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Abstract

We present a novel approach for enhancing robotic exploration by using generative occupancy map-
ping. We introduce SceneSense, a diffusion model designed and trained for predicting 3D occupancy
maps given partial observations. Our proposed approach probabilistically fuses these predictions into
a running occupancy map in real-time, resulting in significant improvements in map quality and
traversability. We implement SceneSense onboard a quadruped robot and validate its performance
with real-world experiments to demonstrate the effectiveness of the model. In these experiments we
show that occupancy maps enhanced with SceneSense predictions better represent our fully observed
ground truth data (24.44% FID improvement around the robot and 75.59% improvement at range).
We additionally show that integrating SceneSense-enhanced maps into our robotic exploration stack
as a “drop-in” map improvement, utilizing an existing off-the-shelf planner, results in improvements
in robustness and traversability time. Finally we show results of full exploration evaluations with our
proposed system in two dissimilar environments and find that locally enhanced maps provide more
consistent exploration results than maps constructed only from direct sensor measurements.

Keywords: Intelligent systems, Robotics and automation, Artificial intelligence, Diffusion models,
Autonomous navigation, Robots, Intelligent robots

1 Introduction

Efficient and reliable robotic exploration is fun-
damental to the practical deployment of robotic
systems for use in real-world scenarios. In order to
intelligently explore, an autonomous agent must
have a useful representation of its surroundings
and be able to localize within the environment.
Robotic agents deployed in search and rescue [1, 2]
or disaster response missions [3–5] rarely have the
environment mapped a priori. The robotic agent
must operate cautiously as it builds the map from

direct sensor observations. This results in slower,
less efficient exploration as the agent can only
operate over terrain in the sensor field-of-view and
large portions of the space may be obscured from
that view.

This lack of prior scene information means
agents are constantly operating on incomplete
information. In addition to limited field-of-view
for mapping, there is also sensor noise, unpre-
dictable dynamic obstacles, obstruction of key
information, and visual degradation that an agent
may need to reason over to complete a given task.
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While human agents can filter out noise and fill in
gaps in observations by drawing on prior experi-
ences, robots are generally limited to using direct
observations without the benefits of prior knowl-
edge or intuition. This results in robotic agents
that only take action based on direct observa-
tions, a process that further reduces exploration
efficiency because of time consuming replanning
when informative sensor updates occur.

In related fields, such as self-driving cars,
researchers attempt to eliminate the mapping
uncertainty using pre-compiled high-definition
(HD) maps [6]. This approach provides a good
method of localization at the global level, but
there still exists uncertainty and missing infor-
mation locally. Furthermore, this approach scales
poorly, as new HD maps are required for any new
operating environment. As discussed previously
there are many applications where collating an HD
map before navigation is not possible, such as in
search and rescue scenarios [7] or extra-terrestrial
exploration [8].

With recent breakthroughs in generative AI,
neural networks are able to generate convinc-
ing human-like results in various modalities, such
as text [9], images [10, 11], and audio [12].
We leverage these models to enable robots to
make common-sense inference of geometry that is
occluded from view. Our model enables a robotic
agent to infer geometry through occupancy pre-
diction beyond an obstruction so that the agent
can plan a trajectory beyond the field-of-view sim-
ilar to the way a human would navigate occlusions
using intuition.

In this work, we use the occupancy prediction
diffusion network SceneSense [13, 14] to gener-
ate occupancy information in key areas during
exploration. We design a robotic system to run
SceneSense online during exploration and develop
the probabilistic update rules to merge the dif-
fusion information with a running observed map.
We show that with key modifications we can use
SceneSense to generate realistic occupancy predi-
cation at any location in a map, rather than just
local to the platform. Furthermore, we show the
enhanced maps that merge the predicted occu-
pancy maps simplify robotic exploration, solving
key perennial issues for autonomous platforms
that previously required tedious fine tuning of
parameters.

We generate results on the efficacy of these
methods through field tests with a quadruped
platform. We compare robot-centric performance
to frontier-centric performance, and we provide
a comparison of one-shot map merging to prob-
abilistic map merging. In addition, our testing
shows successful navigation in several scenarios
which previously challenged robotic perception
systems including occupancy mapping at startup,
narrow hallways, and glass railings. We provide
detailed insights into the system specifications,
compute stack, training times, and experiment
design. Code used for replicating this work is
available at [URL-added-post-publication].

2 Related Works

2.1 Scene Exploration

An autonomous agent must have a useful rep-
resentation of its surroundings and be able to
localize within the environment to efficiently
and intelligently explore. A proven strategy for
mapping complex environments for use with
autonomous systems is 3D volumetric mapping
[15, 16]. OctoMap [17] is a popular framework
for 3D mapping due to its memory efficiency and
wide adoption in the robotics community [18].
In the DARPA Subterranean (SubT) Challenge
[7], Team MARBLE [19] utilized OctoMap on a
Boston Dynamics Spot robot and finished 3rd
overall.

Other works [20–23] have shown considerable
success using frontier based exploration strategies.
In [24], a frontier-based approach is utilized to
demonstrate the efficacy of biasing towards unseen
areas of a map for more effective mobile robot
exploration. Further efficiency improvements to
the frontier based exploration strategy are intro-
duced in [25]. In [23], a frontier based method is
proposed for safe and efficient map-building by
defining a “safe region” around the robot, allow-
ing it to explore and gather new information while
ensuring obstacle-free navigation, although it is
limited to mapping at a fixed height, making it
unsuitable for more complex environments.

In [26], a volumetric map is incrementally gen-
erated from depth sensors and a graph based
planner [18] reasons over that map to determine
if the terrain is traversable for each vertex of a
four-legged robot. This graph traversal requires
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Fig. 1 : The reverse diffusion process takes the local occupancy information and the Gaussian noise of
the area to be diffused over. Noise commensurate with the current diffusion step is added to the local
occupancy information, which includes occupied (green) and observed unoccupied (red) data. The result is
inpainted into the noisy local occupancy prediction. The inpainted noise data is provided to the denoising
network which generates a new noisy geometry prediction at t � 1. This processes is repeated as the
starting noise xT is iteratively denoised to x0 which is the final geometry prediction from the framework.
This process is further detailed in Algorithm 1.

considerable computation time for determining
the status of voxels beneath and around the
robot platform. Additionally, this method does
not address the issues with path planning if there
are obstacles or geometric occlusions in the sensor
field of view.

