@O (%) drones

Article

Dynamic Self-Organization and Safe Navigation for
Hierarchical Embodied Swarms

Lanbo Wu © and Chen Wei *

W) Check for updates

Academic Editor: Xingling Shao

Received: 19 May 2026

Revised: 5 June 2026

Accepted: 8 June 2026

Published: 10 June 2026

Copyright: © 2026 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons

Attribution (CC BY) license.

National Key Laboratory of Aircraft Integrated Flight Control, School of Automation Science and Electrical
Engineering, Beihang University (BUAA), Beijing 100083, China; wulanbo@buaa.edu.cn
* Correspondence: weichen@buaa.edu.cn

Highlights

What are the main findings?

¢ A hierarchical embodied swarm framework with corridor-driven split-merge reconfig-
uration and feasibility projection enables coordinated multi-UAV navigation in com-
plex environments.

* Multi-seed simulations show that LLM-assisted decisions remain feasible under the
same projection layer and improve recovery in the most constrained alternating-gate
scenario through stronger semantic split-merge reasoning.

What is the implication of the main finding?

¢ High-level semantic reasoning can be integrated into UAV swarms without sacrificing
geometric and kinematic executability when explicit feasibility and safety constraints
are enforced.

* The proposed framework provides a practical basis for multi-UAV search, inspection,
and other missions in narrow passages and dense obstacle fields that require online
reconfiguration and safe cooperative navigation.

Abstract

This paper is concerned with cooperative multi-UAV navigation in a planar obstacle en-
vironment. A hierarchical embodied swarm framework with leader, subleader, and fol-
lower roles is proposed. At the high level, a passable-corridor-driven decision layer is
developed to perform split-merge reconfiguration and navigate/encircle mode switch-
ing. At the low level, a multi-term force synthesis controller is constructed for formation
maintenance, inter-agent collision avoidance, obstacle avoidance, and sub-swarm cohe-
sion. To accommodate both rule-based and local large language model (LLM) decisions,
a feasibility projection operator is introduced so that only kinematically admissible struc-
tural actions are executed. In addition, a LIiDAR-based obstacle-repulsion term and an
occlusion-attenuated attraction mechanism are incorporated to improve navigation safety
in cluttered environments. A Lyapunov analysis of the smooth controller core further certi-
fies that, for a known (possibly time-varying) cruise velocity compensated by feedforward,
the formation tracking error is uniformly bounded by the initial energy. Finally, multi-seed
numerical simulations verify the proposed framework in standard, ablated, and complex
scenarios. In the hardest alternating-gate scenario, the LLM-assisted variant raises mis-
sion success from 0.000 to 0.100, increases the goal-reaching ratio from 0.025 to 0.125, and
reduces the mean terminal error from 44.738 m to 39.851 m, showing the value of semantic
high-level reconfiguration under tight passage constraints.
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1. Introduction

Unmanned aerial vehicle (UAV) swarms have become a key enabler for missions
that demand wide-area coverage, fault tolerance, and parallel task execution, includ-
ing search and rescue, reconnaissance, environmental monitoring, and infrastructure
inspection [1-3]. A single platform cannot match the spatial reach and redundancy that a
coordinated group provides, which has driven sustained research interest in multi-UAV
cooperative systems.

In recent years, the field has progressed from early distributed flocking models and
self-driven particle systems [4,5] toward mission-capable swarm autonomy in complex
environments. However, real-world deployments introduce a qualitatively harder class of
problems: when a swarm operates in narrow passages, cluttered urban scenes, or dynam-
ically changing task areas, it may need to complete multiple sub-tasks to achieve the final
goal. Satisfying these multi-stage demands goes well beyond what single-stage reactive
swarm designs can offer: the swarm topology must be reconfigured online in response
to corridor geometry, individual-level safety must be maintained throughout structural
transitions, and mission-mode switching must be coordinated through a decision hierar-
chy that purely reactive distributed architectures do not provide. Three interconnected
challenges therefore arise: (i) how to organize a role hierarchy that drives corridor-aware
split-merge reconfiguration; (ii) how to guarantee safe passage through narrow and clut-
tered environments during structural transitions; and (iii) how to incorporate semantic
reasoning without sacrificing geometric and kinematic executability.

Swarm self-organization and structural reconfiguration. Existing studies have inves-
tigated social-learning-based organization [6], finite-time observers [7], informed-agent
mechanisms for preventing splitting [8], experience replay [9], split-merge reconfigura-
tion [10], heuristic strategy [11], bio-inspired fission—fusion control [12], event-triggered
self-organizing control [13], transferable communication modules [14], improved poten-
tial field function [15], “nervous systems” such as self organizing nervous systems [16]
and topology-driven trajectory optimization [17]. These results demonstrate diverse co-
ordination capabilities, yet each method addresses only a subset of the challenges in-
volved in complex multi-stage swarm navigation. Split-merge reconfiguration [10] han-
dles formation-level restructuring in dynamic environments but relies on pre-specified
waypoints and does not use corridor passability as the trigger for structural decisions,
nor does it address mission-mode switching at the task level. Bio-inspired fission—fusion
control [12] achieves dynamic group reassignment through local interaction rules but pro-
vides no mechanism to verify the geometric or kinematic feasibility of structural transi-
tions before executing them in narrow passages. Self-organizing nervous systems [16]
assign specialized roles for distributed aggregation and actuation, but their design tar-
gets open-environment deployments without accounting for UAV kinematic constraints
or dense-obstacle safety during reconfiguration. Topology-driven trajectory optimiza-
tion [17] finds collision-free paths by exploring topological variants but operates on
individual trajectories and does not extend to coordinated multi-agent structural deci-
sions. More broadly, methods addressing formation cohesion [8], event-triggered coor-
dination [13], and heuristic coverage [11] each focus on isolated aspects of swarm coor-
dination in single-stage or simplified task settings. Recent robust event-triggered path-
following studies with output constraints also indicate that update-on-demand control
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and constrained-error transformations can reduce command update frequency while keep-
ing tracking errors within prescribed bounds under disturbances [18]. These ideas are
highly relevant to UAV swarms, but most existing formulations still focus on single-
vehicle path following or fixed formation tracking rather than online split-merge decisions
coupled with local obstacle constraints. Consequently, an architectural logic that unifies
corridor-driven split-merge decisions, role-hierarchy maintenance, safe passage negotia-
tion, and multi-stage mission-mode switching within one closed-loop decision framework
has not been established.

