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Abstract

Active learning is a machine learning paradigm that aims to reduce the amount of
labeled data required for model training by selecting the most informative data
samples for annotation. This paper provides a comprehensive overview of active
learning strategies for data-efficient training. We discuss various active learning
approaches, including uncertainty sampling, query by committee, and diversity-
based sampling. Additionally, we explore the application of active learning in
different domains, such as image classification, text classification, and object detection.
Through an extensive literature review, we highlight the effectiveness of active
learning in improving model performance with limited labeled data. We also discuss

challenges and future research directions in active learning for data-efficient training.
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Active learning has emerged as a promising approach to reduce the manual effort and
cost associated with labeling large datasets for training machine learning models.
Traditional supervised learning methods require a substantial amount of labeled data
to achieve good performance, which can be impractical or expensive to obtain in many
real-world scenarios. Active learning addresses this issue by selecting the most
informative data samples for annotation, thereby maximizing the learning efficiency

of the model.

The key idea behind active learning is to iteratively query an oracle (e.g., human
annotator or domain expert) to label the most informative data points, while actively
selecting the samples that are expected to reduce the model's uncertainty or improve
its performance the most. By focusing on these informative samples, active learning
can achieve comparable or even better performance than traditional supervised

learning approaches while using significantly fewer labeled data points.

In this paper, we provide a comprehensive overview of active learning strategies for
data-efficient training. We begin by discussing the fundamental concepts of active
learning, including the selection criteria for informative samples and the role of the
oracle in the labeling process. We then review various active learning strategies, such
as uncertainty sampling, query by committee, and diversity-based sampling,

highlighting their strengths and limitations.

Furthermore, we explore the application of active learning in different domains,
including image classification, text classification, and object detection. Through a
review of recent studies and case studies, we demonstrate the effectiveness of active
learning in improving model performance with limited labeled data. Additionally, we
discuss the challenges associated with active learning, such as labeling efficiency,

model uncertainty estimation, and generalization to new data.

Finally, we outline future research directions in active learning, including the

integration of active learning with semi-supervised learning approaches, the
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incorporation of domain knowledge into the active learning process, and the
exploration of new active learning strategies. Overall, this paper aims to provide
researchers and practitioners with a comprehensive understanding of active learning
strategies for data-efficient training and to inspire further advancements in this

exciting field.

Active Learning Strategies

Active learning encompasses a variety of strategies that aim to select the most
informative data samples for annotation. These strategies can be broadly categorized
into three main approaches: uncertainty sampling, query by committee, and diversity-
based sampling. Each of these approaches has its own strengths and is suitable for

different types of datasets and learning tasks.
Uncertainty Sampling

Uncertainty sampling is one of the most widely used active learning strategies. It
selects data points for which the model is most uncertain about their labels. This
uncertainty is typically measured using metrics such as entropy or margin. Entropy-
based uncertainty sampling selects samples where the model's prediction has high
entropy, indicating that the model is unsure about the correct label. Margin-based
uncertainty sampling, on the other hand, selects samples where the difference in

confidence between the top two predicted labels is small, indicating ambiguity.
Query by Committee

Query by committee is based on the principle of using multiple models (or a
committee) to select informative samples. Each model in the committee is trained on
a subset of the data or using a different initialization, resulting in diverse opinions.

Samples for which the models disagree or are uncertain are selected for annotation.
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This approach is useful when there is no clear definition of uncertainty or when

uncertainty is subjective.
Diversity-based Sampling

Diversity-based sampling aims to select samples that are diverse or representative of
the dataset. This can be achieved using clustering techniques to identify clusters that
are underrepresented in the labeled data. Samples from these clusters are then selected
for annotation to improve the model's coverage of the dataset. Diversity-based
sampling is particularly useful when the dataset is large and diverse, and it can help

improve the generalization of the model.

Overall, active learning strategies offer a range of techniques for selecting informative
samples for annotation. The choice of strategy depends on the specific dataset and
learning task, and a combination of strategies may be used to achieve the best results.
In the next section, we will discuss the applications of active learning in different

domains.