Despite the improvements in mapping and
frontier based exploration strategies, Team MAR-
BLE [19] reported that there are still challenges
with efficient exploration. During the SubT chal-
lenge, exploring robots frequently wasted valu-
able time attempting to explore in previously
seen areas rather than extending their trajectories
beyond their current frontiers [19]. Influxes of new
information from onboard sensors that came when
turning corners or exploring new rooms caused
the robots to pause for extended periods of time
for re-planning, slowing the pace of exploration
considerably [19]. The challenge outcomes demon-
strated the utility of 3D volumetric mapping using
frontier-based exploration for discovery, but also
elucidated the need for increased efficiency in the
planning and exploration process for time critical

missions. Our novel approach improves the effi-
ciency of exploration by reducing ambiguity that
leads to long re-planning delays for the robots.

2.2 Occupancy Prediction

Wang et al. [27] attempts to address challenges
of autonomous navigation in environments with
occlusions by utilizing a deep learning-based
approach to predict the occupancy distribution of
portions of the environment. Their method, the
Occupancy Prediction Network (OPNet), predicts
obstacle distributions, utilizing a self-supervised
learning technique that generates training data
through simulated navigation trajectories with
simulated sensor noise. This approach relies on
removing portions of the data from the Matter-
port3D [28] dataset to train the neural network
which biases the model to predict occupancy only
for the types of occlusions removed from the orig-
inal dataset. This approach does not scale well to
large unseen sections of an environment, is limited
to static updates, and does not generalize due to
its reliance on a specially curated dataset.
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More recently, Huang et al. [29] introduced
SelfOcc, a self-supervised method for 3D occu-
pancy prediction using video sequences. SelfOcc
converts 2D images into 3D representations with
deformable attention layers and uses signed dis-
tance fields (SDF) for regularization and occu-
pancy boundary determination. Although SelfOcc
performs well with surrounding cameras, it can-
not predict occupancy beyond the camera view
due to the limitations of SDF in handling occluded
geometry.

2.3 Scene Synthesis

Diffusion models [30, 31], are a popular and
promising technique which have demonstrated
impressive results in image [10], video [32], and
natural language [33]. Based on these successes,
diffusion models are being extended to 3D scene
and shape generation. Recent work [34] demon-
strates the use of diffusion models for 3D point
cloud generation for simple shapes and objects
(e.g. tables, chairs). Kim et al. [35] shows success-
ful 3D shape generation from 2D content such as
images, and Vahdat et al. [36] demonstrates sim-
ilar 3D shape generation but using point cloud
datasets rather than images. In LegoNet [37], dif-
fusion models are used to rearrange objects in a
3D scene. In DiffuScene [38], a denoising diffusion
model is used with text conditioning to generate
3D indoor scenes from sets of unordered object
attributes. Unlike these previous works which
primarily focus on generating simple shapes, rear-
ranging objects, or creating indoor scenes, our
approach leverages diffusion models to fuse gen-
erated terrain with the local robot field of view,
thereby bridging the gap between 3D scene gener-
ation and practical robotics applications.

2.4 Generative AI in Robotics

The body of work devoted to applications of gen-
erative AI in robotics is steadily growing. Yuan
et al. [39] demonstrates that hierarchical genera-
tive modeling, inspired by human motor control,
can enable autonomous robots to effectively per-
form complex tasks with robust performance even
in challenging conditions. DALL-E-Bot [11], uses
web-scale diffusion models for generating an image
from a text prompt which the robot utilizes to
rearrange real objects in accordance with the

image. Diffusion models were also used in [40] to
improve robot motion planning by learning priors
on trajectory distributions from previously suc-
cessful plans, a methodology which shows good
generalization capabilities in environments with
previously unseen obstacles. More recently, diffu-
sion models were shown to successfully generate
terrain predictions behind occluded geometries in
indoor environments using a single RGB sensor
mounted on a mobile robot platform [13]. We build
on this work, extending the practical applica-
tions of diffusion models by demonstrating a novel
method for occupancy prediction which shows
significant efficiency gains during exploration.

3 Problem Statement and
Preliminaries

The goal of this work is to create and eval-
uate a method for dense occupancy prediction
which can provably enhance a robotic platforms
ability to navigate. The ability to generate occu-
pancy predictions beyond occlusions and at range
from a mobile platform introduces the subsequent
challenge of how to identify and select frontier
points for exploration in these generated occu-
pancy spaces. We present an approach to frontier
identification and selection for exploration as part
of this work.

3.1 Autonomous Robotic
Exploration

Let M be the current occupancy map, built via
measurements from an onboard sensor S and
odometer measurements O. The map consists of
voxels m that are categorized as m 2 M f ree ,
m 2 Moccupied , or m 2 Munknown , representing
free, occupied and unknown space respectively.
During Robotic Exploration we seek to gener-
ate the complete map M comp of a target area
defined as M target constructed from successive
sensor measurements from an onboard sensor S
and odometer measurements O. While comple-
tion and alignment of M comp when compared to
M target is the primary goal of robotic exploration,
speed of exploration and naturally by extension
volumetric gain per second are secondary goals
during autonomous exploration, so long as these
goal do not compromise the safety of the system.
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3.2 Frontier Identification and
Evaluation

We identify and evaluate frontiers of interest in
M that can enhance the robot’s understanding of
the environment during exploration. In general,
“interesting” frontiers will maximize the num-
ber of unknown voxels available for occupancy
prediction while considering common exploration
metrics such a directionality, distance from target,
and reachability [18, 19].

3.3 Dense Occupancy Prediction

Dense occupancy prediction predicts the occu-
pancy from [0; 1] where 0 is unoccupied and 1
is occupied for every voxel m in a target region
x � M .

3.4 Forward Diffusion

x0 is defined as a clean occupancy grid where the
distribution of x0 can be defined as q(x0). By sam-
pling from the data distribution x0 � q(x0) the
forward diffusion process is defined as a Markov
chain of variables x1; :::; xT that iteratively adds
Gaussian noise to the sample. A diffusion step at
time t in this chain is defined as:

q(x t jx t � 1) = N (x t ;
p

1 � � t x t � 1; � t I ); (1)

where t is the time step t 2 [1; T ], � t is the variance
schedule 0 � � t � 1 and I is the identity matrix.
The joint distribution of the full diffusion process
is then the product of the diffusion step defined in
eq. (1):

q(x1:T jx0) =

TY

t =1

q(x t jx t � 1): (2)

Conveniently we can apply the reparameteriza-
tion trick to directly sample x t given x0 using the
conditional distribution:

q(x t jx0) = N (x t ;
p

� t x0; (1 � � t )I ); (3)

where x t =
p

� t x0 +
p

1 � � t � where � t := 1 � � t ,
� t :=

Q t
r =1 � s, and � is the noise used to corrupt

x t .