Embodied intelligence for aerial swarms. When embodied intelligence is introduced
into UAV systems, the focus shifts to closing the perception—decision—action loop in the
physical world. Recent studies have reviewed learning-based motion planning and con-
trol from the perspective of embodied intelligence [19] and discussed the transition from
single-agent embodiment to multi-agent embodied AI [20]. In aerial scenarios, representa-
tive works include vision-and-language navigation [21], embodied UAV benchmarks [22],
real-world language-conditioned UAV imitation benchmarks [23], and decentralized rein-
forcement learning for scalable embodied robotic swarms [24]. These works have pushed
aerial embodiment from passive perception toward interactive decision making, and some
of them have started to consider multi-agent scalability. Nevertheless, critical limitations
persist across these directions. Language-and-vision navigation approaches such as Aeri-
alVLN [21] and benchmark platforms [22,23] address the perception-language—action
loop for individual aerial agents but are inherently single-platform approaches, leaving
multi-agent role assignment, topology preservation, and cooperative corridor negotia-
tion outside their scope. Decentralized reinforcement learning for embodied swarms [24]
scales cooperative behavior across multiple agents through learned policies, yet such poli-
cies provide no hard guarantee on geometric safety or structural feasibility when the
swarm must reorganize online in narrow constrained passages. The transition from single-
agent embodied perception to multi-agent embodied swarm control with explicit role hier-
archies and safety-constrained structural evolution therefore remains an open challenge.

LLM-based semantic decision making for swarms. Recently, LLM-based decision
making has opened a new route for high-level autonomy. Language-grounded decision
systems such as SayCan and Inner Monologue [25,26] show that semantic reasoning can
improve task decomposition and planning, and SMART-LLM, MUTP-LLM, and unified
task—spatial UAV decision systems have further explored multi-robot or swarm-oriented
settings [27-29]. In parallel, swarm decision-making studies have investigated distributed
situation awareness [30], information-fusion decision making [31], communication infor-
mation aggregation [32], confrontation strategies [33-36], and pigeon-inspired optimiza-
tion [37]. The above results are encouraging, but a critical gap remains. SayCan [25]
and Inner Monologue [26] ground language in robot affordances and closed-loop feed-
back for single-platform manipulation or navigation but do not manage multi-agent struc-
tural states. SMART-LLM [27] extends language-based task decomposition to multi-robot
teams but assumes stable formation configurations, sidestepping the dynamic structural
transitions required for swarm corridor navigation. MUTP-LLM [28] applies LLM rea-
soning to multi-UAV task allocation but focuses on mission-level assignment rather than
structural transitions; the geometric and kinematic feasibility of split-count selection and
sub-swarm sizing relative to corridor width is left unverified. Classical swarm decision
methods [30-32] handle distributed information processing and situational reasoning ef-
fectively but rely on handcrafted logic or scenario-specific learned policies that do not nat-
urally accommodate semantic flexibility. In either case, the connection between top-layer
semantic decisions and bottom-layer executable swarm control is still weak, and hard geo-
metric, kinematic, and safety constraints are rarely enforced through an explicit feasibility
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projection. This issue becomes particularly significant when complex maneuvers must be
generated online in cluttered environments.

Although the above studies have laid important foundations, they remain frag-
mented across self-organization, embodiment, and semantic decision making. In response
to the above discussions, this paper studies dynamic self-organization and safe navigation
for hierarchical embodied swarms in obstacle-rich environments. The first motivation is
to establish a clear swarm decision hierarchy that can organize leader-subleader-follower
cooperation together with split-merge reconfiguration and task-mode switching. The sec-
ond motivation is to develop a safe navigation mechanism that remains effective when
the swarm passes through narrow and branching passages, encounters concave obstacles,
and must preserve control executability during structural evolution. The third motivation
is to exploit the semantic flexibility of LLMs without giving up rule-level safety and feasi-
bility. To this end, we develop a closed-loop framework that connects corridor perception,
hierarchical decision, rule-constrained LLM assistance, and low-level safe control within
one embodied swarm system.

The main contributions of the paper are as follows:

e  Hierarchical swarm decision architecture and rule-based mode design: A hierarchi-
cal embodied swarm architecture with leader, subleader, and follower roles is estab-
lished, together with a rule-based mode design that organizes corridor negotiation,
split-merge reconfiguration, and task-mode switching in a unified decision loop.

*  Safe navigation mechanism for cluttered environments: A safety-oriented naviga-
tion mechanism is developed, including LiDAR-based obstacle repulsion, occlusion-
aware attraction regulation, and geometric safety projection, so that the swarm can
maintain coordinated motion in narrow and obstacle-dense environments.

* LLM-assisted decision making under rule constraints: An LLM-assisted top-layer
decision interface is introduced to connect semantic reasoning with swarm structural
control. By combining language-guided decision proposals with rule constraints and
feasibility projection, only geometrically and kinematically executable actions are de-
livered to the bottom-layer controller. The multi-seed complex-scenario evaluation
further shows that this semantic layer is most useful when repeated split-merge rea-
soning is required, as in the narrow alternating gate benchmark.

2. Notation and System Modeling
2.1. Notation
To avoid symbol conflicts, the manuscript adopts the following conventions:

e The total number of UAVs is N, and the UAV indices are i,j € {1,...,N}.

*  Continuous time is denoted by t > 0; the high-level decision layer is updated at
discrete epochs indexed by k € N* with sampling step At.

e The number of sub-swarms is S(k), and the partition set is S(k).

e The sth sub-swarm is denoted by S;(k) withs € {1,...,5(k)}.

*  Vectors are boldface: position, velocity, acceleration, and control input are denoted as
p,v,a,and u, respectively.

The core symbols used throughout the paper are summarized in Table 1.
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Table 1. Core symbols.

Symbol Meaning

N Total number of UAVs.

t; k, At Continuous time; discrete decision epoch and sampling step.
pi(t),v;(t),0;(t) Position, velocity, and acceleration of UAV i.

u;, m; Control input and mass of UAV i.

S(k),S(k),Ss(k)  Number of sub-swarms, partition set, and sth sub-swarm.
ls(k), cs(k) Subleader index and local waypoint of sub-swarm s.

Pe Global target point.

ps(k), p(k) Centroid of sub-swarm s and global centroid.

2.2. Hierarchical Organization and State Reporting

The sub-swarm partition at time k is defined as
S(k)
S(k) = {81(k), - Ssy ()}, U Sslk) = {1, . N}, Salk) N Sy(k) = @ (a #b), (1)
s=1

where S; (k) is the member set of sub-swarm s and S(k) is the total number of sub-swarms.
The centroid of sub-swarm s and the global centroid are

_ 1
P = 5 m

N
Y pik), p) = Y pilk), @

i€Ss (k) i=1

where |S; (k)| is the size of sub-swarm s.
The subleader report packet (Pack) is defined by

Ps(k) = {(j, pj(k), vj(k)) | j € Ss(k) }, 3)
where P (k) is the reported state set of sub-swarm s at time k.

2.3. UAV Dynamics

A single UAV follows a damped continuous-time double-integrator model:

pi(t) = vi(t), (4)

— = —cqui(t), ®)

where ¢; = 0.5 is the linear damping coefficient, u; is the control input, and m; is the mass.
By choosing the control input as

u; = m; (ufmd + cdvi) (6)

cmd
1
execution, the model is integrated at a fixed step At.

where a is the desired acceleration, Equation (5) can be transformed to v; = ufmd. For

2.4. LiDAR Perception Model

Each UAV is equipped with a planar LiDAR sensor mounted at the fixed flight height
z = zgx. Let A be the angular resolution and Ry the sensing range. The scan-ray set is

O={6=r—-1)A0|r=1,...,n}, nngAZJ, @)
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which covers [0,277). For control and corridor extraction, the controller uses the fused
distance ring

d; (k) = min 4 (k), r=1,...,n, (8)

0cO U

where dNZ(or) (k) € [0, Rp] is the range returned by obstacle o along ray r. The same fused ring
is used by the high-level corridor detector and the low-level obstacle-avoidance controller.

