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ABSTRACT

In this work, we investigate how predictive lookahead and com-
munication impact multi-agent stochastic artificial potential field
navigation (SPF) for rovers. We choose SPF to balance exploration,
collision avoidance, and hazard evasion using terrain data derived
from real HiRISE Mars terrain data. We empirically evaluate how
varying lookahead horizons, prior belief map inaccuracies, and
communication frequency impact effective spatial coverage. Our
key results show that while minimal communication (p = 0.05) suc-
cessfully bounds lookahead prediction error, naive SPF controllers
struggle to use predictive information effectively. Additionally, we
found that lookahead combined with environment stochasticity act
as an effective local-minimum escape strategy when policy noise is
not an option. Ultimately, this work provides a computationally ef-
ficient engine and first benchmark for testing multi-agent coverage
on real world terrain. Our results suggest lookahead with sparse
communication is sufficient for teammate modeling, but taking
advantage of that information is beyond simple SPF controllers.
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1 INTRODUCTION

Future space missions increasingly envision teams of autonomous
robotic assets operating in hazardous and partially known environ-
ments [6, 15, 19]. Such distributed robotic systems must operate
under strict communication constraints, uncertain terrain, and lim-
ited sensing. Centralized coordination is often infeasible due to
latency and bandwidth limits, making lightweight decentralized
decision-making a critical enabler of scalable space exploration.
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A fundamental task in such missions is spatial coverage: multiple
rovers must efficiently explore and map an unknown region while
avoiding hazardous terrain and minimizing redundant traversal [5,
21]. Under partial observability, agents must balance exploration
and danger avoidance, anticipate teammate movements to prevent
overlap, and compensate for stale or noisy information. In realistic
planetary scenarios, prior terrain maps derived from orbital imagery
may also contain systematic errors.

Artificial Potential Fields (APFs) provide a computationally light-
weight and interpretable mechanism for decentralized navigation [12].
By superimposing attraction and repulsion forces derived from spa-
tial features, agents compute continuous control actions without
requiring large neural models. However, classical APF approaches
largely assume reactive behavior [12, 17], leaving open questions
about the impact of forward prediction and communication.

In this work, we investigate how lookahead simulation and com-
munication constraints interact in multi-agent potential-field rover
navigation. We model four rovers exploring a hazardous terrain
grid derived from real HiRISE Digital Terrain Models [1, 14], oper-
ating under partial observability with probabilistic communication
updates. Rover policies are parameterized as weighted superposi-
tions of spatial potential fields and optimized via simulated anneal-
ing under varying communication settings. To enable teammate
anticipation, agents simulate peer trajectories over configurable
lookahead horizons using internal belief states [8, 13]. Controlled
noise injected into prior terrain maps models discrepancies between
orbital estimates and true surface hazards. This framework allows
us to examine three core questions: (1) how lookahead depth af-
fects coordination under imperfect teammate modeling, (2) how
prior map inaccuracies interact with predictive coordination strate-
gies, and (3) how communication frequency mitigates or amplifies
lookahead mismatch.

Our contributions are threefold:

(1): We introduce a C++ engine for studying decentralized rover
coverage under hazardous terrain and communication constraints.

(2): We analyze lookahead dynamics in potential-field navigation,
identifying conditions under which prediction improves coordina-
tion and conditions in which mismatch degrades performance.

(3): We characterize the interplay between communication relia-
bility, prior map uncertainty, and predictive teammate modeling in
multi-agent spatial exploration.

These results provide insight into the design of decentralized
autonomy architectures for multi-rover space missions, clarifying
when reactive strategies suffice and when predictive modeling or
communication becomes essential.



2 BACKGROUND AND RELATED WORK

Our framework intersects three major pillars of multi-agent systems
(MAS) research: spatial coverage through artificial potential fields,
lookahead dynamics for teammate anticipation, and the effects of
communication/transparency on overcoming partial observability.

