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Abstract

This study investigates the utilization of deep learning
methodologies to forecast moves in the game of Go,
which demands keen perception and astute
discernment to determine the most strategically
advantageous placement for each move. Inspired by
the rapid development of deep learning technology
and its innovative applications, we developed a novel
approach for the "AI CUP 2023 Competition on
Models of Virtual Players in the Metaverse of Go."
Our method combines various neural network
architectures and applies a two-step training strategy
using the provided game data. The experimental
results show that this approach achieved outstanding
performance on the evaluation dataset, obtaining the
first place award and receiving an innovation prize in
the competition.
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