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ABSTRACT

The goal of relevance feedback is to improve the performance
of image retrieval by leveraging the labeling of human. It
is helpful to introduce active learning method in relevance
feedback to alleviate the human burden. In the traditional
active learning the samples which can improve the classifi-
er the most if they were labeled are selected for the user’s
labeling. However, the change of the geometrical structure of
the data distribution caused by such expensive labeled sam-
ples is not fully exploited. By mining user’s labeling infor-
mation, we can reduce the original feature space dimension
to ease the classifier’s instability brought by the small sam-
ple size. In this paper, we propose a novel batch mode ac-
tive learning method for informative data selection. The la-
beled samples are not only used to retrain the classifier, but
to learn a subspace which efficiently encodes user’s inten-
tion as well. Especially, a scheme of certainty propagation
on the subspace effectively integrates uncertainty sampling
and subspace learning into the proposed Subspace learning
based batch mode Active Learning method (SubAL) in rele-
vance feedback. Extensive experiments on publicly available
dataset shows that the proposed method is promising.

Index Terms— active learning, subspace learning, image
retrieval

1. INTRODUCTION

With rapid advances in digital imaging technologies and s-
torage devices, the huge number of images are increasing in
an explosive way. The management of these large scale data
has become a challenging task. Content based image retrieval
(CBIR) [1] has attracted substantial attention for its effective
application in this task during the past few years. However,
in CBIR a query image is represented by a low-level features
(e.g., color, texture, etc) which may be unable to correctly de-
scribe the high-level semantic interpretation. Relevance feed-
back [2, 3] has been introduced as a useful approach to bridge
the gap by human-computer interaction. However, labeling is
tedious and time-consuming, and too much labeling request
is impractical.

In order to alleviate the burden of the human labeling, ac-
tive learning [4] has been developed to effectively deal with

classification problems. Typically, traditional active learning
methods are conducted in a one-by-one fashion. After labeled
by human the most informative sample is added to the train-
ing set. And the classifier is retrained immediately. However,
updating classifier is usually along with high time complexity,
which makes one-by-one mode inefficient to practise in real.

In recent years, several batch mode active learning meth-
ods have been introduced to reduce computational time for
training. A well-known approach is SVM active learning [4]
which directly selects batch size of the top informative un-
labeled samples for querying. To ensure the overlap among
the selected samples is least, diverse based batch mode ac-
tive learning [5] is proposed. The key idea is to pick samples
that are diverse with respect to each other while still close to
the hyperplane. Then the Fisher information [6] is utilized
to measure these criteria implicitly. However, most of these
algorithms do not fully exploit the change of the geometri-
cal structure of the data distribution caused by the valuable
labeled samples. As the number of samples labeled by hu-
man are too small and the dimension of the original features is
high, the classifiers always encounter with degradation of per-
formance. By mining user’s labeling information, we map the
original feature into a low-dimension representation to ease
the disadvantage brought by the small sample size.

In this paper, we present a novel batch mode active learn-
ing scheme that measures the uncertainty criterion for a set
of unlabeled samples on a subspace. The labeled samples are
not only used to retrain the classifier, but to learn a subspace
which efficiently encodes user’s intention as well. Since the
shortage of the labeled samples the unlabeled samples are al-
so utilized to parameterize the subspace. After the most infor-
mative sample is chosen, its changed certainty information is
propagated on the learned subspace. The process is repeated
until the batch size is reached. Extensive experiments on pub-
licly available dataset shows that certainty propagation on the
subspace which encoded with user intention is more effective
than on the original feature space.

2. ALGORITHM

Assume X = [x1, x2, . . . , xn] ∈ Rm×n, X = U ∪ L to de-
note the dataset, where U and L denote the unlabeled and
labeled dataset respectively, m denotes the number of origi-



nal visual feature dimension. For each data point xi ∈ Rm,
yi ∈ {0, 1} is its corresponding class label for irrelevant and
relevant respectively.

2.1. Subspace Learning Algorithm

We want to learn a subspace in which the relevant-relevant
sample pairs are as close as possible and the relevant-
irrelevant sample pairs are as far away as possible. This sub-
space is embedded in the original high dimensional visual fea-
ture space Rm. Our method aims to parameterize a projection
matrix W ∈ Rm×d that minimizes the error on the labeled
training dataset L, at the same time maximizes information of
the dataset X in the subspace. Then the samples can be rep-
resented as X̃ = WTX = [x̃1, . . . , x̃n] ∈ Rd×n, (d < m).
An objective function measuring the empirical accuracy on
the labeled data can be defined as:

L(W ) =
∑

ij Sij(W
Txi)

