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ABSTRACT

1.

Content Based Image Retrieval (CBIR) has attracted increasing attention from both academia and industry. Relevance Feedback is one of the most eﬀective techniques to
bridge the semantic gap in CBIR. One of the key research
problems related to relevance feedback is how to select the
most informative images for users to label. In this paper,
we propose a novel active learning algorithm, called Locally
Regressive G-Optimal Design (LRGOD) for relevance feedback image retrieval. Our assumption is that for each image, its label can be well estimated based on its neighbors
via a locally regressive function. LRGOD algorithm is developed based on a locally regressive least squares model which
makes use of the labeled and unlabeled images, as well as simultaneously exploits the local structure of each image. The
images that can minimize the maximum prediction variance
are selected as the most informative ones. We evaluated the
proposed LRGOD approach on two real-world image corpus:
Corel and NUS-WIDE-OBJECT [5] datasets, and compare
it to three state-of-the-art active learning methods. The experimental results demonstrate the eﬀectiveness of the proposed approach.

With the profusion of digital cameras, camera cell phones,
as well as online photo sharing service (e.g., FlickrT M 1 ),
large collection of images are now available to average users.
But with that massive images within our reach, how do we
go about ﬁnding the ones we want to see? Content-based
image retrieval (CBIR) is a promising technique to address
this issue of ﬁnding the images of interest by analyzing and
comparing the content of all images in a database [6, 14]. It
uses the low level visual feature to represent image content
and retrieve images based on the similarity of their visual
features. Most CBIR systems allow users to issue a query by
means of uploading an example image, called query by example (QBE). Although CBIR has been extensively studied,
one problem with it is the reliance on visual similarity for
judging semantic similarity, which limits the retrieval performance due to the semantic gap between low-level visual
features and high-level semantics [6, 14, 29, 7, 21].
Relevance feedback is the key technique to narrow down
the semantic gap by exploiting users’ interaction with CBIR
systems [16]. In particular, users are encouraged to provide
relevance judgements for the images retrieved by CBIR system, and relevance feedback algorithms are designed to learn
and understand users’ information needs from the feedbacks.
In typical passive relevance feedback, the most relevant images (i.e., the top images returned by retrieval system) are
presented for the users to give feedbacks. However, the feedbacks on these images do not provide the retrieval system
with much additional information other than what it already
knows about the users’ information needs. Thus, one of the
important research questions related to relevance feedback
becomes how to select the most informative images to maximize the information gain.
Recently, active learning has been introduced into CBIR [13,
18]. By actively selecting a set of most informative images for user to label, the retrieval system is able to understand the user’s information need and thus improve the
retrieval performance eﬀectively. The most popular active
learning approach is Support Vector Machine active learning (SVMactive ) [17]. SVMactive builds a SVM classiﬁer
from feedback images to separate images that are relevant
to user’s query from those that are not. The informative
samples are deﬁned as the samples that are close to the
SVM boundary, since they are usually the samples that the
classiﬁer is most uncertain about. One of the major shortcomings of SVMactive is that the estimated boundary may
not be accurate enough, especially when the labeled samples
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INTRODUCTION
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are insuﬃcient, which is the case in relevance feedback.
The problem of selecting samples to label is typically referred to as experimental design in statistics. The sample
x is referred to as experiment, and its label y is referred to
as measurement. The study of Optimum Experiment Design (OED) [1] is concerned with the design of experiments
that are expected to minimize variances of a parameterized
model. There are two types of selection criteria for OED.
One type is to select samples to minimize the variance of
estimated model parameters, which results in A-,D- and EOptimal Design. The other is to minimize the variance of
the predication value, which results in I- and G-Optimal
Design. All these algorihtms are based on a supervised
learning algorithm: linear regression, which only takes into
account the labeled data. In relevance feedback image retrieval, the labeled images are usually insuﬃcient since users
are not willing to provide too many feedbacks, while the
unlabeled images are often plentiful. In this case, supervised learning algorithm may not perform well due to the
lack of training data. Recent progress on semi-supervised
learning shows the unlabeled data used with a small number of labeled samples can improve the learning performance
greatly [30, 3, 20, 19, 26]. Motivated by this, new OED algorithms have been proposed based on semi-supervised learning framework [24, 12, 28, 11, 10, 4]. Based on Laplacian
Regularized Least Squares(LapRLS) [2], Laplacian Regularized OED algorithms have been developed recently, including Laplacian Regularized A-, D-, I-, and G-Optimal Designs[12, 28, 11, 10, 4]. They select the images that can
minimize the variance of the parameters or the prediction
of LapRLS. All of these approaches are based on the assumption that if two samples are close to each other, their
prediction values are close as well. Although the Laplacian
Regularized OED performs more eﬀectively than the classic
OED, it is not able to make full use of the data distribution.
Motivated by the above observations, in this paper, we
propose a novel Optimum Experimental Design algorithm,
called Locally Regressive G-Optimal Design (LRGOD), for
relevance feedback image retrieval. Our assumption is that
for each sample, its label can be well estimated based on its
neighbors via a locally regressive function. LRGOD is developed based on a locally regressive Least Squares model,
which makes use of both the labeled and unlabeled data, as
well as simultaneously exploits the local structure of each
sample. The samples that can minimize the maximum prediction variance of the locally regressive Least Squares model
are selected as the most informative samples and presented
for the users to give feedbacks. We further perform LRGOD
in the Reproducing Kernel Hilbert Space (RKHS) to obtain the nonlinear version. The experimental results on two
real-world image corpus: Corel and NUS-WIDE-OBJECT
datasets, demonstrate the eﬀectiveness of the proposed approach.
The rest of this paper is organized as follows. In Section2,
we provide a brief review of the related work. Our proposed
Locally Regressive G-Optimal Design (LRGOD) is elaborated in Section 3. In Section 4, we describe how to perform
LRGOD in Reproducing Kernel Hilbert Space. In Section 5,
we compare the proposed LRGOD to the state-of-the-art active learning algorithms and report the experimental results
on image retrieval. Finally, the conclusions and future works
are discussed in Section 6.

