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ABSTRACT When the data is imbalanced, often observed in the real-world, important minor class instances
that are conducive to accurately predicting the decision boundary are less likely to be queried in the active
learning for classification task. Therefore, mitigating the effect of the imbalance in learning is necessary for
achieving better generalization. For the alleviation of this problem, this paper considers an active learning
algorithm referred to as the blending minority preferential (BMP). The BMP systematically adapts to blend
conventional query strategies with the proposed minority preferential queries on a randomly sampled pool
dataset. The proposed minority preferential queries are conditioned on an unlabeled data instance predicted
to belong to the minor class. A multi-armed bandit is involved in the blending of the two different types of
queries for achieving high accuracy and balanced learning in obtaining each query set. The performance of
the BMP is validated on datasets that include three imbalanced datasets having binary labels, eleven small
structured datasets, modified Fashion-MNIST, CIFAR10 dataets, and two real datasets of the PlantSC and
HAM10000. The comparison result shows that the BMP can mitigate imbalanced learning and achieves
higher accuracy combined with higher G-mean, compared with conventional queries or other query-based
imbalanced active learning.

INDEX TERMS Active learning, imbalanced learning, minor class, multi-armed bandit, uncertainty, query-
by-committee.

I. INTRODUCTION
Active learning is a sub-field in machine learning to itera-
tively query a subset of unlabeled instances to be labeled for
learning a predictor without the need for annotating the whole
dataset. In achieving this goal, active learning is known to
achieve exponential improvement in sample complexity [9].
This active learning can suffer from imbalanced datasets in
classification, often observed in the real world.

When the class distribution is biased reflected by the
uneven number of data on each class, most active learn-
ing algorithms’ performance can degrade because of imbal-
anced learning resulting in the under-representation of minor
classes. Also, it can suffer from the varying distribution
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in the learning procedure of active learning. In contrast to
passive learning, active learning updates the predictor with
every label acquisition. Although there are various methods
to mitigate the imbalanced learning [6], [7], [10], [18], [24],
[25], [33], [34], [36], these can be ineffective as the situa-
tion of active learning is a bit more complicated: the degree
of imbalance changes as labels are acquired, and it affects
the class distribution of unlabeled data simultaneously. The
studies addressing this problem via the decision boundaries,
having the limitation in the use of deep network [54], tried
to mitigate the imbalance by certainty query with a balancing
procedure. In the use of deep networks, [3], [16] considered
the Bayesian and ensemble approach, whereas [1], [51] uses
the generating and gradient-based approach, which cannot
be accommodated with the conventional query strategies.
To address the imbalance problem in active learning with

79526
This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.

For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/ VOLUME 10, 2022

https://orcid.org/0000-0001-8357-1025
https://orcid.org/0000-0002-0756-7179
https://orcid.org/0000-0002-9843-9219


G. Kim, C. D. Yoo: Blending Query Strategy of Active Learning for Imbalanced Data

deep networks, similarity learning for the minor class on
extracted feature domain is studied by [53], [54], which does
not apply to the uncertainty query strategies.

This paper introduces a blending query strategy mitigat-
ing the imbalance problem in active learning, applicable to
popular uncertainty sampling strategy with the deep network.
The basic framework of the proposed query strategy is to
identify a minor class on labeled and unlabeled datasets and
decide the preference to label the data instance predicted as a
minor class. For example, the strong preference for minorities
can imply that labeling only data instances predicted as a
minor class. This query strategy is referred to as the minority
preferential query. In this strategy, moderate preference can
imply that a conventional query labels half, and a minority
preferential query labels the other half.

In this procedure, the strength of preference is cru-
cial [23], [40]. When the query strategy over-focuses on the
minor class, it can drastically decrease the prediction accu-
racy aggregated with all classes. Therefore, controlling the
strength of minority preference is required, and this controller
should find an appropriate blending along with acquisition
steps.

The multi-armed bandit is considered to blend conven-
tional and minority preferential query strategies in active
learning, and the goal of this blending is to improve the
prediction performance. This algorithm is referred to as the
blending minority preferential (BMP). Our approach is to
mitigate the imbalance (unfair) resulting in improved test
accuracy. In the BMP, if the learner provides a finer clas-
sification for minor classes, then the prediction accuracy
increases with an appropriate mitigating of biased learning.
The remainder of this paper is as follows. Section II–V will
show the relayed work, background, motivation, and the
proposed algorithm. Experiments with binary imbalanced
datasets, modified Fashion-MNIST, CIFAR10 datasets, and
small structured datasets are reported in Section VI–VIII.
Section IX reports the experiments of plant (PlantSC) and
skin cancer (HAM10000) datasets, and Section X concludes
this paper. The proof, detailed setups for experiments, and
supplementary experiments are deferred to Appendices.

II. RELATED WORK
In many real-world learning problems, a large collection of
unlabeled samples is assumed to be available. Active learn-
ing is a labeling procedure by selecting a small subset of
unlabeled samples for their labels to be used in training and
achieve a stronger sample efficiency than random labeling.
The essence of active learning is to evaluate the informative-
ness for learning and query data instances to be labeled by an
oracle based on this evaluation.

Uncertainty sampling [8], [38], [44], model change [15],
Bayesian active learning [41], [48], core-set [39], and error
reduction [43], [52] are representative query strategies. Along
with recent development of active learning in deep net-
works, Variation ratio [13] with ensemble method based on
query by committee (QBC) strategy [46] is adopted in deep

FIGURE 1. Left: Example of active learning in imbalanced data. Right: test
accuracy where the upper, lower, and middle lines present prediction
accuracies on minority, majority, and all classes, respectively.

networks [3]. There are other works such as Gradient based
and adversarial approaches [1], [52].

Although advanced strategies have been developed and
cooperated with deep networks, there is little work directly
addressing imbalanced active learning. There are some works
[50], [53], [54]. The first is primitive. They used a balancing
approach on the feature domainwith various pairs of certainty
and uncertainty metrics. Although intensive experiments, the
consistent strategy for acquisition function is weakly pro-
posed. Also, the later two studies are not well-cooperated
with the conventional and typical query strategies. We are
motivated to develop a general, straightforward algorithm that
cooperates with popular query strategies.

III. BACKGROUND
Let (x, y) ∈ X × Y be input and label where X ⊂ Rp and
Y = {1, . . . ,C} are input and label space respectively. Also,
L,U and θ denote labeled dataset, unlabeled dataset, and the
parameters of the current model. Representative examples
of uncertainty-based acquisition functions for x ∈ U are as
follows:

1) Predictive entropy [47]

H [y|x,L] = −
∑
c∈Y

p (y = c|x,L) log p (y = c|x,L)

where p (y = c|x,L) is the predictive probability of
y = c given x, learned from L.

2) Themutual information between predictions andmodel
posterior (Bayesian Active Learning by Disagree-
ment; [21] )

I [y|x,L] = H [y|x,L]− Ep(θ |L)[H[y|θ , x]]

where p(θ |L) the the posterior probability of θ given
L. Here H[y|x,L] = −

∑
c∈Y p(y = c|x,L) log p(y =

c|x,L) where p(y = c|x,L) = Ep(θ |L)[p(y = c|x, θ )],
and H[y|θ , x] = −

∑
c∈Y p(y = c|x, θ ) log p(y =

c|θ , x).
3) Variation ratio [13] with a {f̂l(·|L)}Ll=1

V(x) = 1−
fx
L

where fx = maxc
∑L

l=1 I(f̂l(x | L) = c), I is an
indicator function, and f̂l are predictors.
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4) Mean standard deviation [27]

σ (x) =
1
C

C∑
c=1

σc(x)

where σc(x) =
√
Varp(θ |L) [p(y = c|x, θ)].

