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Abstract
Active learning algorithms automatically identify the most informative samples from
large amounts of unlabeled data and tremendously reduce human annotation effort in
inducing a robust machine learning model. Real-world data often exhibit significantly
skewed class distributions, where samples from one class dominate over the other. While
active learning has been extensively studied, there have been limited research efforts
to develop active learning algorithms specifically for class imbalance applications. In
this paper, we propose a novel framework to address this research challenge. We pose
the active sample selection as a constrained optimization problem and derive a linear
programming relaxation to select a batch of samples. Contrary to existing algorithms, our
framework is generic and is applicable to both binary and multi-class problems, where
the imbalance may exist across multiple classes. Our extensive empirical studies on four
vision datasets spanning three different application domains (face, facial expression and
handwritten digits recognition) with varied degrees of class imbalance demonstrate the
promise and potential of the method for real-world imbalanced data applications.

1

Introduction

Due to the widespread deployment of inexpensive sensors, modern era is witnessing an
unprecedented growth in the amount of digital data in varied forms (images, videos, text
etc.). This has expanded the possibilities of solving real-world problems using computational learning frameworks. However, while gathering large amounts of unlabeled data is
cheap and easy, annotating them with class labels (to induce a model) is a time-consuming
and labor-intensive process. This has set the stage for research in the field of active learning
(AL). Active learning algorithms automatically identify the salient and informative samples
from large amounts of unlabeled data; this not only reduces the human annotation effort in
training a model, but also exposes the model to the most salient exemplars from the underlying data population [31]. Active learning has demonstrated promising performance in a
variety of applications including computer vision [5], text mining [35], spam filtering [30]
and bio-informatics [25] among others.
c 2019. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
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One of the fundamental problems in automated data analysis and prediction is the problem of imbalanced class distributions, where some classes (majority classes) have a significantly higher number of examples in the training set than other classes (minority classes)
[1, 2]. Class imbalance is commonly prevalent in a variety of domains such as medical diagnosis [14, 24], fraud detection [6] and others [3, 27]. For instance, in medical diagnosis,
the frequency of one class (e.g. cancer) can be much less than the other class (e.g. healthy
patient). This can have a serious detrimental effect in training machine learning models [18].
Learning algorithms for class imbalance problems include oversampling methods [17, 23],
undersampling methods [21], thresholding [28], cost-sensitive learning [10] and one-class
classification [19]. A popular oversampling technique called Synthetic Minority Oversampling TEchnique (SMOTE) [7], which augments artificial samples created by interpolating
neighboring data points, has depicted impressive performance in several applications.
Although both active learning and imbalanced data learning are well-researched problems, there have been limited research efforts in developing active learning algorithms specifically for imbalanced data applications. In this paper, we propose a novel framework to
address this important challenge. We propose a sample selection criterion based on informativeness and data geometry; the active selection is then posed as a constrained optimization
problem and a linear programming relaxation is derived to select a batch of samples. Our
framework can handle binary as well as multi-class settings, where more than one classes can
be minority classes. While active learning algorithms have been studied to discover anomalies and rare categories [26] [16], our focus in this research is to develop an AL framework
for imbalanced data, which are common in real-world applications. The rest of the paper
is organized as follows: we present a survey of related techniques in Section 2; the details
of our framework are presented in Section 3; Section 4 depicts the results of our empirical
studies; and we conclude with discussions in Section 5.

