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Some problems and thoughts on concept-cognitive learning
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Abstract: Concept-cognitive learning is to learn concepts from a given clue via a certain cognitive model for
the purpose of simulating the human brain’s action of learning concepts. Its basic research topics include the
cognitive mechanism of concept-cognitive learning construction and optimization of concept-cognitive system
systematic modeling of concept-cognitive process and so on. This paper summarizes the problems in the study
of axiomatization of concept cognition concept-cognitive system concept-cognitive process multi-dimension—
ality of cognitive subject recognition limitations of cognitive subject memory forgetting of cognitive subject
associativity of cognitive subject relativity of cognitive subject multi-subject cognition and interdisciplinary
research in concept-cognitive learning. In addition some preliminary thoughts on these problems are also giv—
en. It can further promote the development of this research field.
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