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Reinforcement learning and  adaptive/approximate  dynamic
programming: A survey from theory to applications in multi-agent
systems
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Abstract: Reinforcement learning (RL) and adaptive/approximate dynamic programming (ADP) algorithms have recently
received much attention from various scientific fields (e.g., artificial intelligence, systems and control, and applied
mathematics). This is partly due to their successful applications in a series of challenging problems, such as the sequential
decision and optimal coordination control problems of large-scale multi-agent systems. In this paper, some preliminaries
on RL and ADP algorithms are firstly introduced, and then the developments of these two closely related algorithms in
different research fields are reviewed respectively, with emphasis on the developments from solving the sequential decision
(optimal control) problem for single agent (control plant) to the sequential decision (optimal coordination control) problem
of multi-agent systems by utilizing these two algorithms. Furthermore, after briefly surveying the structure evolution
of the ADP algorithm in the last decades and the recent development of the ADP algorithm from model-based offline
programming framework to model-free online learning framework, the research progress of the ADP algorithm in solving
the optimal coordination control problem of multi-agent systems is reviewed. Finally, some interesting yet challenging
issues on MARL algorithms and using ADP algorithms to solve optimal coordination control problem of multi-agent
systems are suggested.
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RAL 2 5] (R 58 5 2], reinforcement learning,
RL) 5 H& R sha H K (AR 3D 25 B4, adaptive/
approximate dynamic programming, ADP) 57k /& 5
IRAR A ) 2R e 2 1 A5 7 2 — B A LRI (dynamic
programming, DP) % JJAH OC ) “ W27 Bk, T4k,
KEANLTHEEE. RG-S H] DL S 5 S5 AN [F)
AL 1 2% 3 % RL Al ADP 5. 3% T T 1 T 28+
TERR I BCR, B 2 I H A& K R B AU R e
B X R IR SR O RLADP i, DL B 0
AR — SR FS B AR A X X P
K7 HIE, ARSI A B R AR 2wl
A AR B 98 A3 = A= (1) e 3k AR BB A0 A2 B
FH 3t X T #E 3 RLAPD Bk Ryt — 30 R e e — A
ERPGFIER. AL FEMNNTE RN RS 5
it 54k 3 7 A 2 RL AT ADP FRIFF 5832 2.

RL 552 55 T4 %% °J (trial-and-error learning)
BARW — PR v, B SR RS R R
IR Re S HIE AR R A B T g KRR, “ o
W7 —ia i B 1927 4F, H TR B H % R 1M
S A S SR B8 R B AT e K 1Y 10, L F 20 tHE
60 AR, “aRA” A “RRALEE ] R EERE A G
F T $ik TR B A i Al o 2081 E N 20 Al
80 X, RL VL IZ AP 1E 1y /R R R Y S i 7% (Markov
decision process, MDP) HE 42 s 7 37 2 AH X 7™ %5 1 4
SR, R AR N AR T R HE R AE B S AT
FUIAE A, RLEIET 2 F T4 di R A 18 2% 5 4 ek,
[F] B RL S5 N T oD EE L R R gl
S G SRR O 0] RIS S I H Sk 9 A8 SR FE I A%
N5 — AT L AR, RL BEVE AN K e, I AE
— RYV AP 1) AR T TR gk f 181,
112016 4, DeepMind ! 2 1] [l #LF2 /¥ AlphaGo 5§ [
7SR R FE 0121 OpenATL & AR 19N T8 Ge 5%
FEJiE R Dota 2 il 7 AR TR K 3. th4h, RLE
VRICAR LT N T A R me s i) L 2R TR R L T
T8 R BV P A AN PR P4 3 ) i 421

RL Bk FEH T /5 51 H 38 10, m] DUKH B 1o
I3 N B RE A 9 4k 2% 2] (single-agent reinforcement
learning, SARL) F1 £ & & {4 3 {L 2% 3] (multi-agent
reinforcement learning, MARL) 5 5 SARL A EH,
MARL 7£ fife g AT 9 28 15 A5 (fF 858 1) e PE 1 (W
(7)) 47 1] 5 e Ak o 55 1) it o LA B SR D AL, HL
Tz SR T B 32 5223 e A A Ak i B 14T
I 2% 0P A% % e AR AL 2O2T . 2T N R G [FAE

25128301 A5 vp . AR TT, MARL TE i v HIASE 2 8
& & 4t (multi-agent system, MAS) It 1t 5 #15 1 # #
A 5% v ATY SR T I VF 22 87 B Pk, o RL 4T 21 2 &
RE AT 210 P Foh 32 900 7 925 2 b Sr 2 2 BU R 27
SJU2 AR ST 2 I HE ZE TR, 5 B B AR i S M AT
RL 0%, 4 oA R BRAR A R BE I — 5 77, RIS 2
SIMEZER, 18 K A MAS A — AR Redk, BT &
REAA& BB BRI N — AN AR, % 1 B & PR AS-3)
TEAE PR (Q B 2. 25 T ER WA 7 ik, — s 23 [
GRIBEARER A 5 2] (R B0 58 % P R M e S 2 ST R
SPRMEIR T — e uH A MARL 59E. Ak, Wi S
BRIIE A — 282 2] 7 KN THMSL ¥ ) I G % ) 2
] I MARL 5%, B4 5, 4 MARL 550 5L 24
BIATIAL T3 30 A R BB B, AH G 9 A 3= Bl ge
i) R IT R FEAKE AT AR SR B R A R R
ST MW P IR o) B T AR 0 R R A R AR &R G 1
AT M A R0 BRI 85 P R P R SR 1) 5 4
e B 0] G R T ) R 2 A A R
RefA J5 15 BB FAPEAE.

fERL B AIERH B 5 R B R B, A
TR R LA J 7 405 2 ) SO K TN 5138 R A
THEHEAEH. — R E LUk, RLAEZ 7L DP I 24l
e, 38 I TR DP 7 25X A 5 A AR (1 A R i vk 4 2
GEME ] T oK. L B AN RGE) ) E A T
F S R R G s ) vl @, B B rT DL DP SLVE:
KA A2 THE B B A AR B RN hn iy 2 45 B G
KR “ AERICI AR Tv) R SR P A28 1 e GRS ) RO RS
fife i ME LGRS, FEIX — B 5T, RG-S40 A 1)
735 A RL A AR ATROR I 25 6 s 5 il B0 3
SRIEAL SR A 77 75, B ADP J7 7%, DLIRASE T 3R R 4
A R L RE IR LK %, ADP RS T RL. M4
I 285 I [ 3 R 4% 1 S B 5 7 R ORI B R R G
Mgz il ] L FR it 1 B A R

M5 3 A5, 20 HH 42 50 48 AR Bellman®®! 7£ f
FICJE R 22 W BLR SO RR AL 1) R 3 T 35
209 DUR 2 i e v S 38 (RP 22 B B vk 3R A2 1 i A
HEWE E A a0 P B Jo v ik B A A RS A s
AR, 58 Hi R S ST T KPR S 1T 5, J5 22138 1 3R 4 23
1) s L S ), T RIS T BhaS UK. JE T DUR 2 8
e D 3, 5 22 B B ke 3 i) SR A Dy SRR e 2 - e
] Eb- D1 /K 2 (Hamilton-Jacobi-Bellman, HIB) J7 & []
BT AT B B A . SR, X SL bR R A
i) ) 5L P 3145 (1) HIB J7 #2 K 22 A B il b i, R FH %k
AT BT 1 7 VAR 3K HIB J5 R I 2048 A ml S )
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DP J7 2 3K fift e A% 1) 1o R ) — AN 2 EF B AR —
TR, JLUTF AT A B DP 7 E# nl LB 2T RS
1%4X (generalized policy iteration, GPI) 5.ykl!, FyksL
it H SR VPt 55 SR SO P AN RURE DA PR RS B
BT, fEX—HEZE R, SRS 154X (policy iteration, PI) &
VEBTFIME AR (value iteration, VI) BLyED 2 B 52 ¥l
HIPE TR, 75 E UL 52, DP J ik 2 —Fh B kI (off-
line planning) )77, 7 ZL 118 58 & I R 413 /1715
BHH SRR AR I G, il “AERCR A AR N
Uk g5 SRR 2R G A, B T AR T
WO R G BN J17 B siZ4, J5 ) FH DP J7 i 3K fig A
S HIB J7 R S SR, LUK A7 s v i et
HIEEXT R G AL 1) S HOR A R N BN 18, BT
RGN RN KRGS HOTRe A HERCY. £ 5T E
I 5 R, Werbost32-381 -1 ih 25 [ £ 25 by Hi i AL 285, T
BT T ADP J7 V5 328 A 52 45 5 48 i) 4 ek
) 5L ELAIT TT 7 7). ADP 5 i /& — FfH#E 2% 5] (online
learning) 77 V%, Fo B TR A5 & G0 S Wi ) 208, Al
FH BR Ei i AL 45 #e) LAAE 2 558 1) 775 S-SR HIB J7 2 1
WAL, B 5 3R AT 2R G I Aol e AR 4 ) SRR, Re s
SRR TR A S0 38 G ) AR A 42 ) ) R, A TG N 2 B VR
U1 N R 4 11 =N 7 o IS8 i N S = S =
AU EA T Z N ). — e R, ADPEVE
P I NG E X “control is dead” X — 1%
FEE AR — ORAN Je [l i

HEN 21 20, 4B REOR L B3 BRI 5 A 3%
AR PR R R S B T 0 A TR
ZI B0, LEIX — 5 50N, IR RIASE [ o2 LAt 4 it 2]
I BRI R RS H 25 230 &A1 &5
FIHFAE, B AR R 48 L2 B P2 R & R T
B RGE) @B MAS BN RSt 5476 1 e e ok
4. ADP 1E fif 1R T2 TE € B 1 MAS S5 A0 B 30 2 1) i) 8
J7 T 7 Y BEUOR B 7, W MAS S AR A — Sk 1)
T (B RS [F) 22 1) P94 MAS it [0 28 A i
T 0] OS50 MAS H o 1B 5478 i) [ @i 166-700 1 75 45
To N 2 Gt 4 BN 425 il [ 71790 8

RL 1 ADP 7£ \ T8 G2 438 i #E 1R 5 B F K J
FITE 2 405 2 ) A0 sk 1 3818 5 B &% R, 35 IR 4E B
T AHSRHI T AR R [ 2R () JRi L, A AR B AN A
F MASTA] A B2 % RL AT ADP 550325 (1) B IF 78 K FLAE
MAS 1 5 F I J ik SCHR VR A 5 SRR 180841 SR, 31
A KT RLEEN 7T S HAEMAS 1 B B 95 77 T 7
ZRIR K 22 5100 B — FAA 1a) @/ S5 B LT R 250,
UIMAS R 5862 >3, 410 F F ADP SR i MAS

S5 P W vl 4 o) ) B — T 7 AR ) o 8 LR R i A D
DL SCHR. 3E— 25 Hh, 5 45 4 Hh i 3R RL A1 ADP IX
ANEE VIR R I BV AE A [RI T 78 00080 1) R e P R A
B AE MAS H (1) 8 12F Jg, % T RL A1 ADP 5.3 (1)
B — DA kR DA R HES A R HVEE MAS AT 55
() R BIE ER A M a . AR SC B AE RS PE 2508 RL AN
ADP M i H] T AN R AR (42 106 ) 7 BT SR (B
Pz i) 1) 2 2 MAS 7 5% ok 5 (e A0 W i 2 1)) ] et
1) 2 FE2 Jok 24 R A AT 7 3E e (00 L A2 2020 4F 22 411
— SLRHTB FdE ), DU A SR N 1A TR 4
RN RN R PE S, HAR M, ) ot
5B R DL R ek 2 A5 B A8 R A B 2
BEERL. 5E4BURE G B MARL 5317 58 94
B or KNGS, HE— 25 M, 78 7 Z A 46 ADP 5L
SERAR A R A ph 2 TS A B 2 R B TE AL 1
TELR2 31 R R I 2 hk L, 2538 ADP 57A7E MAS
spc M B R 4 ) Il R R

1 HBERAERLES

RL 55 /2 i e 7 53 1R 5% Il 8t 1) — A0 4 BB Ak 7
T, 5 ST RIS #0528 R S B AL SRS
1.1 MDP =R EARENN

TERL L, 5 5] F 58 25 KON % e 1K (agent),
HREAR Z AT 5 A BAE 0 E ORI,
BE M 5 R 1458 B AT DA IR Sy o B AR R REAATE
¢ BF ZI 3% G0 BR BRI ARAS s I B EHAT BN AE ay,
YRS R B — DB HPIRAS sp01, R S5 ¥
HH S P BB 22 il o SRS B BEAA. B BEAR I B bR
&2 2] — AN S SR A B Mk B B R, DL SE LK A
SR OURR B4R £ K AE. RL il 3 1 T SR A R 4
FEIR RAE T — B ZI PR R 5 400 i 2 1R &S
MBER G, M5 Z BT PRSI R W T I (RS
SR 7 728 8 0 2 Jily B B A B IR R R MR 5 R B
1), N AT R g A% 9 MDP, 358 R TG
H (S, AT, R,7). Hh:S WIREE, ANNEE T
NIRSHBMEREL R : S x Ax S — RANXIK
BT RACGRSEHIL), v NI 1. £ — 1
T, AT B B 314 (1 22 il il N — A W= 20 A1 3R
WS 2 WOTR A BB A 3 1 3 BEME 2R 2 W] I i, 12
(als). R, 5 1 SRS A MOIRES B3 4F 1 L
1.2 MMEERH

BREAR S IR ST 2 B, FRIR A a0 R

<50,a0,r1, 81,01,T25 -3 St—1,0t—-1,T¢, - - > (1)
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FERABHWI ZICEE)t = 0,1,..., WAMALERE
s¢ RATEIAE ag, FRAG 2 10, FEHEN — AN HIR
A s IWSEBRE 0™ (s) MMIRE s HR, AT R
m AR AT B 82 EAT 02 5, AT AR IR

+oo
v™(s) = Ex [Z Yirev1|so = s}. 2)
t=0

WESEAE R E ™ (s, a) AR s AL RIEIE o
J5 P IEAE SRS BT ERAS (1 ) B AR 02 Jih, T AR
ZVs

+oo
q"(s,a) = E, {Z WtrH_l\so =S,a9 = a]. 3)
t=0

B L RBE 0 R I B AAUIR SR B BN S IR S B E AR
PR e A v* Al g, 3 2 W Bellman s A 55

v*(s¢) = maxE[ryi1 + v (se41)],
“ 4)

q*(se,ar) = Elreen + Wgﬁifq*(swrh ar+1)]-

T RFS VR Q 43 AR BIERDIR A A o HAAR
A R AL T
1.3 SBEBEREBLEIEE

SARL S (BRI &5 SCHk o 4 & (1) RL 592 32 22
S RFRAGTIRL . FE T {H R Z00 oL RL A2 T 52w B
JE RL, 59275 25 W4 1. SARL M 75 16 704 1) B0 95 3% 4
RIEBITCBA M EIE, A T itk — B o RO AN 48
AR RAS 0N BIARAL PSR 1] 7, SR A% B Rk
R B R B AU S M Ao 38 B0, e A 4 R s
THEE NS B R -PE8 & (actor-critic, AC) B2

F=1 SARLEZESA

RrE St HEAARR
F A A8 MC®! TD® Q-learning™”, Sarsa'®!
18 bR B0 B 89-96) DQN™ Double DQN", Dueling DQN™?, Rainbow!**!

o

TRPO!"™, PO, SAC!' DPG!'*, TD3!'", A3C!*

131 R#KH

FoA% M RL FVEARUME B H RS RN
38 H TR TN BN 23 [ /N I . A% Y RL A
VT EAR SRR P (Monte Carlo, MC) Bk | I Jr 2
/3 (temporal difference, TD) 51545, IX L& L LI DP
SEAR LA, MC BRI 51 N b R 1 FREEAAY R A1)
HMe R4 1T TD 2% ) NG54 7 DP 5 MC, il i 51 N\ | 2492
(Bootstrapping) B & T & 2 FE, & RLIZ O R A2
—. XV B NS L B ) A 58 A o) 3R
W, TG 75 M R R A PR B A AR 1tk R B 2.

