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ABSTRACT

Solving partially observable Markov decision processes (POMDPs)
requires computing policies under imperfect state information. De-
spite recent advances, the scalability of existing POMDP solvers
remains limited. Moreover, many settings require a policy that is
robust across multiple POMDPs, further aggravating the scalabil-
ity issue. We propose the Lexpop framework for POMDP solving.
Lexpop (1) employs deep reinforcement learning to train a neural
policy, represented by a recurrent neural network, and (2) constructs
a finite-state controller mimicking the neural policy through effi-
cient extraction methods. Crucially, unlike neural policies, such con-
trollers can be formally evaluated, providing performance guaran-
tees. We extend Lexpop to compute robust policies for hidden-model

POMDPs (HM-POMDPs), which describe finite sets of POMDPs.
We associate every extracted controller with its worst-case POMDP.
Using a set of such POMDPs, we iteratively train a robust neural pol-
icy and consequently extract a robust controller. Our experiments
show that on problems with large state spaces, Lexpop outperforms
state-of-the-art solvers for POMDPs as well as HM-POMDPs.
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1 INTRODUCTION

Partially observableMarkov decision processes (POMDPs) [37] are a
ubiquitous model for automated sequential decision-making under
imperfect state information. Applications for POMDPs range from
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robotics [42, 43], over network protocols [20], to healthcare [80].
Solving a given discrete POMDP, i.e., computing policies that max-
imize expected rewards, is intractable in general [48], as optimal
policies may require an infinite memory. State-of-the-art model-

based POMDP solvers thus leverage various approximation tech-
niques or heuristics. Here, the primary focus is on (1) the analysis
of belief states representing probability distributions over the un-
observable states [29, 43, 65] and (2) symbolic search techniques
over finite-state policies [4, 41]. Furthermore, since exact environ-
ment models are rarely available, recent research has considered
computing robust policies that provide sufficient performance over
a given set of POMDPs [18, 22, 23]. A joint limitation of the above
model-based methods is their scalability with respect to the model
size. These methods must either (1) unfold a very large belief space
or (2) explore a very large space of potential finite-state policies.

In contrast to model-based methods, model-free deep reinforce-
ment learning (DRL) provides a means to mitigate these scalability
challenges. DRL for POMDPs uses recurrent neural networks (RNNs)
to represent memory, allowing policies to generalize behavior for
similar states and observations using only interactions with the
environment [38, 68]. While DRL scales well to large state spaces,
there are two crucial obstacles. First, aligning DRL with our goal
of solving a given (set of) POMDPs presents a significant tech-
nical challenge, as DRL must be set up correctly to achieve well-
performing policies, requiring a highly efficient pipeline, combined
with insights from the literature on addressing issues of sparse
rewards, robustness, and partial observability [19, 56]. To the best
of our knowledge, such a pipeline using DRL for solving discrete
POMDPs has not yet been achieved. Second, the exact evaluation
of DRL policies is not straightforward. The resulting lack of guaran-
tees regarding the performance of a policy restricts the utilization of
DRL to games [76] or problems where soft guarantees are sufficient,
such as language models [59]. Using POMDPs in safety-critical
domains requires means to exactly evaluate the resulting policies.

Contributions. Our main contribution is Lexpop – Learning-
based policy EXtraction for POMDP Planning – that yields high-
quality finite-state policieswith verified performance. Lexpop builds
on two key insights: (1) DRL, when engineered correctly, scales up
to environments that are beyond reach of existing POMDP solvers.
(2) Finite-state approximations of RNN-based policies often achieve
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Figure 1: The overall idea of Lexpop, our RL-based FSC ex-

traction. The robust extensions are depicted in green.

comparable performance while enabling computationally tractable
model-based evaluation, providing the required guarantees. We
combine the strengths of these two directions.

Figure 1 depicts the three steps of Lexpop: (1) Training an RNN-
based neural policy using DRL equipped with a vectorized simulator
that provides highly efficient access to the known POMDP model.
(2) Extracting a stochastic finite-state controller (FSC) that mimics
the behavior of the neural policy. (3) Model-based verification of the
extracted FSC. For extraction, we use two sampling-based methods:
automata learning based on Alergia [49] and a novel, scalable
method that learns surrogate, self-interpretable networks, providing
flexible control over FSC sizes. Bothmethods are policy-architecture
agnostic and treat policies as black boxes. We discuss prior work
on using RNNs to find FSCs [11, 23] in the related work section.

We extend our approach towards robust FSCs for hidden-model

POMDPs (HM-POMDPs) [7, 22], capturing different environments,
i.e., sets of POMDPs with a shared action and observation space. A
robustified version of Lexpop searches for an FSC that achieves the
best worst-case performance for a given HM-POMDP. As depicted
by the green parts of Figure 1, for the candidate FSCs, we identify the
worst-case POMDPs that iteratively enter the learning step. Similar
to Galesloot et al. [22], a deductive verification technique [5] finds
the worst-case POMDPs. We sample trajectories from these worst-
case POMDPs to train a robust neural policy and, subsequently,
extract a robust FSC.

In summary, our main contributions are:
(1) Lexpop, a scalable learning-based approach for computing

high-quality FSCs for large POMDPs,
(2) an extension of Lexpop computing robust FSCs for large HM-

POMDPs via iterative learning from worst-case POMDPs,
(3) a scalable extraction method that approximates complex neu-

ral polices via stochastic FSCs.
In our experimental evaluation, we focus on planning problems
with large state spaces that go beyond the reach of existing model-
based approaches. We demonstrate a clear advantage in terms of

scalability when comparing Lexpop to state-of-the-art approaches
in both the single POMDP and HM-POMDP settings.

2 PROBLEM FORMULATION

In this section, we begin with notation and preliminaries, then
formulate the central problems addressed in the paper.

The set of all distributions over a countable set 𝑋 is Δ(𝑋 ). For
𝑓 : 𝑋 → Δ(𝑌 ), we may write 𝑓 (𝑦 | 𝑥) to denote 𝑓 (𝑥) (𝑦). Below,
we introduce (partially observable) Markov decision processes [62].