3.5 Reverse Diffusion

Reverse diffusion is a Markov chain of learned
Gaussian transitions p� (x t � 1jx t ) which is param-
eterized by a learnable network � :

p� (x t � 1jx t ) := N (x t � 1; � � (x t ; t); Σ� (x t ; t)); (4)

where � � (x t ; t) and Σ� (x t ; t) are the predicted
mean and covariance respectively of the Gaussian
x t � 1. Given the initial state of a noisy occupancy
map from a standard multivariate Gaussian distri-
bution x t � N (0; I ) the reverse diffusion process
iteratively predicts x t � 1 at each time step t until
reaching the final state x0 which is the goal occu-
pancy map. Similar to the Markov chain defined
forward diffusion process the joint distribution of
the reverse diffusion process is simply the prod-
uct of the applied learned Gaussian transitions
p� (x t � 1jx t ):

p� (x0:T ) := p� (X T )

TY

t =1

p� (x t � 1jx t ): (5)

4 SceneSense Design and
Implementation

SceneSense [13, 14] is a diffusion model designed
to generate 3D occupancy predictions given an
observed occupancy map. Notably, SceneSense
only generates occupancy predictions in space that
has not been observed, and therefore maintains
the fidelity of the observed map. In this section
we will discuss the design of the SceneSense net-
work as an unconditional diffusion model as well
as our method for training. Then we will discuss
our inference time control method of occupancy
inpainting.

4.1 Network Design

4.1.1 Denoising Network

We design our denoising network as an uncondi-
tional diffusion model. Specifically the denoising
network is a U-net constructed from the hugging-
face diffusers library of blocks [41] and consists
of Resnet [42] downsampling/upsampling blocks.
Notably, as discussed in Reed et al. [13, 14] the
addition of conditioning for guidance as often seen
in text-to-image diffusion models [10] does not
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Fig. 2 : Block diagram showing the system design
for onboard SceneSense occupancy prediction.
The system is comprised of an IMU and LIDAR
sensor to generate odometry and occupancy maps.
Once the occupancy map is built, a graph is
constructed to evaluate frontier points for occu-
pancy prediction. Local occupancy is then sub-
selected around these points and sent to the
SceneSense framework that provides occupancy
predictions. These predictions are then merged
with the running occupancy map using the prob-
abilistic update rule.

generate more accurate predictions and increases
inference times in this particular application.
These ablations are presented in Appendix A and
B.

4.1.2 Occupancy Mapping

Occupancy mapping allows for platforms to build
a running map of areas that have been measured
to contain matter using onboard sensors like lidar
or RGB-D cameras. For our framework we use the
popular occupancy mapping framework OctoMap
[17] to generate an occupancy map as the platform
explores the environment. Importantly, OctoMap
provides a probability of occupancy o 2 [0; 1] for
every voxel in the map that has been observed
using pose ray casting. This means that as we
explore we will be maintaining not only a map
of occupied areas M o, but also a map of areas
that have been measured to not contain any data
M u . These maps will later be used to inform Sce-
neSense where occupancy predictions should be
made.

4.2 Training

During training, we generate a noisy local occu-
pancy map x t where t 2 [1; T ] from a ground truth
local occupancy map x. We train the diffusion
model f � to predict the noise applied to x t .

4.2.1 Data Augmentation

In previous SceneSense implementations [13, 14],
the primary area for prediction was centered
around the robot. In this paradigm, the Scene-
Sense training data was collected as local occu-
pancy data collected around the robot. However
this training approach struggles to capture the
variety of poses possible when doing occupancy
predictions at the frontier. The graph based plan-
ner where poses are selected can be much closer
to structures like walls, and at a wider variety of
rotation poses. To account for this, we augment
the training data to closer mimic that of the graph
based poses. For each pose we generate 10 noisy
pose samples where noise is added from a uni-
form distribution of [� 1; 1] in the x,y direction and
[0; 2� ] in the rotational plane. This modification
increases the training set by 10x but yields much
more consistent results at inference time when
performing occupancy prediction around frontier
nodes in the graph.

4.2.2 Occupancy Corruption

To corrupt each ground truth local occupancy
map x to train the network we add Gaussian noise
to x to generate x t . This corruption process is
defined in 3 where the intensity of the noise is con-
trolled by � t which is configured by a linear noise
scheduler [31].

4.2.3 Loss Function

The network f � is trained using the calculated l2
loss between the denoised x t prediction and the
associated ground truth data x. l2 loss is a popular
diffusion loss function, however other loss func-
tions such as cross-entropy loss or mean squared
error can be applied and have had some success in
similar diffusion frameworks [10, 43–45].
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Fig. 3 : Spot robotic platform with onboard com-
pute and sensors. Sensor suite consists of a 64
Beam OS1 lidar as well a 3 FLIR GigE Cameras.

4.3 Inference

4.3.1 Sampling Process

The trained noise prediction network f � takes
isotropic Gaussian noise N (0; I ) as the starting
point xT to begin the reverse diffusion process.
The noise is iteratively removed by using f � to
compute x t � 1.

4.3.2 Occupancy Inpainting

Our method of occupancy inpainting is provided
in Algorithm 1 which ensures observed space is
never overwritten with SceneSense predictions.
Inspired by image inpainting methods seen in
image diffusion [10] and guided image synthesis
methods [46], occupancy inpainting continuously
applies the known occupancy information to the
diffusion target during inference. To perform occu-
pancy inpainting we select our target region x as
a submap of the full occupancy map. From x we
build an occupied map M o and an unoccupied
map M u composed of observed occupied vox-
els and observed unoccupied voxels, respectively.
From M u and M o we generate noisy represen-
tations commensurate with the current diffusion
step t using Eq. 3, M un and M on , respectively.
Finally the data from M un and M on replaces
the data in the diffusion target at the associated
coordinates.

This process is repeated for each inference step
and can be seen in Figure 1. This method ensures
the diffusion model does not predict or modify
geometry in space that has already been observed.

This inpainting method is crucial for increasing
the fidelity of the scene predictions.

Algorithm 1 Occupancy Inpainting

Require: Unconditional diffusion model � � (x t ),
xobs, mobs

1: xT � N (0; I )
2: for t = T; : : : ; 1 do

In-painting step:
3: x t � 1

obs � N
� p � t � 1xobs; (1 � � t � 1)I

�

4: xm obs
t � 1 := x t � 1

obs
Standard reverse di�usion step:

5: � � (x t ) :=
q

1
� t

�
x t �

p
� t

� � (x t )p
1� � t

�

6: x t � 1 � N (� � (x t ); �̃ t I )
7: end for
8: return x0

4.3.3 Multiple Prediction

Diffusion is a noisy process that can generate dif-
ferent results given the same context. In image
generation this is a desirable characteristic as
the framework can generate different results given
the same prompt, increasing the diversity of the
generated data. As shown in Figures 4 and 10, Sce-
neSense has the same behavior as these networks
and can generate different reasonable predictions
based on the same input information. Further
there is no compute time increase (assuming
enough compute is available) as multiple predic-
tions can be done in parallel. We present our
method for merging these various occupancy maps
in Section 6.

