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Abstract—Maulti-robot systems are increasingly being used for
critical applications such as rescuing injured people, delivering
food and medicines, and monitoring key areas. These applications
usually involve navigating at high speeds through constrained
spaces such as small gaps. Navigating such constrained spaces
becomes particularly challenging when the space is crowded
with multiple heterogeneous agents all of which have urgent
priorities. What makes the problem even harder is that during
an active response situation, roles and priorities can quickly
change on a dime without informing the other agents. In order
to complete missions in such environments, robots must not only
be safe, but also agile, able to dodge and change course at a
moment’s notice. In this paper, we propose FACA, a fair and agile
collision avoidance approach where robots coordinate their tasks
by talking to each other via natural language (just as people do).
In FACA, robots balance safety with agility via a novel artificial
potential field algorithm that creates an automatic “roundabout”
effect whenever a conflict arises. Our experiments show that
FACA achieves a improvement in efficiency, completing missions
more than 3.5x faster than baselines with a time reduction of
over 70% while maintaining robust safety margins.

I. INTRODUCTION

Multi-agent robots are extensively used in surveillance and
security systems [1], logistics [2], delivering products [3],
medical emergency and healthcare [4], motion and traffic
analysis, and various other research purposes [5], [0]. In this
work, we focus on the problem of safe, scalable, and efficient
heterogeneous multi-robot system navigation in cluttered and
constrained environments [7], [8]. We consider a distributed
(agents are allowed to communicate with each other), but
partially observable setting where agents are allowed to
communicate with each other. The agents are heterogeneous—
they can be UGVs, robots, etc. They have different priorities
which can change at any time. The environment consists of
various obstacles and small gaps. This problem arises naturally
in many crisis situations and presents many issues [9], [10],
[11]. Consider a situation where a surveillance agent, a food
delivery agent, and a medical emergency agent are navigating
through a post-battle environment for rescue and monitoring.
If the environment is congested, we expect the medical
emergency agent to be granted the right-of-way whereas
the surveillance agent to have the least priority. However,
things become complex when these priorities shift without
warning [ 2]. For example, the surveillance agent might have
their priority escalated to assist in an emergency evacuation,
making their mission more urgent than food delivery agent.

The key challenge is that in cluttered and constrained
environments, many heterogenous multi-robots are unable

to manuever smoothly and effectively to accommodate the
sudden change in the mission objectives [13], [14], [I5].
There are three key ingredients required to facilitate safe,
efficient, and scalable navigation in these scenarios: (1) agents
must coordinate with one another and keep track of the
dynamic priorities in real-time and (2) agents must be agile
when maneuvering through small gaps and around obstacles,
and (3) motion planning needs to be cheap and fast in
order to scale as well as support re-planning during shifting
priorities/objectives.

Motion planning research in multi-robot systems has made
significant advances in open spaces, but struggle with cluttered
environments [16], [17], [18]. Conventional local planners
often fall short in this regard [19], [20]. For instance, while the
standard Artificial Potential Field (APF) method is valued for
its simplicity and computational efficiency, but it is notoriously
susceptible to the local minima problem, where an agent can
become trapped in a concave obstacle configuration having
the oscillation, failing to reach its goal. On the other end
of the complexity spectrum, planners like Model Predictive
Control (MPC) can generate optimal, collision-free trajectories
but impose a significant computational burden that makes them
ill-suited for the rapid, on-the-move re-planning required in
dynamic, congested environment. This dichotomy highlights a
critical gap in the state-of-the-art: existing methods are often
either too computationally expensive for rapid re-planning or
they struggle to produce trajectories that are simultaneously
safe and efficient in dense, constrained scenarios. Furthermore,
a related body of work in the trajectory and intent forecasting
community [21], [22], [23], [24], [25], [26], [27], [28], [29],
[30] can take in the past few seconds of history and predict
the future trajectories in real-time, however, these methods
operate at the trajectory level only. The core research question
we ask is: how does a system of heterogeneous multi-robot
systems react quickly to changing priorities and objectives
while maneuvering safely through small gaps and around
obstacles?

