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Contribution #1: Equivalences =: [r(s,a) =87 log Z(s,a)
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5 (1) Risk-sensitive MDPs and soft robust MDPs are equivalent.
Risk-sensitive MDPs e.g. 7,7 = arg Jmin % Z [Z’(s, a) — e P maxal (r(s.a") =y~ logz(s"a'))] (2) Show the iteration complexity of soft-robust Policy Gradient for planning.
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acA N N~ d
L(Z',Z)

Future work:

Our equivalence theorem of risk-sensitive MDPs and soft-robust MDPs. (1) Extend the policy gradient algorithm to work with the learning setting.

Algorithm: Z,.1 < T;Z),, 7k < argmax r(s,a) —yB~ ' log Zy(s,a)]

V' = VTV =V Qﬂ —Q™,Q = Q. (2) Generalize the RFZI algorithm for a wider range of risk measures.
+ Worst-case kernel Pf, , = argming, [D(Ps0,Psa) + B, 5V (5)] = PZ,. Convergence: under mild regularity conditions, with probability at least 1 — 4: (3) Settle the scalability concerns to support large state-action spaces.
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