2.

RELATED WORK

As aforementioned, the most related work to the proposed
approach is optimum experimental design. In this section,
we will ﬁrst provide a brief description of the generic active
learning problem and then describe the conventional optimum experimental design.

2.1

The Active Learning Problem

Given a set of samples X = {x1 , x2 , · · · , xN }, where xi ∈
Rd is the d-dimensional feature vector, the generic problem
of active learning is to ﬁnd a subset Z = {z1 , z2 , · · · , zK } ⊆
X containing the most informative samples zk . That is, if
samples Z are labeled and used as training samples, the
underlying classiﬁer can predict the labels of the unlabeled
samples most precisely [28].

2.2

Optimum Experimental Design

Optimum Experimental Design (OED) has received increasing attention due to its theoretical foundation and piratical eﬀectiveness [1]. OED considers a linear regression
model
y = wT x + ε,

(1)

where w ∈ Rd are the model parameters, y is the real-valued
output, and ε is the measurement noise which is a Gaussian
random variable with zero mean and constant variance σ 2 .
OED aims to choose the most informative samples Z =
{z1 , z2 , · · · , zK } from X to learn a prediction function f (x) =
wT x so that the expected prediction error can be minimized [1]. Given a set of selected samples Z and the corresponding labels Y = {y1 , y2 , ..., yK }, the linear regression
model can be estimated following the least squares criteria:
min
w

K
∑
(yi − wT zi )2 .

(2)

i=1

The optimum solution is
ŵ = (ZZT )−1 Zy,

(3)

where Z = [z1 , z2 , · · · , zK ] is the d × K feature matrix, and
y = [y1 , y2 , ..., yK ]T is the label vector. It can be proved [9]
that ŵ is an unbiased estimation of w and its covariance
matrix is given as
Cov(ŵ) = σ 2 (ZZT )−1 .