2.1 MDPs, POMDPs and Policies

Definition 1 (MDP). A Markov decision process (MDP) is a tuple

𝑀 = ⟨𝑆, 𝑠0, 𝐴,𝑇 , 𝑅⟩, where 𝑆 represents a countable set of states,
𝑠0 ∈ 𝑆 is the initial state,𝐴 is a finite set of actions,𝑇 : 𝑆×𝐴→ Δ(𝑆)
is a transition function, and 𝑅 : 𝑆 ×𝐴→ R is a reward function.

AMarkov chain (MC)with rewards is anMDPwithout actions. To
handle environments that do not provide precise state information,
MDPs are extended to model partially observable states.

Definition 2 (POMDP). A partially observable Markov decision

process (POMDP) [37] is a tuple M = (𝑀,𝑍,𝑂), where 𝑀 is an

underlying MDP, 𝑍 is a finite set of observations, and 𝑂 : 𝑆 → 𝑍 is,

w.l.o.g. [15], a deterministic and state-based observation function.

We focus on a general form of reachability over an infinite hori-
zon with rewards defined w.r.t. a set of target states 𝐺 ⊆ 𝑆 that are
fully observable and absorbing [31]. It encompasses (1) reachabil-
ity; maximizing reachability probabilities of target states 𝐺 , and
(2) reachability reward; maximizing cumulative reward before reach-
ing target states𝐺 with probability one. For (1), the reward function
is one for states 𝑔 ∈ 𝐺 and zero everywhere else. For (2), the states
𝑔 ∈ 𝐺 have no reward and are reachable from all states. Note that the
reachability reward objective (2) generalizes the discounted reward
setting [6]. For a sequence of states (𝑠0, 𝑠1, . . . , 𝑠𝑡 ) its observable
fragment is the observation history 𝑜𝑡 = (𝑂 (𝑠0),𝑂 (𝑠1), . . . ,𝑂 (𝑠𝑡 )).
A trajectory is a sequence containing observations and actions. A
policy 𝜋 ∈ Π maps trajectories to distributions over actions. We
search for policies represented by finite-state controllers [26, 52].

Definition 3 (FSC). A finite-state controller (FSC) is a tuple

𝜋𝐹 = (𝑁,𝑛0, 𝛿, 𝜂), where𝑁 is a set of memory nodes (states),𝑛0 ∈ 𝑁
is an initial node, 𝛿 : 𝑁 ×𝑍 → Δ(𝐴) is a (stochastic) action function,
and 𝜂 : 𝑁 × 𝑍 → Δ(𝑁 ) is a (stochastic) memory update function.

We employ stochastic Mealy-like FSCs [2] that select actions
based on memory and observations and thus require fewer memory
nodes compared to Moore-like FSCs as used, e.g., in You et al. [77].

The (uncountable) set of all (stochastic) FSCs for a POMDPM
is FM . A POMDP M together with an FSC 𝜋𝐹 constitutes the
Markov chain M𝜋𝐹 = ⟨𝑆𝜋𝐹 , ⟨𝑠0, 𝑛0⟩,𝑇𝜋𝐹 , 𝑅𝜋𝐹 ⟩ over the product
state-space 𝑆𝜋𝐹 = 𝑆 × 𝑁 , with, for all ⟨𝑠, 𝑛⟩ ∈ 𝑆𝜋𝐹 , using 𝑧 = 𝑂 (𝑠):

𝑇𝜋𝐹 (⟨𝑠′, 𝑛′⟩ | ⟨𝑠, 𝑛⟩) = 𝜂 (𝑛′ | 𝑛, 𝑧)
∑︁
𝑎∈𝐴

𝛿 (𝑎 | 𝑛, 𝑧)𝑇 (𝑠′ | 𝑠, 𝑎),

𝑅𝜋𝐹 (⟨𝑠, 𝑛⟩) =
∑︁
𝑎∈𝐴

𝛿 (𝑎 | 𝑛, 𝑧)𝑅(𝑠, 𝑎) .

Consequently, the value-function of an FSC 𝜋𝐹 in a POMDPM is
the value-function 𝑉 𝜋𝐹 : 𝑆 × 𝑁 → R of the MCM𝜋𝐹 , given by the
fixed point of the following equation [52], again using 𝑧 = 𝑂 (𝑠):
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𝑉 𝜋𝐹 (⟨𝑠, 𝑛⟩) = 𝑅𝜋𝐹 (⟨𝑠, 𝑛⟩)+
∑︁
⟨𝑠′,𝑛′ ⟩

𝑇𝜋𝐹 (⟨𝑠′, 𝑛′⟩ | ⟨𝑠, 𝑛⟩)𝑉 𝜋𝐹 (⟨𝑠′, 𝑛′⟩) .

Then, the value 𝐽𝜋𝐹 = 𝑉 𝜋𝐹 (⟨𝑠0, 𝑛0⟩) of the FSC 𝜋𝐹 is deter-
mined from the value function on the initial state of the MCM𝜋𝐹 .

Neural policies. Recurrent neural networks (RNN), similarly to
FSCs, represent state machines. Nowadays, RNNs are a standard
architecture implemented by gated recurrent units (GRU) [16], or
long-short term memory (LSTM) [30] layers that give DRL the ca-
pability of memory [27, 56] and have been used to find FSCs for
planning in (robust) POMDPs [11, 23]. In contrast to FSCs, RNNs
have an infinite space of memory, represented by the hidden state

ℎ ∈ R𝑑 , with size 𝑑 ∈ N . RNN policies typically consist of a param-
eterized (deterministic) memory update 𝜂𝜃 : R𝑑 × 𝑍 → R𝑑 and a
parameterized (stochastic) action function 𝛿𝜃 : R𝑑 → Δ(𝐴). Param-
eters 𝜃 are optimized by back-propagating the gradients of DRL
losses through time [72, 73]. Just like an FSC, an RNN-based policy
maps trajectories to actions and induces a value 𝐽𝜋RNN𝜃 represent-
ing the expected reward. It is, in general, intractable to compute
it in closed form; thus, the value 𝐽𝜋RNN𝜃 is typically approximated
empirically by simulating the policy 𝜋RNN𝜃

in the POMDPM.

