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W E L Fk, KRN E 3 F ik E A% AlphaStar. AlphaDogFight. AlphaMosaic 5 a2 £ ) B if A4 49
REREAVAR T A . BAETRFN S HRARERRAG T, TS0 AERZNEERR LA BRAE S
EERESRPEE TN A HE TN, XL HETE G T LU LEMEFERE AT BB RELEA %
BRARSRALE 3] Fok AR, AR TARNSET 06 St ki s I Bk BA T2 L E L
A @& A FA S 10 69 B Bk SRR AR IR H ik, AR S RS B IR SR RIE £ R B
BB BN, 45 o B BRA IR A S SRR AR ok P Wk sk i b I A B B4R 2 ) 69 A BAg A, it A
Hybrid Predator-Prey ¥ % ¥ A B 540X B T 49 523045 R AL Ak £ 2365 % 5 ek A S sh 1R = R R 12 4
LEA BT AL SO, B S AT IR R R P AT AR SRR, RIS RAIZ R A S M FRR
BREEKR SHE. ATH A LN RIES T A B F T AT

ERRIA: ABACVE T ) B RIRIRALT 3] b AL RBAS R BT RR

hEES K S TP1S
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Factored Multi-agent Centralised Policy Gradient with Parameterized Action Space and
Its Application
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*(College of Intelligence Science and Technology, National University of Defense Technology, Changsha 410073, China)
3(State Key Laboratory for Novel Software Technology (Nanjing University), Nanjing 210023, China)

Abstract: In recent years, multi-agent reinforcement learning methods have demonstrated excellent decision-making capabilities and broad
application prospects in successful cases such as AlphaStar, AlphaDogFight, and AlphaMosaic. In the multi-agent decision-making system
in a real-world environments, the decision-making space of its task is often a parameterized action space with both discrete and continuous
action variables. The complex structure of this type of action space makes traditional multi-agent reinforcement learning algorithms no

longer applicable. Therefore, researching for parameterized action spaces holds important significance in real-world application. This study
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proposes a factored multi-agent centralised policy gradients algorithm for parameterized action space in multi-agent settings. By utilizing
the factored centralised policy gradient algorithm, effective coordination among multi-agent is ensured. After that, the output of the dual-
headed policy in the parameterized deep deterministic policy gradient algorithm is employed to achieve effective coupling in the
parameterized action space. Experimental results under different parameter settings in the hybrid predator-prey scenario show that the
algorithm has good performance on classic multi-agent parameterized action space collaboration tasks. Additionally, the algorithm’s
effectiveness and feasibility is validated in a multi-cruise-missile collaborative penetration tasks with complex and high dynamic properties.

Key words: parameterized action space; multi-agent reinforcement learning; factored centralised policy gradient; multi-cruise-missile

collaborative penetration

£ A e TRAL 2 2] (multi-agent reinforcement learning, MARL)! 1 — 2535 B 22 AN REAK (T & S 08 RS ST
A JR i AR BE 2% 2) 36 50, BT MARL BITTH ] (344 %4 e R 50 58 W S b R FH 75 5K, 8748 MARL 7Rix
SBAEE R T T SE IR T PUE A JE. BRI, MARL EENHF T AR, 38E SR BANRE .
S BNSERERE i 2 A0 0, I BAERZ M E R MR FRIH T E RIS w RS . DA TR
LR MARL ikl e 5t T4 7P il %k 7045 2UIMAT (centralized training with decentralized execution, CTDE) i
AV 7E CTDE 3, I B Atk HREIRHE B B SO0 2 40 A 2 A DS H 45 1 OB, (RN 3 T4 TR A (5 1B
B REAR A SIS A A A O AT X 2% 51 5 BT R A4 11 SRS I 268 1135 B 2 il e XA (00 7 T BT

£ 41 MARL 9% R 8838 F T8 BB i sh A 23 1) fn QMIX™, B 4 7Y (50 1F 4% 18 i MADDPGY. 717 %
SEBR IR 22 280 R v SR R v, R T SELE (RN LA S B 1 A A S B 1 AR B (0 S B R s ) U OV g AT ke
. HEUAN TS840 3E 22 ) T B8 ge s = A FE & 7 RON  Z BI85, $& 4 7 0 PDDPG. P-DQN,
HPPO. HyAR!"'" "5 866838 Fil T S50tk s 1 28 10 A5 Ak 2 51 J5 1%, SR, AR 5 1 1 2 56 /E 2 17 F MARL
SR RSB TR IR LD, X /215 MARL s DAHE) 2178 22 SZ R 87 H 4isk i 22 2 SR 1]