TD AR AT A T

V(st) + V(st) + afreetr + 7YV (ser1) — V(sg)]. (5)

5MC FEAE — RS R H B AR G B AT A
A, TD HVEKH rivr + AV (sp41) ILLEIHR, £ T —
) 2 R AR AT 5T, B 3 S 1) SRR L TD
AL H Sarsa. Q-learning 545,

A B 428 1] 2 2] 7732 S THT W — A R 35 8 SRR
AR, Oy T 3RAR B 2 22 i R AT g Ak 4 4 Al
) B E, TN TR RGN BN E LER
A] BE 2 Hb 2% 3 HAth 3 /E. ¥R & (exploration) 1 F] H
(exploitation) A~ R 3 G i AH TP &, 3wt & RL 18] I
“PRZE-F|FH H 3% (exploration-exploitation dilemma).
SPATERZR AR I 7 VE L FE I R | SR I UR AL | 1
RAOTLEARFIRBIM TV, e- T 0 SR BE & — Rl 75
) T7 1%, 6 R R R AR 2 ) Y T 8 — > P 7 ik,
TR THARZ AR, Dle BEZRHITIR R, L1 —¢

FRIHE AR AT I H.

R T ARUE RS, 75 SREE R EE T8 55
ISR e U7 in) EER, R TIRER S
FIFH R DT YR H T3t 565 12 ] @ ) e ok 07 52, AR A
AT HEWE 7 VPAk R 2l SRR 1R S 7], AT 4y A R
5 (on-policy) Fl 2 B 5 W (off-policy) J5 2. {E [ %1
FEE T2, T A BCRFEEAR 7 51 147 3 g 5
TS bR SR B AR Uit R G ) FR SRS 2 AH (R 1, 1T
TE B ENUHEIE J5 1 TR AN ().

Sarsa 5801 J2 [H] 4 HEBE R (1) TD 55032, H o
FN 4T

Q(s¢,a1)
Q(st; ar) + afripr +7Q(St41, ary1) — Q(st, ar)].
(6)
B, A2 BCRFE RO 7 B I, R 2R T 24 80 Q pR AL
(1) e- T 0 SR WS A E R VP Al & 1K ST P, @y 19
MR R T 24T Q BRI - 00 RIK.
Q-learning!" /& B P H WS N (1) TD 55032, H o8
FN 4T
Q(sg,ar)
Q(s1,ar) + afrip+
’Y{gif@(stﬂyatﬂ) - Q(stvat)]- @)

FARM, Az R AR E s Fr 51, R 2 2400 Q s %L
) -5 0o SRS #E _E 3R DAY SRS 1) BE B AU, a0 oK
P00 Q B BT I R Bh A



1204 # % 5

xR %38 %

Sarsa fll Q-learning #& P4 Fi it 17 1) TD 2R 52, (H
T IE H s AL sk SUAS [R]38). Sarsa A2 [R5 R
SRE, e H bR SR 5 AT N SRS AR R, R R R
IPR <7, B3 B T 76 26 2 21 3 5. T Q-learning /& &5
BHUSRS SRLVE, HE H AR SRS 54T A SRS AN [F], fEAR R
B, — M AUE H T B L& s T Q-
learning, Sarsa SR (1) & X DL U 7 58, (B HAE £ 1% R
i
13.2 ERHCEMU

FEFA KU B2 SR A& A B 7 8] R oAk 2
TS5, A B 7 VR T B v SRR i B e
KPR MBS, 2T 50T, R BUE T T R I
B5m Ak 2z o) Hp, A A F— AN S 4w AT
MEREL Q (s, a; w) BT E R EL Q(s, a), R 45 BE LR
£ BRI, SRR AR5 7 R ZE 0 S50 S FE T )ik AT
LUNNE T

w4 w + P1 - [Up — Q(5¢, a; w) |V Q(5¢, ag; w).
3

Sob: BB KEH K VuQ = 02 Q4
w B FE; Uy XF Q (¢, ar) MG VA, X B AT EURMC
fhi+ e TD At it

AEL BB ES A T AT U A T ST Bl R
P AEE 28 S5, | SR U AU R mT DA S B 4 )
AR, BRI AE /1A PR HL 75 ZEARYE S50 iRk BUE &
B 55 BIRHIE, WL RFAE G4 22 T2 | FL 2 L B
Jr YA A G B A5 5-891 el 25 ) 4% A5 7R S 224 A A1)
R, P FH A 22 I 5% (1) e 1 08 R DA R Bk
TG RIS T R 2R, 2015 45, Mnih 26190 §2
H R FE Q 4% (deep Q-network, DQN) &5 A 1R & 27
SIFIRL, S T B4 G S5 m 4w s gk AT
RL. %575 F 4 28 W0 28 547 {8 R BGEAT A, F 43
AR T 256 HTBONT H bR P 28 SR 52 a0 R FH 2
BAAT A A AH S 1, S B 1 I e e P A THRS B 1
PEm. X B RL SRR e 1 1) s 5K 0 6 1 2 0 R
B SEAGTHE T Z [R5 /N, J7 ZE 0 /INs e bk
. AR, SWDQN(double DQN)!, ¥t} DQN (dueling
DQN)PH &5 55T~ DQN (1) 50k S0k o AH 4 4 52

Rainbow 5754E 5% T 6 F DQN [ kgt 77 v, 45 &
ML, RS B T ORIRAR =300 IREERL
()R b &35 RL IR FC A0S FH E N T S B B
1.3.3 SREEBEE

B 505 TR 2 T Sh VR A8 ok 5, B 527 2 3))
PR R 55 AR A5 v IS E B R BOE B . 5

31 B A i 8 o8 B U7 kR [, SR E (policy
gradient, PG) 5 ¥ EL 4% 5 5] HEME, FI 1 20 0 2% 55 2 4
R B £ B I SRS 27 VA B EL% S 2L Ik R Bl
PERORESR, Sl & PR B (0 1R O 12 A0 il i E 1 10
TR, E IR AL P SRS A ).

H AR, PG IEET I Z BAL I AT e # (s, a;
0) BT B R WS R 7 (s, @), 5 21 1 H AR B M B
bR J(0) ik, AT %E SCH

“+o0
J(0)=E {Z ytmlm] : )
t=0

Hmg An(s,a;0) IS, N T R T(6), R
JE ETHEXN S0 34T R, A
0+ 0+ By-VyJ(9). (10)

Horh: By NS B ORI HFTD K, Vo Ty J X 0 B .
FRAE PG & BRI, it B4 S e (456 2 G

Vo (0) x Q™ (s,a) - Vglogm(s,a;8). (11)
H T4 18 BRI BAE Q7 (s, a) AR FN, A A THE U AR
# Q™ (s, a). REINFORCE #.y%:8 F1 AC 521 43 Jil]
fi FIMC A& T+ .20 TD A1+ U,

#£ REINFORCE 5.1, U, IUMC {1 G;. f£PG
F1RY B0 BT v 8 I — AN 2, AN 2 TSR B U BT B2, (E
AT PARRARAL THE B 5 22, 7 2 28 ) REINFORCE 53§t
R

VoJ(0) =[Gy — b(s)] - Vglogm(s,a;0),  (12)

Hodrb(s) FoFEsk, How FEUE IR SE R 2 S 5k
it

Konda %51 25 & o6 $ LRI PG 1 P 52 21 7
EBRH T AC 5= STHE AR, o rpoiE 1 3R R 2501 2 50K
FFR N Actor, 18 I M 2R EL 1) 2 50 ok BUFR A Critic,
T [ I A T A 1B R 50O SRS R B T VR FR O AC
RE L 5 RN PG HIEAF 1, Actor #7311 5
HH B AN A MC J5 vk, T2 R TD 5 e 1
BRBGHAT AT

R AC R EEA ) B 28954k 18 U, A T
REINFORCE HVE S A0 8 ok E il vHE I 7 2. £2
ACHIEFR MME BV (s) BB AV (s;w), U,
I TD Ak, DAV B BN EEZ 1 AC BB N T

Vo (0) =[r + 7V (st41;w) — V(s;0)]-
Vologm(s,a;0). (13)

1T 42K, PG LAWK e, 77 AR TR 2 8 Hv.
W& I U A8 BRI 5 REINFORCEP®),
TRPO!  PPOUON £& [ i i 17 A7) bR 50 55 B ok 4
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B S R 5 AE R EAX]: AEMITSE S HRIKE G PR Rt R R 1205

R (B AC 2R 5078 A 46 ACI?1 SACHO | NACH031,
GAE!'  DPG!%!, DDPG!!%!, TD31971 | A3CH081 £,

PG 5200 B2 WA E I AR SIPE i ok 1 Pk k.
N T SRt E ML S A T D5 32k, R E M SR A
(deterministic policy gradient, DPG) J7 i #% # 105,
F52 EE R REAL SRS B T 0 — i DPG 5
TR AR NS BEATL SR w5 2 (A A K R S D, R 5
g5 Wil e VESRIE B A © S — AHFSHELA
(3 0), B P SR W R85 11 B

Vi J(0) x VaQ(s,a;w) - Vau(s; 0).  (14)

A3C SIS 22 AN BE AR R AT 1L 5 P SR kAT
AEH VAR 2 ST B AH A 5T g R F) 47552 SARL il
B ZFARAEZ N IHT IR TR AR, R 5
FE— AR i) 8 o6 L 5 1) S Bdh AT 0 BT
2 ZERAENES
21 ZEBEAFDRBRRRIE

FE MARL [ @ i, MDP # & % B e 7k 5 /R
Bl K ¥k 3 ik 2 (multi-agent Markov decision process,
MAMDP). # E— M & N MR RSN =
{1,2,..., N} AR aetA 14 &, MAMDP 1] LU A
(S {A e T AR s )10, B, S N
BEMR L =2 (0 4 SRR A a3 1), A, 9 B REAA @ K B /R 2
[, T HREHEBEMERE R, : SxAxS - R
NRREAR @ 1R J5 R 22 il R K, o IO . RS RRE
PRI 42 SR IRZS s H 345 R EE A ME o;, 84T R #8230
VE ai, BRGNS N i r;. PTA B REAR R & a1 iE 8
Lay), BRESMESRNENA = A x
Ay X oo . x Ay IREFHERRET : Sx AxS — [0,1]
FEEAN B R AR (R A A 2L S5l r; FREL T 4 HIRZS A0 i
AR BRI G A E. BB REAR M S N
S x A; — [0, 1], AN AR BREK 75 SRS 7.

FEAS [R] Y 0] 78U 55 v, 30 858 DR 28 T 00 00 1 A
[l £ 58 4] LI 3R T, BN BE A4 TT LA 2]
ISR, Mo = s, (HAEHR 3 B 8 A] 00
RIS, B RE A R REIRAS 0 0 IR (5 B

a = [ay,as,..

22 HEBEAHREREFEIEE

MAT SR A B, MARL 1] BLo3 N 58 4 AR AL
SE4 e AR G Y 3. 78 56 & G AE BT 5 H, B
AR R 1) B bR 58 4 A R, R 22 J5h ek 250t 58 4 A0
FLHIR, = Ry = ... = Ry ESE A GRS,
R — R N BEE, B bR MR EER S
RUESS b, B ReAR L 1A e A AE AT S5 4. AN [A] S Y
AR 55, AR METE L4 — PR 48 b, B 1 5 =) HE D)
AR SR A EE A 2 A A

M 2175 A FE, SARL 2 MARL 5 i [ 54 () 4
IR R 2 )R 2 S B2 B 2 ST A R e
R — A AR, T B REAR IR & SRR — A 3)
P, % BB IR S EAN B B E. B2 >, B4
B BRI ST H AT RL B2, T K At B R AR A B0
L) — B 57

MNIEBAE A, R HE 32 o o0 5 8 e A DL AR e da
Z M5 B BRI AN A SE, w5l
FR & B MARL 50353047 50 9 B0 4 28, B4y
KWL 2. WA EERLEHEX D AEPF2, 7
B S A A 20 2] 3R AL B X I A —
ANEE R g I G, Sl O S TR 1R Re ik AT E
15, AH SL R 388 A5 AT S5 RS A v B, () B £ 0 25 i A
G Z BRSO B RS, 1 B 2T, A
I PR RE AR & B AT YL SR T AN BEAT AR T8 15, AT
SR AR B I Bk E IR EZ R
B G 5 2 1 07 3G AT 5 20, 0 815 S B 2K =,
W56 5 R B A 1 3 s 2 e N 4R £50H L T 2 R
T ) IR Re AR T e 52 1) Jm 000D i) B 1, [5] s 7]
RE 0 11 A5 PR AR P A2 3 SO W St Pk k. — e i 5t
BT BRI O Rt — e ot Uy vk, AR AR R
35 2] SRR 28 P R oy i ST I PR,
A AE AR T IR 7 i UHHAT (centralized training with
decentralized execution, CTDE) HE 42 . &+ /5 #3815 1
I3 A R AE ST HEZR AR SR U, 2R R B BRI A B0
(R R4 F A B 7, B 25 Bl B FE P Aa M Bk A AH I,
AR TPORE R B v R R DL R B AR 2 A R A

%2 MARLEXESZ

SRR

F DA

f o 2 2 3y (110-114]
A 2z 5 115-129)

Herh 2 255 AT (CTDE)! 14

Herp oA T390

AR RN G4 R4 BT (DTDE)!50-167]

A Q %2182 RIAL/DIAL!MY, CommNet!!'2!, MAPPO!! ! IRAT!!!