2.2 Hidden-model POMDPs

Hidden-model POMDPs (HM-POMDPs) model a family of POMDPs
that share the same state, observation, and action spaces but differ
in their reward and transition functions. As such, HM-POMDPs
capture uncertainty about the exact dynamics of the environments.
Here, we largely follow Galesloot et al. [22].

Definition 4 (HM-POMDP). A hidden-model POMDP (HM-

POMDP) [22] is a tuple M = ⟨𝑆, 𝑠0, 𝐴, {𝑇𝑖 }𝑖∈𝐼 , {𝑅𝑖 }𝑖∈𝐼 , 𝑍,𝑂⟩, where
𝐼 is a finite set of indices, 𝑆 , 𝑠0, 𝐴, 𝑍 , and 𝑂 are defined as for stan-

dard POMDPs, {𝑇𝑖 }𝑖∈𝐼 and {𝑅𝑖 }𝑖∈𝐼 are indexed sets of transition

and reward functions, respectively, such that, for every 𝑖 ∈ 𝐼 ,M𝑖 =

⟨𝑆, 𝑠0, 𝐴,𝑇𝑖 , 𝑅𝑖 , 𝑍,𝑂⟩ is a POMDP. Consequently, an HM-POMDP M
describes a finite set (a family) of POMDPs {M𝑖 }𝑖∈𝐼 .

Due to the shared action and observation spaces, all POMDPs in
the HM-POMDP share the same set of FSCs FM . Additionally, struc-
tural similarities, i.e., transitions with equivalent outcomes, can be
merged in the construction of a quotient POMDP [22]. Given a set of
POMDPs, an FSC 𝜋𝐹 induces a set (family) of MCs {𝑀𝜋𝐹

𝑖
}𝑖∈𝐼 [14]

and an associated set of value-functions {𝑉 𝜋𝐹

𝑖
}𝑖∈𝐼 .We are interested

in the robust value, i.e., the worst-case value among the models.

Definition 5 (Robust value). Given an HM-POMDP M and a

policy 𝜋𝐹 , the robust value is the worst-case value among the set:

J𝜋𝐹 = min
𝑖∈𝐼

𝑉
𝜋𝐹

𝑖
(⟨𝑠0, 𝑛0⟩) . (1)

As explained in Galesloot et al. [22], the robust value can be
found efficiently through deductive verification techniques [5].

2.3 Problem Statement

Now, we are ready to define the main problems: maximizing reach-
ability rewards (or probabilities) for either a single POMDP or an
HM-POMDP. First, we define our problem for individual POMDPs.

Problem 1. Given a POMDPM, find an FSC policy 𝜋𝐹 that max-

imizes the value 𝑉 𝜋𝐹 (⟨𝑠0, 𝑛0⟩). Formally:

𝜋∗𝐹 ∈ sup
𝜋𝐹 ∈FM

𝑉 𝜋𝐹 (⟨𝑠0, 𝑛0⟩) . (2)

Similarly, we define the robust problem for HM-POMDPs:

Problem 2. Given an HM-POMDP M , find an FSC policy 𝜋𝐹 that

maximizes the robust value J𝜋𝐹
as in Definition 5. Formally:

𝜋∗𝐹 ∈ sup
𝜋𝐹 ∈FM

J𝜋𝐹 = sup
𝜋𝐹 ∈FM

min
𝑖∈𝐼

𝑉
𝜋𝐹

𝑖
(⟨𝑠0, 𝑛0⟩) . (3)

Note that Problem 2 resembles two-player zero-sum Stackelberg
games [81], which suggests that stochastic FSCs are necessary [22].
Similarly to POMDP planning with undiscounted infinite-horizon
objectives, the decision variants of both Problem 1 and Problem 2
are undecidable in general [47]. Although there exist convergence
guarantees for a variant of an infinite-horizon objective called Goal-
POMDPs [31], which were recently also extended to a game set-
ting [69], the practical performance of belief-based methods is
limited [4], and the ideas cannot immediately be used for Problem 2.
In this work, we aim to develop a scalable and sound algorithm to
find the best possible FSC policy within a reasonable timeframe.

To that end, we compute (stochastic) FSCs using DRL, specifically
using RNN-based agents. In contrast to FSCs, the value of an RNN-
based policy 𝜋RNN𝜃

cannot be found analytically, which is why we
are ultimately interested in finding an FSC representation of 𝜋RNN𝜃

.

3 ON USING DRL TO SOLVE POMDPS

In the following, we motivate the use of DRL with RNNs for solving
POMDPs, even when the model is fully known.

3.1 Challenges of Solving POMDPs

In POMDPs, it is well-known that acting near-optimally requires a
succinct representation of (past) observation-action sequences [64].
These sequences can be sufficiently compressed into beliefs, i.e.,
probability distributions over the underlying unobserved states, and
a near-optimal policy can be found by constructing and solving a
belief-MDP [37]. Unfortunately, the complexity of updating a belief
is quadratic in the size of the state-space [66], and the number of
possible belief states grows exponentially in the horizon, rendering
full exploration of belief-space intractable in general [47].

Searching for FSCs. Exploration of FSCs offers an alternative
method to belief-based policies with benefits in efficient verification
and deployment. One direction is to optimize the parameters of an
FSC, where the size and structure of thememorymust be established
beforehand [2, 36, 61]. An alternative direction is to build the FSC
incrementally through various symbolic search techniques [4, 41].
However, both directions suffer from an enormous design space.