3. High-Level Dynamic Self-Organization and Decision Making
3.1. Action Sets and Task Modes

The structural and task-level action sets are
Agtr = {split, merge, keep}, Apask = {navigate, encircle}, 9)

where Agy is for sub-swarm reconfiguration and Ay, is for behavioral mode selection.
For sub-swarm S;(k), define target proximity as

5s(k) = mm(dg(k),df(k)), (10)

where
di(k) = ||ps(k) = pglla,  di(k) = llpe, (k) — pgll2. (11)

Here, d<(k) is the centroid-to-goal distance and d’ (k) is the subleader-to-goal distance. A
hysteresis switching rule is used:

encircle, ds(k) < ripn,
Os (k) = navigate, 55 (k) 2 Tout, Tout > Tin- (12)

os(k—1), otherwise,
where 05 (k) is the task mode, while rj, and 7oyt are the entry and exit thresholds.

3.2. Rule-Based Decisions: Split and Merge

Each subleader uses the LiDAR distance ring defined above to extract candidate pass-
able corridors leading to the target. The detailed gap-detection logic follows the local-
minimum pairing strategy in [38]. After path detection, the swarm decides whether to
split into multiple sub-swarms for exploration or merge together. The split feasibility con-
dition is

S(k) =1, nc(k) >2, k- klast > Ted, Hf’(k) - Pg||2 > Tmerge/ (13)

where ki, is the latest structural-change time, Tq is the cooldown duration, 7merge is the
near-goal merge radius, and (k) is the number of feasible paths. The minimum inter-
sub-swarm distance is

A2 (k) = min |4 (8) — 70 2 (14

where a,b € {1,...,5(k) }. The number of near-goal sub-swarms is

nnear(k) = |{5 ‘ ||Ps(k) - Pg||2 < rmerge} ’ (15)
where 7pear (k) counts sub-swarms in the goal neighborhood. Merging is feasible if

nnear(k) >2 or dﬁgrm(k) < dmerge/ (16)
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where derge is the merge-distance threshold.
3.3. LLM Decision and Feasibility Projection
Define rule-feasibility indicators as
1, split feasible, 1, merge feasible,
Hsplit(k) = P . merge(k> = 8 . (17)
0, otherwise, 0, otherwise,
where Ig1i¢(k), Imerge (k) € {0,1}. The LLM input state vector is
- T
2(k) = k, At S(k),nc(k)  wmax(k), wmin(k)  dg (k) (18)
Mnear (k) dgw}galrm (k) Hspli‘t (k) ]Imerge (k) ’
where
1 Sk
57 Z [l ps (k Pg||2r (19)
and wmax (k), Wmin (k) are the maximum and minimum candidate corridor widths.
Let the LLM inference model be Fy and the prompt constructor be P(-). Then,
(a, ?x) = Fg(P(z(k))), & € Astr, (20)

where 4y, is the suggested structural action and 7y is the textual rationale. The LLM trigger
indicator is
1, kzlork—ku Z Tll ’
Lym (k) = _ " " (21)
0, otherwise,
where kjj,, is the previous LLM invocation step and Ty, is the invocation interval. The
candidate action is

(22)

where aiule € Ast is the rule-based action. When the LLM is not available or we decide
to only adopt the rule-based decision, let a; = ai“le. The executed action is obtained by
feasibility projection:

split, ar =split Algppu(k) =1,
a]t = Ifeas (ak/z(k)) = qmerge, 4a; =mergeA Hmerge (k) =1, (23)

keep, otherwise,

where a7 is the feasible executable structural action. If the LLM back end fails (timeout,
empty response, or parsing failure), the system falls back to arule

The LLM module runs on a locally hosted Ollama server, requiring no external net-
work access. Two open-source quantized models are evaluated: qwen2.5:3b (=3 B param-
eters) and qwen3.5:4b (=4 B parameters); models with no more than ~10 B parameters
are preferred to keep median inference latency within one navigation sub-horizon on a
single consumer GPU. The decoding temperature is fixed at T = 0 (greedy decoding) to
produce deterministic structural outputs; the maximum output length is 64 tokens, which
is sufficient for the constrained JSON response. The LLM is queried every Ty, = 50 steps
(5s at At = 0.1s), while the low-level force controller runs at the full 10 Hz rate; a per-call

timeout of 120 s is enforced.
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The prompt P(z(k)) has a fixed three-part structure: (i) a role preamble identifying
the model as a “swarm navigation high-level decision planner”; (ii) three explicit decision
rules linking the state fields {can_split, path_count, avg_goal_distance, can_merge,
near_goal_subswarms} to preferred actions; and (iii) a strict output constraint requiring a
single JSON object {“decision”:..., “reason”:...}. The parser first extracts a JSON block via
regex; on failure, it falls back to a keyword search for split/merge/keep; the default on
any parsing failure is the conservative keep.

4. Low-Level Controller Design
4.1. Reference Trajectory and Attraction Term

In navigation mode, for i € S;(k) with formation index r;, the reference position and
velocity are

p; (k) — pi(k)
lp; (k) = pi(k) |2+ €0

p; (k) = cs(k) +as(k) Afr, vf (k) = vs(k) (24)

where A f;, is the formation-template offset, s (k) is the formation scale, vs(k) is the desired
cruising speed of sub-swarm s, and €, > 0 avoids division by zero.
The attraction term is

fatri = kp (pf - Pi) +ky (’01* - Ui)/ (25)
where kj, ky > 0 are the position and velocity error gains.

4.2. Separation, Cohesion, and Following Coupling

The global separation term is

pi — pi
fsep,i = 2 ksep%r dij = ”Pi - ijZr (26)

]7&1, dij<7Sep 1]

where 75ep is the separation activation radius and ksep > 0 is the separation gain.
The nearest-neighbor intra-sub-swarm attraction is

f - kintra (drm,i - dthr)érm,ir dnn,i > dthr/ (27)
intraj = .
e 0, otherwise,

where dy, ; is the nearest-neighbor distance of UAV i within its sub-swarm, é,y,; is the
corresponding unit direction, and dy,, is the activation threshold.
The follower—subleader coupling term is

fol,i = kgmax(0,d;y — do)éip + key (vg, (1) — vi), (28)

where d;y = [|p; — py, (1) ||2 is the follower—subleader distance, é;y is the corresponding unit
direction, and dy is the following activation threshold.
The centroid cohesion term is

feohi = kcon max(0,dic —dc)éic, dic = ||pi — Psll2, (29)

where d, is the cohesion activation distance and é;. is the unit vector pointing to the sub-
swarm centroid.
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When the segment between UAV 7 and its attraction target—formation slot p, nearest
intra-swarm neighbor py, ;, subleader p, , or sub-swarm centroid ps—crosses an obstacle,
unreduced attraction pulls the UAV toward the wall. A unified occlusion attenuation
factor is therefore applied to all inter-agent and agent-to-target attraction terms:

Ooce, Segment P;g intersects any obstacle,
o(piq) = occ g priq y (30)
1, otherwise,

where 0oec € (0,1) is the occlusion scale (set to 0.2 in practice). Concretely, the hor-
izontal components of f,; are multiplied by o (p;, p7); fintrai PY O(Pi, Prnsi); fioli by
o(pi,pe,); and feoni by o(pi, ps). As shown in Figure 1, this mechanism substantially
reduces wall-collision incidents caused by occluded attraction forces in complex multi-
obstacle environments.

