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[Abstract]

Concept bottleneck models (CBM), a core methodology of eXplainable Artificial Intelligence (XAI), provide high
interpretability through intermediate concepts; however, because the final classifier is a black-box multilayer perceptron (MLP), it
has a fundamental limitation in that the chain of explanation is severed. To address this problem, we propose a CBM-KAN
architecture that employs an intrinsically interpretable Kolmogorov-Arold network (KAN). The proposed model achieved a Top-1
accuracy of 80.53%, exhibiting a performance equivalent to that of the existing model (79.75%). Furthermore, by directly
visualizing KAN’s activation functions, we were able to identify an explicit functional relationship between concept confidence
values and the final classification, which has been impossible with conventional post-hoc explanation methods. These results
demonstrate that the proposed model is an effective approach for securing interpretability at the final classification stage without
performance degradation.
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Fig. 1. The basic architecture of a Concept Bottleneck Model
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Table 1. Model performance comparison

Model Top-1 Acc(%) | Top—5 Acc(%) | Concept Acc(%)
CBM-MLP 79.75 95.63 91.06
CBM-KAN 80.53 96.01 90.78
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