Here various acquisition functions are used to find the
most uncertain data instance, and the variation ratio requires
predictions.

In Bayesian approach, the learners are generated from the
models induced from posterior samples of θ , and variation
ratio approximates the 1 − maxcEp(θ |L)[p(y = c | θ , x)]
(related to least confidence) Also, ensemble learners can be
used to generate class prediction samples to calculate the
variation ratio.

IV. MOTIVATION
The left figure of Figure 1 shows an example of x distribution
that massive major class instances are close to the decision
boundary and rare minor class ones are around the decision
boundary. We have no information about this distribution at
the early stage of active learning, and the minor class instance
has a very small chance of being labeled using uncertainty
measures. Even if labeled data size increases, the recovery
of balanced learning cannot be sufficient for generalization.
To observe this problem empirically, we experimented with
toy data. The toy data are generated as:

x ∼ w1φµ1,6(x)+ w2φµ2,6(x)+ w3φµ3,6(x) (1)

where 0 < wi < 1,
∑3

i=1 wi = 1, and φµ,6(·) is the prob-
ability density function of bivariate normal distribution with
mean vectorµ and covariance matrix6.Also, y ∈ {1, 2, 3} is
the label indicating the component of mixture distribution (1).
If x is generated from φµk ,6(x), then y is labeled as k. In
experiment using toy data, the µ1, µ2 and µ3 are set to the
values of (0, 0), (−2,−2) and (2,−2) respectively, and

6 =

(
σ 0.2σ

0.2σ σ

)
.

We set w1 = w2,w1/w3 = 20, and σ = 4/9, which results
in that the probability of y = 3 is 0.024. Then active learn-
ing using the predictive entropy is performed with initially
labeled data of size six and linear predictor of a multi-logit
model. Step by step, five data instances having the largest pre-
dicted entropy are labeled. Total acquisition steps are 40, and
we conducted 25 repeated experiments. To validate the infor-
mativeness of the labeled dataset, we report the prediction
error on a test dataset as the average of 25 repetitions, which is
drawn on the right-hand side of Figure 1. Here the test dataset
of size 2050 is generated following the distribution of (1).
As the size of labeled data becomes larger, the prediction
error of the majority class decreases while that of the minor
class does not decrease. In contrast to the major class, the
prediction error of the minor class increases and becomes
constant after several steps. Uncertainty-based active learning
has a weakness in finding more informative data instances

for learning the minor class. Early-stage learning is severely
biased to the major class, and the under-representation of the
minor class continues.

Exploration and finding informative instances for minor
classes can help alleviate this problem. It is the primary moti-
vation of the BMP. Before the close of this section, we empha-
size that imbalanced learning can cause a severe drawback in
the generalization, shown in the following theorem with the
simple binary classification task.
Proposition 1: Suppose the model having a linear predic-

tor such that yi ∼ Bernoulli(p(xi)) where logit (p(xi)) =
α0 +

∑d
k=1 αkxik . Under mild conditions, asymptotically the

covariance matrix of maximum likelihood estimator α̂ =
(α̂0, α̂1, α̂2, . . . , α̂d )> is

(X>WX)−1

as n → ∞, where X> = ((1, x>1 )
>, . . . , (1, x>n )

>) ∈
R(d+1)×n and W = diag{p̂i(1 − p̂i)}ni=1. In addition,
if maxi {p̂i(1− p̂i)} = o (1/n) , then

Var(α̂s)→∞, s ∈ {0, 1, . . . , d}. (2)

Proof: see Appendix I-A.
Remarks: The proof and remarks in Appendix I-A imply

that the variance and bias have a delicate trade-off relation-
ship in imbalanced data when up-sampling the minor class is
conducted. It can require being cautious in up-sampling.

V. ALGORITHM OF BMP
Let labeled and unlabeled datasets at step t be denoted by
Lt = {(xi, yi)}i∈At⊂W and Ut = {xi}i∈W\At , respectively.
Here W and At comprise index sets for whole dataset and
labeled data at step t, and Qt (xi) denotes the acquisition
function to measure the uncertainty or informativeness. Our
algorithm aims to carefully tune the strength of the minority
preferential. Given conventional acquisition functions such as
variations ratio or BALD, minority preferential strategy is to
find the most informative data instance using the uncertainty
query corresponding to conventional acquisition function
conditioned on the minor class.

In pool-based active learning, each step’s acquisition size
q can be over several tens or hundreds. To assign each data
instance to conventional or minority preferential, we split
{1, . . . , q} into M batches (partitions) of size q/M . Then
conventional and minority preferential queries are assigned
batch-wise. For examplem×q/M and (M−m)×q/M queries
can be assigned to conventional and minority preferential
queries where m ∈ {0, . . . ,M}.

A. MINORITY PREFERENTIAL STRATEGY
To sample from the minor class, we need to identify the
minor class. The accurate estimation of the minor class can
be another problem. However, we can infer the minor class by
labeled dataset and the label prediction of unlabeled samples,
i.e. the minor class can be identified from the given labels or
predicted labels in Lt and Ut respectively. The prediction for
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FIGURE 2. The process of the BMP, the probability on mixtures of conventional, P-min preferential, and E-min preferential strategies is
updated by the empirically observed accuracy on the validation set W .

Ut can be conducted by a learner trained onLt . This paperwill
refer to P-minority preferential and E-minority preferential
as minor class preferential strategies based on Ut and Lt
respectively. The two strategies differ in the domain in which
minor class is identified. E-min focuses on Lt , but P-min
focuses on Ut . The followings are the detailed descriptions
of the two minority preferential strategies.
• P-MINORITY PREFERENTIAL STRATEGY (P-

MIN):
The minor class is identified as:

c∗ = argminc
∑
xi∈Ut

I[ŷi,t = c],

where ŷxi,t is the predicted class, i.e.

ŷi,t = argmaxcp̂(yi = c | xi,Lt ).

Then P-min queries the data instance of

argmaxxi∈Ut :ŷi,t=c∗Qt (xi). (3)

Similar to [32], themost uncertain instancemeasured byQt (·)
is selected.
•E-MINORITYPREFERENTIALSTRATEGY (E-MIN):
The minor class in E-min is identified as:

c∗ = argminc
∑

(xi,yi)∈Lt

I[yi = c].

Then E-min queries the data instance of

argmaxxi∈Ut :ŷi,t=c∗Qt (xi). (4)

B. MULTI-ARMED BANDIT IN THE BMP
The BMP queries unlabeled instances in a batch-wise manner
from a pool set, a randomly sampled subset of the unlabeled
dataset. Three types of query strategies (conventional, P-min
preferential, and E-min preferential) are blended, causing var-
ious mixtures. Mixture type is discriminated by the portions

of three strategies, denoted by a mixture vector (s1, s2, s3).
For example, (s1, s2, s3) = (1/5, 2/2, 2/5) denotes that we
use conventional query strategy, P-minority preferential, and
E-minority preferential for querying one, two, and two bathes
from the pool, respectively. In this example, the query sizes
are 4, 8, and 8 when the total query size, number of batches,
and batch size are 20, 5, and 4, respectively.