Obstacle Q Agent

Traditional Proposed

Figure 1. Line-of-sight occlusion attenuation. The orange bar denotes an obstacle and the circles
denote agents; the solid arrow marks the attraction force that is actually applied, while the dashed
segment marks the portion of the line of sight crossing the obstacle. In the traditional scheme (left),
the attraction acts at full strength even when the connecting segment is occluded, whereas in the
proposed scheme (right), the occluded attraction component is attenuated according to (30).

The intra-sub-swarm short-range repulsion prevents excessive crowding between
members of the same sub-swarm:
Pi—Pj

f intra,rep,i — Z Kix 71 (31)
JESs (k), dij<dir ij

where d;; is the intra-sub-swarm repulsion radius and kj, > 0 is its gain. Unlike the
global separation term fgp; (which acts on all neighbors), this term is restricted to
same-sub-swarm members with a shorter activation range, maintaining uniform intra-
formation spacing.

A corridor centering term biases each UAV toward the sub-swarm waypoint cs (k)
during navigation, keeping the formation aligned with the center of the passable corridor
rather than drifting sideways:

fpath,i = kpath (CS (k) — pi,xy)r (32)

where kpa, > 0 is the path-center gain.
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4.3. LiDAR-Based Obstacle Repulsion

The obstacle force is computed from the fused LiDAR distance ring. Define the active
local-minimum set

Li(k) ={r|di,(k) <di,o1(k) A dip(k) <di;o1(k) A di(k) <R}, (33)

where R; is the avoidance trigger radius and ©, © denote circular indexing on the ring.
For each r € L;(k), the outward direction is

Eavayir () = [: o Z] . en
Define the repulsive magnitude associated with ray r as
iy (K) = krep max(0, 1l/ildizlil)cz) —1/Ry) (1 thy max(0, Rl,;t— d; (k) > v (35)
+ L, () <dunge} Ke (dsate — dip (k) + 1)° (36)
and the obstacle repulsion force by
fobsi(k) = Y wir(k)éaway,ir(k), 37)

rE[:l‘(k)

where krep > 01is the repulsion gain, k;, > 0 and 7 > 1 adjust the short-range enhancement,
dsafe is the safety distance, k, > 0 is the near-obstacle compensation gain, and I, is the
indicator function. If £;(k) = @, then fyps (k) = 0.

4.4. Safe Navigation Pipeline

The total desired acceleration is

algmd = fatt,i + fsep,i + fpath,i + fintra,i + fintra,rep,i + ffol,i + fcoh,i + fobs,i/ (38)

where the eight terms correspond to attraction, global separation, corridor centering, intra-
swarm cohesion, intra-swarm short-range repulsion, following coupling, centroid cohe-
sion, and obstacle avoidance. The terms fpaih,; and fintra rep,i are active only in navigate
mode and set to 0 in encircle mode.

Before execution, saturation is applied:

d
oo < aZy™, )
where a3 represents the acceleration limits. Constraint handling is therefore layered:

the high-level feasibility projection rejects infeasible split-merge actions, the LIDAR repul-
sion and occlusion attenuation terms regulate obstacle and line-of-sight risk, and accelera-
tion saturation keeps commands actuator-feasible. Decision-layer logic is event-triggered
(LLM interval, split-merge and follower-reassignment cooldowns), while the low-level
safety controller runs at every integration step. Classical Lyapunov analyses establish
boundedness, cohesion, and collision avoidance for the smooth, continuous-time, purely
potential-based sub-class of swarm controllers, e.g., attraction-repulsion aggregation [39]
and potential-field flocking with switching-topology guarantees [40,41]. In the same spirit,
we isolate a fixed-structure nominal core—the conservative part of the force synthesis
plus local velocity damping—and analyze it with a mechanical-energy Lyapunov func-
tion, which yields the following boundedness certificate.
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Theorem 1 (Uniform error boundedness under a known time-varying cruise). Consider
the smooth conservative core of the synthesized controller (38)—its seven differentiable force terms,
with the discontinuous LiDAR repulsion excluded—on a structure-frozen window W = [to, t1),
and suppose the formation cruises rigidly at a common, possibly time-varying velocity vs(t) whose
acceleration vs is known and applied as feedforward. Let e; := p; — p7 () be the formation tracking
error and V the closed-loop mechanical energy (kinetic energy of the error plus the aggregate poten-
tial). Then V is non-increasing, and the formation error is uniformly bounded by its initial value,

llei(H)|l < ka(tO), Vte W, Vi (40)

p

Moreover, if the frozen smooth regime persists, LaSalle’s invariance principle yields asymptotic
convergence: the error velocity satisfies é; — 0, and whenever the desired formation is the isolated
critical point of the aggregate potential reached by the trajectory, the tracking error itself vanishes,
e;(t) — 0 foralli.

The precise smooth-core reduction and the energy argument are given in Appendix B.
At each discrete step, the framework executes the following items:

1. Collect Pack data from each sub-swarm and update high-level state summaries.
Generate structural candidate actions via rules or the LLM, then project to feasible
action aj.

3. Update task mode (navigate/encircle), sub-swarm waypoints, and reference forma-
tions; execute dynamic follower reassignment (see below).

4. Synthesize low-level control terms and apply acceleration saturation.

After a split, some followers may be geometrically far from their assigned subleader,
causing formation dispersion. At each planner update, a dynamic follower reassignment
step evaluates whether any follower should be transferred to a different sub-swarm. For
follower i (subleaders are protected from reassignment), the assignment cost in sub-swarm
sis

¢s(i) = wydyy, + wedic,, (41)

where diy. = ||pi — ps.||2 is the distance to the subleader and d;., = ||p; — ¢s|2 is the
distance to the waypoint, with weights wy, w. > 0. Follower i is moved to sub-swarm s’
if the improvement A = ¢s(i) — ¢ps (i) > Amin. Each update is limited to at most Npax.
transfers, and a per-follower cooldown of T, steps prevents rapid oscillation. The overall
structure of the proposed framework is shown in Figure 2a. The algorithm flow chart is
shown in Figure 2b.

