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Lossless Al: Toward Guaranteeing Consistency between Inferences before and after Compression
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Abstract

Deep learning model compression is necessary for real-time inference on edge devices, which have limited hardware resources.
Conventional methods have only focused on suppressing degradation in terms of accuracy, and the inference results may change when
we focus on individual samples or objects. Such a change may be a crucial challenge for the quality assurance of products because of
unexpected behavior on edge devices. Therefore, we propose a concept called "Lossless Al" to guarantee consistency between the
inference results of reference and compressed models. In this paper, we propose a training method using a knowledge distillation
framework, which transfers knowledge from the teacher to the student. We demonstrate our method suppresses inferred class
mismatching between reference and quantized models by about 60 %.
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