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ABSTRACT In this study, we explore methods for minimizing labeling costs, which is a critical issue in the
active learning process. We focus on efficiently selecting the most essential datasets from an entire pool of
unlabeled datasets. Alongside previous methodologies that sample datasets based on model uncertainty and
feature map diversity, we propose a novel approach aimed at budget optimization. Notably, we introduce the
concept of semi-informative sets, which allows for the effective exclusion of data that contribute relatively
little to learning. This approach aims to maximize budget efficiency, leading to two main strategies: The first
strategy involves refining the prediction probabilities of the model by applying a label-smoothing technique
to improve the loss function that is directly associated with the prediction accuracy. The second strategy
centers on the effective selection of high-confidence data through a more precise threshold setting. To achieve
this, we introduce a learnable threshold that is adjusted based on the reliability of the already learned
data. These approaches present a novel direction for active learning that considers budget constraints and
potentially contributes to the development of practical active learning systems for real-world applications.

INDEX TERMS Active learning, semi-informative sets, budget-constrained.

I. INTRODUCTION

Recent advances in artificial intelligence and machine
learning are transforming various sectors of society. These
methods are driven by the development of effective learning
algorithms and the availability of diverse datasets, which
together largely determine model performance. However,
labeling of these large datasets is costly and time-consuming.
This challenge is particularly pronounced in scenarios
in which labeling is expensive or data are scarce, such
as diagnosing specific diseases in magnetic resonance
imaging (MRI) [1], [2], which requires specialized human
resources, or collecting data in complex environments, such
as autonomous driving [3], [4], [5]. To address these issues,
active learning has emerged as a promising approach for
efficiently handling the given datasets [6].
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Unlike traditional passive learning, active learning involves
the learning algorithm actively selecting and optimizing
the training datasets. This method prioritizes the quality of the
dataset over the quantity with the aim of maximizing the
learning efficiency with minimal dataset. This is particularly
beneficial when constructing datasets from scratch and in
areas in which labeling is expensive and data collection is
difficult. A study by OpenAl showed that employing active
learning for dataset construction made the process 2.6 times
more efficient [7]. In situations where quantitative data are
available, active learning enhances efficiency by avoiding
indiscriminate use of the dataset and facilitating a more
strategic exploration process. Furthermore, recent research
has focused on data integration and processing using IoT and
Al, highlighting the increasing importance of efficient data
handling in real-world applications [30], [31].

Despite the rapid advancements in this technique using var-
ious approaches, there remains a notable gap in the previous
research, namely efficient budgeting under limited financial
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constraints. While it is important to maximize performance
by significantly increasing model size and expanding the
dataset, however, in real-world scenarios, budget limitations
significantly influence the learning strategies and model
performance [8]. In this paper, we focus on both theoretical
and practical methodologies for developing efficient strate-
gies under budget constraints. We propose a method that
complements existing active learning approaches, aiming to
maximize model performance through the efficient use of
data within a constrained budget. Our goal is to provide
concrete strategies that maximize the effectiveness and
cost-efficiency of active learning in real-world applications.

The primary objective of our study is to enhance the effi-
ciency of active learning through budget optimization. Active
learning is known for maximizing the data’s qualitative
value while minimizing labeling costs [6]; however, budget
constraints remain a critical factor in practical applications.
While most existing research has focused on methodologies
to boost the active learning performance, the realistic issue
of limited budgets has often been overlooked. Therefore,
we explore novel approaches for optimizing active learning
within the constraints of real-world budgets.

This study explores the concept of cost-effective active
learning [8], focusing on reducing labeling costs while
enhancing existing active learning techniques. We introduce
the concept of semi-informative sets to optimize the use of
the labeling budget more efficiently. The proposed semi-
informative sets help to identify and exclude datasets that
are relatively unnecessary for model training from existing
labeled datasets, thereby allowing labeling resources to focus
on more valuable data.

We propose two main strategies for defining semi-
informative sets. The first strategy introduces a loss function
with a label-smoothing technique to achieve high confidence,
thereby increasing the size of the semi-informative sets.
Consequently, the second strategy involves a system to
determine the threshold for learnable confidence. Using these
methodologies, we employ semi-informative sets that are
suitable for a constrained budget and can enable active
learning in practical applications. In particular, the approach
utilizing semi-informative sets is designed to be applicable
to existing active learning methods. Experimental results
showed that applying our proposed approach improved
performance in almost all cases and that integrating semi-
informative sets with different baselines can achieve high per-
formance without extensive training. This enables efficient
learning by strategically exploring the dataset within a limited
budget, avoiding unnecessary resource expenditure on the
model. Consequently, when applying the proposed method
in practical applications, the number of training cycles can
be flexibly adjusted based on the situation, allowing for more
efficient use of data and better budget management.

The contributions of this study are as follows:

o We present practical approaches for applying active

learning in budget-constrained scenarios, strategically
exploring the dataset to maximize training efficiency.
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o We introduce the concept of semi-informative sets to
enhance efficient exploration under a limited budget
by employing the two strategies: loss function with
label-smoothing and learnable threshold.

o Our approach can be easily integrated into existing
active learning methodologies, with performance
improvements expected from the application of semi-
informative sets.

