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Investigating the Accuracy of CNN Models
in Posit Format
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Abstract. In Al edge computing, the amount of calculation and hardware resources of CNN (convolutional neural
network) are often large, which is contrary to the restrictions of edge devices such as smartphones.

Quantization, which is one of the methods for processing CNNs on edge devices, can effectively process CNNs on
edge devices by converting network model parameters to low-precision fixed-point numbers and reducing the data
size. On the other hand, there is a demerit that the recognition accuracy is lower than that before quantization. Posit,
a new numerical representation, has features suitable for representing very small values such as CNN weights. In this
study, we evaluate the effect of parameter representation in Posit format on inference accuracy by implementing CNN
inference using low-precision Posit in order to mitigate the decrease in inference accuracy due to quantization to low-
precision representation. .. As a result of measuring the inference accuracy by quantizing the model learned in 32-bit
floating point into 8-bit Posit, it is possible to suppress the decrease in inference accuracy to a small extent compared
to the conventional mainstream quantization to floating-point 8 bits. It turned out to be possible.
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