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Abstract

We consider the integration of advice into Robust Markov Decision Processes
(RMDPs). While the RMDP formulation aids in modeling ambiguity with respect
to transition dynamics, it is overly conservative due to its focus on worst-case
instances. To move beyond the worst-case framework, we propose an advice-
augmented setting in which the decision maker has access to advice in the form
of a predicted transition kernel they seek to leverage to obtain better guarantees.
The decision maker in this setting cares about finding a policy that performs
well for both the worst case and advice transition dynamics. Thus, we define
robustness and consistency as metrics the decision maker optimizes and propose a
family of optimization problems whose solutions are Pareto-optimal with respect
to robustness and consistency. Under standard assumptions on the ambiguity set,
the optimal solutions are deterministic, Markovian, and stationary. Given a set of
Pareto-optimal policies, we then provide a policy selection algorithm that achieves
max-min optimality across robustness and consistency.

1 Introduction

Building upon the classical MDP formulation, Robust Markov Decision Processes (RMDPs) [[1] have
emerged as a principled approach to account for ambiguity with respect to the underlying transition
probabilities. In the general MDP setting, the next state the agent finds themselves in is determined
by a transition probability function. In many real-world settings this is, however, difficult to know
precisely. The RMDP formulation thus considers sets of transition kernels and finds policies that are
optimal with respect to the worst case transition kernel. The RMDP formulation is conservative in
its approach. In particular, considering the worst-case transition kernel, while helpful in providing
guarantees, often leads to suboptimal performance when the worst case is not realized.

The proliferation of machine learning combined with the advancement of domain expertise has
resulted in the development of advice-augmented algorithms in a wide range of fields. In this model,
a decision maker is given (untrusted) advice for whatever problem instance they are trying to solve.
The advice that the agent is presented with, importantly, does not have any guarantee of correctness.
The decision maker would thus like to leverage the advice in a manner such that, if the advice indeed
is correct, they reap as much benefit from the advice as possible and, if the advice is incorrect, they
retain some guarantees obtained from classical advice-agnostic algorithms. To this end, robustness
and consistency [2]] have emerged as metrics to understand the performance of advice-augmented
algorithms. Robustness is a measure of the advice-augmented algorithm’s performance in the worst
case whilst consistency measures the algorithm’s performance in the cases the advice is correct.

39th Conference on Neural Information Processing Systems (NeurIPS 2025) Workshop: MLxOR: Mathematical
Foundations and Operational Integration of Machine Learning for Uncertainty-Aware Decision-Making.



This paper integrates advice into the RMDP formulation. We assume that the decision maker has
advice on the transition kernel, which could be the output of some machine-learned prediction process
or domain expertise. We seek to understand if the conservative guarantees obtained by the RMDP
formulation can be improved upon through the use of advice in a way that still retains guarantees
from the robust formulation if the advice is incorrect. We seek to answer the following question:

Can we design decision-making policies that optimally integrate advice into the
Robust Markov Decision Process framework?

Our contributions: We propose an approach to find policies that are Pareto-optimal with respect to
robustness and consistency. That is, for the policies identified through our approach, no other decision-
making policy can dominate the robustness and consistency of this set of policies. Furthermore,
we show how these policies are stationary, Markovian, and deterministic given assumptions on
characterizations of the underlying ambiguity set which defines the RMDP problem for the decision
maker. We additionally provide a max-min formulation to identify a particular policy that maximizes
the minimum of robustness and consistency. Finally, we provide an algorithm for efficiently finding
such a policy within the set of Pareto-optimal policies defined by our approach.

2 Preliminaries

We consider a finite-horizon Markov Decision Process (MDP) parametrized by {S, A, P =
{p}E o, R = {r:}L,}. S denotes the state space, A the action space, P the stochastic transition ker-
nel, R the reward functions with T being the time horizon. At each timestep, ¢t € {0,1,--- ,T}, the
decision maker is in some state s; € S from which they select a; € A(.A) denoting a decision on the
probability of playing any particular action. The probability transition function p; : S x A — A(S)
then determines the probability of transitioning into any particular state for the next time step. The
decision maker attains a reward determined by the function r; : S x A x & — R which takes as
input the current state, the action the decision maker selected, the next state and outputs a real valued
number. As a convention, the final rewards at timestep 71" are only determined by the final state the
decision maker finds themselves in (i.e., 77 : S — R).

