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ABSTRACT

Autonomous planning in uncertain environments poses a signif-

icant challenge. While model-free deep reinforcement learning

scales to large problems, it does not provide any theoretical or

practical guarantees; its scalability depends on high computational

demands and the use of highly efficient simulators; and its results

are hard to explain. On the other hand, formal model-basedmethods

provide strong theoretical guarantees but do not scale to standard

real-world planning problems and require significant external input

in the form of the model. Recent research, primarily represented

by Dreamer-like architectures, has proposed leveraging learnable

abstractions to efficiently learn policies via policy gradient methods

over imagined trajectories. This approach has led to significantly

better sampling efficiency, but it remains a deep learning approach

without guarantees or explanations, as the learned abstractions are

represented by intricate neural networks. In this work-in-progress

paper, we propose a novel model-learning methodology to obtain

smaller, fully discrete abstractions, enabling us to use both model-

based and model-free methods within a tight neuro-symbolic plan-

ning loop to achieve more robust and explainable behavior under

model uncertainty.
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1 INTRODUCTION

Planning or sequential decision-making in environments under

uncertainty, formally modeled by a partially observable Markov de-

cision process (POMDP) [24], is an active research area. The general

framework of POMDPs can model several real-world tasks, ranging

from healthcare [46] to robotics [27] and autonomous driving [36].

The solution to a POMDP is represented by a policy, a function that

maps an observation history to an action. However, the problem of

solving POMDPs, i.e., computing a policy that maximizes the ex-

pected reward from the POMDP, is intractable in general [29]. The

primary reason is the potentially infinite memory to infer optimal

actions.

In practice, there exist two orthogonal methodologies for plan-

ning under uncertainty [26]. The first option, formal model-based
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methods, uses the exact model’s knowledge to compute a subopti-

mal policy by solving the POMDP using belief-based approxima-

tions [21] or by exploring a set of finite-state controllers [2, 45].

Those methods, combined with the known model, provide strong

theoretical guarantees but scale only to relatively small models.

On the other hand, model-free methods, now most notably repre-

sented by various deep reinforcement learning (DRL) algorithms

such as proximal policy optimization (PPO) [35] or soft actor-critic

(SAC) [14], combined with recurrent neural networks, scale to re-

alistic problem sizes. However, DRL offers no practical theoretical

guarantees, and the resulting neural polices are opaque.

Recently, the gap between the model-based and model-free ap-

proaches has been decreasing. Most notably, as we further describe

in related work, algorithms such as MuZero [34] and Dreamer [18,

19] introduce model-based approaches that learn an abstracted

model using neural networks. Those algorithms have achieved

state-of-the-art performance across multiple challenging bench-

marks. Indeed, those methods still rely on hard-to-explain func-

tional approximations of the true environments. On the contrary,

the concept of neuro-symbolic AI [40] leverages the synergy be-

tween deep learning and formal symbolic methods, e.g., by deep

learning of finite symbolic representations combined with symbolic

model-based reasoning over them, leading to a more explainable

process given the symbolic nature of learned model representations

and policies. For example, Hudák et al. [22] introduced a robust

planning loop that combines DRL with finite-state controller extrac-

tion and symbolic model-based analysis to achieve scalable, robust,

and explainable policies.

Planned Contributions. While the direction of neuro-symbolic AI

provides a strong foundation for robust and scalable planning, the

core limitation of the neuro-symbolic concept in general [7, 8, 12,

22, 40] is the challenge of learning suitable models. Such models

are crucial to provide explainable policies [44], to further improve

safety guarantees of existing policies with shielding [1, 13] or robust

improvement over worst-case scenarios [11]. The ultimate goal of

this work is to reduce this gap by learning (robust) discrete model

abstractions from continuous systems with weaker assumptions

about how to encode observations into an abstract space or about

the true state of the original system. Particularly, we plan those

three main contributions:

(1) Designing a novel neural network architecture with the aim

of emulating discrete and finite POMDPs.
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(2) Designing a novel robust model-learning procedure with

the aim to provide probably approximately correct (PAC)

guarantees of the learned representation.

(3) Learning robust and explainable policies for unknown envi-

ronments using the learned abstractions.

