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Semisupervised Hashing via Kernel Hyperplane
Learning for Scalable Image Search

Meina Kan, Dong Xu, Senior Member, IEEE, Shiguang Shan, Member, IEEE, and
Xilin Chen, Senior Member, IEEE

Abstract—Hashing methods that aim to seek a compact binary
code for each image are demonstrated to be efficient for scalable
content-based image retrieval. In this paper, we propose a
new hashing method called semisupervised kernel hyperplane
learning (SKHL) for semantic image retrieval by modeling each
hashing function as a nonlinear kernel hyperplane constructed
from an unlabeled dataset. Moreover, a Fisher-like criterion is
proposed to learn the optimal kernel hyperplanes and hashing
functions, using only weakly labeled training samples with side
information. To further integrate different types of features,
we also incorporate multiple kernel learning (MKL) into the
proposed SKHL (called SKHL-MKL), leading to better hash-
ing functions. Comprehensive experiments on CIFAR-100 and
NUS-WIDE datasets demonstrate the effectiveness of our SKHL
and SKHL-MKL.

Index Terms—Kernel hyperplane learning, multiple kernel
learning (MKL), semisupervised hashing.

1. INTRODUCTION

ITH the explosive growth of images and videos on
Wthe Internet, there is an increasing research interest
in developing new methods for efficiently organizing and
retrieving large-scale multimedia data (i.e., images and videos)
based on their semantic contents [1]{5]. Usually, searching the
nearest neighbors for a query sample is O(n) time complexity
since all the n samples in the target database have to be
scanned. This is nevertheless time consuming when n becomes
very large. To address this problem, many approaches have
been proposed for efficient image and video retrieval. Among
them, the recently proposed hashing methods have achieved
promising performances by generating a compact binary code.
Various hashing methods have been proposed for large-scale
image retrieval [2], [6], [7], which are also applicable for video
retrieval because these techniques can be readily used for video
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key frames. The existing hashing methods can be roughly di-
vided into three categories: unsupervised methods, supervised
methods, and semisupervised methods. In the following, we
briefly review the existing methods.

The unsupervised hashing methods employ only the un-
labeled data for generating the binary code. Many methods
belong to this category, such as locality sensitive hashing
(LSH) [1], [2], [6], [8], spectral hashing (SH) [7], anchor graph
hashing (AGH) [9], binary reconstructive embeddings (BRE)
[10], iterative quantization (ITQ) [11], [12], and so on. In LSH,
the hashing functions are randomly generated to preserve the
locality of samples in the binary Hamming space [1], [2] or
Euclidean space [8]. Later, LSH is extended to kernel locality
sensitive hashing (KLSH) [13] and shift invariant kernel
hashing (SKLSH) [14]. To further improve the performance,
some data-dependent approaches were recently proposed, such
as SH [7], AGH [9], BRE [10], and ITQ [11]. In SH [7],
the Euclidean distance between the samples is embedded in
the objective function by using Hamming distance. In [9],
a graph-based hashing method is proposed to automatically
discover the low-dimensional neighborhood structure on a
manifold by utilizing an anchor graph to calculate the adja-
cency matrices. In [10], the hashing functions are developed
by minimizing the reconstruction error between the original
distance (e.g., Euclidean distance) and the Hamming distance.
In [15], an angular quantization hashing method is proposed
for nonnegative data with the angle between the vectors as
the similarity measure. Gong et al. [11], [12] proposed an
ITQ method to find a rotation for low dimensional data after
dimension reduction. Most existing hashing techniques employ
the hyperplane hashing functions. Heo et al. [16] proposed a
new spherical hashing method by employing the hypersphere-
based hashing functions.

Without using the label information, the hashing functions
obtained by using the above unsupervised methods might not
be distinctive enough for semantic image and video retrieval.
Therefore, a few supervised methods, such as [17]-[19], are
recently proposed for semantic image searches. In [19], a deep
neural network together with Restricted Boltzman Machines
(RBMs) is employed to learn the hashing functions for high
dimensional data. The ITQ method can also work in the
supervised scenario by using Canonical Correlation Analysis
(CCA) [21] before conducting the rotation [11], [12]. Based on
the latent structural SVM framework, a hinge loss-like hash-
ing function is proposed to integrate the Hamming distance
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Overview of the proposed semisupervised hashing method via kernel hyperplane learning (SKHL). In SKHL, each hashing function %;(x) (based on

gi(x)) is modeled as a nonlinear kernel hyperplane, which is constructed from an unlabeled dataset, and parameterized by f;. Based on these parameterized
hashing functions, the hashing codes of the samples from the weakly labeled data set are used to formulate a Fisher-like objective function, which is maximized

to learn the optimal hashing functions.