For analysis, it is often helpful to consider the characteristics of a decision process starting from
a particular time step. Given a fixed transition kernel P, we define the transition kernel start-
ing from a particular time ¢ i.e., P, = {p,}Z_,. We note here that, Py = {p,}I_, = P. Let
Ri(m, P, ht) be a random variable denoting the cumulative reward starting from time step ¢ us-
ing a particular policy 7 given history h; and transitions determined by P, i.e., Ri(mw, Py, hy) =
T—1

> rr(srydr(hr), S741) +rr(s7). We can write the optimization problem the decision maker faces

T=t
T-1

as: sup, E% Z:o ri(se, di(he), Sev1) +17(s7)| = sup, E% [Ro(m, P, ho)] .
t—

Knowing the exact transition probabilities is often not possible in many real-world applications. In
order to guarantee performance in instances where the transition probabilities are unknown, the robust
formulation of the decision maker’s optimization problem seeks to find a policy that performs the
best under the worst case instantiation of transition probabilities. In particular, we assume that for the
probability transitions, there exists an ambiguity set P over which the decision maker finds the policy
7 which satisfies sup,, inf pep ET [Ro (7, P, ho)] .

As a matter of notation, we take the subset of the ambiguity set restricted to measures at time step ¢
to be P;. Previous work has shown that the structure of the ambiguity set P leads itself to different
characterizations of the optimal policy. In our work we consider convex, (s, a)-rectangular ambiguity
sets. Previous results have shown the optimality of deterministic, Markovian policies in this setting

(L.

While the robust formulation takes a worst-case optimization view, our work attempts to find a middle
ground between worst-case pessimism and best-case optimism. In particular, we consider the case
where the decision maker has access to some suggested P’ € P which is advice on the true underlying
transition kernel. We call this setting the “advice-augmented setting.” Advice in this setting is not
guaranteed to be correct, and as such, the decision maker would like to balance not being too far off
from the optimal in the case that the advice is indeed correct and retaining some notion of robustness



in case the advice is incorrect. As a special case, when the advice is a data-driven model, we recover
the traditional trade-off of robustness and specificity settings [3| 14].

3 Adyvice Augmented Planning for MDPs

In the advice augmented setting, the decision maker seeks to balance worst case guarantees from
the robust formulation, with performance on the advice transition kernel. We consider robustness
and consistency as metrics to evaluate these different goals. Robustness for a particular policy 7 is a
measure of that policy’s performance under a worst-case transition kernel. Consistency, on the other
hand, is a measure of a policy’s performance on the advice’s stochastic transition kernel.

Robp(7) := }%Ielgj EL[Ro(m, P)].  Conp () := EJ [Ro(m,P)].

The decision maker thus attempts to maximize both these objectives given a fixed ambiguity set
P and advice transition kernel P’. It is not guaranteed in general to find a particular policy r, that
jointly maximizes both these objectives. We thus restrict ourselves to finding a policy that is on the
Pareto frontier of robustness and consistency for a particular ambiguity set P and advice transition
probability P’.

Definition 3.1. Given an ambiguity set and advice transition kernel P, P, a policy T is Pareto-optimal
with respect to robustness and consistency, if there does not exist v’ such that Robp(7) < Robp (')
and Conp (1) < Conp (7") with one of the inequalities being strict.

Definition 3.2. The Pareto frontier, PF, is the set of policies such that for all policies m € PF, w is
Pareto-optimal.

3.1 Identifying policies on the Pareto frontier

This subsection is dedicated to developing our advice-augmented RMDP framework. We begin
by characterizing a set of policies guaranteed to be on the Pareto frontier. Consider the following
optimization problem for A € (0, 1):

Gi? = sup {ARobp(7) + (1 — A) Conp/ (1)} . M
mwell

In the above formulation, the decision maker, for a particular value of ), tries to find a policy that
jointly solves for robustness and consistency. We also present a version of equation [I]that begins at
time step t:

Gi () = sup { X inf BR [Ru(m, Py )] + (1= NEE [Ry(m,Pp, b)) }.
rell P,ePy

We now consider the advice augmented setting. We proceed to show the existence of a stationary,
deterministic optimal policy for equation given assumptions on (s, a)—rectangularity and convexity
of the ambiguity set. We leave the proofs of Theorems and Propositions to the Appendix for clarity.
Theorem 3.3. Let the ambiguity set P of transition kernels be (s, a)—rectangular and convex. The
set of functions {G:"A :t=0,1,...,T} satisfy the following equations:

Gy M hr) = rr(st).