1.1 Related Work

Model-Based Reinforcement Learning. The general idea of com-

bining deep learning and planning over abstract state spaces has

recently achieved state-of-the-art performance across various tasks.

MuZero [34] proposed a model-based planning approach using

learned representations and dynamics networks to predict behav-

ior via a Monte Carlo tree search (MCTS) algorithm with success

across various games such as shogi, chess, go, and Atari. More

recently, the family of Dreamer algorithms [15, 17–19] achieved

significant success in complex long-term planning tasks through

learned world models and succeeded in the challenge of mining

diamonds in Minecraft without any prior user inputs compared to

former model-based approaches, e.g. VPT [4], which used data from

human contractors to beat the same benchmarks. In our work, we

plan to push the concept of model-based reinforcement learning fur-

ther by learning completely discrete models, enabling compatibility

with formal model-based tools for stronger explainability.

Learning Discrete (Finite) Models. The method most closely re-

lated to discrete model learning is the framework of Wasserstein

Autoencoded MDPs (WAE-MDPs) [10]. It converts complex con-

tinuous states into a discrete binary representation using continu-

ous relaxations of the Bernoulli distribution and Gumbel Softmax

reparametrization for latent-action encoding. The training process

employs bisimulation between the real and the abstract environ-

ments to minimize the Wasserstein distance between trajectory

distributions, thereby avoiding several fatal issues, such as posterior

collapse or poor dynamics estimation. However, the limitation of

computing the Wasserstein distance is its cubic O(𝑛3) complex-

ity [43], which means the distance must be estimated for complex

models, leading to inaccurate abstractions. Regarding partial ob-

servability, which is more challenging, Avalos et al. [3] proposes

Wasserstein Believers, which extends Wasserstein Autoencoders to

learn belief representations; however, the state space of the under-

lying environment must be known during training. The aim of our

work, compared to the mentioned approaches, is to develop novel

discrete and finite model-learning methods that extract POMDPs

without requiring access to the underlying hidden state during

training or a handcrafted feature-extraction function. The main

assumption of our planned work is that there is a finite set of dis-

tinguishable scenarios that allow us to describe potential behavior

in the environment and produce (sub-)optimal policies.

Safe Planning with (Safety) Model Approximations. The idea of
learning model representations to improve the safety guarantees

is an active research field. Notably, the concept of world models

similar to DreamerV3 architecture was used for shielding [1] in

the approach of approximate model-based shielding (AMBS) [13].

It uses model approximation to improve the safety guarantees of

learned policies by computing expected outcomes in the model

Algorithm 1 Overview of neuro-symbolic planning loop

1: function LearnModel(𝜋Exp : Policy, S: Simulator)

2: 𝑇 ← Simulate(S, 𝜋) ⊲ Batch of real trajectories

3: GSSM← LearnModel(𝑇 ) ⊲ See Section 3

4: M ← ConstructModel(GSSM) ⊲ POMDP def. in [9]

5: returnM, GSSM

6: function GetAction(E: Encoder, 𝜋Abs: Policy, 𝑧 : Observation)

7: 𝑜 ← E(𝑧) ⊲ Map observation to abstract space

8: 𝑎 ← 𝜋Abs (𝑜) ⊲ Simplified Memoryless Policy

9: return 𝑎

10: function EvalAbstract(S: Simulator, GSSM, 𝜋Abs : Policy)

11: 𝑖 ← 0

12: 𝑟𝑡𝑜𝑡𝑎𝑙 ← 0

13: 𝑧 ← S.reset()
14: while ¬ StepLimit(𝑖) do

15: 𝑎 ← GetAction(GSSM.encoder, 𝜋Abs, 𝑧)

16: 𝑧, 𝑟 ← S.step(𝑎)
17: 𝑟𝑡𝑜𝑡𝑎𝑙 ← 𝑟𝑡𝑜𝑡𝑎𝑙 + 𝑟
18: 𝑖 ← 𝑖 + 1
19: return 𝑟𝑡𝑜𝑡𝑎𝑙

20: function PlanningLoop(S: Simulator)

