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China)

Abstract: A large consumption of communication and computing capabilities has been reported in classical reinforce-
ment learning of multi-agent formation. This paper introduces an event-triggered mechanism so that the multi-agent’s
decisions do not need to be carried out periodically; instead, the multi-agent’s actions are replaced depending on the
event-triggered condition. Both the sum of total reward and variance in current rewards are considered when designing
an event-triggered condition, so a joint optimization strategy is obtained by exchanging information among multiple
agents. Numerical simulation results demonstrate that the multi-agent formation control algorithm can effectively re-
duce the frequency of a multi-agent’s action decisions and consumption of resources while ensuring system perform-

ance.
Keywords: reinforcement learning; multi-agent; event-triggered; formation control; Markov decision processes; swarm

intelligence; action-decisions; particle swarm optimization
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Table 1 A comparison of action times between event-triggered O and classical Q case

o;=0.05 o;=0.02 o, =0.01
2zl O 24>
FEIRE Q “Fo) WA /% FFIST Q “E2] WAUSRE /% TSI Q ) PR /%
600 000 192 976 67.79 129 628 78.32 100 143 83.31
900 000 372 463 58.61 257 586 71.37 246 968 72.56
1200 000 591433 50.71 475 579 60.36 406 864 66.10
1500 000 828 361 44.77 689 172 54.05 587553 60.83




%1 TR, 45 . FHORIK B 0 5 A7 > 22580 RE 1A 2 A4 1 £ 97 -
_ ity @ TEPRZRBARVEL, 0T T2 )5 e 2 M
K

FEfR—4 0,=0.05 ZH T, k% Episode f3 0,
HOFIR B Q 2% 2 Pl /D I PSR BN 407 024 PR3
JnEl 671 639 WK, HE PGSR n HIM 67.79%
R EI] 44.77%, 1T AU/ PR OB 1S KRB W T
R o A1 Ihb i o R 3 1 7 30 S8, U2 11 DR SR U B
ST — MM AE . fE R FE Episode T, [ 15
ANTE) o, 9 4 3K 3h 2% AR R R U 2D 2 ) ad A v
(R BN VE DR SR %

wmE s R, R THERKS @ = fzgi o
=4 2] 285 200 %8 Episode Il %k, A 15 K, ~ K,, W
PR o B T T S A BAATE 55, L 58 1 4 AT 55
M SRR BRI — 8. M2l @ 22 3], T
IR Bl Q 2% 2T h Ze b BE T B, U BTIZ R Ik R A
Pt A% B — A T HR W, 5 G AT 55 o Bl 2 K
DI PSR BRI RR A 2S R R R, R A R
Wi 3 AR B, ok B AR A

9.0 X10

Leg — 202
ﬁl.z ! — IR0
<
%0.8

0.4

ANk AAL J\A.u“ku‘;r'l,_‘ A AW ML
0 50 100 150 200 250 300

5 ETEHED QFIELHA 0 FIJERBES
Fig.5 Variation of the number of actions of event-
triggered Q and classical Q

Bl 6 XF b T ZEAS A1 280 1 F 44 3K 3 25 A Gt
BA B AVE R BOA J AR 15 L o 255 3 1, £ —> Epis-
ode 11, BIR o ZHUE/NSREINH N R SR PR
B (B[R] B A 2 18 0 G BA 19 Sl 4 D SR R B, FE S
FHAW P ET -, S KA -p) <K, S
9K 5y R BB R AT R

3.5 x10*
— =0.01
30 - ¢=0.02
g 23 — 6=0.05
X 20
£ 15
® 10
0.5 H
At ,‘«.\ DAY

0 10 20 30 40 50 60 70 80 90 100
FJ R
Bo ETHEHRS QFIRME o THHEREEN
Fig. 6 Variation of the number o; of actions of event-
triggered Q

4 %5 FE
A F BEHFE LT LR 3 i A2 > 2%

AT SE . B REARTE 5 PR H A, AR WL INR 25
(H A AL S BT B F ROl 26 R L, DR E =R
PAT SR . WEST A SRR, e A0 R E]
PRAE R G 0] S vF g BAPERE AU AT 32, FPFIRSIAL
i T AR AR e AR 1) 2l 11 phe SR DT 3 R ek 23 £ A
TR AE . WL, SIA SRS LT AT B T
S Al S T SE PR A BRI ER S Fh i TR T . R
KA TAR 22 T A BESE, K F IS BIL L5
5 Z MR iR 5 ) FRA MG, TP RAHSC Y
B AN FHBF I

£ % Lk

[1] POLYDOROS A S, NALPANTIDIS L. Survey of model-
based reinforcement learning: applications on robotics[J].
Journal of intelligent & robotic systems, 2017, 86(2):
153-173.