and binary quantization in [22], which directly minimizes a
piecewise linear upper bound on the empirical loss of the
binary code, to avoid the relaxation from binary solutions
to continuous solutions as used in most existing hashing
methods. In [23], a kernel-based supervised hashing method
is proposed to minimize the Hamming distances from similar
pairs and maximize the Hamming distances from dissimilar
pairs. Instead of using the Hamming distance as in most
existing hashing methods, in [23] the inner product between
the codes is utilized according to the equivalence between
the inner product and Hamming distance, and the sigmoid
function is additionally employed to smooth the binary codes-
based function. In [24], a Hamming distance metric learning
framework is proposed to optimize a hashing function with a
ranking loss measuring the relative similarity from the triplet
of binary codes. However, collecting labeled data is time
consuming and expensive. However, it is common that only
limited labeled data is available for these supervised hashing
methods, which may degrade the retrieval performances of
these methods.

To make use of the huge amount of unlabeled data,
Wang et al. [25] recently proposed a semisupervised hashing
method, which simultaneously minimizes the empirical error
on the labeled data and maximizes the variance and indepen-
dence of hashing codes over the labeled and unlabeled data.
The BRE method [10] can also be used in the semisupervised
scenario by setting the target distance of similar pair to be
large. Mu et al. [20] proposed a weakly supervised hashing
method by exploiting the so-called side information, i.e.,
whether a pair of images are from the same class. In this
method, an SVM-like approach is proposed to maximize the
margin between the hashing-induced partitions, which is also
applicable in unsupervised and supervised settings.

In this paper, we propose a semisupervised hashing method
via kernel hyperplane learning (SKHL) for large-scale seman-
tic image retrieval. In our method, we model each hashing
function as a nonlinear kernel hyperplane learnt from an
unlabeled dataset. The optimal hashing functions are ob-
tained by maximizing the Fisher-like criterion on a weakly
labeled dataset in which only side information is available.
An overview of our approach is depicted in Fig. 1. To further

improve SKHL, multiple types of features are integrated by
using multiple kernel learning (MKL) to learn a better hashing
function. The optimization problem is relaxed from the binary
solutions to the continuous solutions such that we can develop
an iterative approach by utilizing the sparse linear discriminant
analysis (SLDA) [26] and semi-definite programming (SDP)
[42]. Extensive experimental evaluations demonstrate the su-
periority of our method over existing hashing algorithms. The
similar idea of using an SVM to model each prototype hy-
perplane is also employed in face recognition [43]. However,
[43] is designed for linear feature extraction based on a single
type of feature, while our work is designed for learning binary
codes with multiple types of features nonlinearly.

The reminder of this paper is organized as follows.
Section II presents our proposed SKHL in details. Section III
evaluates the proposed method and existing methods on the
CIFAR-100 [27] and NUS-WIDE [28] datasets. Finally, we
give the conclusion and future works in Section IV.

II. SEMISUPERVISED HASHING VIA KERNEL
HYPERPLANE LEARNING (SKHL)

The overall framework of the proposed SKHL is shown
in Fig. 1. In SKHL, each hashing function is modeled as
a nonlinear kernel hyperplane, which is constructed from an
unlabeled dataset (parameterized by ;). Then, based on these
parameterized hashing functions, the hashing codes of the
weakly labeled samples with side information are used to
formulate a Fisher-like objective function. Finally, optimizing
the objective can achieve the optimal hashing functions.

In this section, we first describe the formulation of the
SKHL method and further present how to extend SKHL by
exploiting multiple types of features through MKL. Finally, we
give a detailed description of the optimization of our objective
function.