Main Contributions: To answer this question, we make two
contributions.

1) First, we allow agents to communicate with each other
via natural language, much like humans do. We leverage
recent advances in large language models (LLMs) [31],
[32], [33] to facilitate a dialogue wherein agents update
each other about the changing priorities and resolve
any conflicts. Our LLM-driven negotiating module has
several advantages. First, it can reason about highly



complex roles, even ones that are difficult to distinguish.
Second, we do not require pre-programming roles apriori
or any kind of finetuning or data augmentation as LLMs
exhibit good zero-shot reasoning abilities.

2) Our second contribution consists of a lightweight motion
planner using articial potential fields (APFs). APF
methods produce agile trajectories quickly, but are
known to be susceptible to local minima issues. In
this work, we seek to exploit the low computational
requirements and agility of APFs while at the same
time proposing a solution to the local minima problem.
More specifically, we formulate new tangential and
radial potential fields that create a “roundabout” effect
to mitigating local minima.

II. RELATED WORK
A. Model-Based Approaches

Since collision avoidance has been a great topic of interest,
several approaches for collision avoidance in mult-robot
system have been developed over the years which typically
falls under reactive and proactive categories. Most of proactive
methods rely on the concept of Velocity Obstacles (VO)
introduced by [34] which defines the set of all relative
velocities that will lead to a collision between a holonomic
robot and moving obstacles at some moment in time. VOs offer
a tractable alternative to reasoning over inevitable collision
states [35], [36] and have been extended to model reciprocal
interactions between agents, enabling decentralized multi-
agent navigation [37], [38]. Subsequent variants handle robots
with more complex dynamics [39], [40], [4]], coordinated
formations of multiple robots [42], [43], and uncertainty in
obstacle motion [44], [45]. Besides the previously mentioned
techniques, that is, Generalized Velocity Obstacles (GVO) was
developed by [46] to define what it means to collide with
obstacles in the velocity space and enables a kinematically
constrained robot to make a collision-free maneuver by
selecting an available control outside of the collision-safe
space. Then to deal with the challenges that sampling-based
VOs, omnidirectional robot collision avoidance algorithm
(ORCA) was recommended by [47]. Since the original work
of Van Den Berg et al. [47] on holonomic robots, many
ORCA-based approaches have been proposed that linearize
the VOs or learn such constraints, including approaches for
steering differential-drives, car-like robots, and other non-
holonomic agents [48], [49], [50], [51], [52].

B. Learning-based Approaches

When dynamic environments are taken into consideration
the various Deep Reinforcement Learning (DRL) based
approaches are widely used for collision avoidance. Building
on PPO [53], early work learned fully decentralized policies
directly from raw 2D lidar [54], [55], later exploring better
lidar state representations [56], multi-layout indoor training
[57], and late-fusing lidar with camera images [58]. To
incorporate higher-level interaction cues, researchers feed
relative positions/velocities and social signals into the policy

[591, [601, [

], model human-robot and human-human
interactions via attention and relational graphs [62], [63],
encode crowds with GCNs [64], and use decentralized
structural-RNNs [65]. Yet these agent-level methods often
assume open and free spaces and incorpoprtes interaction with
the static obstacles; remedies include adding static maps (with
dual models for pedestrian presence for safe navigation in
dynamic enviornments) [66], late-fusing lidar with pedestrian
forecasts [67], and learning lidar latent dynamics unsupervised
learning[68]. Beyond perception, reward shaping has been
tackled through knowledge distillation [69] and square
warning regions [70], though the former depends on expert
data quality and the latter tends to be overly conservative.

C. Multi-Robot Communication through LLMs

In decentralized, cooperative multi-robot environments,
communication methods are needed for coordination [71].
Researchers are working to integrate LLMs into multi-
robot systems (MRS) to address the unique challenges
associated with deploying and coordinating MRS [72], [73]
For example, effective communication is essential for the MRS
to share knowledge, coordinate tasks,and maintain cohesion
in the dynamic environment among individual robots [74].
LLMs can provide a natural language interface for inter-
robot communication, allowing robots to exchange high-
level information more intuitively and efficiently instead of
predefined communication structures and protocols [73]. The
LLMs can understand the mission, divide it into sub-tasks,
and assign them to individual robots within the team based on
their capabilities [75], [76]. The generalization ability across
different contexts of LLMs can also allow MRS to adapt to
new scenarios without extensive reprogramming, making them
highly flexible during the deployment [77], [78].

