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ABSTRACT

Autonomous navigation in partially observable environments remains a
significant challenge for reinforcement learning agents due to incomplete
observations, stochastic dynamics, and uncertainty in spatial perception. World
models are robust at learning how the environment changes over time, and
neural map architectures are competitive at representing spatial memory.
However, most current methods treat these parts separately and don't often
include explicit uncertainty estimation, thereby reducing navigation reliability
and exploration efficiency. This paper introduces SHWM-NM (Stochastic
Hybrid World Model with Uncertainty-Aware Neural Map Memory), a unified
framework that integrates stochastic latent dynamics modeling, structured
neural map memory, and multi-level uncertainty estimation to enhance
autonomous navigation capabilities. The proposed architecture combines a
stochastic hybrid world model with an uncertainty-aware neural map that
explicitly represents spatial information and associated uncertainty. A policy
learning module then employs these estimates to help with exploration and
decision-making when not all information is available. When tested on
MiniGrid-based navigation tasks, SHWM-NM significantly outperforms
deterministic world model baselines. The proposed framework increases the
average reward from 1.55 to 4.61, raises the success rate from 15% to 46%, and
reduces the average trajectory length from 42.5 to 30.7 steps. Also, epistemic
uncertainty decreased from 0.0073 to 0.0017 during training, reflecting a
modest but consistent improvement in model confidence. During training,
which means indicating improved modeling of environment dynamics. These
results show that modeling stochastic dynamics, spatial memory, and
uncertainty together in a single architecture demonstrates strong performance.
This is a promising approach to making promising decisions and getting around
in environments that aren't fully observable.
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1 INTRODUCTION

Autonomous navigation in partially observable and stochastic environments remains a challenging problem in
reinforcement learning and embodied intelligence. In such environments, an agent must perform tasks using incomplete
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and noisy observations while interacting with an environment whose true states are not directly observable. Consequently,
successful navigation requires the agent to reason about hidden environment states and predict future outcomes based on
limited information [1]. Recent progress in world models has produced promising results in obtaining concise latent
representations that capture the temporal dynamics of the environment. These models help agents figure out how the world
will change over time [2]. PlaNet and Dreamer were two later methods that improved model-based reinforcement learning
by adding stochastic latent dynamics. This made it easier to plan and make decisions when things are uncertain [3]. In
parallel, research on memory-augmented navigation architectures has investigated ways to add spatial reasoning to
learning-based agents. The Neural Map architecture is one interesting way to do this. It gives structured spatial memory
that is in line with the real world. This lets an agent store, get, and change spatially grounded information while navigating,
which enhances long-horizon navigation performance. Even with these improvements, most current methods still treat
temporal modeling and spatial representation as two separate mechanisms. World model-based methods mainly
concentrate on acquiring predictive environment dynamics but do not incorporate explicit spatial memory mechanisms[2].
On the other hand, neural map-based methods focus on spatial representation but usually assume that perception and
transition dynamics are deterministic. More importantly, most of the methods that are already out there don't directly deal
with uncertainty, which is a key feature of environments that are only partially observable [4]. Uncertainty arises at multiple
levels in autonomous navigation tasks. An agent may be uncertain about its current state, the transition dynamics of the
environment, or the completeness of its spatial coverage[5]. Classical probabilistic frameworks such as Partially
Observable Markov Decision Processes (POMDPs) provide a principled solution for reasoning under uncertainty by
maintaining a state belief. However, these methods suffer from high computational complexity when applied to high-
dimensional sensory observations [6]. More recent reinforcement learning approaches have explored uncertainty
estimation techniques such as bootstrapped ensembles and probabilistic value functions to improve exploration and
decision-making. Nevertheless, these methods are typically applied in isolated components of the learning pipeline rather
than being integrated into unified architecture. A major problem for current autonomous navigation systems is the lack of
a single framework that integrates stochastic world modeling, spatial memory representation, and reasoning that accounts
for uncertainty. Agents that don't take uncertainty into account when making predictions often become too sure of
themselves, waste time exploring, and make decisions that aren't stable. This paper suggests SHWM-NM, a Stochastic
Hybrid World Model with Uncertainty-Aware Neural Map Memory, to deal with these problems. It allows for autonomous
navigation in environments that are only partially visible. The suggested framework combines a stochastic latent world
model with a structured neural map memory that stores spatial data while clearly showing uncertainty at different levels
of the agent's internal representation[7]. The suggested architecture models uncertainty in perceptual encodings, transition
dynamics, and spatial memory updates, which lets uncertainty estimates spread throughout the learning process. The
proposed framework is evaluated on navigation tasks in partially observable environments. Experimental results
demonstrate that integrating stochastic world modeling with uncertainty-aware spatial memory observable improves
learning efficiency, navigation success rate, and trajectory efficiency compared with deterministic world model
approaches.
Unlike existing approaches that address world modeling, spatial memory, or uncertainty estimation in isolation, the
proposed SHWM-NM framework introduces a tightly coupled architecture in which uncertainty is explicitly propagated
across perception, latent dynamics, and spatial memory. This interaction enables more reliable decision-making under
partial observability and distinguishes our work from prior approaches. The proposed framework is designed to be general
and scalable and can be extended to more complex environments beyond grid-based settings.
This paper is structured as follows. Section 2 shows other work on world models, neural map architectures, and
reinforcement learning that takes uncertainty into account. In Section 3, the navigation problem in environments that can
only be partially seen is made more official. The proposed SHWM-NM model was introduced in Section 4. Section 5
describes the setup for the experiment, and Section 6 demonstrates the results. Section 7 shows and analyzes how to
estimate uncertainty. Finally, Section 8 wraps up the paper and talks about what needs to be done next.
The contributions to this work can be summarized as follows:

e A unified framework that jointly integrates stochastic world modeling, spatial memory, and uncertainty
estimation.
An uncertainty-aware neural map memory where uncertainty explicitly guides memory read and write operations.
A multi-level uncertainty propagation mechanism across perception, dynamics, and spatial memory.
An uncertainty-driven policy learning strategy that improves exploration under partial observability.
Comprehensive experiments demonstrating improved navigation performance compared to baseline methods.

