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Abstract. Robust POMDPs extend classical POMDPs to incorpo-
rate model uncertainty using so-called uncertainty sets on the tran-
sition and observation functions, effectively defining ranges of prob-
abilities. Policies for robust POMDPs must be (1) memory-based to
account for partial observability and (2) robust against model uncer-
tainty to account for the worst-case probability instances from the
uncertainty sets. To compute such robust memory-based policies, we
propose the pessimistic iterative planning (PIP) framework, which
alternates between (1) selecting pessimistic POMDPs via worst-case
probability instances from the uncertainty sets, and (2) computing
finite-state controllers (FSCs) for these pessimistic POMDPs. Within
PIP, we propose the RESCNET algorithm, which optimizes a recur-
rent neural network to compute the FSCs. The empirical evaluation
shows that RFSCNET can compute better-performing robust policies
than several baselines and a state-of-the-art robust POMDP solver.

1 Introduction

Robust partially observable Markov decision processes (RPOMDPs)
extend standard POMDPs with sets of probabilistic transition and ob-
servation functions [51]. These uncertainty sets account for impreci-
sion that may, for instance, come from probabilities derived from
data, sensors with limited precision, or domain experts expressing
uncertainty [34, 63]. Such settings are unsuitable for the standard
POMDP assumption that probabilities are precisely known.

Policies select actions based on limited state information towards
some objective, for instance, optimizing the expected reward. These
policies require memory as they inherently depend on the sequences
of past actions and observations, also known as the history.

Robust policies for RPOMDPs must furthermore account for
model uncertainty pessimistically, that is, they optimize against the
worst-case instances within the uncertainty sets, providing a lower
bound on their actual performance and ensuring their robustness. In
summary, RPOMDPs require policies that (1) use memory to reason
over the histories and (2) account for model uncertainty.

To robustly optimize a policy against pessimistic instances of the
RPOMDP, a policy’s worst-case performance needs to be assessed

* Corresponding Author. Email: maris.galesloot@ru.nl. The article with ap-
pendix is on arXiv [19]. Code: https://doi.org/10.5281/zenodo.16947259.
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Figure 1. Overview of the PIP framework. The steps on the left, generating
an FSC for pessimistic POMDPs through an RNN, are specific to RFSCNET.

analytically. Finite-state controllers (FSCs) are a suitable policy rep-
resentation for which we can find the worst-case performance analyt-
ically through efficient robust dynamic programming [30]. However,
computing FSCs often relies on selecting a predetermined memory
size and structure [31]. Instead, we desire a more flexible memory
structure, which we can achieve by optimizing a recurrent neural
network (RNN) to search for FSCs [11]. An RNN has a flexible mem-
ory structure that can learn sufficient statistics of the histories from
data [40]. The drawback, however, is that analytically determining
the worst-case performance of an RNN-based policy is intractable.
While optimizing policies for POMDDPs is extensively studied [23,
2, 56, 38], methods to compute robust policies for RPOMDPs are
sparse, with the most notable approaches being robust point-based
value iteration (RPBVI) [51] and sequential convex programming
(SCP) [16]. Critically, RPBVI scales poorly to large state spaces, and
although SCP scales well, it requires a pre-specified FSC structure,
which, as shown in our experimental evaluation, may deteriorate per-
formance. These drawbacks demonstrate the need for flexible and
scalable techniques to compute robust policies for RPOMDPs.

Our Approach and Contributions

We present a new approach for computing robust memory-based
policies for RPOMDPs. We propose a general framework for plan-
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ning in RPOMDPs, and by combining the strengths of the flexibility
of memory representation of RNNs and the exact robust performance
evaluation of FSCs, an algorithmic instance of this framework where
we leverage RNNs to compute FSC policies for RPOMDPs. Specifi-
cally, our contributions are:

Pessimistic iterative planning for RPOMDPs (Section 4). We
present the pessimistic iterative planning (PIP) framework to find ro-
bust policies for RPOMDPs, as outlined in Figure 1. PIP iteratively
computes policies for POMDPs within the uncertainty sets of the
RPOMDP that are pessimistic instances to the current policy, i.e., a
worst-case instance given the current policy. PIP alternates between
two main steps: (1) computing FSCs for (pessimistic) POMDPs and
(2) evaluating the FSC on the RPOMDP and selecting pessimistic
POMDPs. We implement PIP in RFSCNET, an RNN-based algo-
rithm consisting of two parts corresponding to the steps of PIP:

(1) Supervised learning of robust FSCs (Section 5). We train an
RNN based on data collected from supervision policies that we
optimize for the pessimistic POMDPs. From the RNN, we ex-
tract the FSC that we use for robust policy evaluation and pes-
simistic POMDP selection. With these pessimistic POMDPs, we
further train the RNN by refining the collected histories and as-
sociated supervision policy, guiding the RNN and, therefore, the
extracted FSCs towards a robust policy.

(2) Pessimistic POMDP selection (Section 6). First, we compute
the worst-case performance of the FSC on the RPOMDP via our
robust policy evaluation, thereby producing a guaranteed lower
bound on its performance. Using the results from the FSC’s ro-
bust evaluation, we construct a linear program that efficiently
finds a POMDP instance within the uncertainty sets that is pes-
simistic, i.e., a worst-case, to the current FSC.

