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Abstract: This paper reviews the role of Active Transfer Learning (ATL) in multi-modal classification, which integrates diverse
data sources, such as images, text, and sensor data, for better accuracy. We first present some of the background on transfer
learning and active learning, then we proceed into mechanisms and applications of ATL. The review highlights ATL’s potential to
reduce labeling costs and improve performance, particularly in low-resource settings, through methods such as dynamic source
domain selection and task-aware active learning strategies. Notable applications in fields like biomedical data analysis, EEG
classification, and text processing illustrate ATL’s impact, with improvements of up to 20% in classification accuracy. However,
it does have problems like negative transfer, scalability, and inability to handle heterogeneous data. It summaries key findings,
presents cross-domain comparison of the different ATL methods, discusses the trade-offs between performance and complexity,
and suggests research avenues in fusion techniques on alignment of temporal and spatial knowledge, domain generalization
improvements, and integration with parallel processing for scalability. There is promise in overcoming classification challenges in
multi-modal settings as it helps overcome the limitations in machine learning where not much information is available.
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l. INTRODUCTION

The recent convergence of active learning and transfer learning has given birth to a powerful paradigm in machine learning,
particularly for dealing with complex tasks in multi-modal classification, termed active transfer learning (ATL). ATL takes the
best of two worlds: active learning's ability to minimize labeling costs by judiciously choosing the most informative data points
and transfer learning's power of transferring knowledge from a source domain to improve learning in a target domain (Shao,
2019). When applied to multi-modal classification, ATL meets the challenges of fusion in multi-modal data with its diversity in
text, images, and audio. Multi-modal classification is crucial in all fields, such as the health sector, where it helps doctors diagnose
diseases by combining medical imaging and patient records (Dao et al., 2024); autonomous vehicles that integrate sensor data,
video, and GPS signals into decision-making; and natural language processing, where the visual and textual inputs can be
combined for tasks such as image captioning (Deng et al., 2023). However, the heterogeneity of data modalities and the
substantial labeled data requirements often make traditional learning approaches inadequate, especially in low-resource settings.

ATL is important in such scenarios because it significantly improves the multi-modal learning process while addressing two of the
most serious challenges: data scarcity and computational complexity. Active learning reduces resource usage by choosing the
most useful samples to be labeled (Shen et al., 2023), while transfer learning reduces the dependency on large domain-specific
datasets (Ma et al., 2022). Together, these strategies enhance the accuracy and efficiency of models, and thereby multi-modal
classification is accessible and efficient even in scenarios where resources are limited. It has further been integrated with query-
by-diverse committee or multimodal fusion networks for adaptation to dynamic data distributions (Cho et al., 2021). This review
aims to explore and synthesize existing knowledge about ATL in multi-modal classification. It examines its methodologies,
applications, challenges, and recent advancements. The paper is structured as follows: the Background section provides
foundational concepts and related information; the Body explores applications, challenges, and methodological developments in
ATL for multi-modal tasks; and the Conclusion summarizes insights and highlights future research directions. This structured
approach ensures a comprehensive understanding of ATL’s potential to revolutionize multi-modal classification.

1. BACKGROUND/RELATED INFORMATION

Transfer learning refers to the paradigm of a machine learning environment where information acquired by solving one task
(source task) may be used for another typically related task, known as a target task [6], [7]. Figure 2.1 depicts the general idea of
knowledge transfer from source to target domain: adapting a pre-trained model in the source domain for use in the target domain
significantly reduces the demand for extensive labeled data and dramatically reduces computational costs. This is a very effective
approach when there is limited data available in the target task. Here, models can make use of the pre-trained knowledge of
features, representations, or decision boundaries from the source domain [8], [9].
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A. Overview of Transfer Learning
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Figure 1 Transfer Learning Framework

Traditional machine learning would train models from scratch, using large amounts of labeled data, which is not always possible.
This challenge is mitigated by transfer learning through adaptation of pre-trained models, thus reducing significantly the
computational costs and the requirement for vast amounts of labeled data [10]. Such adaptability is invaluable in fields like
computer vision and natural language processing where labeled datasets are scarce and expensive to generate. By reusing the
knowledge that has been learned, transfer learning accelerates the process of development while increasing the accuracy of the
models especially in low-resource domains [11].

