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ABSTRACT

Large language models (LLMs) provide a promising interface for high-level robotic task planning,
but their use in multi-UAV collaboration remains difficult to evaluate systematically. Existing UAV
simulators mainly emphasize dynamics, perception, or low-level control, while existing LLM-agent
benchmarks rarely capture aerial-robotics constraints such as partial observability, spatial coverage,
UAV assignment, and multi-vehicle coordination. To bridge this gap, we present MultiUAV-Plat,
a lightweight, easy-to-use, LLM-agent-oriented simulation platform for multi-UAV collaborative
task planning. The platform exposes concise RESTful APIs, agent-facing observations, role-based
information access, hidden validation logic, and optional 2D/3D visualization, allowing agents to
solve missions through realistic tool interaction rather than privileged simulator access. Built on
this platform, the MultiUAV-Plat Benchmark contains 75 mission sessions, 1500 natural-language
tasks, and 9396 validation checks across target assignment, area search, and area assignment and
patrol scenarios. We further propose Agent4Drone, a task-specific LLM agent framework that
structures multi-UAV behavior into memory, observation, task understanding, planning, execution,
and verification. In a full paired benchmark comparison, Agent4Drone achieves a 57.9% task pass rate,
a74.6% average task check pass rate, and a 72.0% global check pass rate, substantially outperforming
a ReAct baseline at 30.6%, 47.9%, and 43.1%, respectively. Agent4Drone also reduces the total failed
task rate from 32.4% to 12.9%. These results demonstrate that MultiUAV-Plat and MultiUAV-Plat
Benchmark provide a reproducible foundation for studying LLM-driven multi-UAV autonomy under
realistic information and execution constraints.

1. Introduction

Multiple Unmanned Aerial Vehicle (multiUAV) systems
have emerged as a transformative technology across a wide
spectrum of real-world applications, including environmen-
tal monitoring, aerial searching, emergency response, and
logistics. Their ability to provide rapid coverage, flexible de-
ployment, and scalable sensing capabilities has made them
indispensable in both civilian and industrial contexts. De-
spite this growing prevalence, the control and coordination
of multi-UAV systems remain highly challenging. Existing
mission-planning and path-planning studies have developed
strong foundations for assignment, routing, coverage, obsta-
cle avoidance, and energy-aware coordination [24, 20, 9].
However, traditional approaches typically rely on expert-
engineered problem formulations and labor-intensive man-
ual control pipelines, which often result in suboptimal effi-
ciency, limited adaptability, and high operational overhead.
As mission complexity increases, these limitations become
even more pronounced.

The advent of large language models (LLMs) offers a
promising paradigm shift for intelligent multi-UAV coordi-
nation. Equipped with strong natural language understand-
ing, extensive world knowledge, and increasingly capable
tool-use interfaces, LLM-based agents have demonstrated
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significant potential to reason about task structure, plan high-
level strategies, and execute complex action sequences [34,
1, 11]. Recent multi-robot and multi-UAV studies further
suggest that LLMs can decompose high-level instructions,
form coalitions, coordinate multiple robots, and support
natural-language aerial control [8, 15, 14, 17]. However, it
remains unclear whether these abilities transfer to multi-
UAV missions that require closed-loop interaction with re-
stricted robotic interfaces. A realistic LLM-controlled UAV
agent cannot assume full simulator state: it must interpret
natural-language objectives, choose suitable UAVs, actively
collect missing local observations, issue executable API
calls, coordinate multiple vehicles, and verify progress under
hidden mission conditions. This leads to the central research
question of this paper: How can LLM agents be systemat-
ically evaluated for multi-UAV collaborative task planning
when they operate through restricted UAV APIs, partial
local perception, and hidden task validators?

To address this gap, we introduce MultiUAV-Plat, a
lightweight, easy-to-use, open, and extensible simulation
platform specifically designed for LLM-agent-driven multi-
UAV collaborative task planning and control. Figure 1 shows
the platform’s synchronized 2D overview and 3D visu-
alization views for the same mission state. Unlike high-
fidelity UAV simulators that mainly expose physics, per-
ception, and control interfaces [22, 25, 19], the platform
provides a unified, LLM-friendly API interface through
which agents can issue UAV actions, receive agent-facing
observations, and iteratively adjust their plans according to
changing mission states without interacting with simulator
internals or low-level flight-control code. By abstracting
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Figure 1: MultiUAV-Plat platform views for UAV task planning. The 2D and 3D views represent the same underlying mission
state. The 2D view is designed for quick overview, scenario inspection, and task-level spatial reasoning, while the 3D view is
designed for intuitive visualization of UAV execution and environment geometry.

low-level system integration while preserving closed-loop
action control, MultiUAV-Plat enables researchers to eval-
uate not only high-level planning, but also the execution,
feedback handling, and replanning capabilities of intelligent
agents. To the best of our knowledge, MultiUAV-Plat is
the first LLM-agent-oriented simulation and benchmark-
ing platform for executable multi-UAV collaborative task
planning. It evaluates agents through restricted UAV APIs,
partial local observations, closed-loop execution, and hidden
mission-level validators. The benchmark covers a wide range
of difficulty levels, from simple API invocation tests to
challenging single-UAV tasks and fully collaborative multi-
UAV missions.

Beyond the platform and benchmark, we further propose
Agent4Drone, a framework specialized for multi-UAV col-
laborative task planning. Designed to enhance LLM gen-
eralization across diverse mission profiles, Agent4Drone
provides structured guidance that helps LLM agents de-
compose tasks, manage tool calls, and coordinate multiple
UAVs more effectively. Experimental results demonstrate
that Agent4Drone improves task pass rate by 27.33 per-
centage points over ReAct on the full benchmark. This
establishes a strong task-specific framework and provides a
practical starting point for future research in LLM-controlled
aerial robotics.

In summary, this work contributes: (1) MultiUAV-Plat,
a lightweight, easy-to-use, LLM-agent-oriented simulation
platform for multi-UAV collaborative task planning; (2)
MultiUAV-Plat Benchmark, a benchmark suite for repro-
ducible evaluation of LLM agents under restricted API ac-
cess, partial local perception, and hidden validation; and
(3) Agent4Drone, a reference LLM-agent framework with a
full paired benchmark comparison against ReAct. Together,
these contributions lay the groundwork for an emerging
research direction at the intersection of large-scale language
models and autonomous multi-robot systems.

