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Constrained Meta-RL

Motivation
Reinforcement learning has achieved remarkable success across many domains. However, two
key challenges remain:

1. Sample complexity: learning from scratch often requires many interactions.
2. Safety: unsafe exploration can be costly or unacceptable.

Constrained Meta-RL
1. Leverage experience across a distribution of training tasks to enable faster learning on

new real-world test tasks.
2. Ensure safe exploration: no constraint violation during interaction with the test task.
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Theoretical Guarantees

Theorem
Assume Slater’s condition holds. Then, with probability at least 1 − δ, our algorithm
guarantees:

1. Safe exploration during testing.
2. Near-optimality: the output policy πout is feasible and ε-optimal for the test CMDP using

Õ
(
ξ−2ε−2(1 − γ)−5Cξε(1−γ)3(D, δ)

)
samples.

▶ C(D, δ) quantifies the complexity of the task distribution D; it is small when the
distribution is concentrated.

▶ We also construct hard instances and establish a matching problem-dependent lower
bound.
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Õ
(
ξ−2ε−2(1 − γ)−5Cξε(1−γ)3(D, δ)

)
samples.

▶ C(D, δ) quantifies the complexity of the task distribution D; it is small when the
distribution is concentrated.

▶ We also construct hard instances and establish a matching problem-dependent lower
bound.

Constrained Meta Reinforcement Learning with Provable Test-Time Safety 4



Thanks for listening!
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