From an implementation perspective, the hierarchy can be deployed through leader—
subleader communication rather than all-to-all exchange: subleaders transmit compact
Pack-level summaries, while followers run the low-level controller using onboard localiza-
tion, velocity estimates, and LiDAR scans. The LLM module is outside the hard real-time
loop; any timeout, invalid output, or infeasible suggestion is replaced by the rule-based
action through feasibility projection, and the saturated acceleration command can be con-
verted to velocity or attitude references for the UAV autopilot.
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Figure 2. Framework architecture and execution flow. (a) Overall structure of the proposed hierar-
chical embodied swarm framework, showing the coupling among corridor perception, the leader—
subleader—follower decision hierarchy, rule-constrained LLM assistance, and the low-level safe con-
troller; (b) algorithm flow chart of the same framework, detailing the per-step execution order from
perception and high-level decision through feasibility projection to low-level control.

5. Simulation and Analysis
5.1. Protocol and Metric Definitions

All simulations use the same simulator and are evaluated over multiple random ini-
tializations. Simulation 1 uses ten random seeds {1,...,10} for each decision variant,
Simulation 2 uses ten seeds {1,...,10} for the controller ablation, and Simulation 3 uses
ten seeds {1,...,10} for each rule/LLM scenario pair. The common setup is N = 20,
At = 0.1 s. Simulations use a total horizon T = 100 s (K = 1000 steps). For every vari-
ant or scenario v, let R, denote its run set with cardinality n, = |R,|, where n, = 10 in
Simulation 1, 1, = 10 in Simulation 2, and n, = 10 in Simulation 3.

For run r € Ry, define the terminal goal error of UAV i as

o = 1) — )

) (42)
lm (K) is the final position of UAV i at step K in run r, and pg) is the goal position
used in run r.

Here, p

The mean and tail terminal errors are

1 N
Er(rru)aan = N 2 el(r)/ Eé(r)) = Percyg ({ei(r)}ili1)/ (43)
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where Percyy () denotes the 90th percentile operator.
Let rsycc be the single-UAV success radius (rsuycc = 8 m). The goal-reaching ratio and
mission success indicator are

R = g R <), Y0 =2(R, > ) m

where 1(+) is the indicator function and Tms = 0.8 is the mission-level threshold.
Define the minimum clearance around obstacles at step k as

r) o . obs, (r)
d '(k)_Jeﬁ??N}é (k), (45)

where d?bs’(r) (k) is the distance from UAV i to the nearest obstacle in run r at step k. Let
dgate denote the configured safety distance. The clearance-pressure ratio and minimum
clearance are

G S = P I A e 40
Runsafe - ﬁ k_zl 1( min( ) < safe)/ clr,min — 1;;{1;111271 min( ) (46)

For trajectory efficiency, the per-UAV path length and its swarm average are

o K=l . . 1N
L= Y p0 - P01, L= L 47)
k=1 z NS

The reported group statistics follow the implementation:

1 1

My = — Z m(r), So = | — Z (m(r) - mv)zz (48)
o reRo o re€Ry

where m(") is any run-level metric, 171, is the group mean, and s, is the population-form

standard deviation.

5.2. Simulation 1: Rule-Based and LLM Decision Comparison

Simulation 1 compares three high-level decision variants: a pure rule-based baseline
(rule), alocal LLM using qwen2.5:3b, and a local LLM using qwen3.5:4b. All 30 Simula-
tion 1 runs were completed successfully. In addition, the recorded field 11m_fallback_used
remained zero across all 20 LLM runs, indicating that no back-end failure triggered a run-
time fallback to the rule policy. Figure 3 shows a representative rule-baseline run.

Table 2 reports the ten-seed results for the standard corridor. All three decision vari-
ants reach Y = 1.000 and Rgoa1 = 1.000. This result supports the main safety claim that
the feasibility-projection operator makes both rule and LLM decisions executable under
the same geometric constraints. The rule baseline gives a slightly lower mean terminal
error (6.126 m) than both LLM variants (6.206 m), but this difference is small relative to the
common mission-level success. The LLM variants instead exhibit a clearer structural ef-
fect: they maintain a larger average number of sub-swarms (1.522 versus 1.456) and more
structural events (38.60 versus 30.80). This indicates that the LLM layer does not merely
reproduce the rule policy; it actively sustains split-merge organization while remaining
inside the feasibility-projected action set. In the standard corridor, where the rule policy
is already highly tuned, the LLM therefore matches the mission outcome while introduc-
ing richer high-level reconfiguration behavior. The aggregated per-metric statistics and
the paired-seed differences underlying this comparison are reported in Figures 4 and 5,
respectively.
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Figure 3. Rule baseline simulation result (seed 1). (a) Top-down UAV trajectories through the cor-
ridor: green dots mark the start positions, red dots the end positions, the yellow star the common
target, the light-blue rectangles the obstacles, and the thin coloured curves the individual UAV paths;
(b) time histories of the minimum clearance (red curve) and the sub-swarm count (blue curve), with
the grey dashed line indicating the 1.5 m safe-distance threshold.

Table 2. Fine-grained results of Simulation 1 (mean =+ std over 10 seeds).

NSW&I‘III Nevent Runsafe I:mean (m)

rule 6.126 £ 0.068  7.057 £0.066 0916 +0.041 1.456=+£0.109 30.80+11.11 0.117£0.025 224.59 £11.68
qwen2.5:3b 6206 £0.050  7.167 £0.090 0.940+0.054  1.522+0.092 38.60 £9.26 0.126 £0.026  228.33 +10.92
qwen3.5:4b 6206 £0.050 7167 £0.090 0.9404+0.054  1.522+0.092 38.60 £9.26 0.126 £0.026  228.33 £10.92

Variant Emean (m) Egp (m) og (m)

Simulation 1: granular metrics (mean * std, 10 seeds)
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Figure 4. Fine-grained metrics for Simulation 1 aggregated over ten seeds. In every panel the bars
from left to right denote the rule baseline, qwen2.5:3b, and qwen3.5:4b, and the error bars denote
one standard deviation across the ten seeds: (a) final goal error; (b) multi-swarm ratio; (c) unsafe-
step ratio; (d) path length.

gwen3.5:4b relative to rule baseline, paired by seed
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Figure 5. Paired-seed differences for Simulation 1. Bars report the percentage change for
qwen3.5:4b relative to the rule baseline for matched seeds.
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5.3. Simulation 2: Validation of the Risk-Control Mechanism

Simulation 2 is designed to validate the risk-control mechanism incorporated into
the proposed navigation controller. In conventional swarm control models, the attraction
between agents or between an agent and its target is typically computed regardless of
whether the line of sight is obstructed by an obstacle. In contrast, the proposed controller
introduces an occlusion attenuation factor in (30), which weakens attraction-related inter-
actions when the connecting segment is blocked by an obstacle. Together with LiDAR-
based obstacle repulsion and the geometric post-update safety projection, this forms the
risk-control mechanism emphasized in this paper. The comparison is performed at the
controller level. In the safety_stack_on setting, the full proposed risk-control controller
is retained. In the safety_stack_off setting, the experimental code weakens the adaptive
motion regulation layers around the same eight-force controller and relaxes the accelera-
tion bounds to a very loose level. The validation proceeds in two complementary levels:
a coarse whole-stack toggle (Table 3) first establishes that the risk-control mechanism as
a whole is effective, and a fine-grained leave-one-out ablation (Table 4) then attributes
the effect to its individual components. The two share the same ten seeds and the same
safety_stack_on run as their common reference, and so the two tables are consistent
rather than alternative views.