2

Related Work

In this section, we present a brief survey of active learning techniques for imbalanced data
applications. Active learning (AL) has received significant research attention in the machine
vision community [31]. In a typical pool-based setup, the learner is exposed to a pool of
unlabeled samples and it iteratively queries informative samples for manual annotation. The
most common query strategy in active learning is uncertainty sampling, where unlabeled
samples with the highest classification uncertainties are queried for annotation. The uncertainty of an unlabeled sample can be quantified by its Shannon’s entropy [15], its distance
from the decision boundary in the feature space for SVM classifiers [35], the disagreement
among a committee of classifiers about the label of the sample [13] and also by combining
multiple criteria such as uncertainty, representativeness and diversity [32]. Although active learning, in general, has been extensively studied, relatively fewer research efforts have
focused on the problem of class imbalanced active learning. Existing methods mostly use
data balancing techniques (such as over/under sampling), together with an active learning
algorithm (such as uncertainty sampling) to address this problem.
The SVM-based AL algorithm proposed by Ertekin et al. [11, 12] is based on the observation that the imbalance ratio of the classes within the margin is much smaller than
that of the entire dataset. The proposed method focuses only on a random subset of samples within the SVM margin (thereby addressing the imbalance issue) and queries samples
closest to the decision hyperplane from this subset. Along similar lines, Zieba and Tom-
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czak [37] proposed a boosted SVM algorithm for class imbalance active learning, based on
sampling near the decision boundary and misclassification cost estimation. Yang and Ma
proposed an ensemble-based framework for class imbalanced AL, where artificial data samples were created to address the class-imbalance and margin-based uncertainty sampling was
used for active sample selection [36]. Chairi et al. [4] approached the problem by undersampling the dataset to reduce the class-imbalance, followed by margin-based sampling for
active learning. Tomanek and Hahn [34] addressed this problem in the context of named
entity recognition (NER), where data re-sampling was applied to reduce the imbalance ratio
and a disagreement based scheme was used for active sample selection. The Uncertainty
Sampling with Biasing Consensus (USBC) algorithm proposed by Chen and Mani [8] used
a multi-model committee, together with uncertainty sampling using least confidence (with
higher weight on the minority class) to address class imbalanced active learning.
However, these AL algorithms assume a binary classification setting, where one class
is the majority class and the other is the minority class; they cannot be applied to multiclass problems, where the imbalance may exist across more than one classes. For instance,
consider an object recognition problem, where the goal is to recognize objects in image.
This is a multi-class problem in which multiple classes can be potentially imbalanced, since
common objects (such as trees, buildings etc.) tend to occur in a larger number of images
than uncommon objects (such as butterflies, frisbees etc.). In this paper, we propose a generic
active learning framework for imbalanced data to address this research challenge. We now
describe our framework.

3

Proposed Framework

Consider an active learning problem, where we are given a labeled training set Lt and an
unlabeled set Ut at time t. Let wt be the learning model trained on Lt and C be the set of
classes in the problem. We are further given that there is a class imbalance in the data, and
a set Cmin ⊂ C, which contains the set of minority classes in the problem. Note that we do
not make any assumptions about the cardinalities of the two sets C and Cmin , that is, our
method is applicable to multi-class problems with an arbitrary number of minority classes.
Our objective is to select a batch B containing k unlabeled samples such that the model wt+1
trained on Lt ∪ B depicts good generalization capability. We quantify the utility score of a
batch of unlabeled samples and attempt to select a batch furnishing the maximal utility score.
In this research, the utility of a batch of samples was quantified using their informativeness
and diversity scores. This ensures that the selected samples are individually informative and
they have high diversity (minimal redundancy) among them. Such selection criteria has been
used in previous active learning research [32].
Computing informativeness: We used two criteria to compute the information content
of an unlabeled sample: (i) Classification entropy, which computes a confidence score of an
unlabeled sample. We use the weighted Shannon’s entropy for this purpose, which has been
used in previous research on learning in the presence of skewed class distributions [20]. The
weighted entropy of an unlabeled sample xi is computed as:
C

E(xi ) = − ∑ g j p j log(g j p j )

(1)

j=1

where p j is the posterior probability of xi with respect to class j, computed by the current
1
,
model wt and g j is the importance weight assigned to class j and is given by g j = C.b
j
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where b j is the proportion of samples in class j in the training set [20]. A high value of E(xi )
denotes that the model has low confidence of prediction on the sample and that the sample
is informative.
(ii) Data geometry, which gives an estimate of confidence of the sample with respect
to every class. This condition enables us to specifically focus on the classes that are underrepresented in the data. For an unlabeled sample xi and a class label j, let dij denote the
distance between xi and its m nearest neighbors in the training set, with the same class label
j. Similarly, let di− j denote the distance between xi and its m nearest neighbors in the training
j

set, with class label other than j. The ratio of these distances is then computed αi j =