2. Related Work
2.1. Multi-UAYV Task Planning

Research on multi-UAV systems has long studied
task planning as the coupled problem of task assignment,
path planning, coverage, coordination, and constraint
satisfaction. Recent surveys on multi-UAV mission
planning [24] and multi-UAV path planning [20] summarize
a broad family of methods, including mathematical
programming, heuristics and metaheuristics, negotiation-
based allocation, and learning-based approaches. These
methods provide important foundations for target
assignment, area coverage, collision avoidance, energy-
aware routing, and coordinated execution. Kong et al. [9]
further formulate simultaneous target assignment and path
planning under dynamic obstacles and partial observability
as a learning problem, using deep reinforcement learning
to combine assignment and motion decisions. However,
most existing studies assume a predefined optimization
objective, a specialized controller, or direct access to
structured state information. This leaves open the problem
of evaluating whether a language-based agent can interpret
natural-language tasks, actively gather missing information,
use restricted platform APIs, and coordinate multiple UAV's
through closed-loop tool interaction.

2.2. UAV and Swarm Simulation Platforms
Simulation platforms are another important prerequisite
for UAV research. General robotic and UAV simulators
such as AirSim [22], Flightmare [25], and gym-pybullet-
drones [19] provide high-fidelity visual simulation, fast
quadrotor dynamics, reinforcement-learning interfaces, and
multi-agent control support. Chen et al. [3] further compare
open-source UAV swarm simulation environments such
as Webots, Gazebo, CoppeliaSim, ARGoS, MORSE,
and related tools with respect to realism, sensors,
performance, programming interfaces, and swarm support.
These platforms have significantly advanced algorithm
development and sim-to-real experimentation, but their
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Table 1

Comparison with representative simulators, benchmarks, and frameworks. “Hidden task validation” denotes automatic platform-
side validation of executable mission outcomes rather than offline question answering, conversational compliance, or low-level

reward only.

Platform / Benchmark / Framework Domain LLM-facing Multi-agent UAV / Aerial Partial obs. Tool/API actions Hidden task validation
AirSim [22] UAV / AV simulation No Partial Yes No Yes No
Flightmare [25] Quadrotor simulation No Partial Yes No Yes No
gym-pybullet-drones [19] Multi-drone RL No Yes Yes No Yes Reward-based
ALFWorld [23] Household embodied Al Yes No No Partial Yes Yes
WebShop [32] Web interaction Yes No No Partial Yes Yes
AgentBench [13] General LLM agents Yes Partial No Partial Yes Mixed
EmbodiedBench [31] Multimodal embodied Al Yes No No Yes Yes Yes
SafeAgentBench [35] Safe embodied planning Yes Yes No Yes Yes Yes
MAP-THOR [16] Multi-agent household planning Yes Yes No Yes Yes Yes
SMART-LLM [8] Multi-robot task planning Yes Yes No No No Dataset
RoCo [15] Multi-robot collaboration Yes Yes No Partial Yes Task-based
AirCopBench [36] Multi-drone perception Yes Yes Yes Yes No QA-based
MM-UAVBench [4] UAV multimodal reasoning Yes No Yes Yes No QA-based
UAVBench [5] UAV scenario dataset Yes Partial Yes No No Risk labels
a*-Bench [6] UAV networked agents Yes Yes Yes Partial Yes Conversational
Prompt-driven multi-drone planning [14] Multi-drone task planning Yes Yes Yes Partial No No
UAV-CodeAgents [21] UAV mission generation Yes Yes Yes Partial Partial No
TACOS [17] Multi-drone natural-language control Yes Yes Yes No Yes Demonstration
Web-of-Drones [7] UAV swarm execution Yes Yes Yes No Yes No
MultiUAV-Plat Multi-UAV task planning Yes Yes Yes Yes Yes Yes

primary abstractions are still physics, perception, control,
or reinforcement-learning tasks. In contrast, LLM-oriented
multi-UAV research requires a different interface layer:
natural-language task instructions, agent-visible state
boundaries, simple tool-call APIs, hidden validation logic,
and reproducible benchmark sessions that evaluate mission-
level reasoning rather than only low-level control.

2.3. LLM Agents and Embodied Benchmarks

Large language models have recently been evaluated
as interactive agents that combine reasoning, tool use, and
environment feedback. Benchmarks such as ALFWorld [23]
and WebShop [32] evaluate grounded language agents
in interactive household or web environments, and
AgentBench [13] broadens this direction by measuring LLM
agents across multiple decision-making settings. Recent
embodied-agent benchmarks further evaluate multimodal
embodied reasoning, safety-aware task planning, and
multi-agent planning under partial observability, including
EmbodiedBench [31], SafeAgentBench [35], and MAP-
THOR [16]. Classical pathfinding resources such as the
MovingAl benchmarks [27] and MAPF benchmarks [26]
provide widely used grid-based and multi-agent path-finding
maps and scenarios for algorithm comparison, but they focus
on pathfinding instances rather than LLM-facing, partially
observable, executable UAV tasks.

Recent aerial-agent benchmarks are closer to multi-UAV
settings. AirCopBench [36] evaluates multi-drone collabo-
rative embodied perception and reasoning for multimodal
large language models. MM-UAVBench [4] evaluates mul-
timodal perception, cognition, and planning over real low-
altitude UAV data. UAVBench [5] provides structured UAV
scenarios and multiple-choice reasoning tasks, while a3-
Bench [6] evaluates conversational UAV agents with tool
calls and agent-to-agent coordination under network, safety,
robustness, and efficiency constraints. Compared with these
benchmarks, MultiUAV-Plat Benchmark focuses on closed-
loop executable multi-UAV task planning: agents interact

through restricted APIs, receive partial observations, and
are evaluated by hidden task validators. Table 1 summa-
rizes this difference among representative simulators, agent
benchmarks, embodied benchmarks, aerial benchmarks, and
multi-robot or multi-drone frameworks.