Table 3. Fine-grained ablation results of Simulation 2 (mean =+ std over 10 seeds).

Variant

Lmean (m) Path Stretch dclr,min (m) Rynsafe R <0.75 R <0.30

safety_stack_on

safety_stack_off

6.126 +0.068 22459 £11.68 3.459+0.181 0.523+£0.427 0.117+£0.025 0.002+0.002 0.001 £ 0.001
6.201 £0.108 319.19 £60.59 4907 £0.925 0.106 +0.171 0.189 £0.146 0.140£0.142 0.134 +0.140

From Table 3, it can be seen that the two settings give nearly the same terminal error
(6.126 vs. 6.201 m). The main difference appears in the safety—efficiency profile. With
safety_stack_on, the mean path length decreases from 319.19 to 224.59 m, which is a
reduction of about 29.6%, and the path-stretch ratio decreases from 4.907 to 3.459. At
the same time, the across-seed path-length standard deviation drops from 60.59 to 11.68,
which indicates substantially better consistency.

The unsafe-step ratio decreases from 0.189 to 0.117, the near-wall ratio with
dgr < 0.75m decreases from 0.140 to 0.002, and the extremely-close-wall ratio with
dqr < 0.30m drops from 0.134 to nearly zero (specifically, 0.001). Therefore, the risk-
control mechanism yields a tighter, more consistent, and safer passage through the cor-
ridor while maintaining almost the same mission-level accuracy. Figures 6 and 7 show
the same tendency. Compared with safety_stack_off, safety_stack_on is consistently
lower in path stretch, unsafe-step ratio, and near-wall/extremely-close-wall ratios, while
maintaining almost identical terminal error.

The comparison above does not separate the contributions of individual components.
To isolate them, we add a leave-one-out ablation over the same ten seeds (Table 4). The
LiDAR-based repulsion is the primary avoidance term and is kept active throughout (re-
moving it causes degeneration into trivial wall collisions). The two remaining components
are toggled one at a time on top of the full controller: w/o occ. disables the occlusion at-
tenuation (0occ = 1), and w/o acc. bound relaxes the acceleration saturation.

The two components act on distinct failure modes. The acceleration bound domi-
nates efficiency and wall safety: relaxing it more than doubles the path length (224.59 —
484.55 m, with variance £11.68 — £317.02), inflates path stretch from 3.459 to 7.508, and
raises the near-wall ratios R 75 (0.002 — 0.227) and R 39 (0.001 — 0.220)—reproducing
most of the safety_stack_off degradation on its own. The occlusion attenuation has
a smaller, separable effect on moderate-proximity risk: disabling it leaves path length
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and the extremely-close-wall ratios essentially unchanged but raises the unsafe-step ratio

Rynsafe from 0.117 to 0.138. Each component is thus non-redundant.

Start e End Y Target
Safe stack on (seed 1) Safe stack off (seed 1)
10
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Figure 6. Risk-control ablation trajectory comparison (seed 1). (a) safety_stack_on: trajectories
obtained with the full risk-control controller; (b) safety_stack_off: trajectories with the adaptive
risk-control layers weakened and the acceleration bounds relaxed. Green dots mark the start posi-
tions, red dots the end positions, the yellow star the common target, and the light-blue rectangles
the obstacles.

Simulation 2: risk-efficiency profile (10 seeds)
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Figure 7. Risk-efficiency profile for Simulation 2 (ten seeds). Each panel contrasts safety_stack_on
(blue) with safety_stack_off (orange): (a) path stretch; (b) unsafe-step ratio; (c) ratio of steps with
clearance below 0.75m; (d) minimum clearance. In each box the band is the median and the box
spans the interquartile range, the triangle marks the mean, and the dots are the per-seed values.

Table 4. Leave-one-out component ablation of Simulation 2 (mean =+ std over 10 seeds). LiDAR
repulsion is kept active in all rows.

Variant Emean (m) Limean (m) Path Stretch  dj;min (M) Rynsafe R<o7s R<o30
Full safety

ek 6.126+0.068 22459 +11.68 3.459+0.181 0523 +0427 0.11740.025 0.002+0.002 0.001 = 0.001
w/0 occ. 6.177+0.095 223.88+10.65 3.448+0.169 052640430 0.138+0.034 0.00240.002 0.001 %+ 0.001
attenuation

E“O/u ‘;ZCC' 6.184+0.128 48455+317.02 7.508+4.975 026240303 0.280+0290 022740289 0.220 + 0.282

5.4. Simulation 3: Navigation in More Complex Scenarios

Simulation 3 is designed to compare the rule and LLM decisions in more complex
scenarios. Each scenario and decision mode is evaluated over ten random seeds, giving
80 successful Simulation 3 runs in total. All four scenarios share the same swarm initial-
ization (N = 20 UAVs uniformly distributed in [—10,0]> m) and channel outer walls at
y = £10.4m. All runs use the same K = 1000 step horizon as Simulations 1-2. The LLM
variant uses gwen3.5:4b in the same configuration as Simulation 1. The four scenarios
differ in interior obstacle layout and goal placement:

https:/ /doi.org/10.3390/ drones10060453


https://doi.org/10.3390/drones10060453

Drones 2026, 10, 453

17 of 24

* default_corridor: The standard scenario from Simulations 1-2. Two diagonal inte-
rior blockers (x € [5,25], y ~ +5m) and one central separator (x € [32,53], y =~ 0) cre-
ate a two-branch passage; the goal is at (60,0) m. This serves as the reference baseline.

* narrow_alternating_gates: Five single-sided gate walls alternate between upper
and lower halves of the channel at x ~ 12,22, 32,42, and 52 m, each leaving only a sub-
2.4m gap on the opposite side. The swarm must make repeated, correctly directed
split decisions; the goal is at (66,0) m.

* dense_cross_blocks: Eight rectangular blocks are arranged at irregular positions,
forming cross-shaped obstacles at x ~ 15,27,39,51, and 62m along the 65 m chan-
nel. Multiple simultaneous branching choices and frequent split-merge cycles are
required; the goal is at (68,0) m.

* off_axis_goal: Two pairs of symmetric lateral blockers and one central separator
redirect the swarm, and the goal is placed at (70,7.5) m (off the channel axis) to
test goal-directed recovery when the required heading deviates from the corridor
main axis.

To summarize cross-scenario robustness in a single quantity, the following composite
scene score is introduced:

d .
Sscene = 0.4Y + 0.3Rgoa + 0.15(1 — Rypsare) + 0.15 clip(d;’mm, 0, 1>, (49)

S

where Y is the mission success rate, Ry, is the goal-reaching ratio, Rynsafe is the unsafe-
step ratio, and dj; min is the minimum clearance. A larger value of Sscene means better task
completion, better risk control, and a wider clearance margin in the same scenario.