The experimental evaluation on four benchmarks showcases that (1)
the FSCs found by RESCNET are competitive with and in some cases
outperform the state-of-the-art SCP solver for RPOMDPs [16], and
(2) using PIP increases robustness compared to baselines that train
on POMDPs that are heuristically chosen from the uncertainty sets.

2 Preliminaries

The set of all probability distributions over X is denoted by A(X).
A distribution € A(X) is called Dirac if p(xz) = 1 for precisely
one x € X and zero otherwise. The number of elements in a set X is
denoted by | X |. Iverson brackets return [P] = 1 if predicate P is true
and 0 otherwise. Finally, the set of probability intervals with lower
bounds strictly greater than zerois I = {[,7] |0 <i < j < 1}.

Definition 1 (POMDP). A partially observable Markov decision pro-
cessisatuple M = (S, A, T,Z,0,C), where S, A, Z are finite sets
of states, actions, and observations, T: S x A — A(S) is the tran-
sition function, O: S — Z is the deterministic state-based observa-
tion function, and C': S x A — Rxq is the cost function.

For simplicity, we consider POMDPs with deterministic observa-
tions, which is without loss of generality, as every POMDP can be
transformed into one with deterministic observations at the cost of a
polynomial increase in the size of the state space [13].

A trajectory in a POMDP is a sequence of states and actions:
wg = s1a182...8g € (S X A)Hi1 x S, such that T'(s¢41 |
st,ar) > 0for 1 < t < H. A history is the observable fragment
of atrajectory: hy = O(s1)a10(s2)...0(sy) = z1a122 ... 20 €
(Z x AY =1 x Z. The sets of all trajectories and associated histories

are 2 and H, respectively. Histories can be summarized into suffi-
cient statistics known as beliefs, that is, probability distributions over
states [33, 4]. The set of (reachable) beliefs is B C A(S). The initial
state distribution (belief) is by € B. A belief b € 3 can be computed
from a history h € H and by using Bayes’ rule [60].

A policy resolves the action choices in a POMDP and is a func-
tion m: H — A(A) that maps histories to distributions over actions.
Since beliefs are sufficient statistics for histories, policies may also
be belief-based, i.e., of type m: B — A(A). A policy is deterministic
if it only maps to Dirac distributions, and the set of all (history-based)
policies is denoted by II.

We focus on minimizing the expected cost of reaching a given set
of goal states G C S, also known as the stochastic shortest path
(SSP) problem [6]. While we focus the presentation of this paper on
the SSP problem, it generalizes to discounted rewards [52, 8]. For any
trajectory w, the cumulative cost poc: @ — R>o U {400} is [18]:

o0 vVt e N, st € G,

min{t | st€G}—1 C

t=0 (st,ar) otherwise.

poc(w) = {
The objective is to find an optimal policy 7 € 1I that minimizes the
expected cost JT. of policy 7 under transition function 7":

m* € arginf JT,

where  J7 = Er 1 [poc(w) | so ~ bo].
well

Here, the expectation E 1 [-] is over the trajectories w generated by
following policy 7 under the transition function 7". The decision vari-
ant of the problem of finding an optimal policy for the SSP problem
in a POMDP is undecidable [42]. Therefore, it is common to approx-
imate optimal policies with finite memory. A policy is finite-memory
if it can be represented by a finite-state controller (FSC) [23].

Definition 2 (FSC). A finite-state controller for a POMDP M is a
tuple 7y = (N,no,d,n) where N is a finite set of memory nodes,
no € N the initial node, : N x Z — A(A) is the action function,
andn: N X Z — N is the memory update.

II; C II denotes the set of FSCs. At execution time, at state s and
node n, using z = O(s), the FSC selects action a ~ (- |n, 2)
and updates its node to n’ = n(n,z). By ¥(a,n’ | s,n) =
5(a|n,0(s))[n = n(n,O0(s))], we denote the joint probability of
the FSC selecting action a and updating to the next memory node n'.
The expected costs J;f of an FSC 7y on a POMDP M is evaluated
by computing the state-values on the product Markov chain [43, 5].

3 Robust POMDPs

Robust POMDPs (RPOMDPs) [51, 9] extend POMDPs by account-
ing for uncertainty in the transition and observation functions. That
is, the probabilities are no longer given, but only known to belong
to some uncertainty set [67, 51]. Without loss of generality, we fo-
cus on uncertainty over the transition function, as any RPOMDP
with an uncertain observation function can be transformed into an
equivalent RPOMDP with a deterministic observation function, see
Appendix B [19] or [9]. Similarly, we omit reward uncertainty for
brevity, but it can be included in a straightforward manner [51].

Definition 3 (RPOMDP). A robust POMDP with interval uncer-
tainty is a tuple M = (S, A, T,C, Z,0), where S, A, Z, and C, O
are as in Definition 1, and T : S x A — (S — 1U{0}) is the uncer-
tain transition function that maps transitions to either a probability
interval in 1, or probability 0 whenever the transition does not exist.
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Henceforth, we assume the standard rules for interval arith-
metic [26]. We allow only intervals with a lower bound greater
than zero to avoid the vanishing of transitions, also known as graph
preservation. This assumption is standard if intervals are learned
from data [67]. Furthermore, for the objective considered here, a
lower bound of zero is only possible if one assumes all trajectories
reach the goal states G with probability one. Otherwise, G may be-
come unreachable in the worst case.

