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a b s t r a c t

Relevance feedback is an effective approach to improve the performance of image

retrieval by leveraging the labeling of human. In order to alleviate the burden of

labeling, active learning method has been introduced to select the most informative

samples for labeling. In this paper, we present a novel batch mode active learning

scheme for informative sample selection. Inspired by the method of graph propagation,

we not only take the correlation between labeled samples and unlabeled samples, but

the correlation among unlabeled samples taken into account as well. Especially,

considering the unbalanced distribution of samples and the personalized feedback of

human we propose an asymmetric propagation scheme to unify the various criteria

including uncertainty, diversity and density into batch mode active learning in relevance

feedback. Extensive experiments on publicly available datasets show that the proposed

method is promising.

& 2012 Elsevier B.V. All rights reserved.
1. Introduction

With the development of digital imaging technologies,
the huge number of images are produced daily. How to
efficiently manage these large scale data has become a
challenging task in information retrieval and multimedia
analysis communities [1]. In the past decades, content
based image retrieval (CBIR) [2–8] has been proved to be
one of the most important and effective methods for this
task. However, it is well known that the major bottleneck
of CBIR is the semantic gap between low-level features
and high-level semantic interpretation. Relevance feed-
back [9–11] is a useful and popular approach to bridge the
gap by human–computer interaction. In relevance feed-
back process, users are taken into the loop of retrieval by
iteratively labeling some unlabeled instances to improve
ll rights reserved.

mail.com (X. Bai),
the performance of retrieval system. For example, [12]
localizes the user’s intention in the visual feature space by
using the users’ feedback. However, labeling is tedious
and time-consuming, and more labeling does not neces-
sarily lead to better results. Therefore, how to label the
limited number of unlabeled images in huge image
database to effectively reduce human effort has become
one of the key problems in relevance feedback.

Active learning (or more precisely, selective sampling)
[13] has been proven to be effective in dealing with
classification problems in which labeled data are scare
while unlabeled data are abundant and easy to get. A
number of active learning methods [14–17], have been
developed for data classification. Typically, selective sam-
pling chooses the most informative samples for user to
label so that knowing their labels can greatly boost the
performance of the classifier. Most active learning meth-
ods are selecting only the most informative sample for
manually labeling in one iteration and retraining the
classifier immediately, named one-by-one mode. Then
the updated classifier further decide the next most
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informative one to be labeled. The selected data will then
be labeled manually and added to the training set to retrain
the classifier. However, updating classifier usually occupies
numerous time in feedback, which makes one-by-one
mode extremely inefficient if not infeasible in practice.

To reduce computational time for training, several active
learning methods in batch mode have been introduced.
They try to properly assemble their optimal query batch in
different ways. Generally apart from considering the criter-
ion uncertainty the selection criteria, diversity and density

are also taken into account to entirely reduce the redun-
dance among the selected instances. These criteria are
widely used for active learning in batch mode. In uncer-

tainty sampling framework, the learner choose the
instances which is the least certain to label. However these
methods usually ignore the distribution of the unlabeled
instances and lead to serious sample bias. Density criteria
aims to select the instances from the dense unlabeled
regions. Yet the methods only requesting measurement of
density usually need selecting a relatively large number of
instances before the optimal classifier is found. Diversity

criterion aims to select the instances among which the
overlap in information content is least. But these methods
considering the diversity may select outlier. Most active
learning in batch mode algorithms only adopt one or two
criteria for instance selection, which could partly limit the
performance of the active learning in batch mode. Although
there are several approaches [18,19] proposed to combine
these criteria, they consider criteria separately and then
simply adopt linear combination.

