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Abstract—Relevance feedback is a quite effective approach
to improve performance for image retrieval. Recently, active
learning method has attracted much attention due to its
capability of alleviating the burden of labeling in relevance
feedback. However, most of the traditional studies focus on
single sample selection in each feedback which needs heavy
computational cost in practice. In this paper, we presents
a novel batch mode active learning method for informative
sample selection. Inspired by graph propagation, we consider
the certainty of labels as asymmetric propagation information
on graph, and formulate the correlation between labeled
samples and unlabeled samples in an united scheme. Extensive
experiments on publicly available data sets show that the
proposed method is promising.

Keywords-image retrieval; active learning; selective sam-
pling; semi-supervised learning;

I. INTRODUCTION

The problem of retrieving images has received increasing
attention. Content-based image retrieval [1], [2], which fa-
cilitates users to access the explosive increasing of the image
data, becomes an increasingly active field. The shortage
of training examples always remains a challenge for the
supervised learning algorithms, especially within the con-
text of semantic gap between low-level features and high-
level semantic interpretation. In the past decade, relevance
feedback [3] has been proved to be a useful approach to
bridge the semantic gap by human-computer interaction.
To alleviate the human burden for labeling in the loop of
retrieval, active learning (or more precisely, selective sam-
pling) [4] has been introduced which is proven to be effective
when unlabeled data are abundant. Most current active
learning methods [5]–[7] in image retrieval, typically select
the most informative samples for user to label to improve the
performance of the classifier greatly. Most active learning
methods are selecting only the most informative sample
for manually labeling in one iteration which is inefficient
since updating classifier usually occupies numerous time in
feedback.

To save the training time, several batch mode active
learning methods have been proposed [8]–[11]. The key of
batch mode active learning is to ensure little redundancy
among the selected examples but enough representative-
ness for the data distribution. For instance, in uncertainty
sampling framework, the least certain instances have been

selected for labeling and density criteria aims to select the
instances from the dense unlabeled regions and diversity
criterion aims to select the instances among which the
overlap in information content is least. Somewhat surprising-
ly, the correlation between labeled instances and unlabeled
instances during the process has not been fully-exploited
for selecting the optimal batch instances. They consider part
of the criteria uncertainty, diversity and density and try to
properly assemble their optimal query batch in different
ways. Instead, there are often only one or two criteria
introduced above considered for samples selection, which
could partly limit the performance of the active learning in
batch mode. Methods selecting most uncertainty instances
usually ignore the distribution of the unlabeled instances
and lead to serious sample bias. Methods considering the
diversity may select outlier and methods only requesting
measurement of density usually need selecting a relatively
large number of instances before the optimal classifier is
found.

In this paper, we present a novel batch mode active
learning based on asymmetric propagation by modeling the
criteria uncertainty, diversity, and density with the selec-
tion scheme. To this end, we build asymmetric propaga-
tion mechanism to unify a formulation explicitly around a
scheme of degree of certainty which indicates our degree of
“confidence” that the label is 1. In each subprocedure we
update the rest unlabeled data’s degree of certainty during
a round degree of certainty propagation then we select
the next most informative sample for soliciting. We repeat
this subprocedure several times as one iteration and add
these just labeled examples to the training set to retrain the
classifier model.

Our contributions are summarized as follows:
• We incorporate the criteria: uncertainty, diversity, and

density to unify a batch mode active learning formula-
tion;

• A scheme of asymmetric propagation has been pro-
posed to model these criteria.

Extensive experiments conducted on the real-world data sets
show that the proposed method achieve encouraging results.

The rest of the paper is structured as follows: the related
work is presented in Section II; Section III introduces the
proposed batch mode active learning method; we present the
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experimental results in Section IV; finally, we conclude this
paper in Section V.

II. RELATED WORK

In the scenario “pool-based” active learning a single in-
formative sample is typically selected for manually labeling
in each iteration. Once the sample has been added to the
training set, the model retrains immediately and selects
another single sample. For example [5] regards 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 for querying that comes closest to the hyperplane.

Active learning methods in batch mode have been in-
creasingly introduced recently. In each round of relevance
feedback, [8] proposes an approach for SVM that explicitly
incorporates a diversity measure that considers the angles
between the induced hyperplane. Finally, in order to combine
both requirements, viz. minimal distance to the classifi-
er and diversity of these angles, they build the convex
combination of both measure. Active learning incorporating
the information density framework presented by [10] is
proposed as a density-weighting technique. Then the Fisher
information [9] avoid such traps implicitly, by utilizing
the unlabeled pool U when estimating ratios. In [6] they
propose active learning approach by querying informative
and representative examples. They provide a systematic way
for measuring and combining the informativeness and the
representativeness. Their method is based on the min-max
view [12] of active learning. In most setting these batch
mode active learning are more efficient than the mode in
which only a single sample is selected in one iteration.