A. Notations

The hashing function is a transformation to generate a
compact code for quickly searching in large collection of data.
Like most hashing methods mentioned earlier, each hashing
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function h;(x) is designed to map a sample X into a binary
code based on a function f;(x)

1 if ix)> 1

hi(x) = { /i M

0 otherwise.

where 7; is a threshold and it will be discussed later. So, given
k hashing functions {h;(x)|i = 1, -- - , k}, X can be encoded by
k binary bits denoted as h(x)

h(x) = [71 (%), ha(x), - -, hx(0)]" @)

and the corresponding real-valued magnitude code is denoted
as f(x)

f(x) = [i(®), L, - i®)]" . 3)

Let us denote an unlabeled dataset X* with the data matrix
represented as X" = [x{, x5, -+ ,X}] € RP*N where p is
the feature dimension and N is the total number of samples
in X*. A weakly labeled dataset with side information is
also defined, which consists of two subsets X° and X'!:
X0 ={(x0,2)), (x9,23), -, (x,- z‘l)wo)}, where (xV,27) is
a pair of images from different classes or not considered as
nearest neighbors and M is the total number of pairs in X°;
= {(x{,z)), (x3,23),--, (x}wl,z}wl)}, where (x/,z]
represents a pair of images from the same class or considered
as nearest neighbors and M, is the total number of pairs in X!
This side information is a type of weakly labeled information
since only the information that whether a pair of images are
from the same class is known, but the exact class label for
each sample is unknown. We also denote all the training data
as X = X*UX°U X!, which can also be represented as a data
matrix X = [x1, Xy, -+, Xy] € ROV with N = N+ Mo + M,
being the total number of training samples.

B. Semisupervised Hashing via Kernel Hyperplane Learning

The real world data from the large-scale image or video
datasets, usually form a nonlinear distribution. Therefore,
following the Representer theorem [29], we model each func-
tion f;(x) as a nonlinear kernel hyperplane, which can be
constructed from the unlabeled dataset X

N
fio =) iy < $x)), ) >
N
= Zj:l Ol,'jy,'jk(X;f, X), X? e X

where <-,-> represents the inner product and k(x,z) is the
kernel function related to the transformation ¢, i.e., k(X, z) =<
¢(x), §(z) >, a;; and y;; are the combination coefficients and
unknown class label of x for fi(x), respectively. Following
the work in [23], the bias term 7; in (1) is set as the mean of
{fix), x € X'}. As oy;y;; is enough for determining f;(x), we
merge them as one linear combination coefficient

“

Bij = aijyij (%)
then (4) can be reformulated as
N
— u _pT
fix)=3 " Bik(x), %) = BTk(x) 6)

with

k(x) = [k(x{, X), k(x}, X), - - - , k(X}y, x)]7 @)

Bi=1Bi. Bio. -+ . Bin]" . (®)

Using (6), f(x) in (3) can be reformulated as
fx=[BTk(x), - - ,BTk(X)] = B k(x) )
where B = [B1, B2, - -+, Bi]l € RV*¥ is a matrix containing all

the linear combination coefficients.

As fi(x) is designed for semantic retrieval, the samples
from the same class are expected to lie on the same side
of a hyperplane, while the samples from different classes are
expected to lie on different sides of the hyperplane. Therefore,
each hyperplane is expected to lie on the margin between two
classes, which means the kernel hyperplane is only determined
by those support vectors near the margin of two classes. In
other words, only a small fraction of 8;; corresponding to those
x;‘ near the margin of two classes are nonzeros, while most §;;
corresponding to those x’; that are far away from the margin
(i.e., not support vectors) are zero. Therefore, we can formulate
a constraint on B; by using the Ly-norm. Considering that it
is difficult to solve the Ly-norm related problem, we employ
the L;-norm in this paper, namely

1Bili <t (10)

where the parameter ¢ controls the sparsity of f;. Although ¢
for each B; can be different, we use the same ¢ for simplicity
in this paper.

For semantic image retrieval, a good hashing function is
expected to be discriminative, i.e., if two samples x and z
are from the same semantic class, the distance between h(x)
and h(z) should be small; otherwise, the distance should be
large. Therefore, to obtain semantic hashing functions h, a
Fisher-like criterion is exploited to measure the discriminative
capability of the hashing functions on the weakly labeled
dataset, i.e., X! and X°

Mo 0 oy)12
B*=arg max Z,A;l I (X,l) (Z,1)||
B3 i Ih(x;)—h(z;)|?
st Bl <ti=1,-- k.