2.4. LLM-Based Multi-Robot and Aerial Agents
Basic LLM-agent frameworks provide general
mechanisms for reasoning and action selection. Chain-
of-thought prompting [30] elicits intermediate reasoning
steps for complex tasks, while Tree of Thoughts [33] and
Graph of Thoughts [2] extend this idea by searching
over branching or graph-structured reasoning states.
ReAct [34] interleaves reasoning traces with actions and
demonstrates that language models can improve interactive
decision making by repeatedly observing and acting in
an environment. These frameworks are useful general
foundations, but they do not by themselves specify how to
assign UAVs, gather local aerial observations, coordinate
multiple vehicles, or verify executable mission progress.
Robotics-oriented LLM frameworks add grounding be-
tween language and action. SayCan [1] grounds language-
model planning in affordance scores, Code as Policies [11]
uses code-generation models to synthesize robot policy pro-
grams from natural-language instructions, and Sun et al. [28]
study LLM-based task planning under partial observabil-
ity, where the robot must collect missing information be-
fore choosing actions. LLM-based multi-robot studies fur-
ther use language models for decomposition, role assign-
ment, communication, and coordination. SMART-LLM [8]
decomposes high-level instructions into multi-robot task
plans through task decomposition, coalition formation, and
task allocation. RoCo [15] uses LLM-mediated dialogue for
multi-robot collaboration and includes environmental feed-
back such as collision checking for plan refinement. Recent
surveys and frameworks further study LLMs for multi-robot
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Figure 2: Methodology overview. MultiUAV-Plat provides the interaction substrate, the MultiUAV-Plat Benchmark supplies
standardized tasks and automatic validation, and the proposed MultiUAV-Agent Workflow, named Agent4Drone, performs closed-
loop multi-UAV task planning under agent-level partial observability.

task allocation, dependency modeling, heterogeneous col-
laboration, and end-to-end execution, including the multi-
robot LLM survey by Li et al. [10], LiP-LLM [18], CO-
HERENT [12], and DART-LLM [29]. In the aerial domain,
prompt-driven multi-drone planning [14] explores natural-
language task planning, UAV-CodeAgents [21] combines
multi-agent ReAct with vision-language grounding for UAV
mission generation, and TACOS [17] executes multi-drone
plans through a library of UAV APIs. More recently, the
Web-of-Drones framework [7] has demonstrated function-
calling-based closed-loop UAV swarm execution through
standardized MCP and Web-of-Things interfaces. These sys-
tems establish that LLMs can plan and execute selected
multi-UAV missions, but they are evaluated as task-specific
frameworks rather than reusable benchmark suites with large
task collections and hidden mission-level validators. This
distinction motivates an executable benchmark for system-
atic comparison under consistent task, observation, action,
and grading protocols.

3. Methodology

As illustrated in Fig. 2, our methodology consists of
three closely connected components: platform, benchmark,
and workflow framework. The platform provides the simu-
lation substrate, the benchmark defines the evaluation proto-
col, and Agent4Drone instantiates the proposed MultiUAV-
Agent Workflow for LLM-agent research on multi-UAV
collaboration.

3.1. Platform

To systematically address the challenges in the
development and evaluation of multi-UAV collaborative
task planning and control driven by large language models,
we propose MultiUAV-Plat, a lightweight, modular, open-
source, and LLM-agent-oriented simulated interactive

environment for multi-UAV systems. The platform is
designed for low setup cost and direct agent integration:
agents receive natural-language task instructions, agent-
facing observations, and environment feedback; issue
concrete UAV actions through concise RESTful APIs
and simple action primitives; observe state changes; and
adjust subsequent plans according to the evolving mission
context. The core architecture of the platform consists of
three main layers, a cross-cutting security and permission
management mechanism, and an optional visual simulation
interface. Together, these components establish a complete
loop from physical entities to intelligent control, providing
an easy-to-use experimental environment for developing,
testing, and evaluating LLM-based autonomous agents
without requiring users to work with simulator internals or
low-level flight-control code.

The Model Layer, as the foundation of the platform,
provides formalized definitions and encapsulation of core
entities in the system and serves as the minimal interactive
unit of the simulation for the upper layer. This layer primarily
consists of six models: Drone, Target, Obstacle, Environ-
ment, Session, and Task. The first four are concrete models,
while the latter two are abstract models.

The drone model is the primary interactive entity for
LLM agents, encapsulating the drone’s dynamic properties,
real-time status information such as position, velocity, bat-
tery level, and sensor states, as well as basic action com-
mands including takeoff, landing, and waypoint navigation.
The target model provides a generalized representation of
task objectives, which can be either static or dynamic dis-
crete target points or target areas requiring inspection or
coverage. This flexible model design effectively supports
diverse task scenarios, from simple navigation to complex
area patrol. The obstacle model defines static threats in
the environment, such as buildings, mountains, and no-fly
zones. It includes geometric shapes and spatial occupancy
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information, serving as constraints that must be avoided in
UAV path planning or collision detection. The Environment
model represents the macro-level physical conditions, such
as wind, weather, and illumination, thereby enhancing the
realism and uncertainty of the simulation. The session model
instantiates a complete task scenario, aggregating all the
aforementioned model entities and defining their spatial and
logical relationships. The session model contains a series
of task models, providing specific, natural language task
instructions for pre-configured scenarios within the session,
thereby offering clear planning and execution objectives for
LLM-based agents.

Above the model layer, the control layer serves as the
logical processing core of the platform. It is responsible for
the execution of low-level operations, model state updates,
and decision arbitration to ensure coherent simulation and
effective task execution. Its functions primarily include life-
cycle management of model entities, providing standardized
operational management such as creation, update, query,
and deletion for all model entities. It also handles com-
plex logical judgments and processing, such as collision
detection between UAVs and obstacles or among UAVs
themselves, logical judgments of conflicts in task allocation
among UAVs, as well as continuous states tracking of sub-
task execution.

The service layer provides standardized application pro-
gramming interfaces (APIs) that connect the platform to
external intelligent agents. Designed with an LLM-friendly
philosophy, it offers RESTful-compliant APIs that enable
agents to control UAVs through concise, tool-like calls rather
than simulator internals or low-level flight-control code.
These APIs expose action primitives such as observation,
takeoff, landing, waypoint navigation, sensing, photography,
and verification feedback in a form that can be directly
used by LLM agents. Additionally, for each active agent,
the service layer maintains an independent session context
that supports multi-turn complex task planning and decision-
making.