In this paper, we present a novel batch mode active
learning scheme for informative instance (i.e. sample)
selection. Inspired by the method of graph propagation
[20], we not only take the correlation between labeled
samples and unlabeled samples, but the correlation
among unlabeled samples taken into account as well.
Especially, by considering the unbalanced distribution of
samples and comparing the user’s personalized feedback
with the predicted label we adaptively decide to whether
increase or reduce the scale parameter of the certainty
propagation. Furthermore, we propose an asymmetric
propagation scheme to unify the various criteria including
uncertainty, diversity and density into batch mode active
learning in relevance feedback. In each round feedback,
some informative instances are selected to be labeled by
user. Then, the certainty gain from labeling will be
dynamically propagated to the rest unlabeled data in
asymmetric scheme. After several round feedbacks, all
labeled data are finally utilized to retrain the classifier
model. Extensive experiments show that the proposed
method achieve encouraging results.

The rest of the paper is structured as follows: the
related work is presented in Section 2; Section 3 intro-
duces the proposed batch mode active learning method;
we present the experimental results in Section 4; finally,
we conclude this paper in Section 5.

2. Related work

As tedious labeling and huge image dataset mentioned
above, the critical issue in relevance feedback is how to
efficiently and effectively select the helpful unlabeled
instances for user to label. With the users’ feedback
[21–24] has become a popular dimension-reduction
method to narrow the semantic gap.

There are three main different scenarios in which the
learner may be able to ask queries. They are (i) member-
ship query synthesis [25], (ii) stream-based selective
sampling [26], and (iii) pool-based active learning [27].
In this paper, we focus on the scenario of pool-based
active learning, in which large collections of unlabeled
data can be gathered and queries are selectively drawn
from the pool. Most active learning algorithms are con-
ducted in an iterative manner, which is composed of two
parts, that is, a learning part and a sample selection part.
In each iteration, the learning part train a model based on
the current training set. Then the sample selection part
selects the most informative samples for manual labeling
according to the current model and these samples are
added to the training set for next iteration.

Most active learning methods select only the most
informative sample for manually labeling in one iteration
and retraining the classifier immediately, named one-by-
one mode. Then the updated classifier will decide the next
most informative one to be labeled. Exemplar approaches
include query-by-committee [28], and uncertainty sam-
pling [14,29]. Tong and Chang [14] regard the task of
learning concept of users’ queries as learning SVM binary
classifiers. An SVM classifier capture the query concept by
separating the relevant images from irrelevant images
with a hyperplane in a projected space. The projected
points on one side of the hyperplane are considered
relevant to the query concept and the rest is irrelevant.
They learn an SVM classifier on the current labeled data
and choose the next instance to query the pool instance
that comes closest to the hyperplane. The main weakness
of these approaches is that they are unable to exploit the
abundance of unlabeled data and the selection of query
instances is only determined by a small number of labeled
examples without considering the rest large number of
unlabel data’s distribution. More importantly, classifier
training is usually the most computational expensive in
relevance feedback, which result in the lower efficiency
for one-by-one mode.

To reduce computational time for training, active
learning methods in batch mode [18,30–32] have been
introduced. In each round of relevance feedback, [18]
proposes an approach for SVM that explicitly incorporates
a diversity measure that considers the angles between the
induced hyperplane. They maximize the angles among
instances in the batch. Finally, in order to combine both
requirements, viz. minimal distance to the classifier and
diversity of these angles, they build the convex combina-
tion of both measure. Brinker [18] selects a batch of
images taking into account uncertainty and diversity of
these unlabeled instances and then manually labeled
simultaneously. However, it has been suggested that
uncertainty sampling and diversity strategies are prone
to querying outliers. Therefore active learning incorporat-
ing the information density framework presented by [32]
is proposed as a density-weighting technique. The main
idea is that informative instances should not only be those
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which are uncertain, but also those which are representa-
tive of the input distribution. Then the Fisher information
[30] avoid such traps implicitly, by utilizing the unlabeled
pool U when estimating ratios. Hoi and Lyu [33] propose a
semi-supervised active learning framework for image
retrieval. The suggested active learning scheme is based
on the fusion of two different types of learning techniques,
namely one is supervised and another is semi-supervised.
In [15] they propose active learning approach by querying
informative and representative examples. They provide a
systematic way for measuring and combining the informa-
tiveness and the representativeness. Their method is based
on the min–max view [34] of active learning. However, this
method is not proposed as batch mode active learning and
although [15] reduces the redundancy among unlabeled
instances, it does not yet consider the correlation between
labeled instances and unlabeled instances. Cheng et al. [35]
extend this method to batch mode combining with dynamic