(4)

The conventional OED can be classiﬁed into two categories as according to the sample selection criteria. The ﬁrst
category is to select the samples that can minimize the size
of the parameter covariance matrix, including D-, A-, and
E-Optimal Design [1]. D-Optimal Design aims to select the
samples to minimize the determinant of Cov(ŵ) and thus
minimize the volume of the conﬁdence region. A-Optimal
Design attempts to minimize the trace of Cov(ŵ) and thus
minimize the minimizes the dimensions of the enclosing box
around the conﬁdence region. E-Optimal Design minimizes
the maximum eigenvalue of Cov(ŵ), i.e., the size of the major axis of the conﬁdence region. The other category aims
to select the samples to minimize the variance of predication value, which results in I- and G-Optimal Design. For
each sample x, its prediction value is ŵT x and the variance
of the prediction value is xT Cov(ŵ)x = σ 2 xT (ZZT )−1 x. IOptimal Design minimizes the average variance of prediction

value. G-Optimal Design chooses the most informative samples that can minimize the maximum variance of prediction
value:
T

T −1

argmin max x (ZZ )
Z⊆X

x∈X

x.

By taking the derivative of the objective function with
respect to wi and bi , we get the following solution:
wi = (Xi PXTi + ηI)−1 Xi Pfi

(5)

As aforementioned, the conventional Optimum Experimental Design is based on supervised learning algorithm
and usually suﬀers from insuﬃcient training sample problem. To address this issue, Laplacian Regularized OED has
been proposed to take into account both the labeled and
unlabeled data, including Lapalcian Regularized A-, D-, I-,
and G-Optimal Design [12, 10, 11, 28, 4]. All of these approaches are based on Laplacian Regularized Least Squares
(LapRLS) [2], which assumes that if two samples xi and
xj are close to each other, their prediction values f (xi )
and f (xj ) are close as well. They then select those samples that can minimize the variance of the parameters or
the prediction variance of LapRLS. Laplacian Regularized
OED mainly relies on an underlying k nearest neighborhoods
graph, where the similarity among k nearest neighborhoods
is set to 1, and 0 otherwise. Although it performs more effectively than the classic OED, it is not able to make full
use of the data distribution.

(8)
bi =

1
(1Tk+1 fi
k+1

− 1Tk+1 XTi wi )

1
where P = I − k+1
1k+1 1Tk+1 ∈ R(k+1)×(k+1) .
We substitute Eq.(8) for wi and bi and rewrite the objective function in Eq.(6) as
N
∑

{∥ PXTi (Xi PXTi + ηI)−1 Xi Pfi − Pf(i) ∥2

i=1

+ ηfiT PXTi (Xi PXTi + ηI)−2 Xi Pf(i) }
N
∑
=
fiT (P − PXTi (Xi PXTi + ηI)−1 Xi P)fi

(9)

i=1

Similar to [23], we introduce Oi ∈ RN ×(k+1) in which
Oi (u, v) = 1, if u = qi (v), and Oi (u, v) = 0, otherwise.
qi = [i, i1 , i2 , · · · , ik ]T are the sample indices in Nk (xi ). Let
f = [f1 , f2 , · · · , fN ]T , we get fiT = f T Oi . Then, we can
rewrite Eq.(9) as
N
∑

f T Oi (P − PXTi (Xi PXTi + ηI)−1 Xi P)OTi f = f T Lf .

i=1

(10)

3. LOCALLY REGRESSIVE G-OPTIMAL
DESIGN
In this section, we will introduce a novel active learning
algorithm, called Locally Regressive G-Optimal Design (LRGOD). Our approach is essentially based on the assumption
that for each sample, its label can be well estimated based
on its neighbors through a locally regressive function. The
samples that can minimize the maximum predictive variance
of a locally regressive Least Squares model are selected for
labeling.

3.1 Locally Regressive Function
Recall that the linear regression model in Eq.(1), the predictive label of xi is fi = wT xi . Our assumption is that the
value of fi can be well estimated based on the neighbors of
xi . Let Nk (xi ) = {xi , xi1 , · · · , xik } denote the sample xi
and its k-nearest neighbors. That is, fi should approach to
the output of a local model that is trained locally with the
data {xj , fj }xj ∈Nk (xi ) [22, 23]. Here, we adopt a local linear
regression model oi (x) = wiT x + bi , where wi ∈ Rd are the
model parameters and bi ∈ R is the bias. The local model
oi (x) can be estimated by solving the following optimization
problem.
∑
min
(wiT xj + bi − fj )2 + η ∥ wi ∥2 ,
(6)
wi ,bi

xj ∈Nk (xi )

where the regularization term ∥ wi ∥2 is used to avoid the
“overfitting.”
By summing Eq. 6 over all the samples [23], we obtain
min