The security and permission management mechanism
controls platform access through request-level authorization
and role-based information boundaries. Each API request
is authenticated and checked against its permission level,
so that privileged users may access scenario configuration
and global management functions, while LLM agents are
restricted to agent-level operation interfaces. In particular,
agent requests return only information within the local per-
ception range of the corresponding UAVs, rather than expos-
ing global targets, obstacles, or hidden validation data. This
permission design improves system safety and reliability,
prevents agents from using privileged global information,
and better reflects real-world UAV operation, where each
UAV must make decisions based on limited local perception.

The optional user interface further enhances the usability
of the platform by providing synchronized 2D overview
and 3D visualization views. The 2D interface, implemented
with pygame, dynamically displays the real-time positions
and statuses of UAVs, targets, and obstacles as well as

interactions between external agents and simulated entities.
The 3D visualization complements this top-down view by
rendering UAV execution, target and obstacle geometry, and
spatial relationships in an intuitive three-dimensional scene.
Together, these views offer users direct feedback on task exe-
cution progress and facilitate scenario inspection, algorithm
debugging, performance analysis, and result verification for
efficient human-in-the-loop LLM agent framework develop-
ment.

Overall, MultiUAV-Plat provides a set of distinctive
advantages for research on LLM-driven multi-UAV col-
laboration. Its lightweight implementation, preconfigured
sessions, reusable templates, API documentation, optional
2D/3D visualization, and hidden validators make it easy
to build, test, and compare LLM agents. Its LLM-friendly
API design enables researchers to focus on decision-making
algorithms without engaging with low-level simulation de-
tails, while the visualization layer makes both abstract mis-
sion states and three-dimensional execution processes eas-
ier to inspect. Its human—machine interaction capabilities
support both fully autonomous UAV control and manual
intervention for scenario construction, task adjustment, and
real-time monitoring. The platform also offers reusable sce-
nario resources and a task-template mechanism that guide
users in configuring scenarios, designing tasks, and rapidly
generating customized test cases. In addition, its robust
permission system ensures data isolation and operational
safety in multi-user and multi-agent scenarios, making the
platform well-suited for collaborative research and large-
scale experiments.

3.2. Benchmark

To complement the platform, we construct the
MultiUAV-Plat Benchmark, a benchmark suite for evaluating
LLM agents in multi-UAV collaborative task planning. To
the best of our knowledge, MultiUAV-Plat Benchmark is
the first executable benchmark specifically designed to
evaluate LLM agents on multi-UAV collaborative task-
planning missions under partial observability. Unlike offline
question-answering or conversational evaluation, agents
must act through restricted UAV APIs and satisfy hidden
task-level validators. The benchmark contains 75 mission
sessions, 1500 natural-language tasks, and 9396 hidden
validation checks. In contrast to benchmarks that evaluate
either isolated language understanding or low-level motion
control, the benchmark focuses on the mission-planning
layer where natural-language reasoning, tool use, spatial
decision-making, and multi-agent coordination must be
integrated.

The benchmark is designed to address the gap between
language-agent evaluation and realistic multi-UAV mission
execution. In practical UAV operations, an agent must
not only understand a natural-language objective, but
also select appropriate UAVs, issue executable actions,
interpret local perception feedback, and revise its plan under
incomplete information. These requirements are difficult
to measure with static language tasks or full-information
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simulators. Therefore, the benchmark emphasizes three
design goals: evaluating mission-level reasoning through
natural-language task instructions, enforcing agent-level
partial observability through restricted platform interfaces,
and supporting reproducible scoring through hidden
automatic validation. This design allows the benchmark
to measure whether an LLM agent can complete UAV
missions through closed-loop interaction rather than relying
on privileged global state or purely textual reasoning.

3.2.1. Benchmark Design

Each benchmark session defines a complete mission
scenario, including UAVs, targets, obstacles, environment
settings, and a set of task instructions. Each task is scored as
an individual unit, while tasks within a session are executed
sequentially. Before the next task, the battery state is reset
and all UAVs are forced to land, but their final positions
are retained. Consequently, a preceding task may affect the
initial UAV positions of the following task, although the
pass or failure of each task is determined separately by its
own validation conditions. The final benchmark score is
computed from these task-level outcomes rather than from
a required task order.

The benchmark follows an agent-facing protocol rather
than an omniscient simulator protocol. An LLM agent can
observe task descriptions, inspect UAV states, issue UAV ac-
tions, and receive only local perception information around
each UAV. It cannot directly perceive global targets or ob-
stacles; instead, targets and obstacles become visible only
when they fall within a UAV’s perceived radius. This partial-
observation setting makes the benchmark more realistic
and substantially more challenging than full-information
planning: agents must actively gather information, reason
from incomplete local observations, and coordinate UAVs
without directly reading the full mission map.

This design also separates task solving from task grad-
ing. Tasks are presented to the agent as natural-language
objectives, while task completion is evaluated by platform-
side automatic checks. They are hidden validation points
used only for reproducible scoring after task planning and
execution. The benchmark contains 9396 hidden checks
across 1500 tasks: each task has 1-39 checks, with a median
of 4 and a mean of 6.26. As shown in Fig. 3, tasks with
more checks contain more conditions that must be satisfied
and therefore generally require more execution, observation,
and verification steps. The check count is not an exact
measure of trajectory length, because several conditions may
be satisfied by one action and one condition may require
multiple actions. Across 21 endpoint types, the checks cover
movement, perception, target, area, state, and coordination
requirements, making success dependent on sustained state
tracking, multi-step execution, and avoiding partial comple-
tion failures.

338 (23%)

Figure 3: Distribution of hidden validation-check counts
per task. More checks generally correspond to more task
conditions and more execution, observation, and verification
steps, although check count is not an exact trajectory-length
measure.
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3.2.2. Scenario Families and Difficulty Design

The benchmark contains three scenario families: Area
Search, Area Assignment and Patrol, and Target Assignment.
Each family contains 25 sessions and 500 tasks. Within each
family, sessions are divided into five difficulty levels: Easy,
Intermediate, Moderate, Hard, and Extreme. Each difficulty
level contains five independently seeded sessions, and each
session contains 20 tasks.