1)

Following the work in [25], the maximum variance criterion
is employed to enforce the hashing bucket balance constraint.
Let us denote the variance of the binary codes from all
samples, i.e., {h;(x),x € X’}) as var(h;(x)). Based on (11)
and the maximum variance criterion, we then propose a new
objective function as

B*=arg max G(B)

S () —h@) 1> + y N S5, var(hi(x))
S b —h(z))|2
s.t. |ﬂi|1§t’i=17"'7k

=arg max
& B

(12)
where y is a tradeoff parameter. This optimization problem is
NP-hard, because the solutions are constrained to be binary
values. According to [25], Zle var(h;(x)), i.e., the variance
of binary codes, can be relaxed to the variance of real value
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codes as var(f(x)) = %Tr (BTK'’K'’B), with K' € RN<N
defined as

K’ = [k(x;) — k', k(x;) — k', - -+, k(xy) — k'] (13)

where
1

_ N
K== k&) xed.

T (14)

As in the existing work [7], [25], we relax G(B) as G'(B) by
allowing the solutions to be real values as

SO IR — £ (@)|? + y Nvar(f(x))
S IExhH —f ()]
_ S IBTk(x?)—BTk(@)|? + yTr (BTK'K”B)
B S IBTk(x))—BTk(z)|>
Tr (B"K°K’’B + yB"K'K"'B)
B Tr (B'K'K'"B)
st Bl <ti=1,---,k

G'(B) =

15)

where K° € RV*Mo and K' € RV*M are, respectively, defined
as

K’ = [k(x))—k(z}), k(x)—k(z), - - - , k(xy, )—k(z},)]  (16)

K' = [k(x))—k(z}), k() —K(z}), - - - . k(x}, )—k(z),)] . (17)

With the relaxed objective function G’(B), the optimal B*
can be obtained as

Tr (B” (K°K"" + yK'K'") B)
Tr (BTK'K!7B)
st |Bih<ti=1--- k.

B* = arg max
B (18)

According to [30], the objective function in (18) is in the form
of trace ratio, so the closed form solution does not exist. We
therefore reformulate it into a more tractable one in the form
of ratio trace as

B =

_1 o~
argmax Tr (B"K'K'"B) 'B” (K"K""+yK'R") B))
19)

After obtaining the optimal B* = [B], B3, -, Bi], the
optimal hashing function f;*(x), can thus be obtained as

st |Bih =t i=1,-- k.

fx) = BT k(x). (20)

C. Semisupervised Hashing via Kernel Hyperplane Learning
With Multiple Kernel Learning

Most of the existing methods exploit a single type of feature.
However, usually it is not discriminative enough for large-
scale semantic image and video searches. Therefore, in this
paper, we employ multiple types of features to obtain better
hashing functions, i.e., each hashing function is obtained by

binarizing the sum of the outputs from multiple hyperplanes
corresponding to multiple types of features

1if gi(®) =30 1) O fni(X) > 7
hix) = { 0 otlferwise Zmton @D
where ¢ is the number of different types of features. The
different types of features are actually extracted from the same
image; thus, these features can be considered as different views
of each sample. Therefore, the spaces from different views of
features roughly have the same structure, which means that the
optimal hashing hyperplanes from different views also roughly
have the same structure, i.e., the same support vectors and the
same coefficients. Therefore, we can use the same support
vectors (with different feature representations) and the same
coefficients to represent the optimal hashing hyperplane. As a
result, g;(x) can be reformulated as

g0 =B (3 onkn®)

where k,,(x) is computed from the m™ type of feature accord-
ing to (7), and w,, is the weight for the m” type of feature.
Thus, (19) can be reformulated as

(22)

B'=argmax Tr ((BTst)“ (BTSbB))

s.t.Zwmzl,meO,mzl,-~-,c (23)
m=1
Bili <t i=1,---k
with
¢ 1 ¢ N\
Sy = (Z » a)me) (Z » mem)
c C T
Sb = (Za)mK?n> <Zme9n> + (24)
m=1 m=1

c c T
14 Zmefln_RtllxN> Zmeﬁn_l}lllxN> .
=1 =1

The kernel matrices K% and K! are calculated from the m™
type of feature according to (16) and (17). The kernel matrix
K! is also calculated from the m™ type of feature as K/, =
[km(xl), Kk,(x), - ,km(x]v)}. The mean vector k’ is defined

as k' = % S S ok (X)), Xi € X.