B. Fundamentals of Active Learning

Active learning is a methodology which focuses on reducing the effort of labeling in supervised learning. Unlike traditional
approaches relying on a fully labeled dataset, active learning involves a model querying the user (or an oracle) to label the most
informative or uncertain samples [12]. The effectiveness of active learning stems from the idea that not all data points contribute
equally to improving model performance. The various active learning strategies, such as uncertainty sampling, query-by-
committee, and expected error reduction, are highlighted in Figure 2.2, which illustrates how different strategies identify the most
informative samples for labelling.
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Figure 2 Active Learning Strategies

By focusing on samples that better learn the data, active learning learns with a better accuracy model with fewer labeled examples.
The central principle of active learning is derived from the fact that not all data points make equal contributions to model
performance [13], [14]. Informative samples-those with high uncertainty or which lie on the decision boundary-must contain the
greatest amount of learnability. Uncertainty sampling, query-by-committee, and expected error reduction, among others, help to
point out the most crucial samples using active learning strategies [15]. Quality over quantity is a strategy in reducing resource
requirements while still having very high accuracy. Thus, it has become one of the key tools in dealing with the problem of data
scarcity that exists in real-world applications [16].

C. Principles of Multi-Modal Classification

Multi-modal classification involves analyzing and combining data from different modalities like text, images, audio, and video in
making a prediction or extracting insight. Multi-modal systems have lately become more common in various applications such as
healthcare (composing imaging and patient records), autonomous vehicles (integrating sensor and visual data), and multimedia
analysis (processing pairs of text and images) [13]. The heterogeneity of the data presents a big challenge.
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Different modalities present different data structures, feature presentations, and noise characteristics. That is, images are
represented by pixel matrices, whereas text is taken as sequential tokens [17], [18]. Mixing such diverse information calls for
powerful techniques of feature extraction, alignment, and fusion, as proposed by [19], [20].

The next most challenging one is the registration of the time or space between the two modalities Additional challenges to this
task are handling missing and incomplete modality data. Nonetheless, multi-modal classification holds huge promise [21], [22]. It
is able to provide more robust predictions compared to single-modality-based models that typically work best for any particular
model of choice, sometimes in absolute accuracy [23], [24].

D. Active Transfer Learning (ATL): An Integrated Approach

Active transfer learning combines the best of both worlds of transfer learning and active learning to solve multi-modal
classification problems. This hybrid paradigm allows ATL to achieve efficient learning in low-resource settings with optimal
labeling efforts, according to [25]. ATL works by transferring knowledge from a pre-trained source model to the target domain
using active learning to query the most informative samples for labeling. Figure 2.3 gives a detailed view of the ATL process,
showing how transfer learning and active learning work together in multi-modal classification tasks. As depicted in figure 2.3, the
role of pre-trained models, active selection of informative samples, and the way data from multiple modalities like image and text
are fused together to obtain better performance with fewer labelled instances. The ATL generally begins with using a pre-trained
model for the purpose of extracting transferable knowledge from the source domain. After this step, there will be active querying
to obtain the most informative samples for labeling in the target domain. Such an approach decreases dependency on large labeled
datasets and maximally makes contributions by selected samples for improvement of model performance [25].
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Figure 3 Active Transfer Learning (ATL) Process for Multi-Modal Classification

In multi-modal classification, ATL addresses critical issues in data heterogeneity and feature fusion. Several studies have
mentioned the effectiveness of ATL [13]. A highly notable application is in natural language processing and vision tasks, where
ATL has been used in aligning textual and visual modalities for captioning and question-answering systems. It has also been
proven to be potential in autonomous systems where ATL incorporates sensor data for better object detection and understanding
of the environment [23], [28].

1. ACTIVE TRANSFER LEARNING (ATL): CONCEPT AND MECHANISM

Active Transfer Learning (ATL) is a recently developed paradigm that integrates the concepts of active learning with transfer
learning to boost model performance, especially in multi-modal and multi-class classification tasks [25]. ATL solves the problem
of learning from few labeled samples by selecting strategic informative data samples and exploiting knowledge from relevant
source domains. This synergy enables models to learn better from target domains than otherwise and reduce reliance on extensive
labeled data as a result, overcoming negatives of negative transfer [28], [13]. The next set of articles is going to summarize more
recent advancements in ATL- methods, applications, as well as the convergence of various learning strategies across both domain
and modality.