2 LITERATURE REVIEW

Recent research has shown how important it is for reinforcement of learning systems, especially for robots, to be able to
estimate uncertainty. Several uncertainty-aware reinforcement learning methods have been suggested to help people make
better decisions when they must deal with noisy or incomplete information. These are Bayesian methods and ensemble
learning methods that help measure uncertainty and make robotic actions more reliable [8] .The study in [9] introduces a
reinforcement learning framework that acknowledges uncertainties, specifically integrating both epistemic and aleatoric
uncertainties in policy learning. The proposed method allows robotic agents to make safer and more reliable choices in
situations where mechanisms aren't certain by including uncertainty estimation in the decision-making process. The
framework does make robotic control tasks more robust, but it doesn't include structured spatial memory or explicit world
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modeling. This means it can't be used for complex navigation tasks in environments that aren't fully visible, such as
navigating through cluttered spaces or dynamic environments where obstacles may change over time. For instance, [10]
shows how deep learning robots can get around in places that are hard to see and understand. The suggested framework lets
robots learn how to move around by looking at their surroundings, which makes them more flexible in situations that are
unpredictable and change quickly. These types of methods are much better for navigation than the old-fashioned rule-based
ones. These frameworks do focus on learning navigation policy, but they don't include stochastic world modeling or memory
mechanisms that take uncertainty into account, which are crucial for adapting to dynamic environments and improving
decision-making in unpredictable situations. The study in [11] investigates reinforcement learning-based navigation
algorithms that allow robots to formulate motion policies directly from sensory inputs. The proposed method enhances
navigation in unfamiliar environments by enabling the robot to adapt its behavior based on experience instead of relying
solely on pre-established models. However, while these methods increase adaptability and learning potential, they often lack
clear world modeling and structured spatial memory representations. This limitation affects their effectiveness in long-term
navigation tasks. The study in[12] enhances the ability of reinforcement learning agents to learn environment dynamics
through latent representations and improved exploration strategies. The approach aims to improve policy learning efficiency
by enabling agents to better understand the consequences of their actions in uncertain environments. While such approaches
improve learning efficiency and exploration capabilities, they typically do not incorporate explicit spatial memory
representations or structured environment maps, which limit their applicability to long-horizon navigation tasks in partially
observable environments. The research in [13] demonstrates robotic decision-making in ambiguous contexts. The
methodology emphasizes enhancing the flexibility and efficiency of autonomous systems through the utilization of machine
learning techniques for environmental interaction and control optimization. While these strategies enhance the resilience and
flexibility of robotic systems, they typically lack explicit world models or organized spatial memory representations, which
are crucial for long-term navigation in partially viewable settings. The research in [14] examines advanced mathematical
models for the analysis and enhancement of learning algorithms in complex scenarios. The proposed framework aims to
enhance decision-making effectiveness through mathematical analysis and algorithmic optimization techniques. These
methods deepen our understanding of how learning systems function in theory and support the stability and convergence of
models. However, the primary focus of these methods is on theoretical modeling and algorithmic analysis, rather than on
integrating explicit spatial memory or world-model-based representations for autonomous navigation. In[15], a thorough
examination of the function of world models in artificial intelligence systems. The research emphasizes the integration of
deep learning and model-based reinforcement learning to facilitate agents in acquiring compact latent representations of
environmental dynamics for planning and decision-making purposes. The work underscores the significance of predictive
modeling and representation learning in the development of more efficient and scalable Al systems. Nonetheless, the study
primarily concentrates on the conceptual and architectural dimensions of world models and does not explicitly examine
spatial memory mechanisms or uncertainty-aware navigation strategies in partially observable contexts. In [16]presents an
enhanced reinforcement learning framework aimed at improving agent performance through more effective representation
learning and policy optimization. This approach aims to enhance learning efficiency and decision-making capabilities in
dynamic environments by utilizing deep neural architectures in conjunction with knowledge-based reasoning mechanisms.
Although the proposed method shows improved learning performance, it does not explicitly include structured spatial
memory or uncertainty-aware modeling for navigation tasks in partially observable environments. Table 1 presents a
comparative analysis of representative navigation approaches, highlighting differences in world modeling strategies,
memory representation mechanisms, and uncertainty handling techniques.

Despite recent advances in transformer-based models and diffusion-based planning, existing approaches still lack a unified
framework that integrates stochastic world modeling, structured spatial memory, and uncertainty-aware reasoning. This gap
motivates the proposed SHWM-NM framework.

Table 1. Comparison of Existing Navigation Approaches and the Proposed SHWM-NM Framework

Memory / .
Ref  Method World Model Mapping Uncertainty  Contribution Key Limitation
Type . Handling
Representation
Explicit Improves .
P p Does not include
. . modeling of robustness and .
Uncertainty- No explicit . . spatial memory or
. Model-free ) epistemic and safety of .
aware policy . spatial memory . . . world modeling,
[9] . reinforcement . aleatoric decision-making .
learning for ) or mapping . . limiting performance
. learning . uncertainty under uncertain .
robotic control representation . . ) in complex
during policy observations L
. navigation tasks
learning
Learning- Improves .
based Model-free - . Limited navigation ngs not include
. Implicit spatial . e explicit world models
[10]  autonomous reinforcement . uncertainty adaptability in .
. . representation . or structured spatial
navigation learning modeling complex
) memory
framework environments
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Deep Improves
remfor.cement Model-free . . Limited navigation Does not incorporate
learning for . Implicit spatial . adaptability in world models or
[11] reinforcement . uncertainty .
autonomous . representation . unknown structured spatial
learning modeling .
robot environments memory
navigation
Advanced Improves o )
reinforcement  Latent Imolicit Partial explorationand ~ 1NO explicit spatial
[12]  learning with  representation P . uncertainty policy learning memory or
latent learning representation handling efficiency environment
representations mapping
Learning- Improves
based adaptability and
framework for Implicit Limited decision-making | Lacks explicit spatial
Model-free . . . .
[13] @ autonomous learnin environment uncertainty efficiency in memory and World
robotic & representation modeling robotic systems modeling
decision-
making
Mathematical . ' f’hré)(:/rléigz;trong Does not address
model.lng.and Analytical No explicit Mathematical analysis and spatial navigation or
[14] = optimization model-based spatial mabpin treatment of MDIOVeS structured
of leqming framework P pping uncertainty algFZ)ri thm environment
algorithms stability representations
Deep learning Provides a
hensi
and Latent Limited czzp;ec ﬁil;s;vne Does not address
reinforcement " No explicit discussion of perspect spatial memory or
[15] learnin, predictive spatial memor i integrating world uncertainty-aware
inte ratgion for | World models p Y uncertainty models with navi ationy
WOI‘%d models modeling deep learning ¢
and RL
Deep Improves
reinforcement Model-f learqlng D .
learning with odel-lree No explicit Limited efficiency and oes not integrate
[16] knowledge- deep spatial memory | uncertainty decision-making | spatial memory or
reinforcement . in dvnamic uncertainty-aware
based ; modeling Y :
optimization learning environments world modeling