The remainder of this paper is organized as follows.
Section II provides an overview of active learning and the
related studies on active learning strategies. Next, Section I1I
describes the theoretical foundations and implementation
of the proposed approach. Then, Section IV outlines the
experimental setup, and Section V presents the results and
analyses that validate the effectiveness of the proposed
approach. Section VI discusses potential risk factors that
might impact the experimental results, while Section VII
highlights the limitations of this study and proposes direc-
tions for future work. Finally, Section VIII summarizes our
work and discusses avenues for future research.

Il. RELATED WORK

A. ACTIVE LEARNING

Active learning plays an important role in the construction
of datasets for machine learning tasks. The goal of active
learning is the selection of training datasets based on the
uncertainty and diversity. This process reduces the labeling
costs and improves model performance by focusing on the
most informative datasets, rather than labeling the entire
unlabeled datasets. In addition, the most valuable data points
for training the model were labeled accordingly using various
metrics. For example, if the metric is the uncertainty of the
model, the data points that the model considered as uncertain
are prioritized for labeling because they are likely to provide
additional information, improving the learning process of
the model. However, using diversity as a metric aids in
capturing the entire data distribution, which helps the model
to generalize better and minimizes bias as new datasets are
provided. This results in a more balanced data set, especially
increasing the model accuracy and reliability.

1) UNCERTAINTY-BASED ACTIVE LEARNING

Uncertainty-based active learning is a traditional method that
identifies the data points that the model is most uncertain
about predicting in an unlabeled dataset. This approach is
based on the assumption that the data points that are most
confusing to the model are the most useful for training.
Several studies have been proposed for measuring uncer-
tainty, with the most common metric based on predictive
probability. Other notable measures include the Least Confi-
dence [9], which selects data points for which the model has
the least confidence; Margin Confidence [10], which selects
data points with the smallest probability difference between
the two most likely classes in a classification model; Bayesian
Active Learning by Disagreement (BALD) [11] and Expected
Predictive Information Gain (EPIG) [12], which leverage
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FIGURE 1. Problems that can arise during uncertainty-based active
learning. Even with sufficient data, when labeled data are biased,
performing uncertainty-based active learning may lead to overfitting.
(Left): Scatter plots of unlabeled data points in red and blue and labeled
data points in yellow and purple, and the decision boundaries of the
classifier trained on the initial dataset, background in blue and red.
(Right): Data points in cyan are selected based on the uncertainty of the
classifier regarding the unlabeled dataset shown on the left.

the predictive uncertainty of Bayesian models. In addition,
Learning Loss [13] determines the useful data by evaluating
the expected loss that the model would incur for particular
data points. These approaches focus on improving areas
in which the model currently struggles during the training
process. By prioritizing data points with high uncertainty, the
model can quickly ascend the learning curve and improve
the overall learning efficiency. However, as shown in Fig. 1,
if the model focuses solely on misinterpreted patterns, it may
become biased by overlooking other important data features.
This can lead to overfitting, which reduces the generalization
capacity of the model, and results in poor performance.

2) DIVERSITY-BASED ACTIVE LEARNING

This approach focuses on maximizing data diversity. It aims
to select data points that represent the overall data dis-
tribution, thereby improving the overall efficiency and
performance of the model training. Representative methods
include clustering-based active learning [14], [32], [33],
in which important data points are selected from each
cluster to capture the different characteristics of the entire
dataset. The effectiveness of diversity-based selection is
highly dependent on the quality of the learned feature
representations, and recent work has shown that transfer
learning can improve discriminative feature extraction in
data-limited scenarios [34]. Such approaches demonstrate
that better feature embeddings can enhance clustering quality
and downstream selection performance.

Another method is Core-set [15], in which small but
important points are selected from the dataset. In addition,
because diversity is primarily achieved by clustering data
points in the feature space, certain methods ensure diversity
using probabilistic models in the feature space [16]. This
approach is particularly useful for large-scale datasets such
as ImageNet [36], where full uncertainty-based querying can
be computationally prohibitive and distributional coverage
becomes more critical than boundary refinement. However,
performance may vary depending on the quality of feature
extraction, and precise decision boundaries may still be
difficult to determine.
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FIGURE 2. Performance differences per epoch due to incorrect pseudo
labeling (P/L) in cost-effective active learning. The blue and orange bars
represent the metrics for incorrect pseudo labeling and standard active
learning, respectively, while the gray line indicates the proportion of
incorrectly assigned labels in pseudo labeling. The case with incorrect
pseudo labeling showed relatively unstable performance differences as
the epochs progressed.

3) HYBRID-BASED ACTIVE LEARNING

Hybrid-based active learning, which combines uncertainty
and diversity into a composite strategy, is a more recently
researched approach. BatchBald [17] utilized both uncer-
tainty and gradient information to enhance the dataset
diversity. The gradient lower bounds of the model are used
to select the most uncertain and diverse data points. This
method is particularly useful for batch training in deep neural
networks. In addition, a study that proposed the Exploration-
P methodology [18] highlighted a limitation in calculating the
instance similarity based solely on feature vectors. It suggests
that the accuracy of the diversity measurements can be
enhanced by learning the similarity in conjunction with a
classification model. Unlike traditional methods that query
data points near decision boundaries, this method employs an
efficient query strategy that selects data based on both uncer-
tainty and diversity, even with a limited number of labels.
Such hybrid strategies have shown strong empirical perfor-
mance on medium-scale image classification benchmarks
such as CIFAR-10 [35], where balancing decision-boundary
refinement with representative sampling improves learning
efficiency under limited annotation budgets.