D. Optimization

It is difficult to solve the objective function in (23) directly
since it is nonconvex. Following MKL-DR [31], we iteratively
optimize B and @ (@ = [w;, w7, --- ,w:]T) as shown in the
algorithm in Table I. The details of the procedure are given
on the next page.

Step 1: given », optimize B. We notice that, when fixing o,
the objective function (23) is similar to that of the SLDA [26].
The main difference is that we enforce the coefficients corre-
sponding to the support vectors (rather than the final projection
coefficients as in SLDA) to be sparse. Following [26], we in-
troduce an intermediate variable A = [a;, a,, --- , a;] € RV*K



708 IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 24, NO. 4, APRIL 2014

TABLE I
ALGORITHM OF SEMISUPERVISED HASHING VIA KERNEL
HYPERPLANE LEARNING WITH MKL

Semi-supervised Hashing via Kernel Hyperplane Learning with MKL

Input: Unlabeled dataset A'™; the number of hashing functions
k: the weakly labeled dataset consisting of X and X',

Output:  Coefficients 3, 2. -+ , By for k hashing functions
and the weights wy,, for each type of feature.

Initial: Initialize A, B and w with all the entries as 1;
Calculate K}, K}, H;, and R, according to (16),
(17), (26) and (27).

Repeat

Step 1: Given w, optimize B
Repeat
1) Given A, solve k independent Lasso problems
Iwm&—W&WJMﬁMSM:L~mL
2) Given B, A can be obtained by using SVD
R,T (H;‘:'Hb) B=UDV"T A=Uy.uVi,
Until: the changes of B from two successive iterations
is smaller than =.

Step 2:  Given B, optimize w by using SDP
mianSﬁ?w. .\'.LwTSbAw= 1, 3 wm=1,wm =0.
b m=1
Until: the changes of B and w from two successive iterations

are smaller than =.

and equivalently reformulate the objective function in (23) as
a regression problem. (Please refer to [26] for more details.)

. k -
min > (IR, a; — HyBil + 18] Sui}

(25)
st |Bilh <t,i=1,---,k, and ATA =T
where H, € RMo+M*N and R, € RV*N are defined as
c o\T
H, = (CZ"FI ‘”";K"a)t (26)
\/7 (Zm:l Cl)me—k 11><N>
S, =R’R,, (27)

where R,, is obtained by using the singular value decompo-
sition (SVD) of S,,. As suggested in [26], we employ the
alternating optimization method to optimize A and B.

Given A, we solve the following problem to obtain B:

k
B*=arg mBinle {IH,R; 2, —HyBi[1*+1B S, B}
st |Bih <ti=1,--- k.

(28)

Observing that 81, B2, - - - , Bi are independent in (28), we sep-
arately optimize each B; by solving the following optimization
problem:

B = arg n};n lly; — HpBill> + A B! S.B:

P 29
= argmin I¥: — WBill", s.t.1Bili <t

i

where

B T
vi=HR,'a. 5= [y 0r.x]" W=[HLVARI]  GO)

In this paper, we use the least angle regression [32] to solve
Bi.

Given B, we can ignore the constraint on f; and directly
solve A by minimizing the following optimization problem:

* _ - k g 2
A*=argmin ) [HR,'a; — Hy |

= argmin IH,R,'A — H,B|?, s.t. ATA =Ty

(3D

The optimal A* can be solved by using SVD, namely
R," (H/H,) B=UDV"

:J ( b b)T (32)

A" = Unvsi Vi

where Uy and Vi, are, respectively, the top k eigenvectors
of U and V corresponding to the top k largest eigenvalues.
Finally, we iteratively solve (28) and (31) until the absolute
difference of B from two successive iterations is smaller than
a predefined threshold.

Step 2: given B, optimize ®. When B is fixed, according
to MKL-DR [31], the objective function in (23) becomes

min @’ SAw
¢ ¢ (33)
s.t. wTSf,‘w =1, Zm:l on=1,w, >0
where
M,
si=Y" (Kx)-Kz))' BBT (Kx))—K(@)
e
St=>" (Ka)—K()) " BBT (Kx)—K(z) (34)
i=1
N
> (Kx)—K115)" BBT (K(x)—k'11.)
i=1
with
K(x) = [ki(x), ka(x), -+, ke(x)] € RV, (35)

In fact, the objective function in (33) is a nonconvex
quadratically constrained quadratic programming (QCQP)
problem, which is difficult to be solved. According to [31],
this problem can be relaxed to a convex problem by adding
an auxiliary variable 2 of the size k x k. (Please refer to [31]
for more details.)

min Tr (S5 Q)

@,

s.t. Tr (S?Q) =1, Z;zl o, =1 (36)
T

w,>0m=1,2,---,c, [ ‘10 ;02 :| > 0.