Applications of Active Learning

Active learning has been applied to a wide range of domains and has shown
significant promise in improving model performance with limited labeled data. In this
section, we discuss the applications of active learning in three main domains: image

classification, text classification, and object detection.
Image Classification

In image classification, active learning can be used to select the most informative
images for annotation, reducing the need for manual labeling of the entire dataset. By
focusing on images that are difficult for the model to classify, active learning can

improve the accuracy of the classifier with fewer labeled examples. Active learning

Journal of AI-Assisted Scientific Discovery
Volume 2 Issue 1
Semi Annual Edition | Jan - June, 2022
This work is licensed under CC BY-NC-SA 4.0.



https://scienceacadpress.com/
https://scienceacadpress.com/index.php/jaasd

Journal of Al-Assisted Scientific Discovery
By Science Academic Press, USA 5

has been applied to tasks such as medical image analysis, where labeling large

datasets is costly and time-consuming.
Text Classification

In text classification, active learning can be used to select the most informative
documents or sentences for annotation. This is particularly useful in tasks such as
sentiment analysis or topic classification, where the dataset is large and diverse. Active
learning has been applied to tasks such as document classification, spam detection,
and sentiment analysis, where it has been shown to improve the performance of text

classifiers.
Object Detection

In object detection, active learning can be used to select the most informative images
or regions of interest for annotation. By focusing on images that contain objects that
are difficult to detect, active learning can improve the accuracy of object detectors with
fewer labeled examples. Active learning has been applied to tasks such as pedestrian

detection, where labeling large datasets with bounding boxes is time-consuming.

Overall, active learning has shown promise in a variety of domains and has the
potential to significantly reduce the manual effort and cost associated with labeling
large datasets. In the next section, we will discuss the effectiveness of active learning

in improving model performance.

Effectiveness of Active Learning

The effectiveness of active learning in improving model performance with limited
labeled data has been demonstrated in various studies across different domains. By

selecting the most informative samples for annotation, active learning can help
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improve the generalization and accuracy of machine learning models. In this section,

we review some key findings regarding the effectiveness of active learning.
Improving Model Performance

Numerous studies have shown that active learning can lead to significant
improvements in model performance compared to traditional supervised learning
approaches. For example, in image classification tasks, active learning has been shown
to achieve comparable or even better performance than passive learning with a
fraction of the labeled data. Similar improvements have been observed in text

classification, object detection, and other tasks.
Reducing Annotation Costs

One of the primary motivations for using active learning is to reduce the manual effort
and cost associated with labeling large datasets. By selecting the most informative
samples for annotation, active learning can reduce the number of labeled examples
required to achieve a certain level of performance. This can lead to significant cost

savings, especially in domains where labeling is expensive or time-consuming.
Comparison with Passive Learning

Several studies have compared the performance of active learning with passive
learning, where all available data is labeled upfront. These studies have consistently
shown that active learning can achieve similar or better performance than passive
learning with a fraction of the labeled data. This highlights the potential of active

learning to improve the efficiency of machine learning workflows.

Overall, active learning has been shown to be an effective strategy for improving
model performance with limited labeled data. By selecting the most informative
samples for annotation, active learning can help reduce annotation costs, improve
model generalization, and accelerate the development of machine learning models. In

the next section, we will discuss the challenges associated with active learning.
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Challenges in Active Learning

While active learning has shown promise in improving model performance with
limited labeled data, it also faces several challenges that need to be addressed to
realize its full potential. In this section, we discuss some of the key challenges

associated with active learning.
Labeling Efficiency

One of the main challenges in active learning is ensuring the efficiency of the labeling
process. Selecting the most informative samples for annotation is not always
straightforward, and there is a risk of selecting samples that are either too easy or too
difficult for the model to learn from. This can lead to inefficient use of labeling

resources and may result in suboptimal model performance.
Model Uncertainty Estimation

Another challenge in active learning is accurately estimating the uncertainty of the
model. Different active learning strategies rely on different uncertainty measures,
such as entropy or margin, to select informative samples. However, accurately
estimating these uncertainties can be difficult, especially in complex models or when

the dataset is noisy.
Generalization to New Data

Active learning also faces challenges in generalizing to new, unseen data. Since active
learning selects samples based on their informativeness in the current dataset, there is
a risk of overfitting to the labeled data and failing to generalize to new data. This is
particularly problematic in domains where the distribution of the data is non-

stationary or when the labeled data is not representative of the entire dataset.