21: 𝜋Exp ← Init()
22: M,GSSM← LearnModel(𝜋Exp, S) ⊲ Initial abstraction

23: while ¬ TimeOut() do

24: 𝜋Abs ← Synthesize(M) ⊲ Using Storm

25: 𝑟𝑛𝑒𝑤 ← EvalAbstract(S,GSSM, 𝜋Abs)
26: 𝜋Exp ← UpdateExplorer(𝜋Exp, 𝜋Abs,GSSM)
27: M,GSSM← LearnModel(𝜋Exp, S)
28: return GSSM, 𝜋Abs

abstraction using simulations. Alternatively, in the context of par-

tially observable stochastic games (POSG), Yan et al. [44] proposes

a different notion of neuro-symbolic POSGs (NS-POSG) to enable

the use of model-based heuristic search value iteration methods in

complex continuous domains; indeed, as the authors mention, the

method is still highly computationally demanding.

2 TOWARDS NEURO-SYMBOLIC PLANNING

The Idea. Algorithm 1 sketches the proposed neuro-symbolic

planning loop. The high-level process resembles the learning pro-

cesses of the Dreamer [15], as we initially approximate the model

using an exploration policy to generate data for the first model

approximation for abstract policy synthesis. Next, as shown in the

while loop starting at Line 23, we iteratively collect more data using

an exploration policy to improve the model abstraction and, in turn,

the abstract policy. The only assumption about the training process

is the existence of a simulator or another interactive environment

representation providing trajectories. Furthermore, we assume that

the problem can be formulated as multiple distinguishable abstract

scenarios, i.e., practically, that the discrete representation of the un-

known model contains at least sub-optimal policies in the original

environment.



Encoder Dynamics
Predictor Decoder

Figure 1: High-Level Architecture of the Gumbel state space model (GSSM).

The Model. One of the crucial aspects of the model learning is the

final form of the learned model. While Delgrange et al. [10] treat

the output as a fully specified MDP, the Dreamer [18] architectures

consider the general framework of POMDPs. However, for planning,

the Dreamer models assume the agent knows the hidden state of

the learned model and thus learns memoryless policies as if it were

an MDP. Furthermore, since Hafner et al. [17] introduced discrete

latent representations produced by stochastic encoders, we might

also consider the task as a belief-MDP [24]. In our work, we aim

to explore the most suitable formulation of the learned models to

achieve the safest behavior.

Exploration Policy. Themodel-learning algorithms are not strictly

offline or online and can be executed with any reasonable, well-

distributed trajectory buffer. However, we differ from existing train-

ing loops in our focus on high-fidelity exploration policies, since

both Wasserstein Autoencoders and Dreamer primarily prioritize

maximizing performance and improving model abstraction in the

most-visited regions of the model. In our setting, we focus on build-

ing a precise representation of the unknown model of the overall

environment to enable more complex model-based analysis meth-

ods and achieve both explainable and robust policies. In this regard,

we plan to experiment with the ideas of curiosity-driven learn-

ing [6] and robust reinforcement learning [32], with the aim of

generating more data where the model’s abstraction is least precise.

Synthesis and Evaluation of Abstract Policies. The policy synthesis
in the abstract space is independent of the abstraction encoding

process, and the policy might be trained or synthesized with any

(PO)MDP solving method. In our preliminary experiments, we use

the Storm [20] model checker. However, it should be noted that the

evaluation of a policy depends on the abstraction encoding process,

as shown in Algorithm 1 at Line 6. Furthermore, the policy might

leverage the learned underlying dynamics as an additional input to

the decision-making process, e.g., via belief estimation.

3 MODEL LEARNING

In this section, we describe the recent model-learning method used

in the DreamerV3 algorithm [18] and then discuss how to modify

the architecture towards compact discrete model representations,

inspired by the recent self-interpretable network approach pro-

posed in [22].

