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Abstract—The integration of high-level semantic planning with
low-level physical constraints remains a critical challenge for
UAV swarm formation. While Large Language Models (LLMs)
demonstrate proficiency in task reasoning, their inherent non-
determinism and inference latency impede their utilisation in
safety-critical systems. To address this issue, we propose Hier-
archical Neuro-Semantic Control (HNSC), an architecture that
achieves non-authoritative semantic planning with conditional
hard safety via HO-CBF-QP filtering when the QP remains fea-
sible. At the semantic layer, a contract-based logical framework
constrains ambiguous intentions into verifiable command sets.
At the Translation layer, a robust High-Order Control Barrier
Function (HO-CBF), coordinated with a Reference Governor,
performs real-time safety filtering under measurement uncertain-
ties. Moreover, the system incorporates a deadlock monitor that
triggers strategy reconstruction when the swarm encounters local
minima. Experiments on the gym—-pybullet-drones platform
show that, in a challenging narrow-gap traversal task, HNSC
achieves a 95.4% success rate and reduces the deadlock rate from
41.0% to 1.8% compared with open-loop LLM baselines. Col-
lision events are significantly reduced by HO-CBF-QP filtering
during feasible QP execution, while sampled distance statistics
remain close to the execution boundary under discrete-time
reporting. Overall, the proposed architecture improves swarm
adaptability and interpretability while providing conditional
hard-safety guarantees through HO-CBF-QP filtering.

Index Terms—Large Language Models; UAV Swarm; Forma-
tion Control; High-Order Control Barrier Functions; Quadratic
Programming; Robust Safety

I. INTRODUCTION

Multi-UAV swarms show strong potential in missions such
as search and rescue [1]-[3], but their deployment remains
limited by a key mismatch: high-level tasks are semantic and
ambiguous, whereas low-level execution must satisfy strict
geometric safety constraints.

Classical formation control [4] and collision avoidance
methods [5] provide rigorous coordination mechanisms, yet
lack the semantic grounding needed for natural-language task
specification. In contrast, LLMs exhibit strong capabilities
in zero-shot planning [6]-[8] and embodied reasoning [9],
[10], but their non-determinism, hallucinations, and inference
latency [11] make them unsuitable as authoritative compo-

2 Jie Sun

Shenyang Aerospace University
School of Computer Science
Shenyang, China
sunjie8742 @stu.sau.edu.cn

nents in safety-critical control. Meanwhile, Control Barrier
Functions (CBFs) [12]-[14], including High-Order CBFs [15],
measurement-robust variants [16], [17], and Reference Gov-
ernors [18], [19], can enforce safety constraints, but simply
cascading them with an LLM is insufficient: open-loop se-
mantic plans may still conflict with environmental geometry
and trap the swarm in safe but non-progressing local minima.

To address this gap, we propose HNSC, following the
principle of decoupling non-authoritative semantic reasoning
from execution, where a robust HO-CBF-QP filter enforces
conditional hard safety as long as the QP remains feasible.
HNSC constrains LLM outputs through a contract-based in-
terface [20], enforces hard safety with a robust HO-CBF-
QP filter, and closes the loop with deadlock monitoring that
triggers semantic strategy reconstruction when progress stalls.
We evaluate the framework on gym-pybullet-drones
[21], [22] and show that this closed-loop design substantially
improves reachability in strongly constrained environments
while preserving safety.

The main contributions are:

e We propose a hierarchical asynchronous semantic-
execution closed-loop architecture for UAV swarms, cou-
pling LLM-based planning with hard safety constraints in
a composable manner.

« We design a contract-based semantic planner and struc-
tured interface for verifiable LLM outputs, improving
interpretability and execution reliability.

« We develop a measurement-robust HO-CBF with a Ref-
erence Governor to transform high-relative-degree safety
constraints into QP-solvable inequalities for real-time
“hard-safety/soft-performance” filtering.

« We introduce a deadlock monitor with signal-triggered
strategy reconstruction, enabling recovery from safe-but-
stuck local minima in strongly constrained environments.