This problem can be efficiently solved by the semidefinite
programming (SDP) solver [42].

The above two steps are repeated alternatively until the
absolute differences of B and @ from two successive iterations
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are both smaller than a predefined threshold ¢ (¢ = 0.001 in
this paper).

In the whole algorithm, the main cost lies in the Step 1,
since k Lasso problems need to be solved in each iteration.
Therefore, a smaller ¢ leads to less time.

Note that if only a single type of feature is used as in (23),
i.e., ¢ = 1, we only need to conduct Step 1 for the optimization.

E. Discussion

The difference with WSH [20]. The work in [20] and our
method both employ the kernel hyperplane as the hashing
function, in which the hashing hyperplane is represented as
a combination of support vectors according to the Representer
theory. In [20], the random sampling method is employed to
reduce the time complexity and it also exploits the typical
SVM-based objective function. In contrast, in our work, we
employ the Fisher-like criterion to choose the support vectors
and simultaneously determine the corresponding combination
coefficients.

The difference with MLH [22] and BRE [10]. The works
in [22] and [10] measure the compatibility of Hamming
distances between hashing codes and the binary labels (or
the similarity) by using the hinge-like loss in [22] or L,-
norm loss in [10]. On the contrary, our method formulates
the supervision information by using Fisher-like criterion.
Moreover, our work can be easily extended to a multiclass
scenario. However, it is unclear how to extend the works
in [22] and [10] for multiclass problem except explicitly
converting the multiclass classification problem into a set of
binary classification problems.

The difference with SSH [25]. The work in [25] and our
method maximize the distances between the dissimilar pairs,
and meanwhile minimize the distances between the similar
pairs, to learn the Hamming codes. However, the difference
operation is used to compare the distances from the similar
and dissimilar pairs in [25], while the Fisher-like criterion is
adopted in our method. The experiments demonstrate that our
method is more effective when compared with [25].

In summary, the benefits of our proposed method come from
two aspects. 1) like most existing methods (e.g., WSH [20] and
BRE [10]), our method represents each hashing function as
a combination of the support vectors. However, most existing
methods randomly select the support vectors and only optimize
for the combination coefficients. In contrast, in our method
the support vectors are automatically determined from the
unlabeled data set and the combination coefficients are also
learnt at the same time. 2) When compared with the existing
semisupervised methods (e.g., BRE [10] and SSH [25]), we
propose to use a Fisher-like objective function to utilize the
weakly labeled data, which has already been proven to be
effective for many applications such as face recognition.

In contrast to the traditional semisupervised hashing meth-
ods, we do not consider the data distributions or geometric
structure of the unlabeled data. However, the unlabeled data is
indeed used to construct the hyperplanes, leading to promising
results. Moreover, the criterion related to the hash bucket
balance is also helpful to improve the results.

III. EXPERIMENTS

In this section, we compare the proposed method with the
existing methods on two large-scale image datasets, CIFAR-
100 [27] and NUS-WIDE [28]. Note that our work is also ap-
plicable for video retrieval because our method can be readily
used for video key frames. For all experiments, the semantic
class label is employed as the ground truth. Four commonly
used measurements are employed to evaluate the quantitative
performances of all approaches: 1) the average precision of
top 500 by only evaluating the top 500 returned images for
each query [11], [33]; 2) the mean average precision (mAP)
[11] from the recall-precision curve; 3) the precision within
Hamming radius 2 and 4) when using the precision within
Hamming radius 2, the query that does not have any returned
samples within the hamming ball of radius 2 is treated as a
failed query with the precision as zero, so the corresponding
success rate is also reported according to [25].