TSAURO G, TOURCTZKY D S, LN T K, et al. Advances

in neural information processing systems[J]. Biochemical

2

[

and biophysical research communications, 1997, 159(6).
JeAge, B OE, EEM, AF. T Ak T i 2 e A A
H Shidk B k[T B RER LM, 2016, 11(2): 149-154.
LIANG Shuang, CAO Qixin, WANG Wenshan, et al. An

automatic switching method for multiple location compon-

[}

(3

ents based on reinforcement learning[J]. CAAI transac-
tions on intelligent systems, 2016, 11(2): 149—154.

[4] KIM H E, AHN H S. Convergence of multiagent Q-learn-
ing: multi action replay process approach[C]//Proceedings
of 2010 IEEE International Symposium on Intelligent Con-
trol. Yokohama, Japan, 2010: 789-794.

[5] IMA H, KUROE Y. Swarm reinforcement learning meth-
ods improving certainty of learning for a multi-robot form-
ation problem[C]//Proceedings of 2015 IEEE Congress on
Evolutionary Computation. Sendai, Japan, 2015:
3026-3033.

[6] MENG Xiangyu, CHEN Tongwen. Optimal sampling and
performance comparison of periodic and event based im-
pulse control[J]. IEEE transactions on automatic control,
2012, 57(12): 3252-3259.

[7] DIMAROGONAS D V, FRAZZOLI E, JOHANSSON K
H. Distributed event-triggered control for multi-agent sys-
tems[J]. IEEE transactions on automatic control, 2012,
57(5): 1291-1297.

[8] XIE Duosi, XU Shengyuan, CHU Yuming, et al. Event-
triggered average consensus for multi-agent systems with
nonlinear dynamics and switching topology[J]. Journal of
the franklin institute, 2015, 352(3): 1080-1098.

[9] WU Yuanqing, MENG Xiangyu, XIE Lihua, et al. An in-
put-based triggering approach to leader-following prob-



<98 - O R

S S ¢

H 14

lems[J]. Automatica, 2017, 75: 221-228.

[10] TABUADA P. Event-triggered real-time scheduling of
stabilizing control tasks[J]. IEEE transactions on automat-
ic control, 2007, 52(9): 1680—1685.

[11] WEN Jiayan, WANG Chen, XIE Guangming. Asynchron-
ous distributed event-triggered circle formation of multi-
agent systems[J]. Neurocomputing, 2018, 295: 118-126.

[12] MENG Xiangyu, CHEN Tongwen. Event based agree-
ment protocols for multi-agent networks[J]. Automatica,
2013, 49(7): 2125-2132.

[13] ZHONG Xiangnan, NI Zhen, HE Haibo, et al. Event-
triggered reinforcement learning approach for unknown
nonlinear continuous-time system[C]//Proceedings of
2014 International Joint Conference on Neural Networks.
Beijing, China, 2014: 3677-3684.

[14] 5k 300, D%, FeZR. BTk shn) 248 aefkag b
2SI AR RGAR, 2017, 12(1): 82-87.
ZHANG Wenxu, MA Lei, WANG Xiaodong. Reinforce-
ment learning for event-triggered multi-agent systems[J].
CAALI transactions on intelligent systems, 2017, 12(1):
82-87.

[15] KROSE B J A. Learning from delayed rewards[J]. Robot-
ics and autonomous systems, 1995, 15(4): 233-235.

EEE AN

M, B, 1991 4, +HHF5%
A, ETRRGE T 10 SR Rk kA
> WEH

WA, B, 1972 F4, HR,
TSR, FEAT N E RS
gl i S R Re D AEPLES AL
ARG HiEh, MERHEE A RE
SEAIH 3T, £ LA 10 4%
W, WK FIARRF R
¥ EFEARBIER TSR LR
AR 300 435, HoAk SCT R 120
AhE ELIRSE 120 4355 .

XHEME, B, 1981 4FE4, Bl H %,
T, EEHE 1) RIS
LR BRI BN . B RF AL
10 &5



