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Abstract In recent years, many studies have employed autoencoders for continual learning,
aiming to balance the stability and adaptability of models when faced with new data distributions,
categories, or tasks. These studies have propelled the development of continual learning from
various perspectives. At the same time, the paradigm of continual learning has facilitated
improvements in autoencoder architectures through optimization strategies, thereby achieving
mutual enhancement between autoencoders and continual learning. The integration of

autoencoders and continual learning has shown a significant impact across various research. This
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paper reviews the relevant research over the past five years, summarizing the types and

characteristics of autoencoders, the incremental scenarios, and the main challenges of continual

learning. Additionally, it offers a detailed overview of their applications in different industries.

Finally, this review summarizes the advantages, limitations, and prospects, aiming to provide

valuable insights for advancing research on developing continual learning and autoencoders.
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Background

This review refers to deep learning and continual learning
in the field of artificial intelligence. Specifically, it focuses on
the integration of autoencoders with continual learning, aiming
to explore the applications, challenges, and prospects of this
combination.

Currently, research on deep learning and continual
learning has been gradually deepening internationally. Deep
learning technologies have made significant strides in fields
such as image recognition, speech recognition, and natural
language processing, and are widely applied in practical
scenarios. Continual learning, as a learning paradigm, has also
attracted increasing attention in the field of deep learning.
Although there has been considerable progress in both areas,
research on the specific problem of integrating autoencoders
with continual learning may still be in the exploratory and
developmental stages. International research has proposed
some methods and frameworks, but there are still challenges
and unresolved issues in addressing practical problems and
promoting technological applications. Therefore, there is
considerable room for development and potential in research on
this specific problem.

This paper reviews the relevant research over the past five
characteristics  of

years, summarizing the types and

in dynamic attributed networks. Neurocomputing, 2019, 358:
1-9

[98] Yang X, YuH, Gao X, et al. Federated Continual Learning via
Knowledge Fusion: A Survey. IEEE Transactions on
Knowledge and Data Engineering, 2024, 36(8): 3832-3850

PAN Chao-Fan, Ph. D. candidate. His main research
interests include continual learning and reinforcement learning.

LI Tian-Rui, Ph. D., professor, Ph. D. supervisor. His
main research interests include data mining and knowledge
discovery, artificial intelligence, granularity computing, and

rough set.

KOU Gang, Ph. D., professor, Changjiang Distinguished
Professor, Ph. D. supervisor. His main research interests
include big data and decision—-making, business intelligence.,

information systems, credit score, and emergency management.

autoencoders, the main challenges of continual learning, and
the incremental scenarios. Additionally, it offers a detailed
overview of their applications in different industries. Finally,
this review summarizes the advantages, limitations, and
prospects, aiming to provide valuable insights for advancing
research on developing continual learning and autoencoders.
Our group has been dedicated to research on continual
learning, and we have published related studies in renowned
conferences and journals such as AAATI (Cross-regional Fraud
Detection via Continual ILearning, ILearning to Prompt
Knowledge Transfer for Open-World Continual Learning) ,
WWW  (CL-WSTC:
Supervised Text Classification on the Internet) . ACM

Continual Learning for Weakly
(Debunking free fusion myth: Online multi-view anomaly
detection with disentangled product-of-experts modeling) and
IEEE Transactions on Knowledge \&. Data Engineering (Federated
Continual Learning via Knowledge Fusion: A Survey).
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