In Online Transfer Learning with Multiple Source Domains for Multi-class Classification [25] addresses the problem of multi-
class classification using an online transfer learning framework based on multiple source domains. Methodologically, it shows
how transfer learning might overcome the limitation imposed on the availability of labeled data in enhancing the adaptability of
the model across the domains, which is the part of ATL in multi-modal classification.
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The proposed Online Transfer Learning Algorithm for Multi-class Classification (OTLAMC) provides a dynamic mechanism for
selecting the relevant source domains and transferring their knowledge to the target domain. The algorithm incorporates a source
domain similarity metric and adjusts weight contributions dynamically during learning. The experiments on synthetic and real-
world datasets demonstrated a significant boost in classification accuracy, at the expense of 5% to 15% gain over traditional
transfer learning methods. The paper adds to the field by developing an adaptive online learning framework, which contrasts with
static approaches found in the literature. Even though innovative, its single-modality focus limits it to immediate applicability to
ATL for multi-modal classification. Future work could explore extending this to multi-modal datasets to improve its applicability.
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TABLE | SUMMARIZATION OF METHODS AND APPLICATIONS

I?raii)lzr Strengths Limitations
Dynamic Adaptablllty:_ Real-time source Scalability Issues: High computational cost
domain selection for diverse data O X
. due to domain similarity computation.
[25] scenarios.
Enhanced Performance: Reduces negative | Limited Multi-Modality: Focuses on single-
transfer effects, outperforming static modality datasets, limiting its application to
methods. multi-modal tasks.
Dynamic Source Selection: Improves High Computational Cost: Frequent
transfer efficiency by focusing on relevant | reweighting of source domains increases
[26] data sources. overhead.
Real-Time Adaptability: Suitable for real- | Limited Modalities: Primarily focuses on
time applications. single-modal tasks.
Rapid Adaptation: Adapts quickly to new | Limited Active Learning Integration: Does not
tasks with minimal computational cost. explicitly incorporate active learning.
[27] Meta-Learning Integration: Enhances Sca_laplllt_y Challenges: May require
- optimization for large-scale or multi-modal
transferability across tasks. tasks
Task-Aware Sampling: Efficient label Scalaplllty Concerns: Challenges with
. : handling a large number of tasks or
[25] usage for multiple tasks simultaneously. imbalanced datasets
Broad Applicability: Validated on diverse | Limited Multi-Modal Focus: Multi-modal
datasets, demonstrating flexibility. efficacy is not tested.

The study proposed by [26] proposes OTLAMC that enriches online learning frameworks with transfer learning for multi-class
classification. The focus of ATL in dynamic multi-modal settings was further enhanced by the use of emphasis on online
adaptability and efficient transfer. The algorithm dynamically selects and weighs source domain data according to its relevance to
the target domain. It has been demonstrated that accuracy was improved by up to 12% as compared to static methods especially in
low-resource settings when it was experimented upon synthetic and real-world datasets. OTLAMC advances the field of online
transfer learning in that it addresses negative transfer. Its adaptability makes it a great candidate for ATL applications, even
though multi-modal extensions are required for larger influence.

The CNAPs, for multi-task classification, proposed by [27], target rapid adaptation to new tasks. This flexibility of CNAPs to
learn task-specific parameters matches well with the objectives of ATL in multi-modal learning. CNAPs apply a meta-learning
approach where a neural network adapts its parameters conditionally on the current task. Robust working on both the low-shot and
high-shot regimes, it is actually performing state-of-the-art on the Meta-Dataset benchmark. CNAPs can form a robust framework
for multi-task learning. Future work should include active learning for serving the purposes of ATL even better. [22], [29]
introduces an efficient method toward active learning tailored for multi-task learning by providing the reduction of costs about
annotation while maintaining the good performance across multiple tasks. The role of active learning in the setting involves
simultaneous classification across tasks, one of the key concepts developed within ATL for multi-modal classification. The
proposed approach uses task-aware sampling strategies that prioritize queries benefiting multiple tasks. The authors tested their
method on multi-task datasets. It includes object detection and text sentiment classification, demonstrating up to 15-20%
improvement in accuracy compared with random sampling with a 30% reduction in labeling costs. In general, this work
complements the multi-task learning literature by effectively incorporating active learning. To bring future research closer to ATL
in the multi-modal settings, its performance should be considered on datasets with diverse modalities.
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With integration with transfer learning, a bright future can be envisaged in enhancing classification accuracy in both multi-class
and multi-modal situations. The research summaries outline a wide array of inventive methods, including dynamic selection for
the domain, meta-learning approaches, and efficient sampling mechanisms. While these methods have yielded excellent
improvements in performance, the Strengths and Limitations table 3.1 highlights both the advancements and the gaps that still
remain, particularly in extending ATL frameworks to multilingual data and other domains. There is significant potential for
broader applicability of ATL research outcomes across diverse applications, but achieving this will require the incorporation of
cross-domain and multi-modal strategies to fully unlock ATL’s potential in complex classification tasks.
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V. APPLICATIONS OF ACTIVE TRANSFER LEARNING IN MULTIMODAL CLASSIFICATION