certainty propagation.
Some other emerging new batch mode active learning

techniques have been introduced in recent studies
[30,36–38]. In terms of whether classifier retraining is
required for each labeled instance or not, active learning
algorithms can be classified into two modes: one-by-one
mode and batch mode. For one-by-one mode active learn-
ing methods they query the most informative instance and
then retrain the classifier after adding it into the training
set. This mode is endowed with higher accuracy but lower
efficiency. For batch mode active learning methods they
query batch size of informative instances in one round with
variant criteria measure and then retrain the classifier.
There are many cases that these criteria are combined
explicitly as [19]. They have to find the joint parameters
empirically, which results in badly adapting the variant
data distribution. Instead of the computational retrain
process in this paper we use the process of label propaga-
tion to estimate the new distribution after new instance
labeled. We unify these criteria as well as the user’s feed-
back to adaptively control the scale parameter of the label
propagation and then query the most uncertainty instance.
We repeat the process batch size rounds before retraining.

3. Asymmetric propagation based batch mode active
learning

In this paper, we propose an asymmetric propagation
based active learning algorithm (APAL) to integrate the
various sampling criteria including uncertainty, diversity,
and density in unified selection scheme. In each iteration,
we select and manually label the data, using the last
labeled data point and the distribution of the unlabeled
data to decide the selection of the next, the architecture
model of this part is shown in Fig. 1; after a batch of data
has been labeled and added to the training set, we per-
form training once to get a better performing classifier. In
a word, in our scheme, we use one-by-one labeling but
still batch training, which can be seen as a compromise of
batch labeling and one-by-one training.

Assume X ¼ fx1,x2, . . . ,xng ¼U [ L to denote the data-
set, where U and L denote the unlabeled and labeled
dataset respectively. For each data point xi 2 Xð1r irnÞ,
yi 2 f0,1g is its corresponding class label for negative and
positive respectively. If xi 2 U, yi is unknown and we use
the sign of f ðxiÞ to estimate yi, where f denotes the current
trained classifier on L.

3.1. Problem formulation

Our uncertainty sampling method is based on prob-
ability estimates of class membership for all the examples
in the pool. In order to obtain these estimates we follow
the initializing mode of [33]. Suppose there is an SVM
classifier f trained on the given labeled data. We use f ðxiÞ

to represent the distance with sign from an unlabeled
data instance xi to the current decision boundary of SVM.
We employ a Sigmoid function to normalize the distance
metric into probability label metric within ½0,1� as

pi ¼ pðyi ¼ 19xi,LÞ ¼
1

1þexpð�f ðxiÞÞ
ð1Þ

Following this proceeding we get the class posteriors pi

for assigning the example to class y¼ 1. The probability of
example on decision boundary of SVM is 0.5. The prob-
ability of example that is less than 0.5 is considered as
irrelevant, and one that is bigger than 0.5 is classified to
relevant class.

According to the most uncertainty strategy we select
sample that is closest to the current decision boundary f

that is trained on the current set of labeled examples. We
can cast this idea as follows:

xs ¼ arg min
xi2U

9f ðxiÞ9 ð2Þ

We should repeat the operation for selecting batch size
number of targets in each iteration. This can be repre-
sented as

xn

s ¼ arg min
xi2U

9f þðxs ,ysÞðxiÞ9 ð3Þ

here þðxs,ysÞ means that after we select a new unlabeled
example xs and label it manually to obtain its label ys,
then we add it to the training set and retrain the classifier.
After solving Eq. (3) we find the next unlabeled sample to
label. Unfortunately, this is often a retraining problem and
so impractical for image retrieval. Hence we have to make
some approximation for the optimization in practice.