22 3R S 59 B 17 5% 5 4T o 2 2 BB A 11 il A0 B A R e, RN AR AT ) B R R e UL R T
PRZE LKA S IRE = BRI BB HORS HEST i B AR 1 [R] A5 OB A 3 R 42 1) 7 12, R RBR 22 1) % K 238 T U
S FH SR AL > B 6 ST S 58 ) 22 e AR S I SR AT R R ) 1Y, A B B A R s AL S g
PSR T5, LA AR TE SR B 1 22 3 AT 3 b 9] SR B3 P 2R BR 5 b 22 Te A SR 5 B e R R 75 5K

BTN R 1] R, AR SC R S BTt T — R RR 8 B T S B B A A 1) 2 48 Re A RO AL SRS R A AR B
2%, I HLAE T PR SR Ak 2 5] BR55 Hybrid Predator-Prey 35t U 2 41 28005 FIGAIE 1% 505 M RLEE. FI K250k
MR T BA S EAL SN2 8 1) 2 388005 3 R 22 B 3z s, il 7R 05 B R G 32 EERINEE, feA Ui sl
BLVFEAR Y B8 A R R 45 1) 22 MUK 5 0 E AT 25O F2i il X /42 A 1Y) [ ) B A A TG B Al 2. I AE R 2R A
FEZHANINET MRS S T ISEIRIRUE | A8 SCHT 3 HOB 8 2 8 Re A SRR 0t T ok 2 404 3 4 22 18] e S 1) R Y
FIAT AN R, (R 0 22 38T R R B B ) R S ) R A T — o 1 A e R

1 HxIE

L1 S R-ER0 AN D /RAT KR KT IE

LR 0] Kk 5K #2E (Markov decision process, MDP) J& 5k 22 3] J it —F A i Rk A, BRI RRE T
SRAL SR 2] T R B AR B AN B EAN. L B R, ARS8 MDP T R (2 SR RER N T 755, TN 2
B REARME I B H I s i, 75 ZEH MDP 6 & 2 20 A 2U-58 20 mDWI By /R T Rtk D #2 (decentralised partially
observable Markov decision process, Dec-POMDP)!?.

Dec-POMDP )& Ll —A~ )\ JC4L G = (N, S, U, P,r,Q,0,y) H, Ht N = {1,...,n) FoRFTa B HES,
S FRERIRETMN, U RREEARPEIMET I, QLB a0, ¥ e [0,1) RaRFrfnE 7. e84 1
AR, W TAERE AR i e N IBIEWLINE B %L OCs, i) K13 H HHIIE S 0, e @, Hh se S M RER RIS
1 a; € U, FTA R BRI BN E L FTE RIC G SR8 a = (ay,...,q,) € U= U" . SN0 BEEC G SR BG J5, I IREH
P(s'| 5,8): SxUXS — [0,1] ¥ 4HPRE s EHOAFHPIRE s, IR 2 RS 2L r(s,a) .
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TR ReAR 5 B BE AW 22 B b, B R 2 A WAL 2% 2] B S RIBE VLR B m(ay, 7)) BOE B E PRS0 w(ty)
Hp o, ZRENE—RMBI I LEE R 7, e T = (Qx U) . 5 et R I 2 BENL SR BE, 8T BT A 2 68 4k 1Bk
AP o 7] DASS 5 A BCE O B3 07(sa) =By, con o[ R | 512, ] FLHIR, = Zioy"mi TR Bt yring
Jil. T3, 5 %8 Re A4 SR HL IR R 0 PR SRS, [RIRE T LA BT 2 R Ak B BR A 58 VSRS 1w 5 3 B AL B A O sR %K
0"(si,a,) .