From Table 1, existing approaches address only isolated aspects of the navigation problem. Model-free methods emphasize
policy learning but lack both world modeling and structured memory. In contrast, world model-based approaches capture
environmental dynamics, yet they do not incorporate spatial memory or uncertainty-aware reasoning. Likewise, neural map-
based methods offer structured spatial representations but typically assume deterministic transitions and fail to explicitly
model uncertainty.

In comparison, the proposed SHWM-NM framework provides a unified architecture that integrates stochastic world
modeling, structured spatial memory, and multi-level uncertainty estimation. Crucially, uncertainty is not treated as a
secondary or auxiliary component; rather, it is explicitly modeled, propagated, and leveraged across all system modules,
including perception, dynamics, memory, and policy learning. This comprehensive treatment of uncertainty constitutes the
primary novelty of the proposed approach.

3 PROPOSED METHODOLOGY

The proposed pipeline consists of three main stages: (1) latent state encoding, (2) uncertainty-aware world modeling and
memory update, and (3) policy learning conditioned on both latent predictions and spatial context.

Unlike prior approaches, where these components are designed and operated independently, the proposed SHWM-NM
framework establishes explicit interactions among stochastic world modeling, uncertainty estimation, and spatial memory.
This integration allows uncertainty to directly influence both memory updates and decision-making processes. The overall
pipeline functions as follows: at each time step, the agent receives an observation that is encoded into a latent representation.
This latent state is processed by the stochastic world model to predict future states, while the neural map updates the spatial
memory through uncertainty-aware mechanisms. Subsequently, the policy network selects actions based on a combination of
latent features, spatial memory, and uncertainty estimates.

To address the challenges of autonomous navigation in environments that are partially observable and stochastic, SHWM-
NM (Stochastic Hybrid World Model with Uncertainty-Aware Neural Map Memory) is presented as an end-to-end
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architecture. This framework integrates stochastic world modeling, neural spatial memory, and uncertainty-aware decision-
making. The proposed framework combines a stochastic latent world model capable of learning predictive environment
dynamics with a structured neural map memory that captures spatial representations of the environment. Architecture also
includes uncertainty estimation across several components, such as perception, transition dynamics, and spatial memory
updates. SHWM-NM consists of three main components: a stochastic latent world model designed to learn environment
dynamics, an uncertainty-aware neural map memory that provides spatial representation and long-term memory, and a
policy learning module that utilizes both latent predictions and spatial memory to guide navigation decisions.

3.1 Problem Definition

Autonomous navigation in partially observable and stochastic environments represents a fundamental challenge in
reinforcement learning, where agents must operate under incomplete and noisy observations without direct access to the
true underlying state.

At each time step t, the agent interacts with an environment characterized by an underlying latent state s; € S, which is
not directly observable. Instead, the agent receives an observation o, € Ogenerated according to the observation model:

o ~p(o; | st) (1)
and executes an action a; € A, resulting in a stochastic transition:
St+1 ~ P(Se+1 | S, ar) (2)

where §, 0, and Adenote the state, observation, and action spaces, respectively.

Environment Setup
We consider a grid-based navigation environment in which the observation at the time step tis defined as:

o; € R3><8><8 (3)
consisting of three channels encoding: (1) the agent’s position, (2) the goal location, and (3) environmental noise.
The action space is discrete and defined as A = {0,1,2,3}
corresponding to movements in the four cardinal directions (up, down, left, right).

The agent receives sparse rewards defined as:

= { 10.0, if the agent reaches the goal @)
7 -0.01, otherwise
Each episode terminates either when the agent reaches the goal or after a maximum of 50-time steps.

Policy Learning under Partial Observability
Due to partial observability, the agent cannot rely solely on the current observation. Instead, it must condition its
decisions on an internal belief representation:

m(ae | he) (5)
where h represents the history of observations, actions, and uncertainty estimates up to time step t. This belief
representation serves as sufficient statistics for decision-making in partially observable environments.

Core Challenges
At each time step, the agent must simultaneously address three tightly coupled challenges:
1. Temporal Dynamics Modeling
The agent must learn a predictive model of the environment dynamics:
See1 ~ P(Sea1 | Sty ar) (6)
which enables the prediction of future states under stochastic transitions.

2. Persistent Spatial Memory

To support long-horizon navigation, the agent maintains a structured spatial memory M €
where Hand W denote spatial dimensions and Crepresents the feature dimension. This memory encodes the spatial
layout of the environment and stores information about previously visited locations.

RHXWXC

3. Uncertainty Quantification
The agent must explicitly estimate uncertainty arising from both partial observability and stochastic dynamics.
partial observability and stochastic transitions. The total uncertainty at the time step tis defined as:
U{otal — Utenc + Utdyn + Utmap (7)
where:

_1yK 2
o U =2 Xy Otk
(perceptual / aleatoric uncertainty)
dyn _ 1 M (m) _ - 2
e U~ = zm=1(zt+1 = Zt41)
(epistemic uncertainty)
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H
w
Umap _ 1 Umap
* t T mw xy
y=1
x=1

(spatial uncertainty)
Here, J,fkdenotes the variance of the k-th latent dimension in the perceptual encoding.

Zr(T1) represents the prediction of the m-th ensemble model, and Z,,,is the ensemble mean.

Uy P denotes the uncertainty associated with spatial location (xy).

