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Real-time robotic systems require advanced perception and action capability. However, the main
bottleneck in current autonomous systems is the trade-off between computational capability, energy
efficiency, and model determinism. World modeling, a key objective of many robotic systems,
commonly uses occupancy grid mapping (OGM) as the first step towards building an end-to-end
robotic system. OGM discretizes the environment into cells and assigns probability values to
attributes such as occupancy. Existing methods fall into two categories: traditional methods and
neural methods. Traditional methods leverage dense statistical calculations, while neural methods
employ deep learning for probabilistic information processing. We propose a vector symbolic
architecture-basedOGMsystem (VSA-OGM) that retains the interpretability and stability of traditional
methods with the improved computational efficiency of neural methods. VSA-OGM, validated across
multiple datasets, achieves similar accuracy to covariant traditional methods while reducing latency
and memory by 45× and 400×, respectively. Compared to invariant traditional methods, VSA-OGM
maintains similar accuracy values while reducing latency by 5.5×. Moreover, VSA-OGM achieves 6x
latency reductions compared to neural methods while eliminating the need for domain-specific
training. This work demonstrates the potential of VSA-OGM as a foundation for efficient OGM in
autonomous systems operating under strict computational and latency constraints.

An essential capability for real-time robotic systems is the accurate and
computationally efficient probabilistic mapping of environments. Efficient
probabilistic mapping is the central idea within OGMwhere environments
are discretized into individual cells, also known as pixels and voxels in 2D
and 3D environments, respectively1. Each cell is then assigned labels or
properties such as occupancy, traversability, or other relevant attributes
based on application-specific requirements2. OGM methods are broadly
categorized into two main areas: traditional and neural methods. Tradi-
tionalmethods3–11 adopt a dense approachwhere each cell is assigned a fully
defined probability distribution or feature representation.

In contrast, neural methods, such as12–19 utilize deep learning archi-
tectures, such as convolutional neural networks12,17, neural radiance
fields18, and large language models19, to create a black-box solution. This
approachmitigatesmany of the computational challenges associatedwith
traditional methods but introduces fragility to domain adaptation and
model stochasticity through domain-specific pretraining with
backpropagation20. Although neural methods present computational
advantages over traditional approaches, their intrinsic stochasticity and

lack of interpretability pose significant validation challenges, particularly
in safety-critical applications21. Moreover, recent neural methods leverage
foundation models to perform probabilistic inference, making them
unsuitable for real-time deployment on edge devices with computational
and power constraints19.

Recent advances in cognitive science22,23 and computational
neuroscience24,25 highlight the unique computational properties of hyper-
dimensional spaces. Also known as vector symbolic architectures (VSA),
these methods are actively being explored as mathematical analogs to the
higher-order computational capabilities of spiking neurons25,26. Further-
more, VSA approaches posses unique computational properties allowing
them to statistically, and deterministically, encode semantic and spatial
information25,27,28.

In this work, we introduce a VSA framework, VSA-OGM, leveraging
the unique probabilistic properties of bio-inspired hyperdimensional vec-
tors to efficiently and accurately perform OGM. Our approach draws
inspiration from both traditional3 and neural12 methods, aiming to strike a
balance between the accuracy, interpretability, stability, and domain
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flexibility of traditionalmethodswith the computational efficiency of neural
methods. We refer to this intersection of traditional and neural methods as
neuro-symbolic methods.

To the best of our knowledge, VSA-OGM is the first large-scale
application and development of a VSA framework for real-time OGM.
Throughout the remainder of this work, we discuss the specifics of VSA-
OGM and highlight the performance of our framework on five synthetic
datasets6,12 and one real dataset29 compared to multiple traditional
methods4,6,8–10, and one neural method12. Additional information onOGMs
andVSAs canbe found in “Methods”.We also conduct an in-depth ablation
study providing further insight into the capabilities and unique aspects of
VSA-OGM. We conclude with a detailed discussion of our results and
potential avenues for future research. In summary, the major contributions
of our paper are:
• We introduce a neuro-symbolic VSA framework for OGM, VSA-

OGM, that maintains the accuracy of traditional methods while
leveraging the improved computational characteristics of neural
methods.

• Compared to traditional covariant methods that explicitly maintain
covariance between cells6,9, across two simulated6 and one real-world29

dataset, VSA-OGM achieves approximately 400x and 45x reductions
in memory usage and latency, respectively, while maintaining
comparable accuracy.

• We demonstrate the single- and multi-agent mapping capabilities of
VSA-OGM compared to two invariant traditional methods4,8, which
do not maintain covariance between cells, achieving approximately
5.5× lower latency while preserving comparable accuracy.

• We highlight the capabilities of VSA-OGM, which achieves
approximately 6× lower latency than neural methods12, without
requiring model pretraining and maintaining comparable map-
ping performance.

• We conduct a comprehensive ablation study to evaluate the perfor-
mance impact of various hyperparameter and framework configura-
tions inVSA-OGM.Our results clarify the role of each component and
reveal how their integration forms a neurosymbolic framework for
OGM. This enables VSA-OGM to retain the accuracy and determin-
ism of traditional methods while surpassing the computational
efficiency of neural methods, without requiring extensive pretraining
or introducing domain fragility.

Results
To evaluate the performance of VSA-OGM, we use five datasets and nine
baseline methods. The first dataset was synthetically created with the
simulator from Bayesian Hilbert Maps6 (ToySim). The second is the Intel
Campus dataset that was captured with a physical robot at Intel’s Seattle
campus29 (Intel Map). The third is the simulated autonomous driving
dataset from Evidential LiDAR Occupancy Grid Mapping (EviLOG)12

(EviLOG). The fourth and fifth are simplified datasets we created for our
ablation study with dense (AblationDense) and sparse (Ablation-Sparse)
variants. A summary of these datasets is shown in Table 1 with all multi-
agent variants shown in Table 2.

Mapping accuracy ismeasured as the area under the receiver operating
characteristic curve (AUC)30 and the negative log-likelihood (NLL). All
experiments are conducted using a desktop workstation with an Intel(R)
Xeon(R) W-2295 CPU, 128GB RAM, and an RTX A5000 GPU.