4) BUDGET-CONSCIOUS ACTIVE LEARNING

In recent years, various methods have been explored
to enhance performance with minimal budget. These
approaches aim to extract representative data points for each
label by computing the typicality; TypiClust forms clusters
based on the most typical data points in a dataset [19]. This
approach focuses on determining the most representative data
points within each cluster by considering the different data
characteristics. ProbCover selects data points that cover the
entire distribution of a dataset as uniformly as possible [20].
This approach is based on the concept of probabilistic
coverage, which aims to select data points covering the
entire data space as broadly as possible. The authors showed
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FIGURE 3. Structure of the proposed approach utilizing semi-informative sets. It involves training a model using a labeled dataset to obtain
semi-informative sets with relatively high confidence from the unlabeled dataset. Data points deemed to have sufficient confidence are
excluded from subsequent processes, while the same procedure is repeated for datasets identified as requiring additional labeling.

that determining typical data points helps to improve the
performance when the budget is small. Conversely, non-
typical active learning strategies and random sampling
improve the performance more than sampling typical data
points as the budget increases. This explains why the
probability of selecting data that accounts for uncertainty,
diversity, and typicality increases as the budget grows.

B. COST-EFFICIENT ACTIVE LEARNING

Cost-effective active learning follows the core principles
of active learning, with a specific focus on reducing
labeling costs. This methodology uses pseudo-labeling [21]
for high-confidence unlabeled datasets in semi-supervised
learning. An important part of this process is the measurement
of confidence and uncertainty in the model. The confidence
and uncertainty can be calculated from the class-wise
prediction probabilities or Bayesian approaches [22]. Data
points with high confidence that are calculated through these
measures, provide additional information in the learning
process via pseudo-labeling, contributing to reduced labeling
costs.

However, incorrect pseudo-labeling can negatively affect
the model performance [23]. Fig. 2 presents the test accuracy
of cost-effective active learning with incorrect pseudo
labeling applied to the Breast Cancer dataset, compared
to the accuracy without using the mislabeled dataset from
the incorrect pseudo labeling. The results showed that
cost-effective active learning with incorrect pseudo-labeling
underperforms compared to general active learning. This
outcome was remarkable, even though the mislabeling rate
remained between just 0.02 and 0.06. Therefore, developing
methods that reduce the risk of incorrect pseudo-labeling is
essential. This study introduces a novel approach grounded
in cost-effective active learning, which incorporates budget
constraints for high-confidence data. Our goal is to manage
data labeling costs while optimizing model performance.

VOLUME 14, 2026

lil. METHOD

We introduce semi-informative sets for efficient data extrac-
tion within a constrained budget, addressing the limitations
of pseudo-labeling in cost-effective active learning. The
proposed architecture with the introduced semi-informative
sets Sgemi 1s illustrated in Fig. 3. It consists of label-like
information about data points, determined by the confidence
of the model from the remaining unlabeled dataset.

The process involves training a model using the labeled
dataset Dy, calculating the confidence levels of the unlabeled
dataset Dy with the trained model, and assessing uncertainty
or variance to prioritize the data points that require labeling.
It sorts the data points in Dy based on confidence levels,
designates datasets consisting of high-confidence data points
as Ssemi according to a threshold, and excludes S, from
Dy . Concurrently, it identifies the query set Syyery for labeling
requests based on the sampling priority within the set budget.
As a result, we enhance data efficiency by excluding semi-
informative sets from the unlabeled dataset that already
exhibit high confidence. The model training process is then
applied only to those data points in S, that require
additional labeling.

A. DEFINING SEMI-INFORMATIVE SETS

Mp < Budget < |Dy|, (D
1 <Mp < |Dy|, Dy := Dy — Ssemi,» (2)
minimize(Dy) = maximize(Ssemi), 3)

First, for efficient budgeting, the budget can range between
Mp, which is the smallest value of the given budget, and
the size of unlabeled dataset |Dy| (Equation (1)); and
accordingly, Mp can have a value between 1 and |Dy].
However, because Dy is subject to the process of excluding
semi-informative sets Ssermi (Equation (2)), the size of the Se;ni
should be increased from the fixed Dy to ensure the minimum
value of the budget (Equation (3)).
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To optimize budget usage within this situation, we exclude
the semi-informative sets Ssen; With high confidence from
the unlabeled dataset Dy, which represents the area for
exploration during budget allocation. This approach imposes
constraints on the remaining space, allowing the model to
focus its exploration more effectively. Maximizing the size
of the semi-informative sets to exclude from the unlabeled
dataset is a key objective for enhancing budget efficiency.
By increasing the size of Sg.,;, We can concentrate on
more valuable data points within a limited budget, thereby
minimizing waste by eliminating the selection of data
points that are considered to provide a sufficient amount of
information.

B. MAXIMIZING PREDICTION CONFIDENCE

We present strategies for enhancing the prediction confi-
dence to maximize the size of semi-informative sets Sgemi.
In classification tasks, the predictive confidence can be
derived from the probabilities assigned to each class. High
prediction confidence occurs when the probability assigned
to the correct class significantly exceeds the probabilities
assigned to the other classes. Therefore, improving prediction
reliability involves not only increasing the probability of
the correct class but also improving the overall probability
distribution by lowering the probabilities assigned to the
incorrect classes.