3.1 Recurrent State Space Model

To represent a model abstraction, Hafner et al. [16] propose a gen-

eral, learnable architecture for a recurrent state space model (RSSM),

which was later extended in the Dreamer architectures, most no-

tably in the DreamerV2 [17] and the DreamerV3 [18]. The architec-

ture consists of 6 main components:

• Sequence model: ℎ𝑡 = 𝑓𝜃 (ℎ𝑡−1, 𝑜𝑡−1, 𝑎𝑡−1)
• Encoder: 𝑜𝑡 ∼ 𝑞𝜃 (𝑜𝑡 |ℎ, 𝑎𝑡 )
• Dynamics predictor: 𝑜𝑡 ∼ 𝑝𝜃 (𝑜𝑡 |ℎ𝑡 )
• Reward predictor: 𝑟𝑡 ∼ 𝑝𝜃 (𝑟𝑡 |ℎ𝑡 , 𝑜𝑡 )
• Continue predictor: 𝑐𝑡 ∼ 𝑝𝜃 (𝑐𝑡 |ℎ𝑡 , 𝑜𝑡 )
• Decoder: 𝑧𝑡 ∼ 𝑝𝜃 (𝑧𝑡 |ℎ𝑡 )

where 𝑧 is an observation from an original environment, ℎ is hidden

recurrent feedback, 𝑜 is an abstract observation, 𝑎 is an action same

for both original and abstract space, 𝑟 is the immediate reward, and

𝑐 is the continue flag providing information about the final states of

the model. While the decoder is necessary only for the learning pro-

cess and visual demonstrations, the remaining components, starting

with the encoder, can serve as an imaginary trajectory generator,

providing data to standard reinforcement learning. The core benefit

of this world-model representation lies in its ability to efficiently

generate low-dimensional data that compresses information from

the real environment.

3.2 Deep Learning of Discrete Models

While RSSM provides a reasonable abstraction for various complex

tasks, its latent (or abstract) observation space is too huge for model-

based reasoning as it has, at least in the DreamerV2 implementation,

32
32

possible states [17]. Despite this significant compression from

the original, infinite-like state space, it remains beyond the prac-

tical and theoretical boundaries of formal model-based methods.

Furthermore, because it relies on complex recurrent feedback, the

state space 𝑆 and the transition function 𝑇 of the learned POMDP

are difficult to extract.

In this work, we propose a novel Gumbel State Space Model

(GSSM) architecture that represents a compact, abstract neuro-

symbolic model representation of the training data. The core idea

relies on Gumbel Softmax [23] (or Concrete [30]) distribution used

for both latent representations and recurrent feedback, providing

a more natural framework for learning discrete stochastic repre-

sentations. Compared to DreamerV3 [18], our aim is to downscale
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Figure 2: Demonstration of a simple MNIST arithmetic with learned GSSM.

the size of the latent space, and, inspired by Hudák et al. [22], re-

place the recurrent memory with discrete feedback, allowing us to

completely represent the underlying abstract POMDP in a finite

discrete form.

Architecture. As we show in Figure 1, the model consists of three

neural networks. First, the stochastic abstract encoder maps the

input observation 𝑧𝑡 to a vector of multiple discrete categorical vari-

ables representing the distribution over an abstract observation 𝑜𝑡 .

It resembles the RSSM architecture from [17], but now with the aim

of providing a small discrete representation using factored Gum-

bel Softmax reparametrization rather than biased straight-through

estimators. Second, we propose a novel discrete sequence model.

Similarly to the encoder, it uses the Gumbel reparametrization to

learn a distribution over a new latent observation 𝑜𝑡 and a new

discrete hidden state ℎ𝑡 . The product of the hidden space 𝐻 and

the observation space 𝑂 gives us a complete abstract state space 𝑆

of the learned MDP𝑀 . The final part of the GSSM, decoder, maps

the discrete observation to a predicted output successor observa-

tion 𝑧𝑡+1. To represent the continue predictor, i.e., the distribution

𝑐𝑡 ∼ 𝑝𝜃 (𝑐𝑡 |𝑜𝑡 , ℎ𝑡 ), and the reward predictor 𝑟𝑡 ∼ 𝑝𝜃 (𝑟𝑡 |𝑜𝑡 , ℎ𝑡 ), we
propose the same approach as Hafner et al. [18] using a standard

multi-layer perceptron.

Learning. The main benefit of our novel architecture is the com-

patibility with any standard model-learning techniques. In our

preliminary prototype implementation, we largely followed the

training procedure described in the section on world model learning

of the DreamerV3 algorithm [18], but we aim to further improve

the robustness of predictions in the face of uncertain outcomes

across a wider range of behaviors.

