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Abstract Under the traditional Hensel construction method and recurrent neural networks
model, a new recurrent neural networks symbol algebra symbol computation model and PFRNN
Algorithm based on Hensel construction is proposed. It has the characteristics of traditional
RNN and the capability of function approximation,and may offer a kind of visual means for
studying algebra symbol calculation and approximate algebra symbol calculation. Through mul-
tivariate polynomials approximate factorization, the essences and relationships between approxi—
mate calculation and accurate calculation are explained.
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