Robust policies. For many situations, the assumption that a single
POMDP model describes all cases is too strong. Therefore, recent
efforts focus on computing a robust policy for sets of POMDPs [18,
22, 23, 58]. In a robust setting, the challenge is to find a single policy
that works for (large) sets of POMDPs. Thus, the scalability chal-
lenges and the importance of generalization are further increased,
and existing approaches for POMDPs do not readily extend.
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Algorithm 1: Overview of Lexpop and Robust Lexpop

1: function TrainPolicy(𝜋RNN𝜃
, {M𝑖 }𝑖∈𝐼 ′ )

2: VecSimulator← VecStorm({M𝑖 }𝑖∈𝐼 ′ )
3: 𝜋 ′RNN𝜃

← DRL(𝜋RNN𝜃
,VecSimulator) ⊲ Using PPO

4: return 𝜋 ′RNN𝜃

5: function Lexpop(M: POMDP, 𝜋RNN𝜃
: Policy)

6: 𝜋RNN𝜃
← TrainPolicy(𝜋RNN𝜃

, {M})
7: 𝜋𝐹 ← ExtractFSC(𝜋RNN𝜃

) ⊲ Using Alergia or SIG
8: 𝐽𝜋𝐹 ← Evaluate(𝜋𝐹 ,M) ⊲ Using Storm
9: return 𝜋𝐹 , 𝐽

𝜋𝐹

10: function RobustLexpop(M : HM-POMDP, 𝜋RNN𝜃
: Policy)

11: 𝐵 ← Initialize() ⊲ 𝐵 is a buffer of POMDPs
12: while ¬ TimeOut() do

13: 𝜋RNN𝜃
← TrainPolicy(𝜋RNN𝜃

, 𝐵) ⊲ See App. B in [34]
14: 𝜋𝐹 ← ExtractFSC(𝜋RNN𝜃

) ⊲ Using Alergia or SIG
15: M,J𝜋𝐹 ← worstPOMDP(𝜋𝐹 ,M ) ⊲ Using Paynt
16: 𝐵 ← 𝐵 ∪ {M}
17: return 𝜋𝐹 ,J𝜋𝐹

3.2 Opportunities and Challenges of DRL

To address the aforementioned challenges, we leverage model-free
DRL, which does not rely on a model and instead optimizes over
its simulations, enabling scaling to large state spaces. DRL handles
partial observability, by using RNNs as memory representations for
policies [27, 56, 73], due to their capability of generalization [56]
and learning sufficient statistics of observation sequences [45].

DRL for solving (HM-)POMDPs. In our setting, we are given a fully
specified (HM-)POMDP model. As explained in the introduction,
utilizing DRL to solve discrete (HM-)POMDPs presents its own
challenges and remains an unsolved problem. We must compute
a policy in symbolic form, specifically an FSC, such that we can
evaluate its performance analytically. Thus, while we neglect the
POMDP model in searching for the FSC, we still use it to provide
guarantees on (i.e., verify) the policy. We observe that using RNNs
to search for FSCs for a given POMDP has been very successful [11,
23]. However, so far, training the RNN has relied on model-based
information, which suffers from the fact that (1) it does not scale
and (2) relies on suboptimal approximations. Lexpop fills this gap.

4 OVERVIEW OF OUR APPROACH

Algorithm 1 provides an overview of Lexpop.

(Robust) policy training. Lexpop is agnostic to the DRL algo-
rithm used to train the neural policy. We chose PPO [63], due to its
stable performance on our challenging POMDP benchmarks. For ef-
ficient sampling, we developed a vectorized simulation framework
on top of the Storm model-checker, enabling parallel simulations
across single or multiple POMDPs (see Line 2). In Line 3, our agent,
represented by an RNN 𝜋RNN𝜃

with parameters 𝜃 , is optimized
on a (new) set of POMDPs through multiple training iterations.
DRL for the considered (HM-)POMDPs poses significant technical
challenges (cf. [19]), including poorly defined and sparse rewards,

partial observability, and dynamic action spaces. We provide a de-
scription of our DRL pipeline, including important design choices
and alternative learning methods in Appendix B in [34].

Lexpop for Problem 1. Given a POMDPM, Lexpop trains a neural
policy 𝜋RNN𝜃

starting from a randomly initialized policy 𝜋RNN𝜃

(Line 6). The key step is the extraction of the FSC 𝜋𝐹 from 𝜋RNN𝜃

(Line 7).We consider twomethods discussed in Section 5. Finally, 𝜋𝐹
is analytically evaluated by constructing and analyzing the Markov
chainM𝜋𝐹 in Storm [28], yielding its value 𝐽𝜋𝐹 (Line 8).

Lexpop for Problem 2. Given an HM-POMDP M , RobustLexpop
iteratively trains a robust neural policy and consequently extracts
a robust FSC policy that performs well on the given set of POMDPs.
RobustLexpop maintains a candidate neural policy 𝜋RNN𝜃

and its
finite-state approximation 𝜋𝐹 . Every candidate 𝜋𝐹 is associatedwith
its worst-case POMDPM from M . These worst-case POMDPs are
iteratively stored in a buffer 𝐵. We start with a randomly initialized
𝜋RNN𝜃

and a randomly selectedM (Line 11). In every iteration, we
improve 𝜋RNN𝜃

through robust policy training, using the trajec-
tories collected from all POMDPs stored in the buffer 𝐵 (Line 13).
Appendix B.7 in [34] provides more details. Then, we extract an
improved 𝜋𝐹 (Line 14) using the same extraction methods as in the
single-POMDP setting (see Section 5). Finally, we analytically com-
pute the robust value J𝜋𝐹 associated with 𝜋𝐹 and the correspond-
ing worst-case POMDPM (Line 15) which we add to the buffer 𝐵
(Line 16). We employ Paynt [5] to efficiently search through the
family of Markov chains {M𝜋𝐹

𝑖
}𝑖∈𝐼 induced by M and 𝜋𝐹 .

5 POLICY EXTRACTION

The extraction of FSCs from RNN-based policies connects model-
free policy learning and model-based policy verification. It relies on
two insights: 1) for RNN policies, there often exists a smaller finite-
state representation [39] and 2) for challenging POMDPs, there
often exists a small FSC achieving a close-to-optimal value [4].

