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B Distributionally Robust RL: learn more robust policy through Reinforcement
Learning

® d-rectangular DRMDP: MDPs + uncertainty set

Value function (s, a) - uncertainty set

Patler it~ iRkl el it N = ————————
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B Drawbacks of d-rectangular DRMDP (hard constraint):

® From theoretical perspective: need strong assumption on dual variables
® From empirical perspective: solving duality problem in d-DRMDP is time-consuming
® Existing work considers mainly TV divergence geometry, leaving blanks for cases with KL and y?

B RRMDP: applying regularization penalty term (soft constraint) to measuring
the uncertainty

® From Lagrange Duality perspective: DRMDP < RRMDP

® The forfeit of uncertainty set constraint makes the dual problem easier, leading to potential improvement

on computation efficiency and theoretical analysis
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B RRMDP (Robust Regularized Markov Decision Process): RRMDP(S, A, H, P 1, 4, D, F)

® Regularized robust parameter A, probability divergence D, feasible set of all perturbed transition kernels F

® Regularized robust value function and Q-function:

H e e e e ————— . .
ViA(s) = inf EP [Z [re(s,a2) +HAD(PilJst, a0) [ P2 (Jst um]j%f.«,ﬂ,/ Penalty on divergenae with
t=h oo TEETmEEEEEEETEEE

QE"J‘(S, a) = inf EF

Sp = S8,dp — A, T|.
PeF

® Offline dataset and Learning goal: given K trajectory {(s}, af, 7)}-, and find policy 7 to minimize the robust
Suboptimality gap: SubOpt(7, s1,A) == Vl*”\(sl) — Vl'fr”\(sl).
B Linear MDP:
® Known feature mapping ¢:s X a » R%, ¥, ¢;(s,a) =1, ¢;(s,a) =0

® [.inecar reward function and nominal transition kernel class F

Th(sa a) = ((b(g a), 9h>? PF[L)("S? a) = <¢(Sa a), “2())
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B Robust regularized Bellman Equation:

A g
(s,a) =rp(s,a) + inf
Qp” (5,0) =Tals,a) un€A(S)4.Py=

Vi (=B [0 (5, )]

B Existence of optimal policy

Proposition 3.3. Under the setting of d-rectangular linear RRMDP, there exists a deterministic
and stationary policy 7*, such that for any (h,s,a) € [H] x S x A,

Ve M8) = Ne), Q5 e, a) = @ (s.0). (3.7)
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B Pessimism based meta algorithm

Algorithm 1 R2PVI under general f-divergence
Require: Dataset D, Regularizer A > 0
1: init Vi, ,(-) =0
2: forepisode h = H,--- ,1do
® Step 1: estimate W,’l1 by solving dual problem 3:  Compute A}, + S_jf‘_, o(s],a] )p(s], a,,) + 41

R v (s)
4: ull}l( [ h][Z~—l Sh.’a'h)-f ( ’/\+l )]]

D> Duahty Estlmatmn for general f-divergence
4 Supser{— iy (@) + a}
e the enalty h(...)'

7:  Estim 'Q,,( )V «——mmnf(e(-, ), 0, + w,’)) —
O Mﬁ--mw.
® Step 3: compute pessimistic Q-function 8:  Construct 7;(-|-) « argmax, (QX(-,-), 7n(-|-)) 4

and V2(-) + (QX (-, ), n(-]-)) 4.
9: end for

® Step 2: construct pessimism penalty I}, (+,-)
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B We provide Instance-dependent upper bound for our algorithms:

Theorem 5.2. Under , for any 6 € (0,1), if we set v = 1 and T'y(s,a) =
BY s (s )Lill o1 in ,

e (TV) 8 = 16Hd+\/E1v, where &py = 21og(1024HdY2K?/6);
o (KL) B = 16d\eH/*\/(H/X + ékr), where &gy, = log(1024dN2 K3 H/6);
o (x?) B=8dH?*(1+ 1/)) /&2, where &2 = log(192K°Hd3(1 + H/2))?/9),

then with probability at least 1 — 0, for all s € S, the suboptimality of satisfies:

\
I
sup Z]E"T P[ZH(/SZ (s,a)l; ”A 1|81 = s] i
1

PeuA(PO) h—il

--

SubOpt (7, s, ) <

CID(A,_l1 ,S): uncertainty function
® The upper bound relies on a novel uncertainty function

B We further establish information-theoretic lower bound to illustrate the necessity of ®(A;,s)
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B Comparison of the Suboptimality gap with dataset coverage

Algorithm Setting Divergence Coverage Suboptimality Gap
DRPVI . = L2 fr—1/2)

(Liu & Xu, 2024b) d-DRMDP TV full O(dH*K )
DROP R 57 13/2 172 fo—1/2
(Wang et al., 2024a) d-DRMDP TV robust partial O(d"~H"K )
P2MPO (TV) o = 22 pr—1/2
(Blanchet et al., 2024) d-DRMDP TV robust partial O(d“H*K )
R2PVI-TV (ours) d-RRMDP TV regularized partial O(d*H?*K ~1/2)
DRVI-L + vaptd 3 /AeHIB 2 1312 e —=1/2\*
(Ma et al.. 2022) d-DRMDP KL robust partial O(\/Be"/2d*H3?K )
P2MPO (KL) v : A = HIB R —1 1 —1/2\s
(Blanchet et al.. 2024) d-DRMDP KL robust partial O(e d*H=p~ 'K )
R2PVI-KL (ours) d-RRMDP KL regularized partial ~ O(VAe/ A2 H3/2 K-1/2)
R2PVI-y? (ours) d-RRMDP x> regularized partial  O(d2H3(1 + A1) K~ 1/2)

* The x denotes that the result requires an additional assumption on the KL dual variable, which is not required in R2PVI
® For TV divergence, R2PVI achieves nearly same suboptimality gap with SOTA
® For KL divergence, R2PVI needs no extra assumption to guarantee the closeness form solution

® For y“ divergence, we are the first to give theoretical guarantee under linear MDP setting
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B We want to explore:

® The robustness of R2PVI when facing adversarial dynamics
® The role of regularizer A in determining the robustness of R2PVI

® The computation cost of R2PVI compared to other robust algorithms

B Baselines

Method PEVI DRPVI DRVI-L _

Framework d-DRMDP d-DRMDP d-RRMDP

Divergence / TV KL TV/KL/y?

* We don't compare DROP and P2MPQO mentioned in the upper bound due to the lack of experiment and code base in
such works.
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B Task settings

-

® Simulated Linear MDP
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Results

B Evaluation
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