G:’A(ht) = sup { inf  {X-Ey[ri(se,a,8)] +(1—=A)-Ep[ri(se, a,s)] + G:’A(ht, a,pt)}} .
acA(s;) (Pt€P(s1,a)

Proposition 3.4. Let Il be the set of all history dependent deterministic policies. I1p can then

fully characterize the advice augmented value function {G; At = 0,1,...,T} in that for all t we

have:G ™ (hy) = sup,emn, 1GT (he)} . Furthermore, consider the optimal policy 7*, for the advice

augmented setting, this policy is Markovian

An important consequence of Theorem [3.3]and Proposition [3.4]is that not only does there exist a
solution to equation|I]that is stationary and deterministic, one can also efficiently identify this solution
in polynomial time via dynamic programming. This therefore neatly presents an advice-augmented
algorithm which incorporates advice into a solution for Robust Markov Decision Processes.



We now move on to show that optimal policies for equation[I]indeed are Pareto optimal with respect
to robustness and consistency, which is the best we can hope for. In general, it is known that
maximizing the sum of utilities results in points that are Pareto optimal with respect to the summed
utility functions. We instantiate this result in a manner that allows us to apply it with respect to
consistency and robustness.

Proposition 3.5. Consider any two functions f1, fo with attainable suprema. The set S\ = {z | x €
arg max, (Afi(x) 4+ (1 — X) fa(x)) } has elements that lie on the Pareto frontier with respect to f1, fo
for A e (0,1).

The result above tells us that policies that solve equation [I|are on the Pareto frontier. Concretely, we
get this result:

Theorem 3.6. Consider ©* which is an optimal policy for equation|l| we have that ©* is Pareto
optimal with respect to robustness and consistency for A € (0, 1).

Theorem [3.6|follows from applying Proposition 3.5 onto the optimization problem equation

3.2 Balancing robustness and consistency on the Pareto frontier

In the previous subsection, we found a set of policies that lies on the Pareto frontier which means
that the set of policies we identified has a tight trade-off between robustness and consistency. While
this is good, the framework above does not provide a means through which one could select a point
on the Pareto frontier. A natural choice of a policy on the Pareto frontier is one that balances both
robustness and consistency. To that end, we consider the following objective:

arg max min{ Robp (), Conp (m)} )
where S; = {n|m = argmax ARobp(7) + (1 — X) Conp () for some A € (0,1)}.

S is the set of policies 7 that are optimal with respect to equation|[I] for different values of \. We
know that this set only contains policies that are Pareto optimal with respect to consistency and
robustness. We therefore seek to select a Pareto optimal policy 7 € S which is optimal with respect
to equation 2]

Since finding an optimal solution for equation [2|essentially is optimizing over a particular set of 7’s
which themselves are solutions to an optimization problem that depends on A, we can view finding a
solution for equation [2|as a problem of finding an optimal value of \ over the set (0,1). Importantly
we note that there is a surjection between the set (0,1) and .S, as for each A € (0, 1) we can find a
particular policy 7> that is the optimal policy for the equation equationfor that fixed value of A\. We
can thus rewrite the optimization problem as: 7 := arg maxye(o,1) min{ Robp (7*), Conp: (7*)}.

Ultimately we show that binary search over the set of \’s will suffice in determining the value of A and,
the policy 7* that optimizes equation 2| First, we show that the functions Robp (), Conp: (1)
over the set S can be nicely characterized as increasing and decreasing with respect to A. It is this
characterization that then allows us to leverage a binary-search-inspired algorithm to identify the
optimal policy with respect to equation[2]

Theorem 3.7. Let 7 € S, forall A € (0,1). Robp(7), Conp (7}) for fixed P, P and defined
over the domain of ™ are increasing and decreasing functions in X respectively.

Given that we have now established how Robp (1) and Cong:(7*) are increasing and decreasing
functions with respect to A when defined over the set S, we can now conclude and devise a
mechanism by which we effectively identify which policy in Sy is the optimizes equation [2]

Theorem 3.8. Assume that the ambiguity set P is (s,a)-rectangular and convex. There is an
algorithm such that for any fixed P, P, it can identify the policy 7 € S, which optimizes
arg maxcgs, min{ Robp(7), Conp ()} with O(log(|Sx|)) policy evaluations.