A robust MDP (RMDP) [62] is a fully observable RPOMDP, i.e.,
where Z = Sand Vs € S: O(s) = s. APOMDP M with transition
function 7" is called an instance of the RPOMDP if every transition
probability of 7" lies within its respective interval in 7. With abuse
of notation, we may also write T' € 7 and M € M.

RPOMDPs can be seen as a game between the agent and a second
player, nature, which selects probability distributions from the un-
certainty set. We assume the dynamic uncertainty model [30], which
means that nature’s choices are not restricted by any previous choice,
and independence between all state-action pairs, a common assump-
tion known as (s, a)-rectangularity [67] Specifically, the uncertain
transition function 7 factorizes over state-action-pairs, i.e., it is com-
prised of the Cartesian product 7 = @), ,)e5x 4 7 (8, a), where:

T (s,a) = {T(s,a) € A(S)|Vs' € S: T(s" | 5,a) € T(s,a)(s")}.

While we focus on uncertainty in the form of intervals, the results
presented in this paper generalize to (s, a)-rectangular uncertainty
sets that are graph preserving and form convex polytopes, such as
those constructed from the ¢; or £ norms.

RPOMDPs have two optimal value functions and associated op-
timal policies: one where the agent and nature play adversarially,
and one where they play cooperatively. The former is the robust (or
pessimistic) setting, and the latter is the optimistic setting. Our ap-
proach extends to both the robust and the optimistic case. We focus
the presentation on the robust setting in the remainder of this paper.

In RPOMDPs, the trajectories generated by a policy m € 11 depend
on the transition function 7' € 7. Hence, we minimize the robust
value J7, which represents the worst-case expected cost:

J7 = sup Jr.
TeT

7w € arginf J7, where

mell

The undecidability of the decision variant of this problem follows

from that of our objective in POMDPs [42]. Therefore, we cannot

aim for completeness. Instead, we focus on developing a practical

and modular algorithm that computes robust FSCs, including a sound
policy evaluation, while allowing for a flexible memory structure.

Goal. Given an RPOMDP M = (S, A, T,C, Z,O), compute an
FSC 74 € II; that minimizes the robust value 7/ .

4 Pessimistic Iterative Planning

We present our main contributions. First, we outline the two main
parts of the pessimistic iterative planning (PIP) framework. Subse-
quently, we give an overview of our algorithmic implementation of
PIP, named RESCNET, which computes robust FSCs for RPOMDPs
by optimizing an RNN and extracting FSCs from the RNN.

4.1 The PIP Framework

Analogously to a sequential two-player game, PIP iteratively exe-
cutes two parts, representing the two sides of Figure 1:

(1) Compute an FSC policy 7 for a given POMDP M € M.
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(2) Select a pessimistic POMDP M € M with respect to 7y, and set
M < M. Give M as input to (1).

These steps are repeated in a sequential game-like fashion. The first
player executes Step (1) and computes an FSC 7 that minimizes
the expected cost in the (non-robust) POMDP M. Note that PIP
may use any existing approach that computes FSCs for (non-robust)
POMDPs. The other player then executes Step (2) and determines a
POMDP M € M that is pessimistic with respect to 7, effectively
maximizing the expected cost incurred under 7. Returning to Step
(1), the first player takes M into account and computes a new (up-
dated) FSC optimized for M. This process is repeated until we reach
a termination criterion, i.e., the robust performance of the FSC satis-
fies a target threshold or a maximum number of iterations is reached.

On convergence. Computing robust policies for cost minimization
in an RPOMDP results in a sequential zero-sum game between the
agent and nature [27, 9]. PIP approximates this game through an it-
erated best-response formulation, where both the agent and nature
optimize their policy based on the given policy of the other player.
The goal of this paper is not to formalize the resulting game. Still, we
present our considerations in the following. In finite games where
each player optimizes over a finite set of policies, convergence is
achieved when the optimization of both players’ policies reaches a
saddle point, i.e., infr e, SUprer Jrf = suprer infr; ey J’,
and a Nash equilibrium follows under mild conditions [54]. If we
limit the agent to deterministic FSCs, it can be argued that the set of
policies of both players is finite. However, the sequential structure of
the PIP approximation does not fit directly into the classical Nash for-
mulation. Stackelberg games encapsulate sequential games [69, 54],
but assume that the first player considers all possible responses of
the other player, which does not occur in PIP. Establishing whether
equilibria exist and whether a formal guarantee of convergence for
a framework like PIP is possible is an open problem. Therefore, PIP
does not aim at completeness; we cannot guarantee that an optimal
policy or a set threshold will be achieved in the long run of PIP.
Instead, the PIP framework provides soundness: the robust policy
evaluation steps provide a bound on the worst-case performance. To-
gether with a preset threshold, this evaluation provides a sound ter-
mination criterion and an additional limit to the number of iterations.

4.2 The RFSCNET Algorithm

Next, we detail the steps of our algorithm RFSCNET, which imple-
ments the two parts of PIP. Part one corresponds with Section 5
and the left-hand side in Figure 1. We compute FSCs for input
POMDPs M € M using an RNN, which is specific to RESCNET:

i Compute a supervision policy mys for the input POMDP M (Sec-
tion 5.1) and simulate 75, on M to collect the histories and the
action distributions of 7, into a data set D (Section 5.2).

i Train the RNN policy 7% on the data set D (Section 5.3) and ex-
tract an FSC 7y (Section 5.4).