IQLBZ], /'T\Xm Q #3[116]’ Bﬂﬁ% Q %2[117—118]’ ﬁ@ Q #3[119'12”,Minimax—Q %2[122]
VDN QMIX!B3! QTRAN!32, MADDPG!, COMA!"3®! MAAC!!3!
TarMAC!#! BiCNet!!'**!, ATOC!4¢! 1C3Net! 148! 12114
BT — B k1018 P17 Q 2 ST B A3 AC S48 DTDE fE4e10

T SR R A R B0 5 2 8 Re A AT 2IEAE, 2 IR B RE A L T AN BEAT AR ATIEAE, 20 A U R RE AR 2 I AT R T

BUHR Gy (FEAE.
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xR %38 %

] 3. 2451, T CTDE B RL 5032 M 8 o 2 =) rh i Bt
SY B S I ARG B R v, T R B A B AT
FRL FVE I LA A 78 57
221 HEHHFEY

e U ) BRI B AL — S T s G, 1
GRS A R BRI AE, R EA TG BRI
Wl R AT PSR, AR X ST A R B R AR () E]
PASE B 4% R IR BRR A A« 2% E 0 sh 1. 25
R &, L 4358 HOFI 3 AN E R T

1E e B AR AT S5, G A R L= [F — 1
I, B 5 2 BN B A B Be AR 1E — A A,
BEZY A Q AL B HE BT, SARL HiL R AT
DL E SR N G 2 S 300 B T R 58 4
B AEBRUE S5 Inl /5, 4 ik & Q 5 1132 I MAPPO!)
43 5 J& Q-learning Fl PPO FJ I & 2% ST T 2. & 2
S R S R — A B Ty VR (HR A
5 SR ) 2 2 23 1) BE R e A 20 H 3G 0 2 4 0
K, HE R R ERE 2 2 T N T B AR VA E Ak
FE, NATHE— D8R T — e s B 2 2 v,
RIAL/DIAL!', CommNet!! 12 4% RIAL/DIAL!! %}

DQN AT 3845 J7 1 (9 2, & fe dd 7 4 v I 25
2 )5 B Ym D g OFN SR, AR R S0 A%
F R 45 B AT B4, Horb DIAL £ I 25 e 1
1o B AE B e AR 2 [A] 4% 3. CommNet!'! f§f FH 1@ (5 15
T8 T A R AR, A B R AR BRSO At Y e A R
K BE BTSSRk A DARR AR Z4E R, AR U8 k&
J5 HIE BN E SRR AT 3. N T R MARL
My st o i) BEAEAE B A 22 il A L i) B TIRATH 3 5@
Tt 43 i) A 2 A A SR e R AT A SR e R A A A 2 A
I3 N T s 2 AN R Be AR AR B2 2 IR R K T
P, Yuan ZEM YR HY T 2 8 BEAA VR 18 (multi-agent
incentive communication, MAIC) HE 22, iZAE 48 &4~
B Be AT F U I8 S AL BT @ A5 15 B BB, IF
2 Y RN TN BN A P W, AT S IRA 280 P .

e P M BIR G BT S h, — AL T
S EE BN AS R Re AR 0 R 2 FF A 2 58 4 —
B AT ARG B E WA HITE SR
HAE.

3T FUAH — Lo rh I S B b AT
KREVEAT T B GFIXT L.

®3 SPRNE-EPRPITRELBEMFTEE

RPN AP BHES CAPRZE S
P& Qo] OB R, TD K, AR afFR H4 Q-learning § AR &2 2 T3k
MAPPO TR, PG, MC 2, B A HEm% rEM e PPO NI &2 S X
RIAL/DIAL  JoHiR (R $u/PG, BHEE L &1FER 1L AR IR SR b 27 215 I b 75 A S
CommNet TR, 38 A Bl BER MMM EREATE e, FARERL &5 10 BT R
IRAT TR, PG, MC 2, B A S m% AR Yot 2l R ), 3 3 A SR A A, SR A S A 3 1) 22
MAIC JoRR, 8 Y IEAE L AR R R FE LA A A5 15 A B, % SR B A A 1 S

222 AHEEEEY

FEAN REAAR 5 2] & B I A R B A S o i3k AT
WA, 2R R Z AN AT ATAT A5 B A8 B B2
o R .

SN E L RS NN L G
[ B, o3 A o SR AT DAYE A B AE 11 L Tk
i 5 e TGS, BN BRI T R A B S R ¢
BR ESORH AN A B AR SR A 2 Bl 2] i FR R A
REMA IR I B S ROULI, 18 B Jay 350 S LA KAk 2R
FRUAL Il AR 4 A Xk, 2 S v B A
ATEAR T 2% B TG X S R B R R R T
BT S

TE5E A A AR BUT 55, e il T ik A B e ik
AR B ORI HAT & 8 s E, R AT R 1S
PR R B Bh AR 4 R M R e . B 1% L, SARL
SR AT DL E SR R A ar A 2] T O A F
A VERESS A, 6] 40 TQLBY A1 TPPOM S, IQLEY & -

learning [ 37 5 ST T30, BT a0 R
qD(0i.4yai4) + Ti11 + vy max ¢V (0i4,a5041). (15)
a; t41

Hor: o AR REAR i R IRBDIRES s, B R B, ry g
HENEBUESS h Bir A B Re R 3L S i 22 ). o3 d U
TR R FAE R BRAS s A nT I ) 1) A, B o, =
s¢. IPPOUIS!JE PPO [ il 37 2% 3 1 5%, 44N 5 fig Ak
Aty TF Ry B BR B ST 3R 47 2 3] 7E B B 5 9 55
Wy otk e T DUIA 213 2288 M i Se il K 2 )
7775, W MAPPO Al QMIX. H:H, MAPPO 1 QMIX 43
)R v R =) SR CTDE $323, 18 A SCHE e 343
CUE M, 1043 B IPPO 52 24 i AR
9T S AR ST A 2] BRI B RS 8 AT A
ELIRBRME . M B AR PR SRR AR, — Se X gl
S 2 BEE ) Ok SR A R R B Y B SR Q 2
;][116]‘ IKE/%Q i;‘][llll%]‘ jﬁ:’@@iﬂ[””z”%. 4'5
Ly IR BE A 8 A6 A2 By 7R BE A BT, B 24 Ji R A& 1)
RS AL T Re 5 1 LIRS L e



%55 B E B FE ) EaE R AR KA R S AMIKA KPR A ESE 1207

K. IR Q 5 IOV R R 4 2 ST AE SR LB B R 3%
R 3 73 WA, H T AR T 25 RE A A e, PR
R FETE AR, B 05 = s, [ELEREE T T

q(i)(st, ai,t) —

max{q(i) (St7 ai,t)u Tt41 T 7Y gnax q(i) (St+1, ai,t+1)}7
it+1

(16)
Hort g NEERUE S o BT A & RE AR 3L 52 1 22 Jib.
SR, 2 de IR & B A ANPEE— I, R0 Q = 21 W] RE Al
NAE B PR IR B s AT W R AS 24 1T T vk Wi S e A
KA SRS, Oy T e ORI Q 27 2T B SR, B Q 2
>JUNT-VIS) 1 7 20 oAl B BE AR R 2R AR [R] IR, 0 B i AN 2
Tt m /b B AE . R Q A )M g — 3P ik 1 RH
Q 5 ST HIR B RCR AL T HoAl B B AR IR R
A, WA AR WSO T B A1 5
FE A TEFRULSS T, AR RER R H AR 5g 44
S BB S STAE B L S M T BE 45K Y 3
I, T AT LA FH Minimax J5 3 %1 8 B8 44 (19 2% 2] H
5, 73 2] Minimax-Q % >] FVE"2 i 12 B % & 1
] R S5 ORI, R 0,4 = s,
TR e 2 T U Q, kAL
Qi(St, g, i) <
(1= a)Qi(8t, ity a—i )+

afr; +ymax min Q;(Si+1, i t+1,a—¢41)]. (17)
Aqt4+1 A—g,t41

e v, R BE AR § IRAF 223, a9 ¢ I 2 B A
iXFFHNE S = rga + Y ax qD (8441, i 141) —
g (s¢,a;). Fan AEN231 4% Mini;llgx JFEH 5 DQN #H 45
4, 1R T Minimax-DQN #.7%:. M3DDPG & 11241 %

Minimax i 2 5 MADDPG AH 45 & Sk & 51 H L AE 56 4
RUAES5 I B i, AT SR B0 e 381 oK figp e 48
BAE ) .

FEVR & TUAE 55 v, AN TR) 8 RE A4 2 1A) e A7 &5 1 AN
55 4, BN R BEAR 1) H bR 1E FLAd R BEAA 1) SRR 25
JE I, 25 ) s B Wi 2 SRS DL KA B O el . £
2R, R W SRS SR (ny, .. i) BR
(af,...,a%) W AT R 25

Qi(s,al,a";) = Qi(s,a;,a" ), Vi e N, (18)
Horfa_, NBRE e G S AR REAA I B, S5 i
IR 7E — e P2 B b 38 20 1 R R AR 1) 27 2T H #R,
EEXEASR R G, i 545 AHOC AT DU S 354
Stacklberg ¥4 55 A~ [R] 514 fife 1) 8 S 51 NS SUBT
(1) Q BRI 1291 ply TR T 25 S8 0] R b, IR
&2 TBETDUM K, Bl o, = s, BRI A
mr:
Qilst,ar) < (1= a)Qi(se, ar) + afr; +7¥Q; (se11)].

(19)

Forbr, R REIAR G SR 205, QF (s) NPT B RE Ak
SR EU S ol 243 1887 SR W 5 N ) AL o) 380 1) 4, 48 A 38 A

Q;‘(s):II}IE?XQi(s,a’{,...,ai,...,a}“\,). (20)
B BRI B AE B S AR BRI Q R
LA WAl N B R SR, b o, RARE AR Q; 1115 2
PR At B8 A ) S8 1T SRS

F 4 A ERA 73 B ZR- 70 AT 85
ERAT T B g XS L.

F4 DHRNNE-SEHAPITEE RN DEMRTEE

HEAARR HgRA &S ERFSEE S
1QLBY TR SRR TD 2K, Bfhskng  SfER Q-learning AL 2] B
IPPOPY ToHLRY, PG, MC 2K, BS3Lsng HAE PPO [k 2 S T
SRABELHE 25 Q B )OI R AL TD K, BE AR SRR IQL MU 77V, BEARAEF AR M (5 i
Minimax-Q % 31122 TR, KA, TD I, B AORNE  Se 8 I Minimax J5 2R % 58 5+ BT 55 1) 2% 2] B
il Q 11 ToRERY, KGR TD K, B aeng  WRAR  RIA RS ZE R & BTS2 5 B s

223 HEHRYIGESHRPAT

G rh SR VI ZRAI AT I A2 £ P 5, 70
A EIEAE YN SRR HAT I #8273 B . O 1 3 iR e
g ORI 56 42 70 WU B 7% H BRI, CTDE 2R 5
AR I AT . CTDE /2 H Hi % FH Y MARL %%
SIHEZR, ZHEGMRBAE I 2R BOR RE 1A 2 (A1 1815
IR 1], T A BB B A AT LASRAT i A R B AR £ R0
ENAFE LRI 4 RS, T AE SR AT B BEREA B e A4

SRR AR = U 2 AT T SR, AR T Q BRI
i RS S E 58 AN REAR IR o) B0k
(R B A B AR I & 2 T B — B0, ek 9 A4 S B
K AH (individual-global maximum, IGM) J& I, 7 =X 4
T

argmax ¢/ (7, a;)
ai
arg maxQ(7,a) = : . (2D

argmax ¢ (7, ay)
an
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xR %38 %

CTDE HE 42 i 75 2 fif o 1) 0] J2 4] M AR 0 Q 1R
PRI R ¢ SR (8 43 4 R SR I 5 2 Bk
MG AH —E, B3 2 IGM .

#h 7Y ) CTDE 5 4 35 VDN QMIX!31,
QTRANI!32 Qatten!!331, Qplex!"3*! %5 3 T {H % 211
5325, LA K MADDPG!'*, COMA!3, MAAC!7) 2%
5T PG K5 3%, % MADDPG 4b, 3l # ] CTDE #3%
FEAHR A il A AF BT 55 1. MADDPG 5032 i i
by BEAAR TR S A A2 T (1), B AR5 e Ak LA R
A () SR SR AT HEW, B LART DA R RIS A TS AR AL 5
AR A AT 5%

T 1Y B8 8020 8 (1 MARL 572 32 40 3% VDN,
QMIX. QTRAN. Qatten fll Qplex. VDN H k1301 42 1
AT IR B, BUBR A& Q R AN B R A K ¢ (B 0 25
PEAD, B

Q(r,a) = q"(ri,a:), (22)

Hrhr, = (01,002, .. .,0i). BT AR KA RE
& T T 3 5, QMIX Bk gk — 54 s
R LR AR, BVBE A Q BN RR AR 1) ¢ {EL 1) 51
VAR LR PR 2 &, FE A8 Bh A 48 W0 45 30T DU 2 A0 B i IR
2R 5 2. 2% RE B AT 0 AR AL R A IGMJE T
(7853 AR BELEAE, AT LB ™ 4 HLAE — R B IR
il 7R A AR LR PE G R R IE, AMITER T QTRAN
FExt IR K AF AT RS . B, QTRANIS2E JR A5

A Q REEN T —A 2 T 70 W B Q' K /2
IGM Ji 1. Qatten Sy 133 F) FH 3 7=y AL B A 4k
X 4 JE) ) EE B, R 22 Sk B T ML AL A3 fR R
M8 B 8. Qplex!'3*1 ¥ IGM J& I 55 4k Ay o 418 34 BR 4
Dy TSI 2R, AR Ja R B A AR 35 R HodE ATV E R D 43
fite.