III. PROBLEM FORMULATION AND BACKGROUND

Assumptions: We assume a distributed system (agents are
allowed to communicate) where agents can observe the
environment fully, but can only partially observe other agents’
states. We further assume agents are self-interested (they
optimize their individual objective as opposed to a joint
objective), although they are cooperative in the sense that they
share information honestly during communication. We also
assume agents are point masses (although they can be easily
extended to circles).

We begin with a modified Partially Observable Stochastic
Game (POSG) [79], defined by the tuple: (N,S,U,T). We
assume there are N heterogeneous robots in a confined two-
dimensional shared space denoted as S € R? at any given
time ¢t. A robot’s state comprises of its position, s;(t) =
(zi(t),yi(t)) and turning angle 0;(t) € U, 0 < 6; < 2.
A robot’s action at time ¢ is expressed as velocity v;(¢) € R?
and 0 < v;(t) < v;, where ¥; is the maximum velocity. Each
robot has a goal g; € S. The discrete transition function is
given as s;41(t) = s;(t) +v;(t) cos(;(t)). Initially each robot
is assigned a priority p;(t) € R that may change based on
various situations, resulting in the assignment of a new priority



at ¢ + 1. The objective for each robot is to reach its goal as
fast as possible. Thus, each robot ¢ solves the following:

arg rrgn Time to Goal; (1a)
st |lsi(t) — s (8)l > safe distance  (1b)
|Is; (t) — obstacle]| > safe distance  (lc)

TTG; < TTGj if Pi > Pj (1d)

Constraint (1b) operates over all other robots 7. Constraint (1c)
operates over all obstacles. All constraints hold for some fixed
horizon in the future. Constraint (1d) operates over all pairs
of agents 7,7 and measures fairness where TTG; represents
the time to goal for robot i. A fair outcome is one where, in
cases of conflict, robots with higher priority are expected to
be given the right of way, therefore reaching the goal first.

Artificial Potential Fields

We build our algorithm using artificial potential fields [80]
which define an attractive potential (/') towards the goal and
a repulsive potential (U/f) from the obstacles for collision
avoidance. These are then combined to the obtain the net
potential (UN) = U? + UL, The corresponding forces F}V,
FA, and FF are then derived by taking the negative gradlent
of the respective potential functions. The standard artificial
potential field implementation uses the following repulsive and
attraction potential functions:
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where U*(7) is the potential experienced by i due to j and ||-||
is the euclidean distance between robots ¢ and j or between the
robot and the goal, o is the safety distance, and nA7 77R > 0,
represent the attractive and repulsive gain respectively.

A key limitation of the APF method is that the classical APF
method when directly applied to different settings often gets
stuck in local minima [80]. Therefore, it needs to be adapted
and re-designed for the particular application. Therefore,
we introduce a new APF collision avoidance algorithm that
mitigates the local minima problem in multi-robot navigation
via a smooth roundabout effect.

IV. FACA FRAMEWORK

Here, we describe FACA in detail. First, we review the
technical setup of our environment and provide an overview
of our approach. Next, we present our implementation of
LLM-based priority determination and the agent-to-agent
dialogue negotiation mechanism for task prioritization. Finally,
we explain our collision-avoidance strategies for robots,
including navigation around obstacle and through confined
spaces such as small gaps.

A. Technical Approach

The overview of our proposed technical approach is shown
in Figure 1. At a high level, at each discrete time step
t, each robot at s;(t) updates its position to s;(t + 1)
by computing a new velocity v;(t + 1) while solving the
optimization problem in (1). The optimization proceeds as
follows: every robot observe the environment and checks
for potential collisions via Equation (4). If a collision is
detected, then two things happen. First, the robots engage in
an LLM-based dialogue (Section IV-B1) to exchange mission
urgency and context information, dynamically adjusting their
priorities. Simultaneously, the robots execute the newly
proposed “Roundabout Effect” collision avoidance algorithm
(Section 2 and 3), which in turn uses the latest priorities,
guiding robots to yield or proceed based on negotiated right-
of-way. The collision avoidance routine determines a new
velocity to execute via Equation (14).