As presented in Table 5, the ten-seed evaluation shows that the LLM decision
layer preserves full mission success in the easier default_corridor and off_axis_goal
cases, matching the rule policy at the mission level while operating through language-
generated high-level decisions. The strongest LLM benefit appears in the hardest
narrow_alternating_gates scenario. Compared with the rule policy, the LLM increases
mission success from 0.000 to 0.100, raises the goal-reaching ratio by 400%, reduces the
mean terminal error by about 11%, and improves the composite scene score from 0.125 to
0.201. In the more cluttered dense_cross_blocks scenario, the rule policy is higher in
mission success (0.600 versus 0.400), but the LLM remains close in terminal error (6.914 m
versus 6.901 m), showing that the feasibility projection prevents semantic decisions from
causing unstable behavior even in dense obstacle layouts. Overall, these ten-seed results
support the role of the LLM as a semantic high-level reconfiguration module that pre-
serves robustness in easy scenes and provides a clear recovery advantage in the most con-
strained alternating-gate case. Representative trajectories for the four scenarios are shown
in Figure 8, and the corresponding scenario-level metric comparison is summarized in
Figure 9.

Table 5. Simulation 3: rule-versus-LLM comparison after alignment to the first 1000 steps (means
over ten seeds).

Scenario Yiate  Yiim RYSS RYY, Ejian ) EQT, (m)  SHE. Sy
default_corridor 1.000 1.000 1.000 1.000 6.126 6.184 0.885 0.880
narrow_alternating_gates 0.000 0.100 0.025 0.125 44.738 39.851 0.125 0.201
dense_cross_blocks 0.600 0.400 0.785 0.755 6.901 6.914 0.649 0.560
off axis_goal 1.000 1.000 0.955 0.950 5.640 5.580 0.872 0.872
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Figure 8. Representative scenario trajectories for Simulation 3. The panels illustrate the rule/LLM
navigation behavior across the complex benchmark scenes without using the compressed multi-run
montage. (a) Default corridor; (b) narrow alternating gates; (c) dense cross blocks; (d) off-axis goal.
In each panel the green dots mark the start positions, the yellow star marks the scenario goal, the
light-blue rectangles are the obstacles, and the thin brown curves are the UAV trajectories.

Simulation 3: rule vs. LLM across scenarios (1000 steps, 10 seeds)
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Figure 9. Scenario-level comparison for Simulation 3 using ten seeds per rule/LLM scenario pair. In
every panel the blue bars denote the rule baseline and the orange bars the qwen3.5:4b LLM policy,
grouped by the four benchmark scenarios: (a) mission success; (b) goal-reached ratio; (c) final goal
error; (d) composite scene score.

6. Conclusions

This paper proposes a hierarchical embodied swarm framework for cooperative
multi-UAV navigation in obstacle-rich environments, integrating corridor-driven struc-
tural decisions, feasibility-projected LLM assistance, and a multi-term force-based safety
controller. Three key results are obtained from numerical simulations with N = 20 UAVs
over K = 1000 steps, including a ten-seed decision-model comparison in Simulation 1
and a ten-seed complex-scenario comparison in Simulation 3. First, in the standard corri-
dor scenario, all three decision variants (rule, qwen2.5:3b, and qwen3.5:4b) achieve 100%
mission success and 100% goal-reaching ratio, confirming that the feasibility projection
preserves correctness regardless of the decision source. Second, the risk-control mecha-
nism reduces the mean path length by 29.6% (from 319.19 m to 224.59 m), cuts the unsafe-
step ratio from 0.189 to 0.117, and reduces the near-wall ratio (dy, < 0.75m) from 0.140
to 0.002 while maintaining nearly identical terminal accuracy. Third, in the complex-
scenario evaluation, the LLM-assisted variant preserves feasibility and mission-level ro-
bustness across all scenarios; it matches the rule policy in the easier scenes, and in the
hardest narrow_alternating_gates case, it raises mission success from 0.000 to 0.100, in-
creases the goal-reaching ratio from 0.025 to 0.125, and reduces mean terminal error from
44.738 m to 39.851 m.

Beyond the empirical evaluation, the smooth conservative core of the controller is
backed by a formal guarantee: Theorem 1 establishes, via a mechanical-energy Lyapunov
function, that under a known (possibly time-varying) cruise velocity whose acceleration
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is supplied as feedforward, the formation tracking error stays uniformly bounded by the
initial energy, with the proof detailed in Appendix B.

This paper investigates the problem of dynamic self-organization and safe navigation
in hierarchical embodied swarms and proposes a hierarchical framework that integrates
passability-driven structural decisions with force-based motion control. By introducing
a feasibility projection operator, both rule-based and LLM-based high-level decisions are
executed under unified hard safety constraints. The multi-seed simulations show that in
simple scenarios, the LLM-based path preserves the same coarse mission reliability as the
rule path; in challenging scenarios, it supplies a feasible semantic reconfiguration mech-
anism that improves recovery-related indicators under the most constrained gate layout.
The proposed risk-control mechanism enhances passage safety and trajectory quality, pre-
venting overly aggressive decisions from the LLM. Future work will focus on two aspects.
First, more robust split-merge triggering mechanisms will be developed and terminal con-
vergence will be improved. Second, a small-scale multi-quadrotor platform will be used
to validate the proposed framework under real-world sensing, communication, and ac-
tuation uncertainties, with a focus on split-merge triggering, corridor negotiation, and
robustness. In addition, event-triggered low-level path-following control with explicit
output constraints will be investigated to further reduce control updates and strengthen
formal safety guarantees during narrow-passage flight.
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Appendix A. Three-Dimensional Perspective Views of Simulation 1

To improve the readability of the standard-corridor experiment without changing
the underlying evaluation protocol, Figure Al provides two representative perspective
renderings from the same planar simulation log used in Simulation 1 (qwen3.5:4b, seed 1).
The UAVs are shown at the simulated fixed flight altitude of z = 10m.
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Figure Al. Perspective visualization of two representative stages in Simulation 1. (a): the swarm
negotiates the split corridor while maintaining two branches. (b): after passing the central separator,
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the sub-swarms begin to regroup toward the common goal. The blue arrows denote the individual
UAVs and their instantaneous heading directions, the yellow star marks the common goal, and the
light-grey slabs are the corridor walls and obstacles. This figure is generated from the same planar
simulation data analyzed in the main text and is included only to improve scene interpretability.