Enhancing predictive probabilities can be categorized
into two ways: model performance and training methods.
Model performance, which encompasses factors beyond the
data, such as the model type and architecture, is often not
considered in active learning. In the context of classification
model training, the commonly used cross-entropy loss
calculates the loss based on the binary distribution of true
label information from one-hot encoding and the predictive
probability for the correct class [24]. In this setup, the model
learns solely from correct answers, lacking explicit cues to
differentiate between incorrect ones.

To address this limitation, we utilize label smooth-
ing [25], which modifies the loss function to penalize
incorrect predictions, thereby refining the overall probability
distribution. This approach enhances the model’s ability
to differentiate between correct and incorrect predictions,
ultimately improving prediction confidence.

Losscg = =S log(pe)ye, @
o

y/c=)’c(1—04)+ﬁ, (5

Lossours = _EivzllOg(pc)y/cv (6)

When the conventional cross-entropy formula is defined
as shown in Equation (4), label smoothing addresses
overconfidence by assigning a small, uniform probability to
the other labels, represented as y... The softmax probability
corresponding to the given label is denoted as p. and «
is a hyperparameter. By integrating this adjustment into
the original loss function, we were able to leverage even
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Algorithm 1 Training With semi-informative sets
1: Split labeled, unlabeled dataset Dy, Dy
2: Set maximum cycle iteration cycle
3: Set image classification model M
4: Set threshold parameter g
5: Initialize current cycle iteration cycle <— 0
6: while cycle < cycleyqx do
7: Train M with Dy,

8: Initialize high-confidence sets Syyery < {}
9: Initialize semi-informative sets Sgemi < {}
10: Set learnable threshold t in Equation (9)
11: for each data point in Dy do
12: Set current confidence Conf = M (data point)
13: if Conf < t then
14: Store current data point in Sy,
15: else
16: Store current data point in Syyery
17: Update Dy += Squery

18: Update Dy -= Sgemi
19: Update cycle += 1

uncertain information in the process of selecting semi-
informative sets.

C. LEARNABLE CONFIDENCE THRESHOLD

Previous studies have proposed a confidence threshold § for
pseudo-labeling in cost-effective active learning, as shown in
Equations (7) and (8). Initially, they set a threshold §p and
allowed it to be adjusted linearly by dr in small increments
for each iteration of active learning. However, it depends
on a static threshold that does not change with the model’s
training progress, as it is updated solely based on the variable
t, representing the number of active learning iterations, along
with fixed constants ¢ and dr.

8§ =38y whent =0, 7)
§ =8—drxt whent > 0, 8)

To address this limitation, we propose a threshold that
goes beyond the concept of linearly varying thresholds based
solely on hyperparameter specifications, instead utilizing
some of the results from the trained model, as shown
in Equation (9). This process involves training with the
labeled data Djy. Once training is complete, the model
computes confidence by combining uncertainty information
Funcertainty(D) and the accuracy of the labeled data Accyygin.
This approach dynamically sets the threshold 7 to define the
dataset Sy for training, based on insights gained during
model training.

T = B * AcCtrain * Funcertainty(DL)a 9)

Leveraging both information to learn the threshold enables
the model to calibrate its confidence in a data-dependent
manner, reflecting both distributional ambiguity and empir-
ical reliability. Furthermore, we set a hyperparameter § that
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enables the model to adjust the confidence level of the
training data, which was set to 0.7 in our experiments. This
enhancement establishes a clear threshold 7, informed by the
learning process, ensuring the acquisition of more reliable
datasets. Therefore, our proposed approach excludes semi-
informative sets Ssemi by using a threshold 7 based on the
current state of the dataset, allowing the model to focus more
on low-confidence data.

We present the training process utilizing the semi-
informative in Algorithm 1 through pseudo code. The model
undergoes iterative training up to a predefined maximum
number of cycles. In each cycle, the model trained on the
labeled dataset Dy, is applied to the unlabeled dataset Dy,
assessing the confidence of its data points. Based on the
learnable threshold, Dy is divided into Sguery OF Sgemi, and
this classification directly impacts the subsequent training
cycles by prioritizing data points based on their confidence.
By repeating this process, we progressively filter and select
data points that offers greater value for training.

IV. EXPERIMENTAL SETTINGS

A. DATASET AND ENVIRONMENTS

Since image classification is the primary task of active
learning in this study, we employed the ResNet architecture to
train the labeled dataset. We utilized a dataset of short videos
extracted from movie trailers to assess the effectiveness of our
proposed approach in capturing semantic information across
frames and identifying nuanced differences. In addition,
we evaluated our approach using the MNIST dataset, which
included a random imbalance in its construction. This dataset
contains images of handwritten digits created by individuals,
intended for use in classification tasks. Specifically, the
imbalance was designed so that classes 0 to 4 contained
data sizes ten times smaller than those of classes 5 to 9.
This evaluation aimed to determine whether our approach
of excluding semi-informative sets remains effective in the
context of imbalanced datasets.