Active Transfer Learning (ATL) has significant potential in multi-modal classification, where data from different modalities—
such as images, text, and EEG signals—must be integrated for accurate decision-making [22],[29]. The application of ATL in
multi-modal classification tasks helps address challenges such as label scarcity, domain adaptation, and knowledge transfer across
heterogeneous data sources [13], [25]. This section focuses on several experiments that illustrate the usefulness of ATL in various
applications from biomedical data analysis to industrial classification, and it points out the benefits of using both active learning
and transfer learning together to improve performance as well as reduce labeling cost in multi-modal contexts. This study [30] was
proposed that combines active learning with cross-modal transfer learning to classify cellular images. The key challenge is in
biomedical data analysis, and the paper's approach of combining techniques of cross-modal is very consistent with ATL for multi-
modal classification. The authors used pre-trained CNN for feature extraction from the image of cellular and then made use of
active learning for informative sample selection for annotations. It achieved a 10% gain in classification accuracy with 30% fewer
labeled samples compared to random sampling. This work opens up the potential of cross-modal transfer learning in biomedical
applications, giving a basis for adapting similar methods to other multi-modal tasks.

TABLE Il ATL IN MULTIMODAL APPROACH

Paper Title Strengths Limitations
Cross-Modal Integration: Combines Limited Scalability: Reliance on CNNs
image and textual data for improved S "

e may limit scalability to larger datasets.

[30] cla55|f|c§t|on. _ _ _ _
Annotation Efficiency: Reduces Domain-Specific Focus: Tailored to
labeling costs while maintaining high cellular images, limiting applicability to
accuracy. other fields.

Minimized Negative Transfer: Domain-Specific Focus: Framework is
Effectively identifies and excludes tailored to EEG data, limiting

[31] irrelevant source domains. generalizability to other modalities.
High Accuracy: Demonstrates excellent | Computational Complexity: Domain
performance in multi-class selection may be computationally
classification. expensive.

Effective Sampling Strategy: Single-Modality Limitation: Limited to
Minimizes annotation costs while text classification, without multi-modal

[32] enhancing accuracy. scenario consideration.
Generalizability: Performed well across | Scalability Issues: May require
multiple datasets, demonstrating optimization for larger datasets or multi-
robustness. modal tasks.

Domain-Specific Adaptation: Captures | Limited Generalization: Focuses on
domain-specific features, improving sentiment classification; applicability to

[33] transferability. other tasks is untested.

Efficient Sampling: Active learning Scalability Challenges: Computational
reduces annotation costs while overhead may hinder large-scale
maintaining accuracy. applications.

[31] extends transfer learning to multi-class EEG classification, focusing on minimizing negative transfer effects. The work is
highly relevant to ATL in multi-modal classification, especially in neuroscience applications. The authors proposed a Multi-
Source Manifold Feature Transfer Learning (MMFT) framework to identify and transfer knowledge from relevant domains. The
enhanced MMFT achieved a classification accuracy of 98% on EEG datasets, outperforming existing methods by a significant
margin. This work sets a new benchmark for transfer learning in EEG classification and provides valuable insights toward
adapting ATL frameworks for biomedical applications.
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[32] combines active learning with transfer learning to enhance the efficiency of text classification. The use of both methods is a
core of ATL, especially for those applications that demand fewer labeled samples. Three sampling criteria were tested: random,
uncertainty-based, and active transfer selection. Experiments conducted on several text datasets demonstrated that active transfer
selection performed better than the other two methods and achieved up to 10% more accuracy using fewer labeled samples. This
work sets the stage for future efforts in multi-modal ATL frameworks and underscores the possibility of coupling active and
transfer learning.

[33] applies active learning with the incorporation of hierarchical attention networks in a multi-domain context. Applying active
learning in a way that follows the principles of ATL in handling multi-modal tasks, it adapts the model with domain-specific
features using BiLSTMs and attention to further inquire the most informative samples via active learning. Experiments on
sentiment datasets showed an up to 10% accuracy improvement over baseline methods. The paper advances the integration of
active learning and hierarchical attention for domain-specific tasks but further work will be required to generalize the method to
other multi-modal tasks.

The benefits of ATL in multi-modal classification are obvious, particularly in improving performance with minimal large labeled
datasets. By using active learning to query informative samples and transfer learning to adapt knowledge across domains, ATL
can significantly enhance classification accuracy in low-resource environments. Studies reviewed here demonstrate the potential
of ATL in overcoming common challenges such as label imbalance and domain adaptation. The Strengths and Limitations table Il
further elaborates on these benefits and the corresponding challenges, providing a comprehensive overview of ATL's performance
across various contexts. As the field advances, addressing these challenges and refining ATL techniques will be crucial for
expanding its applicability and impact in real-world scenarios.