We compare VSA-OGM with 8 traditional methods and one
neural method. Since most existing neural OGMmethods are designed
for 3D environments2,31,32, we restrict our comparison to a 2D neural
baseline to ensure a fair and direct evaluation against our 2D approach.
A summary of all parameters used in each experiment is shown in Table
3. An ablation study of all hyperparameters and factors influencing
VSA-OGM’s performance is provided in Supplementary Note: Abla-
tion Study. Below, we summarize the primary design choices for each
dataset that highlight VSA-OGM’s stability over a range of hyper-
parameters. We split our experiments into Single-Agent and Multi-
Agent tasks, where the former uses a single agent to map the entire

Table 1 | Asummaryof all single-agent datasets used in this paper: Ablation (Dense), Ablation (Sparse), ToySim6, IntelMap29, and
EviLOG12

Dataset Type Map Size Points/Scan # Scans % Occupied % Empty Density

Ablation (Dense) Simulated 36m2 100 100 50% 50% 277.8

Ablation (Sparse) Simulated 36m2 100 10 50% 50% 27.8

ToySim6 Simulated 10,000m2 50 90 60% 40% 0.45

Intel Map29 Real 1440m2 421 910 58% 42% 266

EviLOG12 Simulated 4614m2 48000 11100 – – –

Dataset density is defined as the total number of labeled points divided by the environment area (points/m2). (–) Points are provided without labels.

Table 2 | A summary of all multi-agent datasets used in this paper: ToySim6 and Intel Map29

Dataset Agent Id Map size Points/Scan # Scans % Occupied % Empty

ToySim6 1 10,000m2 50 367 48.9% 51.1%

2 53.1% 46.9%

Intel Map29 1 1440m2 421 222 38.8% 61.2%

2 161 43.4% 56.6%

3 283 42.3% 57.7%

4 244 42.1% 57.9%

Table 3 | A summary of the VSA-OGM parameters used in all
experiments

Experiment d l δ r(ψ = 0) r(ψ = 1) Multi-Agent?

ToySim6 32,000 1.0 2 3 3 ✗

✓

Intel Map29 32,000 0.2 8 1 1 ✗

✓

EviLOG12 32,000 0.2 1 3 3 ✗
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environment and the latter uses multiple agents whose individual
perspectives are combined to create a single “fused” OGM.

ToySim—Single-Agent
We created a synthetic LiDAR dataset with a re-implementation of the
simulator introduced in BHM7. This dataset uses a single agent equipped
with a single LiDAR sensor having a 360° field of view, a view distance of
20m, and 50 individual beams. The total area of the environment is
10,000m2. The dataset contains 4500 individual points with a label dis-
tribution of 60% occupied and 40% empty. The dataset statistics are also
summarized in Table 1.

We train VSA-OGM and BHM6 on 80% of the dataset with 20%
reserved for validation where the final AUC scores and negative log like-
lihood values are determined. This dataset is particularly difficult due to the
sparse features. Many traditional applications of probabilistic OGM avoid
this issue by augmenting the training data. This is accomplished by inter-
polating a linear line with random points between the agent’s location and
the LiDAR points6. We chose to avoid this preprocessing step to highlight
how traditional methods and VSA-OGM respond to data sparsity.

With a vector dimensionality of 32,000, a length scale of 1.0, occupied
and empty disk filter radii of 3 cells, and 2 tiles per dimension, VSA-OGM
achieves an AUC score of 0.93 versus BHMwith scores of 0.96 and 0.97 for
the versionswith a full and diagonal covariancematrix, respectively. BHM–
Full maintains covariance between all environmental cells, whereas BHM -
Diag discards covariance (retaining only per-cell variances). Comparing the
resulting NLL scores, VSA-OGM has the lowest value of 0.33 compared to
BHM – Diag with a value of 0.38 and BHM - Full with a value of 0.44.
Although the simultaneous improvement in NLL and reduction in AUC
may appear counterintuitive, this indicates that VSA-OGM is less effective
at ranking data points but produces probability estimates that are better
calibrated to the true values. This characteristic of VSA-OGM is a result of
the utilization of a softmax function to convert the quasi-probability values
into true values. Refer to Eq. (13) and Fig. 8 for more information.

Despite adjusting the kernel-width parameter for either BHM
implementation, we were unable to build an OGM that successfully
interpolates between sparse points to broadly classify empty regionswith
no training or testing data. Therefore, all results presented in this section

use the same hyperparameters as specified in Table 3. This is shown in
Fig. 1 where the majority of the map is labeled as unknown, highlighted
by the teal color. On the other hand, VSA-OGMwas able to successfully
interpolate between the empty points and label themajority of the area as
empty. Our increased interpolation performance also comes with sig-
nificantly reduced inference latency at approximately 162× reductions
versus BHM – Full (CPU) while maintaining comparable accuracy on
the training and validation sets. VSA-OGM reduces the total memory
size of the learned representation by 6400×. The GPU latency numbers
for BHM – Full are omitted because we were unable to find a working
GPU-compatible implementation. Compared to BHM – Diag, VSA-
OGM provides latency reductions of approximately 10× (CPU) and 5×
(GPU) at the expense of increased memory complexity. However, we
still see the same issue where neither version of BHM is able to inter-
polate between the sparsely observed regions of the environment. This is
shown visually in Fig. 1c, d, where both BHM variants produces sharp,
high-frequency peaks that closely follow the training data but provide
little interpolation in sparse regions. In contrast, VSA-OGM generates
coarser, lower-frequency features that, while less detailed, interpolate
smoothly across unlabeled regions with reduced latency. These results
are summarized in Table 4. The labeled points and trained OGMs are
visualized in Fig. 1.

ToySim—Multi-Agent
We created a second dataset from our re-implemented simulation
environment from ref. 7. Rather than being focused on a single agent,
this experiment simulates the accumulation of data from two indepen-
dent agents operating within the same environment. As such, each will
have a unique perspective of the environment that should help improve
the collective world model. The same configuration parameters are used
from Table 3. Therefore, both agents are equipped with identically
configured hyperdimensionalmapping systems. Both agent’s are trained
simultaneously on 80% of their training data alongwith fusion occurring
at every time step. The AUC score is calculated across both agent’s
individually with Agent 1 achieving an AUC score of 0.93 and a NLL of
0.32. Agent 2 achieves an AUC score of 0.96 and a NLL of 0.46. Fur-
thermore, the final fused map achieves an AUC score of 0.95 and a NLL
of 0.32, suggesting that our fusion methodology results in negligible
information losses and produces a global representation with high AUC
values and lowNLL scores. The individual training results amongst both
agents are shown in Fig. 2. The fusion operation is approximately
equivalent to processing one point cloud and generating themap at 5 ms.
These performance and latency numbers for each agent and the fused
representation are shown in Table 5.

Intel Map—Single-Agent
The Intel Map dataset29 is a commonly used, real-word dataset for bench-
markingOGMalgorithms.Using a vector dimensionality of 32,000, a length
scale of 0.2m, diskfilter radii of 1 cell, and 8quadrants per dimension,VSA-
OGM(CPU) achieves anAUC score of 0.95with an average per point cloud

Fig. 1 | Single-AgentMapping with ToySim6. aThe simulated testing environment
with the agent’s trajectory. bThe sparse point cloud data with ground truth labels for
training. c Trained OGM from BHM with a fully-defined covariance matrix.

d Trained OGM from BHM with a diagonal covariance matrix. e Trained OGM
from VSA-OGM.