5 Robotic System Design

Our robotic system is a quadruped (Spot) as
shown in Figure 3 combined with an off-board high
performance computer to handle computationally
expensive requests. Much of the system design is
inherited from the University of Colorado at Boul-
der MARBLE team that competed in the DARPA
Subterranean challenge [7, 19]. For convenience,
we provide relevant design decisions in this section
and a block diagram of the system in Figure 2.
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5.1 Sensor Suite

The equipped sensor suite was designed with the
purpose of providing 3D point cloud information
and sufficient data for accurate localization. The
primary sensor in the Spot sensor suite is the
Ouster OS1-64 LIDAR which provides 3D point
clouds for mapping and localization. In addition,
a LORD Microstrain 3DM-GX5-15 IMU is used
to measure the linear and angular acceleration of
the Ouster, for use in the localization system.

5.2 Localization

Localization is required for Spot to perform vol-
umetric mapping. We have implemented the pop-
ular LIDAR-based localization method LIO-SAM
[47] to provide localization at runtime. To improve
localization performance both the IMU and lidar
sensor were fastened to a 6061 aluminum sensor
plate. This allowed for a high-precision relative
transform between the sensors, reducing the neces-
sity of extrinsic calibration. Further LIO-SAM
requires aligned sensor timestamps and sensor
publish rates to be constant. The LORD IMU
however allows for large fluctuation in publish
rate due to the USB transmission delays. TO
reduce the sensitivity the IMU timestamps are
adjusted when messages are not received within
15% of the nominal rate. Additionally, the lidar
sensor uses Precision Time Protocol (PTP) to
synchronize with the onboard computer. These
modifications allowed for consistent localization
using LIO-SAM.

5.3 Frontier Identification and
Evaluation

The first work in this domain [13] focused on occu-
pancy prediction around the robot. Later work
[14] updates the occupancy prediction framework
to predict occupancy at any point in the map,
demonstrating enhanced utility for predictions
at range. We leverage this enhancement, identi-
fying interesting areas for prediction using the
graph-based exploration planner GBPlanner [18].
GBPlanner builds a graph where nodes are poten-
tial exploration points and edges are feasible paths
to navigate from node to node. A ray casting algo-
rithm is run at each node in the graph to quantify
the number of observed, free, and unknown vox-
els in that node’s field of view. After finding the

Fig. 4 : Multi-Prediction Occupancy Merg-
ing : SceneSense predicts various occupancy maps
based on equivalent input data that form a dis-
tribution. This distribution forms a curve where
more likely predictions occur more often, and less
likely predictions occur infrequently. These predic-
tions are fused into the merged map using Eq. 7.
The resulting merged map naturally filters out the
unlikely voxel predictions, forming an extended
occupancy map.

shortest path to each node the Exploration Gain
can be calculated for each node in the graph as
follows:

ExplorationGain (� i ) = e� 
 S S ( � i ;� exp )

�
m iX

j =1

VolumetricGain (vi
j )e� 
 D D (v i

1 ;v i
j ) ; (6)

where S(� i ; � exp ), D(vi
1; vi

j ) are weight functions
with tunable factors 
 S ; 
 D > 0 respectively. Fur-
thermore D(vi

1; vi
j ) is the cumulative Euclidean

distance from a vertex vi
j to the root vi

1 along a
path 
 i .

We use exploration gain to rank nodes where
occupancy prediction should run. Given a mini-
mum node spacing dm and a maximum number of
frontier prediction nodes nmax , SceneSense gen-
erates occupancy predictions at range, centered
around the identified frontiers.

5.4 Mapping

We use the probabilistic volumetric mapping
method OctoMap [17] as the system’s mapping
framework. OctoMap was adopted for its log-
odds update method for predicting occupied and
unoccupied cells. This approach allows for compu-
tationally efficient fusion of observed occupancy
and predicted occupancy maps. Further discussion
on map fusion is provided in Section 6.
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Fig. 5 : Env 2 IoU Probability Mass Function
(PMF). (a) IoU histogram of RC SceneSense pre-
dictions. (b) IoU histogram of FC SceneSense
predictions. The IoU distributions show that RC
occupancy predictions are more likely to be simi-
lar than FC predictions.

6 Probabilistic Map Merging

In previous work, predicted occupancy is merged
into the running occupancy map in a “fire and
forget” approach [13]. A given occupancy pre-
diction is temporarily merged into the running
occupancy map by setting the predicted occupied
cells to 1. Then, when a new occupancy prediction
is generated, the previous prediction is removed
from the running map and the new prediction is
merged in the same way. While this approach is
effective in some applications, it limits the ability
to accurately maintain a coherent and continu-
ous understanding of the environment. To address
these issues, we modify the probabilistic occu-
pancy update formula presented for the OctoMap
mapping framework [17].

We define the probability that a voxel m is
occupied given an occupancy prediction dt or sen-
sor reading zt as P(mjdt ) or P(mjzt ) respectively.

The set of sensor estimates z1:t and diffusion esti-
mates d1:t populate the joint set f z1:t ; d1:t g which
we denote as j 1:t . As discussed in [13], SceneSense
only operates on voxels m that are not contained
in the observed set O, where zt :t � 1 = ? , and there-
fore P(mjj 1:t ) will never require an update given
P(mjdt ) and P(mjzt ) at the same time. As such
we generate the piece-wise update rule for merging
diffusion into the running occupancy map.

P(m j j 1:t ) =
8
><

>:

h
1 + 1� P (m jdt )

P (m jdt )
1� P (m j j 1: t � 1 )

P (m j j 1: t � 1 )
P (m )

1� P (m )

i � 1
if m =2 O

h
1 + 1� P (m jzt )

P (m jzt )
1� P (m j j 1: t � 1 )

P (m j j 1: t � 1 )
P (m )

1� P (m )

i � 1
if m 2 O :

(7)

In this framework P(mjzt ) and P(mjdt ) can
be configured to different values prior to runtime.
Generally P(mjdt ) given a predicted occupied
cell is set lower than P(mjzt ) given a sensed
occupied cell, as we trust the sensor more than
our generative model. By using this probabilistic
approach to map merging, the final merged map
benefits from prediction persistence as the system
explores as well as increased map fidelity due to
multi-prediction occupancy refinement.