% T PG 1] MARL # 7% F 22 {4 ¥ MADDPG.
COMA F1 MAAC %%, L #1: COMA (\ & H T & 1E R
£ %, MADDPG F1 MAAC [ i} 3% ] - 56 4 & 1E 7L
56 4 7% 4 BRVR & BT 5. MADDPG & AU
DDPG HEY i 2] 2 5 5e 44 ik, H A A3 e Ak
T — A5 Y Critic Wi 8 H A B BB AR (1015 A1 5
WS, % LA e A SR W EAT AR A, Re S AR 2
B RE AR IR B 1 AR T A2 . COMALRO i) ] fe 2 sz 3
LR AR 22 R B ARAS FE T ) L. MAACUST 7R T 5 4R
w2 Critic B, 1) A 2L = 1y AL 32 = A R el 3
Ji 1. ALC AE ZRU381 368 558 43 Ar AN 1] (4 AH G P8, in o
FH G 14 58 1) R e A4 2 1] 1Y) 5% W Bl [, 14 3 MARL 36
W 1 I 2R AE 22, FOPU3Y A VDACH4O! 43 i) $2 1
J% B K RL A AC 64ty _E (1B 7 fif B0 ROMAIHT A
RODE!"21 £ 4 1" 11 7] £ €4 /Y] MARL HE 58, £ 5 AH AL
() e A e I 7 = 2 ) SICEIL SR R AR A

SR IA E A EE 2R B AT R 5
VAT MEERIGT HE.

*5 HSEHRINE-FHABITEE RN D EMIT

Sk SR WL ZAPNEEN
VDN ToR, 8 R %, TD 2 R I U AL PR B AT R AT 2 A
QMIX™! ToRR, {H B8 %, TD 2 HIER HRE MG IS OHE RS AR UHE R B R SR AR L Ok &
QTRAN!" ToRR, {H B8 %, TD 2K ER X QMIX HY SR R BLEEAT R, KR & Q RREAL N 5 T 0 MR B B
Qatten*! ToRR, (H R %, TD 2K AR IRV T3 WL 2 A 4 ) ) B A, SR U5 70 AR A1 (L R 4L

MADDPG"™  THifl ACK, TD 2, B4 n,  (EEFT  DDPG [ 28 AR, TR R AAoxd JL A B 8 e 1 S s R AT 4SS

MAAC!37 THRY, ACZK, TD 2K, A% senE  &FEHRY

I I S B 2R A phe 22 8 RE A B 0T i) 7

224 SFRINFESARPAT

oA Al A2 TP RS 0 1 E S
. 7R A OB A A R, R e M i R P i
55 H CRIRBJE T R AT A0, A7 I B A3 5 0 A
BEROUINE SRS AT RIS B, R T B DALl &
15 BEAT PSR,

S rp N Zro A ANIAT, R AE CTDE 28511 73
R IAT EREAT 7B E g s, — i, S U SR
BRI RE AT RE SR UL AR B BE AR DL R A B 1) 4 T
{5 S8, A8 7 A e B A RRAS [ [R] I g R 1 AT
AR 53— J7 L B R REVR T LAY R AR R 52
FOIRZSI, B REVAR IR (R 5 AME A BAT Bl 1 S 4

BEAT RS, 23 AT SNIAT 70 TE SCEAE A E £
P b e A A . T Sl A A A T SRR IE A5
I EREAT AR, FR A 1 BE AR 2 18] R 3845 U5 3, AT
BRI S 1F. 2 B EIEE R, B e F =
S 2T S WAL e AR AT IS

BT AE 2 B RE AR BRI 2 AR B DLTR ] R
1) H5E (T I AF ; 2) HREE AR X R 3) MR E 2
BEAT s 4) 52 2045 B g5 07 ORT SN, DLSE LA
AT REAESETT A PR BEAR  EHEE B IRAEE,

& 2K Z-20 A AT 5% m ] DU AN A (1
CTDE SR HIR B H AR 0 SMEAE J5 5, i ok 1] 1
FREL YT J5H (1) CTDE 53, I Ab, 815 1 5@ 1
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B S RLFE 5 AE R A AKX AR TS E S F AR

RA%b ey R R LE R 1209

RAAEAAE BT 55 v IR Re A 2 a), DR X 2R B30
Fe AR AR B XA AF BUE S5 1. TarMACH ) 253t 1
CommNet, 18 it 5 25 44 1 33 AL i) 22 e At 4 3
BB A5 B, AR B AR FH 3 = pL s e i )
AR BER IR B HEAT BT8R R T TR A A o
25 [ £ (gated recurrent neural networks on sequence
modeling, GRU)!" B 37 B 2R ASE B, dt— 25 2% 3
e S RS

SRS 2 D E I AR TUR BEAEE B X sk
18 BTG, DR 0 VR RS R R T 2 15 1) Ho At B e
PR RE 2 AL — P ) S, #£ BiCNet.  ATOC.
IC3Net %5 5.3k, 8 Be Al i 1k % 2 B 72 — e o
W RAMR IS BOR IR TUARIE S, BiCNet!' 3 £ X}
EEFEXTHUE S B T — b 2 8RR AR ) B i 1Y 25,
2 EH Sy LAl R REAAR R IK AE B, FE R XL P A4
28 ) 25 B ok HL A R R AR 1)V S ATOCH0! £ Hy
TR AU R SR 2 ST A I 5 EEAE DL T
IF B R EERE @S M AREE T Q E 2 =
FE TINS5 4T 5 R Re AR AT AT, 285 M AR KR
HHIE /2B (long short-term memory, LSTM)!'47! %t il
B H{E BT 84 IC3Net 8 H T4 ML S BEAS
PEAI 2 P S E A & T 6 1E. e ARG

HBUAT 55, IC3Net 38 I 5 AT 28 0 45 1 1] 4% Bl
7 SR ek 2 ST 3EAT T R @A, IR B EE R
REAARE AR I B 46 HAS B, S8 5 A Re AR
LSTM AR 458 J 3 il A2 i ()45 2 10l B3 = RS 15
B, ik — 5 5] R TR SRS W ¢ I 2R R A BB ZAS
Eﬁhz BAKRM @G BRA TR T:
REFE st = F(e(of) + ct, hl, st), (23)
t+1 _ fg(ht) (24)

Cerl — ﬁ §h§€+l ngrl (25)
Horp: F(-) NLSTM A2, bt Fl siT1 5 LSTM I B2
5HRAKWHCIZE B, e(-) N A TEBAN 2 WX 45 14 R
%ﬁ%ﬁﬂ@ﬁJwyﬁiﬁwﬁﬂ%uﬁgﬁﬁ
REAA i Yoog 2 kAT ) 3B AE 1 T TR ML, 2 Refdk
FRYE B2 A5 2 Rt BEAT Yo, X T B IS i R
KB T TUARAE BT, 2C9 g — B 1
7 D 368 A AR SRS E A3 AL, R FH R SR A B A
I3 ) 6% 38815 3 BBl PN AR 2 18 Bl 15 0 G kAT
EERZH.
6% LA E I £R b 2l k-2 A AT R 5
TERAT B EE AT L.

H

#6 FEHNINE-SHARITREZN DL MIILE

HILARR S EHES SkGE R
TarMAC!'?! B, ACZE, TD 2 @A E W AFER TEFETE A5 X G IF I TR 4 R LA R 45 BN
BiCNet'*! TG, ACZE, TD 28, @ il E Wl A H BERPERTEXT PUE S SR 1 2 8 RE AR W iR ) 2%
ATOCM B, ACZE, TD @A EL AR RIS S % Zil (R, DL A5G 2
IC3Net™™ LR, ACZK, TD2 BABMEHN  EEEA ARk Hﬁ%x?ﬁ@ik TR AR EE R
12¢ct* TR, ACHK, TD 26, ERIBE L &fEH B ST HEWTIE AR, L FEEAE A IR X R AT B E

225 ARG RS HERBIT

TR ST A T R 5] 54 BT 2

¥ 1 5197 3%, 76 3 T30 £ 0 40 0% 51 o, AN
B T LLSEEAT o 9 13, B4 40 A 3 25 A 3
172 4 BRAT T, R T LU 5 1 S ASJE
ﬁﬁtﬁﬁﬁ?ﬂ%ﬁﬁﬂFMMWﬁiwfﬁ%
S A . 75 A AR ke SRR 4
PR 5, A2 4o T UL e, BT LSS 5% 7 3
.

HUAT 1 55 4 0 A R K % 26 T — Bk 7
Yan 150 42t T — 434 2% BB AC B R e R
A P R i) B, 30 51\ — B (R A 0
P A I H 52 A 0. Zhang 45151 42 44 T —
AR [ 3 4 4 L 1 5 4 54 SR 0 BB S AC 55
ok, 33t 31\ — B R 0 08 O R —
P, FEAEW T T Hh SV SCBICHE. Lin 2501521530

ety b 30— BRI T IR R D)3 ) G A4S 40 4 b
(1953 45 X AC HE. P33 R A R R T —
oA IEAE G, 1815 Q % S FE AP 23 ACH
J2I40500 HY A5 0 5 AR B RE AR AR B M. R REAK i AE
P B BN R 5 AR s sl R, A
WWE:@S%ﬂ] (26)

JEN;

Hodr NG R Be R B4R BT RS E. Ha, ARERE
He A X JH %)ﬁﬁ‘]ﬁ]f’ﬁﬂ@ﬁ‘]fﬁﬁ H
Qi(s,a) =~ Q;(s,a;,a;) H a; = Z a;. (27)
|me

TR EEAL A
Qi(st,a4,a;)
(1 —@)Qi(st,a4,a;) + afry + vVi(se41)]- (28)
VSR R E R R i DR G S
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xR %38 %

FMA2CUST 2 Hy 7 — M &5 & 7 6 o 21 AR Y 7>
J& MARL 59, 7658 38 A5 5 P2 th UG 1 8L 3%
. NDQUSI it i I 15 Fe /M 7 ST B Q B
HHHTHESE, B e Ak 2 1) A T8 15 SE A R
PR, 9 T 5 2 R R AR R S P 2, Liang 85159
FEH T — AR D TR 2 R R AR AT S SR 0
¥, (asynchronous and scalable multi-agent PPO, ASM-
PPO) 5532, 125 AE E 73 A1 WLl MDP 3£ 47 57 A0
SRR . GCS AFUOON SR 1Y T 3 T IR P U S
f MARL S5032%, 4 3% 5 141 BA S 7 8 O P T 26 1l
AL T R B W 8 SR, DL S IR RE A4 2 TR FR P 1
17 9. Cohen ZEUON 7 17 36 2 Ik B R = 328 DA HE B
10 22 8 RE A bR 04 B0, ) AR 2 186 U 4 7 (graph
probabilistic recursive reasoning, GrPR2) 7 & i %¢ H.
Sl P AT O T L, BN R RE A LLISAR 200 HoA
B BE AR PR SRS A8 A 1 T .

IR Z PSR B E AR & 4R, 1 an
RE LI 2 AR LS R L R RR P 2001, AR

T 465K #85r MARL I 0L BT 7% 18 2 8 e
LA SN E B i & 2R B I, Bt i ARL 5
VR R R B 40 TR ) R PR M 1, R R AR TR
A 2 1 % B BB DU 2 # & 2 % 1. Wen
20620 g 7 43 A 20U Sk o B AT (distributed
training with decentralized execution, DTDE) [/ MARL
MEZE, ZAHESR e — A e A ) 52 T REZR, JF H %
JET A LR R AR EE. 7EZAE S, TE 1R 2 I 25
B BOL A2 AT B B, A Be AR R 5 B R4 RS RO
15, IR RS B AT 22 SPR R, thdh, i — L
B RE B 5T I 20 AT sURL SEI 0100 25 Hy 7 Ay
My 5 20 SR S A T 8L ) 20 A U R T 5. Dai 4510013
T R R 23 A 2 RL AT A SR i D e LR 1)
BNASGTE I FE v B, Hu 5067 2 b Bl Bk — 250 H
AT B R B P 28 3 = FE AL BEAR & 200K
FR SR AR e Bl L 5 SR B A

FTRIIA T oA - 73 A 2 73 B
ITRAEBAT T AR L.

x®7 SHRNINEK-DHR/DHABITEEERN LRI EE

BB SRR i AESS kR
AT L AC FLIEO TR, ACK, TD 26, Biusens &R A — BT A U 3RAS AR ) B dee I s
PAEEIE AN Yok = Ul TOB, ACK, TD 2K, FHLHmE AR Pt TE B A S 4 B sE 420 A 3 AC B

TN Ef ACHEIZ1S Sl AC K, TD 2, R
SEH Q 5 2)/AC B30 TorE A, R kg R/AC 25, TD 2
I3 3 RL AR AL Sy 166-167] TR (E R %, TD 2K, B4R

AER RIMYIRA G R R AC HIE
REx (sl 53 20 i) LS R A ) 2
APERL b B L 2R BE I R H e A 4 A s

IR, MARL )z B H T 6N & Sty 7] 4%
il R Re X OL AR R R BRI AE SR AL £ X
HA, il BE & 1 BF 1] A, Zhang %525 45 & MADDPG #
LSTM $#2 i 7 —F MARL J5 7% DA% 3] S A1t B YR A S5
FEWE, HAR T —FRAE LR A e A B T S Re YR
53 T SR W, 12 J7 VR AE 22 5 R AR P I R 7 T 3
M F 78 BT 37 R ) LAt e & T R T AL BT 0 A
% HH 7] 7, Ding S50 2 H 1 50k 4 3 A1 s DQN 532
PEAGARJE 2% th 2%, o A s R pe b BT IR R
— Bk &, BRI TR R FE AT 2% 4R ZENE . Dai
SRU66-16714% MARL LA 40 A LA BB AR 45 6 i
RT A F R AR A B 25 4R 5 TR B ) L Na 2506814
W 7 YA 0 1) N T 4 28 ) 4% TR B R i 2 R, B T
— P JE T DDPG 3 B A ok B 20 72 Bk o (1 38 flf A
%% Chen 25101 VR B MARL 5 7 73 3 LA 45 &
Sk 2 2] AT JE RN ) A2 HOARIZ B, S EL T LA
NEEREAE N R SRS 02 31 B bR, £ HLES
NI E R, Everett OV JF R | —Fh L% 2 £
A BHASHLEE N Z 18] [FBERIE, 25 A LSTM 5y b 2 A

BRAREH A5 (k. Zhao ZEV TR FE 1AL & A AR LR
PEZ)) 1 NP (1 PME IR DK 5 DY Jie 32 11 TS 2 6 A
Y A F2 ) 170 L, Ik T 43 J2 43 ol O SRR SR AL 2 ST HE AR
PEH T — P T B Bl ) 2 R R0 B e AR A BT
AP PEIRSR T 0 N 028 R % ] 8, Wang 50172
et T M UET R AR AN E S A I
PRI v 7 58, 6 M52 ) R BRSBTS 8l T TE A REE ()
Az .