B. Collision Avoidance Around Dynamic Agents: The

“Roundabout Effect” (Solving Constraint 1b)

We divided our approach into two parts to avoid collision
with other robots. First, we predict the collision by considering
a 2D engagement scenario with two robots, %, and j. Let the
initial position of i be s;(t) = (x;,y;), and that of j be
sj(t) = (z;,y;). The robots have velocities v;(t), and v, (t),
respectively. We calculate the distance of closest approach,
3(t) as:

n(t)? = (si(t) - sj(t))~(si(t> -
+2(s3(t) — 55(t))- (vi () — v;(t) ) teor )
( (t) ) (Uz (t) —v;(t )t(2:ol

Next, If X(t) is less than a safe distance threshold,
that means it will (1) trigger the LLM-based dialogue
communication for priority negotiation as explained in IV-B1
and (2) perform collision avoidance maneuver as described in
Sections 2 and IV-B3:

1) LLMs for Priority Determination and Negotiation
(Solving Constraint 1d): The main goal of LLM-based
dialogue is to satisfy Constraint (1d) by ensuring that higher
priority robots are given the right of way in case of a
potential collision. Each agent has access to an LLM (gpt-
4o-mini [81]) instance through the OpenAl API to perform
context-aware, adaptive priority negotiation in real-time, and
has an initial prompt which we provide in supplementary
material. When the agents observe each other, they take turns
sending messages; they receive the last message from the other
agent, add it to the dialogue history, and query the LLM for
a reply to send back. The robots keep moving around the
environment while communicating and will stop conversing if
they reach a consensus on which agent’s task has the higher
priority. If the consensus leads to a change in the priorities,
the new priorities are updated. Additionally, we considered
complex scenarios where negotiating robots perform critical
operations with similar priorities. As shown in Figure IV.1, a
representative case involves robot i transporting a patient to a

s;(t))
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Fig. 1: An overview of the proposed framework for autonomous robot collision avoidance using Large Language Model (LLM) based
negotiation in heterogenous robots. The system operates in a loop, beginning with agent initialization. Upon predicting a potential collision,
an LLM is used to dynamically negotiate priorities based on mission context. As illustrated in the LLM-based Priority Negotiation box where
the “Medical robot” is granted higher priority over a “Logistic robot” with inputs as mission, and urgency to output new, dynamically-assigned
priorities. The framework then applies scenario-specific adjustments for challenges like obstacle or small-gap passages before executing the

final collision avoidance maneuvers.

city hospital while robot j transports a ventilator to the same
hospital. With both missions assigned the highest priority, the
robots negotiate to reach a consensus.

Prompt IV.1: Example LLM-Mediated Dialogue

robot i: robot j, conflict warning. I am transporting a
critical patient to City General Hospital, my mission
is top priority. I must maintain my current heading.

robot j: Acknowledged, robot ¢. I am also on a
critical mission, transporting time-sensitive medical
equipment for emergency surgery. My priority is also
maximal.

robot ¢: Understood. My patient is unstable, and my
distance to the hospital is 3.1km. What is your distance
to goal?

robot j: My distance to City General is 5.8km. Your
patient’s immediate proximity is more critical. I will
yield. I am altering my course and reducing speed.
Proceed safely.

Agreement (LLM
priority, j:

Output):
low priority}"

wlds

high

2) Non-linear Exponential Attractive Force: One of the
issues with the attractive field given in Equation (2) is that
the attraction force strength reduces the closer a robot gets to

its goal. If there is an obstacle near the goal, the repulsive
field from the obstacle overpowers the attractive field and it
results in a local minima in the potential that is away from
the goal. Therefore, we proposed the following attractive force.
We define the potential function {4 as:

A A VT
= rk4d — K ——=erf(\/—pAd
W (V—pad)

where d is the distance between the goal and current position
of the robot and ¢ < 0 represents the attractive field spread.