Table 4 | A comparison between VSA-OGM and Bayesian
Hilbert Maps (BHM)7, with and without a fully defined
covariance matrix, on the simulated dataset created from our
reimplementation of the simulator introduced in ref. 6

Method AUC NLL CPU latency GPU latency Model size

BHM – Full6 0.96 0.44 6.5 s – 6400 MB

BHM – Diag6 0.97 0.38 0.45 s 0.024 s 0.04 MB

VSA-OGM (ours) 0.93 0.33 0.04 s 0.005 s 1.02 MB

(−) Open-source implementation is unavailable.
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processing time of 510ms versus BHM,with a full covariancematrix (BHM
–Full)6, with a score of 0.96 and aprocessing timeprocessing timeof 22.35 s.
Furthermore, BHM with a diagonal covariance matrix (BHM – Diag)
achieves a final AUC of 0.96 with a processing time of 8.11 s. These results
are summarized in Table 6 with the ground truth representations and
trained OGMs visualized in Fig. 3.

We were unable to compare against BHM – Full on the GPU because
the open-source implementation does not support GPU execution. BHM –
Diag does support GPU execution, and VSA-OGM achieves an order-of-
magnitude latency reduction at a spatial resolution of 0.2 m. However, we
could not scale BHM – Diag to a resolution of 0.1 m because its dynamic
memory requirements exceeded the available 24GB of GPU memory. In
terms of memory, VSA-OGM provides an approximate 392× reduction
compared to theBHM–Full.Nomemory reduction is achievedwith respect
to BHM –Diag because this method assumes indepenedence between cells,
which drastically lowers the memory footprint.

Relative to Fast-BHM4, VSA-OGM reduces per point cloud latency by
an order of magnitude while maintaining covariance between cells.
Unfortunately, a GPU-compatible implementation of Fast-BHM was
unavailable, and the runtimes reported in the original paperwere unclear as
to whether they included both map generation and training. If map gen-
eration was included (as in our BHM experiments) its latency would likely
be substantially higher than the reported numbers. Since Fast-BHM
assumes independence between voxels, no memory reduction is seen

compared toVSA-OGM.As shown inTable 6,VSA-OGMoffers one to two
orders of magnitude latency reductions compared to earlier traditional
methods5,9. Compared to a more recent traditional approach8, VSA-OGM
reduces CPU latency by approximately 2×.

VSA-OGM establishes a new paradigm in occupancy grid mapping
(OGM): a neurosymbolic approach that is faster, more memory-efficient,
and extensible to future applications. However, analyzing both the resulting
maps and runtime configurations, two fundamental limitations of VSA-
OGM emerge:
1. Although the ToySim experiments suggest interpolation across sparse

regions, performance degrades when data is highly imbalanced (e.g.,
dense hallways versus sparse rooms). This highlights sensitivity to non-
uniform spatial sampling.

2. As point counts increase by orders of magnitude, memory vectors
become saturated, forcing us to increase the number of tiles per
dimension (δ) tomaintain accuracy. Thus, vector dimensionalitymust
scale with dataset size, or the number of tiles per dimension must be
increased accordingly. This is a limitation we would like to address in
future works by developing an information theoretic method to
maintain consistent mapping performance while avoiding memory
saturation.

These limitationshighlight open challengeswithinVSA-OGM, such as
balancing dimensionality with information density. We will develop
information-theoretic strategies for adaptive dimensionality allocation,
ensuring that VSA-OGM preserves accuracy without saturating memory
vectors.

Intel Map—Multi-Agent
Based on the multi-map fusion technique described in ref. 4, we split the
Intel Map dataset29 into 4 quadrants across the x−y plane. The splits of the
global map are highlighted in Fig. 4. A quantitative summary of the data is
shown in Table 2. As shown in Table 3, all agents are equipped with iden-
tically configured hyperdimensional mapping systems. Therefore, each
system is initialized with a vector dimensionality of 32,000, a length scale of
0.2m, disk radii of 1, and 8 quadrants per dimension. As shown in Table 7,

Fig. 2 |Multi-AgentMappingwith ToySim6. aThe simulated testing environments
with both agent’s unique trajectories. b The sparse point cloud data with ground
truth labels for training. c The global OGM from VSA-OGM across each individual

agent. d The combined OGM from VSA-OGMwith the combined knowledge from
Agent 1 and Agent 2.

Table 5 | Multi-agent mapping with the ToySim dataset and
VSA-OGM

Agent AUC NLL Latency (s)

Agent 1 0.93 0.32 0.005

Agent 2 0.96 0.46 0.005

Map fusion 0.95 0.32 0.006

The AUC score30, Negative Log-Likelihood (NLL), and the per point cloud processing latency of
agents 1 and 2 on our simulated dataset before being merged into a single, fused representation.
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the final AUC values on the 20% validation set were 0.95, 0.96, 0.94, and
0.93. Furthermore, the global fused AUCwas 0.95 compared to Fast-BHM4

with a final AUC of 0.94. Our results also include an experiment performed
in Fast-BHM4, where they compare against another method known as
Overlapping Hilbert Maps (OHM)10. Compared to OHM, VSA-OGM
improves the fused AUC by 0.03. Therefore VSA-OGM achieves improved
performance toFast-BHMandOHMinmulti-agent fusion.These values, as

well as the per quadrant AUC and NLL values, are summarized in Table 8
with the training data and OGMs visualized in Fig. 4.

EviLOG Dataset
Introduced in ref. 12, Evidential LiDAR Occupancy Grid Mapping (Evi-
LOG) uses a multi-layer convolutional neural network with 4.7 million

Table 6 | Comparison between VSA-OGM, OGM5, I-GPOM9, I-GPOM29, SBHM6, Fast-BHM4, and SBKM8 on the Intel Map
dataset29 (space delta) the resolution of the decoded OGM in meters per cell

Parameters γ Σ # features space delta AUC NLL Model Size CPU Time GPU Time

OGM5 – – – ∘ 0.93 ∘ ∘ 1.12 s –

I-GPOM9 3/2 full – ∘ 0.94 ∘ ∘ 15.35 s –

I-GPOM29 3/2 full – ∘ 0.97 ∘ ∘ 17.17 s –

BHM6 6.71 full 5600 0.1 0.96 ∘ 6400MB 22.35 s –

6.71 diag 0.1 0.96a 0.25a 0.04 MB 8.11 sa ✗a

6.71 full 0.2 0.98 0.24 6400 MB 11.8 sa –

6.71 diag 0.2 0.98 0.24 0.04 MB 2.11 sa 0.11 sa

Fast-BHM4 ∘ diag 5600 0.1 0.95 ∘ 0.04 MB 0.46 sb –

SBKM8 6.71 full 3492 0.2 0.96 0.36 ∘ 0.76 sb –

6.71 λmax 0.2 0.95 0.52 ∘ 0.43 sb –

VSA-OGM – – 32000 0.1 0.95 0.25 16.3MB 0.51 s 0.04 s

– – 0.2 0.95 0.25 0.26 s 0.02 s
aAdditional experiments we performed with the baseline methods. (✗) unable to evaluate due to excessive GPU memory usage. (∘) values are not listed in original manuscript.
bOriginal manuscript did not specify if latency values include point cloud processing and map generation.