1.2 BHUHESRATRREKIIE

TEIR 2 SR AT 5 e rh, HU AT 45 s s (AR A [F L 8 7 B U AR R s ANE S R AL &, 1X
RBNAE = (A5 R 1 L /R A] R SR R, BN S EUE IR AT R 3R IS FE (parameterized action Markov decision
process, PAMDP)!"”. PAMDP i —ANHIG4L (S, H, P.r,y) & X, ShRitE MDP [ 2 345 F PAMDP (1151 25 [A] H
TR HA R BIE 8], SHAEE S 8] B 5E SR fs:

H = {(k, x) | x, € X, for all k € K} (1
HA, K=1,.. K XRx—HEBRWIMEES, N TEEN ke K, x Bn—HESLMIMESEL, IMEX (k,x) TR
ZHAENE D (A K — H BN E S B ST R E X, 22T SHUGEIER) O BT HER R A 07 (s, k,x0) -
1.3 QMIX

QMIX™ g — K 700 () LA 1 4 it I 4 45 M P 22 288 e im Ak 25 S ik, T IS P T B st 1 4 1) ) 58 4 A 1
K B BRI RMT 5. QMIX Skt — R IEF L U 0 A BT A HE, Ko o APATRIEE A
RefdiE i AN O P2 BT SRk 8, AR i 2R SRR ¥ B R R Ak 0 (LA AE& B & 1 NS BB S
O M8, BITEA O EXBE SRS HEAT O A PRl DLEREI AME O RIS B TE ST, Kb B &Mk o [EI
HHRA PS4,

£ QMIX Bk, N T RIEBLA O (H T R IRB G 3RS 5 AMME O 15T s /4 g 1 — Bk, F8 ZARIE
Qui(s,u) 5 0(ri, ;) Z B R )R Fw 2

argmax Q,(7y,u,)

argmax Q (s, u) = : (@)

argmax Q,,(7,, u,)
Uy

AR Q) FIRBILIHE S RPFRN IGM £4F, N T IHREEE O 1H Quls,w) 5K O 18 0i(1:,u;) Z 1A & IGM
%1, RAM TR Qu(s,n) 5 0ty uy) Z AT AL, RIFRS Qu(s,u) 5 Oi(ri,u;) Z RIINR S 96 RAEH,
ma= 3) Fir.

00u(s.w) >0, i=1,...,
00:(t;,u;)

n 3

14 SHUMETE THZERRAEE
1.4.1 Deep MAPQN #1 Deep MAHHQN

EEt 2 B 3h 1 25 10078 22 B Re AR B AT 55 P (0 S0 TF AL, Fu 25 A PO7E 2019 4E32 H ) Deep MAPQN FlI
Deep MAHHQN P #h £ 2 B A4 AL 2% 2 Bk, PIFPSREET 2 5T QMIX 45 M -EAT BT 1.

Deep MAPQN 27 QMIX [KHEZEIERE b, FIF] P-DQN S T 70 A s S, AN FVESE MU0 P 1(a) i, £
Deep MAPQN H1, B REAAR i 15 56451 FH A 8 14 SRS X 4%y, (0, | 6) IRRIELLENVES B x,, , FIREET x, FAEFHAME O
A 2 B BT HUENAEAE &, . BEANSEAENE R SRR A0 R P

(ki x,,) = arg max(kl.xki)Qi(Oiy,uk,(Oi [6);w;) 4

Deep MAPQN JEiE A 3K (4) i 5 NAF 2 0i(0, x: | ;) RJEKH QMIX FHIHELMEE A HLHIE RS O
15 Qu(s. K. 20) , [ FIF QMIX 9 5857 WL 51 S P 2% 250 4T S 57

Deep MAHHQN R 7 QMIX FIHEZEEEAT |, 43l it 1 B B E AT 2 = a5 i) o0 A U g, Hoh B2
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2% J2 QMIX S5 44 H T BB B aN1E, T2 M %52 MADDPGPZE#4) ] T ik e SE 5 /E S 8. AN R E5 Mt 1(b)
75, 5 Deep MAPQN #1555 FF AN [F], 76 Deep MAHHQN H18 G54% i 1 248 b 2 W0 28 30E 4T 35 BB 1 (1 e 3%,
Bl k; = argmax Q;(0;, ki w;) s HIRAER T E MG IET &, AT ESSMES TR, B x, = w(e(o;, k) .

