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Abstract

This paper proposes a model-based reinforcement learning strategy that enables stable learning even in a dynamic
environment containing state transition uncertainty, The existing reinforcement learning algorithm is a model-free method
that focuses on maximizing the expectation of the reward, and the adaptation speed is slow because it empirically leams
the uncertainty of the environment, In contrast, the model-based method that leamns the environmental model can adapt
quickly to changes in the environment by applying the simulation results to the expectation reward, In this paper, we
propose a model-based reinforcement learmning method that finds a strategy that maximizes the expectation of reward based
on the on-line learing of the probability transition model of the environment, simulates the scenario probabilistically using
the learned model, We implemented the dynamic environment containing uncertainty using FrozenLake simulator of
OpenAl and compared the performance of the proposed model with the existing method in various aspects, The proposed
model provides a framework for strategy exploration even in extreme situations where both uncertainty of state transition
and instability of environmental change exist,
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Fig. 1. Example of FrozenLake environment
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Table 1. Initial value of model-free RL parameters

Parameter Meaning Initial Value
learning rate
ALPHA 1
of Q-table 0.
GAMMA reward discount 0.99
EPSILON related 10 0.2
' e-greedy algorithm ’
if it exceeds turn_limit,
TURN_LIMIT episode ends and don't 100
get any reward
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Table 2. Initial value of model-based RL parameters

Parameter Meaning Initial Value
learning rate
ALPHA 1
of Q-table 0.
BETA learning rate - 0.05
of state_transition table
GAMMA reward discount 0.99
lated t
EPSILON rededto 0.2
€-greedy algorithm
if it exceeds turn_limit,
TURN_LIMIT episode ends and don't 100
get any reward
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Table 3. Major performance indicator
(Number in parentheses means standard deviation)

Model-free Model-based
# of episodes 32 6
for first_reward (16) (3)
Average reward 0.23 0.41
after 1000 episodes (0.02) (0.01)
Average reward 0.31 0.58
after 5000 episodes (0.01) (0.01)
Average reward 0.73 0.74
for test (0.03) (0.01)
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Fig. 3. Average reward based on number of learning episodes
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