II. RELATED WORK

Multi-UAV formation and consensus control provide scal-
able coordination primitives, but dense obstacles require ex-
plicit handling of collision and input constraints. CBF-QP
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Fig. 1: Overview of HNSC: hierarchical asynchronous neuro-semantic closed loop.

safety filters and safety certificates enforce forward-invariant
safe sets for multi-robot collision avoidance. High relative-
degree constraints in quadrotors motivate HO-/exponential
CBFs, and measurement-robust formulations address sensing
errors and disturbances. LLM-based robot planning improves
semantic reasoning, but prior approaches typically lack verifi-
able hard safety guarantees for coupled multi-UAV constraints.
We leverage contract-based design to bound and verify seman-
tic outputs before execution.

III. METHODOLOGY
A. Preliminaries and Problem Formulation

We consider a hierarchical closed-loop architecture that
reconciles non-deterministic LLM planning with hard physical
constraints in UAV swarms.

a) Cascaded Dynamics: To balance modeling fidelity
and real-time optimization, the outer loop models the ¢-th UAV
as a disturbed double integrator:

Pi =V, Vi=uw+Ww; (D

where p;,v; € R3 denote position and velocity, u; € R? is
the nominal outer-loop acceleration, and w; € W is a bounded
disturbance capturing unmodeled dynamics, aerodynamic ef-
fects, parameter uncertainty, and inner-loop tracking error.

To ensure dynamic feasibility, the control input is restricted
to the achievable acceleration set:

w €U, = {u ER3: [lull < umax} 2)

where upm, is determined by the platform thrust and tilt limits.

b) Safety Set and Robust Sensing: We define the global
safe set using the minimum separation threshold d,;, for both
inter-UAV and UAV-obstacle interactions. For any UAV pair

(i,4), let

hij(x) := [|pi — P;|I> — diin A3)
and for any static obstacle Oy, define
hopPs (p;) = dist(ps, Op)? — d2,. 4)

The nominal safe set is then
S = {x| hy(x) >0, V(i, ),

and h$P*(p;) >0, V(i,k)}. ©)

Thus, safety requires both inter-agent and UAV-obstacle dis-
tances to remain no smaller than d,,, which later yields non-
relaxable HO-CBF constraints in the QP.

To account for perception and communication uncertainty,
we assume bounded disturbance and bounded state-estimation
error: Assumption 1: ||w;|] < @ for all ¢ and all time.
Assumption 2:

pi=p;+el, vi=v,+e] (6)
with [le?|| < e, and ||e?|| < €,. For pairwise safety analysis,
the bounds 0, €, €, used below are understood as conservative
worst-case bounds after relative aggregation, i.e., on ||w;;||,
le7 — €7l and |le} — ej].

Based on these bounds, we define a conservative robust safe
domain by shrinking S via the Minkowski difference:

S™ = S o B(0,6), (7)

where § upper-bounds the worst-case deviation caused by
estimation error and delay-induced drift. Equivalently, the
implementation enforces

||f)z - pj H 2 dmin + 57 dlSt(f)“ Ok) 2 dmin + d. (8)

Accordingly, we define the execution-layer hard safety thresh-
old

dsafe := dmin + 6. )
In practice, we choose
0 = €p + VUmaxT,

(10)

where 7 is the worst-case sensing/communication delay and
Umax 1S a known velocity bound. In experiments, dpyi, =
0.30m, and d,g is computed from (10).



B. Hierarchical Neuro-Semantic Control Framework

As shown in Fig. 1, HNSC adopts an asynchronous
semantic-execution dual-loop architecture that decouples high-
level intent reasoning from low-level safety projection, thereby
preserving safe degradation when the semantic layer fails.