V. ADVANTAGES OF ACTIVE TRANSFER LEARNING IN MULTI-MODAL ENVIRONMENTS

One of the benefits in multi-modal classification tasks ATL offers, particularly when a labeled data is scarce and imbalanced, is
that the strengths of active learning regarding the selection of most informative samples are harnessed and then combined with
transfer learning in leveraging the knowledge gained from some related domains in order to enhance learning within resource-
constrained settings [12], [25]. This section discusses key ATL advantages: improved classification accuracy, low labeling cost,
and better treatment of imbalanced labels for multi-modal datasets. These make ATL an incredibly powerful tool that addresses
the most persistent real-world problems in classification tasks.

[12] examines active learning in multi-label text classification to overcome the ubiquitous problem of label imbalance. Active
learning is a constituent part of ATL, and the paper evaluates its effectiveness when combined with text classification, giving
guidelines on multi-modal scenarios with text data. The authors ran five active learning strategies over six datasets, namely
random sampling, uncertainty sampling, and query-by-committee. The authors ran five active learning strategies over six datasets
that include random sampling, uncertainty sampling, and query-by-committee. Their experiments show that uncertainty sampling
outperforms the other methods by up to 8% in terms of F1 scores on imbalanced datasets with a limited labeling budget. This
work enhances the work in active learning based on multiple label classification and focuses on balance label; its failure, however,
on not bringing in transfer learning does not make it as a straightforward contribution to the ATL itself. Future study will engage
in the task of loading pre-trained models for generalized use. By [34], ATL is considered for classification in industrial power
quality, considering the problem faced with not much labeled samples. The practicality of using ATL is established by its
application in real-world environments. The active learning algorithm was used as integrated with a transfer learning model,
limiting the queries dynamically to avoid costs associated with annotations. Results showed that the methodology achieved
competitive accuracy with 50% fewer labeled examples when compared to traditional supervised methods. Hence, this work
demonstrates not only the applicability and practical utility of ATL but also sets precedents for other industrial applications.
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TABLE 111 KEY STUDIES ON ADVANTAGES OF ACTIVE TRANSFER LEARNING IN MULTIMODAL ENVIRONMENT

Paper s
Title Strengths Limitations
FOCU? on Label Impglance: Proposes Narrow Scope: Findings are specific to text data,
solutions for the critical challenge of label | |. . . A -
- - - limiting applicability to other modalities.
[12] imbalance in multi-label tasks.
Comprehensive Evaluation: Evaluates the | Lack of Transfer Learning Integration: Does not
method on diverse datasets, ensuring leverage pre-trained models, missing
generalizability. opportunities for enhanced performance.
Practical Focus: Addresses a real-world Narrow Domain: Specific to power quality
problem, showcasing the applicability of | classification, limiting generalizability to other
[34] ATL. fields.
Etficient Annotation: Significantly Scalability Concerns: May face challenges when
reduces labeling costs while maintaining ; y - May g
i applied to larger, more diverse datasets.
high accuracy.
Domain Awareness: Effectively captures Limited Modalities: Focuses on text data,
domain-specific nuances. lacking insights for multi-modal tasks.
[35] 'mpfo_"ed Accuracy: Der_nonstrates Scalability Issues: May require optimization for
significant performance improvements
. larger-scale datasets.
across diverse text datasets.
Balanced Sampling: Addresses a critical Limited Dataset Diversity: Testing on additional
challenge in multi-modal learning. modalities would strengthen the claims.
Multi-Modal Focus: Demonstrates Compl_Jt_atlonaI Overhead.. Balancing across
. . modalities adds complexity to the training
efficacy across image-text datasets. orocess

[35] explores the multi-domain transfer learning that focuses on the domain adaptation challenge. The findings in this work are
crucial to ATL specifically in text-based multi-modal classification. They introduced the domain-aware embedding layer into
capturing domain-specific features where they were able to push up to a 15% accuracy improvement than traditional methods of
transfer learning on benchmark datasets. The paper provides valuable information that opens the door for extending this approach
to multi-modal settings. [3] makes a contribution to the challenges in label imbalance across multiple modalities with a novel
balanced active learning approach. It is a direct advance towards the application of ATL over multiple modes. The balanced
sampling ensures that the underrepresented modalities in active learning are sampled on an equal footing. Testing on image-text
datasets showed a 20% gain in classification accuracy and 15% reduction in effects of label imbalance compared to standard
methods. This paper advances active learning for multi-modal tasks providing a framework that can be extended to other multi-
modal datasets and applications.

the studies discussed emphasize the considerable advantages of Active Transfer Learning (ATL) in multi-modal environments,
particularly in addressing label imbalance, limited labeled data, and high annotation costs. As shown in table 111, ATL not only
enhances classification accuracy but also significantly reduces labeling costs. While each study demonstrates ATL's potential—
such as in text and industrial applications—limitations remain, such as domain specificity and scalability issues. These findings
highlight ATL’s promise for tackling real-world classification challenges and suggest areas for future research, especially in
integrating transfer learning more effectively and extending its use across diverse modalities and datasets.