DP 2 fift ¥ 22 By B v S B oh g A0 Ak 1) 8 ) 1%
G750, FLH A AR R A SRR 10 o i P A
T I, SRR 0 R, i I ) R i A ) SR
In PR i, RL 75 K e T A& Se ¥ DP J7 2, ¥4 0 855 4
A M 5 B 7% 1R B, fiA TR DP 5 S A6 IR 25 A B A 25 )
LRI 8 52 (1) 24 5 0 M 0] R, TSORS DP 7 i 7 B2 58 4
IR BRI A BB, 2 S 70N 51 5] N RL X 7 5 [
(1) AR B ADP J7 7%, F T fil v e Al il il . Sy 1
ATH R I RL IS 5 5%, R R RLIE R Ge3% il 43 1)
BOFT LR R, 1 — AR RLATADP [ X 5] S BE R,
TP A48 ADP R R AR .
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3 HEMIAHR

A2 M 34 ADP FEAS 11 Kk 5 N R
ADP 251 i€  ADP 535 )% J& Fl ADP 7E MAS £z £t
EEGHIE At R
3.1 ADP#M%R

ADP 7 A TE B A R A8 715 1 R 4t e L 12
Hil B 78 45 2 7 T2 R VE. ADP AR 45 0 R 4y A
5 3 P B AR 28 RABSIBL 17 e A B A& LK (heuristic
dynamic programming, HDP). — X Ji & U &I (dual
heuristic programming, DHP) F14x Jaj — /i & XA K
(globalized DHP, GDHP). iX 3 Fi 2R AL ER AL 3 2 4
W 2% RISEAT P 2% (critic network). A% 7 ¥ £% (model
network) FHHAT P 4% (action network), H¥F R 2% 5
FHAT DX 285 300 Tt A R oK) 8% ) 430 2. W SR AT N 2% 5
P I 28 B R e e, WA (1) SRV AR 9 IR SRV 1)
S VEMK G (action-dependent) F 3K, 73 71l A 4 il 45 4t
K X5 A E (action dependent HDP, ADHDP)*3!
0 — kA & K (action dependent DHP,
ADDHP)P! A1 il 4 4 Jmy — %8 K K (action
dependent globalized DHP, ADGDHP)!'73!, ¥t —, I
IR B P AT 28T TR A 1 B Y 245 1 o B AR
(single network adaptive critic, SNAC) J77£1 74 %t - DA
LRk ADP 25 #4), 55 V4 1) S 48 0 X 50 AT 2 0L SCHR
[84,175-177].
32 ADPEZX%R

FH i T A5 20 ) B 2 R0 21 TG AR (R AE e 2 ) 1)
T2, Hi & HDP J7 ik K R B ADP 7 ik R I #E. N T
TEABRIRIFNHE, A H LT E L.

BN AEHE— I E] X 8] b A i A 4 il N 1)
1B ARAE SR ] g sk (RTPR Jedz i), 48— e/ E u(-).

BN 2 (EH— A X ) b B A RS A, FR
YRR B (FRIRRAIRE), G E ().
321 ETHRAMEE

T THI 23 ) 55 S BRI B R G R A 4
FE T BRI B 261 X DP V2. Zhao U8 % f& 1 4
NTEB RS

z(k+1) = f(z(k)) + glz(k))u(k). (29
Hodr kB HU [ fE AR, (k) € RN RGUIRE,
YRR (AF) e Ve AL RFERIVERRTERR B LR
+oo
J(@(0),u(-) = > _yr(z(i),u(i).  (30)
i=0

Hrfy € (0, 1) R HE T, r(2(i), u(i)) RREA R L.
o AT 7 ] S TR (), 4 HH A S (L bR 2R

+oo
V(z(k)) = Zvi_kr(x(i)aU(i)). 3D

EX3 WRER () = wa() BEBHEE RS
QHTE—NEE N FFRE, u(0) = 0, HAEF V(x(.))
A BR, DUt ) SR R Sy 25 V4 o SRS

BS L R G s AR ] i) A H bR wet s M
RE BRI (30) IR VF I It dl e ms u (). B G E
NN IEHER R

V(z(k)) =r(z(k),u(k)) + vV (z(k+1)). (32
@) AR TUR 2 2. B ko Lk
V*(x(k)) = rlrtl(il)l{r(x(k)v u(k)) +V(2z(k + 1))}
(33)
FRAE DR S f AU B 22, 45 3 a0 R B kN 7] (discrete-
time, DT) HIB J7 f%&:
Vi (z(k)) = {fgg)l{r(fv(k), u(k)) +~V*(x(k+1))}.
AL It foe A0 SR R~
u*(k) = arg Hgg)l{r(x(k), u(k)) +yV*(z(k + 1))}

(34)
RN A R
r(z(k),u(k)) = Q(z(k)) + " (k)Ru(k),  (35)
Horb RN IE & #H B, IF B TAE R AEF & 2 (k),
Q(z(k)) & 1F € 5 . Fe il Hb, 77 & 4% Q(z(k)) =
2T (k)Qz(k), Hrh Q N IE 5. Hh g (34) %K
w (k) = —%R*lgT(x(k))vv*(x(k +1),  (36)
HAHVV(2) = a‘gf).
T 4 HA A AR AR At A A2 i) ] R D7 ) PT
SR (B 1) VIEDE (B 2) GPLE VL (FIE 3).
Bl PISk
N AR VT IR G6 12 1) SR wo (), AR EL =
0,1,..
BV (2(k)), v (k).
HEMEVEAL: B — 20 o, SRAE W T DUR 2 7245 3
TS, (k) T RO{E R AL
Vi(z(k))=r(z(k),w.(k)) +yVi(z(k+1)). (37
M TS o 2o SR
u1(k) =
arg rurgg)l{r(x(k)v u(k)) +Vi(z(k+1))}.  (38)
A R HUE U 3 (35), WK T AT SR8 5T
w1(k) = =S Rg" (@(k) WV, (a(k + 1).
B2 VI
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BN AT B UG WS wo (k) Vo (z(k)), EARIR
Bi.=0,1,..;
Bt v (z(k)), u*(k).
{5 3 24— 20 o MR R T A B
Vi (2(k) = r(@(k), u,(k)) + Vi(z(k+1)). (39)
SRmE 5k B R S SR
UL+1(]<7) =
argmin{r(e(k), u(k) + Vs a(k +1)}. (40)
1 A BR BOE U (35), AR T 2t 47 S s 58 0T
war(k) = =2 R g™ (@(k)) VVi(a(k + 1)).
Bik3 GPIS.
BN AT B UG ) WS wo (k) Vo (z(k)), EARIR
¥e=0,1,.. . %87,
gV (z(k)), u* (k).
EEH AR —20 0, 1 2 B e 2L
Vi (k) = (k) u (k) + 4V (k+ 1),
k=1,2,...,T,. (41)
oo
Vi(a(k)) = V2(a(k)), Vi (2(k) = VI (k).
M gk | R e SR
u41(k) =
argmin{r(e(k), u(k) + 1 Via(a(k +1)}. (42)
A BN R (35), WK R 2T HE 0K 28 35
w1 (k) = =3 R g™ (@(k))VVi(a(k + 1)).

Leake SV IE B T 4146 5 & 25 VR B 1% 60 K, PI
FOEWCS B B B (33) A AR SR (34) (B) (36)). (H
M EE X G7) AT LRI, 75 2 MIE k + 1 ZIE
PR EA V, (z(k + 1)) F T € kB 2048 ek £ ) 48
V. (z(k)), i %2 2 I 1) J5 #E 5, v S EROR. 2E T 0
IR TR E RO FRX — S S, 4 A (37) AR

VI (k) =7 (e (k), u, (k) + AV (@ (k +1)). 43)
He:w =0,1,..., T,V (x(k) = V,_1(z(k)). IR
FRIBHEL, U T = 400,k — oo, VE(z(k))
— V(x(k)). EXFrEACK A VUK 8 J7 R 10 J7 B wR Ak
TRMEIEAR (iterative PI) LR 4 THUE & A IR1E K,
A5 3 GPISEVE. Fiilth, 4T = 1 ™A VI 2. A
bE T PLAT Y, VISTIE B SIOPEAS 75 B AR VR T 46 o
B 1751,

AU, 25— MR B AR Bt R G s e A | ) R KR

TR [ ) €5 BT 7V, R HE, Shaiju 1801 2%
TR B B R S
x(k+1) = Az(k) + Bu(k), (44)
Hr A, B & {450 R GUAERE, B A2 (A, B) AT
BUE. X T2 € I SRE, 15 i e R £
V(xz(k)) = io 2 (1)Qx (i) + ut (i) Ru(i).  (45)
i=k
BRI AR Gy e L1 ) e AL 8 b, it
ARV P 4% fe MU T RE B B8(45), PR ZR Ik — U
(linear quadratic regulator, LQR) ] /2.
g MR, B E B X8 V(k) =
2T (k) Pz (k). T30 (32), AT LAS 40 R DUR 2 07
T
2T (k)Px(k) = 2" (k)Qx(k) + uT (k) Ru(k)+
2 (k + 1) Px(k +1). (46)
5E X _Hamiltonian PR %}
H{(x(k), u(k), AV (K)) =
2T (k)Qz(k) + u' (k) Ru(k) — x™ (k) Pz (k)+
2 (k +1)Px(k +1).

b g g 2 A (k)) — ORI
EHEEV* (k) = 2T (k)P x(k) v LAAF 2 W1 R &l
P25 il S g AN HIB J7 72 (RIARE 2R < $2 77 1% (algebraic
Riccati equation, ARE)):
uw' (k)= —-K"z(k) =
—(R+ BYP*B)"'BYP* Ax(k), (47)
ATP*A — P* + Q-
ATP*B(R+ B P*B)"'BTP*A=0. (48)
Lewis SE1811821 G 26 1 2 11 B I R 4t LQR [1]
I PLEE (v 4). VIS (GRE5). GPLE L (G
6), Hewer SU183- 1841 2347 73X O ARk (RIS SO
Hyk4  PUAVEMF DT LQR i &
N AT BB VPRIV UG 2 3 AR Ko, BRI
t=0,1,..;
it K, P*.
RS PEAL: AR — 20 0, i PPN B B 3L
P,=(A—-BK,)"P(A - BK,)+ Q+ K'RK,.
(49)

u(k), AV (k))

SR B R R 2R e BT R
K, .1 =(R+B"P,B)"'BTPA. (50)
HYES VI DTLQR v .



F5H

B)AEF RF ) 5 aE R AR KA SRR EAT O A ELER 1213

BINAR BRI SRIIE 28 Koy P, BRI HL =
0,1,....%H¥T,;
Wit K+, P*.
BB AR — 20, B 2 R AL
P =(A-BK,)"P(A—-BK,)+Q+ K'RK,.
(S1)
SR ST R R 2 S SR
K, 1=(R+B"p,,B)'B"P, A (52)
HiE6 GPIAEAEHDTLQR [i] .
N AT B YIS HI3E 35 Ko, BRIk EL = 0,1,
o BT
i K*, P
EHEE B AR — 0, B U A R AL
PLK,-‘rl —
(A— BK,)"PF(A- BK,)+Q+ K'RK,. (53)
Hrk=1,2,...,T,,P? = P;, Pj;, = PX.