Training

' L )
(ks X)) ! i,/ Execution
|

!
|
|
|
|
i
kY

U

‘ Mixing network ‘ i I
1 !

| . Y

' -

iLow level

(a) Deep MAPQN (b) Deep MAHHQN

K1 Deep MAPQN #il Deep MAHHQN 45514544 4

E Deep MAHHQN H FZMZRH T 5 QMIX AL BER 7 R, B Fr AR 5 7E T Deep MAHHQN & &
& Q1 o, N EK 2 RIRASs UL BE B IR NIESSMES X SLRERNREE MK K. Deep
MAHHQN (¥ F 2™ 2 R A 7 5 MADDPG #H R [ 58 #r bl il
1.42 MAHDDPG Al MAHSAC

B 2 M4k Sl R 28 1A 48 22 8 R A MR AE 55 P O 5095 it 190 A, Hua 25 A PU7E 2022 4E 42 H T MAHDDPG Al
MAHSAC PifhZ 2 s ib 2 > 503, X PR LR 2 35T MADDPG ) s ek At 75 g i1, H+ MAHDDPG
S JRATE T DDPGP L1 53 A 3 S W 4 45 4y #5409 7 PDDPG! RS 4E #, LA ARAIE 45 % B A o A U5
s IR 2% 76 S B BT 45 1) BORE &1 MAHSAC #2355 T HSACP LS5 M B T3 AR 2 S g X 2%, =]l MADDPG
(LTS 7 T £ B B i 3. Ho PDDPG 5 HSAC HISEIRSE K43 514 B 2(a) A1 2(b) .

Critic

state s }S—4]

(a) PDDPG (b) HSAC
2 PDDPG #l HSAC (k4K
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2 SRS EREFT O URBHEESBEL

E V22 S B e S5 P o, G e 5 2 T 2 [ NP 45 7 B SR B 1 8 o R i S R BV AR B S 3k B 1
[\, BRI DA&E T2 X TS HE01E 2 0T F 58 R AR50 22 31 5 VR AU BCR, (HOR X T2 5k sh B 25 17 R 1
LB etk Ak 2 S U7 VRROAR SC I FE TARIE Eui /b Wit i i S 50 b s 1 25 ) N (0 22 3 RE ARSI, 75 5% & BT A
W) 1) 30 TR X 25 AT 5 S 400k sh VB 28 (R IEAT R85 2) RO AR ITA% X 4% T Xt 51 520 A = SR s 9 245 1 b )
BT

E 0 BA S B ENE 25 7 0 2 5 Be AR Db (R D SR B2 8 v, AR T — Rl Ai Ak 22 31 5 i—— S5k i
2 B ReAR O A SRS A B 43 fif 592 (parameterized factored multi-agent centralised policy gradients, P-FACMAC). %
J5 Y5 CASE -8 50 i 9 245 1) 22 58 R A vp oAb SRS B0 2 20 B 57 (factored multi-agent centralised policy gradients,
FACMAC) ™ WE oo b 1Al 224, 383t AR 2098 P90 2% 52 4 A RIDE B O AL 1A 7 ik oA PR 20 Fie P 1) L 4y 1 B, 9
511G X 22 B AR SR B B R SR E IR RE b 5% S MO R P G T SRS B JE LI (parameterized deep
deterministic policy gradient, PDDPG)!" "/ &b 3 25 %0k, 511 4% 1| () S s X 2% ¥ 1+, P-FACMAC #:it T 55 PDDPG A
AL SR X 2% 554y S R BEE, 73 P-FACMAC Bl A5 R0 BAT S 8L B 15 23 18] (1 2 25 B A by [R)AF 45304 T
St [
2.1 P-FACMAC &E%i&it

9T BN P-FACMAC S 4T B R fif, A5 26X P-FACMAC it & P 2K 2Ll 5% PDDPG
A FACMAC #4744 2 3ERE |, PEAIA 4 P-FACMAC 0 STIEHE LR DL K 1% S35 I 5 B L
2.1.1 PDDPG f1 FACMAC

T AR v T S A A () AR RS SR ), Lillicrap 258 AN B HY T VAR B 5 14 SR A P 57 (deep determini-
stic policy gradient, DDPG)™*. DDPG 32 412 F T e 4k 82 50/ 22 ) vhr, A LAE I %t DDPG 5535k 7 1) S i ko 4%
45 ] Gumbel-SoftmaxSAE 75 3, 8 3@ B9 8 5 /R 25 18] (1 52 3 5. i T DDPG Syt AN [ (R
BEHLHI 5 40 59138 F T B8 B Bh 4 23 18] LA S SR R sh 4 23 1], 2 131X — 451 Hausknecht 25 A U0 T 45 )
2% BLAT XK 45 M0 ) PDDPG %3, PDDPG (1 55 % 3 2 i o — AN HH B BOR B /R AR B, 53— AN i 2 )
VEAS B, W5 B (77 SURAE T PDDPG 52 8Ub E 4% Al R 4 1.