VI. CHALLENGES AND LIMITATIONS OF ACTIVE TRANSFER LEARNING

While ATL shows very promising advantages for multi-modal classification, it suffers from some challenges and limitations,
which include issues on the transferability of the datasets, scalability, and a chance of negative transfer of learning in the case that
the knowledge of the source domain has been irrelevant. Complex data in multi-modal cases pose difficulty in model design as
well as optimization. We discuss the main difficulties and limitations identified by recent studies in the following section and
potential ways to overcome these in future ATL research.

In [13] authors presents Hierarchical Query-By-Committee (H-QBC), an active learning algorithm for hierarchical multi-label
classification tasks. Combining active learning with hierarchical classification, it thus closely follows the ATL principles and
applications. The authors built H-QBC to query labels selectively in hierarchical structures, thus reducing the cost of annotations
while increasing classification accuracy.
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The results on biology and text classification datasets indicated that H-QBC outperformed the baseline methods by as much as
12% in precision. H-QBC extends the state-of-the-art of the integration of hierarchical structures into active learning and can be
applied in ATL frameworks. However, it suffers from a limited scalability, requiring further optimization to accommodate larger
datasets.

[36] proposed approach on dataset Transferability in Active Learning for Transformers. This paper investigates the relationship
between dataset transferability and active learning in transformer-based models, with a focus on low-resource classification tasks.
The results shed light on how transfer learning in transformers can be optimized using active learning, as applied to current ATL.
In the study, it compares various active learning strategies applied on top of pre-trained transformer models with benchmark
datasets combining uncertainty sampling. The results show that the active learning improves accuracy between 12-18% on target
datasets with only a few labeled examples. The paper bridges active learning and dataset transferability for transformers, which
opens the gates for multi-modal extensions in ATL. Future work should investigate its implications for diverse modalities.

Based on the hierarchical transfer learning for multi-label text classification focused by [37] through label efficiency, its hierarchal
approach is best close to ATL principles, especially structured learning for multi-modal tasks. The framework applies a hierarchal
encoder-decoder structure to transfer knowledge from a source task to a target task. Testing on benchmark datasets showed a 10-
15% improvement in precision and recall compared to flat classification methods. This paper contributes to structured transfer
learning, making valuable insights for extending hierarchical approaches to multi-modal ATL tasks. [38] made a comprehensive
review of multi-domain active learning (MDAL), focusing on the different trade-offs and benefits provided by various
approaches. It is foundational for ATL in multi-modal classification, specifically cross-domain learning. Benchmark datasets were
used to compare five MDAL models against four selection strategies. It was noted that combining MDAL with uncertainty
sampling leads to the best performance; it reduces labeling costs up to 20%. The paper would provide a good baseline, but future
studies should pay more attention to multi-modal data and its challenges.

TABLE IV STRENGTH AND LIMITATIONS OF DISCUSSED TECHNIQUES

Paper Strengths Limitations

[13] Innovative Algorithm: H-QBC enhances | Limited Scalability: Computational complexity
active learning efficiency using | may restrict use in large-scale datasets.
hierarchical structures.

Wide Applicability: Suitable for domains | Focused Context: Limited adaptability to flat
with inherent hierarchical relationships, | classification or other modalities.

such as biology and ontology

classification.

[36] Focus on Transformers: Addresses a key | Limited  Multi-Modal ~ Focus:  Primarily
gap in integrating transformers with active | addresses text datasets, not tested for multi-
learning. modal scenarios.

Practical Insights: Provides clear guidance | High Computational Requirements:
on leveraging dataset similarity for | Transformers are resource-intensive, posing
improved transferability. challenges for real-time ATL applications.

[37] Structured Learning: The hierarchical | Focus on Text Data: Applicability to other
framework effectively models label | modalities is untested.
dependencies.

Improved Label Efficiency: Reduces | Complexity of Implementation: Hierarchical
annotation needs while maintaining high | structure adds computational overhead.
performance.

[38] Comprehensive  Coverage: Offers a | Limited Novelty: Focuses on comparing
holistic view by comparing a wide range | existing methods, without proposing new
of models and strategies. approaches.

Practical Insights: Provides actionable | Multi-Modality Overlooked: Does not explicitly
recommendations  for  Multi-Domain | address multi-modal classification.

