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Paper
Safe RL = reinforcement learning incorporating safety issues For solving the GSE problem, we propose MASE Thanks to the simplicity of the algorithmic flow, MASE

provides theoretical guarantees on safety and optimality
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Safe RL is typically formulated as a policy optimization 7 <0 No viable action (i.e., A}, ; = 0)
problem under safety constraint(s)

CMDP M = (S, A H,P,r,g,s1)
S . State space A : Action space H : Horizon P : State transition probability

Safety guarantee

ATheorem 2 (informal) \

By constructing proper uncertainty quantifier, MASE
guarantees safety with a high probability

. J

T : Reward function 9 : Safety function S7: Initial state

Step 1: Construct an uncertainty quantifier I We present two variants of MASE: one based on

a _ )
o0
UEN SR D PRI AIE VIR M Safety constraint
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1g(s,a) — pu(s,a)| <I'(s,a), V(s,a) generalized linear models (GLMs) and the other based on GP
Conventional RL objective Step 2: Compute a set of (conservative) safe actions Near-optimality quarantee
AT ={a € A|min{1, u(sp,a) +T(sn,a)} < by} :
Two issues in safe RL research " | | ATheorem 3 (informal) \
1. There are various safety constraint formulations, and Step 3: Choose the next action from A4, and transit to Sh+1 Under proper assumptions, the optimal policy in M is
their relationships have not been sufficiently discussed Step 4 |f AF. i « L identical to that in M
2. Applicability of resulting algorithms are low or unclear tep & ~+1 1S empty, execute ‘emergency stop actions ) ’
and then transit to initial safe state. As a sacrifice, an agent
receives a large penalty for (s, an). J{Assumption: Generalized Linear CMDP (GL-CMDP) |
~ | { — ¢/ minge A T(sp41,a)  if A, =0 The true Q-function and safety function are
T(Sh,Qn) = . subject to GLMs with a known same feature
Battery E‘y:l' ObstacleA Speed limit r(Sh, an) otherwise, magping function )
Cumulative safety cost || Stateconstraint | Instantaneous constraint (€ : A sufficiently large positive scaler) vV
Pr[g]:jvsg(sm)s& Pl =1 || B[ Lohtn € S P,w] <& || Pr[otoman) <& 1P.7] =1, vae[Lm] Step 5: Optimize a policy in the following unconstrained MDP ~ Theorem 3’ (informal) :
- . < 7 — -~ using a standard RL algorithm Under the GL-CMDP assumption, the policy obtained by
R — M= (S, {AG}, H,P,7s;) (a:Emergency stop action) - MASE is guaranteed to be near-optimal )
Constraint in GSE problem
P ap) <b, |P,m| =1, Vhe[l,H
r[g(sh ) =0 W} b Benchmark: Safety Gym T = | | g
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Three common safe RL problems can be transformed Metrics - | Ll ol k -‘M!WMJUMM..4 L
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(d) Average episode return. (e) Average episode safety. (f) Maximum episode safety.




