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Abstract: To solve the problem of pattern construction of unknown numbers and rules, in this paper, we provide a meth-
od to solve the problems of number sequence logic learning from the image perspective. The method allows the com-
puter to automatically learn the inherent logic pattern without prior knowledge of the meaning of the image content or of
the relationship between images so as to predict the number sequence. Four large datasets were constructed: linear se-
quences, multiplication sequences, fio sequences, and nested sequences, and then several representative deep neural net-
works were used to complete the number sequence logic learning task. By analyzing the experimental results, the meth-
od was found capable of solving the problem of pattern construction for unknown numbers and rules to a certain extent,

which will provide a potential solution for a series of unknown logic pattern construction tasks.
Keywords: artificial intelligence; logical reasoning; logical learning; deep learning; number sequences; image pro-

cessing; neural network; pattern construction
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