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Safe Reinforcement Learning  llEesss

m Traditional reinforcement learning focuses on maximizing the
cumulative return but ignore the risk.

m Safe reinforcement learning consider the uncertainty in the

reinforcement learning, including transition uncertainty and
observation uncertainty.
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Value Function Range T

m Value Function Range

m We provide the

connectation of transition
disturbance and
observation disturbance.

We can control them
both by controlling Value
Function Range.

We introduce CVaR to
loose the min in Value
Function Range to avoid
excessive pessimism.

Definition 2 (Value Function Range). For MDP M, the Value
Function Range (VFR) of the policy 7 is

Vitx 2 max Vg x(s) — min Vg (). (6)
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Theorem 3 (Proof in Appendix B.2). Forany «a € [0, 1], we
have

—CVaRq(—=D(7)) < —CVaRa(-V(s)).  (10)
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CPPO e

m We formulate our

. 1
objective as a constrained win—J(mp) s.t. 37— E[(n— D(mg))"] =1 < —p.
optimization problem and
use Lagrangian relaxation max min L(6, n, \)

A>0 O,n
method to deform it as an

A j(n L Ri(n — D(xo))H] —
unconstrained problem. B J(IQHA( — o= Dime))l n+.5’)-

Algorithm 1 CVaR Proximal Policy Optimization (CPPO)

Require: confidence level «, learning rate Ir,, lrg, Iry, lry

m Based on previous work

[Chow and Ghavamzadeh, Ensure: parameterized policy 7y and parameterized value
201 function V.

014], vye can calculate i ek = 15, .. s il
the g radient of our 2:  Generate N trajectories with the current policy 7y.
ob J ective and further 3:  Compute advantage estimates A! of each state s; ; in

) each trajectory &; and the cumulative reward D(§;).

propose CVaR Proximal 4:  Update parameters 1,0, \, ¢ respectively with the cal-
Poli imization (CPPO). culated gradients.

oficy Opt atio (C O) 5. Modify /3 as a function of current trajectories’ return.

6: end for
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Evaluation on MulJoCo

A

IJCAI|ECAI
VIENNA

Method Ant-v3 HalfCheetah-v3 Walker2d-v3 Swimmer-v3 Hopper-v3
VPG 12.8+ 0.0 896.9+ 531.1 628.6+ 2294 483+ 11.3 888.44 209.5
TRPO 1625.44 3564  2073.8+ 741.3  2005.6+ 398.7 101.24£29.3 239144 455.3
PPO 3372.24+ 3014  32454+947.3  2946.34-944.3 1220+ 79  2726.0+ 886.0
PG-CMDP 74 +£36 928.7+ 5629 596.7+ 219.9 554+ 18.8 1039.24+ 21.1
CPPO(ours) 3514.74247.2 3680.5+ 1121.3 3194.0+ 648.2 182.5+46.0 3144.6+ 158.4
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Evaluation on MulJoCo T
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curve of the testing performance under transition disturbance
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curve of the testing performance under observation disturbGance