{wi ,bi }N
i=1

N
∑

{∥ XTi wi + bi 1k+1 − fi ∥2 +η ∥ wi ∥2 }, (7)

i=1

where Xi = [xi , xi1 , xi2 , · · · , xik ] is the feature matrix containing all the samples in Nk (xi ), 1k+1 ∈ Rk+1 is a vector
with all ones, and fi = [fi , fi1 , fi2 , · · · , fik ]T .

where L is deﬁned as



L = [O1 , · · · , ON ] 

L1


 [O1 , · · · , ON ]T ;

···
LN

(11)

T
−1 X P)OT .
Li = Oi (P − PXT
i
i (Xi PXi + ηI)
i

Recall that the linear regression model fi = wT xi in
Eq.(1). Based on Eq.(10), we get the ﬁnal locally regressive function as
wT XLXT w.

3.2

(12)

Locally Regressive G-Optimal Design

As aformentioned, the classic OED and Laplacian regularised OED may not perform well due to the lack of training
data or its limitation in making full use of data distribution.
Motivated by this, we here propose a locally regressive least
squares algorithm to take advantadge of both labeled and
unlabeled data as well as simutaneously exploit the local
structure of samples. Based on the least squares in Eq.(2)
and the locally regressive function in Eq.(12), the locally
regressive least squares algorithm is formulated as follows
J(w) =

K
∑

(wT zi − yi )2 + ηwT XLXT w + γ ∥ w ∥2

i=1
T

= (Z w − y)T (ZT w − y) + ηwT XLXT w + γ ∥ w ∥2 ,
(13)
where zi is the labeled sample in Z = {z1 , z1 , · · · , zK }
which is a subset of X , yi ∈ {1, −1} is the label of zi .
Z = [z1 , z2 , · · · , zK ] is the d × K feature matrix, and y =
[y1 , y2 , ..., yK ]T is the label vector. The regularization term
∥ w ∥2 is employed to control model complexity.
By setting the derivatives of J(w) to zero with respect to
w, we get
(ZZT + ηXLXT + γI)w − Zy = 0,

(14)

which leads to the optimal solution as
ŵ = (ZZT + ηXLXT + γI)−1 Zy = H−1
e Zy,

(15)

2

T
T
∂ J
where He = ∂w
2 = ZZ +ηXLX +γI is the hessian matrix
of J(w).
Given a test sample x, the prediction value is ŵT x with
variance as:

According to Representer Theorem [2], the optimal solution fˆ is an expansion of kernel functions over both the
labeled and unlabeled data:

T
−1
xT Cov(ŵ)x = xT H−1
e ZCov(y)Z He x

fˆ(x) =
(16)

T
−1
= σ 2 xT H−1
e ZZ He x.

Our Locally Regressive G-Optimal Design (LRGOD) then
selects the most informative samples to minimize the maximum variance of the prediction value.
T
−1
argmin max{xTi H−1
e ZZ He xi }.
Z⊆X

(17)

xi

3.3 Solution
We adopt a sequential optimization approach to solve the
Eq.(17) eﬃciently. Suppose a set of k samples Zk = {z1 , z2 ,
· · · , zk } ∈ X have been selected as the k most informative
samples. Let Zk = [z1 , z2 , · · · , zk ] denote the feature matrix. We deﬁne
Hk = Zk ZTk + ηXLXT + γI
(18)
H0 = ηXLXT + γI.
The (k + 1)-th sample zk+1 is selected as:
zk+1 =

argmin max{xTi (Hk
z∈X −Zk xi

T −1

+ zz )
T −1

(Hk + zz )

(Zk ZTk

(Hk + zz )

=

H−1
k

−

argmin{(y − KZX α)T (y − KZX α)
α

+ ηαT KXX LKXX α + γαT KXX α},

(24)

where KXZ is a N × K kernel matrix with KXZ (i, j) =
K(xi , zj ), KXX is a N × N kernel matrix with KXX (i, j) =
K(xi , xj ), and KZX = KTXZ .
By setting the derivatives of the objective function to zero
with respect to α, we get the optimal solution as
α̂ = (KXZ KZX + ηKXX LKXX + γKXX )−1 KXZ y, (25)
Denote KXZ KZX + ηKXX LKXX + γKXX by M. The
covariance of α̂ is given as

