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A Deep Reinforcement Learning—Based Combat Strategy
Decision Model for CivRealm
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Abstract

This study targets the minigame combat
mission environment of the 4X strategy game
CivRealm, designs and implements a combat
decision-making model that integrates a Con-
volutional Neural Network (CNN) with a
Deep Q-Network (DQN). By converting the
map into a four-channel, image-like 2D repre-
sentation, the CNN generates a Q-value vector
corresponding to possible actions, and the
DQN is trained under an e-greedy strategy.
Overall, this study presents a reusable training
framework that provides a direction for im-
proving strategic Al in the future.
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Reward curve (level=normal)
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