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SWARM-LLM : An Unmanned Swarm Task Planning System Based on Large Language Models

LI Tingting' , WANG Qi'"* , WANG Jiakang'* and XU Yongjun'**
1 Institute of Computing Technology,Chinese Academy of Sciences, Beijing 100190, China

2 University of Chinese Academy of Sciences,Beijing 100049, China

Abstract In response to the issues of insufficient autonomous intelligence in unmanned cluster systems,low collaborative effi-
ciency of heterogeneous unmanned clusters,and unbalanced task allocation,this paper first proposes a new unmanned cluster task
planning framework(SWARM-LILM) based on large language models to meet the needs of unmanned swarm systems for autono-
mous planning,efficient collaboration,and intelligent decision-making. This framework leverages large language models to trans-
form high-level task instructions into specific intelligent unmanned cluster task planning solutions,achieving collaborative tasks of
unmanned clusters through multiple stages such as task decomposition,task allocation,and task execution. Furthermore, this pa-
per designs a prompt engineering method specifically suited for unmanned swarm planning, called the planning chain (PC), to
guide and optimize the implementation of these stages. Finally,we construct tasks of various categories and complexities in an un-
manned swarm simulation environment(AirSim) and conduct evaluation experiments. Compared with other algorithms based on
optimization and machine learning, experimental results demonstrate the effectiveness of the SWARM-LLM framework, showing
a significant advantage in task success rates,with an average performance improvement of 47. 8%.

Keywords Task planning, Unmanned swarms.Large language models.Collaborative strategies,Intelligent decision-making
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4.1 MERRIRE

R (Prompt) ¥8 1] K8 5 #5802 it g A DL 51 S H AR A
g i R SCA R 4 . Prompt BY B Y2 51 SRR AL = A
JIT e 1R TN, DA B G 42 o A 0 i e B R g AR A

(a) Intent Understanding

You are an assistant helping me with the AirSim simulator for drones. When I
ask you to do something, you are supposed to give me Python code that is
needed to achieve that task using AirSim and then an explanation of what that
code does. You are only allowed to use the functions I have defined for you.
You are not to use any other hypothetical functions that you think might exist.
You can use simple Python functions from libraries such as math and pumpy.
# Task Requirement Analysis

tasks = [ {"id": 1, "type": "area patrols”, "skill_requirement”

ansport”, "skill requirement”: "transport_items"},
3 "detection strikes", "skill_requirement”.
["object_detection” "strike"]} ]

" "Dronel”, "skills": ["object detection”]},

{"name”" . "skills" ["object detection’]}.
{"name” "1 skills”: ["pick up"], "mass_capacity”: 10},
{"name”: "1 skills”: ["pick up"], "mass_capacity” 8},

{"name""- "Drones", "skills" ["strike"]} ]

Certainly! I'm here to assist you with the AirSim simulator for drones using Python
code. Please provide me with the functions you have defined, and I will use them to
craft the code you need to accomplish your tasks with the simulator. If you haven't
defined any functions yet, please let me know the specific tasks you'd like to perform,
and I will guide you through the process using the available AirSim Python API

Sfunctions.
ool Use

Here are some functions you can use to command the drone.

aw.takeoff{) - takes off the drone.

aw.land() - lands the drone.

aw.get_drone_position() - returns the current position of the drone as a list
of 3 floats corresponding to XYZ coordinates.

aw fly_to([x, y, z]) - flies the drone to the position specified as a list of three
arguments corresponding to X, ¥, Z coordinates.

aw fly_path(points) - flies the drone along the path specified by the list of
points. Each point is again a list of 3 floats correspond.

B2 s . ASCE i & BT OB N SR BE AR 5 M R Y
Prompt——}L 3| 8 % (8 AL AT 55 73 i AT 55 20 WL AT 55 1A T 45
S B B B A S DT 412 v A TE N THE R R RO IE T AR
55 ST R AP BRINE .

(b) Step-by-Step Reasoning Template

Current Prompt
Let's think step by step.

#SOLUTION

All the drones DONOT share the same set and number (ng_skills) of skills
& all objects have different masses. In this case where all drones have
different sets of skills and objects have different mass - Focus on Task
Allocation based on Drone Skills alone. Analyze the skills required for each
subtask and the skills each drone possesses. In this scenario, we have one
main subtasks: 'Detection Strikes'. For the ‘Detection Strikes' subtask, it
requires 'object_detection ' and 'strike skill.

Execution Steps

Step 1

Initiate the "Detection Strikes" mission by commanding a drone equipped
with target detection capabilities to utilize the detect_target() function to
identify the target.

Step 2.

Upon successful detection, relay the coordinates and details of the target to
a drone with strike capabilities.

Step 3.