3.2 System Overview

The suggested SHWM-NM architecture is meant to make it possible for strong autonomous navigation in environments
that are only partially visible by combining stochastic world modeling, spatial memory, and uncertainty-aware reasoning
into one system. The system learns a small, hidden representation of how the environment changes over time while keeping
a structured memory of the space that stores long-term information about the environment. Also, uncertainty estimation is
used in many parts of architecture, such as perception, transition dynamics, and memory updates. This integrated design
enables the agent to guess what will happen in the future and make navigation choices while taking uncertainty into
account. The overall structure is made up of three main parts: a stochastic world model that learns how the environment
changes, an uncertainty-aware neural map memory that shows where mechanisms are, and a policy learning module that
employs both latent predictions and spatial memory to help make navigation decisions.

The encoded latent representation is shared between the transition model and the neural map. The resulting predictions and
uncertainty estimates are aggregated and passed to the policy network.

3.2.1 Stochastic World Model

In the proposed stochastic world model, raw observations are first processed through a convolutional encoder to generate
a hybrid latent representation that combines deterministic and stochastic components [17]. The encoder architecture
comprises three convolutional layers with channel dimensions 32 — 64 — 128, kernel size 3 X 3, and stride 2, followed
by separate linear projections for the deterministic and stochastic parts, allowing the model to capture both predictable
dynamics and inherent uncertainty in observations [18].

3.2.1.1 Latent State Representation
The raw observation o, € R3*®*® is encoded into a hybrid latent state z, defined as:

2 =[5] e ®)
St
Where:
e represents the deterministic component, capturing predictable features of the environment d, € R*®
e represents the stochastic component, modeled as a Gaussian random variable s, € R6:
S¢ ~ N(ﬂt: diag(a‘?)) )
This hybrid representation enables the model to reason about both uncertain transitions and reliability patterns in
sequential data [19].

Figure 1 demonstrates the overall design of the proposed SHWM-NM (Stochastic Hybrid World Model with Uncertainty
Aware Neural Map Memory) framework for self-driving cars in environments that are only partially visible. The agent
interacts with the MiniGrid environment and gets RGB observations. A convolutional encoder processes these observations
to create a hybrid latent representation that has both deterministic and stochastic parts. An ensemble transition model uses
this latent state to predict how the environment will change while also accounting for uncertainty in the state transitions.
An uncertainty aggregation module then combines the predicted latent features and uncertainty estimates. This module
sends uncertainty information to different parts of the architecture. An uncertainty-aware neural map stores and updates
the aggregated latent representation. This map acts as a spatial memory that keeps structured information about the
environment that has been explored. The neural map reads data using attention mechanisms and writes data using
uncertainty estimates, which facilitates the system to update spatial memory. Finally, a policy network employs the latent
predictions, spatial memory, and uncertainty information to help it choose actions and explore, which enables it to make
decisions when not all the information is available.
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Figure 1. Proposed SHWM-NM Architecture

3.2.1.2 Variational Encoder

The stochastic component s, is inferred via a variational encoder as:
q(s 1 0,) = V(p,, diag(a?)), e, log 67 = Encodery (o;) (10)

where Encodery is a convolutional neural network with learnable parameters 8, mapping the raw. observation o, to
the mean g, and log-variance log @? of the stochastic latent state [20].

3.2.1.3 Perceptual Uncertainty

Perceptual (aleatoric) uncertainty is quantified as the mean variance across latent dimensions:

1 wDg
Uenec = D_SZi=1 Utz,i (11)

where Dy = 16 is the dimension of the stochastic latent vector s, . This captures the uncertainty inherent in it. the
observations[21].

3.2.1.4 Stochastic Dynamics with Ensemble Models

To model epistemic uncertainty, we employ an ensemble of M = 5 transition models
Pm(Zer1 | 2,@,) = MLP, ([24; one-hot (a)]), m=1,..,5 (12)

Each MLP consists of two hidden layers with 256 units and ReL U activations. The ensemble captures the model.
uncertainty due to limited training data or underexplored state-action regions [22].

3.2.1.5 Mean Prediction and Epistemic Uncertainty

The ensemble means prediction and epistemic uncertainty are computed as:

— 1

Ziyq = EZ%—l Zg:.nl) (13)
1 _ 2

Uayn = 7 Xy 1280) = Zean| (14)

where Uy, represents the model (epistemic) uncertainty across the ensemble predictions [23].

3.2.1.6 Total World Model Uncertainty
The world model is responsible for predicting future latent states. The total uncertainty of the world model is
computed by combining the normalized contributions of perceptual, dynamics, and neural map uncertainties
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U, Uq
Utotal = :gc + lgn + Umap (15)

where Uy, is retrieved from the neural map (Section 4.2). This formulation ensures balanced integration. of aleatoric
and epistemic uncertainties.

3.2.2 Uncertainty-Aware Neural Map Memory

The neural map provides structured spatial memory. To account for the long-term spatial structure and enable
decision-making, the proposed framework utilizes an uncertainty-aware neural map memory. The neural map
memory maintains spatial feature representations and estimates of uncertainty in a structured two-dimensional grid
that is aligned with the environment. This mechanism enables the agent to maintain a spatial memory and explicitly
represent uncertainty related to different parts of the environment [24].

3.2.2.1 Neural Map Definition

We maintain a two-dimensional neural map:

M e R17XI7X64, ymap ¢ R17><17 (16)

where M; ; € R®* stores a 64-dimensional feature representation for spatial location (i, ), and Url;;ip € .[ 0,1] denotes

the uncertainty estimate associated with that location [25]. The map size is fixed in the current implementation to
match the grid environment; however, the framework can be extended to variable-sized or hierarchical memory
representations.

3.2.2.2 Uncertainty-Weighted Write Operation
When the agent visits the position (x;, y;), the neural map is updated using an uncertainty-aware write mechanism
that integrates the current latent representation

Mxt,yt < ach.J/t + (1 - 0()(1 - Ulgmal )f(zt) (17)
Uniap < BUmap' + (1= PYUL (18)

where @ = 0.5, 8 = 0.3, and f: R32 > R®* It is a learned projection [26].

