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Abstract Federated learning, a machine learning method built on distributed training, effectively
navigates the problem of data privacy leakage among users that joint modeling introduces. This
effectiveness has led to the widespread use of federated learning-based methods in many fields.
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Yet, in practical applications of federated learning, the combined existence of statistical
heterogeneity and long-tailed distribution presents a considerable hurdle, dramatically affecting
the model’ s performance. Consequently, a principal objective of contemporary research is the
mastery of the long-tailed challenge in a manner that maintains data privacy. Most of the existing
researches on long-tailed learning and statistical heterogeneity are not viable in a federated
learning setting. Furthermore, there is a paucity of detailed and comprehensive overviews of the
cutting-edge methods in this area. This paper presents a comprehensive review of the research
accomplishments in federated long-tailed learning. To begin with, the architecture of federated
learning is briefly explained, followed by an introduction to core concepts and definitions
concerning statistical heterogeneity, long-tailed learning, and federated long-tailed learning. The
main challenges of federated long-tailed learning are mentioned as well, including differences in
data distribution, imbalance in categories, and inconsistent updates between clients during
training. Basing on different optimization methods, the algorithms for federated long-tailed
learning are classified into two major categories: Model Component Improvement and Algorithm-
based Optimization. Model Component Improvement methods include virtual feature re-training,
classifier calibration, and personalized federal learning. Algorithm-based Optimization methods
include cost-sensitive learning, knowledge distillation, client selection, and balance
enhancement. Each algorithm's implementation details, as well as its advantages and
disadvantages, are thoroughly analyzed. Meanwhile, striving to provide useful insights for diverse
tasks, this review compiles some representative open-source datasets, long-tailed division
strategies, evaluation metrics, and comparative experiments. The evaluation metrics are
classified into two major categories: performance evaluation metrics, which include Accuracy,
Precision, Recall Rate, F1-Score, and computation or communication overhead, as well as long-
tailed evaluation metrics, which include Multiclass Imbalance Degree, and Weighted Cosine
Similarity. Additionally, potential application scenarios are considered, including: (1) the design
of federated intelligence models for the detection of diseases in the medical field; (2) the application
of federated long-tailed learning to intelligent marketing, as well as risk control in the financial
field; (3) the development of intelligent recommender systems based on federated long-tailed
learning in the web industry; (4) the use of federated long-tailed learning to enhance the vehicles’
ability to handle complex situations in the field of intelligent driving. In the end, we provide
insights into the future of federated long-tailed learning and directions for further research:
(1) analyze the issue of security and privacy in the training process of federated long-tailed
learning; (2) establish more general mechanisms to cope with the demands of multimodal data
tasks and complex scenarios; (3) explore the combination of long-tailed learning with personalized
federated methods based on knowledge distillation and model segmentation; (4) design efficient
light-weighting schemes to reduce the communication and computation overhead of federated long-
tailed algorithms; (5) combining federated learning with multi-task learning, and designing
federated multi-task learning methods that can balance inter-task relationships and data privacy
requirements. Through this work, we strive to present comprehensive solutions for these types of
issues, and to promote the application and growth of federated long-tailed learning technologies in

various fields.
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Background

The problem examined in this paper falls within
the domain of machine learning, specifically under
the umbrella of federated learning and long-tail
distribution.  Federated learning, a decentralized
approach to machine learning, and long-tail learning,
the study of imbalanced data distribution, are two
vital topics in the current international research
landscape.

The issue of long-tail learning in a federated
setting 1s an emerging problem, with partial solutions
currently available. The primary challenge lies in
dealing with the skewed distribution of data in a
decentralized manner. While conventional approaches
such as data classifier calibration and cost-sensitive
learning have been adapted for this purpose, they
often do not perform optimally in a federated setting
due to privacy concerns and the non-IID nature of the
data.

This paper presents an in-depth review of
the current state of federated long-tail learning,
aiming to provide a comprehensive understanding

of the current solutions and their limitations.

QIN Yu-Chen, Ph. D. His main research
interests include big data mining and federated

learning.

Furthermore, we propose novel perspectives and
potential pathways to tackle this problem more
effectively, thus pushing the boundaries of the
current understanding and solutions.

This work was supported by the National
Natural Science Foundation of China under Grant
No. 62072069. The project’s significance lies in its
potential  to  revolutionize  machine learning
applications in various fields, from healthcare to
finance, where data privacy is paramount and global
data distribution is often imbalanced.

Our research group has a robust background in
federated learning and long-tail learning. We have
previously published several works in these areas,
including  “Exploring  Amplified Heterogeneity

Arising  from  Heavy-Tailed  Distributions in
Federated Learning” , ” Rethinking Personalized
Client Collaboration in Federated lLearning” etc.
These prior works have significantly contributed to
the understanding of the challenges and potential
solutions in these areas, laying a solid foundation for

the current study.