J

T B R R = s B SR
K, 1=(R+B"P,,B)'B"P,, A (54)

BRI U 0, X T AR R G, Hk 1~
B 3, S A DR AT PRLDR 5 2 () R A R 3 17 23 [ 14 il
LT Ee A ) i) RO F L, X AR R AGEN. 5
THI 21745/ 28R R BOE 1T 1) 7 VA AT X 3 AL

Xf T SR 45 ) &R 41 L, Vamvoudakis S51851 2%
FE T 40 ARk 1 R G0 St A i i) A

i(t) = f(a(t) + g(z(t))u(t), t = to.  (55)
Hrfz(t) € REARGRE, u(t) € R NRLGHN,
K. RN RS R

Jato),u()) = [ r(e(t) ut)dt. (56
T B8R G, M AL 2% A 2 AR B 4 2L 1 e R 4L
St FAT — 45 58 R, & S E MR

Vi) = [ ra) a6
NURZTTREN
0 =7r(z(t), u(t)) + VYV (2 () (f (=(t))+
g9(z(t))u(t)). (58)

FH ULR S5t 1 SR, 45 21 40 R HIB 5 2
0=VV*T (@) (f(x(t) + g(x(t)u* 1)+
r(z(t), u(t)). (59)
MEL L | ~ BIE 3, R I R IES: RA NI PLE
i VIEE. GPIAZ, WIARHE X (58) 7T 1, SR B VAl

WEEEEF L FE f(2(t) g(x(t)) FIE L, XAF]
THE) DP B £k 5 1 3] ADP £F £8 83, Vamvoudakis
SEUSS-IS6] o) 3% 4 R G B A 4% ) )RR T AR 435
{2 >] (integral RL, IRL) 5172
KT BERG, R DUR 2 J7 2 (58) oA T i
R
Vi) = [ rar),u(n)dr + Va(t + Ab).
(60)
3(60) 5 (58) ZEAN 10N R A5 380 4 e P ) SR -
{ LHM r(x(r),u(r))dr+

V*(x(t + At))}. 61)
Z AR r(x(t), u(t)) = Q(x(t)) + uT () Ru(t),
Hop RO F 5 6 B, LR T AF B 4 A B 2() 6
Q(z(t)) R IEFEFE. A (61) 2N
w (1) = —5 R g (@(0)VV* (1),
KT R ~ B3, T3 RIS KRG PISAIE VI
15 GPISLLIL 18T,
Jiang ZFEBYN 8T A MBS R 5
x(t) = Az(t) + Bu(t) (62)
ILQR 7 . & S g R 4K
Jlt),u() = [ T (0Qu(t) + u” (1) Ru(t))dt,
R Fo A 42 1) B 18 W] 45 21 g I 4 o) SR s
ul(t) = K*z(t) = R'BTP*x(t),

u*(x(t)) = arg i

Hr P* NARE (A — BK*)TP* + P*(A — BK*) +
Q + K*TRK* = 0Mfif. KL T B ELR S LQR [ i,
AT DL 4 H 2 1 i 4R R 48 LQR W] B K) PT AV VI
SR GPIALYZ:, HIE B B i Sl 11881891,
322 GEREE

ot A BRI 75 2 18] R0 3l 4 2 18] 1 S5 A 32 il il
R, B L~ L 3 ME A (RS TR AS =3 TR s sl A
25 () R BN O SR A 0, 13 3 b SRV 24 e DA sk
Jiti. N T P Z 0 R, B E R O R . DA
BURGE A BREUN (35) 16 % J9 51, % ADP J7 1% J5 3
BEATULEH. (AF) Ze M52 R G0 T AR ALl th 341901,

1 5% [E ADP H T AR MR B B R G s AR
2 1] 1n) A AF 9 3k . L T Weierstrass /=5 B & T 58
R LR RNV (k) = Wio(x(k) +
e(z(k)). H: W € RUNKRIIBAIAE, p(x(k)) €
R, e(z(k)) € RAuHINEGE REREL 72, 3 —
A T W R R,V (z(k)) 7T RUEIRR N

V(x(k)) = W (k)p(z(k)), (63)
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S (k) S0 O T, 00 A 0%
o
(k) = 5 R g™ (a(B) T () Vo(a(k), (64
S TV (k) 99 W 608 50800\t B 02
T
(k) = WI (B)a(e (k). (©5)
Horb ¢ (x(k)) 9 BOE o6 # ik & 3, 2 65) i
(k) 15 (64) AR R, L9 T i 5 8 138 7
G, R 5
F3(63) F1 (64) (303 (65)) 10N (32), #5115 %
ex(k) = Qa(k)) + " (K) Ri(k) +
AV (2(k+1)) — V(x(k)).
ROMBUR BB (F) = e (kJer (k) LLEGH 72 (6)
e E T

. A OB (k)

k = k) — — .

Witk +1) = (k) ~ et
S, /M 2 B (k) — %em)@(k),ﬁq:

(k) = 3B @ ()W (B)Vo(a (k) + (e (R),
DAL W (k) £ 1388

Walk +1) = Wa(k) - gfvz((’z))
STLLF B, 00 T B k) 60 EDE R, oo ()) B3
BT,

BT 54 T I T P44 RL 5035, 31 47
(R YRR 0L, S0, 7T LA 135 T
VI R 2 5 .

HiET 1ELPISIE.
0N 5 IS TR o (), 2 AR
0,1,..

g v (z(k)), u* (k).
S 1 X A B

Wi, (k+ 1) = Wy, (k) — 25/11((2

T L% R 3R S R 0 7 AR W (x (k)
= r(z(k), u,(z(k))) BN IR W, o o(k) =
d(wk) — P (Thy1)-

TS 80t B 20k R B AUE

Wo, (k+1) = Wy, (k) — SVEVZ((’Z))

T BENZE W (k) Walk) Kk St 7 %
O(ee(k)) 5 A2 5 2 U 4 FF (PE 26 ), 10 75 92 45
N o R 75, Kiumarsi 5511°1) ELE 149 5ty

(66)

(67)

fifg ST A I 1), % 77 15 FRAE [F) S B (on-policy) H % il
Jii, Kiumarsi 25191 Al Jiang 25341 43 71 % 25 # R 4t Al
ES R T 750 (off-policy) HVZE.

B2, N T RO SN g (2 (k) IR SR, BIN
R G ik + 1) = W (k)gr (z(k), u(k)). Hr:
1 (2 (), w(k)) IS B8 w(k) AT NS, B ME
HRRER S 2 (k) = T (k)es (k) BLELH TV, () B 1S
Rt Hdes(k) = 2(k+1) —2(k+1). K, g(x(k))
LA 02 (k + 1) /0u(k) B AR, Z ik, 44 g e AR 2k
B EL R G AL i i ) Jo R v, Fo f (2 (k)
Mg(x(k)) BRIE BIIATHE.

SCHR IO VEAHN A28 T [7 SR W S0y R 5 S s %
FH - Kb 38 25 1 B8 0 R G et s o 1 R I 1 . B R
BB T R Gt (44) S 1k BE R BT (45), B e 41 IR 5 s
Bk

BYE8  [FIRNEAELL PLA .
BN R VF IO W AE 12 1) SR B wo (K ), AR KB =
0,1,..

it Ve (x(k)), u*(k).

HWEVPAL: AR R — 20, @I SRR W N VR 272
R1G P,

(k)T Pa(k) =z(k)TQu(k) + ul (k) Ru, (k)+

¥ (k+1)Pa(k+1). (68)
SR SR I S R
u1(k) = — Kopa(k) =
—(R+B*P,B) 'BTP,Ax(k). (69)

FRHE DA SRR AT DU IO FE SRS VEAL 2P N T
RAG P, T EEAE a0 N o N X T BUR $E [F)
WS A B B AR A D ). [R] I 5 R S TR
S, I RGNS N

a(k+1) = Aga(k) + B(K,x(k) + u(k)),  (70)

Hrp Ay, = A— BK,. &5 — 8484, DUR 2 712 A L

5N
T (k)Pa(k) — 2T (k + 1)Pa(k+1) =

b (k)Qx(k) + 2" (k) K RK, x(k)—

(u(k) + K,z(k)*BYPa(k +1)—

(u(k) + K,z(k))* B* P, Ayz(k).

H¥L9 DTLQR 7 HIEEL PLAE.

B N2 S VE I W6 725 1) W wo (k) BARIREL,

0,1,...

itV (z(k)), u* (k).

SRME VAL 5 R AR — 35 1, I SRR S S D

(71)



F5H

B)AEF RF ) 5 aE R AR KA SRR EAT O A ELER 1215

IRETFETNHRBP,FK, 1.

F1 ROHEHAE S K, H2ERANE
BTYP,BHM BYP, AR &R . REE k40— 5]
DS R K, o, (R R — 20, @ i RS 5 N\ i
K PAK, .

— M) VI B R W SIOR FE 18 T PN 192-1931
1 PV BRI U S0 O 75 VF SR, 1X — BRI
R B IE X T RGO
TR IX — BRI, Yang 25192V Fl Jiang £ 1931 43 i 6 T
HHR RAES: RS LQR 0 @ HE H T A\-PLA VLA
bias-PI 572, Chen 5594 $g H [F146 PLAT T AR Fn 4 1t i
S R g ) %A A TR BEAVFPIGG RS, LA
3w SCHR [EI I 25 7 3 Fh B0 (R AR 26 25 20 WA, T 7
Y H, Lin 25199 2258 7 ADP J7 346 B R G AR
AT Ee it B R | BB R R ) S5 U TH AT
.

Zhang Z51196-2001 3£ 1 ADP /7L 78 T B i N2
ARECIR A5 20 R0 R 2R 1 R 45 f p 15 ) ) 8. Wang
SFROURIF ADP A FL 1 B MBI A
LR NE R G s R ], 51 NAMER B 4% ) 45 A0
ez 1) 25, 505 ) A SR 20 S s B 7 4 1) 8 AR R 8% 4L
. Lin 550202 et 35 (0 1 B2, FIH ADP 7755 1& 1
DoS Briti g Rl T A T8 B e, e B
(1) H b Wk A i Bt SR, DA /b (1 B BV FE R
HC I 25 W B 28 455 1 428 1) P BE . Moghadam £5:(203-2041
F ADP J5 VAW F8 1 I 2R 4 1 A AR 4% 1 1] /. Gao
SFROSIZE R T DOS Beahi ™ 1A v 1A 1 1) R, 5
BB S TAEAF, Z 774 04 T R R4t
BTt B8 0 RO Bl A A i VE I i k.

B 2 PG A 7T AR N, ADP £ B 28 G o i B
FH A H 25 1 22206221 Tang 55209 £ 36 3 T X5 B
REHLI R T —FiEE T HARRIA e K&
SIAMEIE S, Dt miE A T RGBSR
PE. Zhu SEP10V R 5T 5 ) 52 BR 04 2 L L RS R G
ANEL T A 1) . Liu PR T R A R AR
KPHBEAE B AU B A . T ADPEIAR, Wei 2512121
et T MIE TR R BRI RS E R E
S S M 35 O R Mu SRR T — R T
BRI IE K XA IR B A B & R 2 R8T
HHE 9K 20 4 B4 ) 7 v, T e R A e
AT AR IR BRI B R R S, Sun FFERM R T —
Tl JCASE B (4% 1 2% Bt 7 8, DARR s i AR E . Li
LGRS 58 T S J RIS N B AN B KA
FiIE (USV) B8 B ). Kong 252181 75 R An AR R L
B FZ MR S A AL 2 N P R B 4 o) DA B o

PE. b 4h, ADPTE B J7 il FE e th A 1 2 )37 (2192201,
MEL 2 Hr AT DL Y, ADP R 530 H A
RURE B A R Rk i gk e 35, H b, &% ADP
FH T BN R A (P 0 G 1 B3 TR S (et 28 1)) 1)
R 7S O 56 3, 1 W56 T M2 ) (1 AF 0 3 22
S TE e 5 Ul O S, Wi SR ISOER JE
R AN R G B MR R . 45 IR Bh
RIS A%, b AN, ADP EVELERL SR
JrERE. ) RS LR RGN N2 — %
(R 577 9] 458 S0 M, B RO BL RS T T E
Wk | AN BT B S SR A Rl iR 22, A
73 PURT VI ME DL HERA St )5 ADP AR 7EFE 1R
R P 5 LA AR 22 B 7, AH T kAR R [ A Al
LR E DA SR 22 T B R BT 9 ) AR SR T, SRR
e A 1) R AR 15 21 70 20 A R, 22 RS A o g N
) T S HLUE S, (] AR 15 B8 N & 2% KA &, ADP
SRR IEARIR Z SR PE 3 BT 02 H BT 28 H IR HE
5
33 ADPHZERKRRGRMINEIEH] YR

A K A4 ADP J5 V5 4E MAS 3 [7] 42 1) o ) i
FH. S5 P W ) 42 1) ) 2500, 565 ) 4 MAS S B — B 42
il (O ) — % ROIR S B B — 8D A MAS i)
e H 5] 25 R0 B M R R 5T ). MAS Ho 3241 7]
LA K ADP 15 T NSETE 2R G B e 42 ik 72 o f 182
2 E I N4 ADP 7E MAS fe A B [712 i) v 1 13
T, B 528 B AR S S,

R TNEREG = (In,E), B8 N DR AL,
BEERIERE NIy = {1,2,... N}, II&ENE =
{(i,§):. 4,7 € In} € In X In. (i,7) € EFRBREIR
i 5 AT EALSRE R, A = [a;;] € RV*N RIRAR
B, W (4,5) € EHi # j,Ma;; = 1, KM a;; =
0. BHef KA R E SCAN; = {j € Iy : (i,)) €
E}. FEHEND = diag(d;), Herd; = Y ay, WL

JEN;

W E SO L =D — A.
3.3.1 ADPS5ZE el RGN — Bk

— UM A S AR v 2 A s R
{15 B A & Re R RSB T, —m 5, — 8k
R IR O NE 574 B S Y € S D K1 10 e G
i\ 4321 —F 1 (group consensus). A PR A — %
4 (finite-time consensus) F14%) 77 — (£ (mean-square
consensus) 5. A — 2 M A EHE B T Bk — 4
3 AT AR WAL, AT AT O REZH) B Be R H RS
TAH A B ge Rk it — A R PE ge i 2. T+ i
DA 433 IR MAS St — SO i) nl SR A7 1
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xR %38 %

gH 441,
Vamvoudakis 554 % [ 74L& N AN F R AR 2
PEMAS, AN REAR 130 15N
x;(t) = Az (t) + Biu;(t), i € Iy. (72)

Hrp:z;(t) € R ui(t) € R, A € R B; €
R™™ Sy RINE i T RGHIRAS . BRI\ &S
S, B Rk A T [ G . TS R
N 1% N
wo(t) NGRS,
T8 BB R —E v iR 2
i) = ag(xi(t) — 2;(t) + gi(i(t) — w0 (2)).

JEN;
(74)
17 R T AT 3 B At — B 8L, A g; = 0, Vi, iR
P (72) F(73) BRI i AN R —E R Z 8 S22

g;(t) = Ae;(t) + (di + g:) Bius(t Z a;;Bju;(t
JEN;
(75)
XF TR R 45 i R AR R B FR AR
Ji(€i(0),e-i(0), ui(-), u—i(-)) =
2 I+OO ( ngz (t)RZU,(t)+
3 agul (6 Rijuy ))dt. (76)

JEN;
H: Qi Ry NIEEHFE, Ry N IE M, () =
{ej(t) 1 j € Nituoi(t) = {w;(t) = j € Ni}, Ni W&
RedA i BT 4 J5 2 Re R 2H B 4R A [ e 2 e A 4 i
FLAREATT) SR M, AH R ()85 e A 4 IR {E R Eiid o

Vi(ei(t),e—i(t)) =

%Lm (siT(T)Q £(T) 4+l (T) Ry (1) +

Z aiju;-r(T)RijUj(T))dT.

JEN;

BRIZ1 Vi(ei(t),e_i(t) =2
e-i(t)) = Vi(ei(t)).

EX 4 R (ur(t),u (1)) 2 J;(us (t),
w* (1) < Ji(wi(t),ur;(t)), W% 5 BE FRAE — 4> Nash
Y.