7 Occupancy Prediction
Experiments and
Evaluations

In this section, we provide results and evaluations
of the modified SceneSense occupancy prediction
framework onboard a real-world system. In par-
ticular we evaluate if the SceneSense enhanced
occupancy maps better represent a set of fully
observed ground-truth maps.

Training and Implementation . To train Sce-
neSense, we collected real-world occupancy maps
from various indoor environments across differ-
ent buildings. We gathered approximately 1 hour
worth of occupancy data, resulting in 11; 296
unique poses with associated complete local occu-
pancy maps. Any areas that were used to train the
model are omitted from the results presented here.

We implement the same denoising network
structure presented in Reed et al. [13]. It is a U-
net constructed from the HuggingFace Diffusers
library of blocks [41] and consists of Resnet [42]
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(a) (b)

Fig. 6 : At startup, the robot cannot observe
the ground directly under it due to the mount-
ing location of the lidar. (b) SceneSense generates
occupancy predictions (Red Voxels) that fill in
the hole under the robot as well as some of the
vertical occluded geometry. With the additional
predictions, the robot autonomously generates a
traversable path and begins exploring without the
need for manual intervention via teleoperation.

downsampling/upsampling blocks. The diffusion
model is trained using randomly shuffled pairs
of ground truth local occupancy maps x. We
use Chameleon cloud computing resources [48] to
train our model on one A100 with a batch size of
32 for 250 epochs or 88; 208 training steps. We use
a cosine learning rate scheduler with a 500 step
warm up from 10� 6 to 10� 4. The noise scheduler
for diffusion is set to 1000 noise steps.

At inference time we evaluate our dataset using
an RTX 4070 TI Super GPU for acceleration. The
number of diffusion steps is configured to 30 steps.

7.1 SceneSense Generative
Occupancy Evaluation

For the following experiments we evaluate the
occupancy generation capabilities of SceneSense
onboard a real-world robot in two unique test envi-
ronments. In particular, we examine the fidelity of
predictions around the robot with predictions at
the frontiers of the map, ablating the map update
methods and the running sensor only map.

Experimental Setup . SceneSense predictions
are evaluated in 2 environments. Environment 1
is a long hallway with cutouts for classrooms and
1 right turn. Select frames shown in Figures 6
and 7 are from Environment 1. Environment 2
consists of similar carpeted area with 4 hallways
and 4 turns, forming a square shape. We evalu-
ate the occupancy prediction framework using the
following test configurations.

(a) (b)

Fig. 7 : (a) During traversal, the robot fails to
observe the ground directly to its right as a result
of the mounting location of the lidar and is unable
to plan down the hallway for exploration. (b)
SceneSense generates occupancy predictions (Red
Voxels) that fill in the hole to the right of the robot
as well as some of the vertically occluded geom-
etry. With the additional predictions, a plan can
now be generated, allowing the robot to continue
navigation down the hallway.

(a) (b)

Fig. 8 : (a) The robot’s position during explo-
ration near a glass railing, an adversarial sce-
nario for planners that do not consider ground
traversability. (b) The running occupancy map
shows that the ground suddenly ends to the
right of the robot, where the railing prevents it
from navigating off the edge. Samplers that do
not check for traversability—effective in solving
scenarios in Figures 7 and 6—could mistakenly
allow paths through open space. Here, Scene-
Sense correctly generates red voxels to indicate
untraversable ground, preventing unsafe naviga-
tion.

1. Baseline or SceneSense : A comparison
between Octomap sensor-only local occupancy
(BL) with the SceneSense occupancy prediction
included (SS).

2. Robot-centric or Frontier-centric : Robot-
centric diffusion (RC) predicts occupancy at a
radius of 3:3m about the robot while frontier-
centric diffusion (FC) predicts occupancy at a
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(a)

(b)

Fig. 9 : Test Environment : The test environ-
ment used to produce Table 2. (a) The complete
occupancy map representation with the start and
finish line shown in yellow and red, respectively.
(b) The starting position (left) and finish position
(right) of the Spot robot.

radius of 3:3m at an identified location in the
map, which has a maximum range of 7m from
the robot.

3. One Shot Map Merging or Probabilis-
tic Map Merging : One shot map merging
(OSMM) simply takes the current local occu-
pancy map and a SceneSense occupancy pre-
diction and populates the predicted occupancy
information in the running map. Probabilis-
tic map merging (PMM) keeps a running
local merged occupancy map that uses update
Equation 7 to update the occupancy map for
every new occupancy prediction. In practice,
each pose will receive 3-5 SceneSense predic-
tions to merge into the running map.

Occupancy Prediction Metrics . Follow-
ing similar generative scene synthesis approaches

[38, 49] we employ the Fréchet inception dis-
tance (FID) [50] and the Kernel inception distance
[51] (KID � 1000) to evaluate the generated local
occupancy grids using the clean-fid library [52].
Generating good metrics to evaluate generative
frameworks is a difficult task [53]. FID and KID
have become the standard metric for many gen-
erative methods due to their ability to score both
accuracy of predicted results, and diversity or
coverage of the results when compared to a set
of ground truth data. While these metrics are
fairly new to robotics, which traditionally evalu-
ates occupancy data with metrics like accuracy,
precision and IoU, these metrics have been shown
to be an effective measure for evaluating predicted
scenes [13, 38].

Table 1 : Comparison of Running Occupancy
(BL) vs. SceneSense (SS) . Evaluations of each
method are provided as robot-centric (RC) and
frontier-centric (FC) generations.

Method Env. 1 Env. 2
FID # KID � 1000 # FID # KID � 1000 #

BL-RC 36.0 16.4 30.3 16.3
SS-RC-OSMM 26.3 7.7 20.8 10.1
SS-RC-PMM 29.2 10.4 21.0 9.1

BL-FC 116.9 81.6 150.6 118.8
SS-FC-OSMM 104.2 66.3 133.4 104.4
SS-FC-PMM 30.1 10.3 34.5 9.0

Results Discussion . The results in Table
1 show that RC predictions are quite similar
between OSMM and PMM approaches, reducing
the FID of the environments by an average of
28:5% and 25% for OSMM and PMM, respec-
tively. These results are similar to the simulation-
based results presented in [13]. However, the FC
results show that PMM achieves a much greater
improvement than OSMM. This improvement is
reflected in the average FID, where a lower value
indicates better performance. PMM reduces the
average FID by 75%, whereas OSMM achieves
only an 11% reduction.