Inspired by the work [39], we find that harmonic
function after adding the labeled data is related to the
last labeled data’s changed probability. This concept can
be represented as the following equation:

gþðxk ,ykÞ
u ¼ guþðyk�gkÞ

ðD�1
uu Þ�k

ðD�1
uu Þkk

ð4Þ

where ðD�1
uu Þ�k is the k-th column of the inverse Laplacian

on unlabeled data, and ðD�1
uu Þkk is the k-th diagonal

element of the matrix D�1
uu . Both are available when

computing the harmonic function g. We simplify the
formulation because we do not include harmonic energy
minimization functions here. We simplify it as follows:

pþðxk ,ykÞ
u ¼ puþðyk�pkÞwku ð5Þ

where pk and pu denote degree of certainty of the last
labeled sample and the unlabeled sample respectively,
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yk is the true label of xk. wku is the similarity between
unlabeled data xu and the last selected sample xk. We
define it as follows: We assume a connected graph
G¼ ðV ,EÞ to depict the correlation of the data, where the
node set V is the dataset X. The edges E are represented by
an n� n weight matrix W which is given. For example W

can represent the pairwise relationship between data
points with the radial basis function (RBF):

wij ¼ exp �
Jxi�xjJ

2

a

 !
ð6Þ

where a is a parameter which controls the influential
intensity of the correlated data points. It is obvious that
nearby points in Euclidean space are assigned large edge
weights with the same a. Then we update all the rest
unlabeled data’s degree of certainty according to their
correlation to the last selected data point. This procedure
can be repeated until a certain number of samples have
been labeled. We will find that after simplifying the
formulation there is more flexible to implement the
sample selection algorithm.
3.2. Sampling criteria

We implement the sample selection algorithm based
on our proposed method asymmetric propagation by con-
trolling the magnitude of a incorporating the criteria
uncertainty, diversity and density. We introduce this novel
method in detail as follows:
3.2.1. Uncertainty

This sampling criterion aims at selecting the unlabeled
samples that can add most information to the current
model. Generally, the most uncertain sample in the
classification process are selected, such as the sample
closest to the hyperplane in SVM [14] according to Eq. (2).
Under probability label metric we infer the same result.
The degree of certainty closer to 0.5 an unlabeled data
point has, the more uncertainty it is. Every time we only
select one single data point with the degree of certainty pi

closest to 0.5 to label.
3.2.2. Density and diversity

There is one parameter, a, in our scheme according to
Eq. (6), which controls the influential radius of the
correlated data points and reflects our batch model
sample selection criteria. In order to ensure the general-
ization of our new scheme, we do not fix the parameter a
empirically. Instead, we evaluate them adaptively accord-
ing to the distribution of the dataset itself. According to
kernel density estimation (KDE) [40], we estimate the
distribution of the dataset and adapt the parameter a on
the basis of the density of the last selected sample. The
probability density function p̂ðxÞ can be estimated by

p̂ðxÞ ¼
1

n

Xn

i ¼ 1

Kðx,xiÞ ð7Þ

where Kðx,xiÞ ¼ expð�Jxi�xJ2=bÞ is a kernel function. b is
the parameter of RBF kernel which we set as large as in
SVM training. Then the density measure of the selected
example can be defined by normalizing to ½0,1� as follows:

densityðxsÞ ¼

Pn
j ¼ 1 Kðxs,xjÞ

maxxi

Pn
j ¼ 1 Kðxi,xjÞ

ð8Þ

Here xs is the last selected sample. Observe that the term
on the right-hand side is in proportion to

Pn
j ¼ 1 Kðxs,xjÞ.

The kernel function is equivalent to the expression below:

logðKðx,xiÞÞ ¼�
Jxi�xJ2

b
pJxi�xJ2

¼ JxiJ
2
þJxJ2

�2JxiJJxJcosðyÞ

ð9Þ

where y is the angle between xi and x; this follows from
the definition of inner product. And Eq. (9) can be used to
estimate the diversity measure [18].

Density is a large mutual distance for points in the
sample set in which we estimate the density [41]. We only
have to compute the density of the instance and then we
get the diversity measure of the subset simultaneously.
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Therefore, the information of density include the measure of
diversity.