~
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Now, F4 = —VlUa(d) = — (%) d where d = =2
Using the standard derivative %erf(z) = %e‘zz'
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This term represents the magnitude of the attractive force.
Then,



oUs\ ~
A__ (4
P (G0)a

—r4 (1 - eXp(%’A”Si - gi||2)) 6)

% [ Si — Gi ]
[si — gill

where x4 > 0 represents the attractive gain, which is used
to adjust the intensity of the attractive field.
3) Tangential Exponential Repulsive Force: Let d;; = ||s;—

S || denote the distance between robot ¢ and robot j, and let
8; — 8
di; = ~—"2 denote the corresponding unit vector. We define

Z
the repulsive potential as

Jr -
RQ\/%)*R erf( QOR d’L])v (7)

where % > 0 represents the repulsive gain, which is
used to adjust the intensity of the repulsive field, and

Z/[R(d”) = —K

©® > 0 represents the repulsive field spread. Now, F* =
—VURr(d;j) = (gZ’R>d Using the standard derivative
Lerf(z) = %6’22:
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This term represents the slope of the repulsive potential.
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To prevent head-on standstills and induce a roundabout
effect, the repulsive force is rotated by ninety degrees using

the rotation operator & = [01 (1)} The resulting tangential

exponential repulsive force is

R — g‘/—_viR,rad
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To incorporate priority obtained from the LLM-based dialog
discussed in Section IV-B1 into the repulsive force, a scaling
factor % is used. When two robots ¢ and j possess equal

priorities, their interaction resembles vehicles navigating a
traffic circle, continuously maneuvering around each other to
prevent collisions. However, if ¢ is assigned a higher priority
mission relative to j (i.e., p; > p;), the repulsive force exerted
on j by i will be greater compared to the force experienced
by ¢ from j. Consequently, j will undergo a greater deviation
from its path than ¢, allowing ¢ to maintain a more direct
trajectory towards its objective. The resulting repulsion force
is the modified as:

FE= ;’—R exp(—p" ||s; —

[
J

2 Si; — Sj
)€ {} (10)
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The rotation leads to the creation of the new heading angle
6;(t+ 1) which is simply the angle of this vector as described
below:
0;(t+1) = tan™!

(Fr+FF) (11)

C. Collision Avoidance Around Static Obstacles (Solving
Constraint Ic)

Our approach to collision avoidance for static obstacles
mirrors that of Section IV-B with a key difference. Namely,
assuming a circular obstacle with radius r and center u,
the repulsive force FF is no longer perpendicular to the
direction of the robot towards the obstacle. Instead, ]-“Z-R, 1s
less conservative, and is along the tangent direction to the
boundary of the obstacle. Formally, let ¢ be defined as the
rotation matrix required to turn s; — u so that it becomes the
tangent to the obstacle via simple geometry. Then,

p=rl?))o

The term exp(—¢™ |[|s; — p —r||°) denotes the strength of
the force depending on how far the robot is from the nearest
point on the boundary of the obstacle. Then, the turning angle
can be computed as,

.7-"5 =gl (exp(—g@R IIs: — (12)

0:(t +1) = tan' (F + FF) (13)

D. Final Velocity Computation using 0;

Once the turning angle is determined, it rotates the current
velocity vector towards the selected avoidance direction by
angle @ to obtain a new velocity v;(t + 1) as shown below.

w1 = |

—sin6;

cos0; } vi(t)

To ensure smoothness, we blend the robot’s current velocity
and the avoidance direction, which is modified by adjusting
by calculated turning angle. This blending is done using a
factor that increases as the robot gets closer to the obstacle, to
smoothly transition from goal-directed movement to avoidance
behavior. In order to perform a progressive change in behavior
as the robot gets closer to the obstacle, the blending factor
(8) is determined which is dependent on the robot’s distance
from the obstacle boundary. The equation representing this
mechanism has been described below:

cos b;

sin 6; (14)
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Remark: To maneuver through small gaps, we use the concept

of subgoals. When a robot ¢ starts initially from their respective

positions, their motion is attracted toward the center of

the gap which acts as subgoal which we denote as w.