The experiments were conducted using the PyTorch
framework on a single T4 GPU. The overall experiments
consisted of three independent trials, each comprising seven
training cycles. We averaged the test accuracy across the three
trials for each cycle, applying a budget constraint of 50 trials
per active learning cycle. To introduce diversity in applying
model uncertainty, we used a subset comprising one-fifth
of the full training dataset. The model was trained for
200 epochs, starting with an initial learning rate of 0.1, which
was adjusted at predefined milestones. Gradient propagation
from the loss prediction module was halted after 120 epochs.
Additional parameters included a momentum of 0.9 and a
weight decay of 5e-4. Furthermore, the parameter « for label
smoothing was set to 0.95.

B. BASELINES
The proposed approach utilizing semi-informative sets can
be applied independently of the model selection. Therefore,
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we selected various active learning baseline methods and
compared the differences before and after applying our
approach to each model. The baseline methods used are as
follows.

« BALD [11] is a Bayesian approach that selects data
points with the highest model uncertainty, based on the
disagreement among different predictions sampled from
the Bayesian posterior.

o Entropy-based [26] method is based on calculating
the entropy of each data points to identify those with
high entropy values which means a high degree of
uncertainty.

o Learning Loss [13] proposes a loss prediction module
and incorporates into a deep neural network to predict
the loss of unlabeled data points, enabling the model to
select the most informative samples.

o Least Confidence [9] utilizes model confidence to
select data points which shows lowest confidence in
its predictions, reflecting that the model is least certain
about its predictions.

« Margin Confidence [10] identifies data points where the
difference in predicted probabilities between the two
most likely classes is smallest in classification and aims
to target the most ambiguous cases.

« Ratio Confidence [27] utilizes ratio rather than proba-
bility, to select data points where the ratio between the
scores of the two most likely predicted classes is the
smallest.

C. EVALUATION METRICS
The evaluation compared test accuracy between traditional
active learning methodologies and our proposed approach,
which excluded semi-informative sets. We closely moni-
tored test accuracy across iterations to assess the rate of
performance enhancement. Additionally, we investigated the
impact of class imbalance, which is an atypical data scenario,
on the iterative improvement of test accuracy.

Each evaluation was conducted three times to ensure
consistency; therefore, we report the mean test accuracy,
calculated as follows:

# of correct predictions
> ° (10)

3
AcCresr =

1
3 total # of predictions

k=1

V. DISCUSSION

A. EXPERIMENTAL RESULTS

We compared the performance of baseline active learning
methods with and without the proposed approach using semi-
informative sets, as shown in Table 1. In almost every case,
excluding semi-informative sets Sgem; With high confidence
led to a significant performance improvement. This suggests
that even within a limited budget, without the need for
additional data or larger models, optimized data sampling can
be achieved by strategically excluding semi-informative sets
thereby preventing unnecessary budget expenditure.
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TABLE 1. Quantitative experimental results comparing the average accuracy per cycle for each method when utilizing the movie trailers dataset.
We compared the baseline methods with our approach that excludes the semi-informative sets. In most cases, the methods using our proposed approach
exhibited superior performances. The performance of the best model is highlighted in bold and the models that showed the greatest performance

improvement with our approach are underlined in each iteration.

Method Metric 1 2 3 4 5 6 7

Original 45.62 68.10 86.25 87.43 90.20 93.12 94.98

BALD w/0 Ssemi 60.45 74.19 83.96 85.97 88.59 93.21 95.31

AAcctest +14.83 +6.09 -2.29 -1.45 -1.61 +0.09 +0.33

Original 5242 61.09 7670 8554  89.81  93.15  95.50

Entropy-based w/0 Ssemi 58.54 68.73 82.65 89.98 93.13 94.81 95.80

AAcciest | +6.12  +7.64 4595  +444 4332 +1.66  +0.30

Original 46.78 53.44 61.57 67.29 68.24 72.93 74.79

Learning Loss W/o Ssem: | 5523 6731 7594  77.69 8140 8383  85.26

AAcctest +8.46 +13.87 +14.37 +1041 +13.16 +1090 +10.47

Original 47.77 73.26 85.32 92.11 94.22 95.80 96.83

Least Confidence | w/o Sgems | 5629  76.18 8694 9226 9380 9558  96.15

AAccrest | +852 4292 +1.62  +0.16  -043 -0.21 -0.68

Original 41.13 66.95 85.43 90.73 93.33 95.39 96.23

Margin Confidence | w/o Sgemi 54.91 75.25 88.01 92.63 94.23 95.55 96.60

AAcctest +13.78 +8.29 +2.58 +1.90 +0.90 +0.16 +0.37

Original 44.64 66.16 83.48 88.92 92.75 94.63 96.09

Ratio Confidence | w/o Sgem; | 60.86 7632  88.05 9156  94.14 9558 9641

AAcciest +16.22  +10.16 +4.57 +2.64 +1.40 +0.95 +0.32
Ssemi Was beneficial for model training across all cycles.
g15| 4 While other baseline methods directly address the uncertainty
g o L Eropybased of specific data points by utilizing prediction probabilities,
g & A 58 el Learning Loss performs relatively indirect active learning

> A . .
§ 3 A i Dy through loss values, thereby yielding greater advantages
3o i pa— = compared to other baseline methods.
- As the model was trained through to the final cycle,
1 2 3 5 6 7

4
Training Cycles

FIGURE 4. The performance differences observed as each iteration
progressed after excluding the semi-informative sets Sge,,; for each
model when utilizing the movie trailers dataset. Except for BALD, all
methods in every iteration showed performance improvements when our
proposed approach was applied. Notably, some methods demonstrated
significant performance gains, with gaps exceeding 15 points in the early
iterations.