di

−j
di

.A

value of αi j close to 1 implies that the unlabeled sample xi is at the border between class j
and other classes. It should thus have a low confidence with respect to class j. If the value of
αi j is very low (close to 0), it signifies that the distance of xi to its closest neighbors in class
j is much lower than that in other classes, which means that there is a high chance it belongs
to class j; the confidence of xi with respect to class j should thus be high. If αi j has a very
high value (much greater than 1) it implies that the distance of xi to its closest neighbors in
class j is much higher than that in other classes, which means that there is a high chance it
belongs to one of the classes other than j. In this case also, it should have a high confidence
with respect to class j. We define a term qi j as the absolute difference between 1 and αi j ;
a low value of qi j denotes that the unlabeled sample xi has a low confidence (and hence
informative) with respect to class j:
qi j = |1 − αi j |

(2)

This is illustrated in Figure 1, which shows an example of a 3-class classification problem. From a data geometry perspective, the unlabeled sample should have a value of αi j very
close to 1 for both classes 1 and 2. Thus, qi j will be low for these classes and the sample
will have low confidence with respect to these classes. On the other hand, the value of αi j
will be high (much greater than 1) for class 3 and consequently, qi j will be high for class 3.
The unlabeled sample will thus have a high confidence with respect to class 3. This supports
our intuition, as given the data geometry, it is very unlikely that the unlabeled sample will
belong to class 3.

Figure 1: Illustration of confidence computation using data geometry. The unlabeled sample
has low confidence with respect to classes 1 and 2, but high confidence with respect to class
3. Best viewed in color.
Given E(xi ) and qi j , we compute a confidence matrix P ∈ ℜC×|Ut | , where each column
represents a sample and the values in the rows denote the confidence of the corresponding
unlabeled sample with respect to all classes:
qi j
P( j, i) =
(3)
E(xi )
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Computing redundancy: To avoid selecting samples that are individually informative
but mutually redundant, we compute a redundancy matrix R ∈ ℜ|Ut |×|Ut | where Ri j denotes
the redundancy between samples xi and x j in the unlabeled set. We used the cosine similarity
to quantify the redundancy between a pair of samples, where a low value of the similarity
denotes low redundancy. We thresholded the similarity values at 0, so that R contains only
non-negative entries. The matrix R is computed as follows:
R(i, j) = min(0, cos(xi , x j ))

3.1

(4)

Active Sample Selection

Given the confidence matrix P and the redundancy matrix R, our objective is to select k unlabeled samples which furnish minimal confidence and minimum redundancy among them.
To consider the class imbalance, we attempt to select a specific number of samples which
furnish low confidence with respect to the minority classes. We define a binary matrix
M ∈ {0, 1}|Ut |×C where each row corresponds to an unlabeled sample and each column corresponds to a class. A value of 1 in a row denotes that the sample should be selected for
annotation and the position of 1 in a particular row of M denotes the class producing the
minimum confidence for that sample. Such a formulation enables us to consider the confidence of an unlabeled sample with respect to the individual classes, which is critical in
applications involving class imbalance. The active batch selection is thus posed as the following optimization problem:
min
M

s.t.

trace(MP) + λ (Me)> R(Me)
Mi j ∈ {0, 1}, ∀i, j
Mi .e ≤ 1, ∀i

∑ Mi j = k
i, j

hM, Ei = ρ

(5)

where λ is a weight factor governing the relative importance of the uncertainty and redundancy terms, e is a vector of length C with all entries 1, Mi denotes row i of matrix M, h·, ·i
denotes the matrix inner product operator, E is a matrix of the same dimension as M with
all 1s in the columns corresponding to the minority classes and 0s elsewhere and ρ(< k)
is a constant. The first constraint denotes that M is a binary matrix; the second constraint
signifies the each row of M can have at most one entry as 1; the third constraint denotes that
M will have k entries as 1, which is the pre-specified batch size; and the fourth constraint
denotes that M should have a specific number (ρ) of 1s in the columns corresponding to the
minority classes. This enforces the algorithm to select ρ out of the k samples by considering
the confidence in the minority classes. Thus, by specifically focusing on the confidence of a
sample with respect to the minority classes, we attempt to guide the active sample selection
process to address the imbalance issue in the data. We now discuss an efficient strategy to
solve this optimization problem, as detailed in the following theorem.
Theorem 1. The optimization problem defined in Equation (5) can be expressed as an equivalent linear programming (LP) problem.