Part two corresponds to Section 6 and the right-hand side of Figure 1.
Here, we implement the robust policy evaluation of a computed FSC
and, subsequently, the selection of new pessimistic POMDPs. These
steps other ways of computing the FSC. In this part, we:

iii Evaluate the robust value J;f of the FSC 7¢ through robust dy-
namic programming (Section 6.1).

iv Compute a new pessimistic POMDP M & M based on the
FSC 7y (Section 6.2). Set M <— M as the next input.
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We track the best policy found based on j;f , and we determine
whether to stop the algorithm based on the aforementioned termi-
nation criteria of the PIP framework. Otherwise, after Step (iv), we
start a new iteration at Step (i) using M as the new input POMDP.

We opt for a model-based approach, using approximate solvers
to compute supervision policies mwpr for M € M and train the
RNN to imitate w7 in a supervised manner, resembling imitation
learning [57, 28]. Alternatively, we could employ model-free tech-
niques from reinforcement learning, such as recurrent policy gra-
dients [66], to optimize the RNN. Our method readily supports this.
However, model-free methods neglect the available information from
the model. Therefore, in addition to the fact that reinforcement learn-
ing under function approximation may diverge [17], it typically re-
quires many samples to achieve reasonable values [55, 44].

5 Supervised Learning of Robust FSCs

In this section, we specify the methods in RESCNET used to compute
FSCs given input POMDPs: collecting data, RNN architecture and
training, and extracting a finite-state controller policy from an RNN.

5.1 Supervision Policies

Since computing an optimal policy in POMDPs for our objective
is undecidable (recall Section 2) and our framework relies on com-
puting policies for multiple POMDPs, fast approximate methods are
needed. We compute supervision policies wpr: B — A(A) that ap-
proximate the optimal policy 7* for the POMDP M. In particular,
we approximate the belief-based action-values Qpr: B x A — R
for M € M, which we denote by Q M, and use either Qumpp [41] or
the fast-informed bound (FIB) [24] to compute these approximations,
denoted Qwmpp and Qs respectively. The supervision policy is then
derived by acting greedily, i.e., taking a Dirac distribution on the min-
imizing action, such that 7ar(a | b) = [a = argmin,_ , Qs (b, a)].

Qwmpp neglects information-gathering and assumes full state ob-
servability after a single step [41]. The values Qrp are tighter than
those of Qmpp since it factors in the observation of the next state. See
Appendix C [19] for more details. Other methods may also be used,
such as variants of partially observable Monte Carlo planning [58] or
heuristic-search value iteration [59] for POMDPs with target states.

5.2 Data Generation

To train the RNN, we generate a dataset D by simulating the super-
vision policy 7y on the current (pessimistic) POMDP M € M.
We execute I € N simulations up to length H € N. During the
simulations, we play the actions of the supervision policy mas. We
aggregate the histories and associated action distributions generated
by following 7x;.

To elaborate, at each time step 1 < ¢t < H of simulation i, we
track the beliefs bgi) associated with history hi”, using the transition
function T of M, with b the initial belief by of the RPOMDP M.
Then, ui” =7m(-| bgi)) is the action distribution of the supervision
policy mas during the simulation, and agi) ~ ugi) is the action used in
simulation ¢ at time ¢. We store the histories and action distributions
in the dataset D = {{hg”7 i) ML}, which then consists of 1- H
histories and the associated action distributions. We only consider the
data generated by simulation in the most recent iteration, which we
found leads to the most stable results. In the next step, we employ D
to train the RNN policy 7®.

5.3 RNN Policy Architecture and Training

Comparably to FSCs, RNNs are (infinite) state machines parame-
terized by differentiable functions. The states heH CR repre-
sent memory, where d defines the hidden size of the vector. Analo-
gously to an FSC, we design the RNN to consist of a parameterized
internal memory update 74 : H x Z — H that recurrently com-
putes the new latent state h € H from the observations of a history
h € H. Thus, the RNN represents a function RNN: H — 7. When
we append a fully connected layer with a softmax activation func-
tion 0®: H — A(A) to the RNN, it yields an RNN policy network
7% : H — A(A) from histories to distributions over actions.

The training objective for the RNN is to minimize the dis-
tance between the distributions of the RNN policy 7¢ and the
distributions g of the supervision policy mas over the dataset D:
ming rprg SIPLSE L7 () || 1l?), where L is a distance
or loss function, e.g., Kullback-Leibler divergence, and for each
batch index ¢ and time-step ¢, the histories h,(f) are the RNN’s in-
puts, and the action distributions ,ugw are the labels. To optimize the
parameters ¢ of the RNN, we calculate the gradient via backpropa-
gation through time [65]. See Appendix D.2 [19] for more details.

5.4 Extracting an FSC from an RNN

Recall that in our approach, we change the POMDP at each iteration
to be pessimistic against the current policy. For robust policy evalu-
ation and to select the new pessimistic POMDP M € M, we need a
finite-memory representation of the policy, which we find as follows.

We cluster the hidden memory states of the RNN [68, 50] to
find an FSC. Prior work [11] uses a quantized bottleneck network
(QBN) [37] to reduce the possible memory states to a finite set. They
train the QBN post hoc by minimizing the mean-squared error on the
hidden states generated by the RNN. Alternatively, we can train it
end-to-end by updating its parameters with the loss from Section 5.3,
which we name QRNN for quantized RNN. Moreover, similar to post
hoc training of the QBN, we can run a clustering algorithm such as
k-means++ [3] to minimize the in-cluster variance of the hidden
states. For post hoc training, we employ the histories in D to generate
the RNN hidden states. We consider all three methods in our experi-
ments and provide more details of the QBN in Appendix D.1 [19].