Fig. 3 | Single-Agent Mapping with Intel Map29.
a The ground-truth labeled training data. b The
density of the training data. c The global OGM from
VSA-OGM. d The final OGM from BHM with a
diagonal covariance matrix.
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trainable parameters. Since they introduce a dataset and a network archi-
tecture, we refer to their dataset as EviLOG dataset and their baseline net-
work as EviLOG-BaseNet. They introduce a fully-labeled synthetic OGM
dataset using a VLP32C LiDAR sensor mounted on the roof of a moving
vehicle. The EviLOG dataset is separated into three sets for training, testing,
and validation with each containing 10,000, 100, and 1000 point clouds,
respectively. Each point cloud is bounded within a 56.32 by 81.92m rec-
tangular region. Furthermore, each point cloud has a corresponding ground
truth OGM with a cell resolution of 0.16m.

Training EviLOG-BaseNet for 100 epochs, with a batch size of 5, took
approximately 30 h. This comes in contrast to VSA-OGM where no pre-
training is required and represents a limitation of neural methods. We
created a small variant of EviLOG-BaseNet knownasEviLOG-SmallNet. By
reducing the number of features in the convolution layers by 8x, EviLOG-
SmallNet has 76K model compared to VSA-OGM with 64K parameters.
We performed the same training process with EviLOG-SmallNet and this
process took approximately 13 h.

VSA-OGMhas a per frame inference time of 55ms versus the EviLOG
architectures at 165ms and 290ms for the small and original variants
respectively. Therefore without pretraining, VSA-OGM is approximately
3× and 6× faster with a reduction in model parameters by 16% and 99%,
respectively. The configuration of VSA-OGM utilized in this experiment is
shown inTable 3.A summary of eachmodel configuration, training latency,
and inference latency is shown in Table 9.

EviLOG-BaseNet calculates performance based on the KL-divergence
across the entire domain, including areas with no labeled points, so we are
unable to compare via quantitative analysis with AUC andNLL. Therefore,
we leverage qualitative analysis between the resulting OGMs.

The EviLOG architectures begin with a PointPillars backbone33, before
passing the latent representation through a series of convolution layers. This
allows both EviLOG architectures to infer structure beyond directly
observed points, leveraging priors learned during training to extrapolate
into completely unobserved regions. This comes in contrast to VSA-OGM
which makes no prior assumptions about the observable space but uses the

Fig. 4 | Multi-Agent Mapping with Intel Map29.
a The four quadrant occupancy grid maps with
VSA-OGMon the IntelMap dataset29. bThe density
of the training data. c The global combined OGM
from VSA-OGM. d The final OGM from
Fast-BHM4.

Table 7 | The performance of the individual VSA-OGM agents
on the multi-agent Intel Map29 dataset

Quad. AUC NLL Latency (s)

1 0.95 0.45 0.04

2 0.96 0.39 0.04

3 0.94 0.42 0.04

4 0.93 0.37 0.04

Fusion 0.95 0.37 0.03

Table 8 | Themulti-map fusioncapabilities of VSA-OGMversus
Fast Bayesian Hilbert Maps4 and Overlapping Hilbert Maps10

on the Intel Map dataset29

Metric VSA-OGM Fast-BHM4 OHM10

AUC 0.95 0.936 0.92

Model size 16.4 MB 0.04 MB –

Covariance True False False

The reduction of model sizewithin4 is due to their approach assuming independence between cells.
(–) Values are not provided in the original manuscript.
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point labeling heuristic defined in the EviLOG paper12. As shown in Fig. 5,
VSA-OGM produces accurate occupancy estimates in regions where
observations exist but remain spatially sparse, however it struggles in areas
that are completely unobserved. This distinction suggests thatVSA-OGM is
well suited for partially observed settings, while the EviLOG architectures
are more effective when strong priors are needed to extrapolate structure
beyond the observed domain.

Discussion
Wepresent an approach toOGMdrawing inspiration from recent advances
in cognitive science22,25 and computational neuroscience24. Our methodol-
ogy is grounded in the evolving field of vector symbolic architectures
(VSA)34. VSAs have been conceptualized as a computationally viable
abstraction for modeling biological systems, including memory, cognition,
and motor control24. To the best of our knowledge, this work is the first to
applyVSAs to the construction of incremental, probabilisticOGMs suitable
for real-world environments.

This research builds upon the work of 26 which introduced Spatial
Semantic Pointers (SSP), an algebraic framework founded on real-valued
hyperdimensional vectors and circular convolution. Previous studies
demonstrate the efficacy of SSP-based VSA systems serving as kernel
density estimators in hyperdimensional space35. Expanding upon these
prior works, we describe an end-to-end probabilistic OGM framework
founded on SSPs, known as VSA-OGM.

Existing OGM approaches encounter two prominent challenges.
Firstly, traditional methods offer high accuracy but struggle with significant
time complexity due to the learning and parameterization of fully specified
statistical distributions. Secondly, neural methods demonstrate high accu-
racy in extrapolating beyond observed domains with reduced latency but
have limited application in mission and safety critical applications due to
operating stochasticity in unseen domains. Moreover, neural methods are
constrainedby domain-specific pretrainingwhich limits their application in
novel domains without repeating the pre-training process.

In response to these challenges, VSA-OGM pioneers a novel direction
inOGMsystems.We refer to this new direction as neuro-symbolicmethods
since they draw inspiration from traditional and neural methods. Neuro-
symbolic methods seek to leverage the determinism and high accuracy of
traditionalmethodswhile harnessing the enhanced computational efficiency
of neural methods. By amalgamating the strengths of both domains, neuro-
symbolic methods offer a promising solution to address the computational
complexity and stochasticity issuesprevalent in currentmapping techniques.

We showcase the efficacy of VSA-OGM as a neuro-symbolic method
through comprehensive evaluation, including an ablation study, quantita-
tive, and qualitative comparisons with state-of-the-art traditional4–6,8–10 and

Fig. 5 | A comparison of VSA-OGMwith EviLOG-
BaseNet12 and EviLOG-SmallNet. The input point
clouds and decoded OGMs from each approach are
highlighted.