3.3. Unified sampling scheme with asymmetric propagation

The distribution of samples is usually in very broad
domain. We should model the distribution of examples
and learn the classifier with as few samples as possible.
Thus the selected samples should be diversity as much as
possible. When a sample is classified right by the current
classifier, we can infer that the cluster represented by this
sample may be well learned and we can increase the
parameter a to increase the propagation radius. On the
other hand, when the sample is classified wrong, we can
infer that the cluster represented by this sample may be
badly learned or this sample may be an outlier. So the area
around the last selected samples is informative. Then we
can decrease the parameter a to decrease the propagation
radius and choose the sample near the last selected one.

Finally according to this idea we can define the para-
meter a in Eq. (6) incorporated with measurement of
density as

a¼ b9‘ðxsÞ�‘̂ ðxsÞ9

densityðxsÞ
ð10Þ

Here b is a constant positive coefficient which is less than
one. ‘ðxsÞ 2 f0,1g is the true label of the last selected
sample which is queried by the user. ‘̂ðxsÞ 2 f0,1g is the
predicted label of the last selected sample. When the label
is predicted wrong by the classifier in other words
‘̂ðxsÞa‘ðxsÞ, then 9‘ðxsÞ�‘̂ðxsÞ9¼ 1. Then Eq. (10) becomes
a¼ b=densityðxsÞ. This means when the predicted label is
different to the true label we can infer that the cluster
represented by this sample may be badly learned. So we
should decrease the parameter a to reduce the propaga-
tion radius and we want to choose more instances
unlabeled in this cluster. On the other hand, when the
label is predicted right by the classifier, in other words
‘̂ðxsÞ ¼ ‘ðxsÞ, then 9‘ðxsÞ�‘̂ðxsÞ9¼ 0. Then Eq. (10) becomes
a¼ 1=densityðxsÞ. This means when the predicted label is
the same as the true label we can infer that the cluster
represented by this sample may be well learned. So we
can increase the parameter a to enhance the influence
from the just labeled instance. We want to reduce the
redundant among the queries as much as possible.

As illustrated in Fig. 2, when the red point is classified
wrong by the current classifier, we are more likely to
select point C near the labeled point which is predicted
wrong to query. And when the red point is classified right,
it seems that A and B becomes more informative than C.
The method that adaptively adjust the scale parameter of
the graph propagation is defined as asymmetric propaga-
tion in this paper.

To summarize, the batch mode active learning based on
asymmetric propagation algorithm we proposed here is
shown in Fig. 3. Here h is the number of unlabeled examples
which have been selected for labeling in one iteration.
4. Experiment

In this section, in order to validate the effectiveness of
the proposed APAL algorithm for relevance feedback in
image retrieval, extensive experiments are conducted on
three publicly available datasets by comparing with some
state-of-the-art algorithms.
�
 SVM active learning: The baseline method for the
original SVM active learning algorithm that simply
choose the batch size of instances closest to the
current decision boundary [14], denoted by SVMal.

�
 SVM active learning with diversity: The baseline

method for batch mode SVM active learning by incor-
porating diversity among selected samples [18],
denoted by SVMdiv

al .

�
 Batch mode active learning for kernel logistic regres-

sion: The state-of-the-art kernel version of batch mode
active learning using the kernel logistic regression
[30], denoted by KLRbmal.

�
 Representative sampling with certainty propagation:

Based on [35,15], selecting the samples both represen-
tative and informative, denoted by QUIRE.
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4.1. Dataset

In this section, we conduct experiments on the USPS
dataset, the widely used benchmark Corel dataset and a
light version of NUS-WIDE dataset, named NUS-WIDE-
OBJECT [42] to evaluate the proposed approach. Some
examples from the three datasets are shown in Fig. 4.

