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ABSTRACT

Recently, as interest in arfificial inteligence has increased, many studies have been conducted to implement Al processors. However,
the Al processor requires functional verification as well as performance verification on whether the Al processor is suitable for the
application. In this paper, We propose an Al processor performance analyzer that can verify the application performance and explore
the limitations of the processor. By Using the performance analyzer, we explore the limitations of the Al processor and optimize the
Al model to fit an Al processor in image recognition and speech recognition applications.
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Woong Choi et al.<> binary neural networksl| 4] 0, 1
dAsE 549 §ol popcount AAFSZ o] Foj R Th
= Aol #orste  popcount U4HE CAM(content
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