Table 9 | Comparing the training time and inference latency of
VSA-OGM against EviLOG-BaseNet12 and EviLOG-SmallNet

Model Model size Training time Inference latency

EviLOG-BaseNet 4.7M 30 h 290ms

EviLOG-SmallNet 76K 13 h 165ms

VSA-OGM 64K – 55ms
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neural methods12. In our ablation study, we assess the influence of our
entropy-based decoding mechanism, its associated parameters, the envir-
onment discretizationmechanism, and the vector length scale.Ourfindings
illuminate the impact of these parameters on the accuracy and stability of
system performance. Our results and analysis underscore the robustness
and adaptability ofVSA-OGM,positioning it as a promising alternative that
bridges the strengths of both traditional and neural methods in addressing
complex spatial mapping tasks.

Compared to the traditional methods Bayesian Hilbert Maps (BHM)6

and Fast Bayesian Hilbert Maps (Fast-BHM)4, VSA-OGM achieves similar
levels of mapping accuracy while reducing inference latency by approxi-
mately 45× and 5.5×, respectively. Furthermore, VSA-OGM facilitates
multi-map fusion amongmultiple agents.Our results demonstrateminimal
information loss during the fusion process and performance comparable to
that of Fast-BHM. This capability highlights the versatility and scalability of
VSA-OGM in collaborative, multi-agent mapping scenarios.

In comparison to the neural method presented in EviLOG12, VSA-
OGM demonstrates the ability to accurately model and interpolate LiDAR
points sampled along major road sections, and around moving vehicles
without the need for pretraining sessions. This highlights the efficiency and
effectiveness of VSA-OGM in capturing complex environmental dynamics.
However, it’s important to note a key distinction between VSA-OGM and
EviLOG: while VSA-OGMexcels in accurately representing data within the
observed domain, it encounters challenges in extrapolating outside this
domain, particularly in areas with extremely limited information. This
limitation arises from VSA-OGM’s fundamental principle of not assuming
any specific properties about the operating environment. It is worth noting
that EviLOG may be more susceptible to domain adaptation issues, as it is
finely tuned to extrapolate domain-specific information.

Moving forward, our aim is to expand VSA-OGM to accommodate
semantic 3D applications36. Furthermore, we intend to explore strategies for
mitigating the performance limitations associated withVSA-OGM’s lack of
assumptions about the environment and efficiently managing the limited
memory vector capacity as data density increases.

Methods
We begin this section an overview of existing OGM approaches before
discussing themathematics for encoding statistical and spatial relationships
within hyperdimensional space. Next, we define our hyperdimensional
OGM framework, Vector Symbolic Architectures for Occupancy Grid
Mapping (VSA-OGM), and discuss how point cloud data is encoded,
processed, and subsequently decoded to create probabilistic OGMs.

Occupancy Grid Mapping (OGM)
OGM discretizes continuous, n-dimensional environments into discrete
cells, commonly known as pixels or voxels in 2D and 3D environments,
respectively2. Cells are assigned arrays of attributes, ranging from binary
indicators of occupancy to more complex attributes, such as cost values
representing the likelihood of traversal through a region. OGM has diver-
sified into several distinct approaches, with each having its own operational
characteristics. Traditional methods, such as those described in refs. 3,5,
represent the environment using dense grids of statistical distributions,
where each cell explicitly models occupancy probabilities. More recent
traditional methods, such as4,6,7, project probabilistic information into a
continuous Hilbert space to improve computational and space complexity.
In contrast, neural methods12,17,31,37 leverage deep learning to encode envir-
onmental information into network weights, where probabilistic relation-
ships are captured implicitly through hidden representations.

Traditional OGMmethods
Traditional methods, introduced by Elfes5, rely on a dense, grid-based dis-
cretizations of the environment, where cells store probabilistic estimates of
occupancy. These methods use geometric sensor models with Bayesian
updates to recursively estimate occupancy from sensor data, providing a
deterministic and interpretable map representation. However, the grid’s

fixed resolution can limit accuracy and scalability, especially in large or
complex environments, since computational andmemory complexity scales
linearly with the number of cells.

To overcome the resolution limitations of discrete grids, continuous
OGM methods have been developed, which approximate occupancy as a
spatially continuous function rather than discrete cells. Among these,
Gaussian Process (GP)-based OGM is a well-established approach that
models spatial correlations anduncertainty directly fromsensor data9.While
GPs provide smooth and high-fidelity occupancy estimates, their compu-
tational complexity grows cubically with the number of observations, versus
the size of the environment, making them challenging to apply directly in
real-time settings with high-fidelity sensors (i.e., high density point clouds)9.

Bayesian Hilbert Maps (BHMs)6 were introduced as an alternative to
GP-based OGM approches that represent occupancy as projections onto a
sparse set of basis functions in Hilbert space. BHMs avoid storing explicit
observations and reduce runtime and memory costs significantly while
maintaining probabilistic interpretability. Fast-BHM4 further improves
computational performance, to sub-quadratic levels, by assuming indepen-
dence between basis functions to further approximate the Bayesian update.

More recent works such as, Sparse Bayesian Kernel-based OGM
(SBKM)8 extend this line of work by focusing on sparse structural features
within the environment, such as lines and curves, rather than dense
occupancy estimates. This makes SBKM especially useful for efficiently
capturinghigh-level geometry relevant to tasks like pathplanning andmap
simplification, though it is not intended as a direct replacement for dense
occupancy grids8.

Neural OGMmethods
Neural methods, also referred to as neural implicit representations32, utilize
deep learning to encode spatial information within the weights of neural
networks12. These methods map sensory inputs onto continuous, high-
dimensional latent spaces, contrasting with traditional methods that
explicitly store occupancy or semantic attributes at discrete locations. Sev-
eral distinct network architectures have been proposed:
• Neural Radiance Fields (NeRF)13 employ multi-layer perceptrons

(MLPs) with positional encodings tomap 3D coordinates and viewing
directions into volumetric color and density estimates. This enables
continuous and differentiable scene representations, primarily for view
synthesis and rendering tasks.

• Occupancy Networks14 similarly rely on MLPs but focus on learning
implicit occupancy functions. Given a 3D point, the network outputs a
probability of occupancy, effectively defining decision boundaries that
describe object geometry at arbitrary resolutions.

• Convolutional neural networks (CNNs)16 are typically used for grid-
based inputs such as LIDAR or camera data. These networks exploit
local spatial correlations through convolutional layers, enabling
efficient feature extraction for tasks like semantic segmentation or
motion prediction. Shallow CNN architectures have also been
leveraged where they aim to make the learned kernel human
interpretable. Despite this interpretability, they still require domain
specific pretraining or fine-tuning2.

• Recurrent Neural Networks (RNNs)15 incorporate temporal memory
cells such as long short-termmemory (LSTM) or gated recurrent units
(GRUs) to create static scenes from sequential sensor observations.