We consider the distinct mixture types as multi-arms and
let K ′ the number of arms. A multi-armed bandit selects
an arm (type of mixture) for each query set. If the num-
ber of batches M = 5 and the selected blending mixture
is (2/5, 3/5, 0), then a conventional and P-min preferential
strategies query two and three batches, respectively. Note that
the number of arms is

(M+2
2

)
= K ′ where M is the total

number of batches. Hence, arms are the blending type and the
probability vector of arms is updated through regret or loss.

Among various multi-armed bandit strategies and
algorithms, we consider a regret minimization having
multiplicative-weights [14], described in Alg 1. For the loss
function `at (Alg. 1) of multi-armed bandit algorithm, the
prediction error on an independent validation set W can
be considered. This loss function can be formulated as the
1 − ACC(t)at where ACC(t)at is the learner’s accuracy on
W at the step t. The learner is trained by the Lt−1 ∪ Lat
where Lat is the newly labeled dataset by the selected arm
(mixture) at .However, this prediction error becomes stochas-
tically smaller along with the acquisition steps. This property
implies the loss function is non-stationary in the acquisition
step, and the more complicated multi-armed bandit algorithm
can be required with this loss [4]. To avoid this complexity,
we propose the following loss function in Alg. 1:

`at = I
{
ACCbt > ACCat

}
(5)

where bt is the base-line query strategy such as the fully
conventional queries. The base-line query strategy is one of
the K ′ arms, and the loss of this arm is always 0. Therefore,
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only K = K ′ − 1 arms are valid in the multi-armed bandit
algorithm.

In general, the ACCat and ACCbt are stochastically increas-
ing processes, having a strong dependency on acquisition
steps. However, `at is based on the differences between the
two processes. Thus, the `at can be very weakly dependent
on the acquisition steps. Also, it is natural to choose the
conventional query strategy as the baseline. Furthermore,
to enjoy the superiority of the base-line strategy when the
base-line provides better performance on theW, the base-line
query strategy is optionally selected.

The detailed implementation and process are presented in
Alg. 1 and Figure 2. At each step, an arm of the mixture is
sampled from the probability π t . The sampled arm decides
the mixing of three strategies, and each strategy is adopted
in batch-wise based querying. In practice, the number of
mixture types is twenty, and the number of batches is five.
Therefore, if we want to query q data instances at each
step, the query size allocated for each batch is q/5. After
querying and labeling, the loss function is evaluated on the
validation set W, and update the probability of π by this
loss. The iterated algorithm is performed until the pre-defined
horizon T .

C. DISCUSSION ABOUT THE BMP ALGORITHM
The BMP algorithm aims to achieve high accuracy by miti-
gating imbalanced learning. The accuracy can be considered
as the limited metric for imbalanced datasets [12] The various
metrics such as the area under the curve (AUC), geometric
mean (G-mean), and Cohen’s κ [35], referred to as κ , can be
considered to measure and address the skewed learning, and
various metrics have various properties.

The accuracy has limitations since the skewed learning
toward major classes can provide high accuracy. However,
our interest is the case that accuracy is not improved or
degraded from the skewed learning (under-representation of
minor classes in labeled datasets), observed in the motivation
example.Whenwe encounter imbalanced class distribution in
active learning and try to improve the accuracy, The BMP can
help to achieve this aim by elaborately mitigating imbalanced
learning. We observed the G-mean and accuracy to validate
that BMP can improve accuracy by mitigating imbalanced
learning. TheG-mean is very sensitive to imbalanced learning
and related to accuracy in a more direct manner. Therefore,
theG-mean ismainly considered in this paper. Ourmotivation
is to address the degrading or stagnating accuracy in active
learning through more balanced learning, which can be mea-
sured by metrics such as the G-mean. It can be problematic
if the high accuracy is obtained by merely focusing on the
major classes.We tried to achieve high accuracy and balanced
learning simultaneously.

Related to the loss function in Alg 1, we conducted addi-
tional experiments using other loss functions, as reported in
Appendix I-I. It shows the metric in loss function can guide
the performance of BMP. If it is required to focus on other
metrics such as G-mean in a specific task, we can use the

BMP algorithm by changing the loss function, another metric
instead of accuracy.

Meanwhile, the budget of labeling is important in active
learning. Double labeling due to Lat and Lb in the loss
function requires additional cost. However, the blending strat-
egy includes the conventional one, reducing double-labeling
costs. The amount of reducing labeling costs is deferred
to Appendix I-G. It shows the additional costs are around
1.6∼1.7 times of conventional strategy.

Also, we discuss the effect of labeled initial datasets. Espe-
cially in the early steps, true minor classes can be excluded
in the labeled initial datasets. In this case, the minor class in
the labeled dataset is used for the E-min, and conventional
uncertainty query or P-min provides the labeling chance to
true minor classes. After the ground truth minor class appears
in the labeled dataset, the preferential to minor class can
strengthen the learning for the trueminor class.We conducted
the additional experiments, excluding all true minor classes
in the labeled initial dataset. The results are reported in
Appendix I-H, showing that the BMP’s performance is not
severely degraded, even in this extreme case.

VI. EXPERIMENTS WITH BINARY CLASSIFICATION
To examine the performance of BMPs, the first experiments
were conducted in the binary classification task. The perfor-
mance of the BMPs and other strategies were evaluated on
the independent test dataset T . Evaluation using test dataset
is the same also in later Sections experiments.

A. DATASETS AND LEARNING SETUP
In this section, we consider datasets on UCI [11]. Descrip-
tions and learning setups of three datasets on UCI, HIVA [17],
ZEBRA [17], and THYROID [11] are displayed in Table 1.
The original THYROID dataset has three classes, and among
three classes two minor classes merged to be one class for a
binary classification task.

B. QUERY STRATEGY AND RESULT
For the comparison of the BMPs with other query strategies,
we consider random query (Random), variation ratio with
ensembles (VE; [3]), co-selecting (CO; [32]), and intra-class
clustering (ICC; [31]). The Random is the baseline strategy
querying by random sampling, and the VE is the QBC (Query
by Committee; [46]) algorithm achieving high performance,
even for the imbalanced datasets. The CO and ICC algorithms
(available for binary classification tasks) are designed to
address the under-representation of minor classes in binary
classification. The CO algorithm utilizes two sub-attributes
to identify major and minor classes as certain as possible,
and the other to find uncertain data instances in the identi-
fied classes. The CO algorithm queries equal-sized majority
and minor classes to mitigate the under-representation of
minor classes. The ICC algorithm partitions themajority class
into many sub-classes, and the uncertainty is measured in
sub-classes andminor classes. For the BMP, the VE is cooper-
ated (VE-BMP) since the VE shows better performance than
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Algorithm 1 The BMP Algorithm
Input: Initial labeled and unlabeled datasets L0 and U0

Validation setW
Total querying number q with M batches
Available K arms
π0 = (1/K , . . . , 1/K )

for t = 0 to T do
1. at ∼ π t = (π1

t , . . . , π
K
t )

− Let (st1 , st2 , st3 ) be a mixture vector
− Randomly samples Pool set Pt ⊂ Ut

2. Blending
− v1 = argmaxv⊂Pt ,|v|=st1q/M

∑
xl∈v Qt (xl)

− P∗t ← Pt \ v1 and v← v1
− v2 = argmaxv⊂B∗t ,|v|=st2q/M

∑
xl∈vQt (xl )

where B∗t = P∗t ∩ {xi : ŷxi,t = P-min class}
− P∗t ← P∗t \ v2 and v← v ∪ v2
− v3 = argmaxv⊂B∗t |v|=st3q/M