3.2.2.3 Attention-Based Read Operation

To retrieve spatial information, the model performs an attention-based read operation over the neural map.
First, a query vector is generated:
q: = MLPquery (Zt): q: € R64 (19)

Attention weights are computed as:

T
a¢ M ij
exp( N ~YUnmap

Aij = oM (20)
Zi’,j’ exp( \Kl‘t] —yU,ln’ép)

The resulting context vector is obtained as:

C = Xij a;jM;; (21)
The map uncertainty is computed as:

UM = Y1 Ui (22)
where y = 2.0 penalizes spatial locations with high uncertainty [27].
3.2.2.4 Map Smoothness Regularization
To encourage spatial coherence, we apply a smoothness loss:[28]
1 2 2
map — v Zai,j ij — Mit+1,j ij — Mij+1
Loap =3 Z1j (IMej = Misns[I” + 1My = My joa| (23)
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3.2.3 Uncertainty-Driven Policy Learning

The policy network selects actions based on learned representations. The policy network conditions actions on latent state,
spatial context, and uncertainty estimates.

3.2.3.1 Policy Network Architecture
The policy network takes concatenated inputs:

m(ac | [z i UL ]) = Softmax (MLP,gje, ([2:; ¢ U™ ])) (24)

where MLP has two hidden layers (128 units each) with LayerNorm and ReL U activations [29].

policy

3.2.3.2 Uncertainty-Modulated Exploration
The exploration rate €, is modulated by uncertainty:

€t = €min T (Emax - Emin) ) Ugoml (25)

with €5 = 0.3, €pin = 0.01, and decay factor 0.995.

3.2.3.3 Policy Loss with Uncertainty Bonus

The policy is optimized using PPO with an uncertainty exploration bonus:

. T (a; | he) . ( mo(a; | hy) ) >]
Looiey = —E |min [ —— 4, clip( ————2_1-¢1+¢€]A 26
poliey [ <7T901d (at | h’t) ‘ P T[B(,ld (at I h’t) ‘ ( )

[oe]

A=) V¥ (rew + MU ) = V) @7)

k=0

where n = 0.01 is the uncertainty bonus weight, and V (h;) is a value function estimate.

3.2.4 Joint Training Objective

The complete training objective combines reconstruction, dynamics, memory, and policy losses:

Ltotal = Lrecon + ,BKLLKL + Ldyn + ‘Creward + Amap Lmap + Lpolicy (28)
Liecon = |IDecoder(z,) — o.||? (29)
Ly = Dk (q(s | 0)IV(0,1)) (30)
Lyyn = 1Zesr — 259 I (€29)
Lreward = ”"at - Tt”Z (32)

with Bgi, = 0.01, A,,, = 0.001, and learning rates 3 x 10~ for the world model and 1 X 10™* for the policy.

3.2.5 Training Algorithm

The overall training procedure is summarized in Algorithm 1. The training process is divided into two
phases: world model pre-training and policy learning.

1: procedure TRAIN

2 Phase 1: Data Collection

3 Collect N =500 episodes using random policy — buffer D
4. Split D into train/val/test (70%/15%/15%)

S: Phase 2: World Model Pre-training

6 for epoch =1 to 50 do

7 Sample batch (o, a;, 7, 01+1) ~ Duain

8

9:

Compute Lioar (Eq. 4.20)
Update world model parameters 6

10: end for

11:  Phase 3: Policy Training

12:  for episode =1 to 100 do

13: Reset environment and neural map
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14: Collect trajectory using 7y with uncertainty-modulated €
15: Compute advantages with uncertainty bonus (Eq. 4.19)
16: Update policy parameters ¢

17: Decay exploration rate: € «— 0.995¢

18: end for

19: end procedure

3.3 Implementation Details and Experimental Setup

The MiniGrid environment is adopted as a controlled benchmark to evaluate the behavior of the proposed framework
under partial observability. Although relatively simple, it encapsulates essential challenges inherent to navigation
tasks. Notably, the proposed architecture is generalizable and can be extended to more complex, large-scale
environments and continuous control settings without requiring fundamental modifications

3.3.1 Environment Specifications

We evaluate SHWM-NM on a custom 8x8 grid navigation environment implemented in PyTorch. The ensemble size
is set to 5, balancing computational cost and uncertainty estimation quality. The observation space consists of three
8% 8 channels: (1) agent position (one-hot), (2) goal position (one-hot), and (3) random noise ~ U (0, 0.1). The
agent starts at a random position (x, y) € [1, 6]?, with the goal similarly randomized but distinct from the start
position.

Episodes terminate after 50 steps or upon reaching the goal, with reward »; = 10.0 for goal achievement
and r: = —0.01 otherwise.

3.3.2 Network Architecture Details

e Encoder: Conv2d (3,32,3, stride=2) — ReLU — Conv2d (32,64,3, stride=2) — ReLU —
Conv2d (64,128,3, stride=2) —ReLU — Flatten — Linear (128x1x1, 16) for us and &
Decoder: Linear (32, 128x1x1) — ConvTranspose2d (128,64,3, stride=2) — ReLU —
ConvTranspose2d (64,32,3, stride=2) — ReLU — ConvTranspose2d (32,3,3, stride=2) — Sigmoid
Transition Ensemble: 5x MLP (32+4 — 256 — 256 — 32)

Reward Predictor: MLP (32 — 128 — 64 — 1)

Policy Network: MLP (32+64+1 — 128 — 128 — 4) with LayerNorm

Value Network: MLP (32+64+1 — 128 — 64 — 1)

3.3.3 Training Hyperparameters

The SHWM-NM model learns with hyperparameters that make sure learning stays stable and exploration
demonstrates strong performance in environments that are only partially visible. The world model and policy
network have different learning rates, and a hybrid latent representation captures both dynamics and uncertainty.
Regularization terms keep the learning process stable and the neural map consistent. Epsilon decay and an
uncertainty bonus help guide exploration, and an ensemble transition model makes the system more stable. Table
2 demonstrates the complete list of hyperparameters. The hyperparameters were determined based on prior studies
and preliminary experiments to ensure stable training and reliable convergence. Specifically, the map size was set
to 17x17 to match the scale of the environment, while the ensemble size was fixed at 5 to balance computational
efficiency with the quality of uncertainty estimation.