Active Learning (MDAL)

implementations.
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Of course, despite the promise from using ATL for multi-modal classification, there are still more complexities to be overcome.
Areas where dataset transferability, scalable models, and negative-transfer risks need to be balanced together in order to unlock
better ATL performance in complex multiple-modal environments. These challenges are highlighted in the Strengths and
Limitations table 1V, which outlines the key factors affecting ATL performance in complex multi-modal environments. The table
IV further clarifies why certain limitations persist and underscores the need for more sophisticated strategies tailored to handle
diverse data types and scale efficiently. The selected studies provide insight into why such limitations exist, mainly pointing out
the need to develop more sophisticated strategies designed specifically to handle diverse data kinds and scale efficiently. Future
work will need to evolve in order to address these challenges so that ATL may be more robust and applicable to wide-ranging
multi-modal classification tasks.

VIL. DISCUSSION: ADVANCEMENTS, OPPORTUNITIES AND FUTURE DIRECTIONS FOR ACTIVE
TRANSFER LEARNING

The review highlights the growing potential of Active Transfer Learning (ATL) in multi-modal classification, a domain where
data from multiple sources or modalities—such as images, text, and sensor data—must be integrated for accurate predictions. The
papers reviewed provide a comprehensive overview of ATL's recent advancements, applications, and its advantages in addressing
challenges like label scarcity, domain adaptation, and knowledge transfer. However, the discussion also brings to light critical
limitations and challenges that hinder its broader applicability. In this section, we synthesize the findings from the previous
sections, draw comparisons between different methods, and discuss trade-offs and future directions for ATL research.

A. Summary of Key Findings:

The integration of active learning into transfer learning in ATL affords the opportunity to consume labeled data more effectively
toward improving the model performance. This is particularly significant within low-resource settings. One example of this can be
seen in the study of [25], who demonstrated the tremendous outperformance of their OTLAMC algorithm in comparison with
traditional methods of transfer learning in multi-class classification settings by dynamically selecting the applicable source
domains. [27] and [35] introduced meta-learning techniques and task-aware sampling strategies, which further enhance ATL's
adaptability in multi-task learning settings, a feature very beneficial for handling heterogeneous data sources. The proposed
methods all resulted in performance improvements of up to 15-20% compared with static or traditional approaches. Application in
multiple domains such as biomedical data analysis, text classification, and EEG classification demonstrates ATL's applicability to
real problems. [30] applied active learning in combination with cross-modal transfer learning to improve cell image classification.
The paper attained up to 10% increases in accuracy using 30% fewer labeled samples and was published in 2021. Similarly, [31]
used ATL on EEG data that improved the classification accuracy to 98% which shows the efficiency of ATL in processing
complex multi-modal datasets. The comparison of above discussed ATL Methods and its Applications are shown in table 7.1

B. Benefits and Limitations:

This shows ATL's prominent advantages, such as it being a competitive technique to improve machine learning performance on
multi-modal classification tasks by transferring knowledge from the source domain. It enables strong enhancement of
classification accuracy without a large number of labeled data. One of the main advantages is labeling cost reduction, as ATL
selects informative data points in an active manner to reduce the need for manual annotation. ATL is also very adept at handling
some of the common challenges like label imbalance and domain adaptation. [12]showed that simply combining active learning
with transfer learning in text classification results in F1 scores being raised up to 8% on imbalanced datasets. And ATL can also
support settings of low resources through integrated pre-trained models for domain adaptation so that effective learning happens
even with limited labeled data.

However, ATL does have limitations. A big limitation is the problem of negative transfer, where knowledge learned from source
domains negatively influences the target domain due to differences between them. Techniques to deal with this problem have been
proposed, such as those developed by [25] and [31], and negative transfer remains a problem in some contexts. Another challenge
for the ATL frameworks like H-QBC, proposed by [13], is that of scalability. Handling big data or complex multi-modal tasks is
cumbersome with large datasets. These issues of scalability need to be addressed using parallel processing or even distributed
learning. Finally, in the design of models which can handle the heterogeneous data types and their respective modalities
simultaneously stands out as another challenge. Although promising approaches like hierarchical classification [37] do not
necessarily extend well to unstructured data sources or in multi-modal settings and, therefore, cannot be quite so widely applied.
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C. Comparison of ATL Methods and Applications