While neural methods demonstrate high performance, their reliance
on implicit representations presents challenges for interpretability, and
safety validation, particularly in mission-critical systems2. Furthermore,
their architectures require retraining or fine-tuning for deployment across
different domains or environments.

Vector Symbolic Probabilistic Computation
We developed VSA-OGM based on Spatial Semantic Pointers (SSPs)24,
which provide efficient probabilistic representations and real-valued
encoding that can be leveraged to address the limitations of traditional
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and neural methods. SSPs are defined as d-dimensional real-valued
hypervectors normalized to unit length. The mathematical symbols used
in thismanuscript are defined in Table 10. All fundamental VSA operations
are compatible with SSPs where grouping multiple vectors together,
bundling, is achieved through element-wise addition (+ ):

ϕðCÞ ¼ ϕðAÞ þ ϕðBÞ: ð1Þ

Binding uses circular convolution (⊗) to associate vectors together, as
shown in Equation (2),

ϕðAÞ � ϕðBÞ ¼ F�1fF fϕðAÞg � F fϕðBÞgg; ð2Þ

where F denotes the Fast Fourier Transform38. The resulting vector is
orthogonal or nearly orthogonal to both inputs, enabling distinct

compositional representations. This operation underlies the slot-filler
representations commonly used in VSA systems24.

While many VSA systems39 represent discrete concepts using ran-
domly sampled, mutually dissimilar vectors, they lack the ability to encode
continuous spatial information. SSPs overcome this limitation by enabling
fractional binding, which generalizes the standard binding operation to
continuous domains. Specifically, SSPs allow real-valued spatial coordinates
to be encodedby raising the Fourier transformof a base axis vector to a real-
valued power27,40:

ϕaxisðxÞ ¼ F�1fF fϕaxisgxg; x 2 R: ð3Þ

This fractional binding mechanism is central to VSA-OGM, enabling
continuous representations in high-dimensional space.

Individual fractionally bound vectors can be compared through a dot
product operation. SSPs have a unique computational property where this
dot product approaches a sinc function as vector dimensionality d
approaches infinity35. If x encoded as ϕaxis(x) and the estimate of x0 encoded
as ϕaxisðxÞ0, the pseudo kernel density estimator kðx; x0Þ is calculated as:
kðx; x0Þ ¼ ϕaxisðxÞ � ϕaxisðxÞ0. The width of the induced kernel can be
adjusted to specific values by modifying Equation (3) to

ϕaxisðxÞ ¼ F�1fF fϕaxisgðx=lÞg; x 2 R; ð4Þ

where l is the length scale parameter and there is a positive correlation
between l and the kernel width. This adjustment allows users to modulate
the noise sensitivity of the estimator. Despite a lack of widespread use, sinc
kernels have proven to be more accurate, in terms of mean integrated
squared error, versus other kernels such as the Epanechnikov kernel41.

As shown in Fig. 6, the dot product of multiple orthogonal SSPs pro-
duces a sinc function over the spatial domain, effectively performing quasi-
kernel density estimation. This process parallels methods such as random
fourier features42 and vector function architectures (VFAs)43, where high-
dimensional encodings are used to facilitate efficient kernel-based inference.
Closely related to SSPs are Fourier holographic reduced representations
(FHRRs)22, another class of VSAs that perform operations in the complex
domain to represent structured information in high-dimensional spaces.

Prior work has used both SSPs and FHRRs to construct dynamic
models of place cells for real-time spatial localization25,44,45. Although these
approaches capture aspects of the localization component of Simultaneous
Localization and Mapping (SLAM)46, they operate on sparse, point-based
recognition rather than constructing dense spatial maps over extended
environments or long time horizons. These methods are demonstrated in
small-scale environments or over short temporal sequences, rather than the
long time horizons of partial observability and large spatial environments
required for probabilistic OGM.

Acomplementary line ofwork appliesVSAsand resonator networks to
factorization47, sceneunderstanding48, and visual odometry49. These systems
reconstruct a scene by resonating a hypervector toward a stored template,
stabilizingmultiple views but not accumulating new information over time.
In contrast, OGM requires integrating sparse, time-varying observations
into a continually expanding probabilistic map as the agent explores the
environment.

Building Occupancy Grids
OGM systems sample multiple point clouds {λ0, λ1, …, λt}. For each
timestep t, λt consists of a coordinate vector γ and a class vector ψ. Since we
are focusing on 2D OGM, all points clouds contain multiple 2D points
representingx and yon the local reference frame.Moreover, the class vectors
contain a single binary attribute signifying if a cell is occupied or empty. To
ensure fairness with the baselinemethods, all point clouds are preprocessed
to the global reference with the same simultaneous localization and map-
ping method described in ref. 4.

A visualization of a labeled point cloud is provided in Fig. 7a, where an
agent samples the environment using a series of raycasts. Occupied points

Table 10 | The mathematical symbols used to describe
VSA-OGM

Symbol Meaning

⊗ circular convolution (binding)

+ element-wise addition (bundling)

* Dot product

⊙ Hadamard product

d vector dimensionality

n environmental dimensionality

ϕ Spatial Semantic Pointer (SSP)

ϕaxis axis SSP

ϕaxis(x) x 2 R encoded as a SSP

ϕloc an n-d location encoded as an SSP

F Discrete Fourier Transform (DFT)

F�1 inverse DFT

∣∣•∣∣ vector magnitude

l length scale

λ point cloud

j number of points in each point cloud

t time step

γ n-dimensional coordinate vector

ψ class vector

δ number of tiles per dimension

ω tile memory vector

β singular tile

μ center coordinate of β

r disk filter radius

M(x, y) disk filter mask for (x, y)

H Shannon entropy

ρ decision threshold

Ω set of global memory vectors

N the number of agents

Γ a single agent

Pr true probability value

P quasi-probability value

X set of discrete samples along x axis

Y set of discrete samples along y axis

dðx; y; x0; y0Þ L2 distance between (x, y) and ðx0; y0Þ
OGM(x, y) probabilistic signed difference at (x, y)

class(x, y) inferred class of (x, y) with ρ
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(green circles) are inferred fromraycasts that terminate before reaching their
maximum range, while points at the maximum range are labeled as empty
(blue pentagons). Additional empty points are inferred by interpolating
along the raycasts (blue circles).

Initialization
Multiple properties of the VSA system must be specified before any point
clouds can be processed.
• Vector Dimensionality d: The size of the individual vectors utilized

within VSA-OGM.
• Length Scale l: The width of the quasi-kernel induced by comparing

multiple fractionally bound SSPs.
• Axis Vector: The basis of fractionally binding Cartesian information in

VSA systems. In the case of 2D OGM, we define axis vectors ϕxaxis and
ϕyaxis representing the x and y axes.