a) Formalized Semantic Planner via LLM: The semantic

layer outputs structured waypoint plans instead of free-form
text. At each semantic update, the LLM maps the observation
o,—including active UAV IDs, role assignments, mission
progress, and anomaly flags &; (e.g., STUCK/BLOCKED)—to
a JSON waypoint plan II;. The plan contains reasoning,
waypoints, and optional new_roles, where waypoints
assigns each active UAV a current 3D waypoint g; (or the first
element of a short verified sequence) over the next planning
horizon. This makes the semantic layer non-authoritative: its
output is executed only after deterministic verification and
feasibility checking.
Semantic Output Contract. A semantic output is accepted
only if it: (i) is valid JSON with required fields; (ii) as-
signs exactly one current waypoint to each active UAV with
consistent IDs; (iii) keeps all waypoints within workspace
bounds [—4.5,4.5]2 x [0.3,3.0]; (iv) places all waypoints in
free space, i.e., outside static obstacles and their planning-
time inflated geometry; and (v) satisfies the semantic-level
separation constraint ||g; — g;|| > dmin for all i # j.
Otherwise, it is rejected by the verification gate. The semantic
contract uses the nominal threshold d,,;, for coarse plan
screening, while the Translation layer enforces the tightened
hard threshold dgfe = dmin + ¢ during execution.

b) Asynchronous Bridge and Verification Gate: To iso-
late LLM inference latency from the control loop, the frame-
work introduces a feasibility probe, asynchronous degradation,
and strategy hysteresis. Given a candidate plan, a nominal
reference u™ toward g; is constructed and checked by a
one-step QP feasibility test under input bounds and current
hard HO-CBF constraints; infeasible plans are rejected and
replaced by a fallback strategy. If the semantic layer times
out or violates the contract, the Translation layer retains the
last verified strategy and falls back to a deterministic backup
planner. To avoid oscillatory switching, a new semantic plan
is accepted only when the elapsed time since the last update
exceeds the hysteresis threshold Tys.

C. Unified Safety via Robust High-Order CBF-QP

To enforce hard safety under relative-degree-2 collision
constraints with estimation errors and disturbances, we adopt
a robust HO-CBF formulation at the Translation layer.

a) Measurement-Robust High-Order CBF Formulation:
For any UAV pair (4, j), define

hij(P) = ||pi — P;j||* — dige (11)

with safety requirement h;; > 0, where dgufe = dmin + 9 is
defined in (10). For a static obstacle Oy, the same construction
is applied to the distance function h% (p;) = dist(ps, Ox)? —
d: c.; below we write the UAV-UAV case explicitly, while the
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obstacle case is specialized with zero obstacle velocity and
acceleration.

Under (1), let p;; = Ps — Pj, Vij = Vi —Vj, Uy = W; — Uy,
and w;; = w; — w;. Then

hij = 2p;;vi;

. (12)
hij = 2V;|;Vij + 2p;|;(ll” + Wij)
and the second-order HO-CBF condition is
hij + kihij + kohij > =Dy, ko k1 >0 (13)

where ko, k1 are chosen such that A% + ki A + ko is Hurwitz.
Substituting (12) into (13) yields the affine control constraint

T R
2p;ju; > bij — Ay (14)
where A;; upper-bounds the effect of bounded disturbances
and estimation errors. In implementation, we use

Agj = 2[|pijl|w + 2[|vij ey

. . . (15)
+ k1 (2[Pijllen + 2[Vijllep) + ko (2]Pijllep)

which is evaluated online (or conservatively pre-bounded)
using w, €, €,. The tightened term is

bij = =29, %i; — k1 (20%45) — ko (I1Dss]|* — d2e) (16)

so that (14) can be directly incorporated into the QP as a
tightened safety constraint.

b) Soft-Performance QP: At 50 Hz, the Translation layer
projects the semantic reference u™ onto the set satisfying hard
HO-CBF safety constraints and input bounds. Slack is intro-
duced only for performance terms, while safety constraints
remain non-relaxable. Let u = [u],...,u}] . Stacking (14)
yields Acpe(x)u > bepe(x), and performance inequalities are
written as Apers(X)u > bperf(x) — s, s > 0. The QP is

min
S.t. Acbf(x)u > bcbf(x)
Apert‘(x)u Z bperf(x) — 8
s>0

”ul”oo é Umax

[ — w2, + A s]l3
(17

Vie V.

Proposition 1 (Conditional Safety): If initially h;; (x(O)) >
0 for all UAV pairs (4,5) and h$P*(p;(0)) > 0 for all
UAV-obstacle pairs (i, k), and the QP remains feasible while
enforcing the hard HO-CBF constraints at all times, then
the HO-CBF safe set is forward invariant during feasible
QP execution. The UAV-obstacle case follows analogously
through the specialized static-obstacle distance function.

