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Fig. 1: An overview of the proposed dPWM-based exploration method. The method predicts the global structural
characteristics (b) from the partially explored map (a) and employs the improved WRP solver to compute a closed-loop
optimal exploration path. The robot is guided to move toward the direction with higher utility (c), thereby achieving efficient
exploration.

Abstract— Autonomous exploration aims to efficiently map
unknown environments, yet utilizing limited environmental
information to achieve efficient path planning remains chal-
lenging. In this work, we focus on leveraging latent information
in partial observations to predict the complete environmental
structure, thereby furnishing a proposed path planner with
the necessary context to devise a long-term optimal explo-
ration strategy. Most existing prediction approaches extract
environment features through convolutional neural networks
(CNN) and infer the characteristics of neighboring regions.
This information then feeds into a value function that evaluates
candidate frontiers and guides the robot’s planning. Notwith-
standing its advantages over traditional heuristic methods, this
paradigm remains inherently constrained by its lack of long-
term foresight. To this end, we propose dPWM, a diffusion
model-based framework for global map prediction, consisting
of two key components. The first employs a DDPM with
a variable mask to estimate the probability distribution of
unknown regions and thereby predict structural features of the
global map. We incorporate Gaussian heatmap positional fields
into the denoising process via a cross-attention mechanism to
enhance regional awareness. This guides the model to focus
on nearby areas that are most valuable for exploration. Once
the global predictive map is obtained, the second component
refers to a designed Watchman Route Problem (WRP) solver
to generate an optimal path from the current exploration state.
Extensive evaluations show that dPWM reduces exploration
path length by 18.53% on HouseExpo and achieves a 16.37%
improvement in cross-domain generalization on Dungeon over
SOTA baselines. Real-world experiments further validate its
effectiveness in physical environments.
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I. INTRODUCTION

Research on autonomous exploration has gained increas-
ing importance in robotics, which aims to construct maps
of the environments with partial and noisy observations
while minimizing path cost. Nevertheless, the growing com-
plexity of real-world scenarios (e.g., disaster response [1]
and autonomous navigation [2]) imposes increasingly higher
demands on decision-making.

Traditional exploration strategies, including frontier-based
methods [3]–[5] and reinforcement learning (RL)–based dy-
namic policies [2], [6], typically rely on evaluating frontier
points within the robot’s local observation range. While
effective in near-term decision-making, such approaches are
inherently short-sighted and struggle to support globally
optimal exploration planning. To overcome this limitation,
we draw inspiration from the Watchman Route Problem
(WRP) [7], which aims to compute the shortest path that
fully observes a given static environment. Unlike frontier-
based strategies, WRP provides a principled way to de-
rive globally optimal paths. Nevertheless, classical WRP
solvers [8] assume a fully known and static environment and
are inapplicable in dynamic exploration scenarios.

To this end, we propose dPWM, a method that first utilize
a diffusion model to predict a complete environmental map
and then employs a designed WRP solver to compute explo-
ration paths, as illustrated in Fig. 1. To predict high-quality
global maps, most existing works employ neural predictors
to infer unexplored regions. However, due to their limited
receptive fields and difficulty in modeling long-term depen-
dencies, these predictors often fail to capture reliable struc-
tures in distant areas [9]–[13]. As a result, most prediction-
based approaches remain confined to local predictions—such
as next-view [9] and short-horizon regional prediction [11],
[12]—whose effectiveness degrades substantially when ap-
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plied to global map prediction. Motivated by advances in
image inpainting [14], we introduce a diffusion-model-based
map predictor that extrapolates structural information of
unseen areas from partial observations. In exploration tasks,
nearby regions carry higher exploration value than distant
ones. To leverage this property, we incorporate Gaussian
heatmaps centered at the robot’s position into the cross-
attention layers of the reverse diffusion process at specific
resolutions. This positional prior enhances local dependen-
cies and significantly improves prediction quality in high-
impact regions.