∑
xl∈v Qt (xl )

where B∗t = P∗t ∩ {xi : ŷxi,t = E-min class}
− P∗t ← P∗t \ v3 and v← v ∪ v3
∗ Lat = {(xi, yi)}i∈v labeled by an oracle

3. Base-line
− argmaxv′⊂Pt ,|v′|=q

∑
xl∈v′ Qt (xl )

∗ Lbt = {(xi, yi)}i∈v′ labeled by an oracle
4. Calculating prediction accuracies onW
− ACCat using Lt ∪ Lat
− ACCbt using Lt ∪ Lbt

5. ∀i ∈ [K ], π it+1 = π̃
i/
∑

j π̃
j where

π̃ i =

π it exp
(
−
β`at

π it

)
i = at

π it i 6= at ,

and `at = I
{
ACCbt > ACCat

}
6. Lt+1 is updated as:

Lt ∪ Lbt when ACCbt > ACCat
Lt ∪ Lat when ACCbt ≤ ACCat

end for

all experiments in this paper. Note that The BMP induced by
the conventional query is denoted by the character ‘-BMP’
attached to the last of the abbreviations.

Meanwhile, the learner used in all strategies is amulti-layer
perceptron (see Appendix I-B for architecture details and
hyper-parameters of CO and ICC). In the learning setup
for active learning, the number of batches is five and
β = 0.5 in multi-armed bandit, where the selection
of these hyper-parameters is based on the discussion in
Section VII-B.
The superiority of BMP to other strategies can be validated

by the large values of G-mean (defined as the geometric mean
of accuracy per class) and test accuracy in almost all steps
of all datasets. We draw the test accuracy of all strategies
along with the size of the labeled dataset in Figure 7 in
Appendix III, which is general in active learning. In Table 2,
G-mean and test accuracy are reported, where the value is the
average of five experiments.

TABLE 1. Data description and learning setup. Here I,Pt ,W and T
denote initially labeled, pool, validation, and test datasets, respectively.

TABLE 2. Test accuracy / G-mean of HIVA, ZEBRA, and THYRIOD. Here,
|L| is the labeled data size along with the step, where the right column
corresponds to the last step.

The ICC performs better than the Random on all datasets,
and the CO is slightly superior to the Random. As expected,
the VE shows a better performance than the CO and ICC in
test accuracy. Because the high test accuracy can be achieved
by sacrificing balanced learning, we observe the test accuracy
and the G-mean in a precise manner. We can observe that
the improvement of G-mean and accuracy is positively cor-
related. For all datasets, the BMP is superior in test accuracy
and G-mean almost simultaneously, except for cases of the
early step of THYROID (accuracy) and of ZEVRA (G-mean).
The VE is slightly better than the VE-BMP in very few
cases, which implies the inferior to the VE-BMP. The better
performance of the VE-BMP in test accuracy and G-mean
implies that mitigation of imbalance contributes to the test
accuracy. In contrast to VE-BMP, the CO and ICC are inferior
to theVE and superior to the Random.Additionally, these two
strategies show a larger performance fluctuation with respect
to the three datasets. To sum up, the VE-BMP performs better
than other strategies in accuracy, caused by mitigating the
imbalance of learning.

VII. EXPERIMENTS WITH MODIFIED IMAGE DATASETS
This section examines various strategies, including the
BMPs, in multi-class classification tasks on imbalanced
image datasets. The Fashion-MNIST [19] and CIFAR10 [30]
datasets are modified to imbalanced datasets and examined in
experiments.
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A. DATASET AND LEARNING SETUP
Both imbalanced datasets, the Fashion-MNIST-I and
CIFAR10-I are constructed by reducing the data size of three
classes into α (0 < α < 1) times; Fashion-MNIST: 3, 8,
and 9, CIFAR10: cat, ship, and truck (denoted by 3, 8, and 9).
Each original dataset provides the training and test dataset.
Therefore, themodifications are applied separately to training
and test datasets in the same manner.

Additionally, an independent validation dataset is con-
structed by random sampling from the modified training
dataset, where the size of the validation dataset is 0.1 times
the size of the modified training dataset. An initially labeled
dataset L0 is given at the initial step. During each acquisition
step, a pool set Pt of fixed size consisting of randomly
selected samples from the remaining unlabeled data is made.

At each acquisition step, the learning is performed using
the network architecture following the study of [3], [16]. The
‘S-CNN’with two convolutional layers and one dense layer is
used for MNIST-I, and the ‘K-CNN’ with four convolutional
layers and one dense layer is used for CIFAR10-I. In these
architectures, all convolutional layers use the rectified linear
unit (RELU) function and dropouts with rates of 0.5 or 0.25,
respectively. If necessary, five ensemble learners are used [3].
In Table 3, the acquisition procedures, including acquisition
size and total steps in the FASHION-MNIST-I and CIFAR10-
I datasets, are summarized, and hyper-parameters (batch size,
epoch, optimizer) and the pool/validation/test dataset sizes
are moved into Appendix I-C.

TABLE 3. Setup for acquisition procedure. The value of the last right
column is |L0| + q× T , where |L0|,q and T are the size of the initially
labeled dataset, acquisition size at each step, and the number of total
steps, respectively.

B. QUERY STRATEGY AND RESULT
For the performance comparison for various query strategies,
we consider conventional query strategies such as Random,
VE [3] and the BALD. Note that the latter two strategies
are developed for the use of uncertainty-based query strategy
in deep networks, and the BLAD uses the mutual informa-
tion approximated by MC-Dropout [16]. This paper uses the
‘MC-Drop’ to denote the last query strategy.

The number of batches of each step is set to 5, which
results in 20 arms sufficient to make various mixtures. Also,
the value of β is set as 0.5 by the numerical study in
Appendix I-D. All query strategies validate the informative-
ness of sequentially labeled datasets by the learner’s G-mean
and accuracy on the test dataset. The statistics of G-mean
and test accuracy are reported in Table 4 and 5. The result
of test accuracy along with the acquisition step is drawn
in Figures 3 when α = 0.4. Results for other αs are
deferred to Appendix III. In the Fashion-MNIST-I datasets,
only MC-Drop is inferior to the Random in early steps when

FIGURE 3. Test accuracy along with labeled data size in the
Fashion-MNIST-I and CIFAR10-I datasets (upper and bottom). Here α
denotes the strength of imbalance.

α ∈ {0.2, 0.4}. However, as the step increases, the MC-Drop
surpasses the Random. The BMP is almost better than con-
ventional in the G-mean and test accuracy. For only one
case, the VE is slightly better in test accuracy. The trend of
G-mean is almost similar to that of test accuracy. It implies
that the gain of test accuracy is caused by balanced learning.
In the CIFAR10-I datasets, the MC-Drop’s test accuracy and
G-mean is not better than the Random at the first stage.
Maybe it is by the poor probability prediction of the learner
based on the relatively small labeled dataset. In contrast to
MC-Drop, the MC-Drop-BMP provides high accuracy and
G-mean in the early step.

The BMPs perform better than the conventional strategies
in terms of test accuracy and G-mean, i.e. commonly, the
MC-Drop-BMP or VE-BMP is the best in test accuracy and
G-mean compared to the conventional ones. Also, the test
accuracy and G-mean show a trend of positive correlation.

