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Initiatives to develop edge Al accelerator using next-generation non-volatile memory
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Abstract Al computations have the problem of high power consumption, and research into Al accelerators has

been active in recent years. Among these, computing in-memory (CiM) technology that uses memory devices has the

advantage of being 10 to 100 times more efficient in inference power than traditional digital Al accelerators. In this

paper, we discuss the feasibility of a CiM architecture that can maximize power efficiency.
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Figure 1. Characteristics of Al accelerators (Processing performance vs.

Power consumption)
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Table 1. Comparison of characteristics of Al accelerator using various memory devices
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Figure 2. Approaches for lower power consumption and corresponding hardware configurations
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Figure 3. Neural network configuration used in this research
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Figure 4. Dependence of power consumption and inference accuracy on

object occupancy ratio
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