& 2(a) # A7 PDDPG I E & 45#) 5 DDPG £ 44, PDDPG K T 5 DDPG AHFE I ZR5E Fidlil. B
KL, PDDPG H AR {E VTAG I 45 (Critic P45 5 5RIE 2% (Actor (2% I ZR 58 37 75 50N:

Lo(0°) = By gy, | (Q(51,) = (i + Y Q' (51014 (5,4)Y |
Vbt = By | V(51 | Vit (5 s |

QMIX Ko H B 43 A A S P28 HLA Bk M 1 22 8 R 44 BRagk AT 4% (starcraft multi-agent challenge, SMAC)”!
I 5 O B R A R, (R QMITX 32 (R bR 250 00 BV A T 8 3 T 7 P - B 5 2 o A 2 1) 14 22 88 e Ak [
W, O THETT QMIX S B AUE, Peng 55 MK QMIX M1 DDPG #4745 & it 1 BB & T 2 et i
SEFEHE S FACMAC 23 FACMAC (45 K 3 fis.
3(a) K7~ FACMAC 5327143 i 2R B M 2%, B 3(b) 7R FACMAC 5325 7 55 -8 43 i 16y b AL P4l I 285,
1E FACMAC HiEh A2 G4 ES A 5T R Actor WA Critic 4%, Actor W28 HR 5 2 BEAA 24 5 (08 {5 5 4k 5
HAR R AT A3 AE, Critic 948 0 A B F VP4 %8 REARLE LTINS B M AT ASIEME A O . @i ixFf
1773, 145 FACMAC RERSARYE R FH 3 5 10 75 5K, G £ PRI 18 v 8 T 25 B8 3 4 =5 [R) Bl 3% 4 B By 1 2 1)
1) Actor M%%. 2T FACMAC {H 73 fif X 48 IR SR 45 4, B &4 BBAK Critic W28 AR BAMA O B FVRA M4 3E1T
ARG, BRI H TR G s ERRE IS O H. TS Q MR R & 07 i R fios:
O = 8(5,01,..., Oni ) (6)
1E FACMAC 55 w, {0,)7, , @)1, 7P TR S LS g, B REAR A MEPEAEINES (Q, ), , B REAAR I MA R

a

(&)
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WP (), ORI B3 B 5B w, (6, BH7 R A F R
L(w’ 91 ~~~~~ Hn) = E(:,,r,,ul,r,ﬁsm.rm)~D [(ytol - Qlot(s, ww, 01 ERERE) Hn))z]
Yot =7 +YQu(s", 007,60, 7,..., 6.7)
FEZH w, {6,y EHHIIEAL_E, DLrboo A SIS B EE Al v (197 SR A 8 RE AR A SRS % S 8 (g, )1, Bk
(¥ 557 A0 R

N

V(I)J(ﬂ) = E(s,,u,,r,,_&'l+|)~2) [Vdiﬂvu Qlol(s’ﬂl (Tl) ----- ﬂn(Tn))] (8)
Hor, @ ={¢),s,....0,} FRPTA B REVR 2 B SRNE X 2% Z B0 AR & . MR S B 37 5 m] DAV EL T A 8 e AR L 52
— BRI NESH U LT BN A S, M g =gy =...=¢,, 01=60,=...=6,.