To retrieve an FSC, we propose two extraction methods with a
common working principle: Provided an RNN policy 𝜋RNN𝜃

, we
synthesize an FSC policy 𝜋𝐹 whose decisions match 𝜋RNN𝜃

on
sampled training trajectories as closely as possible. Both methods
learn stochastic FSCs from a sampled dataset of trajectories D
from a subset of POMDPs {𝑀𝑖 }𝑖∈𝐼 ′ using policy 𝜋RNN𝜃

trained
on that subset. The data set contains sequences of tuples (𝑧𝑡 , 𝑎𝑡 )
of observations and actions selected by 𝜋RNN𝜃

at time 𝑡 . The first
extraction method is a direct application of the automata learning
algorithm Alergia [13], whereas the second method introduces a
novel RNN training approach with a hidden-state space encoding.

5.1 Automata Learning

We learn stochastic Mealy machines [54] using a variant of Alergia
proposed forMDPs [49] and implemented in AALpy [55]. Therefore,
we slightly adjust the FSC definition to 𝜋𝐹 = (𝑁,𝑛0, 𝜎), combining
the memory update and action function into 𝜎 : 𝑁 ×𝑍 → Δ(𝑁 ×𝐴).

Given the dataset D of trajectories, Alergia first transforms
them into a prefix tree bymerging common prefixes. Then, it merges
tree nodes having compatible subtrees, i.e., nodes whose observed
future behavior is similar. Compatibility checks recursively deter-
mine if the action distributions conditioned on observation-action
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Figure 2: High-level architecture of the self-interpretable

Gumbel softmax network.

histories are not statistically different. Therefore, merging compat-
ible nodes creates an FSC memory structure that mimics 𝜋RNN𝜃

.
After processing all possible merges, Alergia estimates action and
update probability distributions. Instead of commonly used com-
patibility checks based on Hoeffding bounds [13, 49], we use 𝜒2

homogeneity tests. This better distinguishes memory nodes, at the
cost of slightly larger FSCs and, thus, longer verification times. In
the limit, Alergia [49] converges to an FSC that is isomorphic to
the FSC underlying the RNN policy, if such underlying FSC exists.

5.2 Self-Interpretable Networks

As automata learning typically struggles with large action and ob-
servation spaces, we additionally propose an approach that learns
interpretable neural surrogate models. The core idea is to approx-
imate the behavior of the policy 𝜋RNN𝜃

using a neural network
𝜋FSC𝜙

, which is explicitly designed to emulate an FSC. The idea of
using a discrete memory structure is inspired by quantized bottle-

neck layers proposed by Koul et al. [39], which employs a hyperbolic
tangent (tanh) layer followed by rounding to quantize the RNN
feedback. Training with quantization requires a straight-through
gradient estimator. Our extraction method, Self-Interpretable Gum-

bel Softmax Network (SIG), mitigates three significant limitations
arising from this design: a) an exponential blow-up of the number
of memory nodes caused by the flat quantization of the activation
values; b) the lack of support for stochastic memory updates; and
c) the bias of the straight-through gradient estimates. To combat
these issues, we propose a bottleneck architecture that directly
models the transition distribution to one of |𝑁 | memory states.

Architecture and Training. Figure 2 depicts the architecture for
training the surrogate policy 𝜋FSC𝜙

. The recurrent part transforms
hidden states ℎ𝑡 ∈ R𝑑 into a space of vectors𝑚𝑡+1 ∈ [0, 1] |𝑁 | that
resembles categorical distributions over one-hot encoded mem-
ory nodes. The size |𝑁 | is a parameter of extraction. The forward
pass first computes the vector 𝑝𝑡 ∈ R |𝑁 | of non-normalized log-
probabilities of the memory update. While the distilled FSC directly
samples𝑚𝑡+1 ∼ Softmax(𝑝𝑡 ) to update the memory state, this ap-
proach is not differentiable. Therefore, during training, we use a
Gumbel Softmax layer [35] which is designed to sample𝑚𝑡+1 in a
differentiable way. We pay the cost that𝑚𝑡+1 is no longer a one-
hot vector, though its distribution is close to Softmax(𝑝𝑡 ) (in the
Wasserstein distance); the distance is controlled by a temperature
parameter and is reduced during training. To train the SIG network,
we minimize the empirical cross-entropy between the actions from
the dataset D and the computed actions.

FSC Inference. To construct an FSC, we infer the actions and
memory for each combination of memory node and input observa-
tion [23]. Given a trained SIG with a bottleneck layer of size |𝑁 |,
we create a placeholder FSC 𝜋𝐹 with memory nodes 𝑁 . Then, for
every node 𝑛 ∈ 𝑁 and observation 𝑧 ∈ 𝑍 , we perform these steps:

(1) Create a one-hot encoding𝑚 ∈ {0, 1} |𝑁 | of 𝑛.
(2) Process 𝑧 and𝑚 through the RNN to yield an action distri-

bution 𝜎𝑎 ∈ Δ(𝐴) and hidden state ℎ ∈ R𝑑 .
(3) Process ℎ with the Gumbel encoder to get a distribution

𝜎𝑛′ ∈ Δ(𝑁 ) over the next memory node 𝑛′ ∈ 𝑁 .
(4) Add (𝑛, 𝑧) ↦→ 𝜎𝑎 to 𝛿 and (𝑛, 𝑧) ↦→ 𝜎𝑛′ to 𝜂 of the FSC 𝜋𝐹 .

Then, the above yields a fully specified FSC 𝜋𝐹 . We prune nodes
that are not reachable from the initial observation-memory tuple.
While SIG does not provide convergence guarantees like Alergia,
we find that SIG works well and often even better in practice.

6 EXPERIMENTS

We derive two main research questions from the problems formu-
lated in Section 2.3, and further refine them into sub-questions,
considering the individual components of Lexpop:
RQ1. Can Lexpop construct FSCs with a higher value than FSCs

synthesized by a state-of-the-art POMDP solver Saynt [4]?

RQ1a Can the PPO algorithm train RNN-based neural policies that
empirically outperform the value of FSCs from Saynt?

RQ1b Does the extraction of FSCs from the neural policies preserve
the value?