C. ANALYSIS OF RESULT
The confusion matrix and test accuracy per class are reported
to be precise about the performance of various strategies. Two
cases, Fashion-MNIST-I with α = 0.2 and CIFAR10-I with
α = 0.4, are carefully selected to show details of the results.
Figure 4 shows the confusion matrices for the Random, VE,
and VE-BMP in the Fashion-MNIST-I datasets. Note that
minor classes are 3, 8, and 9. The summation of diagonal
values corresponding to minor classes, representing the test
accuracy for minor classes, is the largest at the VE-BMP.
Also, the summation of all diagonal values is the largest
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TABLE 4. Test accuracy / G-mean in Fashion-MNIST-I datasets. Among fifty-five steps, five steps are selected to show the performance with growing
labeled data size.

TABLE 5. Test accuracy / G-mean in the CIFAR10-I datasets. Among 76 steps, five steps are selected to show the performance with growing labeled data
size by each strategy.

FIGURE 4. Confusion matrix of the last step in Fashion-MNIST-I when α = 0.2.The strategies considered from left to right are Random,
VE, and VE-BMP, respectively, where the row and column denote ground truth and prediction respectively.

at the VE-BMP. In Figure 5, accuracy per class of the last
step of CIFAR10-I is demonstrated. The BMP achieved more
accurate and balanced learning in classes over 6, implying
BMP’s accuracy fluctuation among classes is relatively lower
than other strategies. The BMP achieves high accuracy with
more balanced predictions in minor classes.
Remarks: Experiments to compare one of the strategies

similar to the BMP in [50] are performed in Appendix I-F.
Again, the overall superiority of the BMP is validated in the
experiments in Appendix I-F. The VE-BMP is dominant for
all cases, and MC-Drop-BMP is almost dominant.

VIII. SMALL STRUCTURED DATASETS
A. DATA AND LEARNING SETUPS
To exam the performance of BMPs in various small
structured datasets, we consider eleven datasets (small
binary and multi-class, and binary having high-dimensional
attributes), where the data descriptions and active learn-
ing setups are in Appendix II-A. Experiment results for
binary datasets, including one high-dimensional dataset,
are deferred into Appendix II-B and C, and we show
the results of multi-class datasets in the following
section.
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TABLE 6. Multi-class datasets’ results for Accuracy, AUC, and G-mean. The left, center, and last values in the line of the column are evaluated at the early,
mid, and (semi)final steps, where details of steps are in Appendix II-A.

FIGURE 5. Accuracy per class with error bar of standard error in the
CIFAR10-I dataset with α = 0.4.

B. MULTI-CLASS SMALL STRUCTURED DATASETS
In this section, we show the results of multi-class datasets
such as Page0 (Page), Yeast, and Ecoli [35], where the
details of datasets and experiment setups are deferred to
Appendix II-A. Note that the sample sizes of Page and Yeast
are around 1000 5000, and those of Ecoli and Balance are
below the 650. Also, the sample size divided by class number
is 1095, 165, 67, and 208 for Page, Yeast, Ecoli, and Bal-
ance, respectively. It implies the sample size is very small,
considering the number of classes and learning steps of active
learning.

In the small multi-class datasets, it cannot be easy
to reveal the performance of each strategy. Also, the
results can be primitive in the active learning procedure
(see Appendix II-A). Therefore, we report various metrics
such as accuracy, AUC, G-mean, and κ on a test dataset.
As shown in Table 6, the result of experiments reveal that
the performance of BMPs depends on the baseline query
strategy and datasets. The BMP shows the tendency for better
performance in the early and mid-step. The performance in
the early and mid steps is vital in active learning since the
latter steps are the case of labeling almost all instances.

In the Page dataset, MC-Drop-BMP shows the best metrics
in the mid-step and the best G-mean for all steps. In contrast,
the MC-Drop is the best in almost metrics at the final steps.

It seems that the MC-Drop andMC-Drop-BMP toss and turn.
Though not appeared in Table 6, MC-Drop-BMP surpasses
MC-Drop by over 2.2% and 1.3% in average accuracy and
AUC, respectively. The G-mean and κ have the same trends,
implying the overall superiority of MC-Drop-BMP. The per-
formance of VE and VE-BMP is not impressive.

In the Yeast dataset, the performance of BMP is better in
the accuracy, AUC, and κ. In the Ecoli dataset, the VE-BMP
shows the best performance in accuracy. However, the Ran-
dom and MC-Drop-BMP are the best in AUC and κ. The
slight inferiority of BMP to Random in AUC may be due to
the small size of the dataset. Concerning the Balance dataset,
the BMPs achieve high test accuracy and AUC or κ in the
mid steps. In the final step, VE shows superior performance.
Although the superiority of BMPs in mid-steps is valuable,
the performance of various strategies can be very similar due
to their relatively small size.

To sum up, the superior trend of BMP in the accuracy and
G-mean is revealed in various datasets, but too small data can
bother the performance of BMPs. We can also observe the
same trend in Appendix II-B and C (binary datasets).

IX. EXPERIMENTS WITH THE PlantSC AND HAM10000
DATASETS
In this section, wild datasets in the real world are considered
to validate the performance of the BMP. As it is expected
that the analysis of real-world datasets can be complicated,
we use the deep networks having a relatively large capacity
and analyze the result carefully.

A. DATASET AND SETUP
The first dataset is the Plant Seedlings Classification
dataset (PlantSC; https://www.kaggle.com/c/plant-seedlings-
classification/data). The dataset comprises 12 plant species.
Downloadable data having labels have a size of around
5600, and the ratios of twelve species are 5.90, 8.02,
6.15, 12.65, 4.56, 9.59, 14.47, 4.59, 10.74, 4.88, 10.25,
and 8.20 on the scale of %. The goal is to create
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TABLE 7. Setup for acquisition procedure. The last right column denotes
|L0| + q× T where q and T are acquisition size and the number of total
acquisition steps, respectively.

a classifier capable of determining a plant’s species
from a photo. There is a problematic class imbalance.
The second dataset is the Skin Cancer Data, referred
to as HAM10000 (https://www.kaggle.com/kmader/skin-
cancer-mnist-ham10000), the size of which is 10015. The
types of skin cancer are ‘akeic’, ‘bcc’, ‘bkl’, ‘df’, ‘mel’, ‘nv’,
and ‘vasc’, which can be identified by a medical expert. Here
the ratios of all types are 3.27, 5.13, 10.97, 1.15, 11.11, 66.95,
and 1.42 on the scale of %, which implies a more severe
imbalance. In the HAM10000 datasets, images and attributes
such as gender and age are provided. However, we consider
only images compatible with deep architecture for image
classification.

In the PlantSC dataset, initially labeled and unlabeled
datasets, validation datasets, and test datasets are constructed
from the original dataset: a balanced dataset of only data
size 240 for the initially labeled dataset and around 20% and
10% dataset for the test and validation dataset respectively.
In the HAM10000 dataset, the initially labeled dataset is
balanced and has a size of 140. The validation dataset size
in HAM10000 is set to 1,022, and the test dataset size is
1.5 times. The unlabeled dataset is composed of remained
data.

At last, Table 7 shows the setup of the acquisition process.
The setups for BMP are the same except for the value of β.
The value of β is set to 1.0 in the situation of relatively small
steps for two datasets.

