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Abstract

In recent years, Convolutional Neural Networks (CNNs) have achieved outstanding performance in the fields of computer vision
such as image classification, object detection, visual quality enhancement, etc. However, as huge amount of computation and
memory are required in CNN models, there is a limitation in the application of CNN to low-power environments such as mobile
or IoT devices. Therefore, the need for neural network compression to reduce the model size while keeping the task performance
as much as possible has been emerging. In this paper, we propose a method to compress CNN models by combining matrix
decomposition methods of LR (Low-Rank) approximation and CP (Canonical Polyadic) decomposition. Unlike conventional methods
that apply one matrix decomposition method to CNN models, we selectively apply two decomposition methods depending on the
layer types of CNN to enhance the compression performance. To evaluate the performance of the proposed method, we use the
models for image classification such as VGG-16, RestNet50 and MobileNetV2 models. The experimental results show that the
proposed method gives improved classification performance at the same range of 1.5 to 12.1 times compression ratio than the
existing method that applies only the LR approximation.
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¥ 3. MEo| AF2El CNN &2 29| A5(Anchor accuracy)
Table 3. Performances of the CNN original models used in the experi-
ment (Anchor accuracy)
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Table 4. Compression ratio (R value) according to layer type
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ratio) ratio)
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VGG-16 Results (Anchor Accuracy: 90.05%)
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Fig. 2. Classification performance of VGG-16 in the range of compression
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