The attractive acceleration towards this subgoal is &3 =
S;—W

2
kA (1 = e—cllw=sil ) [s—o Where c¢ controls the rate of

exponential decay. Once ¢, crosses the wall, it changes its goal
from the small gap to its final goal g;. The repulsion forces
are the same as used in Section IV-B3.

V. EXPERIMENTS AND RESULTS

We address the following questions:

o Q1. What are the benefits of the LLM when negotiating
consensus between multiple heterogeneous robots?

e Q2. How does the proposed collision avoidance
framework compare to traditional APF and MPC-based
baselines?

e 03. How challenging are constraints? Why should we
care about constraints?

A. Simulation Environment and Scenario Setup

The simulation is setup where n = 4 and n = 8 robots
are initialized with starting and goal positions arranged in
a symmetrical pattern on a 75 radian arc on a circle with
50 meters radius. Each robot must travel to its goal placed
antipodal with respect to its starting position on the arena
boundary. The priority for each robot was drawn from a normal
distribution with x = 3 and o = 1. Initially assigned priorities
gets dynamically changed to another set of priorities in the
middle of a simulation. We generate and add two different
sources of complexity. The first spatial complexity consists
of a circular shaped obstacle with a fixed radius placed in the
arena for creating a more dense and complex environment. The
second complexity consists of a small gap between two vertical
walls placed at z = 0. Simulations were performed in Python
in 8-core AMD Ryzen™ 9 5900HS CPU and GeForce RTX™
3060 GPU. Parameter values used in simulation are provided
in the supplementary material. Each scenario is averaged
across 100 simulations with a different random seeds.

B. Evaluation Criteria and Baselines

First, we measure the Time to Goal (TTG) to evaluate the
overall time taken by the robots to reach their goal. Next, we
would like to measure how much distance each robot maintains
form other robots, the obstacle, and the walls. That is, the
robots should not aim to shoot towards their destination at
the risk of colliding or cutting closer to other objects. So we
also measure the Mean Minimum Distance (MMD) between
all the agents. Next, we measure the Flow Rate (FR) which
measures the flow through a gap where multiple agents are
trying to get through. It is defined as: F'R = % where N
is the number of agents, 7' is the makespan (in seconds),
while z is the gap width (in unit meters). Flow rate gives a

Scenarios TTG (s) MMD (m) FR
n=4 n=8 n=4 n=8 n=4 n=8§
No LLM, No Constraints 8.79 10.02 1.98 1.49 - -
With LLM, No Constraints 2.51 2.86 1.95 1.47 - -
With LLM, obstacle only 8.24 9.63 1.70 1.33 -
With LLM, Small Gap only  2.96 3.00 0.17 0.21 2.70 5.00

TABLE I: Evaluating FACA in cases with varying spatial constraints
with 4 and 8 agents. Performance is evaluated based on the Time-to-
Goal (TTG) in seconds and the Mean Minimum Distance (MMD) in
meters. FR is measured at small gaps, hence only shown for row 4.

Methods TTG MMD FR

n= n=8 n=4 n=8 n=4 n=38
Classical APF w/o LLM 1250 12.50  0.27 0.28 0.60 1.20
Classical APF 9.80 1243 0.19 0.24 0.80 1.20
MPC w/o LLM 4.76 7.78 0.29 0.23 2.10 3.90
MPC 792  10.51 0.20 0.21 1.50 4.10
FACA w/o LLM 2.95 3.00 0.17 0.22 2.60 5.10
FACA 2.88 3.13 0.18 0.25 2.70 4.90

TABLE II: Comparing FACA with standard collision avoidance
baselines. Bold is best.

metric quantifying the overall “volume of agents” successfully
navigating a constrained space.

Our baselines consists of the classical APF method utilizing
the attraction and repulsion forces given by Equations (2)
and (3), respectively, and an MPC baseline, to demonstrate
the collision avoidance and navigation capabilities of our
method. We also conduct an ablation study where we probe
each component of our approach in isolation. Finally, we also
compare our approach with an existing state-of-the-art multi-
robot method, RIPNA [82], which implements multi-robot
navigation but without priority handling.

