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Offline Reinforcement Learning Algorithm for Conservative Q-learning Based on Uncertainty
Weight

WANG Tianjiu' , LIU Quan"* and WU Lan'
1 School of Computer and Technology,Soochow University, Suzhou, Jiangsu 215006 , China

2 Provincial Key Laboratory for Computer Information Processing Technology, Soochow University, Suzhou, Jiangsu 215006 , China

Abstract  Offline reinforcement learning,in which the agent learns from a fixed dataset without interacting with the environ-
ment,is a current hot spot in the field of reinforcement learning. Many offline reinforcement learning algorithms try to regularize
value function to force the agent choose actions in the given dataset. The conservative Q-learning(CQL) algorithm avoids this
problem by assigning a lower value to the OOD(out of distribution) state-action pairs through the value function regularization.
However, the algorithm is too conservative to recognize the state-action pairs outside the distribution precisely,and therefore it is
difficult to learn the optimal policy. To address this problem.the uncertainty-weighted conservative Q-learning algorithm (UWC-
QL) is proposed by introducing an uncertainty mechanism during training. The UWCQL adds uncertainty weight to the CQL reg-
ularization term,assigns higher conservative weight to actions with high uncertainty to ensure that the algorithm can more effec-
tively train the agent to choose proper state-action pairs in the dataset. The effectiveness of UWCQL is verified by applying it to
the DARL MuJoCo dataset.along with the best offline reinforcement learning algorithms.and the experimental results show that
the UWCQL algorithm has better performance.
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Fig. 2 Uncertainty calculation
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Fig. 3 MuJoCo environments
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Table 1  Algorithm hyperparameters
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Fig.4 Training curves of HalfCheetah task
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Fig. 6 Training curves of Walker2D task
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Table 2 Final performance of experimental algorithms

& R4 TD3+BC Fisher-BRC  CQL  UWCQL
HalfCheetah 13.3 15.3 15.6 16. 6
Random Hopper 8.3 14.7 9.2 12.3
Walker2d 5.5 3.7 2.5 1.3
HalfCheetah 47.3 41.9 37.3 51.6
Medium Hopper 58.0 60. 2 52.0 65.2
Walker2d 72.0 76.4 63.6 72.4
HalfCheetah 43.6 45.2 42.7 43.1
Medium-Replay Hopper 35.0 28.9 31.2 42.5
Walker2d 20. 8 37.2 20.3 15.7
HalfCheetah 103. 2 100.7 73.4 113.7
Medium-Expert Hopper 91.4 96.5 85.8 80. 4
Walker2d 92.3 88.5 81.5 95.1
Hopper-v2 95.1 97.7 63.0 103. 4
Expert Humanoid-v2 105.3 103.7 74.1 107.2
Walker2d-v2 103.7 95.3 83.1 106.7
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