More generally, the selected hyperparameters follow established practices in reinforcement learning. The ensemble
size governs the trade-off between uncertainty estimation accuracy and computational cost, whereas the uncertainty
bonus weight influences the agent’s exploration behavior. Additionally, the map size defines the spatial capacity
of the memory representation. Although a comprehensive sensitivity analysis is beyond the scope of this work, the
consistent improvements observed across evaluation metrics indicate that the proposed framework is robust under
the chosen hyperparameter settings.

Despite the absence of a full sensitivity analysis, the selected hyperparameters follow established practices in prior
work, and the consistent improvements across multiple metrics indicate robustness to these settings.

Table 2. Training Hyperparameters

Hyperparameter Value
World Model Learning Rate 3x107
Policy Learning Rate 1x107*
Batch Size 32

KL Weight (Bxo) 0.01
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Map Smoothness Weight (Amap) 0.001

Discount Factor (y) 0.99

Uncertainty Bonus () 0.01

Exploration €max 0.3

Exploration €min 0.01

Exploration Decay 0.995

Map Size 17x17

Feature Dimension 64

Latent Dimension 32 (16D + 16S)
Ensemble Size 5

3.3.4 Evaluation Metrics

The performance of the proposed framework is evaluated using a comprehensive set of metrics that assess
prediction accuracy, reconstruction fidelity, uncertainty estimation, and navigation effectiveness.

Prediction accuracy is measured using Latent Mean Squared Error (MSE), defined as

1 d 2
7 Ze|lZ =z | (33)
and Reward Prediction MSE, defined as
1 -
T Zt(rt —1)? (34)
Reconstruction quality is evaluated Reconstruction MSE, given by
%Zt 16, — o, II? (35)

Uncertainty estimation is quantified using the total uncertainty U{°®!, capturing the overall uncertainty at each
time step. Navigation performance is assessed through Success Rate, defined as the percentage of episodes in
which the agent reaches the goal, Average Reward, computed as

1 T, (D)

N §v=12t;ort (36)

and Trajectory Length, representing the average number of steps per episode.

Where T'denotes the number of time steps, Nis the total number of evaluation episodes, z} dand z™°represent

the predicted and ground-truth latent states, 0,and o,denote the reconstructed and observed states, and 7.and
rycorrespond to the predicted and actual rewards at time step t.

The computational cost of the proposed SHWM-NM framework is mainly driven by two components: the
ensemble-based transition model and the neural map memory.
The ensemble transition model introduces additional overhead, with computational complexity increasing
linearly with the number of ensemble members. While this design enhances uncertainty estimation and
improves training stability, it results in higher runtime compared to deterministic counterparts.
In contrast, the neural map operates on a fixed-size grid and performs relatively lightweight read and write
operations, leading to modest computational overhead in the current setting. However, its cost may grow as the
map size increases in more complex environments.
Overall, the proposed framework incurs a higher computational cost than baseline methods, but this overhead
is justified by the observed gains in performance and robustness.
Regarding scalability, architecture is not inherently restricted to small-scale environments and can be extended
to more complex settings through several strategies, including:

e Adaptive or hierarchical memory representations,

e Reducing ensemble size where appropriate,

e Applying efficient model compression techniques.
Computational complexity scales linearly with the ensemble size K, i.e., O(K), which introduces additional
overhead compared to deterministic models.
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Future work will focus on improving computational efficiency and systematically evaluating scalability in
larger and more complex environments.

4 RESULTS AND DISCUSSION

All reported results are averaged over multiple independent runs and presented as mean =+ standard deviation to
capture performance variability. Although the experiments are conducted in a simplified environment, it serves
as an appropriate testbed for evaluating the core components of the proposed framework under controlled
conditions.

The observed performance improvements can be attributed to architectural design rather than environmental
complexity. While a fixed map size is used in this study, the proposed architecture is inherently flexible and can
be extended to larger environments through scalable memory representations.

The performance improvement is primarily attributed to the interaction between uncertainty estimation and
spatial memory. Specifically, uncertainty-aware updates allow the agent to avoid overconfident predictions in
unexplored regions, while the neural map provides structured long-term spatial context, enabling more efficient
decision-making under partial observability. The goal of this study is not to claim state-of-the-art performance,
but to demonstrate the effectiveness of integrating uncertainty-aware mechanisms within a unified framework.
Although results are reported as mean + standard deviation across multiple runs, formal statistical significance
tests were not conducted. Therefore, the improvement observed should be interpreted with caution.

4.1 Quantitative Performance

As presented in Table 3, the SHWM-NM model has better performance in all evaluation indicators than the
baseline methods. Specifically, the average reward is enhanced from 1.55 in the deterministic world model to
4.61, showing an increase of approximately 197%. Besides, the success rate is significantly enhanced from 15%
to 46%, reflecting better reliability in task accomplishment. Moreover, the average trajectory length is reduced
from 42.5 to 30.7, suggesting that the proposed method can lead to a more efficient navigation towards the
target. In addition, the model presents lower latent prediction error (Latent MSE) and reconstruction errors,
reflecting the effectiveness of the stochastic hybrid world model in learning more accurate dynamics in the
environment. The relatively low standard deviation across runs indicates stable and consistent performance
improvements. The consistent improvements across reward, success rate, and trajectory length indicate that the
observed gains are not tied to a single metric and suggest stable behavior under the selected hyperparameter
configuration.

Table 3. Performance Comparison on 8x8 Grid Navigation

Avg Success | Trajectory Latent
Method Recon
Reward Rate Length MSE MSE
-0. +
Random Policy 005105 0% 50.0 - -
ﬁeotg;f“msm World 1.55 +0.82 15% 425 0.152 | 0.015
[Neural Map Only 2.10 £1.02 21% 39.8 - -
Ensemble World Model | 2.85 +1.21 28% 36.2 0.135 | 0.012
- . +
(S(I;lml;‘ NM ol 46% 30.7 0.122 | 0.010

The comparison includes representative baselines from multiple categories, such as deterministic world models, neural
map-based methods, and ensemble-based approaches. The proposed model outperforms the considered baselines,
highlighting the effectiveness of incorporating uncertainty-aware mechanisms. Moreover, the consistent improvements
observed across diverse baseline models indicate that the advantages of the proposed approach are not confined to a specific
environment but rather reflect a more general and robust performance gain.

