Understanding Constraint Inference in Safety-Critical
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Abstract Theoretical Findings Results

Background: Constraint inference is crucial in safety-critical decision-making processes. Sample Complexity

Literature: Existing methods, /nverse Constrained Reinforcement Learning (ICRL), p N ¢ —oridworld-l o Gridworld:2 oy Gridworld3 o Gridworldd

characterizes constraint learning as a inherently complex tri-level optimization problem. IRC solves Hzax min j(wE, r+ Ar) — j(w, r -+ Ar). Bi-level to tri-level | p— ‘
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Challenges: Can we implicitly embed constraint signals into reward functions and . . A h'ghle/r (Cfrjpl)e;('ty of
effectively solve this problem using a classic reward inference algorithm? ICRL solves Hax Hax I J(m™,r = Ac) = J(m, 7 — Ac). S Y )

Methodology: /nverse Reward Correction (IRC) VS. ICRL

 IRC infers a reward correction term, which, when added to the reward function, Safety

ensures the optimality of the expert. Source Env Target Env
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 |CRL infers a cost function, which, when serving as a constraint condition, ensures the T T 6 o SR T T T T O
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Inverse Constraint Inference: Infer constraint knowledge followed by

Source: M, = M U cl = (S,A, Pr,r, CE) Target: M, = M' U (CI)E = (S, A, P, 1, (C/)E)

IRC solver: = max E[Y52ovE[r + Ar](ss, ag)]

Implicit

"(s,a) — Q" (s,a) = [(Y) L0 =)+ (Y)'AQ" + (Y 'BQ’ s, a).
Model Q" (s,0) —Q'(s,a) = | (V)" (r —r)+ (Y)TAQ" (Y)'BQ" | (s,0)
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reward transfer shift transition transfer shift  expert policy transfer shift

o . r+Ar,mw r+Ar,af
(i) if 7% (a|s) > 0, then QJU(HAT)( ,a) = VM+u(r+Ar)(5)’

(ii) if 7 (als) = 0, then Q57T o,y (5,0) < Vid 2Ty (5).

ch(s,a) —Q°(s,a) = &Y')_lAQi + gY’)_lBQi (s,a)
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transition transfer shift ~ expert policy transfer shift

Discounted Cumulative Rewards
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@ [ should be optimal regarding r + Ar
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ICRL solver: = max E[X2ovi[r— A" c](ss, ap)]

(i) i 77 (als) > 0, Q7 e(5,0) = ViiTie(s) 5.0 .
(ii) if 7 (a|s) = 0 and AMUC(S a) >0, QMUC(S a) — ij&c(s) > 0;

(i11) if7TE( s) = 0 and AMUC(S a) <0, QMUC(87 a) — VMUC(S) <0. [@ { If the two transition laws are close and the recovered cost has a small suboptimality gap }

Optimality

£ = 2max {dl sin (Qmax(P’T,,P’T))2/23251/072}/777 di = ||[cF — é]up/T”Q

in the target environment, then e-optimality of the recovered cost is guaranteed
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@‘ [ should be optimal regarding runder constraint condition E[Y.52, v c(s;, a.)] < € ]
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