A. Experimental Setting

CIFAR-100 dataset [27] is a labeled subset of the 80 million
tiny images dataset [34]. It consists of 60000 32 x 32 color
images from 20 classes, with 3000 images per class. Among
them, 50000 images are used as the training set and the
remaining 10000 images are used as the test set. On this
dataset, we extracted four types of features: 320-D GIST [35];
225-D color moment (CM) [36], [37]; 73-D edge direction
histogram (EDH) [38]; and 128-D wavelet texture (WT) [39].

The NUS-WIDE dataset [28] is a web image dataset cre-
ated for image annotation and retrieval. This dataset con-
tains 269 648 images and the ground-truth annotations for
81 concepts. This dataset provides six types of low-level
features including 64-D color histogram (CH), 144-D color
correlogram (CORR), 73-D EDH, 128-D WT, 225-D block-
wise CM extracted over 5 x 5 fixed grid partitions and 500-D
bag of words (BoW) feature based on SIFT descriptions. In our
experiment, BoW is excluded due to its high dimensionality.
After removing the samples with multiple class labels, we have
about 47 572 images for the training set and 31 645 images for
the test set.

For both datasets, 10% of the randomly selected images
from the test set are used as the query images and the full train-
ing set is used as the target searching dataset. 10 000 randomly
selected pairs (with 5000 pairs from the same class and 5000
pairs from the different classes) from the training set are used
as weakly labeled information for SSH [25], BRE [10], and our
method. Moreover, only 3000 randomly selected samples are
used for constructing the kernel hyperplanes in our method,
while about 50000 (resp. 47572) images are employed for
training in other existing methods and formulating the hash
bucket balance constraint in our method on the CIFAR-100
(resp. NUS-WIDE) dataset.

For our method, the radial basis function (RBF), i.e.,
kn(x,z) = exp (—p||x —z||2), is employed for all types of
features with p = % where I' is the mean of all related
distances, as suggested in [40] and [41]. The parameters
t and y in (23) are empirically set to 0.1 and 0.00001,
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Fig. 2. Results of different methods on the CIFAR-100 dataset in terms of (a) average precision of top 500 and (b) mean average precision (mAP).
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of (a) precision within Hamming radius 2 and (b) success rate.

respectively. The proposed method using single type of fea-
ture is denoted as SKHL and it can converge within 3~5
iterations. Our proposed method in Table I can converge
to the local optimum within about 10 iterations. We also
investigate our method without employing multiple kernel
learning, namely, we concatenate all the features as a lengthy
feature vector and directly use our SKHL on the concate-
nated feature in order to fairly compare our work with
the exiting methods. We denote our method using MKL
and without using MKL as SKHL-MKL and SKHL-CF,
respectively.

In this paper, we compare our method with the existing
methods including SSH without orthogonal relaxation [25],
PCA-based iterative quantization (PCA-ITQ) [11], BRE [10],
SKLSH [14], SH [7], and LSH [6], [2]. Among them, SSH,
BRE and our method follow the semisupervised paradigm,
SKLSH, SH, and LSH follow the unsupervised paradigm, and
PCA-ITQ is the state-of-the-art method. We cannot compare
our method with the CCA-ITQ [11] since full label informa-
tion is unavailable.

B. Evaluation With Multiple Types of Features

We compare our SKHL using multiple types of fea-
tures with the state-of-the-art methods including SSH [25],
PCA-ITQ [11], BRE [10], SKLSH [14], SH [7], and LSH
[6], [2]. In this evaluation, since these existing methods
are designed with a single type of feature, to make a fair
comparison all types of features are concatenated to form one
lengthy feature vector.

Figs. 2 and 4 show the evaluation results of all methods on
the CIFAR-100 dataset and the NUS-WIDE dataset in terms
of average precision of top 500 and mAP, respectively. From

— PCATO

b a— SEH

Smecess Rate
-

®-- SKHL-CF

a— SKHL-MKL

(b)

Comparison of our methods SKHL-CF and SKHL-MKL with two most competitive methods PCA-ITQ and SSH on the CIFAR-100 dataset in terms

Figs. 2 and 4, we observe that PCA-ITQ performs the
best among all the existing methods since it considers the
quantization error. Our method without using MKL (i.e.,
SKHL-CF) performs better than all the other methods in
terms of the average precision of top 500 and mAP. Our
method can further improve the performance after employing
the MKL to fuse multiple types of features, i.e., SKHL-MKL
is generally better than SKHL-CF and it also outperforms
other existing methods in most cases. The weight obtained
for each type of feature is shown in Fig. 6.