B. STRATEGY AND RESULT
For experiments, we resize all image data into 64 × 64 and
224 × 224 with 3 RGB channels in the PlantSC and
HAM10000 datasets respectively, and all query strategies
use the ResNet50 and InceptionResNetV2 provided by keras
for the PlantSC and HAM10000 datasets respectively. The
setups for learning, such as hyper-parameters, are described
in Appendix I-E. The G-men and test accuracy are reported
in Table 8, and the results of test accuracy along with the
acquisition step are deferred to Figure 10 of Appendix III.
In the PlantSC dataset, the BMP is almost superior to other

strategies in the test accuracy and G-mean. As expected, the
Random is the most inferior to other strategies, especially for
the later steps. Notably, the VE-BMP is dominant at mid-step,
and theMC-Drop-BMP shows better performance at first and
later step in the test accuracy. The G-mean reported in Table 8
has the same trends with test accuracy gain of the BMP.

In the HAM10000 dataset, the VE-BMP is the best in test
accuracy. The VE-BMP dominates other algorithms at all
steps except for a few steps in test accuracy. In the final step,
other algorithms’ performances are similar or slightly inferior

FIGURE 6. Test accuracy per class at the final step in the HAM-1000
dataset.

to Random. However, the VE-BMP is the best in the final
step.

In contrast to the VE-BMP, the MC-Drop-BMP is not
better than the MC-Drop in test accuracy. It is caused by
relatively short steps and implies that the MC-Drop-BMP can
be bothered by a severe imbalance, similar to other algorithms
except for the VE and VE-BMP. However, the BMP strate-
gies are slightly worse in G-mean than in VE. Therefore,
we observed the accuracy per class at the final step in detail
with bar plots for the Random, VE, and BMPs, drawn in
Figure 6. TheVE-BMP ismore accurate than theVE over half
of the classes. When we consider the minimum value among
all accuracies per class, referred to as minimum accuracy,
the VE-BMP has higher minimum accuracy than the VE.
Additionally, the VE-BMP’s performance is better than the
other strategies except for the VE inG-mean.We can interpret
that the BMP can control the degree of balanced learning to be
accurate in the learning process. In contrast to the VE-BMP,
the VE cannot control the degree of balanced learning to be
more accurate. The proposed BMP can allow mixing in the
minority preferential, achieving high test accuracy. It implies
that the BMP is an elaborate algorithm, depending on the loss
function. If we want to achieve more balanced learning since
the test accuracy is not confident to better learning, then the
change of loss functions can be helpful (see Appendix II-I).

To sum up, overall, the use of the VE-BMP can be pre-
ferred because its performance is more robust to an imbal-
ance degree, in the sense that the VE-BMP shows the best
performance in almost cases of imbalanced degrees. The per-
formance of the MC-Drop-BMP can be maximized at certain
imbalance degrees and datasets. The BMP is proposed to
address the imbalance problem and work well for low (struc-
tured) and high dimensional (image) datasets. It implies
robustness in the dimension of attributes. However, it would
be studied in the future that we can achieve robustness con-
cerning heterogeneity.
Remarks: Statistical significannces of all experiments are

examined, which is deferred to Appendix II-D. Note that
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TABLE 8. Test accuracy / G-mean in the HAM10000 dataset where the values in the parentheses are G-means.

all experiments were performed with a single NVIDIA
Titan Xp.

X. CONCLUSION
Minority preferential strategy and its blending by the BMP
provide a way to address the imbalance problem in active
learning. The BMP focuses on the adaptive blending of
minority preferential, which mitigates imbalanced learning
for prediction accuracy. The BMP can help accelerate the
performance of active learning in an imbalanced dataset.
Furthermore, the BMPs can help us find informative data
instances, which are included in minor classes needed to
achieve higher accuracy. All experiments show the ability of
the BMP to mitigate the deficit of accuracy in imbalanced
learning. The BMP can contribute to running active learning
algorithms on the imbalanced dataset and developing more
robust active learning strategies. In future works, more inten-
sive studies concerning various imbalanced learning can be
considered. Also, compared to conventional algorithms for
imbalanced datasets, the improvement of sample complexity
in the BMP algorithm can be interesting for future theoretical
studies.

APPENDIX I
A. PROOF OF PROPOSITION 1
Model:

p(Y = y | x1, x2, . . . , xd ) =
exp(α0 +

∑d
k=1 αkxk )

y

1+ exp(α0 +
∑d

k=1 αkxk )

for y ∈ {0, 1}. The regularity conditions are as follows: 1) the
X>X/n is a positive definite matrix, 2) and all elements of
this matrix are finite where X ∈ Rn×(d+1) is a design matrix
having the ith row as (1, xi1, . . . , xid ).
Proof:
At first, for (l,m) ∈ {1, . . . , d + 1} × {1, . . . , d + 1},

(X>WX)lm =
n∑
i=1

xilximp̂i(1− p̂i) ≤ nO(1)max
i
p̂i(1− p̂i),

and it implies that ∀a ∈ Rd+1,

a>(X>WX/n)a ≤ O(1)max
i
p̂i(1− p̂i)a>a.

Hence X>WX/n is a non-negative definite matrix, and by
the spectral decomposition, X>WX/n = P>3∗P. Here 3∗

is the diagonal matrix each element of which is bounded by
maxi pi(1 − pi), and P>P = I. Consequently, maxi p̂i(1 −
p̂i) = o(1/n) implies that (X>WX/n) = o(1/n), (X>WX) =
o(1), and

(X>WX)−1→∞

as n→∞. �
Remarks: Assume that

max
i
p̂i(1− p̂i) ≤ 1/kn

where kn is a positive sequence such that lim kn/n→∞, and
kn = Mn/mn where Mn and mn are sizes of major and minor
classes respectively. Under a mild condition that 0 < c <
(X>X/n)lm <∞, the following holds:

a>Cov[α̂]a = O(kn/n)

for a>a <∞.
The study of [28] proved the relationship between α̂ and

α̂
B
, where α̂ and α̂B are estimators using random sampling

and over-sampling (making the size of each class equal)
respectively, in detail, α̂B0 = α̂0 − log kn and α̂i = α̂Bi , i =
1, . . . , d . Therefore, the over-sampling causes a bias of
| log(kn)| in the estimation of α̂0. Also, an decreasing amount
of (co)variance is O(kn/n)−O(1/n), when the over-sampling
ensures that for all i,

0 < c1 ≤ log
(

p̂i
1− p̂i

)
≤ c2 < 1.

Consequently, the decreasing amount of variance is larger
than that of increasing bias. However, the variance reduc-
tion can increase a little bias. It implies that over-sampling
provides the variance reduction with a little increasing bias,
which requires a delicate over-sampling. �

B. ARCHITECTURES AND HYPER-PARAMETERS FOR THE
HIVA, ZEBRA, AND THYROID DATASETS
The architectures of multi-layer perceptron are described in
Table 10, and the batch size and epoch are 128 and 50,
respectively. For an optimizer, the VE-BMP is used, and the
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TABLE 9. Accuracy of baseline, the proposed, and CU strategy. The accuracy at each step is calculated by the average of five repetitions.

TABLE 10. Architectures for the HiVA, ZEBRA, and THYROID. The ‘Dense’
means the fully connected layer, and ‘RELU’ and ‘Dropout’ are activation
function and dropout respectively.

TABLE 11. The sizes of validation and test datasets (left to right in
parentheses) when α = 0.2, hyper-parameters, and optimizer.

number of MC-Drop samples in MC-Drop is 50. In the CO,
randomly selected one-sixth of attributes are used for the
certainty, and other attributes are used for the uncertainty. The
major classes are split into ten sub-classes in the ICC by the
k-means clustering algorithm.

