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Layer-Wise Relevance Propagation for ResNet:
Visual Explanations Generation with Conservation Property
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In the modern era, where deep learning is applied across a wide range of fields, the explainability of deep learning
models is crucial, and the generation of explanations with high transparency is desirable. Layer-wise Relevance
Propagation (LRP) is mentioned as a method for generating explanations by backpropagating relevance scores,
offering high transparency. However, this method has been applied only to models without skip connections, as its
application to models with skip connections does not satisfy the conservation property, resulting in poor quality
explanations. Therefore, this paper proposes a method for calculating the backpropagation of relevance scores that
satisfies the conservation property in models with skip connections. The proposed method outperformed existing

methods in terms of Insertion-Deletion Score while satisfying the conservation property.
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