III. ALGORITHM

In this section we present our batch mode active learning
scheme in detail: in each iteration, we select and manually
label the data one by one, using the last labeled data
point and the distribution of the input dataset to decide the
selection of the next; after a batch of data has been labeled
and added to the training set, we perform training once to
get a better performing classifier. The brief architecture of
our proposed batch mode active learning during a single
iteration is shown in Fig. 1.

A. Analysis uncertainty and approximation for retraining

In order to obtain the conditional probability estimates
of assigning a class label y to the example we follow
the initializing mode of [13]. Suppose there is an SVM
classifier f trained on the given labeled data. Assume
X = {x1, x2, . . . , xn} = U ∪L to denote the input features,

where U and L denote the unlabeled and labeled dataset
respectively. For each data point xi ∈ X(1 � i � n),
yi ∈ {0, 1} is its corresponding class label for negative and
positive respectively. If xi ∈ U , yi is unknown and we use
the sign of f(xi) to estimate yi, for example if f(xi) < 0
then we regard the label of xi as 0, where f denotes the
current trained classifier on L. We use f(xi) 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 [0, 1],as shown in Eq. 1.:

pi = p(yi = 1|xi, L) =
1

1+exp(−f(xi))
(1)

We use this probability to denote an unlabeled example’s
initial degree of certainty in each iteration.

Inspired by graph propagation, we simply formulate the
concept of certainty propagation as follows:

p+(xk,yk)
u = pu + (yk − pk)wku (2)

where pk and pu denote degree of certainty of the last
labeled sample and the unlabeled sample respectively, yk
is the true label of xk. wku denotes the similarity between
unlabeled data xu and the last selected sample xk. We define
it as follows: We assume a connected graph G = (V,E) to
depict the correlation of the data, where the node set V is the
input 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 = exp(−
‖xi − xj‖

2

α
) (3)

It is obvious that nearby points in Euclidean space are as-
signed large edge weights with the same α. Then we update
all the rest unlabeled data’s degree of certainty according
to their correlation to the last selected data point. This
procedure will 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.

B. Selection scheme

We implement the sample selection algorithm based on
our proposed method asymmetric propagation by controlling
the magnitude of α. We show how to define the parameter
α by incorporating the criteria diversity and density in detail
as follows.

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 is selected, such as the sample closest
to the hyperplane in SVM [5]. 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.
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Figure 1. The brief architecture of our method. (1): select an instance whose degree of certainty is closest to 0.5; (2): query the label of the selected
instance; (3): accord the label of the instance to obtain the propagation parameter α refereing to Eq. 7; (4): update the degree of certainty of rest instances
according to Eq. 2.

Every time we only select one single data point with the
degree of certainty pi closest to 0.5 to label.

2) Density and Diversity: There is one parameter, α, in
our scheme according to Eq. 3, which controls the influential
radius of the correlated data points and reflects our batch
model sample selection criteria. In order to ensure the gen-
eralization of our new scheme, we do not fix the parameter α
empirically. Instead, we evaluate them adaptively according
to the distribution of the input itself. According to Kernel
Density Estimation(KDE) [14], we estimate the distribution
of the input and adapt the parameter α on the basis of the
density of the last selected sample. The probability density
function p̂(x) can be estimated by

p̂(x) =
1

n

n∑

i=1

K(x, xi) (4)

where K(x, xi) = exp(−‖xi−x‖2

β
) is a kernel function. β

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 [0, 1] as follows:

density(xs) =

∑n

j=1 K(xs, xj)

maxxi

∑n

j=1 K(xi, xj)
(5)

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

∑n

j=1 K(xs, xj).

The kernel function is equivalent to the expression below:

log(K(x, xi)) = −
‖xi − x‖2

β

∝ ‖xi − x‖2 (6)

= ‖xi‖
2 + ‖x‖2 − 2‖xi‖‖x‖ cos(θ)

where θ is the angle between xi and x; this follows from
the definition of inner product. And Eq. 6 can be used to
estimate the diversity measure [8].

Density is a large mutual distance for points in the sample
set in which we estimate the density [15]. We only have to
compute the density of the instance and then we get the
diversity measure of the subset simultaneously. So here the
information of density include the measure of diversity.