RQ1c Does the self-interpretable extraction improve the fidelity
over stochastic automata learning using Alergia [49]?

RQ2. For the given HM-POMDPs, can Lexpop construct robust FSC

policies with a higher robust value than the FSCs produced by the

state-of-the-art model-based algorithm rfPG [22]?

RQ2a Does the FSC extraction preserve the robust value of the
robustified neural policy on the given HM-POMDPs?

RQ2b Can the robustified PPO algorithm, combined with FSC ex-
traction, outperform the FSCs produced by rfPG?

RQ2c Is the worst-case POMDP selection important for solving
HM-POMDPs?

Baseline Selection. RQ1 concerns the experimental comparison
of DRL-based FSC synthesis and offline model-based planning. As
a baseline, we selected one of the state-of-the-art approaches for
offline POMDP planning, Saynt [4]: it has publicly available code,
supports both reachability and undiscounted reward specifications,
and to our knowledge, works with the largest models. We also
considered recentwork byHo et al. [29], which extends the heuristic
search value iteration algorithm [65] to reachability specifications,
outperforming SARSOP [43]. Our preliminary experiments show
that its implementation cannot handle our large reachabilitymodels,
which are about two orders of magnitude larger than those in [29].

Unfortunately, we were unable to run the approach described
in Carr et al. [11], which also employs RNNs to extract FSCs. To our
knowledge, the recently proposed rfPG algorithm [22] is the only
available method that allows a direct comparison on HM-POMDPs
within RQ2. The other approaches discussed in the related work,
see Section 7, consider different formulations.
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Table 1: Results for the single POMDP setting using 30-minute timeout. In all models, the goal is to maximize the value. For

Lexpop, we report the interquartile mean (IQM) of the empirical values of the neural policies and the IQM of the extracted

FSCs, along with their average sizes, using the two extraction methods. The values in brackets show the interquartile range

(IQR). We highlight the best value(s) with statistical significance, excluding the empirical value for Lexpop.

Dimensions Saynt Lexpop (RNN) Lexpop (Alergia) Lexpop (SIG)
Model |𝑆 | |Z| |A| Value IQM (IQR) IQM (IQR) FSC Size IQM (IQR) FSC Size

maze-10 4.8k 22 4 8.59 8.86 (0.03) 8.52 (0.10) 20.0 8.54 (0.47) 3.0
rocks-16 11k 2.7k 10 -36.91 -48.17 (1.43) -51.49 (1.41) 6.0 -48.70 (1.28) 3.0

network-3-8-20 17k 2.2k 5 -10.45 -7.36 (0.27) -8.07 (0.38) 5.0 -7.70 (0.15) 3.0
network-5-10-8 117k 3.7k 8 -16.12 -12.56 (0.20) -13.76 (0.92) 11.0 -12.71 (0.14) 3.0
intercept-16 130k 21k 6 0.80 1.00 (0.00) 0.98 (0.01) 6.0 0.99 (0.01) 3.0
evade-n17 314k 158k 7 0.58 0.85 (0.02) 0.85 (0.01) 4.0 0.84 (0.01) 3.0
drone-2-8-1 520k 889 6 0.40 0.61 (0.01) 0.58 (0.01) 5.0 0.58 (0.01) 3.0

Table 2: Results for the HM-POMDP setting using 1-hour timeout. The goal is to maximize the robust value. We report the

interquartile mean and the best robust value achieved by FSCs produced by rfPG and by the two variants of Lexpop, together

with the average reachable memory of the extracted FSCs. The highlighted value(s) are the best with statistical significance.

Dimensions rfPG Lexpop (Alergia) Lexpop (SIG)
Model |𝑆 | |𝐼 | |𝑍 | |A| IQM Best IQM Best FSC Size IQM Best FSC Size

rover 86 6000 18 5 299.24 299.40 290.17 296.14 7.70 294.68 297.65 2.8
obstacles-8-5 380 12000 25 9 -205.05 -193.93 -225.98 -212.46 2.50 -218.29 -207.63 2.9
network 4k 140 20 6 3.51 3.78 3.76 3.80 4.30 3.78 3.82 3.0
avoid 13k 1600 11 9 -174.23 -139.84 -161.01 -145.87 6.60 -163.15 -140.88 3.0

drone-2-6-1 44k 3200 432 7 0.01 0.04 0.59 0.62 7.50 0.59 0.62 10.0
avoid-large 45k 7056 11 9 -228.42 -166.14 -172.80 -154.02 4.40 -170.53 -141.63 8.8

moving_obstacles 262k 400 14 8 -2113.79 -2036.71 -158.98 -121.98 10.10 -86.86 -76.45 5.2

Benchmark Sets. The experimental evaluation is based on two
benchmark sets. For RQ1, we use both original and enlarged POMDP
models in the PRISM format [44] from the Saynt repository [4].
For RQ2, we consider HM-POMDPs used to evaluate rfPG [22], ex-
cluding the DPMmodel with no observation features. Moreover, we
constructed new HM-POMDPs by extending models used for RQ1
and by scaling up the original models in [22]. Appendix A in [34]
provides more details on the benchmarks. The model statistics in Ta-
bles 1 and 2 are: |𝑆 | is the maximum number of reachable states
across all POMDPs, and |𝐼 |, |𝑍 |, |𝐴| are the number of POMDPs,
observations, and actions, respectively. The goal is to maximize
the reachability probability or the reachability reward. Our bench-
marks are challenging for DRL due to sparse rewards and dynamic
discrete action spaces as discussed in Appendix B.6 in [34].

