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Character AI Reinforcement Learning by Using Finite State Machine
with Deep Neural Network in Action Games

Jitao Zuout®
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Abstract: Agent design by using reinforcement learning has been making progress, and there is a require-
ment for more efficient and flexible methods to control reinforcement learning. We examine the combination
of a classical decision-making model, the state machine, and deep neural network (DNN) reinforcement learn-
ing. Each state has a DNN and performs learning. During learning, when a state switch occurs due to a
transition, the learning of the DNN corresponding to the inactive state is stopped, but resumes when the
state becomes active again. The DNN of the activated state controls the character, and the DNN state
consists of symbolically defined states and connectionism neural nets. It allows the creation of character Al
with more flexible control. In this study, a state machine is built in the Unity3D environment and a character
Al is trained to learn how to fight in a game while the state machine controls reinforcement learning. We
evaluate the overall performance of our method by comparing two models: the one is trained with many

DNNSs, and the other is trained with a single DNN
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