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Abstract In recent years, convolutional neural network (CNN)), as a typical deep neural network model, has achieved
remarkable results in computer vision fields such as image recognition, target detection and semantic segmentation.
However, the end-to-end learning mode of CNNs makes the logical relationships of their hidden layers and the results
of model decisions difficult to be interpreted, which limits their promotion and application. Therefore, the research of
interpretable CNNs is of important significance and application value. In order to make the classifier of CNNs
interpretable, many researches have emerged in recent years to introduce basis concepts into CNN architectures as
plug-in components. The post-hoc concept activation vector methods take the basis concept as their representation and
are used to analyze the pre-trained models. However, they rely on additional classifiers independent of the original
models and the interpretation results may not match the original model logic. Furthermore, some existing concept-
based ad-hoc interpretable methods are too absolute in handling concepts in the latent classification space of CNNs. In
this work, a within-class concepts graphs encoder (CGE) is designed by introducing a graph convolutional network
module to learn the basis concepts within a class and their latent interactions. The adaptive disentangled interpretable
CNN classifier (ADIC) with adaptive disentangled latent space is proposed based on CGE by designing regularization
terms that implement different degrees disentanglement of the basis concepts with different dependencies. By
embedding ADIC into ResNet18 and ResNet50 architectures, classification experiments and interpretable image
recognition experiments on Mini-ImageNet and Places 365 datasets have shown that ADIC can further improve the
accuracy of the baseline model while ensuring that the baseline model has self-interpretability.
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Table 1 Comparison Results on Mini-ImageNet Dataset

Table 3 Results of the ADIC Located in Different Depth

% 1 7 Mini-ImageNet ##55& _FHIXTLL &R % Layers of ResNet18
oy —— Top-s R #3 ADIC {F ResNet18 FERERMNER %o
VGG16 70.436 89.513 LEfE SR Top-1 IR Top-5 IEHIR
ADIC-VGG16 73.273 91.158 2 71.034 90.179
ResNet18 71.538 90.462 4 72.487 90.709
ADIC-ResNet18 74.470 92.043 6 73.578 91.288
ResNet50 73.017 90.718 8 74.470 92.043
ADIC-ResNet50 76.197 92.111

Table 4 Results of the ADIC Located in Different Depth

Table 2 Comparison Results on Places365 Dataset Layers of ResNet50
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Fig. 4 Interpretable image recognition of the Japanese spaniel class test image
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Interpretable image recognition of the Tabby class and the Snow_leopard class test images
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