] A1

oA 2, RV, (e4 (1),

7 &L NE MAS (72), el — BRG]

R % ) E A A B v 2 A A ) SR (), 1
FMAS FPRESIE S| — B H M — AR S 1RV RE

PREL(76).
BB, B R B BOE ON Vi (e(t) =

min V;(g;(¢)). Hamiltonian B8 %0 E SLan R

u;i(+)
Hi(ei(t), ui(t), u—i(t), VVi(ei(t))) =

YV (4 (Z“w ul (t) Rijuy (t)+
JEN;
eﬂw@a@+mﬂw&w<0, an

ok, (1) 7E R (75) FREA . SRR, i SR R
OH;(ei(t), ui(t), u_i(t), VVi(ei(t)))
Ou(t)
RS
up(t) = —(di + i) R "B VV (ei(t)),  (78)
Vi (g4()) i 2 0~ #55 HIB J7 #2:
lwwwNVWWa»BR?Ememm+

=0,

5 Z (d; +9;)°VV; T (g;(0))B; Ri; B YV (£5(1)+
]EN

VT (ea(t) A (1)
Hrp
R;'=R;'Ry;R; ",
Af(t) =
Aei(t) = (di + g:)* BiRy ' B VV; (e5(t))+

> aij(d; + g;)B;j Ry BV} ((t)).
JEN;
Hik10 N-B RS EZRPLE .
i N A A B R AR B — DR 10 2 VR SR g
ud(t), Vi € Iy, ERKEL =0,1,...;
S Vi (x(2)), uf (1)

+ 56?@)@&@) =0. (79)

SRIEVPASG ARHE X (77) SRRV (24(1)), Vi € Iy, A
Hi(ei(t), ug(t),u;(t), VVi(ei(t))) = (80)
SR S0 R 2K (78) SEHT N SR RE A SRS

wH(t) = —(d; + gi) Ry ' BIVV (54(t)).  (81)

R 1045 TR BT 2% 0] 3R AR 1 PLARL I SR
fiR A A (1) HIB J7 F2 (79). Vamvoudakis 251451 % 5535 1)
WCSKC I UE B EAT T VRSB R, A, BET-E ek BO&E i
HR 4G H T HIE 10 LAT 77 . I 2 ) |/
RS K IRL BOAR, 3 30 eit i 75 24118 R 4080 /)
FHEAER.
E2 TEBHMANHIBIREINDA—EH
— RV (e(t)) ), BIAE A il A — 2 i R 1.
{HRTEMAS AR o, ATE A R R 5] —
2H 43 A7 2R I, X AR AE A 5 £ HH Minmax SRR,
EXS5  (EMS EIEZRE R, W SR uy () i 2
ui(-) = arggil}g max Ji(ei(t), ui(+), u—i(")), (82)



F5H

BIHE S BRLFI5AE SR KEAMTLE S

KRR G P oy m A8t &4z 1217

PR HFRAE Minmax 5B
HRE _E IR 8 S, EERAS i e bR B (76), 18 H A
g A B e AR 5 FLATJE 1A AR AN 2R, IR, E
A0 B R e A4 ) RE BR
Ji(ei(0), ui(t), u—i(t)) =
jméaﬂQﬁxﬂ ul (t) Ry () —

> aguf (t) Riju;(t)dt, (83)
JEN;

Forp B e ¢ 1R fe /ML e BR H(83), HAR AR
JE B B KA 3K (83). AHISLFA R BeAA i FOME BRI N
Vi) = eT<t>Qiai<t> ul (1) Ryus (1)~

> gl () Riju;(t)dt. (84)
JEN;

5 3(84) #H 2% ) Hamiltonian PR € IR
H;(e(1), Ui(t) —i(t), VVi(ei(?))) =

VVT(‘gi Zazj RZJUJ )+
JEN;
L (Qieit) + ul (O Rui(1)), (85)

Hee, () XTS5 P4 . B V(e (t) A kA
T BTV (ei(t) = ef (t) Py (t), WA LATS 2 B L
IS ul(t) = —(di + g;)R; 'BY Prei(t), b Py
T 2 40T MRS Y HIB U7 A2 (R 2R R R 32 7 1%
(game ARE, GARE)):

Qi+ PA+AYP, — (d; + g;)P,BR; ' B P+

N

> ai;PBR;;'B"P; = 0.

j=1
TEYH ) 18 AT 25 WOCHR (391, B I SCHR T I5A 45 HY ADP
J3 153K fif GARE. B T 1% 7 F2 42 fR Al 1), T LA 5
AN RGESR AR Hoo 0] B3 ) P BB VI BE 3047 3R
figeto 503 K GARE & 1F ARE F H 514~ R 48 5K il
LQR [1] # ¥ PURVE B VIFEE T SRARDY.

B LA 2, o] 125 R 2 R A IR 2R 26 14 MAS
B — B0 L X T B EMASH42400 JIHE 2 1 MAS
A AL 4 IRI04T481 LT RL A%, Wang 561491 2% 2
T % Euler-Lagrange % 4t Jo #5284 44 fih e AL — 2
PRz ] ] . o, e e OTTAME SR RIS I T R 4,
LATGE 5 %55 58 4 3)) 7 5 AR LUk, 2 HIB J7 R 4E
T 7 TR A i R B AL A BT RL A U
L0052 18T B R B 71 I MAS St 3 —
S ARG )L A N2 R B RS 2 R 1 MAS
B AL — SO Fa ] ) A A5 B T R E I L% T
FHIMAS, — M2 8 i H R 5 1]

B UL B2 & 14T () 915 MAS — i (7] @ 41,

FE SRR ) A, B 25 MAS RS RD & 28 P 1) 389, &
G0 AT e 5 BRI 43 AN A -2, S R AR ) — Bl
22 B 5 AN 7] 41 R B SE BAT 45 [ AR A T AN [ 3
Sk, MAS 73 2H — S i) 1] T 4R 5k R, 4y
H—FUE N — B Y e 0 R R 2 MR &
g PR R AR 23 2 M S IOIRAS — . MAS st or 41
— B AR RE IR S B 4 21 — B R I R g B AL
SePEREFR bR, Li %22 F) H ADP A4 IR S AL il fig
T ZHr MAS f o3 4 — FUA . Peng 52242251 i 57
THBEAGEZSRAMKRIMMAS & =5 — 808
Az ) 1) R, 45 T oA Y s Ak 2 2] B I
5T ADP J5 v [T T R 40K 22 0 o BR- 48 Ak
Fo P — S04 il 1) R, SR T 7 S 4 ST R A L T, Y 4%
(18 e A 5 A A PR ] P S8 B — B T ok, A RR
P[] — S48 ] o) R 3T oK 32 31 |32 ST, A BRI ()
MAS 5 It — B4 il 1) 70 A2 48 e 428 i i AU M8 45 2 R
PRTE A PR 8] SE R A — 2500 R I S5/l 3t Se P e
fabR. Zhang S22V A FL T HLATIRAS A I R KT MAS
A R B ] g e — 504 i) e A, R v TS SR Ak A )
FVESR AR B AR SR M. B T 504k 2% 5] HE, Liu 55227
Fi T BA RSB AE LN MAS A BRI (8] &P F 44
firh R F ). A, LT A IE 1) — ECHR S LAY D B 7 X
R AR RS R, 75 Y T — 0] EE MAS — 5L
PEWF IR S 1)z Sy 228220 i Sk T ADP U5 ik
(1) B 350 7 — SR ] e 3t Rt 9 s SR e 0 T
ST A ADP AR i MAS — ﬁﬁhﬂ
I 8 PRI S T AR e — SRR R R G 1 B P — 3
PR 1) ) B — R R G B () — Bk 4%
il A BRI 18 MAS 8 AL (73 4H) — S £ L)
— M ) R ST R
3.3.2 ADPSZE etk R m i 777 I
Gao 500 18 1 U~ F A MAS:

.Ci‘i (t) = AleZ (t) + Biu,» (t) + Dil‘o (t), (86)
)

yi(t) = Ciz;i(t), (87)

Zo(t) = Sxo(t), (88)

Yo(t) = Raxo(t), (89)

ei(t) = yi(t) — yo(t)- (90)
Hx;(t) € R u(t) € R™i\y;(t) € RT3 A%

AefAd FPRAS iﬁu)\ it ao(t) € R™.yo(t) € R"
SRR E RENVIRA it A B, v D Ci SR
NETEYER RS E; e, (¢) NIBERIRZE

[7) R 2 %?%WMAM%ywwyﬁﬁﬁﬁﬂ
Pz 5 B E il IS I T o 4 o ISV ol 1] 5



1218 ¥ % 5 & K %38%
uz(t), ,TE’?%" MAS E‘]iﬁtﬂﬁiu ﬁb!:, Elj ez(t) — 07t — uz(t) = —K1$1(t) - szl(t)7 (96)
+00,Vi € Iy. (1) = Fizi(t) + Giel (1), 97)

HSEE SN A A
Ferb K Ly 53 590 0 S A 08 2 R R 452 0 2 AR R
SO BN AR R 2i(t) = a4(t) — Iiwo(t), w(t) =
i (t) — yao(t), FeH I I N0 R ATRE A A

AL + Bl + D; = II,, (92)
CII; = R. (93)
Kk, R 55 (86) ~ (90) 4% H
z;(t) = Az (t) + Biug(t), (94)
ei(t) = CiZi(t). (95)

Wit ar(t) = —Krz;(t) NiES: & R 5 (94)
LQR [ /85 (1 55 A 4% il 2%, MR 40 57 52 A 28 (1 LQR [7]
AT LA Y ADP J7 A U, 28 3 (91) Hp I 1) 3% 25
K=K} L;=1T,+ K*II,.

5T A U7 F2 (92) A1(93), Chen Z51207 45 H
THT REHHRIR M T %, Odekunle 2% 45 HH T
AN R G R FH B OK 3 H R 1SR AR &, Cai
LGP0V T EE N SR AR T R AN, A B SR A
SR ARG H R 7 T G0 ALl 4412000 58 3 g i 4 2
T E 3@ N S ILE B Modares 256916 MAS % H [A]
A5 ) R AR A 2 4 s A B R T ) R %A
45 25K i ARE. 3 i 177 3L/ 44, ARE 7] LLF| A ADP
TPk R B A OD R BT 20(2),(H
JB T o3 A 208 ) ZE A8 v A S R R AR T e
PAFX 5. R — M) b 2 5 R N A e
PR WIE F T Al T 2o (), X FEFE 25 9D &N
wi(t) = —Kxi(t) + Ligd (t), Horb & (¢) B Re ki i)
I ZHIRZS. B0 MAS % H 8 15 1] R0 1 i 2 4% ]
5, BV REAR S WOCHR [58,65]. B6 T Bk U B
FFATT &P BRI R G T R ERF L. MuZgb) %
FEVIH AR I T 54 MAS F 55 0 T0 45 B 4y H 17D 25 1)
BT T AN T AT B 1 B W A8,
W 22 5 REAAR 2R G H (R 20 ) LG A g — X — R IE R
], I T T T Q 5 3] SV SR AR G S s A
1] ] . Wen Z5162641 23 Wil BIF 52 7 < 2% 1 3% 452 1 5
MAS % Hi )25 el i, B rp R G5 HLAT P b I st =K. 366
T ADP J5 %, Wang S50 figt e 7 LA $i N AN 544
MAS ¥4 Ja YA A H 18 5 1) R

KT ARG (86) ~ (90), 7= T PR HE, 5 FE U R 3
A ag:

Hor Ky Hy MR 3 R s 55 B By Gy N
FERT BERE el (1) = > ag(yi(t) — y;(1) +

JEN;
9i(ys (t) — yo(t)). BHE f3 R RF K, A H, (R Bert i

A 25 S 3K At — 25 GARE, It 77 #2 1] DL 1 ADP 5 V4 i
e, VE L SCHR [63].

3 WRD; =0,Vi € Iy, Wia 2 54k N
H )25 1] R

Li 2230 £ 36 7554 1) B 1 77 78 5 o N 19
FHIMAS, B 7T 741 5 - BRBE 2 fe A — i 2D
I . 3T A SR TN ST 46 O B A o L — 3
P A BRI TR B A0 At — B0 DL R A 38 i —
FOME 1) 8. IR A, ADP S (8 e 1 DL K 3h AR FM R
FHAFIRBIHLH] T MAS B At it 18 45 i) 7500 A3 —
AL
333 ADPEZHGRMAERS H . #=H 0 &

Jiao 251001 fe 7 f 8 N AN PR & A — AN
(1) MAS, 45 H 2 RE A i 1) 3l 70 2 0805 3 ) J1 %
T

Ti(t) = Az;(t) + Byui(t) + Dyvi(t),
do(t) = Axo(t).

Hrb:zi(t) € R uy(t) € R™isvi(t) € R% . x(t) €
R, A\ B, D; AR Re i i BPIRAS | 35l | 4
SMRBN) TR L RGUERE.