C. SETUPS FOR THE FASHION-MNIST-I AND CIFAR10-I
DATASETS
All setups for data splitting, hyper-parameters, and deep
neural network optimizers of the Fashion-MNIST-I and
CIFAR10-I datasets are in Table 11 when α = 0.2, where
all deep networks use the softmax and cross-entropy loss.
The learning setups when data splitting when α ∈ {0.4, 0.6}
are the same. Also, in optimization, the VE-BMP [29] with
the 1e-3 initial learning rate, [0.9, 0.999] beta, and the
RMSprop [42] with 1e-3 initial learning rate and the decay
rate of 1e-6, are used. Also, the number of MC-Drop samples
is 100.

D. EFFECT OF HYPER-PARAMETER β
To validate the effect of β,we observed the average test accu-
racy with varying β in the Fashion-MNIST dataset. To show
the aggregated result of the accuracy, in Table 12, we report
the average of all setups (acquisitions) for the specific r .Here
r controls the degree of imbalance. The test accuracy with
β = 0.5 is better than others. Also, in each setup, there is

TABLE 12. Effect of β in the Fashion-MNIST dataset. The value is the
average of test accuracy aggregated with respect to all steps.

TABLE 13. Sizes of validation and test datasets (left and right in
parentheses), optimizers, and hyper-parameters for the PlantSC and
HAM10000 datasets.

little difference between all values of β. Therefore, the use of
β = 0.5 is reasonable.

E. LEARNING SETUPS FOR THE PlantSC AND HAM10000
DATASETS
Table 13 summarizes the detailed learning setups for the
PlantSC and HAM10000 datasets. The used VE-BMP has
the 5e-4 initial learning rate, [0.9, 0.999] beta in the PlantSC
and HAM10000 datasets. In fine-tuning these architectures,
we add two layers where the first layer with a dropout rate
0.5 and RELU activation, and the second layer with fully con-
nected. All learners use the cross-entropy loss with softmax.
Also, the number of MC-Drop samples is set to 50 since the
cooperated architectures require heavy computations.

F. COMPARISON WITH THE CERTAINTY-UNCERTAINTY
STRATEGY
In this section, we compare the BMP strategy with the
certainty-uncertainty strategy, one of the proposed strate-
gies [50]. The certainty-uncertainty strategy is composed of
two steps: First, identifying a minor class by the predicted
labels of unlabeled. It implies that we can choose the minor
data instance with certainty. Second, finding the uncertain
data instances by uncertainty measures. This approach can be
interpreted as a hybrid of certainty and uncertainty. To com-
pare the results with the proposed blending methods, we use
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TABLE 14. Data descriptions and Learning setups for small structured datasets. Here, the imbalance ratio (IR) is defined as the ratio of the number of
maximum class samples and the number of minimum class samples and a ∼ b denotes the average from a to b steps in evaluation. In the labeling
procedure, a+ q× s denotes the a labeled initial dataset, query size q, and the total s steps.

the simplified accuracy of overall means with respect to all
steps in five repetitions. The VE-BMP is dominant in all
cases. There are only two cases where the BMP is slightly
inferior to the CU strategy in MC-Drop types. The relatively
lower performance of the MC-Drop can bother the somewhat
complex mixing strategy. However, the BMP is dominant in
performance.

G. EFFECT OF LABELED INITIAL DATASETS
We conducted additional experiments in the setup of
CIFAT10-I with α = 0.2. We compared the accuracy
between the class-balanced labeled initial dataset and the
skewed labeled initial dataset (excluding the true minor
classes) at steps 20, 40, 60, and the final, including the
average of all steps. In the MC-Drop-BMP, these values
are (0.6160, 0.6994, 0.7463, 0.7684, 0.6635) and (0.6127,
0.6928, 0.7436, 0.7695, 0.6652) for balanced and skewed,
respectively. In addition, in the VE-BMP algorithm, the val-
ues are (0.6230, 0.6988, 0.7521, 0.7664, 0.6712) and (0.6254
0.6981 0.7474 0.7724, 0.6667), respectively. Therefore, the
distribution of the labeled initial dataset is not critical to the
performance of BMP.

H. REQUIRED BUDGET IN THE BMP
The BMP requires double labeling, which increases the bud-
get for labeling. To observe this problem, we report the
additional labeling size compared to conventional strate-
gies. Because the BMP uses a mixing strategy, the addi-
tional labeling size can be calculated by the portion of
uncertainty labeling in the mixing of uncertainty, P-min,
and E-min labeling. For example, in CIFAR10-I with α =
0.2 and MC-Drop-BMP, the portion of the conventional
strategy is around 26.7%. Therefore, the required label-
ing size is 1.73 times that of the conventional one. In the
VE-BMP, the portion is around 37.9%, and the size of
labeling needed is 1.62 times that of the conventional one.
The VE-BMP generally performs better than MC-Drop and
requires minor labeling costs. The budget can be reduced
when a stronger algorithm for the imbalanced dataset is
applied.

I. EFFECT OF LOSS FUNCTION
The loss function in the multi-armed bandit can be diverse
such as the AUC, G-mean, and κ if the aim is to improve
the G-mean. We can use the G-mean in the loss function.
To examine this, we performed the VE-BMP and MC-Drop-
BMP in CIFAR10-I with α = 0.2.We compared the G-mean
at steps 20, 40, 60, and the final, including averages of
all steps. The values are (0.4586, 0.5636, 0.6279, 0.6532,
0.5271) and (0.4635, 0.5549, 0.6405, 0.6569, 0.5311) for the
loss functions using test accuracy and G-mean, respectively.
In addition, in the VE-BMP, the values are (0.4576, 0.5730,
0.6313, 0.6510, 0.5375) and (0.4531, 0.5642, 0.6326, 0.6551,
0.5360), respectively. The superiority of BMP in G-mean is
dominant in MC-Drop type and appears at later steps in VE
type. Therefore, themetric can guide the BMP in the direction
used in the loss function.

APPENDIX II
The use of deep neural networks to small datasets in active
learning can have limitations on the performance because
the deep neural network usually requires a large dataset, and
the multi-armed bandit of BMP requires sufficiently long
steps. Therefore, the reported results can be primitive in the
active learning procedure. However, it is worthwhile that the
intensive research for various datasets [45] and metrics is
performed. In addition, we report the results of statistical tests
for various experiments in this paper in the last section.

A. DATA DESCRIPTION AND LEARNING SETUPS
As shown in Table 14, in binary class datasets, Yeas3, Yeast4,
Yeast5, Yeast-0-2-5-7-9vs.3-6-8 (Yeast*), Solar Flare (Flare),
and Page-1-3vs.4 (Page*) datasets are considered. Though
the Flare dataset is not binary, we make a binary dataset hav-
ing the imbalance ratio (IR) of 11.0. In multi-class datasets,
we consider the Page-block0 (Page), Yeast, Ecoli, and Bal-
ance in [45]. The datasets such as Auto and Glass, which
are too small (less than the sample size of 250) in deep
neural networks, are dropped in the experiments. Multi-class
datasets require more samples for learning than binary classes
because of more complex decision boundaries.
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TABLE 15. Binary datasets’ results for accuracy, AUC, G-mean, and κ . The left, center, and last values in the line of each column are evaluated at the early,
mid, and (semi)final steps, where details of step are in Appendix II-A.

