 4146 45.26 19.74 2238 47.78 4847 50.60 51.00
book 344 568 8.52 922 10.40 6.26 408 560 1042 1190 12.80 7.68
cars 17.78 2574 5098 5499 5717 62.11 19.04 2573 5146 54.84 55.89 59.07
cat 9.03 1099 2733 2935 3546 78.96 9.31 10.66 45.61 51.38 54.50 72.37
computer 499 738 1326 10.06 14.04 14.84 478 7.70 26.52 2196 3437 29.40
coral 1476 19.73 5587 57.60 57.75 66.13 16.59 17.13 56.28 57.54 56.68 63.63
COwW 628 7.75 14.21 9.82 13.11  24.07 6.69 7.82 21.54 1888 20.01 33.88
dog 9.53 11.62 35.62 3791 43.08 77.46 9.69 12.17 48.69 5339 5450 7237
elk 6.61 7.55 13.87 11.73 15.01 26.62 6.87 695 1629 1567 16.65 30.49
fish 1440 18.01 4895 53.63 5555 68.34 1542 1536 52.85 5439 5485 67.34
flags 4.61 512 7.28 7.16 8.74 9.64 5.33 5.07 941 9.54 990 12.30
flowers 22,76 3258 56.83 57.66 59.15 70.49 2440 2893 5735 5879 59.46 68.45
fox 6.69 876 13.26 1292 13.11 17.39 7.85 845 1581 1593 16.05 19.61
horses 6.57 844 1025 9.09 12.05 63.55 7.33 8.61 2528 27.05 2634 55.50
leaf 1690 2195 30.76 3333 35.62 43.09 1896 2036 36.29 37.85 38.41 43.42
plane 18.14 2540 48.82 4773 4938 63.18 19.16 2453 50.80 49.19 47.64 60.39
rocks 17.62 2827 32.64 3330 34.09 31.89 1829 2639 4034 44.67 4491 37.29
sand 13.25 1641 2054 21.11 2087 23.79 1452 1498 26.50 28.83 28.31 28.92
sign 6.55 1129 1483 1528 1555 14.14 7.73 1090 19.89 20.12 21.00 40.21
statue 5.75 7.07 18.65 19.89 23.64 25.87 6.59 6.66 27.73 27.14 30.83 52.05
sun 20.21 25.11 30.01 3126 3141 43.14 2395 2390 34.18 35.03 3452 44.77
tiger 6.54 1148 2238 2130 2421 3492 7.45 9.70 3553 38.70 37.90 3297
tower 9.44 1293 2742 30.50 32.21 41.58 9.80 12.05 2944 30.52 32.78 49.11
toy 8.76 11.56 36.28 3791 41.72 44.76 9.06 11.60 4328 45.05 44.39 42.09
train 11.60 15.57 50.14 52.06 5949 71.20 11.73 1572 59.03 58.44 61.57 60.90
tree 1796 2480 3256 3048 3193 48.44 1894 2438 3857 37.11 38.61 48.94
vehicle 22.50 32.07 4334 4416 46.79 4730 24.13  32.08 4562 47.00 4790 48.23
whales 5.45 8.86 12.57 13.18 14.79 14.08 6.67 8.02 1533 1696 17.24 14.26
zebra 456 744 1221 13.00 13.19 7.54 5.43 8.76 1793 2243 31.21 12.50

The best and second best results in each case are marked in bold for clarity
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Table 3 The average precision of each label class on the NUS-WIDE-SCENE dataset using different methods

Average precision (%)