2.1 Multi-Agent Coverage and Artificial
Potential Fields

Spatial coverage and coordination in partially observable environ-
ments are frequently addressed using heuristic-driven navigation,
most notably Artificial Potential Fields (APF). Originally developed
for collision avoidance, APFs have been widely adapted for multi-
agent dispersion, where agents are repelled by obstacles and peers
but attracted to unobserved frontiers [12, 17]. Recent work has suc-
cessfully integrated APFs into Multi-Agent Reinforcement Learning
(MARL) to solve complex Coverage Path Planning (CPP) problems,
using spatial graphs and curiosity-driven intrinsic rewards to mini-
mize coverage gaps [11, 22].

2.2 Lookahead Dynamics and Teammate
Anticipation

In decentralized, partially observable settings, agents often rely on
internal forward models to anticipate allied movements. Predicting
teammate behavior mitigates the “teammate delay” issue caused
by concurrent policy updates [4]. Approaches like Higher-Order
Gradients (HOG), Off-Policy Action Anticipation (OffPA2), and Pol-
icy Mirror Descent with Lookahead formally integrate lookahead
mechanisms so agents can explicitly model the future states or
actions of their peers [2, 18].

Our work grounds these theoretical lookahead models in a highly
parallelized C++ environment, allowing agents to run exact forward-
simulations of their peer’s policies based on their current belief
state. Crucially, we introduce systemic error into these forward
models via inaccurate prior belief maps, forcing agents to navigate
the discrepancy between predicted environment danger and dy-
namic hazard realities. This systemic error and policy noise are
the only discrepancies between agent lookahead and reality when
communication bandwidth is infinite.

2.3 Predictability, Transparency, and
Communication Trade-offs

When communication bandwidth is constrained, agents must act
transparently for their peers’ lookahead models to remain accurate.
Recent MARL research emphasizes alignment-driven intrinsic re-
wards, where agents are incentivized to learn behaviors that match
their neighbors’ expectations [16], naturally breaking coordina-
tion symmetries. Similarly, Predictability Awareness mechanisms
encourage agents to foster soft social conventions; by minimizing
the discrepancy between an internal prediction model and actual
observations, agents effectively lower the uncertainty of the en-
tire swarm [9]. Our research builds directly on this by quantifying
the trade-off: when terrain realities diverge from the shared global
map, agents must either rely heavily on explicit communication to
resynchronize the swarm or adopt highly predictable local policies
to minimize the resulting lookahead drift.

3 METHODOLOGY
3.1 Simulation Framework

We evaluate our hypotheses using our custom environment named
multi-agent-coverage, a high-performance, batched multi-agent grid-
world environment implemented in C++ with OpenMP for parallel
execution. The environment simulates agents exploring a 32 x 32
grid world containing continuous danger/hazard mappings, h, in
the range [-1,1].

Each agent may propose a movement vector o = [§x, §y] which
is clamped to a maximum magnitude of 1.0 before being reduced
again by the current danger in = (1 — ¢ - max(h,0.0)). The
constant ¢ determines the minimum speed. Every frame that a
rover spends on a tile with A > 0 has a p = ch probability of getting
stuck. Stuck means that the agent’s movement speed is zero until
the environment resets.

Our C++ architecture ensures zero-copy memory sharing with
PyTorch tensors, allowing for exceptionally high throughput dur-
ing large-scale policy evaluation. This supports rapid rover belief
updates and enables efficient instantiation of environment copies
from an agent’s internal state for future integration with Monte
Carlo Search [3] or Prioritized Replay [20].

3.2 Stochastic Potential Field Navigation

Agent behavior is governed by a parameterized force-based policy.
Agents compute an action vector through a linear combination of
dynamic spatial features. The force exerted by grid cell i and the
resulting weighted superposition are defined as:
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where 7; is the unit vector to cell i, ||r;|| is the Euclidean distance,
pi is the distance exponent, and m; is the magnitude. The weights
wk € [—1, 1] represent signed attraction/repulsion for K = 7 spatial
features: (1) Region Danger Prior, (2) Observed Danger, (3) Visited
Status, (4) Agent Locations, (5) Path Recency, (6) Boundaries, and
(7) Voronoi Partitions, plus noise to avoid local minima.