The performance differences of each method, after
applying our proposed approach across all methods and
training cycles, can be observed in Fig. 4. By removing
semi-informative sets Sgem; during training, we observed
a significant performance increase, especially in the early
cycles. Notably, in cycle 1, applying our approach to
Ratio Confidence and BALD improved performance by
16.22 and 14.83, respectively. This suggests that even in
the very early stages of training, strategically selecting data
by excluding semi-informative sets Ssemi can significantly
influence performance, allowing for substantial gains with
fewer training cycles.

Among all methodologies, Learning Loss consistently
showed a AAccy,s of nearly 10 points when our approach was
applied, indicating a greater effect across all training cycles.
The model showed favorable results with our proposed
approach, confirming that excluding semi-informative sets
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Margin Confidence showed the highest overall performance,
reaching a score of 96.60 when our approach was applied.
On the other hand, Learning Loss had the lowest absolute
performance in the final cycle. However, even for this model,
we observed significant performance improvements in every
training cycle when applying our approach. In conclusion,
regardless of the model, our method of excluding semi-
informative sets Sg.,; led to positive performance gains, with
the final results varying depending on the characteristics of
the baseline methods.

B. TRAINING THE UNBALANCED DATASET
In contrast to the previous experiments, we intentionally
created a situation with label imbalance to assess the per-
formance of our approach using semi-informative sets Ssemi
compared to traditional baseline active learning methods. The
results are presented in Table 2. In most cases, we observed
improvements in performance when excluding semi-
informative sets based on high confidence. This suggests
that even when training with imbalanced label distributions,
strategically excluding semi-informative sets Sgep; allows for
optimized learning, unaffected by data imbalance issues.
The performance differences of each method when apply-
ing our proposed approach to the unbalanced MNIST dataset
across all cycles can be seen in Fig. 5. In Fig. 4, no label
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TABLE 2. Quantitative experimental results comparing the average accuracy per cycle for each method when utilizing the unbalanced MNIST dataset.
We compared the baseline methods with our approach that excludes the semi-informative sets. In most cases, the methods using our proposed approach
exhibited superior performances. The performance of the best model is highlighted in bold and the models that showed the greatest performance
improvement with our approach are underlined in each iteration.

Method Metric 1 2 3 4 5 6 7

Original 37.80  46.52 62.58 67.90 72.86 77.11 81.54

BALD w/0 Ssemi | 31.61  43.69 62.70 71.02 79.34 87.26 89.94

AAcciest -6.19  -2.83 +0.12 +3.12 +6.48 +10.15  +8.40

Original | 37.28 42.18 4475 5155 6548  78.01 83.84

Entropy-based w/0 Ssemi | 35.67  47.60 66.94 75.54 80.53 86.62 90.92

AAcciest | -1.61  +542  +22.19 42399 +15.05 +8.61  +7.08

Original 3643  50.46 73.85 80.93 84.20 89.08 91.95

Least Confidence | w/o Sgemi | 3486 4737 6522 7699  82.01 8822  92.15

AAcciest -1.57  -3.09 -8.63 -3.94 -2.19 -0.86 +0.20

Original 40.16 56.71 76.11 82.63 85.65 91.07 93.48

Margin Confidence | w/o Sgem; | 37.53 51.65 7354 8199  86.67 91.68 9391

AAcctest | 263  -506 257  -0.64  +1.02  +0.61  +0.43

Original 3451  48.69 70.91 80.43 85.41 90.05 92.92

Ratio Confidence | w/o Syems | 37.17 5310 69.03  77.88 8440 8928 9229

AAcctest | +2.66  +4.41 -1.88 -2.55 -1.01 -0.77 -0.63
Margin Confidence, reaching a score of 93.91 when applying
g ] our approach with the semi-informative sets Sgemi. This
B = A~ BALD model consistently outperformed other baseline methods in

= 104 A Entropy-based . . . . .
8 - Least Confidence all cycles, indicating that Margin Confidence demonstrated
g 2 : ) A A A Vargin Confdencs relative robustness in handling the label-imbalanced dataset.
g 1 & —a & —F 4 In conclusion, regardless of the model used, our approach
7 oa . - of excluding semi-informative sets Sgemi led to consistent

1 2 3 4 5 6 7

Training Cycles

FIGURE 5. The performance differences observed as each iteration
progressed after excluding the semi-informative sets Se,,; for each
model when utilizing the unlabeled MNIST dataset. Except for BALD, all
methods in every iteration showed performance improvements when our
proposed approach was applied. Notably, some methods demonstrated
significant performance gains, with gaps exceeding 15 points in the early
iterations.

imbalance was applied to the dataset, resulting in a significant
improvement in performance during the early learning stages
when using semi-informative sets Sg.,; for active learning.
However, when we introduced label imbalance, using ten
times fewer data for half of the classes compared to the others,
we occasionally observed negative improvements, as seen in
the case of Least Confidence.