We validate our approach on the real-world indoor
dataset HouseExpo [15]. Experimental results demonstrate
that our method achieves a 18.53% improvement in path
efficiency over the SOTA prediction-based approaches [12],
an 20.49% improvement over representative reinforcement
learning (RL)-based exploration methods [16], and a 28.00%
improvement compared with classical frontier-based explo-
ration schemes [3].

The main contributions of this work are summarized as
follows:

• Positional prior–guided diffusion for global map pre-
diction: We introduce a Gaussian heatmap–guided dif-
fusion model that leverages positional weighting and
cross-attention to enable agent-centric global map pre-
diction. Extensive experiments on the HouseExpo [15]
dataset show that our approach significantly outper-
forms frontier-based [3]–[5], RL-based [16], and map-
prediction [12] baselines in exploration efficiency.

• Dynamic WRP solver for exploration: We design a dy-
namic WRP solver with exploration masks to compute
adaptive and near-optimal exploration paths in large-
scale environments.

• Extensive evaluation and real-world validation: We vali-
date the effectiveness of dPWM on the HouseExpo [15]
dataset, where it outperforms all baseline methods. On
the Dungeon [17] dataset, dPWM demonstrates superior
generalization, achieving a 26.48% improvement over
the SOTA DRL-based method and a 16.37% gain over
the SOTA map-prediction approach. Ablation studies
further confirm the contributions of its key components,
and real-world deployment experiments highlight its
strong potential for practical applications.

II. RELATED WORK

Exploration has long been a fundamental problem in
robotics, and decades of research have led to a variety
of representative approaches. Broadly, these methods can
be classified into observation-driven and prediction-driven
types.

A. Observation-Driven Exploration

Such strategies guide exploration by analyzing frontiers in
the observed map. A typical representative is heuristic-based
exploration [3]–[5], which employs explicitly designed value
functions to evaluate candidate actions. Such approaches
are often limited to reasoning about neighbourhoods. Clas-
sical examples include frontier-based exploration [3] and
sampling-based methods such as RRT [18], MCTS [19],

though their adaptability and performance are often con-
strained in practical applications.

With the rapid development of machine learning, rein-
forcement learning (RL) has been widely explored as an
alternative to heuristic exploration strategies [6], [16]. RL-
based methods learn value functions or policies from inter-
actions with the environment, allowing robots to adaptively
select actions for more efficient exploration. For example,
Niroui et al. [20] combined deep reinforcement learning with
classical frontier-based exploration, where an A3C network
processes the known map, the robot’s position, and frontier
locations to output the next target frontier.

B. Prediction-Driven Exploration

A mainstream prediction-based exploration strategy [9],
[10] is to train models with deep learning(DL) to predict
maps, and then compute information gain through a utility
function to determine the next action. MapEx [12] and
PIPE [13] fine-tune LaMa [21] on the KTH floor dataset
for large-scale map prediction, where the predicted mean
and variance are further utilized to compute frontier or
path information gain. However, map prediction performance
remains limited in distant regions. Ericson et al. [22] ad-
dressed indoor wall prediction with an autoregressive line-
segment model trained on a deep network to estimate frontier
information gain. Yet, global maps often admit multiple
plausible structures (e.g., a corridor may continue straight,
turn left, or turn right). While CNNs typically yield a
single deterministic output, diffusion models, as probabilistic
generators, naturally capture such diversity and produce
multiple plausible predictions, resulting in more robust map
completions.

C. Diffusion Model in Exploration

Denoising Diffusion Probabilistic Models (DDPMs) [23]
mitigate the myopic nature of conventional neural networks
by capturing long-term dependencies and maintain global
structural consistency. They generate predictions via iterative
denoising to recover the global data distribution. Song et
al. proposed DDIMs [24] to accelerate sampling through
skip steps. Subsequent advances include variance prediction
and scheduling [25], classifier guidance for large-scale mod-
els [26], and consistency models for efficient sampling [27].