Finite POMDP Extraction. The crucial benefit of our GSSM repre-

sentation over RSSMs is the ability to extract a finite POMDP by

repeated inference of the GSSM. That is, we enumerate over ab-

stract states 𝑆 : 𝑂 ×𝐻 , which is possible given the fully enumerable

nature of both the abstract observation space 𝑂 and the discrete

recurrent feedback 𝐻 , and then repeatedly perform the inference

over the dynamics predictor to get a transition function of type

𝑇 = 𝑆 ×𝐴→ 𝑑𝑖𝑠𝑡 (𝑆). Similarly, we can infer final-state and reward

predictors to assign each abstract state its corresponding reward

and determine whether it is a final state. It defines a POMDP since,

while 𝑂 is observable to the agent, 𝐻 is hidden yet influences the

transition function.

3.3 Automata Learning

As an alternative to our deep learning approach for discrete model

learning, we propose using standard automata learning theory for

MDPs, based on the IOAlergia algorithm [31], to learn underlying

MDPs that align with the trajectories in the abstract observation

space. The idea is to remove the dynamics predictor from Figure 1

and move the latent discrete recurrent feedback ℎ𝑡 ∈ 𝐻 and the ac-

tion 𝑎𝑡 ∈ 𝐴 from the predictor to both the encoder and the decoder.

Compared to the learning of GSSM, we plan to learn the encoder

and decoder in a standard auto-encoder manner, aggregating the ob-

servation 𝑜𝑡 ∈ 𝑂 and the observation memory ℎ𝑡 ∈ 𝐻 to represent

the abstract states 𝑆 =𝑂×𝐻 . This would enable us to use a standard

automata-learning tool, e.g., AALpy [33], to learn POMDPs with

observation space 𝑆 and its own hidden state space S.

4 PRELIMINARY EXPERIMENTAL SETTING

In our preliminary experiments, we implemented an initial proto-

type of the algorithm described in Section 3.2, for now focusing

on fully observable environments. In this section, we provide a

brief summary of this experimental setting. Details regarding the

outcomes of those experiments are further discussed in Section 5.

4.1 MNIST Discretization

Inspired by autoencoding variational Bayes [25] and vector quan-

tized variational autoencoders [39] (VQ-VAE), which focus on sto-

chastic and discrete representation learning, respectively, we con-

ducted preliminary experiments on learning discrete representa-

tions of digits from an MNIST dataset to confirm the ability of

multivariate Gumbel softmax reparametrization to learn reasonable

representations for visual tasks. In this experiment, we defined

three preliminary research questions:

(1) Are the factored Gumbel softmax representations suitable

for a standard image benchmark, i.e., can we auto-regress

MNIST digits through our GSSM architecture?

(2) Can we learn a simple discrete Markov chain over a sequence

of MNIST digits, i.e., emulate a sequence of ordered MNIST

images with labels 0, 1,. . . , 9?

(3) Can we learn a discrete pseudo-MDP emulating a simple

arithmetic over MNIST digits with actions identity, incre-

ment, and decrement?



Figure 3: Examples of a decoded latent space to the original MNIST image space. The first figure shows the main candidate

used in the MNIST arithmetic experiment, while the others show numbers with a close latent representation. The number

continuously changes from a digit 3 to a digit 8.

In those experiments, we included a small perturbation in the la-

bels, i.e., a small probability of incorrect transitions. For example,

with a probability of 10 %, we replaced the result of the increment

operation with the result of the decrement operation. Furthermore,

in our experiments, we limited the discrete space to 256 possible

latent states and used a 3-layer multi-layer perceptron (MLP) for

the encoder, decoder, and the dynamics predictors. For those ex-

periments, we omitted the reward, the continue predictors, and

the recurrent feedback ℎ𝑡 . We demonstrate an example of a test

digit not seen during the training over the last research question

in Figure 2. We should note that the ground-truth labels are used

only to generate the dataset and are completely ignored during the

training.

Overall, our experiments showed that the GSSM is suitable for

these preliminary problems. However, the number of required states

for a minimal Markov model is significantly lower than the state

space; specifically, we need precisely 10 discrete states to represent

each unique digit for each task, while even our small version of

GSSM provides up to 256 unique discrete states for stable learning.