Appendix B. Lyapunov Error-Boundedness Analysis of the Smooth
Controller Core

This appendix proves that, within a frozen-structure smooth window W = [t, 1),
the conservative core of the controller (38) is energy-dissipating and keeps the formation
error uniformly bounded by the initial energy while the formation cruises at a known,
possibly time-varying velocity, the known cruise acceleration being compensated by feed-
forward. Of the eight force terms, the first seven form this smooth core; the eighth, the
LiDAR repulsion f,;, is discontinuous and is set aside from the outset, together with
occlusion attenuation, saturation, and split-merge switching. The result is thus a bound-
edness (safety) certificate, not a proof of global convergence to p,. Throughout, ¢ is con-
; and the remaining symbols follow

tinuous time on W; i,j index UAVs, d;; := ||p; — p;
the main text. The four reductions below render the closed loop analytically tractable—
outside such a window, several terms are non-differentiable, and no smooth energy func-

tion exists. With exact model knowledge, the inverse model u; = m; (ufmd + c4v;) cancels
the plant damping exactly (a; = a$™9), and so the closed loop reduces to the double
integrator:

pi = vj, 0; = afmd. (A1)

We analyze a single scenario: the formation translates rigidly at a common, possibly
time-varying cruise velocity vs(t), such that the slot moves as p}(t) = p}(to) + |, ti) vs(T)dT
with reference velocity v} = vs(t), and the cruise acceleration v(t) is known. Define the
formation error e; := p; — p(t) and, consequently, the error velocity é; := v; — vs. The
position feedback restores e;, the velocity feedback damps é;, and the known v; is supplied
to every agent as acceleration feedforward.

Potential construction. Under these conditions, the nominal core is described by a
nonnegative C! potential on W. Let Eep and &;; denote the fixed active unordered pair
sets for global separation and intra-sub-swarm repulsion, and define

_ . .
Vo(p) = % pi = P11+ 1 52 iy — s + Vo
1

i

Vatt Vpath
r d. (A2)
+ Z ksep log ;ep + Z kir logf,
(i,f)€Esep U (ij)ey ij
Veep Vir

where Vaux > 0 collects any restoring intra-swarm/follower/cohesion components imple-
mented in fixed-reference or symmetrized conservative form. The logarithmic primitives
are dictated by the implemented radial repulsion k(p; — p;)/ dlz].: writing k > 0 for the
corresponding gain (ksep or ki;) and R for the corresponding radius (7sep or dir), on each

R pi—pj
—V,| klog— | =k .
Pz( 0og d1/> d12]

cmd
i
damps the error velocity é;, and the known cruise acceleration v, enters as feedforward;

active set,

By construction, the entire position part of ai™“ equals —V, Vp, the velocity feedback

thus, the nominal smooth core reads
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ai™ = g% .= —V,,.V, — D;(v; — vs) + s,

ko1, i subleader, T (A3)
Di = Di = Di =0,
(ky + k)1, i follower,

where D; is the positive-definite local damping matrix; the common cruise cancels in the
follower coupling k¢, (vy, — v;) = kg, (éy, — é;), which is therefore unaffected.

Formation-error boundedness. Because all slots share the cruise velocity v;, the
inter-slot offsets are constant, and so \7,, is a time-invariant function of e = (e;) with
Vatt = Y kj” Hei||2. Differentiating the error e; twice along (Al) and recalling é; = v; — v
gives the error acceleration

é =0 —vs = a$™ — g, (A4)

Substituting the command (A3), the feedforward +vs cancels the reference acceleration
—7vs exactly, leaving the error dynamics

é=—V,, Vp — D;é;, (A5)

which is identical to the static (non-cruising) loop: the moving-formation problem is
reduced to the fixed-formation problem with no residual drive. Take the mechanical-
energy candidate V = 1 Yilleil® + V,(e), bounded below and radially unbounded in e
through V.

Proof of Theorem 1. By differentiating V = 1 ,||¢; 12+ 17p(e) along (A5) and noting that
the potential-gradient and kinetic cross terms cancel because the feedforward removed
the drive, we can obtain

V=Y¢'é+Y (VeVy)Tei=—Y ¢/ Die; <0, (A6)
i i i

the last inequality by D; > 0. Hence, V is non-increasing, and so V(t) < V() on W.
Since Vp > Var =Y k7p||ei||2 and %ZiHéin > 0, for each i,

k .

Llei(t)2 < V(1) < Vi), e,

2V (¢t .
le:(D)]| < % VieW, Vi, (A7)
p
which is the bound (40) asserted in Theorem 1. Both the error position e; and the error
velocity é; = v; — vs are therefore bounded forallt € W. O

Corollary A1 (Velocity and nominal error convergence via LaSalle). Because the feedfor-
ward renders the error loop (A5) autonomous and V is non-increasing with compact, posi-
tively invariant sublevel sets, LaSalle’s invariance principle applies whenever the frozen smooth
regime persists (t; — o0): every trajectory converges to the largest invariant set contained in
{V =0} = {¢ = 0, Vi}. On this set, ¢; = 0 forces é; = 0; hence, V,,V, = 0, and so the
invariant set is

M={(ee): e=0, V.V,(e) =0}. (A8)

Consequently, the error velocity converges to zero, é; — 0, and the configuration converges
to the set of critical points of Vp (force equilibria where attraction balances the active separa-
tion/repulsion/cohesion/centering terms). In the nominal frozen smooth window, if the desired
formation is the isolated critical point of Vp inside the invariant sublevel set reached by the trajec-

https:/ /doi.org/10.3390/ drones10060453


https://doi.org/10.3390/drones10060453

Drones 2026, 10, 453 22 of 24

tory, then M = {(0,0)} locally and LaSalle’s invariance principle further yields e;(t) — 0 for
all i.

Appendix C. Simulation Parameter Summary

Table A1l consolidates the key parameter values used in all simulations, organized
by functional category. Force gains were co-tuned so that formation tracking converges
stably at the nominal simulation speed while inter-agent spacing is maintained above d,¢.
under LiDAR repulsion. The split-merge cooldown T,y = 10s prevents rapid oscillation
between structural states. The follower reassignment improvement threshold Apin = 2m
requires a clear geometric benefit before triggering a transfer.

Table Al. Key simulation parameters grouped by functional category.

Parameter Value Description

Dynamics and sensing

N, At 20,0.1s Swarm size; integration step

m; 5kg UAV mass

Rr, Ry 20m, 14m LiDAR range; repulsion trigger radius

A6 1° LiDAR angular resolution (15 = 360 rays)

ai{}f" 2.6m/s? Acceleration saturation

Force-synthesis gains

kp, ko 0.7,0.8 Attraction position/velocity gains

krep, ke 9.0,48.0 LiDAR repulsion base gain; emergency gain

ky, v 09,1.2 Short-range boost factor and exponent

ksep, kintra, kir 1.1,1.8,1.6 Separation; intra-swarm cohesion; intra-swarm repulsion gains
kpatns ke, ko 0.75,1.6,0.7  Corridor centering; follower—subleader coupling gains
keoh 0.9 Centroid cohesion gain

dsater Toce 1.5m,0.2 Safety distance; occlusion attenuation factor
High-level structural decisions

Teq 10s Split-merge cooldown

Tin, Tout 8m,11m Encircle enter/exit thresholds

Tmerge, dmerge 12m, 8m Near-goal and inter-swarm merge thresholds
Follower reassignment

Wy, We 1.0,0.5 Subleader- and waypoint-distance cost weights

Amin, Tra 2.0m,2s Minimum improvement threshold; per-follower cooldown
Npax. 3 Maximum number of transfers per planner update
LLM interface

Tiim 50 steps (5s)  LLM invocation interval

Decoding temperature 0 (greedy) Deterministic LLM decoding setting

Max tokens 64 Maximum output length

Timeout 120s Per-call inference timeout
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