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Abstract Evolutionary multitask optimization is an emerging research topic in the evolutionary
computation community. By sharing knowledge across related tasks, evolutionary multitask opti-
mization algorithms can efficiently and simultaneously solve multiple optimization tasks and have
encouraging performance in solving complex multitask optimization problems in real-world appli-
cations. To promote the development and application of evolutionary multitask optimization, this
paper describes the research frontiers of evolutionary multitask optimization around the knowl-
edge that can be shared across tasks from three main directions: knowledge selection, knowledge
transfer, and knowledge utilization. In the aspect of knowledge selection, this paper reviews the
related studies on similarity-based and performance-feedback-based knowledge selection strategies
and analyzes their abilities to select knowledge from source tasks. In the aspect of knowledge
transfer, this paper reviews the related studies on population-level, individual-level, and dimen-
sion-level knowledge transfer strategies, and analyzes their advantages. Finally, in the aspect of
knowledge utilization, this paper reviews the research related to knowledge utilization based on

crossover and mutation, information fusion, and behavioral imitation, and analyzes their effects
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in assisting the optimization of the target task. By categorizing the existing studies, this paper

summarizes the research lineage of evolutionary multitasking optimization and provides valuable

ideas for future research, intending to promote the continuous development of this field.
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Background

Evolutionary multitask optimization is an emerging research
topic in the evolutionary computation community. Traditionally ,
evolutionary computation algorithms have been designed to solve
single, independent optimization problems. However, in many
practical applications, optimization problems are often interrelat-
ed or share common characteristics. This interconnectedness can
be leveraged to enhance the optimization process across multiple
tasks. Addressing this, the main objective of evolutionary multi-
task optimization is to solve multiple optimization tasks simulta-
neously and effectively by utilizing knowledge gained from the
optimization process for one task to aid in solving other related
ones. By sharing knowledge across tasks, evolutionary multitask
optimization algorithms are generally more effective and efficient
compared to traditional single-task optimization methods. At
present, evolutionary multitask optimization has demonstrated
significant success across various application domains. Since its
introduction, the studies of evolutionary multitask optimization
have developed rapidly. However, current reviews of evolution-
ary multitask optimization often focus on specific applications or

general descriptions of evolutionary multitask optimization algo-
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rithms without delving deeply into the underlying mechanisms
and processes that affect algorithms’ performance. To fulfill this
urgent need, this paper presents a comprehensive and systematic
review of evolutionary multitask optimization research from three
important aspects of algorithm design: knowledge selection,
knowledge transfer, and knowledge utilization. (1) In the aspect
of knowledge selection, this paper surveys the studies on similar-
ity-based and performance-feedback-based knowledge selection
strategies, assessing their efficacy in extracting knowledge from
source tasks. (2) In the aspect of knowledge transfer, this paper
introduces the studies on population-level, individual-level, and
dimension-level knowledge transfer strategies, highlighting their
respective strengths. (3) In the aspect of knowledge utilization,
this paper introduces the research for knowledge utilization based
on crossover and mutation, information fusion, and behavioral
imitation, analyzing their impact on enhancing target task opti-
mization. By categorizing the existing studies, this paper sum-
marizes the research lineage of evolutionary multitasking optimi-
zation and proposes insights for future exploration, intending to

promote the continuous development of the field.