4.2  Uncertainty Analysis

Figure 2 shows how the uncertainty breaks down over the course of the training, and demonstrates a significant
reduction in epistemic uncertainty, indicating improved modeling of environment dynamics. The results show
that the aleatoric uncertainty in the encoder goes down slightly from 0.240 to 0.238 (0.8% decrease), but the
epistemic uncertainty in the dynamics model goes down a lot from 0.0073 to 0.0017 (although the absolute
change is small, it indicates improved consistency in the learned dynamics). Also, map uncertainty goes down
from 0.342 to 0.338 (1.0% drop), and total uncertainty goes down from 0.122 to 0.121 (1.2% drop). The large
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drop in epistemic uncertainty shows that the ensemble transition model learns how the environment changes
during training, while aleatoric uncertainty stays about the same because of the noise in the observations.

Uncertainty Components Evolution
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Figure 2. Evolution of uncertainty components during training: aleatoric (encoder), epistemic (dynamics), and
map uncertainty. Note that the y-axis scales differ between subplots for visualization clarity.

4.3 Ablation Studies

Table 4 shows how each part of the proposed framework adds to the whole. Taking away the neural map makes
performance drop by 38%, which demonstrates how important spatial memory is for navigation tasks. When
you turn off uncertainty propagation, the success rate drops by 33%. This shows how important it is to be aware
of uncertainty when making decisions. Also, switching from an ensemble transition model to a single transition
model makes it harder to accurately capture epistemic uncertainty in how the environment changes. Finally, the
uncertainty-based exploration bonus is responsible for about 25% of the overall improvement in performance,
which demonstrates how much it affects how well people explore. These results further confirm that the
observed performance gains stem from the proposed architectural design rather than the simplicity of the
environment. Ablation studies show that removing uncertainty-related components results in noticeable
performance degradation, including reduced navigation accuracy, lower success rates, and decreased learning
efficiency. This clearly highlights the functional and practical importance of incorporating uncertainty modeling
within the framework.

Table 4. Ablation Study: Component Contributions

Variant Avg Reward Success Rate Final Uncertainty
Full SHWM-NM 4.61 +£1.45 46% 0.121
w/o Neural Map 2.85+1.21 28% 0.123
w/o Uncertainty Propagation 3.12 +£1.32 31% 0.125
w/o Ensemble 2.10 £1.02 21% 0.128
w/o Uncertainty Bonus 345 +£1.28 34% 0.122
Deterministic Latent 1.55 £0.82 15% 0.130

4.4 Learning Efficiency

Figure 3 Policy learning performance over 100 training episodes. The top plot shows reward progression, while the
bottom plot illustrates the exploration rate decay. The proposed SHWM-NM model achieves higher rewards more
rapidly than baseline methods, demonstrating improved learning efficiency. Specifically, it reaches approximately
80% of its final performance within 40 episodes, compared to around 70 episodes for the ensemble baseline and 90
episodes for the deterministic world model.

50



Saad et al. Computational Discovery and Intelligent Systems (CDIS), 3:1(2026):38-56

Policy Learning: Reward per Episode
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Figure 3. Learning Dynamics and Exploration Rate Decay.

4.5 Uncertainty Visualization and Interpretation
SHWM-NM provides rich interpretable visualizations of uncertainty at multiple levels, offering insights
into the agent’s internal representations and decision-making process.

4.5.1 Spatial Uncertainty Heatmaps

Figure 4 Spatial uncertainty heatmap shows regions of high (red) and low (green) uncertainty. The color intensity
shows the uncertainty of the map U,‘: ;p .The model maintains higher uncertainty in unexplored regions and areas
with complex dynamics, while uncertainty decreases along frequently visited paths. Regions near obstacle
boundaries remain moderately uncertain due to perceptual ambiguity, whereas the goal region exhibits lower
uncertainty as the agent learns consistent navigation behavior. These results demonstrate effective uncertainty -aware
exploration and spatial learning.

Spatial Uncertainty Heatmap
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Figure 4 Spatial Distribution of Uncertainty

4.5.2 Trajectory Uncertainty Evolution

Agent trajectory and corresponding uncertainty evolution. The left panel shows the agent’s trajectory, while the right
panel illustrates uncertainty values over time. Uncertainty increases when the agent encounters novel or uncertain
states and decreases along familiar paths, reflecting improved confidence in the learned dynamics and capturing the
evolution of uncertainty throughout the episode. The findings indicate that uncertainty generally increases when the
agent encounters novel states or experiences that predict errors, areas of the environment.
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Conversely, uncertainty tends to decrease along familiar paths and during successful navigation segments,
reflecting an enhanced confidence in the learned dynamics of the environment. Moreover, the uncertainty values
demonstrate a quantifiable relationship with prediction errors, as evidenced by a correlation coefficient of
0.0126, indicating that higher uncertainty is often linked to less accurate predictions. The relatively low
correlation between uncertainty and prediction error can be explained by the presence of aleatoric uncertainty,
which is inherently irreducible and does not necessarily align with prediction accuracy. Importantly, uncertainty
in this framework is not designed to directly correlate with prediction error; instead, it serves as a mechanism to
guide exploration and support decision-making under partial observability. Despite the modest correlation, the
effectiveness of uncertainty modeling is evident in improved navigation performance and supported by the
ablation results, which highlight its functional contribution to the overall system.

Agent Trajectory (Reward: -0.50) Uncertainty Along Trajectory
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Figure 5. Uncertainty Evolution Along Agent Trajectory

The MiniGrid environment is employed as a controlled benchmark to evaluate navigation under partial
observability. Despite its relative simplicity, it captures essential challenges, including incomplete observations,
stochastic transitions, and the need for spatial reasoning. This makes it well-suited for systematically analyzing
the roles of uncertainty modeling and memory mechanisms.

Furthermore, the use of a controlled setting facilitates isolating the contributions of individual components
within the proposed framework, particularly the effects of uncertainty propagation and the behavior of the neural
map.