Interestingly, The KID values are nearly iden-
tical between between SS-RC-PMM and SS-FC-
PMM, indicating that the model occupancy pre-
dictions at range are as reasonable as the predic-
tions made around the robot, even though there is
less information for the predictions at range. KID
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is known to be less sensitive to outliers when com-
pared to FID [51]. It is likely that the unreasonable
predictions that can occur when performing FC
predictions are better filtered out by the KID
metric, resulting in similar scores.

The large discrepancy between OSMM and
PMM results when evaluated at frontiers is due
to the sparsity of the occupancy map at the fron-
tier. We predict that as the number of unknown
voxels grow, so too does the distribution of pre-
dicted scenes. Intuitively, if there are no observed
voxels to guide the prediction SceneSense will pre-
dict a wide variety of possible occupancy maps.
Conversely, if all voxels in the target space are
observed, the same occupancy map will be gener-
ated every time.

We can analyze the number of available vox-
els for occupancy prediction as the number of
unknown voxels in the target area x rm as a per-
centage of the total observed voxels in xgt . Using
the results from environment 2 to evaluate this
prediction, we calculate that on average 59:18%
of target area voxels are unknown when per-
forming RC occupancy prediction. However, when
performing FC prediction this number jumps to
70:79%. This result supports the intuitive state-
ment that there are more available (unknown)
voxels for prediction around the frontiers of the
map than around the robot.

To confirm that the increase in unknown voxels
widens the distribution of occupancy prediction
we generate a distribution of results by calculating
the IoU of each prediction against all other pre-
dictions made during the run. The results of this
approach as provided in Figure 5 show that RC
predictions are more likely to be similar, while FC
predictions are more likely to be dissimilar with
very little overlap. When predictions are all sim-
ilar, PMM becomes less important for accurate
predictions, since OSMM would result in a similar
map each time. However PMM is needed at range
to achieve reasonable results since it can negoti-
ate the wider distribution of possible occupancy
predictions.

8 Extended Exploration
Experiments

In this section we examine SceneSense as a “drop-
in” method for autonomous exploration. First

we examine key exploration scenarios where Sce-
neSense solves existing map based exploration
problems and evaluate the systems performance at
autonomously navigating narrow corners. Then,
we evaluate the robots exploration performance
on full scene explorations, in 2 dissimilar environ-
ments.

8.1 Solved Robotic Exploration
Tasks

Robotic systems often exhibit poor or unpre-
dictable performance in edge cases, particularly
when encountering rare or unforeseen scenarios.
Many edge cases in robotics are known, and
need special error handling processes to circum-
vent errors when in these configurations. With the
addition of SceneSense to our robotic framework
we alleviate the need for special error handling for
some common edge cases seen during deployment.
In particular, the common sense occupancy filling
alleviates cases where robotic systems cannot gen-
erate plans over ares in which they cannot directly
observe although it would be common sense that a
traversable path exists. We provide two examples
of configurations where planning failed without
the probabilistic map merging and one example
where traditional terrain filling methods would fail
where SceneSense does not.

8.1.1 Start Up

The first configuration where the robotic planner
fails in during start up. Given the mounting point
of the lidar and height of the robot, there are
several meters around the platform that cannot
be observed directly by the lidar. At startup this
results in a large hole around the platform, which
the planner sees as untraversable terrain and
therefore is unable to form a plan for traversable as
shown in Figure 6. Algorithmic hole filling meth-
ods attempt to solve this problem but these meth-
ods result in unexpected failures when traversing
new environments and require online tuning for fill
size. Furthermore, these methods require specific
handling of the “start” configuration requiring
additional logic for the robot exploration method.
A different approach is to add additional depth
sensors intended to point directly at what the
robot is walking on. However this requires the
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Fig. 10 : Example traversal of GBPlanner + Frontier SS . At startup local diffusion is run to
allow for planning from startup. Once a graph is constructed and a path is planned the robot begins
both traversing the path and making predictions of the frontier occupancy (where predictions are shown
in grey). Upon reaching its destination, the graph is extended based on the observed and predicted
occupancy and the robot continues exploration.

purchase of additional sensors which can be pro-
hibitively expensive, and would require additional
ongoing calibration between the sensor to ensure
alignment of measurements. Alternatively, Sce-
neSense is able to fill the hole at startup and
immediately begin planning, without additional
sensors or special configuration handling.

8.1.2 Narrow Hallways and Corners

During Traversal, perception systems can miss
measurements of necessary information to con-
tinue exploration. In our case, due the the high
mounting point of our lidar sensor, traversal of
narrow hallways can lead to missing ground mea-
surements necessary to continue exploration as
shown in figure 7a. In some sampling based plan-
ners for ground systems, it is not allowed to sample
points above open space, and therefore the robot
will never traverse down the hallway to continue
exploration. SceneSense provides realistic filling in
this scenario and allows the planner to continue
exploration down the hallway.

In this scenario we can directly measure the
impact that SceneSense has on robot navigation.
We provide 2 experiments to evaluate the Scene-
Sense occupancy enhancements when traversing
narrow corners. First we run 10 corner traversals
in the same location to evaluate consonant of the
enhancements. Second, We select 10 different nar-
row hallway scenarios to evaluate the SceneSense

predictions in different environments and general-
ization abilities. In both scenarios we set a start
and end point during the hallway exploration and
set the robot to explore. We evaluate the following
systems for comparison.

1. User Operation Ground Truth : The sys-
tem is teleoperated by the user to generate a
ground truth result for human-like exploration.

2. GBPlanner [18] : Baseline GBPlanner is used
to explore the narrow hallway environments.

3. GBPlanner + Local SceneSense : Base-
line GBPlanner is used to explore the narrow
hallway environments. SceneSense predictions
are merged with the running occupancy map
as the system explores. SceneSense only makes
local occupancy predictions (Predictions cen-
tered around the robot).

4. GBPlanner + Frontier SceneSense : Base-
line Planner is used to explore the narrow
hallway environments. SceneSense predictions
are merged with the running occupancy map as
the system explores. SceneSense makes predic-
tions at range for 1 target point in the graph
with the highest exploration gain.

8.1.3 Discussion

As shown in Table 2, enhancing the running occu-
pancy map using the frontier SceneSense predic-
tions results in the best autonomous performance
of the system. The performance of GBPlanner +
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Table 2 : Single Hallway Results : Single hall-
way traversal results averaged over 8 runs per
configuration. All time measurements are in sec-
onds, and distance measurements are in meters.