The scenario family indicates the dominant mission
configuration and evaluation emphasis of a session, but it
does not restrict the session to containing only one type of
task. For example, an area-search session may still include
basic navigation, photo-taking, landing, or target-reaching
subtasks. This mixed composition better reflects realistic
multi-UAV missions, where high-level objectives are usually
achieved through heterogeneous operational subtasks.

Area Search evaluates spatial exploration and coverage
over extended area targets. Agents must direct one or more
UAVs to fully search circular or polygonal regions, inspect
the relevant area geometry, and complete coverage-oriented
objectives without assuming full prior knowledge of the
environment. This family tests whether LLM agents can
move beyond point-to-point navigation toward systematic
information gathering and region-level search behavior.

Area Assignment and Patrol combines point-target as-
signment with area-search objectives. Agents must coordi-
nate UAVs across mixed mission targets, including discrete
points that must be reached or searched and circular or polyg-
onal regions that require coverage or patrol. This family
emphasizes division of labor, multi-UAV coordination, and
maintaining structured behavior when heterogeneous target
types must be handled within the same shared environment.

Target Assignment evaluates whether agents can
allocate many targets across multiple UAVs and complete
target-oriented objectives such as reaching, inspecting,
photographing, delivering to, or returning from those
targets. This family emphasizes assignment and execution
over discrete spatial objectives, especially when many UAVs
and candidate targets are present but only local perception
is accessible.
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Table 2

Overview of the benchmark. Each scenario family contains
five difficulty levels (Easy, Intermediate, Moderate, Hard, and
Extreme), with five sessions per level and 20 tasks per session.

Table 3

Evaluation metrics supported by the benchmark. Avg. Check
is the per-task average check pass rate, while Global Check is
the aggregate pass rate over all validation checks.

Scenario Type Sessions Drones Targets Obstacles Tasks Checks

Area Search 25 3-20 3-15 6-100 500 3009
Area Assignment and Patrol 25 5-30 3-20 6-100 500 2813
Target Assignment 25 5-30 3-100 6-100 500 3574
Total 75 3-30 3-100 6-100 1500 9396

The benchmark difficulty is defined at the session level
and reflects the overall complexity of the mission world. As
difficulty increases, sessions generally involve larger fleets,
more targets, denser obstacles, and larger mission areas.
Across all sessions, the number of UAVs ranges from 3 to 30,
the number of targets ranges from 3 to 100, and the number
of obstacles ranges from 6 to 100. In addition, the target and
obstacle geometry varies across sessions: targets may differ
in shape, size, and spatial extent, while obstacles differ in
shape, size, density, and distribution. These variations force
agents to adapt their planning strategies to different spatial
layouts rather than relying on a fixed mission template.

Individual tasks also carry local task-complexity labels,
such as easy, medium, and hard. These labels describe the
complexity of a specific instruction within a session, while
the five benchmark difficulty levels describe the global sce-
nario complexity. This distinction is important because real-
istic missions often contain both simple operational prim-
itives and difficult collaborative subtasks. A robust LLM
agent should be able to solve low-level operational instruc-
tions reliably while also adapting to harder planning re-
quirements introduced by larger fleets, denser environments,
heterogeneous target and obstacle layouts, and limited ob-
servability.

3.2.3. Evaluation Protocol and Metrics

The benchmark evaluates each natural-language task
with hidden platform-side checks. The primary metric is
Task Pass Rate, which counts a task as successful only
when its validation logic passes. Because complex tasks may
contain multiple checks, we also report check-level metrics
to measure partial progress. These check-level metrics are
important because long-horizon tasks may fail as full tasks
while still completing part of the required validation chain.

Average Check Pass Rate (Avg. Check) averages the
internal check pass rate of each task, giving every task equal
weight. Global Check Pass Rate (Global Check) aggregates
passed checks over all checks and is therefore weighted
toward tasks with more validation conditions. Total Failed
Task Rate measures tasks for which no check passes, separat-
ing complete failures from partially completed tasks. Table 3
summarizes these metrics.

Beyond aggregate scoring, the structure of the bench-
mark provides a diagnostic path for measuring progress
in LLM-based multi-UAV planning. Simple tasks evaluate
whether an agent can reliably translate language into basic
UAV actions. Intermediate tasks test navigation, inspection,
and sequential operation. Harder sessions introduce larger

Metric Level Definition

Task Pass Rate Task  Passed tasks / total tasks

Avg. Check Pass Rate  Task  Mean of task-level check pass rates

Total Failed Rate Task  Tasks with zero passed checks / total tasks

Global Check Pass Rate Check Passed checks / total checks across all tasks

fleets, more targets, denser obstacles, area coverage, patrol,
and collaborative assignment. This progression makes it
possible to identify where current LLM agents succeed or
fail, and to compare future methods under a shared task
distribution and scoring protocol.

By combining natural-language task descriptions, hid-
den automatic validators, local perception constraints, and
progressively harder collaborative scenarios, the benchmark
establishes a new evaluation setting for LLM-oriented aerial
robotics. It is closer to realistic UAV operation than full-
information prompting because the agent must actively use
UAVs as sensing and acting entities rather than assuming
direct access to the complete world state. Therefore, the
benchmark contributes a reusable foundation for future re-
search on LLM-controlled multi-UAV autonomy, including
agent workflow design, planning under partial observability,
task allocation, and collaborative mission execution.

3.3. Framework

To provide an effective and reproducible framework
for the benchmark, we propose a lightweight MultiUAV-
Agent Workflow for LLM-based multi-UAV task planning.
We refer to the proposed workflow as Agent4Drone. The
workflow is designed specifically for MultiUAV-Plat rather
than as a generic prompting strategy. General-purpose LLM
workflows such as chain-of-thought prompting or ReAct can
improve reasoning and tool use, but they do not explic-
itly model key requirements of multi-UAV collaboration,
including partial local perception, UAV selection, task de-
composition, coordinated action execution, and state-based
verification. In contrast, Agent4Drone organizes the agent
around the platform’s mission structure and restricted infor-
mation boundary, making it easy to implement while still
capturing the essential challenges of LLM-controlled aerial
collaboration.