C. The Challenge of Spatial Constraints

In Table I, we demonstrate the challenging nature of
cluttered and constrained environments. Specifically, by
removing all spatial constraints (Table I, row 2), the robots
are the fastest in reaching their goal, almost 3x faster than in
the presence of an obstacle. Additionally the robots respect a
healthy distance from each other, resulting in a high MMD.
On the other hand, the small gap constraint slowed the robots,
but not by much. However, the robots cut too close to each
other when navigating through a small gap, which is why the
MMD reduces significantly.

D. The Role and Importance of the LLM

We measured whether the final order in which agents
reached their goals matched the final priority order after
the priorities were updated during navigation. Across 100
simulations, the LLM-enabled agents managed to reach their
goals in the correct order 100% of the time. This was despite
the priorities changing multiple times, often drastically—an
agent with the lowest priority in the beginning would be later
assigned the highest priority, and it would be able to catch up
and arrive first to the goal. On the other hand, as expected,
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without the LLM, the final ordering of the agents did not match
the final priority order even once. Furthermore, when testing
the role of LLM without any spatial constraints, the benefits
are even more pronounced. Not only does the LLM respect the
priority ordering, but it also results in much faster navigation
(> 4x speedup, Table I, rows 1 and 2).

E. The Significance of the Roundabout Effect

The roundabout effect balances safety and efficiency. In
Table I, we see that FACA is the fastest, often by orders of
more than 3x (and thereby maximizing efficiency), without
being both overly conservative as well as overly aggressive.
This can be observed from the MMD values of FACA which
are neither to low nor too high - indicating that FACA can
balance the right amount of space to give other robots while
at the same time making quick progress towards the goal.
Furthermore, the roundabout effect results in the highest flow
rate for FACA compared to other baselines. We demonstrate
the roundabout effect in Figure 3.

FE. Comparing FACA with classical APF, MPC, and RIPNA

Figure 2 and Table II compare FACA with classical APF
visually and quantitatively, respectively. We observe that FACA
achieves a significantly lower TTG. For instance, with LLM-
based dialogue and n 8, FACA is approximately 4x
faster than classical APF and 3.4x faster than MPC. This

performance advantage is consistent even in the absence of an
LLM, where FACA is over 4x faster than classical APF and
2.6x faster than MPC, while also achieving a 4.25% higher
FR than classical APF. Finally, we also compared FACA with
RIPNA. We observed that FACA improved the TTG by 54.68%
and MMD by 58.63%.

Classical APF takes extremely long to reach their goal (high
TTG) correspondingly results in a poor FR (Table II, rows I
and 2). The large TTG can also be correlated with the high
MMD which implies that the agents are very conservative
and try to steer away from other robots as much as possible,
which costs time. This can also be visually confirmed in
Figure 2b where the agents enter a traffic jam at the gap.
MPC performs similarly poorly and repels agents and pushes
them back (Figure 2c). MPC also results in lower TTG and
highest MMD on account of higher conservativeness (Table II,
rows 3 and 4). In Figure 2, we additionally note that MPC
is reactive, cutting too close to the obstacle as opposed to
the obstacle, which is suboptimal. In contrast, the roundabout
effect created by FACA results in a balance between safety
and agility resulting in lower TTG and high FR.

VI. CONCLUSION

We presented FACA, a new approach to priority-based
collision avoidance within heterogeneous robots through



LLMs in dense, constrained, and crowded airspace that

contains obstacles and small-gap passages.

The robots

communicate with each other by querying the LLMs to
generate messages and engage in the dialogue conversation in
order to know each other priorities and define new priorities
based upon the operations. We demonstrate our approach’s

effectiveness

in simulated constrained environments and

compared the results with other baseline and existing
algorithms. FACA can be further extended to include dynamics
of the vehicle, extend in 3D and also include hard constraints
like control barrier function to ensure no vehicle enter the safe
of other vehicles.
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