We classify handwritten digits from the USPS data
set which contains grayscale handwritten digit images
scanned from envelopes by the U.S. Postal Service. There
are 10 categories of ‘‘0’’ through ‘‘9’’. Each category contains
1100 images, 11,000 images in all. These images are of size
16�16, with pixel values of 8-bit grayscale. We directly
employed pixel values to represent these images. In total, a
256-dimensional vector is used to represent each image.

Corel dataset is one of the most used datasets by many
groups in the area of image retrieval. We select 102
categories from the Corel image CDs with different
semantic meanings, such as tiger, antelope, butterfly,
car, cat, dog, horse, lizard, etc. Each category contains
100 images, so there are altogether 10,200 images. In
our experiments, the main purpose is to verify if the
learning mechanisms of our proposed method are useful,
so we only employed simple color and texture fea-
tures to represent images. The color features include
125-dimensional color histogram vector and six-dimen-
sional color moment vector in RGB. The texture features
are extracted using 3-level discrete wavelet transforma-
tion (DWT). The mean and variance averaging on each of
the 10 subbands are arranged to a 20-dimensional texture
feature vector. In total, a 151-dimensional feature vector
was extracted from each image.

NUS-WIDE-OBJECT is a real world object image dataset.
As a subset of NUS-WIDE, it consists of 31 object categories
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and 30,000 images in total. The low features we
used here include the 64-dimensional color histogram,
144-dimensional color correlogram, 73-dimensional edge
direction histogram, 128-dimensional wavelet texture, and
225-dimensional block-wise color moments. We combine
these features directly by concatenating the five feature
vectors of each sample. We normalize the feature vectors of
all samples to ensure the square sum of the elements in
every feature vector to be one.

4.2. Experimental setup

We simulate Content Based Image Retrieval procedure
by querying an image and returning the top images based
on the Euclidean distances. In experiments, for USPS and
Corel dataset, we select the first 10 images of each
category as query. For NUS-WIDE-OBJECT dataset, we
randomly select 100 images as query. All the SVM
classifiers in our experiments use the same RBF kernel
with fixed kernel width. The kernel width is learnt
by cross-validation approach. Regarding the parameter
setting, the penalty parameter C of SVM is set to 100
Fig. 4. Examples from the USPS, C

Table 1
The running time comparison of the algorithms at the first iteration when the

Model Batch Uncertainty Diversity

SVMal Yes Yes No

SVMdiv
al

Yes Yes Yes

KLRbmal Yes – –

QUIRE Yes Yes Yes

one-by-one No Yes No

ours Yes Yes Yes
(or l¼ 0:01) in all experiments, and the number of initial
labeled images and the batch size k are set to the same
constant (i.e. 10, 15, 20). The parameter b in Eq. (10) is set
to 0.9 empirically.
4.3. Compared schemes

In order to evaluate the performance, we depict the
top-N accuracy vs. scope curves of the five algorithms
after several rounds and adopt the evaluation metric
based on mean average precision follow as Eq. (13) con-
sidering 100 queries on handwritten digits dataset and
1020 queries on Corel dataset:

AveP¼

PN
r ¼ 1ðPðrÞ � relðrÞÞ

number of relevant images
ð11Þ

where r is the rank, N is the number retrieved, relðÞ is a
binary function on the relevance of a given rank, and PðrÞ

is the precision at a given cut-off rank:

PðrÞ ¼
9frelevant retrieved images of rank r or lessg9

r
ð12Þ
U
S

P
S

C
O

R
E

L
N

U
S

-W
ID

E

orel and NUS-WIDE-OBJECT.

batch size is 5 on handwritten digits dataset.

Density Propagation Average time (s)

No – 0.1096

No – 0.2742

– – 13.2824

Yes Symmetric 2.0181

No – 0.5990

Yes Asymmetric 0.3277
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Mean average precision for a set of queries is the mean of
the average precision scores for each query:

MAP¼

PQ
q ¼ 1 AvePðqÞ

Q
ð13Þ

where Q is the number of queries.