4 Conclusion

In this work we introduce advice-augmented Robust Markov Decision Processes. In our setting
the decision maker has access to advice on the true transition kernel and they seek to leverage this



advice. To that end, we consider robustness and consistency as metrics that a decision maker is
seeking to jointly optimize. To that end, Pareto-optimality is our desired property in this optimization
landscape given the two objectives. We show how under standard assumptions on the ambiguity
set, Pareto-optimal solutions are deterministic, Markovian, and stationary. We show how to identify
Pareto-optimal policies, and furthermore, given a set ofPareto-optimal policies, we provide a policy
selection algorithm that achieves max-min optimality across robustness and consistency
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APPENDIX

Al: Related Work

The RMDP framework introduced by [} 5] considers a distributionally robust optimization formula-
tion of decision-making to alleviate environmental ambiguities. These initial works demonstrated that
optimal deterministic stationary policies exist under (s, a)-rectangular assumptions on the ambiguity
sets. Furthermore they established that the robust value function satisfy a robust Bellman recursion.

By now, many follow-up works have extensively studied different structural properties of the RMDP
framework. Moving beyond traditional rectangular uncertainty sets, 6, [7] introduced nested uncer-
tainty sets with different robust budget levels, accounting for different time-dependent real-world
scenarios for parameter uncertainty. [§] further develops a unifying framework for distributionally
robust optimization with standardized ambiguity sets, providing tractability conditions for solving
such problems. Further, there has been recent progress [9} 10, [11] in data-driven learning settings.
More aligned with our goals, there has also been work aimed at overcoming the conservative nature
of the traditional robust formulation in RMDPs. [[12] incorporates multi-modal distributions with
mean and variance information in the uncertainty set constructions. [13]] proposes a new paradigm
for robustness guarantees by constructing Bayesian ambiguity sets using inference rather than relying
on confidence regions. [14, 13, 4] consider the trade-off between traditional robust and data-driven
model specificity planning strategies.

More traditional meta-adaptive controllers [15} [16] learn shared non-linear dynamic representations
that enable robust adaptation across environments using Lyapunov stability. This paradigm aligns
with adaptive meta-MDP methods [[17, 18] that learn meta-representations by task exploration or
distributional optimization for adaptation. The integration of meta-representations with robust
planning [[19| 20] demonstrates zero-shot adaptation to new environments in large-scale problems.
These hybrid architectures occupy a sweet spot, leveraging the meta-learning goal of adaptation while
retaining robust planning in dynamical environments.

Building off work such as [21] that looked at how to design advice-augmented algorithms for
problems like online ad allocation and load balancing, advice-augmented algorithms have increased
in popularity. Their salience has been fueled by the development and incorporation of machine
learning into practical problems for example, wind farm optimization [22]]. Advice-augmented
algorithms have now been developed for a wide range of settings such as: competitive caching [2],
energy scheduling [23]], games [24], network flow allocation [25], and smoothed online optimization
[26]]. In these settings, algorithms are designed to leverage advice which is assumed to come from a
black box. Little to no assumptions are made on the correctness of the advice and the goal is usually
to develop algorithms that achieve an optimal trade off between robustness and consistency.

There has also been work that looks to understand how to incorporate advice or additional information
into decision processes. One particular approach is ‘reward shaping’ wherein external guidance is
provided in the form of additional rewards to guide the decision maker [27], [28]. Feedback has also
been incorporated into the general MDP setting from a variety of sources such as human experts [29],
[30] and visual explanations [31]. Furthermore, advice has been incorporated in the form of Q-value
predictions for general MDPs with robustness and consistency tradeoff results proved for this setting
[32], 133].

In this work, motivated by the less conservative goals of the meta-adaptive setting and advice-
augmented algorithms, we introduce an advice-augmented RMDP framework for the first time. In
this setting, advice is in the form of a transition kernel to aide in planning for decision-making
systems.



A2: Missing Proofs

For ease of future exposition, we introduce the following notation:

Vi (he) = Pirelg% EE [Ri(m, Py, hye)] .

JE (he) = B, [Re(m. P} hy)).

G (heydi(he),pr) = A B Vi (b, dy(he), )] + (1= A) - B [Ty (b, dy(he), 5)]-

G (. do(he). pe) = sup {X - BT (VT (e o). )] (1= N) - B L7 e, da(h) )]}

Theorem 4.1 (Restatement of Theorem [3.3). Let the ambiguity set P of transition kernels be

(s, a)—rectangular and convex. The set of functions {G:”\ :t=0,1,...,T} satisfy the following
equations:

Gy hr) = rr(st).

