Reflect-then-Correct: Rebalancing Task Optimization for Generalizable

Meta-Reinforcement Learning via Distributional Value Error Reduction
Min Wang'!, Xin Li'!, Ye He!, Mingzhong Wang?, Yonggang Zhang?

I Beijing Institute of Technology, China 2University of the Sunshine Coast, Australia 3Jilin University, China T Corresponding author

BACKGROUND META-VALUE ERROR CORRECTION

University of the

Sunshine Coast
Australia

Despite notable advances in improving adaptability, prior meta- Optimization Problem of Meta-Value ® leverpullv2 ® doorclosev2 @ draweropenv2 @ shelfplacev2 @ sweep-into-v2
Reinforcement Learning (meta-RL) studies have primarily focused on
parametric tasks, where the tasks differ solely in underlying parameters. min Eg~, |C(vg,07)]  s.t. Z pr(s,z) =1,
Meta-RL faces significant challenges in non-parametric settings, where o S, (5)
vastly different return scales across diverse tasks cause severe gradient U, = argminlE,,, [C(0,T*0;,_1)].
interference. Existing categorical solutions attempt to normalize these Y
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scales but often fail due to rigid discretization and quantization errors. : .
Theorem 1 Let pi(s,z) denote the solution to a relaxed version

of the optimization problem in Eq. 5. Then we have
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and the corresponding importance weights are given by
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where [, denotes the sampling distribution, o* € R7T is the
Lagrange multiplier with the constraint ) _pi(s,z) = 1, and
B > 0 controls the sharpness of reweighting.
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ij + 15 \108 27 : sentations with error-aware optimization.
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