Each of these fields, apart from 1 and 6, is subject to partial ob-
servability constraints and calculated from imperfect belief states.
Self-Path recency sets recently visited cells to a magnitude of 1.0
with exponential decay over time, serving as an anti-pheromone
inspired by path-finding algorithms such as Ant Colony Optimiza-
tion [7]. Voronoi Partition masks unobserved tile magnitudes if
they are closer to another agent, allowing a first-order estimation
of task responsibility.

3.3 Policy Optimization via Simulated
Annealing

To discover optimal potential field parameters, we deploy a Simu-
lated Annealing (SA) hyperparameter search. The search optimizes
a sequence of genes representing the specific hyperparameters be-
ing evaluated (specifically the weight wy and the exponent p;) for
each spatial feature. Fitness is defined as the discounted cumulative



coverage reward across a batch of environments:

T
f= Z y' (10I[done;] + 0; — 100s;),

=0
where T = 1000, y is the discount factor, o; is the number of newly
observed tiles at timestep ¢, s; is the number of rovers that become
immobilized due to excessive hazard, and I[done,] is an indicator
equal to 1if full coverage is achieved at time ¢. This fitness directly
captures the mission’s dual objectives: maximizing spatial discovery
while strictly penalizing rover loss due to hazards.

4 EXPERIMENTAL DESIGN

Our experimental maps are constructed from real Digital Terrain
Models (DTMs) obtained via the HiRISE mission, centered on a
prospective Mars landing site. Sixteen 1km? terrain slices were
processed into dual mappings: a maximum gradient map and an
elevation standard deviation map, serving as proxies for surface
steepness and roughness, respectively. To assess the intersection
of transparency, lookahead, and communication, we benchmark
optimized rovers across all environments on a matrix of conditions:

(1) Communication Levels: We evaluate full, partial, and zero-
communication scenarios. Communication consists of [x,y] location
and “is_alive” updates to other rovers.

(2) Lookahead Depth: Agents simulate peer movements for 0
to 10 time-steps (up to 300 meters traversal depending on terrain)
before selecting actions. With Lookahead (LA) enabled, agents
update unseen teammate locations using their internal belief state.

(3) Prior Map Noise: To simulate real-world inaccuracies, con-
trolled Gaussian noise is injected into the expectation maps during
zero-communication runs as shown in Figure (2).
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Figure 1: Example terrain slice (1024 X 1024 m). Each cell cor-
responds to a max-pooled 32 m? region derived from HiRISE
DTM data.

By masking which features are available to a particular rover’s
SPF navigation function, we create three baseline policies trained
with no communication or lookahead enabled. Global and Ran-
dom have access to all variables including ground-truth and par-
tially observed variables. Global starts with a noisy Voronoi policy
and Random begins with random uniform weights over all fea-
tures. We also mask out all but the local variables for Local, and we
train variants via simulated annealing specifically for lookahead
and communication p = 0.05: Local+LA and Random+LA.
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Figure 2: Two map examples with (left) original max-pooled
gradient map, (center) noise-perturbed prior map, and (right)
the injected Gaussian noise field.

We aim to test several hypotheses about the impact of lookahead,
communication, and policy entropy on team performance:

Hypothesis 1: As policy noise weight increase, lookahead pre-
diction will grow significantly correlating with degraded perfor-
mance. Figures (3, 4).

Hypothesis 2: As the prior belief map of terrain danger becomes
more noisy, lookahead will become more destructive. Figure (5).

Hypothesis 3: Lookahead accuracy will improve significantly
with occasional correction from communication, improving team
performance. Figure (6).

5 RESULTS

To evaluate our hypotheses, we analyzed both coverage perfor-
mance and ally prediction error across varying lookahead steps and
noise conditions.

Lookahead under Imperfect Teammate Modeling (Hypoth-
esis 1): Figures 3 and 4 demonstrate that without the occasional
resetting (1/20 chance) to ground truth, lookahead introduced mean
squared error and reduced performance for already stochastic poli-
cies, but lookahead helped deterministic policies performance. This
is because a local minimum in the potential field only changes if
an agent’s belief about its teammates changes.

Impact of Prior Map Mismatch (Hypothesis 2): Figure 5
illustrates the effect of injecting noise into the agents’ prior beliefs.
Agents with access to the global potential fields with no lookahead
(blue/green solid) are less negatively impacted than local (orange)
agents with lookahead (dotted lines). It is worth noting in the pre-
diction error graphs that global agents view the global state, but
their local beliefs are not updated besides outside of comms usage.