M−1 uvT M−1
.
1 + vT M−1 u

(20)

−1
T
H−1
k zz Hk
.
−1
1 + zT H k z

Given a test sample xi , the prediction value is
with variance as:

∑N
j=1

kTi Cov(α̂)ki = σ 2 kTi M−1 KXZ KZX M−1 ki ,

α̂j K(xi , xj )
(27)

where ki = [K(xi , x1 ), K(xi , x2 ), · · · , K(xi , xN )]T is the ith column vector of KXX corresponding to xi .
Thus, our kernel Locally Regressive G-Optimal Design is
deﬁned as
argmin max{kTi M−1 KXZ KZX M−1 ki }.
Z⊆X

xi

(28)

(21)

In this section, we develop a nonlinear version of LRGOD
by performing experimental design in the Reproducing Kernel Hilbert Space (RKHS).
Let K(·, ·) denote a positive deﬁnite mercer kernel K :
Rn × Rn → R, and HK be the corresponding Reproducing
Kernel Hilbert Space (RKHS). Consider the optimization
problem Eq.(13) in RKHS. We aim to ﬁnd a function f ∈ HK
to minimize the following objective function:
(f (zi ) − yi )2 + ηfLf T + γ ∥ f ∥2H ,

(26)

= σ 2 M−1 KXZ KZX M−1 .

xi }

4. KERNEL LOCALLY REGRESSIVE
G-OPTIMAL EXPERIMENT DESIGN

K
∑

Substituting this form into Eq.(22), we can arrive at the
convex diﬀerentiable objective function of the N -dimensional
variable α = [α1 , α2 , · · · , αN ]T :

+ zz )

We thus only need to compute the inverse of H0 . The inverse
of Hk+1 can be computed according to the above equation
once zk+1 is found.

J(f ) =

(23)

Cov(α̂) = M−1 KXZ Cov(y)KZX M−1

Thus, we can calculate (Hk + zzT )−1 as
T −1

α̂i K(x, xi ).

i=1

T

(19)
As can be seen, the most expensive calculation in Eq.( 19) is
the matrix inverse (Hk + zzT )−1 . Here we use the ShermanMorrison-Woodbury formula [8] to avoid directly inverting a
matrix. Given an invertible matrix M, two column vectors
u and v, the Sherman-Morrison-Woodbury formula states:
(M + uvT )−1 = M−1 −

N
∑

(22)

i=1

where f is the vector [f (x1 ), f (x2 ), · · · , f (xN )]T , fLf T is the
locally regressive function, and ∥ f ∥2H is a regularization
term.

This optimization problem can be solved through the following sequential optimization approach. Suppose k samples
have been selected, we deﬁne
Mk = KXZk KZk X + ηKXX LKXX + γKXX
(29)
M0 = ηKXX LKXX + γKXX .
The (k + 1)-th sample zk+1 can be found by solving the
following problem:
zk+1 = argmin max{kTi ((Mk + kz kTz )−1
z∈X −Zk

xi

(30)

(KXZk KZk X + kz kTz )(Mk + kz kTz )−1 )ki },
where kz = [K(z, x1 ), K(z, x2 ), · · · , K(z, xN )]T is the corresponding column vector in KXX of z
By using Sherman-Morrison-Woodbury formula, the inverse of Mk + kz kTz can be computed as
(Mk + kz kTz )−1 = M−1
k −

−1
T
M−1
k kz kz Mk
−1
1 + kTz Mk kz

(31)

5. EXPERIMENTS
We conducted experiments to evaluate the proposed approach and compare it to three state-of-the-art methods:
Support Vector Machine active learning (SVMactive) [17],
G-Optimal Design (GOD) [1] and the recently proposed
Laplacian Regularized G-Optimal Design (LapGOD) [4]. The
performance comparison was conducted on two real-world
image corpus: Corel and NUS-WIDE-OBJECT datasets, in
the task of relevance feedback image retrieval.