Although the extreme label imbalance did not lead
to noticeable performance improvements during the early
learning stages, as seen in the previous results, we observed
that our approach using semi-informative sets Sgemi showed
advantages as training progressed, particularly in more
traditional methods such as BALD and Entropy-based
approaches. Notably, in the case of Entropy-based methods,
the performance improvement reached up to 23 points,
demonstrating the significant benefits of applying semi-
informative sets Ssemi to the unbalanced dataset.

As training progressed through the final cycle of the
training, we observed the best overall performance with
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performance improvements, with the extent of improvement
varying depending on the characteristics of the baseline
methods.

C. MAXIMIZING THE SEMI-INFORMATIVE SETS

The primary goal of the approach proposed in this study
is to maximize the size of the semi-informative sets Sgemi,
thereby reducing the size of the unlabeled dataset Dy .
To achieve this, we quantitatively assessed the size of the
semi-informative sets Ssemi as the training cycles progressed
with the unbalanced MNIST dataset, as illustrated in Fig. 6.
The values represented as the bar graph indicate the size of the
semi-informative sets Sgen,; measured at each cycle, while the
line graph depicts the test set accuracy for each corresponding
cycle.

In the case of BALD, it secured the largest number
of semi-informative sets S compared to other active
learning baseline methods, resulting in the greatest reduction
in the size of the unlabeled dataset D;. However, when
examining the corresponding test set accuracy, it was found
to have the lowest values among the models used in the
experiment. In fact, for other models, including those with the
highest absolute test set accuracy, performance was generally
good when they acquired between 1,000 and 2,000 semi-
informative sets Sem; in each cycle. These results indicate that
simply increasing the size of the semi-informative sets Ssemi
does not guarantee an absolute improvement in performance,
regardless of the method used.
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FIGURE 6. The changes in the size of the semi-informative sets and
performance trends as training cycles for each method are shown. In all
methodologies, the size of the semi-informative sets initially increases
and then gradually decreases. As for performance, it consistently
improves with repeated training cycles.

Additionally, in all methodologies, the size of the semi-
informative sets Ssep; initially increased slightly during the
early stages of training, but began to gradually decrease after
the 4th to Sth cycles. This observation suggests that, in the
early phases of training, the model likely lacked sufficient
knowledge to secure a relatively high number of reliable
semi-informative sets Sgemi. As active learning progressed and
the model parameters were updated, it became increasingly
possible to acquire more reliable datasets. Thus, the gradual
increase in size can be attributed to this progression up to
a certain number of cycles. Toward the end of the training,
it appears that each method reached a stable performance
level, encountering a limit in acquiring additional semi-
informative sets Ssep; With high confidence.

D. EFFICIENCY OF THE SEMI-INFORMATIVE SETS

Our proposed methodology involves computations such
as label smoothing, uncertainty estimation, and threshold
adjustment. However, as high-confidence data are gradually
excluded, the volume of data that must actually be trained
on decreases over time. Consequently, with each iteration of
active learning, the overall training cost is reduced. Compared
to Bayesian active learning methods such as BALD or
approaches requiring an additional small module, our
approach can be considered more cost-efficient. In BALD,
the model estimates a probabilistic distribution over its
parameters and calculates predictive uncertainty through
multiple MC dropout samplings. These repeated forward
passes significantly increase the computational burden when
dealing with long sequence lengths or large-scale datasets.
By contrast, our method employs a learnable threshold to
select the training data, thus forgoing the need for repeated
inferences and model updates.
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While Bayesian approaches may excel in fine-grained
uncertainty estimation for complex data distributions, using
semi-informative sets is more practical in terms of labeling
efficiency and computational cost, especially for large-scale
image data or in resource-constrained environments. On the
other hand, active learning based on learning loss attaches a
small additional module to predict the potential loss of each
sample, thereby labeling only those data points likely to yield
high loss. Although this eliminates the repeated inference cost
associated with MC dropout in Bayesian methods, it requires
training this module alongside the main model, increasing
the parameter count and potentially the computational load.
Moreover, the module’s initial predictions may be unstable,
necessitating multiple iterations, and if its training goes awry,
inaccurate sample selection can degrade overall performance.

In contrast, our approach does not introduce any auxiliary
prediction modules and relies only on quantities already
computed during standard training, resulting in negligible
additional parameters and minimal computational overhead.
This makes our method more computationally efficient
and scalable compared to both Bayesian inference with
repeated sampling and learning-loss-based active learning
frameworks. Compared to our approach, which requires
more delicate threshold adjustments, learning loss can appear
more intuitive but carries additional risk. In light of these
comparisons with various active learning baselines, our
method demonstrates robust labeling performance and offers
the advantage of progressively reduced computational cost by
excluding high-confidence data in subsequent iterations.

VI. THREATS TO VALIDITY

In conducting active learning with semi-informative sets
Ssemi, we made several key decisions regarding experimental
components. Since these choices can directly influence the
experimental outcomes, we consider them as potential threats
to validity and have thoroughly analyzed how their selection
could impact the results.

A. INTERNAL VALIDITY

We utilized the ResNet architecture for training the labeled
dataset Dy to perform image classification task. Although
many other models have been used for image classification
tasks, our experiments primarily focused on applying the
proposed semi-informative sets Semi to ResNet. The choice
of model could potentially affect the performance of active
learning, and thus, results may vary depending on the model
used. Nevertheless, ResNet has been consistently employed
in image classification research due to its relatively simple
architecture, and since image-related models typically rely
on convolution layers like ResNet, we expect that applying
semi-informative sets Sgemi to other models would also yield
positive results.

