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New trends in computational modeling studies of higher-level cognitive processes
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Computational modeling of cognition is directed at answering the question of how human information
processing comes about: it is an examination of the psychological mechanisms, processes, and knowledge
structures that lie beyond the limits of human thinking. Major contemporary frameworks for cognitive
modeling include the symbolic models, the connectionist models, the symbolic connectionist models
(hybrid models), and the Bayesian approaches. In this article, we report on the recent progress in these
various computational models that simulate empirical data of higher-level cognition. We also review the
advantages and disadvantages of these models, and argue in favor of the possibility of simulating the dual
process theory of cognition by combining different frameworks. It seems likely that the existing
frameworks will converge and overlap as we investigate the nature of cognition.
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