Instead of through simulations, as done by Koul et al. [37], we
utilize the model to construct the FSC. The clustering determines a
finite set /N of memory nodes of the RNN’s possible hidden states,
i.e., a partitioning of 7L. We find the FSC’s memory update 1 by
executing a forward pass of the RNN’s memory update 7, for each
reconstruction of n € N, which produces the next memory nodes
n' € N and RNN hidden state b € H for each z € Z by exploiting
the batch dimension. Then, the action mapping ¢ for n and z is given
by the distribution of the RNN policy network o®(h) for the next
memory state. The RNN’s initial state determines the initial node
no, and we prune any unreachable nodes from the FSC.

Alternatives include unfolding 7% and minimizing the resulting
policy tree [21], or using active automata learning [45]. Yet, these
methods do not adequately scale since the size of the policy tree is ex-
ponential in the horizon, which is an inherent problem of POMDPs.

6 Robust Policy Evaluation and Pessimistic
Selection of POMDPs

The previous section explains how we find FSCs given the input pes-
simistic POMDPs. Now, we present our methods for a sound robust
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policy evaluation of the FSC and, subsequently, for selecting a pes-
simistic, i.e., a worst-case POMDP M & M from this evaluation.

6.1 Robust Policy Evaluation

‘We evaluate the robust performance of the FSC on the RPOMDP via
the product construction of a robust Markov chain (RMC), similar to
the one used for evaluating FSCs in (non-robust) POMDPs [43].

Definition 4 (RMC). From an RPOMDP M = (S, A, T,C, Z,O)
with initial belief bo and an FSC 7y = (N, no,d,n) we construct
a robust Markov chain M™ = (S x N, by’ , P™,C™1) where the
state-space is the product of RPOMDP states S and FSC memory
nodes N, the initial state distribution is by’ ({s,n)) = bo(s)[n =
no|. The uncertain transition and cost functions are as follows:

PT((s ) | (s,m) = Y T(s,a)(s)ib(a,n’ | 5,m),
acA

C™ ((s,n)) = Y _ 8(a|n,O(s)C(s,a).

acA

The robust value j;f of the FSC 7 is determined by comput-
ing the robust state-value V™7 : .S x N — R>¢ of the RMC M™*f
via dynamic programming [53, 30], such that its value J,/ =
Dem bo! ({s,m))V™7 ((s,n)) is the worst-case expected cost of the
FSC given the assumptions of this paper. The robust state-value V"¢
is the fixed point [53] of the following robust Bellman equation:

V' ((s,n)) = C™ ((s,n)) + sup (D
PTF ((s,1))€P™ ((s,n))

ST P | (s ().

s’eSn’'eN
where P77/ ({(s,n)) = > ... T (s,a)¥(a,- | s,n) is the resulting
uncertainty set in the robust Markov chain. If the FSC 7 reaches the
target set G with probability one, then the above Bellman equation is
a contraction with respect to a weighted maximum norm [7, 52, 53].

Effectively, (s, a)-rectangularity carries over to the product state-

space of the RMC, leading to ({(s,n) ,a)-rectangularity; the uncer-
tainty set additionally factorizes over the memory nodes. That is, na-
ture’s choices can change depending on the agent’s memory node,
yielding a conservative bound on the robust value, as formalized in
the following theorem.

Theorem 1. Given the FSC ¢, the robust state-values Y™/ of the
RMC MT™¢ provide a conservative (upper) bound on the value vy
of the FSC 7y under (s, a)-rectangularity in the RPOMDP.

Since the agent policy 7 is fixed, dynamic programming on the
RMC is tractable due to both the rectangularity and convexity of the
uncertainty sets, and the dynamic uncertainty model [49, 30, 14].

We could consider the ((s,n) , a)-rectangularity simply as (s, a)-
rectangularity plus the dynamic uncertainty model, allowing nature
to choose different probabilities when revisiting (s,a) € S x A for
different n € N. However, the dynamic model in this case does
not converge to a fixed probability distribution, i.e., a static model,
for each (s, a) pair as is the case for RMDPs with stationary poli-
cies [30]. Instead, it converges to a fixed probability distribution for
each (s, n,a) triplet. It follows from the fact that a static model re-
sults in the same value as a dynamic uncertainty model over the state
space of the robust Markov chain [30, 14]. The intuition here is that
the FSC 7 is a stationary policy over S X N. Therefore, it also
suffices for nature to act with a stationary policy. The next theorem
formalizes this result.

Theorem 2. In the RMC M™7, the value under the dynamic model
o
V71 coincides with the value under a static model V !

Appendix A [19] contains the proofs for the two theorems above.
Thus, there exists a transition function Tn: S x N x A — A(S)
that is adversarially chosen by nature that induces the worst-case ex-
pected costs of the FSC 7. In addition to the usual transition func-
tion of a POMDP, it also depends on the memory update function of
the FSC.

6.2 Selecting Pessimistic POMDP Instances

We now construct a heuristic to find a new POMDP instance M €
M that constitutes a local worst-case instance for the current policy
my¢ € Iy under (s, a)-rectangularity of the RPOMDP.