Unlike conventional methods, we selected high-confidence
data points using a threshold that was not determined linearly
by hyperparameters but was made learnable based on the
model’s learning progress with the labeled dataset Dy.
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This allowed us to fully utilize both accuracy and uncertainty
information from the training data. However, rather than
conducting a separate analysis to determine which of
these two factors had a greater impact on active learning,
we focused on leveraging both simultaneously. By adjusting
the hyperparameters to assign more weight to the factor,
accuracy or uncertainty information, that contributes more
positively to active learning, we believe that the performance
of the proposed approach using the semi-informative sets
Ssemi could be further maximized.

B. EXTERNAL VALIDITY

We selected image classification as the primary task for
conducting active learning with baseline methods. This
choice led to a dependency on specific models and datasets,
which were incorporated into our experimental setup.
To explore whether the proposed semi-informative sets Sgemi
approach for active learning could be applied more broadly
to other tasks, future work could extend its application to
different domains, such as natural language processing or
recommendation systems, beyond computer vision. Since our
method focuses on strategically selecting data for training
without altering the model architecture, it can be flexibly
applied to a wide range of tasks without being constrained
by the nature of the task itself.

For our experiments, we selected short videos from movie
trailers and the MNIST dataset. While various datasets could
be considered for the image classification task, we chose
these specific datasets for the following reasons. First, the
video dataset extracted from movie trailers was expected
to be more challenging than standard datasets, as it can
include a wide variety of real-world objects within a single
frame. Despite this complexity, applying our proposed
semi-informative sets Ssem;i for active learning resulted in
notable performance improvements even in the early stages
of training. Additionally, we used the MNIST dataset to
deliberately introduce data imbalance. The MNIST dataset
was deemed suitable for this purpose because its class
distinction is intuitive based on image shape, and it includes
a relatively large number of classes, making it ideal for
simulating imbalanced data. Even under conditions where
certain classes had ten times fewer samples than others,
we found that our semi-informative sets Ssenm; for active
learning demonstrated robust performance across specific
models.

VII. LIMITATIONS AND FUTURE WORK

We present the limitations of our proposed active learning
approach using semi-informative sets, along with future
directions for improvement. In our method, we utilized
labeled data points for model training and then employed
the trained model to classify the unlabeled dataset into semi-
informative sets Sgemi OF Squery. The classification was based
on the concept of confidence, distinguishing high from low
values. However, we found that the experimental results
can significantly vary depending on the criteria used to
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determine this confidence threshold. Therefore, beyond the
use of confidence, or uncertainty information, it is necessary
to further explore representative methods for identifying
semi-informative sets.

As mentioned in the earlier section on threats to validity,
we simultaneously utilized train accuracy and uncertainty
information while employing a learnable threshold. However,
we regret not thoroughly identifying which of the two factors
had a more substantial impact on active learning. We believe
that further analysis, possibly through the involvement of
additional hyperparameters, is necessary to determine which
factor contributes more positively to learning. Additionally,
exploring whether other types of information beyond these
two could further enhance active learning using our semi-
informative sets Sgemi 1s another area worth investigating.
Furthermore, extending the proposed framework to incorpo-
rate additional sources of information, such as feature-space
structure or data distribution characteristics, could improve
the robustness of semi-informative set identification. We also
anticipate that adapting the learnable threshold mechanism
to different model architectures and domains would broaden
the applicability of our approach and provide a promising
direction for future research.

In addition, we plan to extend our empirical evaluation
to larger and more diverse benchmarks such as CIFAR-10
and ImageNet to analyze how dataset scale, class complexity,
and distributional characteristics influence the effectiveness
of our method. Such experiments will help clarify the
generalizability of our semi-informative set strategy across
datasets with varying structural properties and provide deeper
insights into its robustness under different data regimes.

VIil. CONCLUSION

In this study, we addressed the longstanding issue of labeling
costs in active learning by proposing an approach that
prioritizes data requiring labeling through the use of semi-
informative sets. By leveraging the predictive probability
obtained from labeled data and employing a learnable
threshold based on the information used during training,
we were able to strategically select semi-informative sets.
This allowed us to maximize learning efficiency within a
given budget while aiming to improve performance on image
classification tasks. As a result, we observed a significant
improvement in performance even during the early stages
of learning when using our semi-informative sets for active
learning. Moreover, depending on the choice of active
learning baseline methods, our approach demonstrated robust
performance preservation, particularly in label-imbalanced
datasets.

The proposed approach of using semi-informative sets for
active learning does not require additional model training
or external resources. Instead, it operates by assigning
importance within the existing dataset, making it adaptable
to any active learning method. Although we observed the
advantages of our approach on label-imbalanced datasets,
achieving a higher level of performance improvement beyond
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the current results proved challenging [28], [29]. Therefore,
we are considering further research on handling class
imbalance as part of our future work. While our experiments
demonstrated the benefits of this approach through several
representative active learning methods, we anticipate that
future research, involving more diverse active learning
methods or related models, will continue to show that our
semi-informative sets can effectively reduce labeling costs
and enhance the efficiency of active learning in various
scenarios.
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