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Abstract: In recent years, explainable artificial intelligence(XAD has developed rapidly and is becoming a
research hotspot in the field of artificial intelligence. Many artificial intelligence explanation methods have
emerged. How to quantitatively evaluate the interpretability of XAl and the effect of explanation methods
are of great significance to the study of XAL The evaluation of XAl's interpretability involves subjective
and objective factors, which is a complex and challenging task. This paper reviews the interpretability e-
valuation methods of XAl Firstly, the concepts and classifications of XAI’s interpretability and its evalua-
tion are introduced. Secondly, we summarize and sort out some characteristics of XAI’s interpretability.
On this basis, current studies on interpretability evaluation are reviewed and analyzed from both aspects of
interpretability evaluation method and interpretable assessment framework. Finally, shortcomings of cur-

rent studies on XAI's interpretability evaluation are summarized, and the future development directions
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are prospected.
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