6
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Proof. The first term in the objective function can be expressed as a linear term: trace(MP) =
∑i, j Pi j .M ji . The second term is simplified as follows:
(Me)> R(Me) =

∑ Ri j (Me)i (Me) j
i, j

=

∑ Ri j hMi .e, M j .ei
i, j

=

∑ Ri j hMi , M j .ee> i
i, j

=

∑ Ri j hM>j Mi , ee> i

(by laws of inner product)

i, j

=

∑ Ri j ∑ Mia .M jb
i, j

=

(since ee> is a matrix of all 1’s)

a,b

∑ ∑ Ri j Mia .M jb
i, j a,b

=

∑ ∑ Ri jVi jab ,
i, j a,b

where Vi jab = Mia .M jb (the derivation uses the algebra of inner product operation and the
fact that ee> is a matrix of all 1’s ). Since M is a binary matrix with only 0 and 1 entries, Vi jab
will equal 1 when both Mia and M jb are 1 and will equal 0 otherwise. Considering the binary
constraints on M, this quadratic equality can be expressed as an equivalent linear inequality
as follows:
Vi jab = Mia .M jb ⇔ Mia + M jb ≥ 2Vi jab
(6)
A simple observation reveals that the linear inequality also produces a value of 1 for Vi jab
when both Mia and M jb are 1 and 0 otherwise. The optimization problem in Equation (5) can
thus be expressed as follows:
min
M,V

s.t.

∑ Pi j .M ji + λ ∑ ∑ Ri jVi jab
i, j

i, j a,b

Mi j ,Vi jab ∈ {0, 1}, ∀i, j, a, b
Mi .e ≤ 1, ∀i

∑ Mi j = k
i, j

hM, Ei = ρ
Mia + M jb ≥ 2Vi jab

(7)

In this optimization problem, both the objective function and the constraints are linear in
the variables M and V . It is thus a linear programming (LP) problem.
We vectorize the variables, append them one below the other and express the objective
function and the constraints in terms of the new variable. The integer constraints on M and V
are then relaxed into continuous constraints and the problem is solved using an off-the-shelf
LP solver. After obtaining the continuous solution, we recover the integer solution of our
variable of interest M, using a greedy approach where the highest entries in each row of M
are reconstructed as 1 and the other entries as 0, observing the constraints.
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Experiments and Results

We conducted an extensive set of experiments to study the performance of our framework
against competing baselines, the effect of batch size and its performance in multi-class settings where more than one classes can be the minority classes. These are detailed below.

4.1

Datasets and Experimental Setup

Our search revealed that most of the publicly available datasets where there is a natural
class imbalance, are not from the vision domain. We therefore selected 4 challenging vision datasets (from different application domains) and used the step imbalance technique
proposed in previous research [2] to impart class imbalance in the data. Face Recognition:
We used two datasets in our experiments: the VidTIMIT [29] and the NIST Multiple Biometric Grand Challenge (MBGC) [33], both of which contain recordings of subjects under
unconstrained natural conditions. 25 subjects were selected at random for our experiments.
Facial Expression Recognition: We also studied the performance of our algorithm on the
MindReading dataset, which was collected to help individuals with autism spectrum disorder (ASD) recognize facial expressions [9]. It contains images of the 6 basic emotions
from a number of subjects. Handwritten Digits Recognition: We further validated the performance of our framework on the MNIST dataset [22] (containing images of handwritten
digits from 10 classes), which is extensively used in computer vision research.
We first studied the performance of our algorithm on binary classification problems with
a single minority class. This was done to facilitate a fair comparison against the baseline
methods, which work only on binary problems. Each dataset was binarized in the following
way: one class was selected at random from each dataset and was considered as the minority
class; all the other classes were coalesced and was considered the majority class. This resulted in the following imbalance ratios for each of the datasets: VidTIMIT (1 : 24), MBGC
(1 : 24), MindReading (1 : 5) and MNIST (1 : 9). This strategy of introducing imbalance in
the data is inspired from previous research on imbalanced learning with vision data [2].
Each dataset was divided into an initial training set (1%), an unlabeled set (89%) and a
test set (10%) (the number of images used for each dataset are depicted in Table 1). For a
given batch size k, each algorithm queried k samples from the unlabeled set in each iteration.
The selected samples were then labeled and appended to the training set; the model was
updated and tested on the test set. The process was continued iteratively until a stopping
condition was satisfied (taken as 25 iterations in this work). The objective was to study
the improvement in performance on the test set with increasing sizes of the training set.
We used the F1-score as the evaluation metric in this research, as it is commonly used in
class imbalanced learning applications [1]. All the results were averaged over 3 runs (with
different initial training, unlabeled and test sets) to rule out the effects of randomness. The
weight parameter λ was selected as 1 based on preliminary experiments, the batch size k
was taken as 5 (we also studied the effect of this parameter on learning performance) and the
parameter ρ was taken as 2.
Dataset
VidTIMIT
MBGC
MindReading
MNIST