4.2 Prototype MDP Learning

Following our preliminary experiments with the MNIST dataset, in

which we demonstrated that factored Gumbel representations can

learn a simple discrete latent space with dynamics from visual data,

we implemented a prototype planning loop as described in Algo-

rithm 1. To synthesize a policy in an abstract space, we used the

Storm [20] model checker, producing a finite, deterministic policy

over a learned abstract MDP. The initial exploration policy is im-

plemented as a uniform distribution over the discrete action space,

and in subsequent iterations, we explore using the abstract Storm

policy with the learned encoder. In our initial experiments with a

prototype training loop, we proposed two research questions:

(1) Can we use standard model-checking tools to synthesize

policies in an abstract space to get a competitive policy in

the original environment?

(2) What are the core challenges of deployment of our GSSM

architecture and its training loop?

We implemented two initial benchmarks. We used a standard

continuous low-dimensional Gymnasium [38] Cartpole benchmark

and a VecStorm simulator from [22] to simulate discrete and finite

MDP models defined in the PRISM language [28].

From our first experiment, we found that while Storm produces

completely deterministic policies only over an imprecise abstract

approximation of the MDP, it can still synthesize policies that are

competitive with those learned by a standard PPO algorithm. How-

ever, it has two caveats. First, the original DreamerV3 algorithm [18]

uses an entropy-oriented actor loss to encourage stochastic explo-

ration of the original environment. As we found, the exploration

is a crucial part of the algorithm. Playing deterministic policies

can only lead to learning a stable model if the initial Storm policy

exhibits sufficiently diverse behavior. To investigate further, we

adjusted the exploration process by adding a small amount of noise

to the abstract policy, i.e., playing a random action with a small

probability, which somewhat improved learning stability, but the

method remains unstable and highlights a core challenge in our

neuro-symbolic planning loop.

Furthermore, we observed problematic behavior in the learned

abstract space across both benchmarks. The Dreamer was designed

to optimize over a high-dimensional observation space, where the

reconstruction loss plays a significantly more important role than

the dynamics. With low-dimensional spaces, we found that dynam-

ics optimization often leads to mode collapse in the abstract space.

That is, the algorithm, instead of learning a reasonable abstract rep-

resentation, overfits to learning the dynamics and learns an encoder

that maps to only a few abstract states. This was clearly observed

in the experiments with the PRISM models, where the quality of

the learned abstraction heavily relies on the original separation

of the abstract space. I.e., if only a few abstract states are relevant

to the original problem at the start of the algorithm, the learning

process does not learn a more diverse state space in later training

epochs. While the problem might be partially mitigated by tuning

each part of the loss function, in our safe planning setting, it is a

core priority to learn a reasonable neuro-symbolic abstract space

without relying on such tuning.

5 CHALLENGES AND RESEARCH GOALS

Learning discrete models is an open research problem, and in this

section, we outline challenges reported in the literature and those

observed in our preliminary experiments.

5.1 Posterior Collapse

As described by Wang et al. [42], one significant challenge in learn-

ing compact abstraction with autoencoders is posterior collapse.



It occurs when the learning procedure fails to learn a reasonable

discrete space, and instead focuses on optimizing a prior; i.e., the

learned model optimizes its prior to generate the most common

observation, failing to learn a proper model of the environment. To

mitigate this issue, recent methods propose various regularizations

and annealing schemes, or design novel optimization formulas,

with the aim of avoiding the possibility of a simple solution, as in

the case of Wasserstein autoencoders [10]. Thus, one of our main

goals is to design model learning to avoid posterior collapse in the

partially observable setting, where it can be even more significant,

as the model may rely solely on its internal memory rather than

on real observations.

5.2 Scalability of the Latent Space

While continuous relaxations of discrete random variables, e.g.,

the categorical distribution [23, 30] or Bernoulli distribution [41],

provide the ability to learn discrete distributions in a deep learning

setting, their scalability is limited by the necessity of sampling the

specific discrete values to optimize the behavior of neural networks.

I.e., the larger the discrete latent space, the more challenging it

becomes to explore and optimize the complete state space, leading

to a significant portion of states with no clear interpretation.