Diffusion models have been widely applied to image
inpainting [14], style transfer [28], and various multimodal
tasks [29]. Beyond these fields, diffusion models have also
found numerous applications in robotic exploration [12],
[30]. For example, 4CNet [30] predicts unknown regions in
multi-robot systems using a conditional consistency model
and estimates prediction confidence to support exploration
under resource constraints. DARE [31] leverages a diffusion
policy trained on expert demonstrations to reason about
potential structures in unknown areas and generate entire
exploration paths in a single inference. Liang et al. [32]
employ diffusion models to generate trajectories for outdoor
navigation, while NoMaD [33] directly produces executable
robot actions in unknown environments. Building on these
ideas, we adopt a skip-resampled DDPM with variable-mask
conditioning as our global map prediction model.
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Fig. 2: Framework of dPWM. Our exploration framework is implemented by solving a globally optimal path. The model
takes as input the exploration map and a Gaussian heatmap of the robot’s position. These inputs are encoded with a variable
mask, and during each denoising step, attention mechanisms are applied at four resolution levels (64, 32, 16, and 8) to
enhance long-term structural dependencies. After the predicted map is obtained, a dynamic WRP solver performs convex
decomposition of the potential traversable regions and iteratively solves the GTSP to compute the optimal exploration path.

III. METHODOLOGY

We formulate the indoor environment map prediction task
as image inpainting on a 2D occupancy grid map. An
improved DDPM combined with variable masks is employed
to predict the potential features of unknown regions. After
obtaining the globally predicted map, the environment is
partitioned into observed traversable areas and predicted po-
tential traversable areas. The path planning objective is then
to traverse all potential traversable areas with the shortest
possible path. The overall framework of dPWM is illustrated
in Fig. 2.

A. Exploration Problem Formulation
The environment is represented as a 2D occupancy grid,

where each cell mi,j is either occupied, free, or unknown.
The state at time t is defined as st = (xt,mt), with xt

denoting the robot pose, mt the occupancy grid and at the
action. The state transition can be factorized as

p(st+1 | st, at) = p(xt+1 | xt, at), p(mt+1 | mt, xt+1),
(1)

where the first term models the motion dynamics and the sec-
ond term updates the map using new sensor measurements.

Based on the observed map and the robot’s current state,
a predictive map model F is employed to infer the latent

global traversability features, yielding a predicted map Pi

for downstream path planning:

Pi = F(Oi, Si). (2)

A new round of prediction is triggered once the deviation
between the predicted map and the newly observed map
exceeds a predefined threshold. Based on the predicted map,
a globally optimal path is then generated, while the utility
function U evaluates alternative exploration directions by
jointly considering information gain and traversal cost. This
value-driven strategy enables the robot to balance local
exploration with long-term planning objectives.

B. Improved DDPM

Forward diffusion process: In the forward (noising)
process, we construct a Markov chain in which the data
distribution at step i depends only on the previous step i−1
and the Gaussian noise injected at step i:

q(xi | xi−1) = N
(
xi;

√
1− βi xi−1, βiI

)
,

xt =
√

1− βtxt−1 +
√

βt · ϵ,
(3)

where βi denotes the variance schedule that controls the
noise level at step i. Nichol et al. [25] demonstrated
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that employing a cosine variance schedule and learning the
variance parameters in the forward process can enhance the
generation quality and accelerate the sampling procedure.

f(t) = cos

(
t/T + s

1 + s
· π
2

)
,∑

θ

(xt, t) = exp
(
ν log βt + (1− ν) log β̂t

)
,

(4)

Reverse diffusion process: In the reverse process, the
model progressively denoises the noisy sample xT back to
the clean data x0 through an iterative denoising procedure.

q(xt−1|xt, x0) = q(xt|xt−1, x0) ·
q(xt−1|x0)

q(xt|x0)
, (5)

The data distribution at each step can be modeled as a
Gaussian

xt−1 ∼ N
(
µ̃t, β̃tI

)
, (6)

where µ̃t and β̃t denote the mean and variance of the reverse
transition. A U-Net ϵθ(xt, t) is employed to take the current
sample xt and the timestep t as inputs, and to predict the
parameters of this Gaussian distribution.

