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Abstract The study of the computer architecture has shown that major improvements in price—to—energy
performance stems from domain—specific hardware development. This paper analyzes the tensor
processing unit (TPU) ASIC which can accelerate the reasoning of the artificial neural network (NN). The
core device of the TPU is a MAC matrix multiplier capable of high—speed operation and
software—managed on—chip memory. The execution model of the TPU can meet the reaction time
requirements of the artificial neural network better than the existing CPU and the GPU execution
models, with the small area and the low power consumption even though it has many MAC and large
memory. Utilizing the TPU for the tensor flow benchmark framework, it can achieve higher performance
and better power efficiency than the CPU or CPU. In this paper, we analyze TPU, simulate the Python

modeled OpenTPU, and synthesize the matrix multiplication unit, which is the key hardware.
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