4.3.1. Complexity of the algorithm

At each iteration t the scheduling overhead includes
training SVM classifier, predicting the labels and selecting
k instances to query. First, training SVM classifier takes
OðN3

s þðN
2
s Þnt,labeledþNsdnt,labeledÞ floating point operations,

where nt,labeled is the labeled sample size and Ns is the
number of support vectors during iteration, d is the
dimension size of the feature. Second, predicting the label
requires Oðnt,unlabeledNsdÞ floating point operations, where
Table 2
The comparison of the five algorithm at the first iteration when the

batch size is 10.

Scope SVMal SVMdiv
al

KLRbmal QUIRE Ours

10 0.992 0.992 0.999 0.999 1
20 0.970 0.963 0.996 0.978 0.994

30 0.932 0.907 0.989 0.932 0.990
40 0.910 0.871 0.981 0.904 0.983
50 0.890 0.846 0.972 0.885 0.975

100 0.826 0.775 0.934 0.828 0.948

Table 3
MAP of top-20 images for different batch size labeled images at the first

iteration on handwritten digits dataset.

Labels SVMal SVMdiv
al

KLRbmal QUIRE Ours

10 0.970 0.963 0.996 0.978 0.994

15 0.984 0.983 0.998 0.996 0.999
20 0.993 0.993 1 0.999 1

MAP 0.982 0.980 0.998 0.991 0.998
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Fig. 5. The top-20 accuracy vs. varying iteration
nt,unlabeled is the unlabeled sample size and RBF kernel is
used. Finally, selecting k instances requires repeating
the procedures 6–9 in Fig. 3 k times which takes
Oðknt,unlabeleddÞ floating point operations as we can obtain
kernel density estimation and similarity measure in
Eq. (5) simultaneously. Putting the both things together,
the overall cost at iteration t is OðN3

s þðN
2
s Þnt,labeledþ

Nsdnt,labeledþnt,unlabeledNsdþknt,unlabeleddÞ.
The algorithms are all written in MATLAB and executed

on 2.8 GHz Core2 processor. Table 1 shows the average
running time of our method compared with other methods
at the first iteration which takes on the USPS dataset and the
batch size is set to 5. The method one-by-one selects just one
instance after training the classifier once and in this experi-
ment we repeat this procedure 5 times to select five queries.
In SVMal we just select the top five queries closest to the
hyperplane at the same time. In KLRbmal they chose a batch of
examples that effectively maximizes the Fisher information
of a classification model, which consider these criteria
implicitly. So we fill in the grids with ‘‘–’’ about KLRbmal. We
can see that our proposed batch mode method is efficiency
effectivity compared to other methods.

4.3.2. Experimental results on USPS dataset

Table 2 shows the accuracy vs. scope results after one
round of relevance feedback and the number of initial
labeled images and the batch size k are set to 10, where
scope ¼ x means the accuracy is calculated within top x

returned images. We can see that most of the batch mode
active learning algorithms, KLRbmal, QUIRE and our pro-
posed method have better performance than the baseline
method SVMal. However, SVMal still outperforms the
method SVMdiv

al . It shows that only considering diversity
has negative improvement under such circumstances. It
seems that the method of active learning with diversity
tends to select outliers when consistency of inner class is
high in the dataset.

We also show the performance of different algorithms
under the different batch size in Table 3. It shows the average
2 3 4
backs

QUIRE
Our scheme

on USPS dataset when the batch size is 10.



Table 4
MAP of top-20 images for different batch size labeled images at the

fourth iteration.

Labels SVMal SVMdiv
al

KLRbmal QUIRE Ours

10 0.389 0.382 0.334 0.432 0.446
15 0.479 0.470 0.500 0.476 0.536
20 0.560 0.543 0.555 0.509 0.604

MAP 0.476 0.465 0.463 0.472 0.528
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precision of top-20 returned images at the first iteration with
the batch size set to 10, 15, 20 respectively. From Table 3, we
can see that the proposed algorithm has almost the same
performance as KLRbmal here.