Since the complete sampling procedure of diffusion
models requires iterative denoising from steps {T, T −
1, . . . , 2, 1}, the generation process is inherently slow and
unsuitable for real-time exploration. A common strategy is
to adopt skip sampling during the reverse process [24];
however, increasing the skip interval often leads to blurred
generations. To address this issue, we employ skip resam-
pling [14], which enhances long-range dependencies through
resampling operations while preserving generation quality.

Position-based Gaussian Heatmap: In unexplored re-
gions, areas near the robot are more critical for the next
decision, as accurate predictions in these regions help ensure
the optimality of each action. To emphasize these regions,
we incorporate a Gaussian heatmap–based positional field
into the reverse process:

H(x, y) = A exp

(
− (x− x0)

2 + (y − y0)
2

2σ2

)
, (7)

where (x0, y0) denotes the keypoint location. The standard
deviation σ is defined as σ = α · s, with α set to 0.04 and
s denoting the image scale (s = 256). The amplitude A
controls the peak value of the heatmap, and we set A = 1
in all experiments.

Specifically, this field is injected at the 64, 32, 16, and
8 resolution layers of the U-Net, where different spatial
regions are assigned varying weights, enabling the model to
focus more on areas that are crucial for decision-making.
By assigning higher importance to regions closer to the
robot, the model prioritizes accurate predictions in areas that
directly influence the immediate exploration decisions, while
still maintaining coverage of distant regions. This strategy
effectively balances local precision and global awareness,
which is particularly beneficial in partially observable en-
vironments where errors in nearby regions can propagate
through planning.

Introducing such a distance-aware positional weighting in
the diffusion process has several advantages: i) it guides

the model to focus on regions most critical for the next
action, while down-weighting uncertain distant areas, thereby
enhancing prediction quality and stabilizing the sampling
process; ii) it provides a natural inductive bias that encodes
spatial importance relative to the robot’s current position, en-
hancing generalization across different maps and exploration
scenarios. Since diffusion models learn the underlying data
distribution rather than task-specific features, this positional
guidance allows the model to leverage global structural
patterns while emphasizing locally relevant regions, leading
to more robust and efficient planning.

(a) Predicted global map (b) Convex polygon sets {Zi}

(c) WRP optimal path

Fig. 3: Path planned by the improved dynamic WRP solver,
which traverses the unexplored regions while treating the
explored map as a traversable area.

C. Dynamic WRP-Solver

The Watchman Route Problem (WRP) is a classical graph-
theoretic formulation that seeks the shortest path from which
an agent can observe an entire environment. However, tra-
ditional WRP solvers, designed for static maps, are not
directly applicable to dynamic exploration tasks.Based on
the predicted map P , we compute the optimal exploration
path using an improved Watchman Route Problem (WRP)
solver, as illustrated in Fig. 3. The algorithm first samples
the predicted region and generates a set of convex polygons,
ensuring that the robot can fully observe each subregion from
any position within a polygon. Next, points are sampled
along the edges of each convex polygon at fixed intervals
to construct the node sets for the Generalized Traveling
Salesman Problem (GTSP). Finally, an iterative optimization
method is applied to solve for the optimal GTSP path. To
guide exploration, we employ the exploration mask Om to
identify the boundaries of unexplored regions.
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Om(y, x) =

{
0, P (y, x) is unexplored or occupied,

1, P (y, x) is free.
(8)

During convex polygon decomposition [7], Om is em-
ployed to constrain the partitioning process, yielding a set
of convex polygons Zi that collectively cover all unexplored
regions in the predicted map, as illustrated in Figs. 3a and 3b.
Target points are then sampled within each convex polygon,
and a distance matrix A[i, j] is constructed between every
pair of target points. Finally, the problem is formulated as a
GTSP, which is solved iteratively to obtain the optimal target
path sequence {Ti} that visits each convex polygon. Since
each polygon is geometrically convex, traversing the set of
convex polygons ensures that all unexplored regions are cov-
ered within the specified observation radius. By leveraging
the dynamically updated observation map Om, this approach
enables the computation of an optimal exploration path that
adapts in real time to newly observed areas.