Experimental Setting. We run experiments on a Ryzen 7 7840U
processor with 32 GB of RAM. Lexpop uses the PPO [63] implemen-
tation in the TensorFlow Agents framework [25], and a vectorized
simulator implemented in the JAX framework [9]. Verification of
FSCs and worst-case POMDP synthesis are performed using the
PAYNT [5] toolkit based on the Storm model checker [28]. Neu-
ral policies are evaluated using 512 independent simulations in a
given POMDP, performed in parallel using the vectorized simulator.
We truncate simulations after a fixed number of steps (typically
600) to have at least 512 finished episodes. For the single-POMDP
setting, such an evaluation provides us with statistically reliable

estimates of the value. In the case of HM-POMDPs, the independent
simulations are performed on a multiset of POMDPs in the current
POMDP buffer (see Algorithm 1). Appendix D.1 in [34] provides
more details. For automata learning, we use Alergia [49] imple-
mented in AALpy [55]. The Lexpop implementation is publicly
available in [33].

RQ1: POMDP Planning

Setting. We train each neural policy for 4000 iterations on every
model. Following DRL training, we extract FSCs with both ex-
traction methods. The training takes about 23 minutes, while FSC
extraction takes between 2 and 8 minutes. For a fair comparison, we
configured Saynt with a 30-minute timeout on the FSC synthesis.
Saynt is deterministic and therefore runs only once. For Lexpop,
we repeat each run 10 times with fixed random seeds and report
the interquartile mean (IQM) and the interquartile range (IQR).

Main results for RQ1. Table 1 shows the FSC values achieved
by Saynt, the average empirical value of the learned neural policy,
and the average value of the FSC extracted by Lexpop from the
neural policies using the two variants of the extraction method.
The table also reports the average sizes of the FSCs produced by
Lexpop, see Appendix C.2 in [34] for more details.

RQ1a. Table 1 shows that the learned neural policies provide
better empirical values than the verified value of the FSCs produced
by Saynt when the model gets larger, and comparable ones for
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Figure 3: Selected convergence curves showing average values and IQR (if applicable): (a) Large single-POMDP benchmarks:

Empirical probabilities of neural policies (dashed lines), and values of the FSC produced by Saynt (crosses) and extracted

from the final neural policy (solid lines). (b,c) Performance loss of the FSC extraction: Empirical value of the neural policy on

the set of POMDPs used for training (dashed lines) and robust values of the extracted FSCs in the HM-POMDPs (solid lines).

Additionally, in (c), the orange line shows the empirical value of the extracted FSCs on the set of POMDPs used for training,

and the black line shows the empirical value achieved by the same self-interpretable network without the quantized layers on

the same set of POMDPs. (d) Impact of the worst-case POMDP selection in HM-POMDPs: Lines as in (b). Green lines show the

results using the worst-case POMDP selection, red lines show the results for random selection. Additional convergence curves

are in Appendix E in [34].

small models, e.g., rocks-16, where Saynt benefits from the full
knowledge of the model. Figure 3 (a) provides a more in-depth
performance assessment on large models. The plots compare the
empirical values of the reachability probability achieved by neural
policies (dashed lines) with the FSC values synthesized by Saynt
(crosses). We observe that for large models, Saynt relies primarily
on an initial memory-less policy and cannot improve over time,
whereas PPO continuously improves the policy. The main bottle-
neck of Saynt is the size of the considered FSCs, combined with
the large number of beliefs that must be explored. Summary: For a

large majority of models, PPO learns policies with better em-

pirical values than verified controllers produced by Saynt.

RQ1b. Next, we examine whether Lexpop can extract an FSC
from the given neural policy with sufficient fidelity. The results
in Table 1 generally show that the extracted FSC policies perform
similarly to the original neural policies and thus significantly out-
perform FSCs produced by Saynt except for the rocks-16 model.
This holds for both extraction approaches, as confirmed by a Sign
test, which yields a p-value of approximately 0.001 for all models
except for the mentioned rocks-16 and maze-10, as shown in Ap-
pendix D in [34]. Our results also confirm that we can extract small
FSCs that achieve similar performance. Another benefit compared
to Saynt controllers is the simpler structure of our extracted FSCs.
In contrast, Saynt typically uses a more complex structure to rep-
resent policies that combine FSCs with belief-based randomized
policies [4]. Summary: Although abstraction of FSCs incurs a

slight degradation of the achieved values, Lexpop extracts

verified FSCs that outperform the FSCs produced by Saynt.

RQ1c. Table 1 shows that the SIG extraction provides an advan-
tage over Alergia [49] for the rocks and networkmodels. In these
cases, it yields FSCs with higher values that are close to the empiri-
cal values of the neural policies, whereas for the rest of the models,
the results are mostly similar. However, the main advantage of the

SIG extraction is its flexibility. The size of the final FSC learned by
Alergia and the extraction time cannot be easily controlled – they
mainly depend on the input data. In contrast, self-interpretation can
provide the best FSC with a user-defined number of memory nodes.
This significantly affects verification time, which increases with the
controller’s size. In the worst case, we observed a six-fold increase
in verification time when using Alergia. Summary: The pro-

posed SIG extraction produces smaller FSCs than automata

learning while preserving the performance.

RQ2: Robust POMDP Planning

Setting. All experiments run with a 1-hour timeout and 10 differ-
ent seeds. The number of outer iterations (Line 12 of Algorithm 1)
varies between each model and extraction method. Outer iterations
of the algorithm might use different sets of POMDPs when using a
different extraction algorithm, since the extracted FSCs affect the
selection of worst-case POMDPs.

Main results. Table 2 includes the main results for RQ2. It shows
the average and the best robust value achieved by FSCs produced
by rfPG and by the two variants of Lexpop. It also reports the
average size of the extracted FSCs (see Appendix C.2 in [34]). In the
case of rfPG, the size of the FSCs is predetermined by a heuristic
and varies across observations, with an upper bound of 4 [22].

RQ2a. The extraction of FSCs from robustified neural policies is
generally more challenging, since the hidden states have to handle
the partial observability as well as the uncertainty in the environ-
ment dynamics. As a result, the hidden state space can be signifi-
cantly more complex. Figure 3 (b) shows a nontrivial performance
gap between the neural policy (dashed lines) evaluated on the set
of POMDPs used for training and the robust value of the extracted
FSC, evaluated on the whole HM-POMDP, in the moving-obstacle
model. Moreover, we observe instability in the extraction using
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Alergia, which results in a less robust FSC compared to the FSC
extracted using the SIG method.