Proceed to the target's location and execute the strike using the
strike_target() function by the drone designated for the strike mission.
Step 4.

Confirm the outcome of the strike, ensure a safe withdrawal, and return to
a secure base.

(d) Feedback Mechanism

#Example Interaction

System: "Detection Strike tasks are ready for initiation. Dronel and Drone2,
equipped with 'object_detection’ skills, are prepared to detect targets.
Drones, with its 'strike’ capability, is on standby for the strike phase. Please
provide your command to initiate the mission.

User: "Initiate the Detection Strike mission."

System: "Detection strikes mission has been completed have been completed.
Detailed report is available for review.

User: [Review the report and provide feedback if necessary]

. Meta-Prompt: instruction and Context . Progressive Reasoning Template

B2 7R TR AE 1R

Fig. 2 Construction diagram of prompt engineering
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i 8 45 AT 55 BTN % (Success Rate, SR) sl 4E #1471 (Execut-
ability , Exe) #1 T AHLF] H % (Unmanned Aerial Vehicle Utili-
zation Rate, UR),
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Table 1 Performance evaluation of different large language models(LLILMs) in various task scenarios

T 5 X G REH FME S
Methods
SR Exe UR SR Exe UR SR Exe UR SR Exe UR
SWARM-LLM

o 1 1 1 0.916  0.944 1 0.833  0.900 0.833 0.750 0.795  0.833

(GPT3. 5-Turbo)
SWARM-LLM(GPT-4) 1 1 1 1 1 1 0.916 0.950 0.916 0.833  0.924 0.833
SWARM-LLM(GPT-40) 1 1 1 1 1 1 0.916  0.966 1 0.833  0.924  0.833
SWARM-LLM(Claude3) 1 1 1 0.833 0.861 0.916 0.750 0.750 0.750 0.583 0.757  0.666
oAb 5E % G 5 0.583 1 0.583  0.250  0.291 0.500 0.166 0.233 0.333 0.083 0.378 0.250
ML % 3 R FAD 1 1 1 0.500  0.694 0.500 0.416 0.533  0.500 0.250 0.500 0.416
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165 2% TN 22 4 B A AT 45 Hh i+ €0 38 B HL ok TE A LT &5
PRI AR Ve, R Nk . GPT4 R 3 A5 1f % # 3 52 2% 1
AT 55 Bl 7 B T 32 A VR A AT 45 B 475 4% T I 2 — S A Bk
6.2 HELELIEAHT

AR SCTE Ao T Bl S 0 PR AN AN R 3R O 0 T N R RE AT 55
RITERE M5 . BEBELE A HERE I A 19 GPT-4o 1B Ky B il K i
FACAL, B X 3 Fh 2 R R mg . BD 2D BE R $2 7R (Few-shot
Prompting) . & 4 £% (Chain of Thought, CoT) LI K& ¥ & #%
(Planning Chain, PO #F 47 I /il 55 5 , LA 3P4l B ATHE A W 4R 55
MEFE G T Y AL %, Hob, Few-shot Prompting J& 3C ik
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1) Few-shot Prompting: % H /> & FE A2 78 K J3 sh & A
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T ANALIME R 5 id R D 2 00 B 3 TR . X R U LAl
45 43 T % W 7 b BT 55 37 5 0 R AR R BB IR) 22 A4~ T8 AL T
i A7 7E R R

2)Chain of Thought: & 4 4% 8 12 12 25 i B A0 A 86 ok fiff o
7] 5, i SWARM-LLM R % 7 4b #5224 1T 55 i 1k 47 3% 46 #f
P, 72 TR b A o [R]85, AT ABCEE 5 3R A AR 55 0 R0 . S 36 45
B, CoT 76 i AT 55 M 43 5 2= AT 55 L RFLAE Tk
AP . BRI, 24T 55 10 2 2 b alk — 25 T+ 90 45 B v I 3 75
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F G ok 1 A HC 9 B B AR o L 3E IO AT 45 PR B 9 A8 1k A T8 AL
Z A B EMET K .

3)Planning Chain: 5| A B3 (438 B F T8 A S B AT 55 30 &)
PR JG  oR AT 55 HL R HE SL Rl & T 0 JE 8 BE AT 55 40 19 7R
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Table 2 Comparison of task success rates with different prompts

Methods TES  HEEES AixEE RMHES
Few-shot Prompting 1 0. 400 0 0
Chain of Thought 1 0.916 0.666 0.416
Planning Chain 1 1 0.916 0.833
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Fig. 3 Types of unmanned aerial vehiclesC(UAVs)
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Fig. 4 Unmanned aerial vehicle(UAV) executing area patrol mission
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Unmanned aerial vehicle(UAV) executing strike mission
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