We design a sigmoid-based utility function to evaluate
the expected exploration gain in both directions along the
computed optimal closed-loop path. The core objective of our
exploration strategy is to guide the robot toward unexplored
regions, thereby minimizing redundant traversal of already
explored areas. To this end, we define two key metrics:
the initial exploration cost CInitial, which denotes the path
length from the robot’s current position to the entry point
of an unexplored region, and the effective exploration gain
GEffective, which measures the path length traveled by the
robot within unexplored regions. The overall exploration
gain is then evaluated by introducing a weighting parameter
λ, which balances these two terms. The utility function is
defined as

U =
1

1 + e−(GEffective−λCInitial)
, (9)

The Fig. 3c highlights how the utility function is employed to
evaluate closed-loop WRP paths across different exploration
directions, yielding comprehensive scores that enable the
robot to select globally optimal actions.

IV. EXPERIMENTS

We begin by evaluating dPWM on the HouseExpo [15]
dataset, comparing its performance against multiple base-
lines. To assess cross-domain generalization, we further test
learning-based methods on the Dungeon [17] dataset. Abla-
tion studies are conducted to quantify the contributions of
individual components and their combinations. Finally, real-
world experiments are performed to validate the practical
feasibility of the proposed framework.

A. Experimental Setup
We train our model on 30,000 HouseExpo indoor maps

and evaluate it on 3,000 test maps, all with a resolution of 1m
per pixel, in both simulation and real-world environments. In
each trial, the robot’s initial position is randomly set within
free space; it is equipped with a multi-line LiDAR (12m
range) and constrained to a linear velocity of 1.5m/s and an
angular velocity of 1.2 rad/s. The diffusion model is trained
for 650k iterations with a batch size of 128, a learning rate of

TABLE I: Exploration distances (m) of each method over 3
runs with average

Method Average Path Length Variance

Frontier [3] 2017.4 604.6
TARE [4] 2756.2 607.5
FAEL [5] 1960.2 582.1
Cao et al. [16] 1826.7 530.4
MapEx [12] 1782.8 631.5
dPWM(ours) 1452.5 438.7

1×10−5, 1000 diffusion steps, using a cosine noise schedule,
and optimized with KL divergence loss.

Model training and simulation are conducted on an Ubuntu
18.04 system equipped with an Intel Xeon Gold 6326 CPU
and four NVIDIA RTX 3090 GPUs, while real-world exper-
iments are performed on an Ubuntu 20.04 platform with an
Intel i7-13620H CPU and an NVIDIA RTX 4060 GPU.

B. Performance

During evaluation, we consider the exploration is fin-
ished when 98% of the area is explored. The exploration
process is terminated once the explored map coverage ex-
ceeds the threshold. We benchmark our proposed dPWM
method against state-of-the-art approaches: i) heuristic meth-
ods (Frontier [3], TARE [4], and FAEL [5]), ii) a rein-
forcement learning-based method [16], and iii) the map-
prediction-based approach MapEx [12]. To further evaluate
the generalization capability of our method, we compare
dPWM with two learning-based approaches.

Evaluation: For evaluation, we randomly select images
from the HouseExpo test set and perform three repeated trials
per image, resulting in a total of 1,000 evaluation samples.
The mean of the actual executed path length is reported as the
performance metric, while the variance reflects the stability
of each method. Frontier [3], FAEL [5], and TARE [4] are
tested with their default parameter configurations. For TARE,
we additionally generate the required Gazebo environments
by converting 2D maps into the corresponding simulation
scenarios. For the RL-based method by Cao [16], the train-
ing data is restricted to 640 × 480 inputs. Therefore, we
preprocess the HouseExpo dataset by resizing and padding
the maps to the required dimensions, setting the resolution
to 0.5m/pixel, and further adapting the map style to match
the model requirements. For MapEx [12], we fine-tune the
LaMa-Place2 model on a self-collected dataset of partially
explored maps. Each training sample is represented as a
(map, mask) pair, where the partial exploration maps and
corresponding masks (unknown regions) are generated using
Cao’s RL-based exploration policy.