Figure 3 (c) shows the results for avoid-large model where
the performance gap increases as the neural policy improves. To
investigate this phenomenon, we consider a GRU [16] modification
of self-interpretable networks, see Appendix C.2 in [34], where
we do not use the quantized layers and rely on continuous values
of the GRU feedback. The performance of the modified network
(black line) aligns with that of the original neural policy. This shows
that the performance gap of the extracted FSCs is caused by the
imposedmemory limitation, not by the training process. Summary:

For complex HM-POMDP benchmarks, the FSC extraction

is challenging due to larger memory requirements. The SIG

method provides better and more stable extraction.

RQ2b. We now compare the performance of Lexpop with rfPG.
Table 2 shows similar trends as in RQ1: Lexpop achieves worse
results than rfPG on small models, but significantly outperforms
rfPG on larger models. The statistical significance is confirmed
with a Brunner Munzel test, as shown in Appendix D in [34]. The
poor performance of rfPG on large models is caused by the ex-
pensive parameter updates, which rely on gradient computation
through the complete state space. This is exacerbated in the case of
the drone model and the larger version of the moving_obstacles
model. For these models, we needed to reduce the size of FSCs
synthesized by rfPG to 1, since the gradient computation was
extremely expensive and could not finish the first iteration. Sum-

mary: Lexpop scales considerably better than rfPG and thus

produces significantly better FSCs on large models.

RQ2c. Our results confirm the observations from rfPG [22]: For
HM-POMDPs describing a large set of POMDPs, a random selection
of POMDPs for training robust policies is not sufficient. Figure 3 (d)
illustrates this phenomenon on the drone-2-6-1model. Using ran-
domly selected POMDPs makes the robust training unstable: the
red dashed line shows the empirical value of the neural policy eval-
uated on the set of POMDPs used for training. More importantly,
there is a very large performance gap between the neural policy
and the robust value of the extracted FSC (the red solid line), re-
gardless of the extraction method. On the other hand, using the
worst-case POMDPs (the green lines) leads to more stable learning,
a smaller performance gap, and consequently to an FSC having
a considerably better robust value. Summary: The worst-case

POMDP selection is crucial for solving HM-POMDPs.

7 RELATEDWORK

POMDP solvers. Existing work includes (monolithic) mixed in-
teger linear program formulation for FSC optimization [3, 41, 75],
game-based abstraction techniques [74], or the approximate analy-
sis of belief space [65] implemented e.g. in SARSOP [43] that has
been recently extended to unbounded reachability objectives [29].
Saynt [4] combines an approximate exploration of belief states and
symbolic search techniques over FSCs. Carr et al. [11] proposed
for the first time to extract FSCs from RNNs to compute verified
FSC policies for POMDPs. Yet, this work employs a simplistic, non-
vectorized approach that optimizes MDP policies to train the RNN
and an extraction method that lacks sufficient flexibility in FSC size.
Note that, despite using the RNN policy, this approach does not

employ DRL to optimize the RNNs. Overall, our approach signif-
icantly improves scalability by enabling the computation of FSC
policies for larger POMDP models.

Robust FSCs for POMDPs. Galesloot et al. [22] introduce HM-
POMDPs that describe finitely many variations of a POMDP model,
and propose the rfPG algorithm that uses model-based subgradient
ascent to iteratively optimize FSCs over worst-case POMDPs. Ro-
bust POMDPs [8, 40, 58] represent infinite sets of POMDPs, encap-
sulating HM-POMDPs, where FSCs have been optimized through
convex programming [18, 67]. Galesloot et al. [23] introduce pes-
simistic iterative planning using RNNs for robust POMDPs. While
conceptually similar, they rely on model-based approximations to
train the RNNs instead of DRL, hindering scalability and optimality.

Finite-state model extraction from RNNs. The extraction of FSCs
originates from extracting finite-state models from RNNs, which
has been explored already in the 1990s [57, 78] and has recently
gained attention. There are two major approaches: automata learn-
ing [51, 53, 71] from the trajectories sampled from the RNN, and
quantization of hidden states of RNNs [23, 39]. In line with Koul et al.
[39], Carr et al. [10, 11, 12], and Galesloot et al. [23], we also experi-
ment with ways to extract an FSC directly from the RNN. Compared
to these, our proposed architecture enhances control over memory
size and stabilizes learning by eliminating the straight-through
gradient estimate by reparametrization using Gumbel softmax dis-
tribution [35]. Though similar in principle to the work of Aichernig
et al. [1], our architecture improves upon the prior work by en-
abling stochastic action and memory state-updates, and achieving
faster convergence.

Robust DRL. Various DRL methods address model uncertainty.
The most similar approaches to ours are task-robust model-agnostic
meta-learning [17], which combines meta-learning with worst-case
optimization, and robust adversarial learning [24, 32, 60, 79], which
frames learning as a stochastic game between a protagonist and
adversary. Since we aim to extract a universal FSC, meta-learning is
of limited applicability. In relation to [60], our approach can be seen
as using Paynt as an adversary, which is possible thanks to explicit
knowledge of the model family. Other notable methods include
model-free worst-case estimation [21], training-time perturbations
of states, actions, or observations [46], and reward shaping for
worst-case optimization, e.g., via state entropy [50].

8 CONCLUSION

We proposed Lexpop, a learning-based approach that constructs
FSCs for a given POMDP or HM-POMDP. First, Lexpop trains an
RNN-based neural policy using DRL, which allows us to scale to
large model sizes. Second, Lexpop extracts FSCs from the neu-
ral policies using automata learning as well as a novel extraction
technique. The performance of such FSCs can be formally veri-
fied on large POMDPs and for HM-POMDPs, worst-case POMDPs
can be effectively computed to iteratively construct robust FSCs.
Our experiments demonstrate that Lexpop scales up to large (HM-
)POMDPs with state spaces that were previously infeasible. We plan
to improve the robust planning loop by extracting programmatic
policies [70]. Furthermore, we plan to scale the loop even further
by extending SIG towards model learning.
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