TABLE V COMPARISON OF ABOVE DISCUSSED ATL METHODS AND ITS APPLICATIONS

Method Domain/Task Performance Key Contribution Limitations
Improvement
[25] Multi-class 5-15% improvement in | Dynamic selection of Limited to single-
classification accuracy relevant source domains | modality data
[27] Multi-task learning | State-of-the-art Meta-learning with task- | Requires more
performance on Meta- | specific parameter investigation for
Dataset adaptation multi-modal
settings
[30] Biomedical (cellular | 10% accuracy gain, Active learning + cross- | Focused on
image) 30% fewer labels modal transfer learning cellular images,
needs
generalization
[31] EEG classification | 98% accuracy, Multi-Source Manifold Focused on EEG,
outperforms existing Feature Transfer needs extension to
methods Learning other modalities
[12] Multi-label text Up to 8% improvement | Uncertainty sampling for | Lack of
classification in F1 scores imbalanced datasets integration with
transfer learning
[3] Multi-modal Up to 8% improvement | Balanced sampling to Needs further
(image-text) in F1 scores mitigate label imbalance | validation across
modalities
[34] Industrial power Up to 8% improvement | Active learning + Limited to
quality in F1 scores transfer learning for cost | industrial
reduction applications

AITRC

D. Trade-offs and Future Directions

Although ATL has proven remarkable success in many applications, there are several trade-offs. While an ATL framework that
performs well on one domain, such as biomedical or EEG classification, can suffer when transferred to a different domain with
different characteristics of data, cross-domain generalization remains challenging and needs more robust cross-domain strategies.
Most effective ATL algorithms have scalability issues. Techniques such as parallel processing and distributed learning could be
helpful, but the additional complexity may demand careful tuning to preserve performance in realistic settings. The ATL methods
are most helpful when the labeled data are scarce. However, whether these methods scale well for very large datasets with many
labels remains to be further explored. In these cases, simpler models can work equally well, bringing into question whether ATL
is the right choice for high-resource settings. Because ATL relies on knowledge transfer from source domains, there is always a
challenge in terms of negative transfer whenever there are mismatches between source and target domains. This is particularly
critical in multi-modal settings, where diversity in data types might further exacerbate this problem. Improved domain similarity
metrics and strategies to avoid negative transfer will be the directions of future work.

VIII.  CONCLUSION

This review thoroughly discusses the paradigm of Active Transfer Learning (ATL) and its applications in multi-modal
classification, synthesizing insights from existing methodologies and research advancements. It brings transfer learning's
efficiency together with active learning's cost-effectiveness and serves as a robust framework to overcome the problems of low-
resource and heterogeneous data environments.

This is highly indicative that ATL reduces large dependencies on large labeled datasets significantly, enhances model adaptability
and accuracy, and therefore efficiently learns when the combination of knowledge transfer and selective sample labeling takes
place, particularly in dynamic and resource-constrained scenarios. Across different domains, including biomedical image analysis,
EEG signal classification, text processing, and industrial applications, ATL has presented some promising results. These studies
highlight the capability of ATL in addressing the challenges unique to multi-modal data feature heterogeneity, temporal
alignment, and label imbalance.
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Innovative methodologies like dynamic source domain selection (OTLAMC), task-aware active learning strategies, and
hierarchical frameworks have also been developed to demonstrate the potential of ATL in enhancing performance for complex
tasks. Active learning strategies such as uncertainty sampling and query-by-committee have been proven to improve efficiency in
labeling efforts, thus further validating the practical utility of ATL. ATL has challenges, however. They include control of
negative transfer, optimization of cross-modal alignment, and control of incomplete modality data. The scalability of ATL is also
challenged with large and diverse datasets.

FUTURE WORK

o Develop Novel Fusion Techniques: Ensure that the fusion of different modalities is properly aligned and combined to
enhance ATL for Attention-based Temporal Learning.

e  Address Temporal and Spatial Misalignment: Resolve issues related to misalignment of temporal and spatial data, as well as
handling missing modalities, to enhance ATL’s robustness.

e Scale to Large Datasets and High-Dimensional Features: Apply ATL algorithms to large datasets along with high-
dimensional features that can be managed in efficient ways.

o Leverage Distributed and Parallel Processing: Use distributed and parallel processing techniques to break computational
bottlenecks and enhance scalability.

e Integrate Explainable Al (XAl): Incorporate XAl techniques to provide transparency and insights into decision-making,
increasing trust in applications like healthcare and autonomous systems.

e Improve Domain Generalization: Enhance ATL’s capability to generalize across domains, enabling better performance on
cross-domain and unseen data scenarios.

o Explore Multi-task Learning and Hierarchical Classification: Investigate the capability of multi-task learning and hierarchical
classification to deal with structured data and interdependent labels in ATL applications.

o Solidify ATL’s Role in Machine Learning: Focus on these advances toward making ATL a paradigm for changing the status
quo of the gap between data-scarce and high-performance systems in different domains.
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