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Offline Meta-Reinforcement Learning with Contrastive Prediction
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Abstract: Traditional reinforcement learning algorithms require lots of online interaction with the environment for
training and cannot effectively adapt to changes in the task environment, making them difficult to apply to real-
world problems. Offline meta-reinforcement learning provides an effective way to quickly-adapt to a new task by
using replay datasets of multiple tasks for offline policy learning. Applying offline meta-reinforcement learning to
complex tasks will face two challenges. Firstly, reinforcement learning algorithms overestimate the value of state-
action pairs not contained in the dataset and thus select non-optimal actions, resulting in poor performance.
Secondly, meta- reinforcement learning algorithms need not only to'learn the policy but also to have robust and
efficient task inference capabilities. To address the above problems, this paper proposes an offline meta- reinfor-
cement learning algorithm based on contrastive prediction. To cope with the problem of overestimation of value
functions, the proposed algorithm uses behavior cloning to.encourage policy to prefer actions included in the dataset. To
improve the task inference capability of meta-learning, the proposed algorithm. uses recurrent neural networks for
task inference on the contextual trajectories of the agents and uses contrastive learning and prediction networks to
analyze and distinguish potential structures in different task trajectories. Experimental results show that the agents
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trained by the proposed algorithm can score more than 25 percentage points when faced with unseen tasks, and it
has higher meta-training efficiency and better generalization performance compared with existing methods.
Key words: deep reinforcement learning; offline meta-reinforcement learning; contrastive learning
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Table 2 Environmentinformation and hyperparameter settings

28 Obs Dim Action Dim Train Tasks Test Tasks Context Length Z dimension Policy Noise
Cheetah-Dir 20 6 2 2 10 30 0.2
Ant-Dir 27 8 2 2 15 20 0.3
Ant-Goal 113 8 100 30 25 30 0.3
Cheetah-Vel 20 6 100 30 20 20 0.2
Humanoid-Dir 376 17 100 30 20 20 0.2
Walker-Params 17 6 50 20 10 30 0.1




B OB F: SAXNEMNHERTBLET S E 1925
P4 SEIkVERE L8
Fig.4 Comparison of algorithm performance
43 HIE AR
Table 3 Final experimental results of each algorithm

WiE Ours FOCAL MACAW MBML MBCQ
Cheetah-Dir 1567.9+103.5 1323.4+168.7 1190.1+80.0 -5.0£53.6 8.9+131.9
Ant-Goal -286.4+38.3 -319.2450.9 -441.1+42.6 -526.5+22.1 -591.2+17.8
Ant-Dir 558.8+16.6 397.1+83.4 440.3+26.4 -132.4+108.6 -281.0£70.8
Cheetah-Vel -78.5£17.2 -126.9+32.8 -118.6+8.5 -230.79.1 -262.59.3
Humanoid-Dir 689.2+65.0 568.4+43.1 405.9+28.8 348.7+66.3 267.8+88.4
Walker-Params 493.2+28.7 387.6+43.4 358.9+59.7 64.6%8.5 17.4%2.2
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Fig.5 Ablation study on context encoder
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