If the QP times out or becomes infeasible, the controller
switches to the safety reflex

u; = sat,_ (—kbvi + ufpel> (18)

where u™ is a small repulsive term based on nearest-
neighbor or obstacle direction. This mode prioritizes risk
mitigation rather than task optimality.



D. Deadlock Resolution and Decentralized Contingency

Because local QP-based methods can stall in complex
geometric constraints, the system may enter local minima or
deadlock states. We therefore introduce a progress-based mon-
itor and a decentralized contingency mechanism to preserve
survivability when progress stagnates or the semantic layer
fails.

For each agent, task progress is measured by the distance to
its semantic target, 7;(t) = ||p;(t) — g;||. Deadlock is detected
when

D; = {ni(t - Tsluck) - ni(t) < 6prog}ﬂ{”ViH < 'Uthresh} (19)

holds for longer than Tgyck. In that case, the anomaly flag éi
is set to STUCK or BLOCKED and fed back to the semantic
layer for strategy reconstruction. To avoid oscillatory updates,
a cooling interval 1., is enforced between consecutive strat-
egy changes.

If the semantic layer becomes unavailable due to com-
munication loss or repeated replanning failure, the system
enters a “Best-Effort Hazard Mitigation” mode that prioritizes
safety over task optimality. Specifically, it applies coordinated
braking uP™¢ = —f,v;, adds a local repulsive term u™ to
increase inter-agent spacing, and performs conditional landing
or hover when locally safe.

E. Overall Asynchronous Control Loop

The system uses a tri-rate asynchronous architecture to
isolate LLM latency from flight-control timing: the semantic
layer updates at f; ~ 1Hz, the Translation layer performs
monitoring and safety projection at f; ~ 50 Hz, and the exe-
cution layer tracks thrust/attitude commands at f. ~ 200 Hz.

At each Translation-layer step, the controller updates state
estimates, checks deadlock flags, accepts a new semantic plan
only if it passes contract and feasibility checks, and then
applies the Reference Governor and HO-CBF-QP projection
before sending commands to the inner loop.

IV. EXPERIMENTS AND RESULTS

We evaluate HNSC on gym-pybullet-drones to as-
sess its reliability and adaptability in strongly constrained
environments. Although we focus on a representative narrow-
gap scenario, the goal is to validate the proposed closed-
loop mechanism rather than optimize a scenario-specific plan-
ner. The evaluation targets three aspects: hard safety, task
reachability under tight geometric constraints, and deadlock
resolution in safe-but-stuck situations.

A. Experimental Setup

Simulator and control rates: We use gym-pybullet-drones
[21] with the PyBullet physics engine [22]. The system
runs in a tri-rate asynchronous loop: semantic planning at
fs = 1 Hz, Translation-layer monitoring and safety projection
at f; ~ 50Hz, and low-level execution at f. =~ 200 Hz.

Scenario: Narrow Gap. The main scenario requires N = 3
UAVs to move from the start region to the goal region through
a 0.8 m-wide doorway. This setting creates a narrow feasible

domain in which local-optimal control and coupled collision
avoidance easily induce stagnation, making it a representative
stress test for deadlock detection and strategy reconstruction.

Safety constraints. The nominal minimum separation is
set to dpin = 0.30m for both inter-UAV and UAV-obstacle
interactions. The Translation-layer HO-CBF-QP enforces the
conservative hard threshold dgf. = dmin + 0, with § defined
in (10), and treats HO-CBF inequalities as non-relaxable con-
straints; slack is introduced only for performance terms. Col-
lision Rate is computed from physics-engine contact events,
whereas reported minimum distances are sampled diagnostics
from discretely logged simulator states. In all experiments,
ep = 0.01m, Umax = 1.0m/s, and 7 = 0.04s.

Deadlock and semantic planning. Deadlock is detected
by the sliding-window progress criterion in (19) and triggers
event-driven replanning. The semantic planner runs asyn-
chronously with a low-temperature LLM setting to reduce
output variance.