Environmental Discretization
Inspired by recent insights into chunking, where mammalian brains
partition large scale spatial phenomena into distinct memory segments50,
we abstracted this principle to discretize the environment into a matrix of
tiles. This tiling enables VSA-OGM to learn multiple regions of the
environment independently, a critical capability given that the bundling
operation assumes all stored vectors are correlated. Without this separa-
tion, representing the entire environment with a single vector would
weight all spatial regions equally, disregarding the distance dependent
structure of the space.

Specified by δ, we split each dimension into δ evenly sized and spaced
tiles. To further discretize the environment, each tile is also separated on a
class-by-class basis. As such, for a given experiment with δ tiles per
dimension and 2 classes, there are δn*2 memory vectors ω with d dimen-
sionality:

ω1;ω2; . . . ;ωδn�2: ð5Þ

This process is demonstrated in Fig. 7a, where the environment is dis-
cretized into four tiles to create spatially distinct training regions. Observed
points within each tile are aggregated and processed in parallel, facilitating
structured and scalable downstream learning.

Encoding Point Clouds
Eachpoint γi in the point cloud λt is encoded into a set of location vectorsϕ1,
ϕ2, …, ϕj by fractionally binding each coordinate of γi along its respective
dimension. This binding operation uses a variable length scale l and is

performed by expanding Equation (2).

ϕi ¼ F�1 fϕxaxisgγ
x
i =l � F fϕyaxisgγ

y
i =l

n o
: ð6Þ

This process is repeated for all j points in λt resulting in a set of j location
vectors representing each point in λt encoded into hyperdimensional space.
Figure 7b visualizes this process, where occupied (green) and empty (blue)
points are encoded by fractionally binding them with the axis basis vectors,
producing the respective occupied and empty vectors for each observation.

Given a set of location vectors {ϕ1, ϕ2,…, ϕj} and their corresponding
classes {ψ1, ψ2,…, ψj} from λt, we follow Algorithm 1 to add the j points to
the appropriate tile memory based on the closest tile and class.We begin by
computing the center μ of each tile. Then, for each point, we identify the tile
whose center is closest in Euclidean distance. Finally, we add the point’s
vector ϕi to the memory associated with the nearest tile and label ψi. Figure
7c visualizes this process, where occupied (green) and empty (blue) vectors
are bundled into a single memory vector representing the cumulative
representation of the observed point cloud. This process is also shown
algorithmically in Algorithm 1.

Algorithm 1. Adding point vectors to tile memories
Require: fω1;ω2; . . . ;ωδn�2g  tile memory vectors
Require: {γ1, γ2,…, γj} ← points in Euclidean space
Require: {ϕ1, ϕ2,…, ϕj} ← location vectors
Require: {ψ1, ψ2,…, ψj} ← class vectors
Require: n ← environment dimensionality
Require: δ ← tiles per dimension
Require: ψi ∈ {0, 1}
Require: n ≥ 1
Require: δ ≥ 1
Require: j ≥ 1

i ← 1
fμ1; . . . ; μδn g  getTileCentersðÞ
while i ≤ j do

β argmin
k

dL2ðγi; μkÞ
ω2βþψi

 ω2βþψi
þ ϕi

i ← i + 1
end while

Decoding
For OGM, we focus on two key pieces of information: (1) which regions
of the map are occupied, and (2) which regions are unoccupied or

Fig. 6 | The properties of spatial semantic pointers (SSPs)24. aThe increasing orthogonality between pairs of randomly generated vectors as their dimensionality increases.
b The dot product between two SSPs serving as a quasi kernel density estimator35.
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empty. Using the fully specified tile memory vectors ω1;ω2; . . . ;ωδn�2,
we infer both occupancy and emptiness through deterministic vector
operations combined with Shannon entropy51. This framework enables
a probabilistic quantification of occupancy throughout the map. The
decoding pipeline operates in four stages: (1) vector normalization, (2)
similarity evaluation, (3) non-linear post-processing, and (4) entropy-
based information extraction. We formally define and justify each of
these steps in the following paragraphs. The overall process is illustrated
in Fig. 7d–f. In Fig. 7d, individual memory vectors are normalized and
compared against the axis vector matrix to resolve class similarity.
These tile-level results are then aggregated in Fig. 7e, followed by non-
linear post-processing to transform quasi-probabilities into valid

probability values. Finally, Fig. 7f shows the combination of class
probabilities to produce the resulting OGM.

Vector Normalization
Throughout the continuous operation of any SSP-based VSA system,
successive bundling will slowly increase the magnitude of the
memory vectors. Therefore, a normalization operation transforming
the memory vector back to unit length is required before querying any
information:

ωi ¼
ωi

k ωi k
: ð7Þ

Fig. 7 |Ahigh-level systemoverviewofVSA-OGM. aData capture and sortingwith
the training data being sampled from the LIDAR sensor before being sorted into
individual tiles. b On a per-tile basis, the training data is fractionally bound into
hyperdimensional vectors. c The vectors representing each data point are bundled
into a single memory vector. d The aggregated class vectors are compared with the
axis vector matrix, representing the tile’s region encoded into hyperdimensional

space, resulting in a class matrix that contains quasi-probability values representing
the likelihood of each class at each discretized point. e The individual class matrices
from each tile are aggregated together before being post processed with a series of
non-linear post processing steps to remove noise and extract encoded information.
f The individual class matrices are combined into a single occupancy grid map with
the probabilistic signed difference.
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Similarity Evaluation
After vector normalization, we calculate the quasi-probabilityP of a specific
location γi having a class of ψi ∈ {0, 1} in a given tile tile β as:

Pðψijγi; βiÞ ¼ ω2βþψi
� ϕloc; ð8Þ

where ϕloc is a location vector representing γi in hyperdimensional space as
described in Eq. (6). The class of a region is calculated by expanding Eq. (8)
across a matrix of ϕloc. Depending on the specific application and the
amount of available memory, the computational complexity of calculating
ϕloc can be minimized by precalculating a matrix of location vectors and
storing them in memory. This process is shown visually in Fig. 7d, where
both class memory vectors are multiplied with the axis vector matrix to
produce a matrix of quasi-probability values representing the likelihood of
each class.

Non-linear Post-processing
Even with vector normalization, the accumulation of noise from successive
bundling renders direct decoding non-trivial. Many VSA frameworks
address this challenge by employing clean-upmemories or associative recall
to project noisy vector representations onto more linearly separable
factors40,44,48,49. However, conventional codebook and resonator strategies
are not applicable in the context of VSA-OGM. These approaches pre-
suppose a fixed dictionary of factors and iteratively converge noisy vectors
toward one of these predefined factors, after which an additional decoding
step is required to obtain a real-valued location44,48,49. By contrast, VSA-
OGM requires well-defined similarity values across the entire spatial
domain rather than the recovery of a single factor. Codebook- and
resonator-based methods are therefore ill-suited to this task, whereas non-
linear transformations applied directly to P yield more well-defined quasi-
probability values.