In USPS dataset the number of outlier is few and the
number of class is small. So our density criterion can have
a good performance to explicitly estimate the data dis-
tribution. We can see that our method obtain the best
performance which is comparable to the KLRbmal imme-
diately in Fig. 5. Our approach achieves about 5% accuracy
improvement at the first round as compared to SVMal. The
methods considering the criterion density or representa-
tive like KLRbmal, QUIRE, and our scheme all have good
performance on this dataset.
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4.3.3. Experimental results on Corel dataset

Figs. 6 and 7 show the accuracy vs. scope curves after
three and four rounds of relevance feedback and the number
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Fig. 8. The top-20 accuracy vs. varying iteration on Corel dataset when the batch size is 20.
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of initial labeled images and the batch size k are set to 20.
First, we can see that most of the batch mode active learning
algorithms, SVMdiv

al , KLRbmal, QUIRE and our proposed method
have better performance than the baseline method SVMal

before the fourth iteration. When the number of iteration
increases the difference between the baseline method SVM
active learning and other active learning methods decreases.
In the fourth iterations the performance of KLRbmal begins to
decent. The fixed number of top eigens and the limited
number of labeled samples restrict the performance of the
method. In every iteration our proposed method have stable
performances which are at least 5% better than SVMal.

Moreover, we also show the result of five algorithms
under the different batch size in Table 4. It shows at the
fourth iteration the average precision of top-20 returned
images when the batch size are set to 10, 15, 20 respec-
tively. From Table 4, we can see that the proposed
algorithm has the best performance here.

In Corel dataset there are many images with ambig-
uous semantic and some images are outliers for the
relevant clusters of classes. So at first the methods
considering the criterion density or representative like
QUIRE, and our scheme only achieve about 2% compared
to SVMal as shown in Fig. 8. Our method obtains better
performance than QUIRE as our proposed method asym-
metrically chooses the queries.
Table 5
MAP of top-20 images for different batch size labeled images at the

second iteration.

Labels SVMal SVMdiv
al

KLRbmal QUIRE Ours

5 0.472 0.477 0.481 0.494 0.518
10 0.623 0.61 0.58 0.655 0.668
15 0.673 0.682 0.65 0.763 0.758

20 0.767 0.77 0.671 0.796 0.802

MAP 0.634 0.635 0.596 0.677 0.687
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Fig. 11. The top-20 accuracy vs. varying iteration on NU
4.3.4. Experimental results on NUS-WIDE-OBJECT dataset

Figs. 9 and 10 show the accuracy vs. scope curves after
one and two rounds of relevance feedback and the number of
initial labeled images and the batch size k are set to 5 for
different active learning methods. Several observations can
be drawn from the experimental result in the figures. First,
we can see that most of the batch mode active learning
algorithms, SVMdiv

al , KLRbmal, QUIRE and our proposed method
have better performance than the baseline method SVMal,
especially when the labeled samples are scarce. When the
number of iteration increases the difference between the
baseline method SVMal and the other batch mode active
learning methods decreases. Second, in each iteration our
proposed method has stable performances which are at least
5% better than SVMal. At the second iteration, our method is
able to achieve 2–3% improvement on the runner-up. The
MAP result are shown in Table 5. It shows at the second
iteration the average precision of top-20 returned images
when the batch size are set to 5, 10, 15, 20 respectively. We
can see that the proposed algorithm has the best perfor-
mance even on the complex real world dataset.

In the NUS-WIDE-OBJECT dataset the number of outlier is
fewer than the Corel dataset. So the density criterion can be
well used. At first iteration our proposed method almost has
the best performance as shown in Fig. 11.
5. Conclusion

In this paper, we have proposed a novel active learning
algorithm for selective sampling in relevance feedback,
namely asymmetric propagation based batch mode active
learning (APAL). According to the unbalanced distribution of
the samples and the personalized feedback of human we
provide a explicit way, asymmetric propagation scheme, to
measure and incorporating the criteria: uncertainty, diversity

and density. Experimental results show that after adopting
our novel scheme in the selective sampling, the performance
of retrieval can be obviously improved on real-world dataset.
2 3 4
backs
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Our scheme

S-WIDE-OBJECT dataset when the batch size is 5.
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