Method Exp.
Time

Min
Time

Max
Time

� exp Failures

Human Operator 9.35 9.00 9.70 0.34 0
GB [18] 25.98 18.33 33.77 5.18 1
GB + Local SS 23.77 18.48 29.27 3.81 0
GB + Frontier SS 21.10 16.35 28.17 3.53 0

Frontier SS is not only the lowest mean explo-
ration time and path length, but also has a lower
variance than the other methods. We believe that
the primary reason that frontier SS outperforms
local SS is due to system latency. In particular the
latency introduced in running multiple diffusion
and merging those predictions into the map. As
shown in Figure 10 the robot is able to perform 4
consecutive occupancy predictions while travers-
ing the calculated path. Each of these predictions
takes approximately 0:5 seconds to generate and
similar time to merge with the running map. That
means that by the time that the robot has made it
to the area where it will need to plan its next path
the SceneSense predictions will have already been
merged into the map for quick planning. When
performing local occupancy prediction its takes
time to to make the occupancy predictions and
update the running occupancy map, resulting in
the robot frequently pausing at the end of its ini-
tial path. If this prediction and update latency was
reduced the local SceneSense predictions should
perform just as well as the frontier predictions.

Importantly, a traversability failure is observed
in this experiment when operating over the sensor
only map. This failure is observed when the robot
traverses particularly close to the right wall of
the intersection, and therefore cannot observe the
ground necessary for traversal. A similar observa-
tion problem is show in Figure 7. The SceneSense
enhanced map is able to make this logical infer-
ence of ground existence every time in our testing,
allowing for more reliable exploration.

8.1.4 SceneSense Robustness

While promising, the results presented in Sections
8.1.1 and 8.1.2 could be solved with simple brute

(a) (b)

Fig. 11 : Test environments for exploration evalu-
ation. (a) Environment 1. (b) Environment 2. The
green voxels represent the complete occupancy
map, and the black cubes indicate the robot’s
starting positions.

force solution such as removing the ground check-
ing from the graph sampler. To further differen-
tiate SceneSense from potential brute force solu-
tions we identify adversarial scenarios where areas
of the map are not traversable. One such scenario
is shown in figure 8, where the robot traverses
near a glass railing unobservable to the lidar.
While a naive unconstrained sampling approach
could sample points and paths above the empty
space, SceneSense is able to differentiate this space
from other potential ground areas and not predict
ground over the edge.

8.2 Full Robot Exploration

In this section we explore the end effects of Sce-
neSense when applied to a robotic exploration
platform. For these experiments SceneSense is
considered a “drop-in” method that does not
require custom planning or mapping frameworks.

8.2.1 Experimental Setup

To evaluate the exploration speed of the system
we deployed the platform in in a test environments
shown in Figure 11aand 11b. The robot is started
once at each position indicated by the black boxes
in the associated figures (5 positions in environ-
ment 1, 4 positions in environment 2). One run per
starting position is then run per configuration and
the results are averaged to generate Figure 13 and
Tables 3 and 4. The same testing configurations
described in Section 8.1.2 are used for all runs.
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(a)

(b)

Fig. 12 : (a) The vision-only map. (b) The
SceneSense-enhanced map. The current planning
graph is shown as the purple and red graph struc-
tures. In (a), the vision-only map contains a large
gap near the robot’s starting position. Due to
occlusions from the narrow hallway, the hole is
not observed and therefore remains unpopulated.
SceneSense, however, merges its predictions with
the existing map to make a realistic estimation
of the unobserved space, filling the holes and
allowing the robot to plan over the environment.
Traversable occlusions, such as vertical structures,
are correctly negotiated out of the map when the
robot makes observations of the space.

8.2.2 Discussion

In both testing environments, the map enhanced
with SceneSense outperforms the vision only map
in average exploration time, max exploration time,
and average exploration gain per second. Inter-
estingly, the minimum exploration time is faster
when operating over the vision only map in
both cases, however the max time is also much

Table 3 : Env. 1 Exploration Results :
Results from exploration of the environment
shown in Figure 11a. All results are calculated
based on reaching 95% environment explo-
ration.

Method Exp.
Time

Min
Time

Max
Time

� exp
exp %

sec

Human Operator 64.03 36.75 75.05 8.717 1.327
GB [18] 152.27 57.75 148.45 13.027 0.529
GB + Local SS 151.83 91.65 141.99 9.629 0.565
GB + Frontier SS N.A. N.A. N.A. 7.86 N.A.

Table 4 : Env. 2 Exploration Results :
Results from exploration of the environment
shown in Figure 11b. All results are calculated
based on reaching 95% environment explo-
ration.

Method Exp.
Time

Min
Time

Max
Time

� exp
exp %

sec

Human Operator 55.76 40.95 62.55 10.445 1.516
GB [18] 106.46 69.68 117.55 5.394 0.624
GB + Local SS 81.68 74.35 91.05 5.685 0.866
GB + Frontier SS N.A. N.A. N.A. 6.993 N.A.

larger. These results suggests lower consistency of
operation when operating over vision only maps.
In some starting configurations the robot may
make observations that allow for rapid explo-
ration, however in others the robot may make poor
observations leading to increased total exploration
time. Local occupancy prediction seems to nar-
row this distribution, resulting in a system that
is less reliant on an optimal direct observation at
startup.

Notably, frontier-centric SceneSense fails to
complete the exploration of the space. While the
initial rates of exploration with frontier-centric
SceneSense are promising, the planning stacks
inability to disambiguate predicted space and
observed space leads to the planner believing the
space is fully observed before exploration is actu-
ally complete. These results indicate a need for the
development of new planners, that are able to dis-
tinguish observed space from predicted space and
make coherent exploration decisions based on this
additional information.

The minimum time in environment 1 is
attributed to the vision only GBPlanner imple-
mentation navigating straight down the hallway
from the when starting from the dead-end instead
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(a)

(b)

Fig. 13 : (a) Results associated with runs in Env. 1, as shown in Figure 11a. (b) Results associated with
runs in Env. 2, as shown in Figure 11b. The robot starts once at each of the positions in Figures 11a
and 11b. The average exploration percentage is shown for each configuration, where the shaded region
represents the standard deviation across runs at that time step. Additionally, linear approximations
illustrate the average exploration rate required to achieve 95% coverage of the test environment.
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of turning right at the first junction as shown in
Figure 11a. With the more complete ground rep-
resentation, the SceneSense enhanced GBPlanner
navigates down the larger hallway to the right
first, increasing its overall completion time. With-
out this outlier existing in the environment 2 data
collection, the exploration rate of the SceneSense
enhanced planner is increased by 32%.

