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Q-learning Path Planning Based on Exploration/Exploitation
Tradeoff Optimization

PENG Yun-jian, LIANG Jin
(School of Automation Science and Engineering, South China University of Technology , Guangzhou 510640, China)

Abstract; Aiming at the path planning problem of mobile agent in unknown environment, a Q —learning path planning based on
exploration/exploitation tradeoff optimization is proposed. For the inherent problem of exploration/exploitation tradeoff in reinforcement
learning , the eDBE( & —decreasing based episodes) method of exploring greedy coefficient & value decreasing smoothly with the number
of learning episodes and the A&BS ( adaptiveebased state ) method of judging strangeness/familiarity of arriving state and making
exploration or exploitation selection according to the state action value in Q table are proposed. This improvement determines the situation
of triggering exploration or triggering exploitation, avoids over exploration and over exploitation, and can speed up finding the optimal
path. In unknown environment, the Q-learning path planning based on exploration/exploitation tradeoff optimization is compared with
the classical Q-learning path planning. The simulation results show that the agent with the proposed method has the characteristics of fast
learning and adaptation in the unknown obstacle environment, the optimal path steps converge faster,and can realize the path planning
more efficiently. The feasibility and efficiency of the proposed method are verified.
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