Let 7y = (NN, no, d,n) be the current FSC, and let P;f e pPTs
denote the transition function of the Markov chain by selecting the
transition probabilities T € 7. Given the robust value function V"f
computed from Equation (1), we aim to find a POMDP M € M that
induces its worst-case value and, thus, is pessimistic to 7.

Definition 5 (Pessimistic POMDP). Given an FSC policy 7y and
its robust value function Y™, a pessimistic POMDP M € M is
a POMDP M = (S,A,T,C,Z,O) with a pessimistic transition
function T € T with respect to the robust value function V™7, such
that T € argmaxp., Pp/ V™.

As described in the previous subsection and in more detail in Ap-
pendix A [19], the robust value function is effectively computed
under ((s,n), a)-rectangularity, resulting in probabilities that may
differ for each memory node n, i.e, with a transition function of
type Tnv: S x N x A — A(S). However, we desire our pes-
simistic POMDPs to have a typical transition function of the signa-
ture T: Sx A — A(S). Therefore, we compute transition probabili-
ties under the additional constraint that probabilities are independent
of the memory nodes n € N, i.e., under (s, a)-rectangularity:

T(s" | s,a)y(a,n’ | 5,n)V™ ((s',n')).

n,s’,n’

argmax
T(s,a)ET (s,a)

We construct a single linear program (LP) that precisely encodes
our requirements, using the independence among state-action pairs.
Let TS,G’S/ be the optimization variables representing the probabili-
ties of a pessimistic transition function. The LP is formulated as:

max Ty ws W(a,n | n,s) V(s ,n
2 Sn;ﬂ/ s Y(a,n [ n,s) VI ((s',n'))
stVs,a€Sx A Y Toaw=1, )
s'eS
Vs,a,8 € Sx AxS: Ts,a,s/ € T(s,a)(s).

Solving this LP yields assignments for the variables Ts,a,s' that de-
termine a pessimistic transition function T: S x A — A(S) that
satisfies T'(s,a) € T (s,a) for all (s,a) € S x A. By construc-
tion, the assignments are valid probability distributions within each
respective interval and yield a heuristic for the worst possible value
for the given FSC under (s, a)-rectangularity.

With the selection of a pessimistic POMDP instance M =
(S, A, T,C,2, O), we have closed the loop of PIP, and resume the
algorithm by optimizing the FSC for the next input M € M unless
we have reached a termination criterion specified in Section 4.1.
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Boxplots depicting robust values (lower is better) of the extracted FSC policies for both RESCNET and the baselines reported across 20 seeds.

All are configured with Qumpp and k—-means with [N| < 9. Generally, RESCNET finds the most robust policies across environments, in contrast to the
algorithmically similar baselines, i.e., they employ an RNN to compute FSCs, but do not employ the pessimistic POMDP selection steps of the PIP framework.

7 Experimental Evaluation

We empirically assess different aspects of RESCNET to address the
following questions:

(Q1) Robustness and baseline comparison. How does RESCNET
compare to various baselines that do not utilize the PIP frame-
work: does PIP enable robust performance?

(Q2) Comparison with the state-of-the-art. How does RFSC-
NET’s performance compare to the SCP solver?

(Q3) Memory size sensitivity. How does the specified memory size
affect RESCNET and SCP’s performance?

(Q4) Configuration sensitivity. How do different configurations of
supervision policies and clustering methods affect the perfor-
mance of RESCNET?

The experimental evaluation is set up as follows.

Environments. We use the existing RPOMDP benchmark of the
Aircraft collision avoidance problem [36, 16], and extend three
POMDP grid-worlds with adversaries to RPOMDPs, named Avoid,
Evade, and Intercept [32]. On Aircraft, the agent is tasked to avoid a
collision with an intruder aircraft while accounting for uncertainty in
the probabilities of the pilot’s responsiveness and the intruder chang-
ing direction, both mapping to a [0.6, 0.8] interval. The grid-world
environments model the probability of taking multiple steps instead
of a single one for each possible moving action, given by the interval
[0.1,0.4]. We report dimensions in Table 1 and provide environment
descriptions and run times in Appendices E and G [19], respectively.

Baselines. We evaluate the impact of the pessimistic selection of
POMDPs of the PIP framework on robust values against several base-
lines. These run, like RFSCNET, on POMDPs within the uncertainty
sets of the RPOMDP, but selected by one of the following heuristics:

Lower bound. At the first iteration, select a POMDP within the
RPOMDP that greedily assigns the lower bounds of the intervals
to transitions, and distribute the remaining probability mass to en-
sure a valid probability distribution. Remains fixed over iterations.

Upper bound. Simililar to the above, but greedily assign the upper
bounds of the intervals to transitions while ensuring a probabil-
ity mass less than or equal to one, until it is no longer possible.
The remaining probability mass is distributed uniformly over the
remaining transitions. It remains fixed once initialized.

Random init. At initialization, randomly select a single POMDP
within the RPOMDP that remains fixed throughout the iterations.

Instances  Aircraft ~ Avoid  Evade Intercept
|S| 13552 10225 4261 4802
|Z] 37 6968 2202 2062
|A| 5 4 5 4

Table 1. Dimensions of each benchmark environment.

Dom. Rand. At each iteration, randomly select a new POMDP
within the RPOMDP, resembling domain randomization [64].

At each iteration, the POMDP used is described above. The baselines
and RESCNET run for the same number of 50 iterations.