G (hy) = sup { inf  {X\-E,[r(se,a,s)]
acA(s;) (Pt€P(s1,a)

+(1 = X) -Ep[re(se,a,5)] + G (b, a,pt)}} .

Proof. We note that the first equation follows directly from realizing that A - rr(s7) + (1 — A) -
rr(st) = rp(sr). This illustrates the satisfaction of the first equation.

Before proceeding with the rest of the proof we note the following: the conditional measure Pjq
does not affect the term r¢(s¢, d¢(h¢), st+1); by the (s, a)—rectangularity assumption we have that
P, = (pt, Pi41) and that P} = (pj, P;, ;). With this notation realize that:

Gy (he)

= su inf  AEL [Ry(m, Py, h
weg {Pte{”)r}z_t P [ t( ! t)]

+(1 = NEF, [Ri(m, P, o))

= Slelg {P E{l;)lf}T ]Ezrpt,,Pt+1) [)\ (Rt(ﬂ', Pt7 ht))

(L= NEfy ) [Fulm. P} b))}

At this point, we consider this equation considering the decision taken at time ¢ as well as the transition
distribution function at that time step p(-). We denote by h"} = (hy, dy(he), pi(se, di(hy))). This,
in essence, is a random version of h, 1 given h;, a probability transition function p, and policy d;.



With this we can see that:

eIl (Pt€P:
(1=X)- ]E:; [re(se, di(he), 8)]

+)\ inf E A R 7T,P 7h?'r,pt
Pt+1€{737}17::t+1 Pyiq [ t+1( t+1 t+1)

18 85, [ 70 ]

o {3 8 B3 e

+(1-=X) -E5 [re(st, di(ht), s)]

= sup { inf E7 [N-7¢(se,di(he), s)+

+A-E7, l inf IE}BHI [Rit1(m, Py, h:’pt)}]

Py e{P-}T_, 4

+(1—=A)- E;’; [ 4y [Rt+1(777 P;—&-la h?P;)H }

P;+1
o {3, .t
(1= X) B, [re(se, di (), 5)]

+GT (b, dt(ht)apt)} .
Consider a fixed P € P and a particular policy m, we have that G™*(he,dy(hy),pr) <
G*T’A(ht, di(ht),pt). This then implies that:

G () )

<sup {ing B, D\ (o). o)

+ (1= X) - E, [re(se, de(he), 5)]

+ é?)\(htydt(ht)apt)}

- dflelgt { Ptiél')f;T Egt [)\ ’ Tt(st’ dt(ht)? S)] @
+ (1= A)-Eg, [rie(se, de(he), )]

G (e, dulhe), b))

We get 3] by making the substitution of the upper bound described above. We then get from 3 to @] by
realizing that the only dependency on 7 is in d(-). We denote D; to be the set of all history-dependent
decision rules at time ¢.

To complete the proof consider:

G:’A(hhdt(ht)up)
= sulraI {x- E7 V51 (he, di(hye), s)]
mEe
(1= A) B 7 (hes du(he), 5)] |
It follows that for all € > 0 there exists a policy ¢ € II such that

GT A de(he),p) > Gy he dy(he),p) — €, ¥ hy € He.



Consider all decision rules d; € Dy, p; € P;. We now have:

Gy (hy) = sup { inf BT [X-ri(se, di(he), s)]
nell \Pt€Pe
+(1 — )\) . E;; [Tt(8t7dt(ht), S)]

+éf’/\(ht, dt(ht)vpt)}

> sup { inf E [)wrt(st,dt(ht),s)]
di€Dy (PtEP:
+(1 = A) - Eg, [re(se, di(he), s)]

"‘G:E’A(ht,dt(ht)vpt)}

> sup { inf E7 A ri(se, di(hy), s)]
dieD; \PtEP:
+(1=X)- E;i [re(se, di(he), 8)]
+GI’A(ht7dt(ht)apt)} -

Since € > 0 is arbitrary, we then have that:

G ()
= su inf IE X-1e(se, di(he), s
dtégt { ptEP: [ t( t t( t) )}

+ (1= A)-Ef, [re(se, di(he), s)]
+ G e do(he), o)

By the definition of P; and D;, we note the following:

Gi* (he)
=  sup q(a) inf P(5)re(s0, 0 5)
qEA(A(9f)) { ae_AZ(St) < pep(ét a) Z
N3 rdena ) + G*’A(hua,p))}
sES
= su inf Vro(si,a, s)
aeA(pst) { peP(st,a) Zp t t
N Do p )relsisa,8) + G (ht7a,p)}
seS
= sup { inf {)\'E,J"S,a’s
a€A(s) \ PtEP(st,a) P [ t( t )]

(L= X) By [ru(se:a,8)] + Gi (e, a,po) } -

To clarify notation, here ptst’ € A(S) is the distribution according to P at time ¢ given current state
s and action a. O

O

Proposition 4.2 (Restatement of Proposition [3.4). Ler I1p be the set of all history dependent
deterministic policies. I can then fully characterize the advice augmented value function {G; A
t=0,1,...,T} inthat for all t we have:

GiMhy) = sup {GT(hy)}.

wellp



Furthermore, consider the optimal policy 7*, for the advice augmented setting, this policy is Marko-
vian

Proof. The proposition above follows directly from the realizing that Theorem [3.3] specifies a
deterministic policy and thus optimizing over the space of deterministic policies gives us an optimal
policy. We get the Markovian property by realizing that the satisfaction of the equations in Theorem
3.3|are such that the optimal policy selects the best action only based on s;. More concretely, consider
the following argument using inductive reasoning. For the base case, at time step 7, the advice
augmented reward is only a function of the final state. For the inductive case assume, that we have an
optimal Markovian policy for time step ¢ + 1 for all possible histories h;, we argue that at time step ¢

we have a Markovian policy. Note that sup, { AV | (A1) + (1 = AN) 7 (heg1)} = G:‘fl(htﬂ) =
Gz‘j:‘l(stﬂ) by the inductive hypothesis. Realize how s;11 depends only on s; from the history
hy. This therefore means that G (hy, dy(he), pr) = G (54, dy(he), py) substituting this into the

*

equations in Theorem we can then deduce that G;**(h;) = G (s;). In other words, the only
dependency on h; is via s; which implies the optimal policy is Markovian at time ¢ as well. [0 [

Proposition 4.3 (Restatement of Proposition [3.5). Consider any two functions f1, fo with attainable
suprema. The following set has elements that lie on the Pareto frontier with respect to f1, fo:

Sx = {z |z € argmax(Afi(2) + (1 = A) fa(2))}

forx e (0,1).

Proof. Assume towards a contradiction that there existed a A, x such that x € S) yet x was not
Pareto optimal with respect to f; and f;. This would mean that there would necessarily exist
some z’ such that fi(z') > fi(z) and fa(z') > fa(x) with one of the inequalities being strict.
From this we have that Af;(2’) > Afi(x) and (1 — X\) fa(2') > (1 — A) fo(«) which implies that
Afi@)+ (1 =N fa(2") > Af1(z)+ (1= N) f2(z) VA€ (0,1). The strictness in the last inequality
follows from the necessity of having one strict inequality in the Pareto sub-optimality condition. This
would contradict the assumption of z’s membership in S). O

Theorem 4.4 (Restatement of Theorem. Let ™ € Sy forall X € (0,1). Robp (), Conp (m)
for fixed P, P and defined over the domain of ™ are increasing and decreasing functions in \
respectively.

Proof. We begin by considering A1, A2 such that \; > Ao. Assume towards a contradiction that
Robp(722) > Robp(m*1). We have the following cases:

Case 1: Conp:(772) > Conps (7).

In this instance we have that Robp(7*2) > Robp(n*t) and Cong(7*2) > Conp (7*1) which
implies that:

ARobp(72) 4+ (1 — A) Conps (772) >

ARobp (7)) 4 (1 — \) Conp/ (721) VA € (0,1).
This contradicts 71 ’s membership in the set S;.

Case 2: Conp (7*2) < Conps (71).

We have by definitions and construction of 7*’s that:

A2 Robp(772) 4 (1 — Ap) Cong: (772) >
A2 Robp(721) 4 (1 — Ag) Conp (71)



Which by the assumptions that A\; > A2, Robp(7*2) > Robp(7*1) and the case that Cong (712) <
Congp (1) we can deduce that:

A1 Robp(772) 4 (1 — \;) Cong: (772) >
A1 Robp(721) 4 (1 — Ap) Conp (7).