As shown in Table I, the proposed dPWM method out-
performs all baseline approaches in both exploration path
efficiency and stability. Specifically, dPWM reduces ex-
ploration path length by 18.53% compared to the SOTA
map-prediction method, and improves stability by 20.49%
relative to the SOTA DRL-based approach. These results
demonstrate that dPWM achieves more globally optimal and
long-sighted exploration compared to traditional prediction-
based strategies. Moreover, since diffusion models inherently
capture the diversity of unexplored regions [34], dPWM also
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(a) Frontier [3] (b) Tare [4] (c) Fael [5]

(d) Cao et al. [16] (e) MapEx [12] (f) dPWM(ours) (g) Exploration rate comparison

Fig. 4: Comparison of results. (a)-(f) show six cases, and (g) shows the comparison of exploration rate curves across different
methods.

Fig. 5: Comparison of global map prediction between our
dPWM and baseline method.

achieves higher exploration stability. As illustrated in Fig. 4,
we compare the exploration rate curves of different methods
within the same scenario. As the explored area increases, the
input information for dPWM becomes progressively more
complete, leading its predicted maps to converge toward the
ground-truth map. Consequently, even in the later stages of
exploration, our prediction-based approach is able to sustain
a higher exploration rate advantage.

To evaluate prediction performance, we compare our
framework against baseline map-prediction model [12]. As
shown in Fig. 5, our diffusion-based framework achieves su-
perior preservation of global structural consistency compared
to the baseline.

(a) HouseExpo(Train) (b) Dungeon(Test)

Fig. 6: Datasets for generalization experiments

Generalization: We evaluate generalization on the Dun-
geon dataset by comparing our method with two learning-
based baselines, while excluding heuristic approaches whose
rule-based nature precludes learnable generalization. All
models are trained on the HouseExpo [15] dataset and

subsequently tested on a stylistically different 2D grid-map
dataset, Dungeon [17], to assess their cross-dataset gener-
alization performance (Fig. 6). HouseExpo provides large-
scale residential layouts with relatively regular room and
corridor structures, whereas Dungeon comprises artificially
generated maze-like environments with irregular topologies,
long corridors, and dead ends, making it a suitable out-
of-distribution benchmark for evaluating the generalization
of learning-based exploration methods. As shown in Ta-
ble II, the proposed dPWM framework demonstrates superior
generalization performance. Specifically, it outperforms the
SOTA DRL-based method by 26.48%, and achieves an im-
provement of 16.37% over the SOTA map-prediction-based
method. These results highlight that diffusion models, by
learning data distributions beyond explicit structural features,
are able to capture a deeper understanding of spatial layouts,
thereby enabling more robust cross-domain generalization.

TABLE II: Generalization Performance of Different Method

Method Cao. MapEx dPWM(ours)

Average Path Length 1714.5 1507.3 1260.5
Variance 373.5 274.2 258.3

C. Ablation Study
We conduct ablation experiments on two key compo-

nents of our framework: the Gaussian heatmap–based po-
sitional prior and the dynamic WRP solver. Four variants
are evaluated: None denotes the baseline model without
any additional modules; Prior introduces a keypoint-based
Gaussian heatmap prior to enhance local dependency; D-
WRP incorporates the improved dynamic WRP solver; and
dPWM represents the full model.