The workflow is intentionally positioned at the mission-
planning layer rather than as a low-level UAV controller. It
does not address flight stabilization, continuous trajectory
optimization, or formal motion planning. Instead, it trans-
forms a natural-language task and the currently visible sce-
nario state into a short executable action sequence, executes
that sequence through the platform, and uses feedback to
decide whether to finish, retry, or replan. This design makes
Agent4Drone suitable for systematic comparison, because it
operates under the same platform, benchmark, visibility con-
straints, and validation protocol as generic agent baselines.
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MultiUAV-Agent Workflow

Agent4Drone: a closed-loop framework for multi-UAV task planning

Mission Input Observation Task
task instruction and » state reading and Understanding

observable context local perception goals and constraints

Planning

Tool-chain
subtasks and Grounding >
UAV assignment bounded action chain

Verification

progress check
and completion test

Execution
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and coordination
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H
Memory

observe —PPmove/hover —PPsenselphoto —F- coordinate — > verify |-
T =

accumulates local observations, action history, intermediate results, and feedback ¢ e

A T~

A\

Decision Artifacts
subtasks, UAV assignments, routes,
tool chains, and sfopping criteria

External Interaction Boundary
the framework exchanges observations, supported actions, and execution feedback with the multi-UAV environment

Figure 4: Framework structure of Agent4Drone. The MultiUAV-Agent Workflow converts mission input and observable context
into closed-loop observation, task understanding, planning, tool-chain grounding, execution, and verification. Memory stores local
observations, action history, intermediate results, and feedback, while decision artifacts organize subtasks, UAV assignments,
bounded tool/action chains, and stopping criteria for feedback-driven replanning.

3.3.1. Problem Formulation

We formulate each benchmark task as a partially observ-
able multi-UAV decision problem. A task is specified by a
natural-language instruction 7', an agent-access observation
O; at step ¢, a platform-supported action set A, and a hidden
validation function V. The observation O, contains only
information available to the agent, including task text, visible
UAV states, command feedback, local perception, and accu-
mulated interaction history. It excludes privileged scenario
information, such as global target lists, global obstacle lists,
and validation rules. The action set A contains constrained
action families for observation, motion, sensing and photo
capture, communication and coordination, and verification
feedback.

An LLM-based multi-UAV agent can be described as a
closed-loop decision rule:

7y . (T,0,, M) — (g,,C,), 1)

where M, denotes the agent’s memory, ¢, is the next high-
level subtask, and C, is the corresponding bounded exe-
cutable tool chain. The tool chain contains a finite sequence
of platform-supported action steps:

L
C =(c e, )

where the superscript / denotes the step index within the tool
chain. Each step is defined as

ol =@l a,ph), )

where uf is the responsible UAV or UAV group, aﬁ e Aisa
platform-supported action, and pg contains the action param-
eters. The high-level subtask is grounded into its executable
tool chain:

q, > C,. “)

After executing a tool-chain segment, the agent receives
execution and verification feedback r, and updates its ob-
servation and memory:

(Ory1, M) = (O, My, Cpyry). (%)

The agent then applies the decision rule again with the
updated observation and memory. Repeated application over
t = 1,2,... induces the full task-solving trajectory. The
objective is to maximize task completion under the hidden
validator V' while respecting platform-supported actions,
agent-level information access, and bounded execution and
replanning. This formulation differs from full-information
planning because the agent may need to actively gather
missing information through UAV movement and local per-
ception before it can complete or verify the task.

3.3.2. Workflow Design

As shown in Fig. 4, the Agent4Drone framework con-
sists of six conceptual modules: Observation, Task Under-
standing, Memory, Planning, Execution, and Verification.
These modules are not intended to be heavyweight soft-
ware components; rather, they define a minimal structure
that makes the LLM agent’s reasoning process more stable,
interpretable, and reproducible.

The Observation module gathers the current task de-
scription, UAV status, battery level, position, and local per-
ception information. Since targets and obstacles are only
visible within a UAV’s perceived radius, observation is an
active part of planning rather than a one-time query.

The Task Understanding module converts each instruc-
tion into a structured interpretation. It identifies the likely
task intent, candidate action type, visible task objects, spatial
constraints, and whether the task requires one or multiple
UAVs.
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The Memory module uses a shared blackboard mecha-
nism through which the framework modules read and up-
date compact state across reasoning turns. The blackboard
records the current task, visible environment context, UAV
states and assignments, locally perceived entities, action and
command outcomes, previous verification results, and retry
status. It is restricted to information available through the
agent-access interface and does not contain hidden vali-
dation rules or globally inaccessible targets and obstacles.
This keeps the framework consistent with the benchmark’s
partial-observation setting while allowing observation, plan-
ning, execution, and verification to coordinate through a
common state representation.

The Planning module selects appropriate UAV's and de-
composes the task into a short sequence of subtasks with
expected state changes. UAV selection considers visible
position, battery level, operational status, perceived nearby
entities, proximity to relevant visible targets, and whether
the task benefits from collaboration. For simple operational
tasks, the framework prefers a single primary UAV to avoid
unnecessary coordination overhead. For area coverage, pa-
trol, formation, or explicitly multi-UAV instructions, the
framework assigns multiple UAVs while avoiding conflict-
ing commands and redundant coverage. The plan is delib-
erately short-horizon: after meaningful actions, the agent
re-observes the environment and updates memory before
continuing.

The Execution module grounds each planned subtask
into a bounded tool chain using supported action fami-
lies, including observation, motion, sensing and photo cap-
ture, communication or coordination, and verification feed-
back. Agent4Drone executes a small number of actions, ob-
serves the updated state, verifies progress, and then decides
whether to continue, retry, or replan. The Verification mod-
ule compares expected and observed state changes and uses
platform-side task validation feedback to decide whether the
task has passed. If validation fails, the framework analyzes
the discrepancy between expected and observed states, up-
dates memory, and either retries or replans within a bounded
budget.

3.3.3. Closed-Loop Execution

The complete framework operates as a closed loop.
First, the agent observes the current task and visible session
context. Second, it understands the task intent and identifies
relevant constraints. Third, it selects suitable UAVs and
generates a short subtask sequence. Fourth, it executes one or
a small number of actions. Fifth, it re-observes the scenario
and verifies whether the task has been satisfied. If the task
passes, the framework records success and proceeds to the
next task. If the task does not pass, the framework performs
bounded retry or replanning based on updated observations.