TABLE 16. High-dimensional dataset SRBCT’s results for accuracy, AUC, G-mean, and κ, respectively. The left, center, and right values in the evaluated
metrics are from the two steps (mid and final) and average of all step’s metrics.

The used architecture is the MLP having fully connected
layers, RELU activation function, and dropout having the
rate of 0.2. There are three types of A, B. C for moderately
small data size, very small data size, and very small data size
with high-dimensional attributes, respectively. Type A+ is
a slightly modified version of A. Type A has three layers
with 100, 50, and 50 nodes. In contrast, type A+ has an
additional layer with ten nodes at the top. Meanwhile, type
B has three layers with 50, 10, and 10 nodes, and type C has
five layers with 1000, 500, 250, 100, and 50. The final layer
is connected to softmax and cross-entropy loss in types A,
A+, and B. Type C uses the cosine similarity (recommended
for small datasets; [5]). The adam optimizer is used for all
architectures. The batch size and epoch are 10 and 50, respec-
tively, and the number of MC-Drop iterations is 50. In multi-
armed bandit, we set β = 0.5 and use five/three batches
making twenty/nine arms for binary and multi-class datasets,
respectively.

For each dataset, randomly selected one-third and others
are used for the test and training dataset for active learning.
Also, one-third of the training data set is used for the vali-
dation dataset. The labeling procedure in active learning is
described in the right columns of Table 14.

We compare the VE-BMP with Random, ICC, and CO in
binary datasets and Random, VE-BMP, VE, MC-Drop-BMP,
and MC-Drop in multi-class datasets. Because the BCRT
dataset is tiny, we use the FW-SMOTE [45] for the BMP

and conventional ones, denoted by (FW), as well as the BMP
and conventional ones without FW-SMOTE. The Fisher score
and Basic Regular Increasing Monotone quantifier with α =
0.4 is used for the FW-SMOTE, the details of which are
in [45]. Additionally, since the performance of VE-BMP and
VE is too degraded with the tiny datasets, we conducted only
MC-Drop types. The experiment result is the average of five
replications. For example, the accuracy of the third step is
0.94 denotes the average of five replications’ third steps. The
performance is evaluated in the early, mid, and final steps.
In the Page dataset, because the accuracy and other metrics
are saturated in the mid steps, we report the early and two
middle steps. When the data size is very small such Ecoli,
the evaluation was done on the average of multiple steps in
the early, middle, and final phases, denoted by s1 ∼ s2.
Also, we reported the average aggregated with all steps in the
BRCT dataset because of too few steps. Note that the G-mean
is dropped when the value of 0 is observed. In this case, the
implication of the G-mean is too limited.

B. BINARY STRUCTURED DATASETS
Because the Yeast datasets come from multi-class datasets,
the ICC algorithm can have some advantages. As shown in
Table 15, the VE-BMP and ICC are dominant compared to
other strategies. In the test accuracy, the BMP is the best in
two Yeast datasets and the other two datasets, and the ICC
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TABLE 17. Results showing the statistical significant of the averaged
value of all steps (or assigned steps in the paper: HIVA, ZEBRA, and
THYROID) for the best versus others (BMP versus conventional). Here *
denotes the statistical significance of the best strategy’s (BMP’s)
superiority with a level 0.05.

is the best in two Yeast datasets. In the G-mean or AUC, the
VE-BMP is the best in four datasets, and the ICC is the best
in three datasets. In the metric of κ, the ICC is dominant in
almost datasets.

The BMPs improve the balanced learning in almost
datasets compared to the Random query, measured by
G-mean or AUC. Also, the behavior of BMP in Yeast datasets
is interesting. The BMP shows fluctuation between test accu-
racy and AUC. It is due to the stochastic property and delicate
mixing of the BMP and implies that we need more samples
to enjoy the benefit of the BMP, especially when the IR (ratio
of the number of maximum class samples and the number of
minimum class samples) is large. The BMP usually can work
well when the data size is relatively large, and the IR is not
extreme. lgorithm can have some advantages.

TABLE 18. Results show the statistical significance of each step for the
BMP versus conventional one, where VE and MC-Drop denote the BMP vs.
conventional one for each type. Also, The b/a denotes the significantly
superior a steps ratio among all b steps.

Overall, the BMP achieves high accuracy combined with
improved AUC or G-mean. The ICC achieves a high
G-mean/AUC also high accuracy for some datasets.

The small dataset size can bother the superiority of BMP.
As the learner becomes more accurate as labeled data sizes
and steps sufficiently increase, the BMP may improve the
balanced learning with preserving the high accuracy. This
result implies that the BMP focuses on the balanced learning
as possible as not degrading the accuracy.

C. HIGH DIMENSIONAL SMALL BINARY STRUCTURED
DATASET
This section examines the micro-array dataset, Small Round
Blue Cell Tumors (SBRCT; [26]). It has 83 samples with
2309 dimensional attributes. Because of the too-small sample
size, the use of MLP can have limitations. High-dimensional
datasets with larger sizes (CIFAR10-I, etc.) are numer-
ously examined in the paper. In this additional experiment,
a small dataset is examined with the help of cosine similarity
loss [5] and feature-weighted SMOTE (FW-SMOTE) [45].
We dropped the VE and VE-BMP because they showed poor
performance because of a small sample size. The Random,
MC-Drop, MC-Drop-BMP, MC-Drop (FW), and MC-Drop-
BMP (FW) strategies were examined.

As shown in Table 16, In all metrics at the mid and final
steps, the best is achieved by the MC-Drop-BMP. How-
ever, the average of all steps’ accuracy/AUC is maximized
when we use the MC-Drop-BMP (FW). Also, note that in
MC-Drop, the use of FW shows the tendency to improve
various metrics.

D. STATISTICAL SIGNIFICANT
Active learning is a stochastic algorithm having too many
quantities to be tested. We carefully selected the important
quantities to be tested. One-side t.tests were conducted to val-
idate the superiority of the BMP or the best strategies. In the
conducted t.tests, we use the results from five repetitions, and
a significant level is set to 0.05. In the small structured binary
datasets, t.tests were conducted to validate the superiority
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of the best strategy compared to others. When considering
VE-BMP and MC-Drop-BMP, the t.test is done to show the
superiority of BMP to conventional strategy. We summarize
the results of t.tests in Table 17 and 18. Though the non-
parametric test such as Wilcoxon signed-rank test can be
an alternative when the distribution is severely heavy-tailed
or skewed, we observed that the conventional normality test
such as the Shapiro test does not reject the null hypothesis of
normality in almost cases.

The significance of BMP’s superiority is revealed in the
cases of Fashion-MNIST-I and CIFAR10-Is. Also, the statis-
tical significance of BMPs and ICCs are revealed in the small
structured datasets. The statistical significance is not stronger
in real datasets with small steps (high-dimensional attributes)
than in others. However, the statistical importance of G-mean
and accuracy exists, especially for the accuracy.

APPENDIX III

FIGURE 7. Test accuracy along with labeled data size for HIVA, ZRBRA,
and THYROID datasets.

FIGURE 8. Test accuracy along the labeled data size in the
Fashion-MNIST-I datasets.

FIGURE 9. Test accuracy along the labeled data size in the CIFAR10-I
datasets.

FIGURE 10. Test accuracy of various strategies the in PlantSC and
HAM10000 datasets.
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