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Abstract Intelligent Collective System (ICS) is an essential branch of artificial intelligence,
encompassing various intelligent components that collectively give rise to an emergent
phenomenon known as Collective Intelligence (CI). CI exhibits the characteristics of self-
organization in individual excitation, strong robustness in swarm convergence, and other
characteristics. Based on ICS, Al enables the emergence of CI, providing a powerful framework
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for harnessing the potential of intelligent systems. Specifically, the decision-making process of
ICS is a multifaceted and intricate nonlinear problem that intricately integrates humans, machines,
and objects. This process spans across diverse spaces and encompasses various stages, including
perception, decision-making, feedback, and optimization, forming a dynamic loop of information
flow. Within this intricate framework, there exist abundant decision models that enable the
system to consider a wide range of possibilities and alternatives. The traditional algorithms mainly
rely on a large amount of knowledge and experience, creating a significant challenge in supporting
the development of the system. The reliance on vast amounts of explicit knowledge and
predefined rules limits the system’” s ability to adapt and evolve in dynamic and complex
environments. As the system encounters new situations or scenarios, its performance may suffer
due to the lack of flexibility and adaptability inherent in these traditional algorithms.
Reinforcement Learning (RL) is a powerful and comprehensive approach that seamlessly
integrates perception and decision-making within an end-to-end framework. RIL exhibits a
remarkable autonomous learning capability, enabling systems to improve their performance
through iterative optimization driven by trial and error. In RL, the system interacts with its
environment, receiving feedback in the form of rewards or penalties based on its actions. Through
this iterative process, the system learns to navigate complex decision spaces by exploring different
actions and evaluating their consequences. By optimizing its decision-making policies over time,
RL enables the system to acquire knowledge and adapt its behavior to maximize long-term
rewards. Recently, there has been a remarkable evolution in RL algorithms, spurred by
inspiration from both biological swarm behavior and artificial intelligence. These advancements
have not only expanded the scope of RL. from solving single-agent decision-making problems but
have also paved the way for addressing joint collaboration problems involving multiple agents. As
a result, RL has emerged as a new and promising avenue for the convergence and emergence of
CI. However, the application of ICS faces significant challenges when dealing with various tasks.
These challenges arise due to the unique characteristics of ICS, including the spatio-temporal
sensitivity of the perceptual environment, the high autonomy of individuals within the swarm, the
complex and variable relationships among agents, and the multi-dimensional nature of task goals.
Based on the decision-making process of ICS and the operation mechanism of RL, this paper
introduces RL algorithms that specifically target the challenges posed by ICS, focusing on four
key aspects: joint communication, collaborative decision-making, reward feedback, and policy
optimization. The paper further conducts an analysis of typical applications of RL algorithms in
ICS, accompanied by a compilation of relevant open-source platforms and applicable algorithms.

Finally, the paper addresses future research directions based on practical requirements.

Keywords intelligent collective system; collective intelligence; swarm intelligence;

reinforcement learning; perception and decision-making
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RL (SRR HAn g i 2 . A 8w AT 5%
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N = N e | N 8= R 75 G IS
PE X R R BR A T3 R) 22 B B 2
Sy TR )8 i AR s A R ML T
LM %% (Concentration Network, ConcNet) , i 15
AR VHEY BRSBTS B $E T by
PEFIE . BEAh , 372437 ) s Ak 2 2 S
FHT R IC N AR U )G (0]