This closed-loop design is important for MultiUAV-
Plat because command success and task success are not
equivalent. A command may be accepted by the platform

while the task remains incomplete due to insufficient prox-
imity, missing perception, incorrect UAV selection, incom-
plete area coverage, or failed coordination. By alternating
short-horizon planning with observation and verification,
the framework reduces the risk of long speculative action
chains and allows the agent to recover from partial failures.

Failure handling follows conservative principles. If a
command fails or verification remains negative, the agent
first refreshes visible state rather than assuming the cause of
failure. If repeated attempts do not improve the task state,
the framework records a failure reason, such as missing
target perception, insufficient movement, low battery, in-
correct UAV assignment, or unmet collaboration condition.
When uncertainty is high, the agent prefers safe fallback
actions such as hovering, returning home, or landing, rather
than continuing uncontrolled exploration. These rules make
the framework practical for reproducible experiments and
provide interpretable failure traces for later analysis.

Overall, Agent4Drone provides a simple yet task-specific
framework for LLM-driven multi-UAV collaboration. It is
easy to implement because it relies only on agent-access
information and platform-supported actions, but it is more
suitable than generic LLM workflows because it explicitly
models partial perception, UAV selection, collaborative de-
composition, feedback-driven execution, and bounded re-
planning. As a result, it establishes a practical starting point
for future research on LLM agents in MultiUAV-Plat and the
benchmark.

4. Experiments

The experiments evaluate Agent4Drone against a
generic ReAct agent under the same MultiUAV-Plat
Benchmark protocol. The analysis first compares overall
task completion and partial validation success, then
examines whether the performance gains are consistent
across scenario families and difficulty levels. It further
studies task categories and generated templates to identify
remaining difficult cases, and uses validation-endpoint
statistics to characterize the main residual failure modes.

4.1. Experimental Setup

All experiments use the MultiUAV-Plat Benchmark as
the evaluation environment. The full benchmark contains 75
sessions, 1500 tasks, and 9396 automatic validation checks.
The benchmark is organized into three scenario families,
Target Assignment, Area Search, and Area Assignment and
Patrol, and each family contains five difficulty levels. Unless
otherwise stated, agents are evaluated under the platform’s
AGENT role. Therefore, the agent can observe task descrip-
tions, UAV states, command feedback, and local perception,
but it cannot access hidden validation specifications, global
target lists, global obstacle lists, or scenario-authoring APIs.

Each task is evaluated by the platform-side task checker.
A task is counted as passed only when its hidden check logic
is satisfied. API return status is not scored as a separate
success metric: an accepted or failed API call affects the
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Table 4

Main benchmark results for MultiUAV-Plat Benchmark across multiple backend LLMs. The Backend LLM column identifies the
model used for each run. Values are generated by tools/recompute_results.py.

Method Backend LLM Passed Tasks Total Failed Tasks Task Pass Avg. Check Global Check Total Failed
ReAct doubao-2-pro 459 486 30.60% 47.91% 43.15% 32.40%
ReAct gwen3.5 629 333 41.93% 59.42% 56.29% 22.20%
ReAct deepseek-v4-pro 954 118 63.60% 79.72% 73.09% 7.87%
Agent4Drone doubao-2-pro 869 194 57.93% 74.58% 71.96% 12.93%
Agent4Drone deepseek-v4-flash 1044 102 69.60% 83.40% 80.76% 6.80%
Agent4Drone deepseek-v4-pro 1054 93 70.27% 84.86% 82.82% 6.20%

result through the task conditions that remain satisfied or un-
satisfied. In addition to task-level success, we report check-
level success to capture partial progress inside complex
tasks. For example, a multi-UAV formation task may fail as
a whole while still satisfying several per-UAV movement or
distance checks.

Compared methods. ReAct is the baseline method
used in the current full paired comparison. It follows a
generic observe—reason—act loop where the model alternates
between reading the visible task state, reasoning about the
next step, issuing an action, and observing feedback.
Agent4Drone is our proposed task-specific framework.
It augments closed-loop action with explicit memory,
observation, task understanding, planning, execution,
and verification modules designed for multi-UAV task
allocation, local perception, and state-based recovery. Both
methods run under the same AGENT role and use the same
observation, action, and verification interfaces; neither
method can access hidden validation specifications or
privileged global state. To make the final evaluation more
comprehensive, Table 4 includes completed benchmark
results under multiple backend LLM:s.

Metrics. We use the task-level and check-level metrics
defined in Section 3.2.3, including Task Pass Rate, Average
Task Check Pass Rate (Avg. Check), Global Check Pass
Rate, and Total Failed Task Rate.

4.2. Main Results

Table 4 summarizes the main completed benchmark
results on the full MultiUAV-Plat Benchmark. In the paired
doubao-2-pro comparison, Agent4Drone passes 869 of 1500
tasks, while ReAct passes 459 tasks. This improves task
pass rate from 30.60% to 57.93%, a gain of 27.33 per-
centage points. Agent4Drone also improves Average Task
Check Pass Rate from 47.91% to 74.58% and Global Check
Pass Rate from 43.15% to 71.96%. With stronger DeepSeek
backends, Agent4Drone reaches 70.27% task pass using
deepseek-v4-pro and 69.60% using deepseek-v4-flash. The
updated deepseek-v4-pro ReAct baseline reaches 63.60%,
higher than the doubao-2-pro and qwen3.5 ReAct baselines
but still below Agent4Drone with the same backend.

For the deepseek-v4-pro full-benchmark run, the API
usage records indicate an approximate total cost of CNY
400 (roughly USD 60) across more than 35K requests. The
run used roughly 15M output tokens, 90M cache-miss input

tokens, and 2B cache-hit input tokens. These figures provide
a practical resource-consumption reference for executing the
full 1500-task benchmark with Agent4Drone on deepseek-
v4-pro.

The paired transition analysis in Fig. 5 compares the two
backend LLMs for which both ReAct and Agent4Drone runs
are available. Under doubao-2-pro, Agent4Drone converts
441 ReAct failures into passes while only 31 ReAct passes
become failures. Under deepseek-v4-pro, the net gain is
smaller but still positive: Agent4Drone converts 211 ReAct
failures into passes, with 111 regressions.