We also compare our methods with the two most compet-
itive methods (i.e., SSH [25] and PCA-ITQ [11]) in terms
of precision within Hamming radius 2 and success rate in
Figs. 3 and 5. Again, our methods generally outperform the
two existing methods on the NUS-WIDE dataset. On the
CIFAR-100 dataset, our methods are generally better than
SSH and it is comparable with PCA-ITQ. These results again
demonstrate the effectiveness of our work. To visualize the
returned semantic neighbors, we show the retrieval results for
two example queries in Fig. 10, from which one can see our
method can retrieve more relevant images than the existing
methods.

C. Evaluation With a Single Type of Feature

The proposed method is also evaluated with single type of
feature in terms of average precision of the top 500 returned
neighbors. Again, we compare our method with the most
competitive methods SSH [25] and PCA-ITQ [11].

On the CIFAR-100 dataset, all methods are evaluated when
using each of the four types of features including GIST,
CM, EDH, and WT, and the results are shown in Fig. 7.
On the NUS-WIDE dataset, all methods are evaluated when
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0.14 GIST L b CM
| oIl =
— - —+—PCAITOQ
i a9 ¥ e SSH
+ —*—SKHL 0.07 + —a—SKHL
0 oo TS
o SESSEEREEE umis
EDH wT
—— PCAITQ | ——PCA-ITQ
[y _,_ssH '.’.,.—‘—"""_H_',.,. e §SH
——
e —a—SKHL et aaa—aSKHL
" 00 20 30 40 50 60 70 nBits SRARSREREFZE s

Fig. 7. Comparison between our method SKHL and two most competitive
methods PCA-ITQ and SSH when using each type of feature (i.e., GIST, CM,
EDH, or WT) on the CIFAR-100 dataset.

using each of the five types of features including CH, CM,
EDH, WT, and CORR, and the results are shown in Fig. 8.
According to both figures, SSH performs better when using
a small number of bits, because most variance of the relaxed
hashing functions lies on the top few directions. Our method
performs better than both PCA-ITQ and SSH when using all
types of features even though our method does not consider the
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Fig. 8. Comparison between our method SKML and two most competitive
methods PCA-ITQ and SSH when using each type of feature (i.e., CH, CM,
EDH, WT, or CORR) on the NUS-WIDE dataset.

quantization error as in PCA-ITQ. This demonstrates that our
method can indeed obtain a set of more discriminant hashing
functions.

There is a parameter ¢ controlling the sparsity in the pro-
posed SKHL. So we also evaluate the performance variations
with different values of ¢ in Fig. 9. When ¢ is very small,
SKHL-MKL does not perform well because only a limited
number of support vectors are chosen. When ¢ is set to be
about 0.12, SKHL-MKL performs the best with less than
100 support vectors chosen for each hyperplane. When ¢
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Fig. 9. Performance variations of our SKHL-CF and SKHL-MKL with
different parameter ¢ on the NUS-WIDE dataset.
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Fig. 10. Retrieval results of two example queries. For each query, the image
in the first column is the query image, while the images in four rows are
respectively the top retrieved images by using our SKHL-MKL, PCA-ITQ,
SSH, and LSH. Images highlighted in red rectangle are irrelevant images.

becomes larger, the performance of SKHL-MKL degrades. We
will study how to automatically determine the optimal ¢ in
the future.

IV. CONCLUSION

In this paper, we propose a semisupervised Hashing ap-
proach via kernel hyperplane learning for scalable image
search. In our method, each hashing function is modeled
as a nonlinear kernel hyperplane constructed from an un-
labeled dataset. Through maximizing a Fisher-like criterion
on a weakly labeled dataset only with side information,
we obtain a set of optimal kernel hyperplanes and hashing
functions. Our method can also combine with MKL to fuse
multiple types of features for generating better hashing codes.
The experimental results on the CIFAR-100 and NUS-WIDE
datasets demonstrate that our method achieves the state-of-the-
art performance.

In this paper, each hashing function is updated indepen-
dently in each iteration, and it is interesting to study how
to update them jointly, which will be studied in the future.
Moreover, the proposed method is also applicable for video
retrieval by using the video key frames as the input. In
the future, we will exploit the video structure or temporal
information for more effective video retrieval.
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