5.1 Data and Methodology
The Corel image dataset we used consists of 5,000 images with 50 semantic categories, while the NUS-WIDEOBJECT dataset consists of 30,000 images of 31 categories.
Figure 1 shows some sample images from NUS-WIDE-OBJECT
dataset. For the evaluation on Corel dataset, we randomly
selected 20 images from each category as the query images.
This gives rise to 1,000 query images in total. For the evaluation on NUS-WIDE OBJECT dataset, we randomly selected
around 50 query images from each category and obtained
1,550 queries in total. To represent the image content, we
extracted two types of visual features from each image: 225dimensional block-wise color moment extracted over 5-by-5
division of the image, where each division was represented
by a 9-dimensional feature, and 75-dimensional edge distribution histogram [15, 25]. We concatenated these features
into a 330-dimensional feature vector.
For performance comparison, we applied the above four
approaches (i.e., SVMactive, GOD, LapGOD, and the proposed LRGOD) on relevance feedback image retrieval. The
typical relevance feedback process is outlined as follows.
• Initially, the user submits a query image to the CBIR
system. The system ranks the images in database
according to certain pre-deﬁned distance metric and
presents to the user the top ranked images.
• The system then selects some images from the database
and requests the user to label them as “relevant” or “irrelevant.”
• The system uses the user’s feedbacks to re-rank the
images in the database then returns to the user the
top images. Go to the second step until the user is
satisﬁed.
Active learning approaches were applied in the second step
to select the most informative images to label. For example,
we used the proposed LRGOD algorithm to select the most
informative images to label. After we obtained the labels of
the selected images (“1” for relevant images and “-1” for irrel∑
evant ones), a nonlinear model f (x) = N
i=1 α̂i K(x, xi ) was
estimated by minimizing the objective function in Eq.(22).
The output of f (x) is the relevance score of x with respect to
the query. Then, all the images in database were re-ranked
according to their relevance scores. We adopted RBF Kernel
K(xi , xj ) = exp{−||xi − xj ||2 /2σ 2 } in our implementation.
To reduce the computation cost, we selected the most informative images from the top 300 images returned by the
retrieval system. In each feedback iteration, each of the four
active learning approach (i.e.,SVMactive, GOD, LapGOD,
LRGOD) selected 10 images to label. Images that have been
selected at previous feedback iterations were excluded from

later selections. For each query, the relevance feedback was
performed for ﬁve iterations. Note that SVMactive cannot be applied directly at the ﬁrst feedback iteration since
there is no training samples. Alternatively, at the ﬁrst iteration, we used the top 20 images as the training samples
for SVMactive and used the learned SVM classiﬁer to rerank the retrieval results. In our implementation, we did
not use all the unlabeled images in the database but only
those within the top 300 returns of previous iteration. The
tradeoﬀ parameters η and γ were set empirically and the
number of neighbors was set to 5. The performance metrics precision-scope and precision rate were used to evaluate
the retrieval performance [27]. The scope is speciﬁed by the
number (N ) of top-ranked images presented to the user. The
precision is the ratio of the number of the relevant images
within scope N . The precision-scope describes the precision with various scopes and thus gives an overall retrieval
performance evaluation. On the other hand, the precision
rate describes the precision at a particular value of scope.
In general, users do not want to browse the retrieval results
page by page and are only willing to browse the top-ranked
results. Therefore, the precisions at top results are highly
important, especially the precisions at top 10 and 20 results.