We apply non-nonlinearities to Pðψijγi; βiÞ such that they are nor-
malized by the maximum quasi-probability of each class and squared:

Pðψijγi; βiÞ ¼
Pðψijγi; βiÞ
maxðPðψiÞÞ

� �2

: ð9Þ

We chose this combination of non-linearities based on the experimental
analysis presented in Results. This combination of operations performs
normalizationbased on themaximumobserved quasi-probability value and
forces all values to be between 0 and 1 with the Born rule from quantum
probability theory52.

Algorithm 2. Calculating class-wise entropy
Require: H(ψ) ←matrix of global entropy values
Require: PðψÞ  quasi-probability map of class ψ
Require: r(ψ) ← disk filter radius for class ψ
Require: ψ ∈ {0, 1}
Require: x 2N
Require: y 2N

x ← 1
y ← 1
while x ≤ numCells(x) do
while y ≤ numCells(y) do
m1 =M(x, y, r(ψ = 1))
m2 =M(x, y, r(ψ = 0))
Hðψ ¼ 1jx; yÞ ¼ entropyðPðψ ¼ 1Þ; x; y;m1Þ
Hðψ ¼ 0jx; yÞ ¼ entropyðPðψ ¼ 0Þ; x; y;m2Þ
y = y + 1

end while
x = x + 1

end while

Entropy Information Extraction
Shannon’s theory of information has revolutionized modern com-
munication systems and allows us to quantify information within noisy
signals51. Recently, many works in material sciences53 and radar
imaging54 use this well studied approach to extract feature rich infor-
mation from noisy or otherwise incomprehensible data. Taking
inspiration from these works, we employ an entropy-basedmechanism
to extract labeled spatial information from the classmatrices calculated
by applying Eqs. (8) and (9) across the entire map. This results in a
matrixPðψÞ that can be conditioned on discrete coordinates within the
Cartesian plane.

We apply localized Shannon entropy defined as:

Hðψjx; yÞ ¼ �
XX;Y
x;y

Mðx; yÞPðψjx; yÞ logPðψjx; yÞ; ð10Þ

wherex∈X and y∈Y, withX andYdenoting the sets of discrete coordinates
along the horizontal and vertical axes of the environment. We define a
binary mask function M(x, y) such that it selects only the values within a
radius r of a given cell (x, y). The mask function is then defined as:

Mðx; yÞ ¼ 1; if dðx; y; x0; y0Þ≤ r
0; otherwise

�
; ð11Þ

where x0 2 X and y0 2 Y .Moreover, theEuclideandistancebetween the cell
(x, y) and its neighbor ðx0; y0Þ is defined as:

dðx; y; x0; y0Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðx0 � xÞ2 þ ðy0 � yÞ2

q
: ð12Þ

Using masks with radii r(ψ = 1) and r(ψ = 0) for both classes, this
process is repeated across all discrete cells resulting in class-wise entropy
values that increase class separability and reduce background noise. This
process is shown programatically in Algorithm 2.

Prðψijx; yÞ ¼
eHðψijx;yÞP2
j¼1e

Hðψjjx;yÞ ð13Þ

As shown inEq. (13), we apply the softmax function to convert the resulting
class-wise entropy values to true probability values that sum to 1. This
process is applied across all x ∈ X and y ∈ Y.

OGMðx; yÞ ¼ Prðψ ¼ 1jx; yÞ � Prðψ ¼ 0jx; yÞ ð14Þ

As shown in Eq. (14), we create our final map by applying the
probabilistic signed difference to the individual class probabilities.
This entire process is highlighted visually in Fig. 8, where the low
fidelity quasi-probability values are post-processed into true prob-
abilities with the combination of non-linearities, entropy analysis,
and the softmax function. Lastly, the resulting OGM is created by
using the probabilistic signed difference to aggregate the individual
probability values into a single representation. A high-level visualiza-
tion, within the context of the overall framework, is also shown in
Fig. 7e, f where the quasi-probability class matrices are converted intro
to true class probability matrices before being combined into a
single OGM.

With the final OGM defined, we classify each point (x, y) as:

classðx; yÞ ¼ occupied; OGMðx; yÞ≥ ρ
empty; else

�
; ð15Þ

whereρ is thedecision threshold.The sensitivity ofVSA-OGMtotheproper
specification of ρ is highlighted with the area under the receiver operating
characteristic curve30 and the negative log-likelihood in Results.
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Multi-Map Fusion
VSA-OGM supports multi-agent mapping through memory fusion. Given
a set of N independently operating agents {Γ1, …, ΓN}, their tile memory
vectors, the hyperdimensional vectors storing each agent’s observations, can
be merged if and only if three conditions are satisfied. First, each agent Γi
must be operating on the same axis basis vectors for all dimensions of their
operating environment. In this work focusing on two-dimensional OGM,
all agents must have the same axis basis vectors ϕxaxis and ϕyaxis. Secondly,
each agent should be learning the same number of classes with each having
the same ψ value. Lastly, each agent must use the same number of tiles per
dimension δ to separate their environment intodistinct tiles along the global
reference frame.

Algorithm 3. Fusing multiple agent’s memory vectors
Require: {Γ1,…, ΓN} ← the set of all agents
Require: N ≥ 2
Ω +
i ← 1
while i ≤ N do
j ← 1
while j ≤ getNumMemories(Γi) do

ωj = getMemory(Γi, j)
if ωj ∉ Ω then
Ω = Ω ∪ ωj {Add ωj to the set Ω}

else
Ω{ωj} = Ω{ωj} + ωj

end if
j = j + 1

end while
i = i+ 1

end while

Assuming all three conditions are met, their unique tile memories can
be merged into a cohesive set of global tile memories, representing the
collective knowledge amongst the group. The process begins by initializing
an empty set Ω that will contain the unique tile memory vectors within all
agents. Now iterating over each agent, the following steps are followed. First,
check if all unique tiles within the agent are represented withinΩ. Second, if
all tiles exist within Ω, proceed to the third step. Otherwise, an empty tile
memoryvector is initializedwithinΩ corresponding to theunique tilewithin
the current agent. Third, use Eq. (1), to bundle each tile memory vector

within the current agent with the global tilememory vector withinΩ. Lastly,
repeat this process until all agents and all tilememories have been accounted
for in Ω. This approach is also shown with psuedocode in Algorithm 3.

Data availability
The datasets that where used in each experiment are available here: https://
github.com/Parsa-Research-Laboratory/VSA-OGM.

Code availability
Thecode for this study is available here: https://github.com/Parsa-Research-
Laboratory/VSA-OGM.
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