To demonstrate the issue, we used the preliminary MNIST exper-

iment, in which we learned a simple abstract MDP to model simple

arithmetic operations on MNIST digit images using a simplified

GSSM implementation. We found that if we enumerate and decode

all possible latent representations through the decoder (see some of

those in Figure 3), the resulting images are completely clear for only

about 10 of them, corresponding to the number of real labels in the

dataset. The rest of the latent space ranges from blurry versions of

those numbers to a mixture of multiple digits at once. While we did

not observe a significant negative impact in our experiments, as

the transitions from initial abstractions mostly led to the explored

parts of the latent space, even a small probability of reaching unex-

plored states might be fatal for a formal model-checking approach,

leading to unexpected behavior. Furthermore, in this example, we

found that limiting the size of the discrete-state space reduces the

ability to learn proper digit representations, while larger spaces

lead to more uninterpretable latent representations, which adds

a novel safety-scalability challenge. We aim to explore existing

and propose novel methods to improve the granularity of the state

space, e.g., by leveraging recent research on hierarchical discrete

representations [37]. Furthermore, scalability could be improved

by post-processing learned POMDPs by pruning unlikely states.

5.3 Symmetry of the Latent Space

A general discrete POMDP has only a single discrete state space. In

contrast, the world models used in the Dreamer architectures [16–

18] rely on a learning-based approach, where the algorithm utilizes

the KL divergence to minimize the distance between abstractions

of the same encoded observation and its predicted from. However,

in our preliminary experiments with a significantly downscaled

discrete latent space compared to the ones in Dreamer models, we

found that the KL divergence’s precision is insufficient, and that the

encoder’s latent-space ordering differs from the expected ordering

at the level of the decoder. I.e., if we generate a sequence starting

from an initial observation and multiple selected actions, the imag-

inary trajectories start diverging. However, we found that using

the decoder to generate imaginary outputs in the original space

and then feeding them back as inputs to continue the sequence pro-

duces the desired behavior. Indeed, this behavior is not ideal, since

at the lowest level, we want an independent POMDP abstraction to

perform the model checking. Our aim is to redesign the learning

method to enforce symmetry in the input-output space.

5.4 Exploration and the Reliability of the Model

While model-based planning methods, led by the recent Dream-

erV3 [18] approach, are significantly more sample-efficient com-

pared to standard model-free reinforcement learning methods, such

as PPO [35], in our safety-oriented setting, it is crucial to pre-

cisely represent the complete environment. Furthermore, the model-

checking methods might be more sensitive to the quality of the

learned model. In this regard, there are various options for col-

lecting data, both in offline and online planning settings. The ap-

proach of Wasserstein autoencoder MDPs [10] samples only from

the supervising policy combined with 𝜖-restarts as proposed in [5].

On the other hand, the first three Dreamer models introduced in

DreamerV1 [15] use an iterative optimization over imagined mod-

els, followed by sampling from the original environment with a

new policy. Lastly, DreamerV4 focuses on a completely offline set-

ting [19] using expert data, previously collected by contractors in

the VPT [4] experiment. In contrast to the mentioned approaches,

our goal and principal challenge in our setting is to achieve a robust

behavior supported by collecting as much diverse knowledge of

the environment as possible.

5.5 Non-Uniformity of the Environment

In our preliminary experiments on an MDP setting modeled in a

PRISM language [28], i.e., in a setting where we know the model to

construct the simulator. Our aim was to reconstruct the abstraction

of the original model using only simulations. We observed that the

learning has difficulty assigning spiking values to the final-state

detection and reward approximation because of their sparsity. Fur-

thermore, the issue scales up because those environments usually

have a dynamic action space: in each state, you can play a differ-

ent set of actions. Surprisingly, as observed by Hudák et al. [22],

those models are challenging to solve even with unconstrained

deep reinforcement learning methods. On the contrary, existing

methods, such as Wasserstein Autoencoder MDPs [10], consider

only standard Gymnasium tasks, where the complexity lies in the

continuous state space rather than in the unpredictable behavior

of the underlying model.

6 CONCLUSION

In this work-in-progress paper, we propose a novel neuro-symbolic

planning loop for learning robust, explainable policies in complex

partially observable environments with unknownmodels. Ourmain

planned contribution relies on learning robust, discrete, and finite

model representations to enable compatibility with conventional

model-based techniques with the main benefit in terms of the ex-

plainability of the overall training process and the learned policies.
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