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Sample strategy based on TD-error for offline reinforcement learning
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ABSTRACT Offline reinforcement learning uses pre-collected expert data or other empirical data to learn action strategies offline
without interacting with the environment. Offline reinforcement learning is preferable to online reinforcement learning because it has
lower interaction costs and trial-and-error risks. However, offline reinforcement learning often faces the issues of severe extrapolation
errors and low sample utilization because the Q-value estimation errors cannot be corrected in time by interacting with the environment.
To this end, this paper suggests an effective sampling strategy for offline reinforcement learning based on TD-error, using TD-error as
the priority measure for priority sampling, and enhancing the sampling efficacy of offline reinforcement learning and addressing the
issue of out-of-distribution error by using a combination of priority sampling and uniform sampling. Meanwhile, based on the use of the
dual Q-value estimation network, this paper examines the performance of the algorithms corresponding to their time-difference error
measures when determining the target network using three approaches, including the minimum, the maximum, and the convex combined
of dual Q-value network, according to the various calculation techniques of the target network. Furthermore, to eliminate the training
bias arising from preference sampling using priority sampling, this paper uses a significant sampling mechanism. By comparing with

existing offline reinforcement learning research results combining sampling strategies on the D4RL baseline, the algorithm proposed
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shows better performance in terms of the final performance, data efficiency, and training stability. To confirm the contribution of each
research point in the algorithm, two experiments were performed in the ablation experiment section of this study. Experiment 1 shows
that the algorithm using the sampling method with a combination of uniform sampling and priority sampling outperforms the algorithm
using uniform sampling alone and the algorithm using priority sampling alone in terms of sample utilization and strategy stability, while
experiment 2 compares the effect on the performance of the algorithm based on the double Q-value estimation network produced by the
double network of a maximum, minimum, and maximum-minimum convex combination of values based on the dual Q-value estimation
network with a total of three different time-difference calculation methods on the performance of the algorithm. Experimental evidence
shows that the algorithm in the research that uses the least amount of dual networks performs better overall and in terms of data
utilization than the other two algorithms, but its strategy variance is higher. The approach described in this paper can be used in
conjunction with any offline reinforcement learning method based on Q-value estimation. This approach has the advantages of stable

performance, straightforward implementation, and high scalability, and it supports the use of reinforcement learning techniques in real-

world settings.

KEY WORDS offline; reinforcement learning; sample strategy; experience replay buffer; TD-error
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Fig.2 The three simulation environments in DMControl used for the experiments in this paper: (a) Hopper; (b) HalfCheetah; (c) Walker2d
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Table 1 D4RL dataset used in our experiment

Task Datasets Samples/10*
Hopper-random 1
Hopper Hopper-medium 1
Hopper-medium-expert 2
Halfcheetah-random 1
Halfcheetah Halfcheetah-medium 1
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Walker2d Walker2d-medium 1
Walker2d-medium-expert 2
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Fig.3 The performance of the methods CQL_H and CQL_PER, CQL_PER_N_return algorithms in this paper is compared on three types of data for

three environments: (a) Hopper; (b) HalfCheetah; (c) Walker2d
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Fig4 The performance of the method CQL_H using different sampling methods in this paper is compared on 3 types of data for a total of 3

environments: (a) Hopper; (b) HalfCheetah; (c) Walker2d
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