Agent4Drone
Passed Failed Passed Failed
- 428 31 843 11
© Passed
E, Both passed Regression Both passed Regression
. 441 600 211 335
Failed
Improved Both failed Improved Both failed

doubao-2-pro deepseek-v4-pro

Figure 5: Paired task-level transition matrices between Re-
Act and Agent4Drone under doubao-2-pro and deepseek-v4-
pro.

Figure 6 reports task pass rate by difficulty level across
all completed method-backend runs. The curves show
both model-capability effects and method effects: stronger
backends improve the ReAct baseline substantially, while
Agent4Drone remains competitive across all difficulty
levels and is especially important on harder tasks for weaker
backends.
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Figure 6: Task pass rate by difficulty level across all com-
pleted method—backend runs. Runs using the same backend
LLM share a color; dashed lines denote ReAct and solid lines
denote Agent4Drone.

Figure 7 summarizes scenario-family task pass rates
across all completed method-backend runs. Hue identifies
the backend LLM, while darker cells indicate higher pass
rates. Within the paired doubao-2-pro and deepseek-v4-
pro columns, Agent4Drone improves over ReAct for every
scenario family; the improvement is larger with doubao-
2-pro, while deepseek-v4-pro still shows stable gains. Tar-
get Assignment remains the hardest family, indicating that
stronger backend reasoning helps but does not remove target-
pairing and target-verification difficulty.

doubao doubao  ds-pro ds-pro qwen  ds-flash

R A R A R A
Area Search 370 694 748 798 494 79.0
Al Assil t
Area Assignmen 282 596 69.8 750 392 71.0
Target Assignment 266 448 462 56.0 37.2 588

Hue = backend LLM; darker = higher pass rate

Figure 7: Scenario-family task pass rates across completed
method—-backend runs. Hue denotes the backend LLM and
shade intensity denotes the pass rate.

4.3. Task-Type and Template Analysis

We analyze task types using the generator categories de-
fined in the task-template system for the paired doubao-2-pro
and deepseek-v4-pro runs. This is more stable than relying
on surface task names alone because it follows the bench-
mark’s intended task-generation structure. Table 5 reports
task pass rates for each method and backend. Agent4Drone
is higher than ReAct in most categories under both back-
ends, while Communication is already nearly saturated un-
der deepseek-v4-pro. Template-level results provide a finer
view of these categories. Agent4Drone makes especially
large gains on navigation-heavy and formation-heavy tem-
plates, including Fleet Coordinated Takeoff and Formation
with five UAVs, Flight Marathon Navigation, Fly Several
Waypoints, and Complex Obstacle Course Navigation. In
contrast, target-assignment completion, area-search comple-
tion, sequential multi-target visits, and some patrol or sweep
tasks remain difficult under stronger backends. Many of
these hard templates show high average check completion
but low strict task pass rate, indicating that Agent4Drone
often completes part of the mission but misses at least one
required UAV-target or fleet-level condition.

4.4. Failure Analysis

Endpoint-level validation for the paired runs reveals
where the remaining failures occur. Table 6 reports
endpoint-level check pass rates for representative validation
endpoints. The most stable improvements are movement

Table 5
Task pass rates by generated task category for paired backend
runs.

doubao-2-pro deepseek-v4-pro

Category Tasks
ReAct Agent4Drone ReAct Agent4Drone

Basic Operations 146  79.45 93.84 86.99 97.95
Navigation 339 31.56 64.60 61.95 74.63
Search 396 23.74 53.79 69.70 70.20
Multi-Drone Coordination 514 17.12 39.88 48.05 54.09
Delivery 73 47.95 91.78 86.30 97.26
Communication 32 59.38 87.50 96.88 96.88
Table 6

Endpoint-level check pass rates for paired backend runs.
Checks denotes the number of validation checks for each
endpoint.

doubao-2-pro deepseek-v4-pro

Endpoint Checks ReAct Agent4Drone ReAct Agent4Drone
dronehasmoved- 41917 4583 0014  77.99  98.85
directed_distance

grone-has 3692 3952  69.07  73.10  80.55
visited_position

tergetisreached- 1549 3117 5138 6635  65.40
by_drone

terget-in-photo- 465 1462 3720  40.00  51.61
taken_by_drone

drone_position 214 23.83 56.07 49.07 69.63
task_progress 83 21.69 10.84 77.11 50.60
target_is_reached 317  54.57 65.93 93.38 84.54
target_is 171 1579 6316 8538  80.12

fully_searched

and route-following checks: Agent4Drone reaches higher
pass rates than ReAct on directed-distance and visited-
position checks under both doubao-2-pro and deepseek-
v4-pro. These improvements explain much of the gain
on navigation, delivery, and formation templates. The
remaining bottlenecks are target grounding, final progress
checks, and some target-completion endpoints. Under

deepseek-v4-pro, Agent4Drone has lower pass rates
than ReAct on task_progress, target_is_reached, and
target_is_fully_searched, even though it improves

movement, visited-position, photo, and drone-position
checks. This suggests that future improvements should focus
on active target localization, final-condition verification, and
avoiding premature or inconsistent completion claims. The
task_progress comparison should be interpreted cautiously
because this endpoint appears only 83 times.

5. Conclusion

This paper presented MultiUAV-Plat, an LLM-oriented
simulation platform and benchmark for executable
multi-UAV collaborative task planning. The platform
exposes restricted UAV-control APIs, agent-level partial
observations, local perception, optional visualization,
and hidden task validators, enabling LLM agents to be
evaluated through closed-loop interaction rather than
privileged simulator state. On this basis, the MultiUAV-
Plat Benchmark provides 75 mission sessions, 1500 tasks,
and 9396 validation checks across target assignment, area
search, and area assignment and patrol scenarios.
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We also introduced Agent4Drone, a task-specific LLM-

agent framework that structures multi-UAV behavior around
observation, memory, planning, execution, and verification.
In paired full-benchmark experiments, Agent4Drone im-
proves task pass rate by 27.3 percentage points over ReAct
under doubao-2-pro and remains competitive across stronger
DeepSeek backends, with consistent check-level gains on
movement and route-following tasks. The remaining failures
highlight persistent challenges in target grounding, final-
condition verification, and coordinated execution under par-
tial observability.

Future work will extend the platform and benchmark

with richer dynamics, stronger target-localization strategies,
ablation studies, and broader backend comparisons.
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