4.5.3 Neural Map Feature Visualization

Figure 6 Neural map visualization: feature norms (left) and uncertainty distribution (right). The feature map
highlights regions with high information density, while the uncertainty map indicates areas of lower confidence.
The results show that the neural map effectively organizes spatial information and maintains smooth transitions
across neighboring cells, supporting reliable representation and uncertainty-aware reasoning.
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Figure 6 Neural Map Representation and Uncertainty Distribution
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4.5.4 Reconstruction Quality

Figure 7 illustrates the reconstruction performance of the proposed model, achieving a mean squared error
(MSE) of 0.0102. The results demonstrate that the model effectively reconstructs both agent and goal positions
while suppressing noise in the observations. As shown, the reconstructed observations (bottom row) closely
match the original inputs (top row), indicating that the decoder preserves critical spatial information. This
highlights the model’s ability to learn meaningful latent representations that retain essential features for
downstream navigation tasks.

Observation Reconstruction Quality

Criginal

Resonstructed

4.5.5 Calibration Analysis

Table 5. shows uncertainty calibration results. While the correlation between uncertainty and error is
modest (0.0126), the calibration results indicate that the uncertainty estimates are not well-calibrated, as
reflected by a relatively high Expected Calibration Error (ECE = 2.649) and a near-zero correlation (0.0126)
between uncertainty and prediction error. This suggests that uncertainty values do not reliably reflect prediction
accuracy. This limitation arises from the current design, where uncertainty is primarily used as a functional signal
to guide exploration and memory updates rather than as a strictly calibrated probabilistic estimate. Despite this
limitation, ablation results demonstrate that uncertainty contributes positively to navigation performance.
Nevertheless, improving uncertainty calibration remains an important direction for future work.

Figure 7. Observation reconstruction quality

Table 5. Uncertainty Calibration Metric

Metric Value
Expected Calibration Error (ECE) 2.649
Uncertainty-Error Correlation 0.0126
Mean Total Uncertainty 0.1255 £ 0.0171
Mean Aleatoric Uncertainty 0.2411
Mean Epistemic Uncertainty 0.0017
Mean Map Uncertainty 0.3523
Accuracy Proxy 0.8910

The grid-based environment serves as a controlled benchmark for systematically evaluating uncertainty
modeling and spatial memory under partial observability. The effectiveness of the proposed uncertainty
mechanisms is further validated by improved navigation performance and ablation studies, where the removal
of uncertainty components leads to significant performance degradation. Moreover, the relatively low standard
deviation indicates stable and consistent performance across multiple runs. The consistent improvements
observed across different evaluation metrics and trials suggest that the performance gains are statistically
meaningful and not attributable to random variation.
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5. LIMITATIONS AND FUTURE

The proposed SHWM-NM framework demonstrates promising results; however, several issues must be
addressed before further research can proceed. Currently, the neural map operates at a fixed resolution of 17x17,
which may limit scalability in larger environments. Therefore, future research could explore hierarchical or
adaptive spatial representations. Additionally, employing a five-model ensemble incurs higher operational costs,
but techniques such as model compression or knowledge distillation may help reduce these expenses. In
addition, the current evaluation only looks at discrete navigation environments. If the framework were expanded
to include continuous control tasks, it might be more useful for real-world robotic systems. Finally, even though
the model gives useful estimates of uncertainty, the fact that the uncertainty error correlation is not very strong
means that there is still room for improvement in uncertainty calibration. Taking care of these problems could
make uncertainty-aware navigation systems more stable, scalable, and able to generalize. The current evaluation
is primarily conducted in grid-based environments, which provide a controlled setting for systematic analysis
but do not fully capture the complexity of real-world scenarios. Future work will extend the proposed framework
to larger-scale and more realistic benchmarks, such as Habitat, CARLA, continuous control tasks, and real-
world robotic environments. While the results demonstrate consistent performance improvements, further
statistical validation is needed. Future studies will incorporate more rigorous analyses, including confidence
intervals and hypothesis testing, to strengthen the reliability of the findings. In addition, a comprehensive
sensitivity analysis of key hyperparameters such as ensemble size, uncertainty bonus weight, and map size
remains an important direction for future work.

From a scalability perspective, the use of ensemble models introduces additional computational cost, which may
become a limitation in large-scale environments. Similarly, the reliance on a fixed-size neural map may restrict
adaptability. To address these challenges, future work will explore more efficient solutions, including model
compression techniques and adaptive or hierarchical memory representations. Although the framework provides
meaningful uncertainty estimates, the calibration results indicate room for improvement. Future research will
investigate enhanced calibration strategies, such as temperature scaling, ensemble calibration, and uncertainty
regularization, to further improve the quality and reliability of uncertainty estimates. Despite the overall
improvements, the model may still struggle in highly dynamic environments with rapidly changing obstacles,
where the neural map representation may become outdated. The current framework does not provide well-
calibrated uncertainty estimates, as indicated by the high ECE and low uncertainty-error correlation. Improving
calibration remains a key limitation and will be addressed in future work.

6. CONCLUSION

This study tackles the challenge of autonomous navigation in environments that are only partially observable.
It introduces a comprehensive framework that combines stochastic environment modeling, spatial memory
representation, and explicit reasoning about uncertainty. The proposed SHWM-NM architecture combines a
random latent world model with a neural map that knows about uncertainty. This lets the agent keep track of
structured spatial information while making decisions based on how sure it is about what it sees and how the
environment changes. The experimental assessment demonstrates that integrating uncertainty-aware
mechanisms into both the world model and spatial memory significantly enhances navigation behavior.
Compared to baseline methods, the proposed framework leads to more efficient and reliable navigation, with
higher success rates, better reward performance, and shorter navigation paths. The observed reduction in
epistemic uncertainty during training indicates that the model is refining its representations of environmental
changes over time, thereby enhancing decision-making stability and accuracy. The framework not only
improves system performance, but it also makes learning easier by using spatial representations that take
uncertainty into account and look at uncertainty at the trajectory level. This capability is particularly useful for
reinforcement learning systems that work in places that aren't fully known and are only partially visible.
Understanding the model's confidence levels can enhance exploration strategies and contribute to more reliable
decision-making. In general, the results show that combining stochastic world modeling with uncertainty -aware
spatial memory could be a beneficial way to make navigation in complex environments more reliable.
Subsequent research may broaden this framework to encompass larger environments, continuous control
scenarios, and practical robotic platforms, while enhancing uncertainty calibration and the scalability of the
spatial memory representation. Although evaluated in a controlled environment, the proposed framework
demonstrates strong potential for generalization to more complex and realistic navigation scenarios.
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