It is our hypothesis that the substantial explo-
ration rate gains are actually attributed to the
startup filling. As shown in Figure 12b the startup
filling has a lingering effect on the map even after
some initial exploration. It is likely the exploration
gain in these areas is still significant, resulting in
the planner choosing to double back to explore the
starting position in several instances. Further, the
existence of holes in the map can result in unin-
tuitive planning results. As shown in Figure 14,
a hole in the map leads to a path with a loop
back around the hole, configuring the robot in
a poor position to continue exploration. By fill-
ing these holes during occupancy prediction the
planner has a cleaner space to generate poten-
tial exploration samples, as well as a reduction in
overall explorable space in areas that have already
been traversed.

9 Conclusion

In this work we have presented the general occu-
pancy mapping tool, SceneSense, implemented the
model onboard a real-world system, and evalu-
ated both the realism of the predictions as well
as the predictions impacts on robotic exploration.
We show that the SceneSense model is able to
enhance existing occupancy mapping methods and
use those hybrid maps as a basis for more con-
stant exploration of space. Further we show that
the integration of SceneSense into existing plan-
ning frameworks enables the planner to traverse
environments that are traditionally challenging to
complete with only direct observations, such as
narrow hallway traversal or directly after robot
startup. Future work includes the design and
implementation of planners that can distinguish
predicted and observed space, and balance deci-
sion making based on observations made in both
modalities. Furthermore the SceneSense model
can be retrained and scaled up to account for more
diverse environments using readily available online
datasets in a foundation model style approach.

Fig. 14 : Unintuitive Planning. As the robot
is traversing the classroom environment, a hole
in the map leads to a loop-back path. The robot
odometry is shown in red, and the planned path
is shown in green. Due to the hole in the map, the
robot’s plan configures it into a poor position to
continue exploration.

We present SceneSense as an empirically validated
approach for enhancing existing robotic planning
stacks by providing a “drop-in” method that
allows for robots to make common-sense inference
of unobserved geometry.

Appendix A - SceneSense
Ablation Study

This ablation study was first presented in [13]
where the SceneSense occupancy prediction net-
work was a conditional diffusion model (as
opposed to the unconditional model presented
here). When examining these results it was con-
cluded that in this particular application the
conditional network does not provided substan-
tial benefits over the equivalent unconditional
network.

Denoising Steps Discussion

The number of diffusion steps defines the size of
each diffusion step during the reverse diffusion
process. Generating reasonable results using the
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Fig. 15 : SceneSense Ablation Experiments. All ablation experiments were conducted on Test House
1 using the same trained diffusion network. For all experiments, conditioning and inpainting were enabled,
s was set to 3, and 30 denoising steps were used unless these values were being ablated. (a) Evaluation
of various denoising step values. (b) Evaluation of different guidance scale s values, further discussed in
9. (c) Ablation of conditioning and inpainting for the network, where 1 indicates enabled and 0 indicates
disabled.

fewest possible denoising steps is desirable behav-
ior to reduce computation time. Additionally too
many denoising steps have been shown to intro-
duce sampling drift which results in decreased
performance [44, 45]. As shown in 15 (a) our
method saw the best results when configured to
30 denoising steps. Too few denoising steps results
in the network being unable make accurate pre-
dictions over the large time step. Increasing the
number of denoising steps keeps results relatively
stable over time, however you can see the KID is
slightly worse using more steps due to sampling
drift. Sampling drift is a result of the discrep-
ancy between the distribution of the training and
the inference data. During training, the model is
trained to reduce a noisy map x t to a ground truth
map x, at inference time the model iteratively
removes noise from its already imperfect noise pre-
dictions. These predictions will drift away from
the initial corruption distribution which becomes
more pronounced at smaller time steps due to the
compounding error.

Conditioning and Guidance Scale
Discussion

The guidance scale s as defined in [31] is a
constant that multiplies the difference of the con-
ditional diffusion and unconditional diffusion to
“push” the diffusion process towards the condi-
tioned answer. Setting s too high results in too
large of pushes away from reasonable predictions

and results in poor generalization to new environ-
ments. The best FID is measured when s = 3
however KID is slightly lower when s = 1. Fur-
ther, when examining chart (c) it is shown that the
results when conditioning is removed all together
(s = 0 ) are very similar to the best results seen
with conditioning enabled (albeit slightly worse).
This is likely because most of the useful condition-
ing information is captured in the local occupancy
data, and mapping measured RGB-D points from
areas in front of the geometry to under or behind
the platform is a very difficult task. The perfor-
mance of the conditioning only data may be seen
to have a larger impact on the overall results if the
sensor could capture more local information, such
as given a wider FOV or different mounting angle.

Appendix B - Conditional VS.
Unconditional Diffusion

This ablation study was first presented in [14]
to evaluate the inference time gains of remov-
ing cross-attention based conditioning from the
SceneSense occupancy prediction network.

In this ablation we implement the same denois-
ing network structure presented in [13]. It is a
U-net constructed from the HuggingFace Diffusers
library of blocks [41] and consists of Resnet [42]
downsampling/upsampling blocks. The diffusion
model is trained using randomly shuffled pairs
of ground truth local occupancy maps x. We
use Chameleon cloud computing resources [48] to
train our model on one A100 with a batch size of
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32 for 250 epochs or 88; 208 training steps. We use
a cosine learning rate scheduler with a 500 step
warm up from 10� 6 to 10� 4. The noise scheduler
for diffusion is set to 1; 000 noise steps.

At inference time we evaluate our dataset using
an RTX 4070 TI Super GPU for acceleration. The
number of diffusion steps is configured to 30 steps.

Inference time

We evaluate the inference time of the uncondi-
tional diffusion model against the inference time
of the conditional model presented in the orig-
inal SceneSense paper [13]. The cross-attention
enabling trainable parameters are removed for
the unconditional model, but the number of out-
put channels for the constructed U-net are held
constant between both models. As the ablation
results of the original paper show minor, or no
performance gain between the conditional and
unconditional model in this configuration we do
not evaluate the results of the model predictions
in these experiments.

Table 1 : Inference time and model size results.
“Full inference” and “end-to-end” evaluations are
computed using 30 diffusion steps.

Cond.
Model [13]

Uncond.
Model

Trainable Params 141,125,261 101,144,845

Diffusion Step (s) 0.03707 0.0147

Full Inference (s) 1.11 0.4437

Backbone (s) 0.55099 N.A.

End-to-End (s) 1.66 0.4437

As shown in Table 1, removing the conditioning
from the diffusion model reduces the compu-
tation requirements substantially. The uncondi-
tioned model reduces the number of trainable
parameters by 28%, the model inference time by
60% and the end to end computation time by
73%. These improvements enable SceneSense to
operate in real-time more effectively, allowing for
more flexible implementations for onboard robotic
applications.
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