R A )R — Bt R 2 =k (74) FToR, HEh
FIE A LTSRN

(98)
(99)

&i(t) =
JEN;
(di + g:)Divi(t) — > ai;Djv;(t). (100)

JEN;
BIE3 75 & MAS (98), Hoo 2 il 17 7 f) 425 1) H
P R B — 53 A A5 ) S (1), (6 15
1) Ho;(t) = 0,Vi € Iy I, MAS LS| —FL;
2) M (t) # 0,3 € Iy I, BN BeAAGH 2 W T
CYRAIB=R/5 %
[T llzalPde <42 [l (0)]2dt + B(5:(0)).
0 0
(101)
H:y NEERZSE,BA
1z (0)]* = & (t)Quiei(t) + u; (t) Rigus(t)+



BRI B %A

REAR A b 09w R it B 42 1219

% S5H m)AE L mF ) B g g ALK
> () Rijuy(t),
JEN;
llwi (E)|I” = v () Tysv(t) + Z V]
JE

SRS BEAAE S T P RER iﬁl.
Ji(€i(0), ui(t), u—s(t), vi(t), v—i(t)) =
2f (1) Quigi (t) + uT (t) Risui () +
> uf (8 Riju(t) — v (8)Thivi(t)—

JEN;
¥ ol ()T (t)dt. (102)
JEN;

LR BR HOE N
V(Ez(t)) =

2 J‘ Q/L’LE:Z
> U]T( )Riju; () — 7?0 (1) Twi (1)~
JEN;

-2 Z v;f(T)Tijvj(T)dT. (103)

JEN;
7] 7 3 S4TSR ARG T ZE AN S ] e
Vi(ei(0)) =

m(11§ In?o)( Ji(€:(0), w;(8), u—;(t), vi(t), v_s(t)).
wi(t) vi(t

SRAR F R 2R 0] AN TR R — AN A 1 HIB
J7 2, VR FE L SCHR [66]. 1% STk R F R SIS AR
YHH T 2R AR AR PLEVE, HoBR AUBR T AT AR B A
i 2 A0 R B B W 2 Ik AT T 1) (X R AT
4 SEBR ). Zhao S567-69) T ARl R F AT AL T AE
LRAMEIES: MAS H o 12 1) 1] 731,
334 ADPETLANEH RGm BRI A PRI

Zhao 5511 25 fn T 8 A2 AT A M 1) DY i R
TANLRG::

O:i(t) = — Joi (C(4(t), Oi(t))Oi(t)) +
bri (uTi (t) p(t - tsz)uAi( )) (104)

Hrfii € Iy; 04(t) € RPARGNE, REERRN
VU Jie B A BR LA s (8) WARGHIN; p(t — toi) FIHTER

u;F (t)R“Ul (T) +

BRHC s FHCBT BRIV 0; a(8) AT 88 DG o

b NRASHLC(0,(),
Lai(t) = (6] (1),
;(t) =
foi(xi(t)) + Bri(uri(t) — p(t — tsi)uai(t)),
Hor foi(w; () T By 43 BNIE 2 1 AR P bR HORI
FERE. ST E RGN @o(t) = Asowo(t), FeH Agy H
xo () 7N T # RGUERERLIRE.

O,(1)) N — AN AE Ltk ik K.
OF (1)), M (98) AT LA S Ay

T VT LI B Al A IR A, g — 2, AL
WrrHT R/
Xz(t) = F@i(Xl( )) B (Uﬂ( )+
p(t — toi)uni(t)) + Mei(t). (105)
Hog(t) AWM EIRE, X;(t) = ( L), @),
Foi(Xi(t))=(fo;(zi(t),si' () Ago) ", Bi=(B7;,0)7,
M; = (0,—0)T, v A—ANBH,e(t) = Z a;(si(t) —
jEN;
5 (8)) g1 (s () — mo (£)). T IF 86 0 BT L2 b
R (105), 5740 N Fe s i) .
TR IEH B S A e M T T 1 RE R A
Vi(Xi(0)) =
fooo L () Qoicoi(t) + uL (t) Rosuri(t)dt,  (106)

Hrregi(t) = [I3,03x3, — I3, 053] X, (t). Fifi J5 & 37
BRI Ay, B TR ) i) ) A ] AR YR A R R

ADP J7 1543 B, VEAI N 44 2 WCHR[71].

BT R s Ak 2 5] 5%, He 2572 6 (& T A7 E R
FNIAEE TGO T (1 2188 N\ fe /)N I 8] 2% 42 60 K A
WER o) B T 22 B B4R ADPROR, Lin 25232 51 58 1
N-Z WL N EALAL 2 i) 1] 7. Tan!233V &6 A2 7EAS
fif e M AR e BE L R RS B Z HLAR N R G, W 9L T 1
BB EFAE) 1507 T A B A TP i 5 A 2R %
Pt 2 v i L T O UK Bl s Ak 2 2] B2, Zhao
SRR T B A R 0040 1 S A Y e 36 AL
RGBT G B\ 1 ) . Zhao 2574 E S 7T 1 i AE
B % A B AN PRAT 2% R R 2 W R 22 S W ZE T
Az in) @, Lin 55757V 9T T 8 2B K B A#5r
RABN 7% )RR MAS S 4 PA 3% 61 in) . & T 5
b2 =) B S S s %, Zhao ZESVBE 5 T i1 I AHLAD
To N ZE 4L 4 MAS 48 B 4 4 A 42 41, e g
JiE 3T NAURTE N 25 5 b 18 28 1 o B DA Rt I 11
ZEAESIGRE EANTH S 548 E A MG B4
B BT A R BR, Dou 25TV B 5T T £ DU iR TG
A3 G A 425 ] ]

TU%&MW&*EWW%M%%ﬂ%@%
Hil. UGV % BAF% il LA B2 USV A1 4% 4% 0 %1 45 07 i
CLHUAF 88 22 T 98 BER. 25 8 31— MR S PR AT 55 7 22
USV. UAV FIUGV B3-S 58 5, K ADP £ A B A
TR A S F TN ZR G 1 e A B [ o ) R 2
e MR

33,5 IRL5ZF GG RETRANIESH B
1Wi5E Ak %% 2] (inverse reinforcement learning, IRL)
SRV B RL AT A R I — M T o 30 e

2 1l (inverse optimal control, IOC) [l & (15 FX{E IRL
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) ) 1) 2 ) vk e ARl il R Y E bR SR — A
B ot 2 P 1 R R ) B PR A . SR, R B AR T
PERE B bR E — L8 SEBRz 5 b R AN, X — 8 5t
T, 10C [7] @A NATTHE H 9 52 2172 R 3. T0C ) 7
e R A R, B bRE T SR MR I AE
— 5 RO AR R B, FLAT X — M e R E R BRI
P2 ) AR A e ). LS SR, TR 5 A A — ik 1) 3
T WS B AR R AS T A AT R g LR SN ) M R
H bR A,

T Ak, — 26 22 2 [ G4 R H IRL J5 V5 1 TOC K
HAH G ) R T — R R T RN CIE) M e
KRG, — RN 3T IRL 550 B % T8
ERAEm]. 0 Pu AR, AERME NI N
2342901 56k MAS, BF 2N G T — 228t 7L 5 4R
#. BAKH, Donge 524 % [& T MAS B4t #2517
. Neumeyer 552421 117 —FioB 1 IRL 525K 2%
i HE T B A A SRR (RAOE IR B BE A 1 B AL R 2
()P BE PR AL Belfo 252430 £ % B Hic i [m) JE 26 1 2
REfk R, 1Rt T —Fh &4 010 N IOC HE 42, H i
AN BRI Bl 77 2 B4 52 B A AR R M (R0 IR 25 A
N BA S HA A5 5 T 5.

4 RE5RE

ALLEAR T RLAADP HVEE N TR BER R4t
Ll U i & e DR, A A T H N T A ERAS
BRI ) TR (R AR ) ) BEF MAS
JF T3 R SR (e A0 P U 425 o) i 70 1) BF 0k . A% fh
O EEREAR. DL ReR 2 AE B2 BN A
FEXT MARL 5723047 T BN ISR 2 K 5 vh e, ik
— 35 b, 75 ] B A 4 ADP 535k 1) 45 M9 AR 4k G R A0 A
NI TR ) 5 2 K B TC AR 2R () E 4 25 2] O Je T
BE LR I, 258 T ADP S5 7E MAS S5 AR i i 42 il
I 5 (T 7 Bk FE . R, RL A1 ADP B3k 1 B8 K
I A 9 280 S B S T R R A A, — e A HL A K
(10 5325 0 R I AR S IR B, 7 R R 2, 1L T
YB3 KA BIR 18 SR e PR 1], — 22 9¢ T RL A1 ADP
SRR B B FL N FR R A 5 T 75 0F 9 A oK e ik
TAEA R . B, AR T 24 BT T HR 1 2 Hr A
JAFAE 0] 8 () B 2% 45 H O T MARL B 50 70 F)
FH ADP 595 fif Y MAS 1 £ 1] 1] SURF 7% A ) — 8
KM TT 7).

4.1 MARLEZMRFHNETRRARSE

1) S RS BE M iR L b
5 S) R BT A R BRI . Bh A P A IR R AE
BN ZRE Re A st 0 sh AR Sms, BoA e Sud BE TR £

SE M AR L AR, B A R R AR AN EOE In, S BDIRES
2 [B) AN 2 (8] S F8 B hn, sk 7 > St B
DA K USSR () 35 AR b, A1 b e DA S FH - DR A
Z R TS ARG BT, s
R a5 L5 B I A BRI U &, PR T A
St SFESRATA £y i — P A 5K

2) N EE I AR AR Bk . B S
VAT AR BN R AR iR Ak o o ) REURUASE, X RR AR
Je UL S K 2 A5 JE R ] B HT A HiAE oA BB R
W 10X 286 2, N RO T (8 HL S SIS BOR R
PE.SRTHT, BT 2 1 PR b [R] I R AT SRS A ST 1
R BE AR, AR BE AR R AL ) I R IR P AR AR
VI BIRIR, 2 > IR A RS e M A i Ak 2% S SRR R
SAUE HE DL A BT FOLRUE. [R] 1, 75 TE V2 AT 83 137 5
T, fnAr Sk o3 B A DASE b v AR T AR R Pk
1A gt — B .

3) 3 An A E L B TH S B ) L 43 A Ak
SRR T T SRR A BRI AL, )
FH & B4R (8] (I8 AR AT B 2 2 RIR S I sh R 15 B, i3
T BEAR T B R A P E R2 e, 4 v 2% ) AR I AR E M
AU, SR, A [F) P 8 TR B DA R 38 PSS 0T i
57 ) B B RS PRI SIOME B B RE . [RIT,
B T WS IS E 2 5
M) 2572 > B3 A AT S e AR e 0 S S IO 8% 12 . BT 52
2y A R, An T AL G B v Rl TR SR S DAL
TEIEAE 32 B 37 50N 70 M o0 A 20 ) R Re A 1
i — BT,

4) 125 A0 2 2 AR T R ) R H RTOR
28 2 R e ks AL o) R R BT e A A E UL
R 550, SRTVE 22 S bR 2 A5 rh, 8 e FEL ) L R g
AT 2% 5, 2 B Rk A B S E S R A RS
2 PP A8 Ho2 0 56 2, LI LA A AR 2L A B E gy
i 2 B Re R nmA S o) A i B T R A
AR ZE | BRI B ARG B, AT T oA X
2 2] AR BT SN Rk e DA S B IS P ) 1
FRaR A 5 ) Bk R TR B R 0 T ).

5) MARL 53 B T S bz st o (1) — 28 9 3 il
. BRI AR 22 8 B AR s AL 2 5] SR SR Ok AR
133 Pk e, KRR 2 URL . HEZEANITIR I, (H K
% 45 S8 8 1 B S0 SR M AT B R
(). O AT TR B, 5l 27 =) B AT B8
87 FH 1) 52 o A 5 5 o, A7 A2 07 5 3 S BR B 12 (Sim-
to-real gap). [A I, LR THIE AR HOR 0] BE 2 R S bR
N FH 3 s A T s 1 22 Pl E B AR DR 3R R & — SR AE 4



%5 B E B FE ) EaE R AR KA R S AMIKA KPR A ESE 1221

S TR R AR RABAT T TR PR AL U4, an T A 2
MBS B3 S5 B SRR A 20 TR BT UL 1]
S AARE R 2ol R Mk & 1)U 2 {E A
— BT ER L.

4.2 ADPEETERRRMAS & R 1 B1E S (8] RE A 52

hE—LRKMR A

1) A BRI [8] ADP 55092 1 B2 1T 5 0 i Je A
MAS H5 0 in 18 42 ] i 0 £ 2P, A PR 1) A A1
—HOBER PR L LA BRI 1] 23 2 EE]
AR, KHR 73 ©A 1) ADP 5305 4% Gt doe e 4 i B
WBLTHI A2 P R GURE VE AT RESR br B D01 9
T A, 2 T OO U R AR, PRI R G — R R R
SEHUHL RS RE . ART, VF 2 SEBR B AR 55 oh, i TR 8
AT KPR GEMAESE, P R G075 72 A BRI A)
L FRE TERE TR bR, R, A BRI 18] ADP iR iH 5
TN RABAT I — DB T SR SR 7 1.

2) 5T % HH S ) ADP S0V T 5 43 i A
FEMAS S5 e P 8 £ 1 i e (1 P, DR A T
HAFOLT K UL i 1) 4%, H AT K 2 8k T ADP
BV MAS $ A0 W 18 2 1 45 220 (g T IR s 7R
11, R 2R R AR IR R RE 0 32 BR B AR 2001, RS
= B — MR DL S 3RS B T NS B 1 ADP i
A DARRAIR R BE AT T IBCRIRE /0 (R B3R, 2 — 20 m] [ A1
R IS AR, 3 R RE A L P Vi L AL, W T T 4
N BAGH) ADP S35 90 i A IR I BSCR, 578 ¥
ADPHRHAR (1 5y — B EWF ST ).

3) F ) ADP 523 i ok A7 AE S N BUIR S 2 A
MAS 5 e PR 42 ] 10 2, 40 20 R MAS it — 2
P ) e AL B R T I RS BLA ADP AL R A
L& RGN 1 ALV I B AE BE R A Fa ] ) AL, oS
TAERGPAT SRWAMLIR UL S R GORE L RIG B
WA T R GV I R BT B o i B % P 3
SR 0 GARAT UL — e BAT RN L) SRR, ]
Agiaahid et b T2 e SR R R IR L
W, B il ADP SR RAFAE AT SN LRI Z0 7R DA
SRS LI MAS s D0 B[R] 2 ] ) e — AME AT
FC D 1]

4) Bt B — € LA TR RIE I ADP 53, 4
BB LT ADP S WS PE 5. BB W 2% 4k 12
fR K i, A% 4t ADP 5535 AT RE B T J0 4008 11 M) 2% 2R 4T
P A St 3 TR 2% 1R 5N — D TG N T ) R 5
{1 R AE PERIIF AL, 55— 5 Th A5 PR R 2% A 22 3
RE 1A 28 G A7 AL Uy AR AT BERH, H I 17 42 ) ik
AT AR oS T R 2% e R IE S8 k. X2 I AR T,

A BEAELE G BN R B B R B o B )
RGUE T RGBT 28 W 25 1) [7) B 25 A
1k, 3 A X 4% A0 Xof ADP B35 110 i 1 0 i RS ), I
TR b B 2 A MR REORIE [ ADP 5% 2 3E
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5) Fl| F ADP B v fife e T REAII MAS £ 4t ) ¢
e 2 4 ) 1) A, e AAL-TJE N RE 5 S SR B R G
PRI T ANL-TE N RS A B & G i AR P
el B AWM g AR Z P8 A RSB
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