This is essentially because, A; moves weight to the function Rob p, for which we have Robp (7r)‘2) >
Robp(7*1). This again contradicts 7*1’s membership in the set S;.

With these two cases, we can conclude that Robp is increasing over the domain S, with respect to A.
Similar logic follows through to establish how Conp is a decreasing function over the domain S,
with respect to \. O

Theorem 4.5 (Restatement of Theorem [3.8). Assume that the ambiguity set P is (s, a)-rectangular
and convex. There is an algorithm such that for any fixed P, P, it can identify the policy ™ € S
which optimizes the following

arg max min{ Robp(7), Conp (7)}
with O(log(]Sx|)) policy evaluations.

Proof. We begin by making the connection that the optimization problem above amounts to selecting
an appropriate value of A as we are optimizing over the set of policies that can be parametrized by
the selection of \. In particular, the optimization problem above can be rewritten as equation [3.2]
Consider the following:

Ahop = TG m)é\ix{)\\ Robp(m*) < Conp (7*)}.

Abion = arg m/\in{/\| Conp: (1) < Robp(7*)}.

We note that if Robp(7*) > Conp (1) VA € (0,1) then A%, = 1 and similarly if Conp/ (7*) >
Robp(7*) VA € (0,1) then A%, = 0. Realize that the solution to equation [3.2lies in the set
{ N fons Ao }- We get this from Theorem [3.7)and note that we have Robp as an increasing function
and Conp’ as a decreasing function of A\. We can simply run two binary search algorithms to find
policies 7 that correspond to { A Tons Alon } Tespectively. We note that the set S, contains a finite,
discrete, number of policies by the convexity and (s, a)—rectangularity of the ambiguity set P and
hence we can find these policies in O(log(]|.S;|)) time. After this, we simply pick the policy that
results in a higher value for the optimization problem above. O

A3: Experimental Results

In this section, we move to provide an illustration of the tradeoff between robustness and consistency
for a grid world navigation problem. In our experimental setup, we have a single agent navigating a
grid world from which they attempt to reach a target given a particular starting point. The agent only
has 4 actions available to them: Up, Down, Left, Right. The transitions into the next state depend on
their current state, their action, and some stochasticity from the general environment. We think of
this stochasticity as the likelihood of being transferred into another arbitrary state despite the agent’s
actions.

The robust formulation begins with transition dynamics that are such that the action taken by an agent
completely determines the next state the agent finds themselves in. If the agent selects an action that
leads them out of the grid world, they simply remain in the same square they took that particular
action from (i.e., if the agent moves up, they go up unless they are at the edge of the grid world, in
which case they just remain in the same square). Let this nominal transition distribution be P. From
this nominal distribution, the robust formulation considers a y2—ball of radius p around each of the
distributions specified by the state and action the agent takes from that state. Concretely, we define
the ambiguity set P to be:

P={F: th(s’a) eP, D,» (pt(s’a),pgs’a)) <p}



We note that we make use of the symmetric definition of x? distance:

sa) (s L (07 (8) = pi(5))2
Dy (p,", p} ))=§Z N CT P
ses D¢ (3) + " (5)

For the advice, we make use of structural constraints in order to better aid with the transition
distributions. In particular, we assume advice which is such that, the agent is only perturbed into
some states that are adjacent to their current state. In particular, we find a distribution such that the
agent only is likely to slip into “obstacle” cells and only if they are adjacent to such cells.

In Fig. |1} we showcase an instance of this grid world problem. In this instance, the agent starts from
one corner of the grid world and seeks to make it to the ‘Goal’ located on the opposite corner of the
grid world. In our evaluations, we assume that the agent is equally likely to start from any cell in the
grid world.

Numerically, we show how policies that solve equation 1| trade-off for different values of . We make
use of dynamic programming []] to identify the optimal policy for equation[I]as per Theorem[3.3] In
our plots, we see how there are only a discrete number of policies that characterize the Pareto Frontier
as our theory suggests. Finally, our numerics illustrate the monotonicity suggested by Theorem3.7]
In particular, we see how robustness is an increasing function with respect to A whilst, consistency is
a decreasing function. We also note that as p increases, the robust value decreases, incentivizing the
selection of A values closer to 0 in the case that the decision-maker wants to obtain any benefit from
the predicted transition kernel.
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Figure 1: 3X3 Grid world problem instance with optimal trajectory.
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Figure 2: Robustness, consistency trade-off for different values of p which specifies the size of the
ambiguity set.
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