Journal of AI-Assisted Scientific Discovery
Volume 2 Issue 1
Semi Annual Edition | Jan - June, 2022
This work is licensed under CC BY-NC-SA 4.0.



https://scienceacadpress.com/
https://scienceacadpress.com/index.php/jaasd

Journal of Al-Assisted Scientific Discovery
By Science Academic Press, USA 8

Incorporating Domain Knowledge

Lastly, incorporating domain knowledge into the active learning process is a
challenge. While active learning can select informative samples based on the model's
uncertainty, it may not always take into account domain-specific knowledge or
constraints. Incorporating such knowledge into the active learning process can help

improve the efficiency and effectiveness of active learning strategies.

Overall, addressing these challenges is crucial for realizing the full potential of active
learning in improving model performance with limited labeled data. In the next

section, we will discuss future research directions in active learning.

Future Directions

Despite the challenges, active learning continues to be a vibrant area of research with
many opportunities for future advancements. In this section, we outline some key

directions for future research in active learning.
Integration with Semi-supervised Learning

One promising direction is the integration of active learning with semi-supervised
learning approaches. Semi-supervised learning leverages both labeled and unlabeled
data to improve model performance. By actively selecting informative samples for
annotation and incorporating unlabeled data into the training process, it may be

possible to further improve the efficiency and effectiveness of active learning.
Incorporation of Domain Knowledge

Another important direction is the incorporation of domain knowledge into the active
learning process. Domain knowledge can help guide the selection of informative

samples and improve the generalization of the model. Techniques such as active
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learning with constraints or incorporating expert knowledge into the active learning
strategy can help improve the efficiency and effectiveness of active learning in

domain-specific tasks.
Exploration of New Active Learning Strategies

There is also a need to explore new active learning strategies that can address the
limitations of existing approaches. For example, developing active learning strategies
that are robust to noisy data or that can adapt to non-stationary data distributions
could further improve the performance of active learning. Additionally, exploring
active learning strategies that can handle streaming data or that can scale to large

datasets are important areas for future research.
Evaluation and Benchmarking

Finally, there is a need for standardized evaluation and benchmarking of active
learning strategies. Currently, the evaluation of active learning approaches is often
task-specific and lacks standardization. Developing standardized benchmarks and
evaluation metrics can help compare different active learning strategies and provide

insights into their effectiveness across different domains.

Conclusion

Active learning strategies offer a powerful approach to reducing the manual effort and
cost associated with labeling large datasets for machine learning model training. By
selecting the most informative data samples for annotation, active learning can
improve model performance with limited labeled data, making it particularly useful

in scenarios where obtaining labeled data is challenging or expensive.

In this paper, we have provided a comprehensive overview of active learning

strategies for data-efficient training. We discussed various active learning approaches,
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including uncertainty sampling, query by committee, and diversity-based sampling,
and highlighted their strengths and limitations. We also explored the application of
active learning in different domains, such as image classification, text classification,
and object detection, demonstrating its effectiveness in improving model

performance.

Despite the challenges associated with active learning, such as labeling efficiency,
model uncertainty estimation, and generalization to new data, there are many
opportunities for future research. Integrating active learning with semi-supervised
learning approaches, incorporating domain knowledge, exploring new active learning
strategies, and standardizing evaluation and benchmarking are important directions

for future research in active learning.

Overall, active learning holds great promise for improving the efficiency and
effectiveness of machine learning models. By addressing key challenges and exploring
new research directions, active learning has the potential to significantly advance the
field of machine learning and contribute to the development of more efficient and

effective learning algorithms.
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