T (WTxj) (1)

xi, xj ∈ L

We use the category information of the labeled samples to ini-
tialize the indicant matrix S ∈ Rl×l, l = |L|: given a labeled
image set L, if both image xi and xj are relevant to the query
(i.e., yi = 1 and yj = 1) then we set Sij = 1 which make
these images close to each other in low-dimensional feature
space when we maximize the objective function. While im-
age xi has different label from xj then we set Sij = −1 and
if i = j or (yi = 0 and yj = 0) then Sij = 0. We initial S in
this way because it is often observed that the relevant images
are often similar to each other while the irrelevant ones are
irrelevant in its own way. The above function can be written
in a matrix form as

L(W ) =
1

2
tr{WTLSLTW} (2)

However, in a small sample learning scenario maximizing
the objective function may lead to severe bias. We propose
to maximize the variance of the low-dimensional representa-
tions of the whole dataset X for the sake of maximizing infor-
mation provided by each dimension of the low-dimensional
feature space. The regularization part can be formulated as,

J (W ) = V ar(WTX)

=
∑
k

E[∥Wk
TX − E(Wk

TX)∥2]

=
∑
k

E[∥Wk
TX∥2]

=
1

n
tr{WTXXTW} (3)

here we have used the properties that the data is zero-
centered, i.e., E(Wk

TX) = 0 and Wk denotes the kth col-
umn of the matrix W .

Combining Eq. 2 and Eq. 3, we maximize the following
regularized objective function for learning the subspace

L(W ) = J (W ) + λL(W )

∝ tr{WTXXTW}+ λtr{WTLSLTW}
= tr{WTFW} (4)

and
F = XXT + λLSLT (5)

The learning of the optimal W becomes a typical eigenprob-
lem, which can be easily solved by doing an eigenvalue de-
composition on matrix F [7].

2.2. Certainty Propagation based batch mode Active
Learning

In our batch mode active learning method samples are select-
ed one-by-one without classifier retraining until a batch size
is reached. We select the current most informative instance by
using the last labeled sample and the distribution of the unla-
beled data in the subspace learned before. After a batch of
instances have been selected, they are added into the training
set and the classifier is retrained.

Uncertainty sampling is used as query framework in our
method. In the traditional methods sample which has almost
the equal probability of being relevant or irrelevant is select-
ed. In order to achieve this, posterior probability of being
relevant for all the examples in the pool is estimated. We use
the value of the classifier’s output on the samples to infer the
probability. Suppose there is an SVM classifier f trained on
the given labeled data. A Sigmoid function is utilized to nor-
malize the response value of f into posterior probability of
being relevant within [0, 1], which is shown as in Eq. 6,

pi = p(yi = 1|x̃i, L) =
1

1+exp(−f(x̃i))
(6)

where pi = 1 means image i is definitely query relevant,
while pi = 0 means image i is totally irrelevant. The instance
x̃s whose posterior probability ps is nearest 0.5 is queried as
the most informative one. After the label ys is manually ob-
tained, it is added into the training set and in traditional cases
a classifier is retrained.

Unfortunately, this often lead to a retraining problem and
so impractical for image retrieval. Hence we have to roughly
forecast the posterior probability of the unlabeled samples af-
ter (x̃s, ys) added into the training set without retraining the
classifier and then choose the most informative sample again.

To achieve this, the problem of classifier retrain and pos-
terior probability estimation is simplified as the process of
certainty propagation as follows,

p+(x̃s,ys)
u = pu + (ys − ps)wsu (7)

where ps and pu denote degree of certainty of the last labeled
sample and the unlabeled sample respectively, ys is the true
label of x̃s, p+(x̃s,ys)

u denotes the new certainty estimation
after (x̃s, ys) is added into the training set. wsu measures the
similarity in certain feature space between x̃u and x̃s with the
radial basis function (RBF),

wsu = exp(−∥x̃s − x̃u∥2

α
) (8)

where α is a parameter which controls the influential inten-
sity of the correlated data points. The least certain sample
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Fig. 1. In the learned subspace the relevant images are close
to each other and the relevant-irrelevant sample pairs are as
far away as possible. This geometrical structure benefits the
certainty propagation among the relevant samples.

Algorithm 1 The Proposed SubAL Algorithm
Input:

Image set X ∈ Rm×n, L = ∅, U = X , the size of
subspace d, and a query image; Parameters constant λ, α.

1: Rank the database in descending order of similarity to the
query. Select the top-p images for manual labeling as the
initial labeled images. Move them to the set L;

2: Initial similarity matrix S described in Section 2.1;
3: Subspace Learning in semi-supervised mode as described

in Eq. 4;
4: Learning SVM in the learned low dimensional feature s-

pace;
5: Select p informative instances and retrain SVM;
6: Rank the dataset in descending order of the posterior

probability of being relevant;
Output:

The relevant images.

is selected after the unlabeled samples’ certainty is updated
in the way described in Eq. 7. This process is repeated until
batch size number of samples are selected. From the Figure 1
we can see that the change of the relevant sample’s certainty
propagate more effectively among the relevant samples in the
subspace than in the original feature space.