3) Asymmetric propagation: The distribution of samples
is usually in a very broad domain. We should to 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. Finally according this idea we
can define the parameter α incorporating with measurement
of density, as shown in Eq. 7:

α =
c|�(xs)−�̂(xs)|

density(xs)
(7)

Here c is a constant positive coefficient which is less than
one. �(xs) ∈ {0, 1} is the true label of the last selected
sample which is queried by the user. �̂(xs) ∈ {0, 1} is
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the predicted label of the last selected sample. When the
label is predicted wrong by the classifier in other words
�̂(xs) �= �(xs), then |�(xs) − �̂(xs)| = 1. Then Eq. 7
becomes α = c/density(xs). This means when a sample is
classified wrong by the current classifier, we can decrease the
parameter α to decrease the propagation radius because c is
less than one and tend to select the next sample near the last
labeled sample which is predicted wrong. On the other hand,
when the label is predicted right by the classifier, in other
words �̂(xs) = �(xs), then |�(xs)− �̂(xs)| = 0. Then Eq. 7
becomes α = 1/density(xs). This means when a sample is
classified right by the current classifier, we can increase the
parameter α to increase the propagation radius and choose
the next unlabeled sample far from the last selected one.

IV. EXPERIMENT

In this section, we carry out all the experiments on
Handwritten Digits Categorization and Content Based Im-
age Retrieval and we compare our proposed batch mode
active learning approach with other state-of-the-art methods
to validate the effectiveness of the proposed algorithm
in improvement of performance. In the following section,
we describe the datasets and experimental setup, then we
provide results.

A. Dataset

We conduct experiments on the standard dataset: the
USPS dataset and the widely used benchmark Corel dataset
for Content Based Image Retrieval.

The USPS dataset which contains grayscale handwrit-
ten digit images is scanned from envelopes by the U.S.
Postal Service. There are 10 categories of ”0” through ”9”.
Each category contains 1100 images, 11000 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 research area of image retrieval. In total, we
use 10,200 images to form our testbed from 102 different
image categories which are randomly selected from the
Corel image CDs with different semantic meanings, such
as tiger, antelope, butterfly, car, cat, dog, horse and lizard,
etc. Each category in the collection contains 100 images
exactly. In our experiments, the main purpose is to ver-
ify if the learning mechanisms of our proposed method
are useful, so for each image in the dataset three kinds
of features are extracted: 125-dimensional color histogram
vector, 6-dimensional color moment vector in RGB and 20-
dimensional texture feature vector. The texture features ex-
tracted using 3-level discrete wavelet transformation (DWT).
The mean and variance averaging on each of 10 subbands
are arranged. In total, a 151-dimensional feature vector was
extracted from each image.

B. Experiment Setup

In our experiments, we randomly choose 10 images as
query images from each category. So on the USPS dataset
100 images and on Corel dataset 1020 images in total are
chosen. We query an image and return the top-k images
which are most relative to simulate Content Based Image
Retrieval procedure every time. The kernel width in the SVM
classifier in our experiments is learnt by cross-validation ap-
proach. All of them are fixed identically. In our experiments
the penalty parameter C of SVM is set to 100 (or λ = 0.01),
and the number of initial labeled images and the batch size
k are set with the same constant. The parameter c in Eq. 7
is set to 0.9 empirically.

C. Compared Schemes

To evaluate the effectiveness of our batch mode active
learning algorithm, we compare our sample selection strat-
egy to the following traditional algorithms:

• SVM Active Learning: the baseline method for the
original SVM active learning algorithm that simply
choose the samples closest to the current decision
boundary [5], denoted by SVMal.

• SVM Active Learning with Diversity: the baseline
method for batch mode SVM active learning by incor-
porating diversity measure among selected samples [8],
denoted by SVMdiv

al .
• Batch Mode Active Learning for Kernel Logistic Re-

gression: the state-of-the-art kernel version of batch
mode active learning using the kernel logistic regres-
sion [9], denoted by KLRbmal.

• Representative Sampling with Certainty Propagation:
batch mode active learning method based on [6], [16],
selecting the samples both representative and informa-
tive, denoted by QUIRE.

When both the image and the query example belong to the
same category we judge the image is relevant to the query
in our experiments. This is the traditional definition that has
been widely used. In order to evaluate the performance from
each round, we depict the top-N accuracy vs. scope curves
of the five algorithms after several rounds.

D. Results on USPS dataset

Table. I and Table. II show the accuracy vs. scope curves
after one and two rounds of relevance feedback respectively.
The number of initial labeled images and the batch size
k are set to 10, where scope = x means the accuracy
is calculated within top x returned images. We can see
that most of the advanced batch mode active learning
algorithms, KLRbmal, QUIRE and our proposed method
have better performance than the baseline method SVMal.
SVMdiv

al has the worst performance here. It shows that only
considering diversity has negative improvement under such
circumstances. KLRbmal has the almost same performance
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with our proposed method which has the best performance
here.