Metric. We compare the robust values j;f , of the FSCs 7y com-
puted by the baselines, RFSCNET, and SCP. For RFSCNET and the
baselines, we consider the best robust value found across the itera-
tions. As these methods include randomness in the sampling, initial-
ization, and training, we report statistics of the robust value across 20
seeds. SCP is not random given a fixed initialization of its hyperpa-
rameters, thus we only report a single value for its default settings.

Tools and Hyperparameters. We use the tools Storm [25] for
parsing the models and PRISM [39] to compute the RMDP values
for the lower bounds in Table 2 and for robust value iteration on the
robust Markov chain in robust policy evaluation. We build and train
the RNN and the QBN using TensorFlow [1]. The RNN cell is a
gated recurrent unit (GRU) [15]. For all the experiments, the simu-
lation batch size is set to / = 256, the maximum simulation length
is set to H = 200, and we run for a maximum of 50 iterations. The
RNN and QBN use an Adam optimizer [35] with a learning rate of
1-1073. The hidden size of the RNNs was set to d = 16. For solv-
ing the LP, we use the Gurobi solver [22]. The experiments ran inside
a Docker container on a Debian 12 machine. Our infrastructure in-
cludes an AMD Ryzen Threadripper PRO 5965WX machine with
512 GB of RAM. We train the neural networks on the CPU. The dif-
ferent seeds for the RNN-based methods were executed in parallel,
each running on a single core. Multi-threading in the Gurobi solver
used by SCP was enabled. In our initial tests, we considered hidden
sizes d € {3,16,64}, batch sizes I € {128,256,512}, learning
rates in the range of [1 - 1072, 1 - 10~ %], and different number of
iterations before arriving at our final values. We used the same in-
frastructure and experimental setup across methods.

Results. Figure 2 compares the performance of RESCNET to the
aforementioned baselines. Table 2 shows RFSCNET’s median and
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Robust Values j;f Aircraft  Avoid Evade  Intercept
Lower Bound (RMDP) 94.24 18.05 31.19 16.99
Scp (IN|=3) 116.03 20.07 37.97 31.57
(IN|=9) 116.58 29.51 39.78 101.12
(med.) 103.91 18.29 37.95 47.82
RFSCNET (min.) 102.10 18.20 37.10 31.61
(iqr.) +2.69 +0.12 +1.24 £26.97
Table 2. The median (med.), minimum (min.), and interquartile range (iqr.)

of the robust values of RESCNET across 20 seeds compared to those values
of SCP (lower is better). RMDP denotes a lower bound on the robust value by
computing the robust value of the underlying RMDP, assuming full observ-
ability. We highlight the best value between SCP and the med. of RFSCNET.

minimum performance when configured with a maximal memory
size of |[N| = 9, compared to the SCP method with two different
sizes |[N| € {3,9}. The heatmaps in Figure 3 showcase the effect
of various memory sizes |N| on the performance of both RFSC-
NET and SCP in Aircraft and Evade. In these results, REFSCNET is
equipped with k—-means++ clustering and Qmpp as supervision pol-
icy. Figure 4 shows the difference in training performance, in terms
of the RNN and QBN losses, between RESCNET and a baseline on
Intercept. Figure 5 compares RESCNET across multiple supervision
policies and clustering configurations to a baseline on Intercept. In
Appendix F [19], we provide the complete set of results.

7.1 Analysis

‘We now address each research question based on the experiments.

(Q1) Comparison to baselines. As seen in Figure 2, RESCNET
outperforms all baselines on Aircraft and Intercept, reaching a me-
dian value that is lower than the first quartile of all baselines. On
average, RFESCNET incurs lower expected costs than the baselines.
Figure 4 shows that in Intercept, training on pessimistic POMDPs,
instead of a single fixed POMDP, is a more difficult learning target.
Even though the training task is more challenging, RFSCNET still
performs well. The results are more ambiguous in the Evade envi-
ronment. The baselines can perform better, demonstrating that ignor-
ing the model uncertainty may suffice in this environment. Nonethe-
less, we still observe that RESCNET achieves at least the same ro-
bust performance as the baselines. On Avoid, RESCNET performs
slightly worse than the baseline that is trained on the upper bound
of the uncertainty set, while the remaining baselines clearly perform
very poorly. We conjecture that, by coincidence, the upper bounds
provide an adequate approximation of the worst-case probabilities.
Without this particular initialization, RFSCNET still achieves com-
parable performance to this baseline. Good baseline performance is
not guaranteed, and the baselines may find much worse performing
policies, as evidenced by the results obtained when trained on the
lower bound or through domain randomization. Thus, the baselines
are unreliable as they are sensitive to the POMDPs used throughout
training, while RESCNET performs reliably across environments.

(Q2) Comparison with the state-of-the-art. As seen in Table 2, in
comparison to RESCNET, SCP performs comparably on Evade and
best on Intercept when |N| = 3. These results showcase that SCP
performs well if the memory is cherry-picked for the problems. In the
case that the memory size in SCP is setto [ N| = 9, which is the same
maximal memory size we set for REFSCNET in these results, RF-
SCNET significantly outperforms SCP across all benchmarks. Fur-
thermore, RESCNET significantly outperforms SCP on Aircraft and

Aircraft Evade

116.03 116.52 115.88 116.58 157.20

37.98 37.99 ERENICPNIERUTRE

38.69

3 4 8 9 16 3 4 8 9 16
Maximal memory size Maximal memory size

103.75 103.38 103.36 102.95 103.28 38.35 [eiR 38.48

RFSCNET SCP
RFSCNET SCP

Figure 3. Heatmaps comparing the robust values j;:f under various mem-
ory sizes |[N| of RFSCNET (median across 20 seeds reported) to SCP’s.
Brighter colors (lower values) are better. With high memory sizes | N|, SCP
performs worse, whereas RESCNET performs consistently across all sizes.

