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Problem Setup

Key Methodology

Motivating question: Can a non-asymptotic result be Reformulation: Solving a fixed-point problem in a quotient space Contamination: unbiased estimator
obtained fqr model-free aIgonthm; in distributionally H(z)—z € B where 5 = {ce:ce R} and H = T, Gpa(V) 2 (1= 68)V(s") + 6 min V(z)
robust RL with average-reward objectives? - 7 | x |
ot TD-style update: '™ « 2zt 4+, (H(th) - g;t) TV and Wasserstein: exponentially decaying bias
etting:
. | | ——
 Distributionally robust average-reward MDP: [2] states the following assumptions needed to solve the above: opa(V) = 151%( ((Pg) (V —p) —9|lV — .UHsp)
o 1 - ) U”'O!“e SO'”F'OH I the quotient >Pace Done Wasserstein: exponentially decaying bias
gp(s) = min Thm o P - Z r¢|So = s » Unbiased noise with bounded variance
€p e | = i « Contraction property for H Challenging opa(V) = sup ( A + Es, [iI;f (V(y) + Ad(S, y)l)]>
= _ | A>0 °
Tl Q) m _ T The contraction property: At most exponentially decaying bias is achievable
V’P ('S) == ]E’/T,P* Z(rt — g’P) SO — 5|, gpx = gp (]Rs/span{e}, | - ||7>) (Rs/span{e}, | - ||7>) P y yIng
Lt=0 - Algorithm 1 Truncated MLMC Estimator for TV and Wasserstein Sets
« Contamination Pe =4(1—0)P2 I49q : ¢ € A(S]} Input: s € S, a € A, Max level N,,.x, Value function V

1: Sample N ~ Geom(0.5)

» Total variation (TV) P2 = {g e A(|S]) : lHq - P31 < 6} 22 N7 = min{N, Nonax}

« \Wasserstein

= {qg € A(S) : Wi(P¢,q) < 6} 3: Collect 2V'+1 i.i.d. samples of {s/ }ZN " with s, ~ P% for each i
4: PYY 1 g2ty
Robust average-reward Bellman operator [17: : Ponigr ¢ ov7 2uim1 Ly,
a,0 o
V(s) = ZW (a]s) ( — g+ apa(V)) 5: PON1  ov7 Lot Lsy,,

o 2N’+1

6: Ps N74+1 S zN%-{—l Zizl ]1{3;}
a,l

Ty(V)(s) 7: Py sy
8: Obtain 01 (V),08a (V),08a.8 (V),0pa0 (V)

s,N"+1 s,N"+1 s,N'+1 s,N'41

opa(V) £ minp'V

peP2 , 1
|(Vi = V2)lp < 7| Tg(Vi — V)|l for some 0 < v < 1. 9 AN (V) ¢ 0pa N/H(V) -2 ["P“;’i +1(V) T g +1(V)]
° . : 2 . ) . A | AN/(V) .
Goal: Estimating the robust value function and robust The construction of semi-norm |l - l»- 10: 6pa(V) < 0pa. }WH(V) | P(N,:n),wherep( n) =P(N' =n)

average reward for a given policy by only accessing the 11- Return O'Pa(V)

ergodic nominal model. (Under some radius restrictions |z||p = sup HQ$||ext ¢ iﬂfHCU — Ce”ext
for the nominal model, all kernels in the set are ergodic.)

Qe ceR
HfL‘Hext .— Sup Sup a—kHQka—l---Qsz

Chall k20 Q1,...,Qk€L « One-step semi-norm contraction property for both the
— robust and non-robust Bellman operators under

Q:={P" —e(d})' : P € P}

Results and Contributions

« Off-policy sampling nature; hindering directly sampling ] o ’ a ergodicity.
- Intuition: under certain restrictions of the uncertainty radius, the ~
approaches used in non-robust average-reward RL joint spectral radius of Q is less than 1 Ay + Order-optimalO(¢™®) convergence of the TD learning
* Non-linearity in robust Bellman operator and the 3z algorithm for policy evaluation studied in this setting.

absence of a discount factor; complicating the process

of establishing some form of negative drift. p(Q) == lim sup p(Qk. -Ql)% K\
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