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Abstract  Convolutional neural networks have achieved excellent performance in several areas,
but their interpretability still faces significant challenges due to their opaque internal state. One
reason for this is that convolutional neural networks take pixel-level features as input and extract
high-level features layer by layer, but these high-level features are still very abstract and cannot
be understood intuitively by humans. To solve this problem, we need to characterize the human-
understandable semantic concepts hidden in the network. In this paper, we obtain feature maps
of these semantic concepts at one layer of the network by pre-defining a dataset of semantic con-
cepts (e. g. red, stripes, spots, dogs) and use these feature maps as data to train a tensor classi-

fier. We refer to the tensor orthogonal to the partitioned interface as Semantic Activation Tensors
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(SATs), and each SAT points to a corresponding semantic concept. In contrast to vector classifi-
ers, tensor classifiers can preserve the original structure of the tensor data. In a convolutional
network, each feature map contains location and channel information, and if it is simply expanded
into vector form, this would destroy its structural information and lead to a reduction in the final
classification accuracy. In this paper, we use the inner product of SATs and network gradients to
quantify the importance of semantics on classification results, a method known as TSAT (Tes-
ting with SATs). For example, how much streaks affect the prediction results of zebras. In this
paper, the image classification network is used as the object of interpretation, and ImageNet is
selected as the dataset for experimental validation on both ResNet50 and Inceptionv3 network ar-
chitectures. The final experimental results show that the tensor classification method used in this
paper has a significant improvement in classification accuracy and better classification stability
compared to the traditional vector classification method in the case of larger data dimensions or
data that are not easily distinguishable. This ensures that the semantic activation tensor derived

in this paper is more accurate and further ensures the accuracy of the subsequent quantification of

the importance of semantic concepts.
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Background

Convolutional neural networks have achieved unprece-
dented success in computer vision tasks such as object recog-
nition, target detection, and image segmentation. However,
the “black box” effect of deep learning is still criticized. Al-
though these models have excellent performance, they lack
decomposability and cannot be decomposed into intuitive
components and are therefore difficult to interpret. To ad-

dress this problem, interpretation algorithms for network
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models have emerged. A common interpretation approach is to
characterize the predictions of a model based on its input charac-
teristics. In logistic regression, for example, the coefficient
weights are usually interpreted as the importance of each feature.
However, a key problem is that in convolutional neural net-
works, their features are pixels, which are not high-level seman-
tic concepts that humans can understand. Moreover, the internal

values of convolutional neural networks, such as neuronal activa-
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tion values (i. e. , feature maps), are not interpretable. To ad-
dress the above problems, we hope that some method can be
used to learn representations of semantic concepts inside the net-
work that are often human-understandable.

In this paper, we obtain feature maps of these semantics
at one layer of the network by predefining a dataset of se-
mantic concepts (such as red. stripes, spots, dogs), and use
these feature maps as data to train a tensor classifier, We re-
fer to the tensor orthogonal to the partitioned interface as Se-
mantic Activation Tensors (SATs), and each SAT points to
the corresponding semantic concept. In this paper, we use
the inner product of SATs and network gradients to quantify
the importance of semantics on classification results, and this
method is called TSAT (Testing with SATs). The quantita-
tive interpretation of TSAT results confirms the general hu-

man perception, such as the greater degree of influence of

stripes on zebras. This shows the effectiveness of this meth-
od. In this paper, we do tests on different types of semantic
concepts separately, and find that low-level semantic con-
cepts will have some influence on the low and middle levels,
while high-level semantic concepts will have a greater influ-
ence only on the high level, which is also in line with the
characteristics of convolutional neural networks, and further
proves the rationality of this method.
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