Intercept
~0.10
0.04 RFSCNET
----- Baseline
-0.08
g -0.06 8
Z Z
Z aa]
[a4 -0.04%

-0.00

Iteration

Figure 4. Comparing the post hoc QBN and RNN training losses (averaged
over the seeds) between a baseline running on a fixed POMDP and RESCNET
on the RPOMDP on Intercept. Both are equipped with Qupp and a QBN.

Avoid across both memory configurations. Therefore, we conclude
that RESCNET improves over the state-of-the-art in these cases.

(Q3) Memory size sensitivity. Table 2 indicates that SCP per-
forms worse with more memory, especially on Avoid and Intercept.
To investigate further, we conduct additional experiments to com-
pare the performance of SCP and RESCNET on Aircraft and Evade
with increasing memory sizes. The heatmaps in Figure 3 show that
SCP also performs much worse on Aircraft and Evade when more
memory is specified A larger memory size implies more optimiza-
tion variables for SCP, which may be why its performance deterio-
rates, as SCP may get stuck in worse local optima when we allow for
more memory. In contrast, RESCNET is not sensitive to specifying
more memory nodes than necessary, exhibiting relatively consistent
performance across the memory sizes. These results demonstrate the
benefit of learning the memory structure instead of specifying it be-
forehand, as done in SCP.

(Q4) Configuration sensitivity. Figure 5 depicts the performance
of RFSCNET across various configurations on Intercept. Figure 6 in
Appendix F.1 [19] shows these results also for the other three envi-
ronments. From our results, we did not observe a major difference
between using Qmpp and Qris as supervision policies. While some-
times producing better results, training the QBN end-to-end proves
less stable than post hoc. Overall, clustering with k—-means++ pro-
duces the best results in our benchmarks. The results demonstrate
that, while the configuration does impact performance, RFSCNET
performs consistently across configurations.
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Figure 5. Boxplots of the best robust values across seeds on multiple con-
figurations tested for RFSCNET on the Intercept RPOMDP and a baseline on
a fixed (nominal) POMDP instance.

7.2 Discussion

The performance of the FSCs is impacted by the quality of discretiza-
tion of the hidden states of the RNN, and faulty extraction of the FSC
from the RNN leads to finding a robust value that is not informative
and, consequently, a pessimistic POMDP that is not helpful. How to
optimally extract finite-state representations of RNNS is still an open
problem. In this paper, we tested multiple options based on cluster-
ing. We emphasize that the PIP framework is modular and allows
other methods that compute FSCs for POMDPs to be used instead.
Finally, we note that the performance of RESCNET is limited by
the quality of the supervision policies we compute during training.
This limitation could, for instance, explain why RESCNET performs
worst on Intercept, as this benchmark relies on information gather-
ing, an aspect on which Qwmpp is known to perform poorly. Nonethe-
less, RESCNET’s modularity allows for any POMDP policy to be
applied as a supervision policy in the RNN’s training procedure, al-
lowing for trade-offs between quality and computational efficiency.

8 Related Work

Early works on RPOMDPs extended value iteration and point-based
methods to account for the additional uncertainty [29, 51], or use
sampling over the uncertainty sets [10]. Nakao et al. [46] extend
value iteration for distributionally robust POMDPs, where the agent
receives side information after a decision period, which is a less con-
servative setting. Extensions to value iteration for RPOMDPs typi-
cally do not scale well to the large state spaces (up to 13000+) we
consider in this paper. Ni and Liu [47, 48] introduce a policy iteration
algorithm for optimistic policies, which does not extend to the robust
setting we consider. Chamie and Mostafa [12] consider robustifying a
given POMDP policy to combat sensor imprecision. Recent methods
compute FSCs for finite sets of POMDPs through subgradients [20]
and for RPOMDPs via quadratic [61] or sequential [16] convex pro-
gramming, with the latter outperforming the former. In contrast to
our work, the convex optimization methods compute FSCs of a pre-
defined size and structure and cannot handle the optimistic case.
RNNs have previously been used in a planning setting to compute
FSCs for (non-robust) POMDPs [11]. Yet, robustness against model
uncertainty was not considered, and, to the best of our knowledge,

no method exists that exploits the learning capabilities of RNNs in a
robust planning setting.

9 Conclusion

In this paper, we presented PIP, a novel planning framework for
RPOMDPs, and our algorithm, RFSCNET, that is based on the PIP
framework. RESCNET utilizes RNNs to compute FSCs for the pes-
simistic POMDPs selected by PIP, allowing the memory structure to
be learned from data. Our experiments show that our approach yields
more robust policies than the baseline approaches. Additionally, RF-
SCNET is less sensitive to over-parameterization of the memory size
than SCP, a state-of-the-art solver. Furthermore, RFSCNET outper-
forms SCP in a subset of the benchmarks considered in this paper.
Future work may investigate alleviating the limitation of the supervi-
sion policies by optimizing the RNN with a more sophisticated train-
ing objective or by considering more advanced supervision policies.
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