Training
87
85
25
91

Unlabeled
7788
7610
2279
8099

Table 1: Dataset Details

Test
875
855
257
910
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4.2

Comparison Baselines

We used three comparison baselines in our work: (i) Random Sampling, where a batch
of unlabeled samples is queried at random; (ii) SVM-AL [11]; and (iii) USBC, which has
demonstrated impressive performance in an active learning challenge [8]. These baseline
methods were selected to capture the two most common active learning techniques for imbalanced data classification (margin-based uncertainty sampling [11], query-by-committee
together with ensemble learning [8]).

4.3

AL Results: Binary Problems with One Minority Class

The AL performance results are depicted in Figure 2. In each graph, the x-axis denotes the
number of active learning iterations and the y-axis denotes the F1-score on the test set. We
note that Random Sampling sometimes depicts good performance (as in the MindReading
dataset), but is not consistent across datasets in its performance. The SVM-AL and USBC
algorithms perform better than Random Sampling, but is not as good as the proposed method.
Our framework consistently depicts impressive performance across all the datasets; at any
given iteration, it produces the highest F1-score most of the times. The improvement is
particularly evident for the face recognition datasets VidTIMIT and MBGC. This shows that
our algorithm is efficiently identifying the most informative unlabeled samples and is capable
of inducing a robust model with minimal human effort. The results unanimously corroborate
the promise and potential of our method for real-world applications with class imbalance.
VidTIMIT Dataset

1
0.8

0.8

F-Score

F-Score

MBGC Dataset

1

0.6
0.4

Random
USBC
SVM-AL
Proposed

0.2

0.6
Random
USBC
SVM-AL
Proposed

0.4

0

0.2
0

5

10

15

20

25

30

0

5

Number of Iterations

(a) VidTIMIT Dataset

15

20

25

30

(b) MBGC Dataset

MindReading Dataset

0.8

10

Number of Iterations

MNIST Dataset

1
0.9

F-Score

F-Score

0.6

0.4
Random
USBC
SVM-AL
Proposed

0.2

0.8
0.7
Random
USBC
SVM-AL
Proposed

0.6
0.5

0

0.4
0

5

10

15

20

Number of Iterations

(c) MindReading Dataset

25

30

0

5

10

15

20

25

30

Number of Iterations

(d) MNIST Dataset

Figure 2: Performance of the proposed framework on binary datasets with one minority
class. Best viewed in color.
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Figure 3(a) shows a plot of the class imbalance ratio (ratio of the number of samples in
the minority and majority classes in the training set) against the number of active learning
iterations for the MNIST dataset. Since this is a binary classification problem, an imbalance
ratio of 0.5 implies that the data is perfectly balanced between the two classes. The training
set has an initial imbalance ratio of about 0.1. The figure depicts that our method achieves
an imbalance ratio of about 0.36 after 25 AL iterations. USBC attains a ratio of about 0.29
while Random Sampling and SVM-AL do not depict a considerable growth in the imbalance
ratio. The constraint hM, Ei = ρ enforces our method to specifically focus on the samples
furnishing low confidence with respect to the minority classes and query them accordingly.
Figure 3(b) shows the results for the MindReading dataset, where the starting imbalance ratio
is approximately 0.2. The proposed method attains a ratio of about 0.28 − 0.3 after the AL
iterations, whereas the baselines achieve a much lower ratio (except USBC). Thus, besides
querying the salient and exemplar samples, our method also attempts to balance the class
distribution in the training set. This combined criteria accounts for its superior performance,
as evident from Figure 2.
MNIST Dataset

