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Research on AI Compression Technology for Edge Devices

-Executing Al with Reduced Memory Consumption while Preserving Accuracy-
OKUTANI Yusuke and KASAHARA Takehiro

Implementing Al for visual inspection often requires expensive desktop computers with high-speed processing capabilities, which
poses a significant challenge. While edge devices are gaining attention as cost-effective alternatives to desktop computers, they frequently
lack sufficient memory to execute Al for visual inspection. To address this issue, we developed a method to compress autoencoder,
thereby reducing memory usage. In this study, we evaluated two compression techniques: pruning and low-rank approximation. Our
results demonstrate that low-rank approximation can effectively reduce memory usage while maintaining accuracy. We confirmed that
this compression method enables the execution of visual inspection Al on edge devices. Furthermore, we discovered that this approach
also contributes to improved processing speed.

Keywords : edge computer, Al, autoencoder, pruning, low-rank approximation
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