3.6 FEEA

BB RGNS BA 2802 KU i
YRR SRR L T PR R ) RL BT T 2k ik
ROk . ENSMECHUE R T 2 Ge Rt 240
P53 56 B TR I A R | AR S 50 A,
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KIgJgm T T NEM ARGV & K6
REME Ll 24 A F & (2 AN TN G LA
NEEDPUATERATL S5, AT T80 Tolk Rk B2
SFAERRUE S BB . b o T REEAE SR B
HH FRAAE RLED MR A L TR T R
Z15 15 B AirSim B, B AR/ ML {5 5
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Python
et O s . . Ct++
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ython
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R4 Gazebo” BRI 3D ABHABMABBI  Linux 3p xRN DREG TR, 7
Python TD3, AC, -
Ctat QL, DQN, PG, PPO, DDPG, Double
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thon
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Mozi” - Windows Python 2D X QL, DQN, AC, PPO, DDPG, ---
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KA A Linux Python
A DQN, DDQN, Dueling DQN, PPO,
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_ CityFlow®” KIS 17 2838 15 BF- &5 _ Python 2D X DDPG, TD3, SAC, A3C, PPO,
il Linux
. QMIX!
B _
A . X Windows . )
SUMOY  fit 2l i 45 90 L 4 1) 38388 15 1 5 L Python 2D X QL, DQN, SARSA, PPO, A3C, -
Inux
D e, Windows ) )
StarCraft” 28 BT IER TG . Python 2D X MADDPG, QMIX, QTRAN, VDN
mnux
ik - Windows MADDPG, DDPG, PPO, OMAR, Tar
T MPE® LR REAEE . Python 2D X
M Linux MAC, ---
o o o Windows
MAgent”  SCREECE T SRR 5 L Python 2D X DQN, DRQN, A2C, MADDPG, -+
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W8 RL AE S T R R B 5 5. b,
AirSim A B8 1 AN T84 47 B A e F7 45
WA AirSim $2HEAIRES ABE(E B RLIE TS5 H
by g Je SRR L BB W2 I DQN . PPO 53 fk 2% )
AR TC NP SRAT 55 1 R B, Rilysim -
ST AT S RA TR AL 0 T N EETE R G L SRR
TRE AR S AR ER ST T A R R A
G E . RESLER E (FeiSilab) L Rilysim A 15 .
R T 24T NERD IR R G IS E N
ZRIIE KRG G s AR AR R
BRI R R R AR I B AR R G4
LR R 42 10 8 58 R Bk, SR K AR B B
()4 55 o A e KA 38 1% 20 I 4 . Carla” ™ -5 05
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7 P SRR e IR 55 s P TR RN 2 E YL R
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it PR AL (0 22 Jih A5 5 I R R BE o 22 ) 8% SR A
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REPLE . AN, Carla 2 & Gym FF & T 828 14 1
MR P # 10 Gym-carla, B2 3 FF 2 Fpois fb 2% > &
1. Gazebo " 45 A ML NBRAE 248 (Robot Operating
System, ROS) $#4t 7 3D sh LA ABLURS , &1

@ https://github. com/microsoft/ AirSim

@ http://www. feisilab. com/

@ https://classic. gazebosim. org/tutorials

© http://carla. org/

© hittps://github. com/deepmind/mujoco

@ https://gitee. com/hs-defense/moziai/

® https://github. com/JSBSim-Team/jsbsim

@ https://github. com/cityflow-project/CityFlow
@ https://www. eclipse. org/sumo/

@ https://starcraft. com/zh-cn/

@ https://github. com/openai/multiagent-particle-envs
® https://github. com/geek-ai/MAgent
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(6) Gym—Car 1 a4l 2247
[ 3y 25 g 166

(7) Gazebo L4 ANASEHIT E AR (8) MujocoZ %4 REMAARAL (7 F A5 1109

K8 JCALERET -

18 4% . AR 25 47 8l (Command : Modern Air/
Naval Operations, CMANO) & 52 [ #i 7Y 42 = fe fiL
e -5 . A6 AR F 32 CMANO 1a & - W&
T #BF (MozD BR G VR ME T R 40, Hrh &+ AL
GO TERERER RGN L S5M5% . &1
ALV 5 BRAE il 2 A1 55 A8 DI AE SR B s, T i i
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Q) WMHRBRITET &
(CityFlow) ™!
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speaker = . predator 1 predator 2 O zsin\t)l
O = @ OQ O @
O predator 3 -
@ » L% @ X agent3
® O O
(a) PhEE(EIESS (b) &S (c) Ph R SAUESS

(5) Z kT I 45 (MPE) (73]

‘4 {magent
i ey

(F) AT

(&) A HUES
(6) Z H et T & (MAgent) 7

9 EHHER A S RE NN &

(Simulation of Urban Mobility, SUMO) "™ & &
— RO 2 AR s [) 34 252 s i) 5 18 ) A2 7
VB BRI IUAS [ REAK 19 2 3 s AR 75 K A i
BB AR S, M 2 TE A AR L S 0E A 4 1
(Traffic Control Interface, TraCI) AiBE RL & 42
HET AE £ 5 i #2210 R Python #% 11 . /1 T SUMO &
AR B R Y [ ) S B K e s S R L AH OCAHE Y

@ http://www. openstreetmap. org/
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Background

Intelligent Collective System (ICS) is a system composed
of agents gathered in space and time, and agents complete
tasks in a collaborative way. The emerging intelligence form
ICS 1s Collective Intelligence (CD. The assignments of ICS
are complex, and the environment is dynamic.

Reinforcement Learning (RL) is a kind of end-to-end
method that combines perception and decision-making. It has
an autonomous learning capability through trial and error
iterative optimization. To match the complexity and diversity
of the natural world, RL develops from Single-Agent
Reinforcement Learning methods (SARL) to Multi-Agent
Reinforcement Learning (MARL). The research direction of
RL evolved from targeted decision-making with a single
objective to cooperative multiple agents. RL provides a new

way to improve the performance of ICS. Specifically, the
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agents of ICS need joint decision-making to achieve CI, and
obtain feedback of reward mechanism, then use the feedback to
optimize the policy. RI proposes the generalized paradigm to
construct the process for making decisions.

In this paper, we first analyze the RL. method in ICS from
communication, cooperation, reward assessment and policy
optimization, then introduce the typical applications, and list
the open-source platforms. Finally, the future directions of RL
methods for ICS have been discussed.
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