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Abstract Deep learning has succeeded in many areas of artificial intelligence, and the key reason for this is to learn a
wealth of knowledge from massive data through complex deep networks. However, the high degree of complexity in deep
learning models often makes it difficult for people to understand the decision-making results, which makes deep learning
models unexplainable and limits their practical deployment. Therefore, there is an urgent need to improve the interpretabil-
ity of deep learning models and make the models transparent to promote the development of artificial intelligence. This
paper aims to systematically study the research progress in the interpretability of deep learning models. And we make a
new division of these interpretable methods from the perspective of interpretability principles. According to the practical
application of interpretability, we analyze and summarize the problems existing in the current interpretable research and
the future development trend of explainable artificial intelligence. It provides new ideas to comprehensively understand the
current progress and the further direction of interpretability.
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Figure 1 Explainable Artificial Intelligence
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