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MOTIVATIONS

POLICY GRADIENTS FOR CONSTRAINED RL? PGs
handle continuous state-action spaces, making them
suitable for real-world constrained control problems,
learning via AB or PB exploration paradigms.
CONSTRAINTS ON RISKS? They enforce safer be-
haviors by imposing constraints on risk measures in-
stead of on expected costs.

CONTRIBUTIONS

EXPLORATION-AGNOSTIC FRAMEWORK for solving
risk-constrained continuous control problems via
policy-based primal-dual methods under general pol-
icy parameterization and with either AB or PB explo-
ration approaches.
LAST-ITERATE GLOBAL CONVERGENCE to a feasi-
ble policy for the exploration-agnostic method C-PG
with:
• regularized Lagrangian w.r.t. the dual variable
• weak gradient domination w.r.t. the parameters
• multiple constraints on expected costs

AB AND PB EXPLORATION
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SOLVING RISK CONSTRAINED OPTIMIZATION PROBLEM VIA PGS

EXPLORATION-AGNOSTIC
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ALGORITHM
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UNIFIED RISK MEASURE
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LAST-ITERATE GLOBAL CONVERGENCE
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EXACT GRADIENTS

ψ “ 1 (GD) ψ “ 2 (PL)

FIXED ω ω´1ϵ´1 ω´1 logpϵ´1q
ω “ Opϵq ϵ´2 ϵ´1 logpϵ´1q

ESTIMATED GRADIENTS

ψ “ 1 (GD) ψ “ 2 (PL)

FIXED ω ω´3ϵ´3 logpϵ´1q ω´3ϵ´1 logpϵ´1q
ω “ Opϵq ϵ´6 logpϵ´1q ϵ´4 logpϵ´1q 1 1.2 1.4 1.6 1.8 2
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EXPERIMENTS

NUMBER OF TRAJECTORIES STUDY
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RISK MINIMIZATION STUDY

LAST-ITERATE COST DISTRIBUTION
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LAST-ITERATE PERFORMANCE

COST CVARα MV CHANCE

26.91 ˘ 0.09 23.07 ˘ 0.26 24.23 ˘ 0.23 26.34 ˘ 0.16

25.80 ˘ 0.14 23.08 ˘ 0.24 0.75 ˘ 0.26 23.07 ˘ 0.26
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