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Abstract Collective intelligence (CI) shows promising application prospects. Current research methodologies of in-
telligent decision making for CI systems can be categorized as knowledge-based and data-driven methods, both
showing inherent advantages and disadvantages. Therefore, we claim that integrating knowledge-based and data-
driven paradigms offers a new and prospective research direction. In this paper, possible methods of this integration
are systematically introduced, and all of these methods are classified into a framework level and an algorithm level.
Specifically, the methods integrated in the algorithm level are further categorized as hierarchical and component-
ized methods. In the hierarchical taxonomy, neural network tree, genetic fuzzy tree, and hierarchical reinforcement
learning are included. In the componentized taxonomy, knowledge enhanced data-driven, data optimized knowledge-
driven, and complementary knowledge and data driven methods are introduced. Finally, several future research pri-
orities on the knowledge-based and data-driven integrating paradigms are proposed for the considerations of theoret-
ical development and application requirement.
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Fig.1 Advantages and disadvantages of knowledge-

based and data-driven methodologies
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Fig.2  Overall framework of knowledge-based and data-driven methods integration
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PRk, 73 24k 2% 2] (Hierarchical reinforcement
learning, HRL) KH 5K#& 773 2. 431096 2 1 AR N
il R ST AR RS 1) R R AL 1A AT B, AR R
X R EFR R IEFE (Markov decision process,
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Fig.4 Comparison between MDP and SMDP
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Knowledge enhanced data-driven methods
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Fig.7 Control diagrams of complementary knowledge-
driven and neural network methods
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