Table I
THE COMPARISON OF THE FIVE ALGORITHM AT THE FIRST ITERATION

WHEN THE INITIAL AND BATCH SIZE IS 10 ON USPS DATASET

model 10 20 30 50 100
SVMal 0.992 0.970 0.932 0.890 0.826
SVMdiv

al
0.992 0.963 0.907 0.846 0.775

KLRbmal 0.999 0.996 0.989 0.972 0.934
QUIRE 0.999 0.978 0.932 0.885 0.828
ours 1 0.994 0.990 0.975 0.948

Table II
THE COMPARISON OF THE FIVE ALGORITHM AT THE SECOND ITERATION

WHEN THE INITIAL AND BATCH SIZE IS 10 ON USPS DATASET

model 10 20 30 50 100
SVMal 1 0.984 0.972 0.938 0.881
SVMdiv

al
1 0.982 0.955 0.921 0.870

KLRbmal 0.999 0.998 0.995 0.986 0.959
QUIRE 1 0.999 0.994 0.983 0.960
ours 1 0.999 0.997 0.994 0.985

We also show the performance of different algorithms
under the different initial labeled images and the batch
size in Table. III. It shows at the first iteration the average
precision of top-20 returned images under the number of
initial labeled images and the batch size are set to 10, 15,
20 respectively. From Table. III, we can see that the proposed
algorithm can achieve comparable performance to the state-
of-the-art algorithms. With batch size of 15 and 20, our
algorithm is superior to the other algorithms.

Table III
MAP@20 WITH DIFFERENT INITIAL AND BATCH SIZE LABELED

IMAGES AT THE FIRST ITERATION ON USPS DATASET

model 10 15 20 MAP
SVMal 0.970 0.984 0.993 0.982
SVMdiv

al
0.963 0.983 0.993 0.980

KLRbmal 0.996 0.998 1 0.998
QUIRE 0.978 0.996 0.999 0.991
ours 0.994 0.999 1 0.998

E. Results on Corel dataset

Fig. 2 and Fig. 3 show the accuracy vs. scope curves
after 3 and 4 rounds of relevance feedback and the number
of initial labeled images and the batch size k are set to
20. Several observations can be drawn from the experiment
result in the figures. First of all, on the fourth iteration the
performance is significantly better than on the third iteration.
This observation matches our intuition that with more train-
ing samples the classifier will have better performance. We
can see that most of the advanced batch mode active learning
algorithms, SVMdiv

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

on the third iteration in Fig. 2. Here KLRbmal is slightly
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Figure 2. The accuracy of image retrieval with 3 feedbacks
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Figure 3. The accuracy of image retrieval with 4 feedbacks

better than SVMal, but their difference is smaller for the
top 40 ranked result. As shown in Fig. 3 KLRbmal fails
to improve the baseline method SVMal. The fixed number
of top eigens and the limited number of labeled samples
restrict the performance of the method on the later iteration
although KLRbmal’s performance on the first iteration is
the best. Second, when the number of iteration increases the
difference between the baseline method SVM active learning
and the rest advanced active learning methods decreases
especially comparing the methods SVMal and QUIRE.
We found that their performances are similar on the fourth
iteration in Fig. 3. Finally, in both figures we see that our
proposed method achieve the best performances comparing
to other algorithms.

To validate the effectiveness of the proposed algorithm,
we also show the result of five algorithms under the different
initial labeled images and the batch size in Table. IV. It
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shows at the fourth iteration the average precision of top-20
returned images when the number of initial labeled images
and the batch size are set to 10, 15, 20 respectively. From
Table. IV, we can see that the proposed algorithm has the
best performance here.

Table IV
MAP@20 WITH DIFFERENT INITIAL AND BATCH SIZE LABELED

IMAGES AT THE FOURTH ITERATION ON COREL DATASET

Model 10 15 20 MAP
SVMal 0.389 0.479 0.560 0.476
SVMdiv

al
0.382 0.470 0.543 0.465

KLRbmal 0.334 0.500 0.555 0.463
QUIRE 0.432 0.476 0.509 0.472
ours 0.446 0.536 0.604 0.528

V. CONCLUSION

This paper presents a novel active learning algorithm
for selective sampling in relevance feedback, Asymmetric
Propagation based Batch Mode Active Learning. Unlike the
traditional batch mode active learning methods, which only
considers the correlation among the labeled samples [8], or
only estimate the distribution of the unlabeled data [10],
our proposed method takes both of them into consideration
explicitly. Based on the degree of certainty asymmetric
propagation scheme, the proposed approach provides a new
way to incorporate the criteria: uncertainty, diversity and
density simultaneously. Experimental results show that after
adopting our novel scheme in the selective sampling, the
classification performance can be obviously improved on
real-world dataset.
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