Class 16-bit 32-bit
LSH SH SHS HSH PHH PHH-W LSH SH SHS HSH PHH PHH-W
airport 52.55 5241 56.15 5857 59.27 61.23 5291 5498 5729 55.66 5743 62.95
beach 66.14 6823 7248 73.62 73.76 75.56 6749 6921 73.74 74.06 7410 75.26
bridge 53.88 5550 6038 60.19 61.25 66.34 54.60 5628 62.94 6346 64.83 68.87
buildings 5457 57.06 6154 63.82 64.38 68.61 5495 58.60 6647 67.07 67.31 69.03
castle 5776 59.73 65.77 6445 6595 66.93 5739 6275 6693 66.53 67.12 68.29
cityscape 54.00 56.81 64.15 67.26 67.13 69.35 53.98 5690 67.52 70.78 70.96 70.45
clouds 68.01 71.00 7430 73.18 73.89 77.84 69.60 71.60 75.51 74.75 7520 77.00
frost 3776  41.05 4873 5037 5410 66.44 3693 4222 5536 58.56 61.04 65.25
garden 3934 4252 4764 4794 4835 59.69 39.21 4436 51.28 5434 53.72 61.12
glacier 6129 6293 68.84 68.67 6954 73.37 61.40 63.68 71.32 7240 73.68 74.27
grass 57.03 60.22 63.78 62.60 6349 71.57 5776 6199 67.34 6843 6797 72.61
harbor 6836 7091 73.87 75.28 75.62 7424 67.41 7032 7528 79.02 79.97 7540
house 5544 5796 6242 61.19 6295 68.58 56.43 5993 66.07 66.50 6694 67.82
lake 68.26 70.52 7428 74.17 7492 78.12 69.83 71.04 7594 7554 76.16 77.56
moon 56.40 5776 6335 64.16 63.56 67.92 58.55 60.02 65.07 64.86 65.66 69.35
mountain  62.50 65.05 7044 69.67 71.27 74.92 63.08 66.06 72.83 72.64 73.89 76.15
nighttime ~ 51.41 5440 6229 64.00 64.46 66.70 5333 5534 63.71 65.77 67.09 67.85
ocean 68.12 70.67 76.60 76.74 7720 77.67 69.57 7190 77.01 76.88 77.28 77.15
plants 47.73 50.89 5948 58.71 60.25 68.81 4840 53.16 64.52 64.70 65.03 69.53
railroad 43.89 4422 56.76 59.08 61.02 57.51 45.10 46.02 6034 70.29 69.88 061.43
rainbow 6434 69.09 7229 72.89 7359 71.11 67.50 6832 73.68 7411 7425 72.14
reflection  64.02 66.14 71.24 6937 7020 75.97 64.76 67.17 73,59 71.76 72.84 75.39
road 4492 4745 5279 53.82 5449 62.48 4583 4941 5568 59.41 59.40 65.08
sky 6739 69.66 7198 72.14 7278 77.08 68.73 70.63 7327 7394 7438 76.42
Snow 51.16 54.01 60.79 6247 64.55 74.08 51.85 55.01 6421 6690 68.30 72.14
street 26.69 30.52 41.09 42.69 4442 52.14 27.17 3194 4672 4831 48.50 52.30
sunset 6890 71.70 7493 74.10 75.04 79.61 71.00 7153 7549 7524 75.73 78.71
temple 46.03 48.00 5428 53.01 55.02 58.77 46.13 4929 5879 5932 61.38 58.97
town 4550 47.34 5556 5633 5641 60.98 4533 49.05 5943 60.79 60.64 60.90
valley 6530 6849 7323 7241 73,58 76.51 65.81 69.74 7594 7531 7633 77.14
water 62.59 6486 6887 6938 70.17 75.85 63.52 66.83 70.35 71.57 72.28 75.04
waterfall 3337 3947 4756 46.14 5130 64.42 32.62 4530 62.23 6092 64.67 64.96
window 35.18 37.54 4483 4570 46.43 5691 3485 3995 50.75 51.82 5213 60.65

The best and second best results in each case are marked in bold for clarity

object image retrieval and scene image match appli-
cations. It demonstrates that our probabilistic hyper-
graph model and weight-reassignment process are
really helpful in generating more effective codes for
image search and other applications.

In object image retrieval, PHH-W shows much
better performance than other approaches. This is
mainly because tag information can represent objects

better than visual information, and the weight-
updating process of PHH-W enhances the influence
of tag-based edges, which in turn promotes the search
performance.

In scene image match, the average precisions of
different label classes are significantly higher than
those of object retrieval. The main reason is that
NUS-WIDE-SCENE contains more multi-label
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images, which improves the search accuracy. Since
scene match requires more visual information than
object retrieval, the performance gap between
PHH-W and PHH is not as notable as before.

Fig. 8 displays the top six search results of two
object query images from NUS-WIDE-OBJECT and
two scene query images from NUS-WIDE-SCENE
with all six methods at 16-bit, from which we can see
that PHH-W and PHH obtain better results by gener-
ating less irrelevant images. For example, when con-
sidering the second query which has the labels sun
and tree, most results returned by PHH-W contain
both of the two labels while most results returned by
other methods contain only one label or even none of

them.
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5.3 Analysis of computational complexity

We also analyze the efficiency of our hashing
algorithm. The computational cost of our method
mainly comes from eigendecomposition and SVM
training. For n training images, the time complexities
for these two stages are O(n’) and O(kdn®) respec-
tively, where k is the length of hashing code and d is
the dimensionality of input features. Compared with
some state-of-the-art algorithms, our approach has
relatively high computational cost in the training
process. However, the training stage is a one-time
cost. Once the hashing functions are obtained, the
generation of the binary hash code is fast. Fig. 9
shows the time cost per image for the training process
of our algorithm and SH.

Fig. 8 Top six returned images of example queries with different methods at 16-bit, with irrelevant results being de-
noted by red boxes (References to color refer to the online version of this figure)
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Fig. 9 Time cost comparison for the training stage

Our experiments are run on a workstation with
2.53 GHz CPU and 56 GB memory. The results show
that SH is more efficient than PHH and PHH-W in the
training stage, and that PHH and PHH-W have similar
computational costs. Although the training of our
method is slower than that of SH, the performance of
our method improves a lot by employing the proba-
bilistic hypergraph model and SVM classifiers. We
will try some optimization strategies to further opti-
mize the efficiency of our approach in future work.

6 Conclusions

In this paper, we propose a novel hashing
framework for social image search, in which the
probabilistic hypergraph is used to represent the rel-
evance between social images. We first extract the
visual content feature and tag information from social
images and then generate a probabilistic hypergraph
based on them. The binary hash codes of social im-
ages in the hypergraph are learned by a spectral graph
partitioning algorithm on a probabilistic hypergraph.
Furthermore, the out-of-sample problem is resolved
by different hashing functions obtained in a super-
vised learning. We also introduce a weight reassign-
ment process to balance the influences of visual in-
formation and tag information. The effectiveness of
our approach is demonstrated by experimental results
on the NUS-WIDE dataset. To further verify the
performance of our approach, we extend it to object
image retrieval and scene image match applications.
Experimental results show that our algorithm out-
performs other competitive methods.

In future work we will exploit the adaptive
weight learning process to automatically update the
weights of hyperedges and extend our algorithm to
other social media or cross-media environments.
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