5.2

Experimental Results on Corel Dataset

Figure 2 illustrates the precision-scope of our proposed
LRGOD algorithm and the three representative methods:
SVMactive [17], GOD [1], LapGOD [4] on the Corel dataset.
Due to the space limitation, we only show the precisionscope for the ﬁrst four feedback iterations in Fig. 2. By iteratively performing relevance feedback, the corresponding
precision rates at top 10, 20, and 50 results of the four approaches are presented in Figure 3. From the experimental
results, the following observations can be obtained:
• The proposed LRGOD algorithm outperforms the other
three approaches on the entire scope and in every iteration. It especially performs well at the ﬁrst feedback
iteration. Since users are not willing to provide many
feedbacks, the retrieval performance at the ﬁrst feedback iteration is especially important. Consider the
precision at top 10 results, LRGOD achieves 21.7%,
19.6%, and 24.3% improvements at the ﬁrst iteration
as compared to SVMactive, GOD, and LapGOD, respectively.
• Both LRGOD and LapGOD are based on semi-supervised
learning algorithm. By taking into account both the
labeled and unlabeled data, LRGOD and LapGOD
perform better than SVMactive and GOD algorithms
which only utilize the labeled samples and usually suffer from insuﬃcient labeled sample problem.
• By exploiting the local structure of each sample through
a locally regressive function, our LRGOD algorithm
can outperform LapGOD method in every iteration.
Speciﬁcally, LRGOD achieves 24.3%, 6.12%, 6.05%,
6.11%, and 6.07% improvements for top 10 results in
the ﬁve iterations, respectively.
• The relevance feedback technique is beneﬁcial to image retrieval. For all the four algorithms, the retrieval
performance improves with more feedbacks provided
by the user.
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Figure 1: Sample images from NUS-WIDE-OBJECT dataset.
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Figure 2: The performance of the four active learning approaches on Corel dataset measured by PrecisionScope. The four approaches are SVMactive [17], G-Optimal Design (GOD) [1], Laplacian Regularized GOptimal Design(LapGOD) [4], and the proposed Locally Regressive G-Optimal Design (LRGOD).
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Figure 3: The precision rates of the four active learning approaches at Top 10, 20, 50 results on Corel dataset.
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Figure 4: The performance of the four active learning approaches on NUS-WIDE-OBJECT dataset measured
by Precision-Scope.

5.3 Experimental Results on
NUS-WIDE-OBJECT Dataset
Figure 4 illustrates the precision-scope of the four active
learning approaches in the ﬁrst four iterations over the NUSWIDE-OBJECT dataset. Figure 5 shows the precision rates
at top 10, top 20, and 50 results in the ﬁve feedback iterations. From the experimental results, we can see that
our LRGOD performs the best on the entire scope and in
every iterations. Speciﬁcally, in the ﬁrst iteration, it outperforms SVMactive, GOD, and LapGOD by 38.6%, 34.7%,
and 17.5%, in terms of precision at top 10 results, respectively. In the last iteration, it achieves 33.2%,27.9%,and
13.1% improvements at top 10 results, respectively. Consider top 20 results, LRGOD outperforms SVMactive, GOD,
and LapGOD by 39.7%, 34.8%, and 18.4% in the ﬁrst iteration, respectively. In the last iteration, the improvements
are 34.4%, 28%, and 13.9%, respectively.

6. CONCLUSIONS
In this paper, we have proposed a new active learning algorithm, called Locally Regressive G-Optimal Design (LRGOD) for relevance feedback image retrieval. Our algorithm
is based on the assumption that for each image, its label values can be well estimated based on its neighbors via a locally
regressive function. LRGOD is developed based on a locally
regressive Least Squares model which makes use of both labeled and unlabeled images and simultaneously exploits the
local structure of each image. It selects the most informative images to minimize the maximum predictive variance.
Compared to existing active learning algorithms, such as the
conventional Optimum Experimental Design and Laplacian
Regularized Optimum Experimental Design, the proposed
LRGOD approach makes use of data distribution by exploit-

ing the local structure of each image. Therefore, the images
selected by LRGOD can improve the retrieval performance
the most, if they are used as training samples. We have
evaluated the performance of LRGOD on two real-world
image datasets: Corel and NUS-WIDE-OBJECT datasets.
The experimental results validate that LRGOD achieves the
best performance as compared to three representative active
learning algorithms, and is robust to diﬀerence datasets.
The future works could focus on the following directions.
First, in this paper, we use the G-Optimal Design criterion.
The other classic optimal design criteria, such as D-, A-, E-,
and I-Optimal Designs, can also be reformulated under this
framework to exploit the local structure of each sample. Second, in some image retrieval scenarios, the relevant images
are usually rare and hard to be found. Thus, it is useful
to extend the proposed approach to tackle the insuﬃcient
relevant sample problem. Third, it is interesting to investigate the eﬀectiveness of the proposed approach in other
applications.
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