Baselines:

All methods share the same low-level execution stack; when
enabled, the same Translation-layer HO-CBF-QP is used for
fair comparison.

« Baseline 1: Local Reactive (No-LLM + No CBF-QP).
Local reactive APF control, without semantic planning or
hard safety filtering.

« Baseline 2: Open-loop LLM (with CBF-QP). One-
shot LLM strategy with HO-CBF-QP, but without state-
triggered closed-loop replanning.

« Baseline 3: Classical Planner + Tracking (No-LLM)
with CBF-QP. Geometry-aware A* + spline tracking
with HO-CBF-QP, but without semantic reasoning.

« HNSC (Ours). Full semantic-physical closed loop with
contract verification, robust HO-CBF-QP, and deadlock-
triggered replanning.

B. Quantitative Performance Comparison

We evaluate task completion and safety over 72 trials (mean
+ std). Success Rate, Collision Rate, and Safe Deadlock
Rate quantify task outcome; dJ4Y and d%  are sampled near-
boundary diagnostics only, because hard safety is enforced
at dgafe = dpin + 0 in the S0Hz Translation loop whereas
collisions are counted from physics-engine contact events.

Table I separates two effects: HO-CBF-QP mainly sup-
presses collisions (79.8% for Baseline 1 versus 3.2%/3.0%
for Baselines 2/3), whereas semantic closed-loop replan-
ning mainly reduces safe deadlock and improves reachability
(41.0% for Baseline 2 versus 1.8% for HNSC). HNSC there-
fore improves success by escaping geometry-induced local
minima rather than by relaxing safety margins.

Because hard safety is enforced at S0 Hz from estimated
states while reported minima are computed from discretely
logged simulator states and contact-distance queries, sampled
minima may occasionally approach or slightly fall below
dmin Without contact; we therefore treat Collision Rate as
the primary safety indicator and use sampled minima only
as boundary-tight diagnostics.



TABLE I: Performance on Narrow Gap

Method Success Rate 1 Collision Rate | Deadlock Rate | dU (m) 1 do% (m) 1
Baseline 1 15.3% + 4.2% 79.8% +4.7% 4.9% 4+ 2.5% 0.08 £0.12 0.05 £ 0.09
Baseline 2 55.6% + 5.8% 3.2% +2.1% 41.0% + 5.8% 0.31 £0.04 0.29 £ 0.05
Baseline 3 78.0% + 4.9% 3.0% £ 2.0% 19.0% + 4.6% 0.32 £0.03 0.31 £0.04
Ours 95.4% + 2.4% 2.8% +1.9% 1.8% + 1.6% 0.33 +0.03 0.32 +0.04

TABLE II: Ablation Study

Variant Success Rate 1 Collision Rate | Deadlock Rate | dgﬁqv (m) 1 d;’r}’ii (m) T A Success T
HNSC Full 95.4% 2.8% 1.8% 0.33 0.32 —
w/o Semantic Closed-Loop 55.8% 3.2% 41.0% 0.31 0.29 -39.6%
w/o Deadlock Monitor 71.5% 3.0% 25.5% 0.32 0.30 -23.9%
w/o HO-CBF-QP 74.3% 19.7% 6.0% 0.12 0.09 21.1%
w/o Contract Verify 85.2% 3.5% 11.3% 0.30 0.28 -10.2%
w/o Safety Reflex 89.8% 4.5% 5.7% 0.29 0.27 -5.6%

TABLE III: Safety Metrics by Mission Phase
Mission Phase Duration dgﬁv (m) dﬁﬁi (m) CBF Active (%)
Takeoff & Formation 0-5s 0.45 + 0.08 N/A 12.3%
Approach 5-12s 0.38 £0.05 0.41 £0.06 35.7%
Narrow Gap Transit 12-18s 0.33 +0.03 0.32 1+ 0.04 78.4%
Exit & Recovery 18-25s 0.42 4+ 0.06 0.48 +0.07 18.2%
TABLE IV: Computational Performance Analysis

Component Mean Time (ms) Max Time (ms) Frequency
State Estimation 0.3 0.8 50 Hz
Deadlock Monitor 0.1 0.3 50 Hz
Reference Governor 0.5 1.2 50 Hz
HO-CBF-QP Solving 2.1 8.5 50 Hz
LLM Inference 950 1800 ~1 Hz

Table II shows a functional separation: the semantic closed
loop is most critical for reachability and deadlock recovery
(55.8% success and 41.0% deadlock without it), whereas
HO-CBF-QP is the primary hard-safety mechanism (19.7%
collision and 0.12/0.09 m minima without it). The deadlock
monitor, contract verification, and safety reflex further improve
robustness by enabling timely replanning and filtering aggres-
sive plans.

