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Abstract: Although convolutional neural networks(CNNs) are widely adopted in various domains
due to remarkable performance, executing CNNs on embedded systems has remained a challenge
due to their heavy computation comparing with traditional algorithms. One of the dominant
methods to optimize CNN complexity is quantization that reduces memory access by mapping
continuous values to a smaller set of discrete values. However, quantization leads to an accuracy
drop. In this paper, we combine profile-based quantization and operator fusion on NPU for
maintaining high accuracy. Our method improves by 10.14% better accuracy than the existing
result that is based on a single scale on VTA.
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