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Abstract: With the progress of software and hardware technology of mobile terminals, the machine learning ability
of mobile terminals has been explored. Starting from the overall framework of mobile terminal artificial intelligence
technology, the end-to-end artificial intelligence hardware acceleration technology was studied, mainstream on-device
machine learning frameworks, neural network model compression and other software technologies were compared,
the development trend of Al application was analyzed, and the current technological progress and future development
trend of mobile terminal artificial intelligence were summarized.
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