Phase-wise statistics in Table III show that the narrow-
gap transit phase is the most safety-critical segment, with the
smallest sampled distances and the highest CBF activation rate
(78.4%). Computational results in Table IV indicate that HO-
CBF-QP solving remains compatible with the 50 Hz Transla-
tion loop (2.1 ms mean, 8.5 ms max), while LLM inference
operates asynchronously at approximately 1 Hz.

C. Deadlock Resolution in Narrow Gap Traversal

To illustrate the interplay between physical constraints and
semantic adaptation, we present a representative “deadlock in
front of door” case. Fig. 2 visualizes the evolution process in
simulation.

Phase I — Saturation (T = 10-14 s): The swarm approaches
the narrow doorway in a triangular formation. As the UAVs
enter the constrained region, goal attraction and collision
avoidance become conflicting, shrinking the feasible set for

(a) Initial Approach (T=10s) (b) Deadlock State (T=14s)
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Fig. 2: Snapshot sequence of narrow gap traversal demonstrat-

ing deadlock detection and semantic replanning.

(a) Initial triangle formation approaching the gap. (b) Deadlock state:
opposing forces cause velocity saturation. (c) LLM-triggered forma-
tion reconstruction to column. (d) Successful traversal maintaining
safety distances.



motion. Consequently, the CBF-QP increasingly modifies the
semantic reference to satisfy the HO-CBF constraints, and
the swarm exhibits near-zero velocities with small-amplitude
oscillations around the doorway.

Phase II — Triggering (T = 14-15 s): The deadlock monitor
detects insufficient progress and low speed, satisfying Equa-
tion 19. After persisting for Tk = 35S, the system raises
the STUCK flag and triggers semantic replanning. Notably,
conditional hard safety is preserved throughout the detection
interval as long as the HO-CBF-QP remains feasible and the
hard constraints are enforced at each control step.

Phase III — Adaptation (T = 15-22 s): Upon receiving the
deadlock flag and the current formation state, the semantic
layer attributes the stagnation to a formation—passage mis-
match and outputs a revised strategy (e.g., switching to a
single-file/column formation with a sequential passage order).
The Reference Governor validates the candidate plan via a
one-step QP feasibility test under input bounds and current
hard HO-CBF constraints, and the Translation layer executes
the transformation while the HO-CBF-QP maintains safety. In
this case, inter-UAV distances remain above 0.33 m during the
maneuver.

Table III reports phase-wise safety statistics. The narrow-
gap transit segment exhibits the highest CBF activation
rate (78.4%), indicating the most severe constraint stress,
while collision events remain rare and the sampled minimum
distances stay close to the execution boundary (with the
Translation-layer HO-CBF-QP enforcing dge = dpin + 9)-

V. CONCLUSION

This paper proposes HNSC, a hierarchical asynchronous
semantic-execution closed-loop architecture for UAV swarm
formation tasks under complex geometric constraints. Fol-
lowing the principle of “non-authoritative semantic planning
with conditional hard safety via HO-CBF-QP filtering when
the QP remains feasible”, the framework constrains LLM-
generated high-level strategies within a verifiable contract
interface and projects semantic outputs to safe executable com-
mands through a robust HO-CBF-QP layer, without relying on
the semantic model as an authoritative safety component. In
addition, deadlock monitoring and signal-triggered strategy re-
construction enable recovery from safe-but-stuck local minima
in strongly constrained environments, improving reachability
and overall reliability. We focus on static geometric constraints
with N = 3; future work will extend to dynamic obstacles,
larger swarms, and real-world sensing/communication impair-
ments.
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