Communication and Lookahead Utility (Hypothesis 3):
Figure 6 shows that although p = 0.05 information sharing is
enough to bound lookahead error regardless of the number of steps
(1-10), naive SPF controllers fail to capitalize on the lookahead
information, despite its accuracy.

6 DISCUSSION

While lookahead with zero communication increased MSE com-
pared to stationary imagined teammates, we found the mean ab-
solute error to be around 30% lower at lookahead 1 than 0. This
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Figure 3: Policy Noise Weight No Comms: Color is the sim-
ulated annealing genome type, line-style is the noise level.
Left is fitness (higher better) and right is ally location predic-
tion error (lower better)
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Figure 4: H1: Policy Noise Weight With Comms: The same
scenario as Figure (3) but the agents have a 5 percent chance
of sharing their up-to-date location with another agent at
each frame. It can be seen that slight communication grounds
all lookahead by limiting the random walk distance of com-
pounding errors.

H2: Prior Map Mismatch — Comms

Coverage Performance Prediction Error

Prior Noise o Prior Noise 0

Figure 5: H2: Prior Map Noise Injection: The x axis is the
level of injected noise, Color is simulated annealing genome
and Line-Type is lookahead. Solid lines (less lookahead) are
less impacted in terms of performance

property appears to originate from property ungrounded forward
models suffer due to compounding spatial uncertainty (cc £3/2 for
integrated random walks [10]) which rapidly exceeds the agent’s
actual possible traversal distance (o t)

For potential field navigation, noise can be necessary to push
an agent out of areas with a zero gradient. We expected this noise
to worsen prediction but that hypothesis was not supported. In-
terestingly, lookahead appears to act as an effective mechanism
for perturbing the agent from a local minimum. We hypothesize
that it is unlikely for all 4 agents in the belief state to be in local

Comms. H3: Communication Effect — Comms.
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Figure 6: H3 Communication Probability: X-axis is commu-
nication probability, color is genome type, and line-style is
lookahead. We see that Local (orange) and Local trained with
lookahead (red) benefit the most from information sharing,
but that 5 percent is sufficient.

minimums simultaneously, and that environment stochasticity as
imagined agents "get stuck” with some probability are enough to
perturb the potential field so that local minimums are transient.

We found that prior mismatch with communication probability
above 0.05 had a negligible impact on performance. Across genomes,
the distance drop-off exponent for danger was often 2 or 3, forcing
the agent to only care about local danger because only local hazards
can cause the agent harm. Because agent’s act locally, far away
updates are not very impactful beyond agent position updates. For
communication probability, somewhere between 1/20 and the time
horizon of 1/1000 leads to degradation of lookahead accuracy, but
the frequency required to keep lookahead in check is relatively low.

It is important to note the scale limitations of our study: our
32 x 32 grid is quite course. Fine-grained prior noise or more space
to wander may impact the magnitude’s of our results.

7 CONCLUSIONS AND FUTURE WORK

This work demonstrates minimal communication (p = 0.05) com-
bined with basic agent modeling bounds prediction error regardless
of the number of projection steps for simple SPF controllers. While
SPF shows robustness to both policy and environment noise, they
fail to exploit the predictive information that lookahead provides,
by focusing on local information. Potential field navigation is in-
herently reactive, so changing circumstances are not necessarily
destructive to the control scheme.

Future work will involve additional search with teammate mod-
els designed for more pointed action selection, such as Monte Carlo
Search, or as a lookahead/predictability baseline for deep reinforce-
ment learning approaches. A field like "discovery value" to incen-
tivize agents towards globally relevant objectives may also better
highlight the effects of prior map mismatch. We hope that the in-
troduction of a lightweight parallel environment with zero-copy
memory sharing and realistic planetary terrain models will serve as
a robust testbed for bridging classical heuristic navigation and ad-
vanced multi-agent reinforcement learning at a low computational
cost. We put forth these initial results as a baseline from which
higher-order navigation logic and models can be built and iterated
on for a variety of coverage tasks.
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