To summarize, the batch mode active learning based on
subspace learning algorithm we proposed here is shown in
Algorithm 1. Here p is the number of batch size.

3. EXPERIMENT

In this section, we used an publicly available dataset, i.e.,
a light version of NUS-WIDE dataset, named NUS-WIDE-
OBJECT [8] to validate the effectiveness of the proposed al-
gorithm for relevance feedback in image retrieval. Extensive
experiments are conducted 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 [4], denoted by SVMal.

• SVM Active Learning with Diversity: the baseline
method for batch mode SVM active learning by incor-
porating diversity among selected samples [5], 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 [6], denoted by KLRbmal.

• Asymmetric Propagation based batch mode Active
Learning: selecting the samples according to sec-
tion 2.2 in original feature space and change the prop-
agation radius according to the user’s response [9], de-
noted by APAL.

• Our proposed method: denoted by SubAL

3.1. Dataset

NUS-WIDE-OBJECT is a real world object image dataset.
As a subset of NUS-WIDE, it consists of 31 object cate-
gories 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 direc-
tion 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 sam-
ples to ensure the square sum of the elements in every feature
vector to be one.

3.2. Experiment Setup

In the experiments, 100 images are randomly selected as
queries on the NUS-WIDE-OBJECT. We simulate Content
Based Image Retrieval procedure by querying an image and
returning the top-p images based on the Euclidean distances
in original feature space. All the SVM classifiers in our ex-
periments use the same RBF kernel with fixed kernel width.
The parameter α are learnt by cross-validation approach. The
penalty parameter C of SVM is set to 100, and λ = 0.1 in
Eq. 4, and the number of initial labeled images and the batch
size p are set to the same constant (i.e., 10, 15). The number
of subspace dimension d is set to 60 empirically.

3.3. Experimental Results

In Fig. 2 we show the accuracy vs. scope where d changes
from 10 to 100. The performance is stable when the di-
mension reaches 50. Table 1 and Table 2 show the accura-
cy vs. scope results after informative samples are added into
the training set. The number of initial labeled images and
the batch size p are both set to 10 and 15 respectively, where
scope = k means the accuracy is calculated within top k re-
turned images. We can see that most of batch mode active
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Fig. 2. Accuracy vs. scope = 10, 20, 30, 40, 50, 100 with the
subspace dimension d varying from 10 to 100.

learning algorithms, KLRbmal, APAL and our proposed
method SubAL have better performance than the baseline
method SVMal. However, SVMal still outperforms the
method SVMdiv

al . It seems that the method of active learn-
ing with diversity tends to select outliers when consistency of
inner class is high in the dataset.

Table 1. the comparison of the five algorithm when the batch
size is 10
Scope SVMal SVMdiv

al KLRbmal APAL SubAL

10 0.645 0.627 0.643 0.691 0.735
20 0.512 0.51 0.513 0.59 0.62
30 0.459 0.454 0.445 0.536 0.562
40 0.427 0.423 0.415 0.513 0.53
50 0.409 0.405 0.395 0.487 0.509
100 0.355 0.358 0.337 0.429 0.438

Table 2. the comparison of the five algorithm when the batch
size is 15
Scope SVMal SVMdiv

al KLRbmal APAL SubAL

10 0.72 0.712 0.706 0.768 0.774
20 0.577 0.567 0.602 0.641 0.655
30 0.513 0.506 0.538 0.588 0.603
40 0.473 0.470 0.498 0.551 0.571
50 0.444 0.438 0.474 0.525 0.543
100 0.383 0.377 0.401 0.452 0.480

We also can find that the performance of these algorithms
is improved with more initial labeled images and the larger
number of batch size. It shows that learning a subspace to
encode the user’s intention advantages the performance im-
proving of active learning. The accuracy of SubAL is al-
ways higher than APAL from Table 1 and Table 2 in our
experiments.

4. CONCLUSION

This paper presents a framework of subspace learning based
batch mode active learning method for image retrieval. Un-
like the traditional active learning scheme, which only uti-
lize the discriminative information of the labeled samples, the
approach SubAL exploits the valuable labeled samples by
learning a subspace in semi-supervised mode. The learned
subspace which encodes with the user’s intention reduce the
number of original feature dimension. The certainty informa-
tion propagates effectively on this low-dimension space. We
apply our method to image retrieval and observe promising
results.
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