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Abstract: The symbolic approach has dominated the field of commonsense reasoning for a long time, while
the connectionist approach has been criticized for lacking complex reasoning capabilities. However, with the rise
of large language models represented by ChatGPT, the performance of the connectionist approach in common
sense reasoning has surpassed that of the symbolic approach, demonstrating complex reasoning abilities. This
paper compares and analyzes the symbolic and connectionist approaches from the perspective of commonsense
reasoning. We first introduce the basic ideas of the two approaches in addressing commonsense reasoning
problems and analyze the challenges they face. Then, we explain the difficulties encountered by the symbolic
approach through a case study and compares it with the connectionist approach. Finally, it comprehensively
compares the two approaches in terms of commonsense reasoning performance, knowledge representation,
knowledge acquisition methods, reasoning methods, interpretability, and creativity, and explores the possibility of
integrating the two approaches.
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