Gaussian heatmap: We primarily investigate the bene-
fits of incorporating a Gaussian heatmap–based positional
prior into the diffusion model. While the inherent sampling
diversity of diffusion models enables the consideration of
multiple possible global map configurations, it may also
lead to “hallucinations,” which can reduce the short-term
utility of robot actions. To mitigate this, we employ a cross-
attention mechanism guided by a Gaussian heatmap centered
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(a) Point Cloud map and 2D Grid map of Office Environment
(b) Large-scale indoor corridor environ-
ment

(c) Point Cloud map of Large-scale 2D floor plan environment (d) Jackal Robot

Fig. 7: Real-world validation. Experiments in two real-world environments: a 23×12m office scene and a 60×24m corridor
scene.

at the robot’s current position, encouraging the model to
focus more on local regions around the robot. This design
enhances local spatial dependencies without compromising
global consistency.

To quantitatively assess the impact of the local positional
prior, we evaluate the same model trained for 650k iterations
under two settings (with and without the prior). For the
partially explored map, we generate 100 predicted maps
and compute the average PSNR and SSIM with respect to
the corresponding ground-truth maps to evaluate the pixel-
level accuracy and structural similarity of the predictions,
thereby assessing both the fidelity and reliability of the
predicted maps. Table IIIa demonstrates that incorporating
the positional prior yields better PSNR and SSIM, with the
improvement being particularly significant within the robot’s
local observation window. Table IIIb shows that introducing
the Gaussian heatmap–based positional prior(Group Prior)
improves exploration efficiency by 10.04% compared to the
baseline model without any additional modules (None).

Dynamic WRP Solver: The traditional graph-based WRP
solver [7] aims to compute a path that covers the entire
environment given a fixed observation range. For incremen-
tal exploration maps, only the unexplored regions need to
be traversed, while the known areas are treated as freely
traversable. Consequently, the paths generated by the original
WRP solver do not necessarily correspond to the optimal
exploration route. We evaluated the performance of the
original WRP solver and the dynamic WRP solver on the
exploration task using the same test set. For each method,
we record the mean final exploration path length. Table IIIb
shows that incorporating the improved dynamic WRP solver

TABLE III: Ablation Study

(a) Gaussian heatmap ablation results

Model Origin Positional Prior

PSNR 7.31 8.07
SSIM 0.66 0.73

(b) Ablation Analysis

Group Exploration Cost

dPWM 1452.5 (± 438.7)
Prior 1561.7 (± 486.5)
D-WRP 1629.0 (± 450.4)
None 1718.6 (± 611.5)

reduces exploration path length by 5.5% compared to the
None baseline. When combined (Group dPWM), the two
modules achieve an 18.32% improvement, exceeding the
sum of their individual contributions and highlighting their
complementary effect.

D. Real-world Experiments

To validate the effectiveness of dPWM in real-world envi-
ronments, we conduct experiments in two different physical
scenarios: an office environment of 23 × 12m and a large
indoor corridor of 60×24m. We use a Clearpath Jackal robot
as the ground platform, equipped with an onboard mini-
PC (Intel Core i7-13620H CPU and NVIDIA GeForce RTX
4060 GPU), an IMU, and a Velodyne VLP-16 LiDAR, as
shown in Fig 7. During mapping, we set the map resolution to
0.2m/pixel. The 3D LiDAR observations are first converted
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into a 3D voxel map using UFOmap [35], which is then
projected into a 2D occupancy grid for planning purposes.
Our results show that the robot successfully completes the
exploration tasks in both environments, demonstrating the
applicability of dPWM to real-world scenarios.

V. CONCLUSION

In this paper, we presented dPWM, a diffusion-based pre-
dictive with WRP solver for autonomous map exploration. A
key innovation of our framework is the introduction of a posi-
tional Gaussian heatmap, which enhances local dependencies
while maintaining global stability in the diffusion sampling
process. Combined with a dynamic WRP solver, our method
enables more efficient and stable exploration compared with
both heuristic and learning-based baselines. Experimental
results in simulation and real-world scenarios demonstrated
that dPWM achieves lower exploration cost, higher stability,
and stronger generalization to unseen environments.

Future work will focus on reducing the computational
overhead of diffusion sampling, extending the positional bias
mechanism to multi-scale attention modules, and exploring
multi-robot collaboration as well as tighter integration with
real-time SLAM systems for large-scale exploration tasks.
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