0.4

MindReading Dataset
Random
USBC
SVM-AL
Proposed

Imbalance Ratio

Imbalance Ratio

0.4
0.3
Random
USBC
SVM-AL
Proposed

0.2

0.1

0.3

0.2

0.1
0
0

5

10

15

20

Number of Iterations

(a) MNIST Dataset

25

30

0

5

10

15

20

25

30

Number of Iterations

(b) MindReading Dataset

Figure 3: Study of imbalance ratio. The proposed method attempts to balance the class
distribution in the training set and achieves the highest imbalance ratio. Best viewed in
color.
We also conducted an experiment to study the effect of batch size on the learning performance. The MNIST dataset was used with batch size 3, 5, and 10. The results are presented
in the Supplemental File, due to space constraints. The results depict a similar pattern as in
Figure 2; our algorithm outperforms the baselines across all batch sizes.

4.4

AL Results: Multi-class Problems with Multiple Minority Classes

As evident from the formulation detailed in Section 3, our method can also be applied to
multi-class problems, where there are multiple minority classes. We conducted experiments on the MNIST dataset (with all 10 classes) to study the multi-class performance of
our method. We studied two different settings, with 2 and 3 minority classes (out of 10).
We randomly deleted 70% of the samples from each of the classes designated as a minority
class, to impart class imbalance in the data. We used Random Sampling as the comparison
baseline for this experiment, as the other AL methods are specifically designed for a binary
classification problem with a single minority class and do not generalize to multiple minority
classes. Since this is a multi-class problem, we used the average F1-score (averaged across
all classes) as the performance metric. Figure 4(a) presents the results with two minority
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classes (2, 5). We once again note that our algorithm outperforms Random Sampling and
depicts a faster growth in the average F1-score with increasing number of iterations. Figure
4(b) also shows a similar pattern, where (3, 7) were taken as the minority classes, instead of
2 and 5. Figures 4(c) and 4(d) show the performance with 3 minority classes (1, 4, 8) and
(2, 6, 10) respectively. Our framework depicts better performance than Random Sampling in
both experiments.
MNIST Dataset: Minority Classes: 2 and 5

0.82
0.8
Random
Proposed

0.78

MNIST Dataset: Minority Classes: 3 and 7

0.88

Average F-Score

Average F-Score

0.84

0.76

0.86
0.84
0.82
Random
Proposed

0.8
0.78
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0

5

10
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25
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0

5

Number of Iterations

(a) Minority Classes: 2 and 5

20

25

30

MNIST Dataset: Minority Classes: 2 6 and 10

0.86

Average F-Score

Average F-Score

15

(b) Minority Classes: 3 and 7

MNIST Dataset: Minority Classes: 1, 4 and 8

0.85

10

Number of Iterations

0.8

0.75
Random
Proposed

0.7

0.84
0.82
0.8

Random
Proposed

0.78
0.76
0.74

0.65
0
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10

15

20

25

30

Number of Iterations

(c) Minority Classes: 1, 4 and 8

0

5

10

15

20

25

30

Number of Iterations

(d) Minority Classes: 2, 6 and 10

Figure 4: Performance of the proposed framework on the multi-class MNIST dataset with
multiple minority classes. Best viewed in color.

5

Conclusion and Future Work

In this paper, we proposed a novel active learning framework for class-imbalance problems.
The active sample selection was posed as a constrained optimization problem, based on the
confidence and diversity criteria, which was shown to be equivalent to a linear programming
problem. Our extensive empirical studies on a variety of applications demonstrated the potential of our algorithm over competing baselines. More importantly, our method generalizes
to a multi-class setting, with an arbitrary number of minority classes. This corroborates the
flexibility and the usefulness of the algorithm for real-world classification applications. As
part of future research, we plan to study the performance of our framework on other problem
domains, such as multi-label learning. We also plan to compute the value of ρ adaptively in
each iteration, based on the class distribution in the training set.
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