Computing centralised gradient

oeoo_..Omputing centralised gradient ..., O (55 14,)

u u, i ]\
Sampling Sampling % [ Mixing net ]
i 7, (uh|7)) 7, (u'|t,) 0, (0, i) 0, (0, ul)
é ; Critic 1 Critic n
E 5:;@:{1?1) (A();’e’:iz (o, u}) (0!, u)
‘ T |
''''''' (@) FACMAC BUEF A A W (b) FACMAC 57i:eh 35 - (8- 107 0 A VP A1

3 FACMAC [HEHESRE
2.12 P-FACMAC Hi&

TE FACMAC ik, G I Xof S g I 265 14 H A FH A [0 P SRAE WL A1) 56 1512 5 s X 26 e 8 23 T3 FH T A [ 2K Y
B AE 25 (8], X T R A B SRR S A S8 AR & (10 S 53 1 23 W), FACMAC W JG 23 [R] B 4 H 2 R AN
BEEAMNETR. N T BB M IEE SEAE 2 AR I EAT 55, AR TT7E FACMAC BIAMEEA -k
77 B, 4 SEng M 45 155 1H 4 PDDPG A R0k i T 3R, &0 T BSR4 S MU R R S B M E R RN £
BREIR RIS 3] B P-FACMAC, P-FACMAC L4 KK 4 ik,

K 4(a) 7~ P-FACMAC ik b 73 A S R 4%, & 4(b) Kom P-FACMAC S35 7 3 T8 20 i (1 b O Ak VA
M 4. P-FACMAC B FAEBIEER 5 FACMAC AHF, &A% Ge 4 #84E XF MH) Actor PIZ% Fl Critic M%5, {H 2
P-FACMAC " &% BEAA (1 Actor W45 ARk 4514 43 il it & BORBNE L & of LA RGBS R EAR & o, Critic W
LEFRCH T NG B UL R S A SR AR B A A O MH. FTA 2 Re AR B AN O I8 VR A X 48 EAT JE 2 1

BEFH TSRS SE SRR B S O 18, P-FACMAC Sk IR & M4 M 48 S5t 5 BTk,

EES B W, b, 3R RE L IREENIRERNRE, W, b, 2HRRE 2 RESHNEMRE, || For
Bt R I ASHE B R, BT ERAERE || 3wy F1w, R AT Jo R B LA RIE R A 3 BB S O [ REE 2
A3 (2) 1 IGM 4.

fTE BRI AR O EBIT R A M ERE GNE LT AR (6) iy R TIEEEE A B EBS O
B Quu(si,ul,  ul,) . £ P-FACMAC B¥EH w, 10,1, , (g}, 73 BRI E W g, B RRAR I METEAE % {Q,), .
BB AR SRS X 2% {0, ), IR 25 24 P-FACMAC K] T 5 FACMAC FHIR I HVEHESE, Rtk P-FACMAC 1
M w, (6., ZHECEH T 524 (7) #IE 77 AT SR, S50, KA T 52 (8) A A 0 fb Sk b
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FE Y SE ML A 8 3.
8w, 0,), EHITN:
{L(w,el, 300 = Byt -0 | O = Q50" 0750,61,...,6,))’] o)
Vi =7+ Y Qi @Y, (Y5 07,60,7,.,6,)

BH D = (g, ), WEH AN

VoJ (1) = Byt al s min-n [ Vo Vi Qo (8,401 (T1)s 1 (T,)) ] 10)
_______________ Computing centralized gradient Ot (5 Ul )
(uf, ul) Wh, ul) i
Sampling Sampling E [ Mixing net ]

T !

.
! e, 7! ] 7 Wl Al ) Ot ul) 0, (oh i, )

Actor 1 Actor n
Param Type Param Type Critic 1
net net net net
(o}, uf) (0} ut) § (ol uf, ul) (0} uf, ul)
Agent 1 Agent n . I I
(a) P-FACMAC 325 7 A1 2SI ) 2% (b) P-FACMAC i 56 FAE 20 ) oAb VT Ak P 45

Kl 4 P-FACMAC M54 #) &

anl (Slﬂ u’I):m u{:n)

QQ, (O uf, ul)}iy J

K5 P-FACMAC "HiR& W45 i I 48 45 4

[FI#, P-FACMAC SEAE Al I A5 o T DR SR PR3z 5 7oK, B T B R AL 52— s M 4% S 8 L Kt

F—BMT NG S, g =g, =...=¢,, 6,=6,=...=0,.
HET FRIFEH TR, P-FACMAC B3O n&iE 1 s,

&% 1. P-FACMAC.
L. WUEAY A 3 B AR B MR VTG I 2% (Q,(2, (ul, uT )i )Y, , IS SRBE X2 {pa(s o)), , TR BN g(5 )
2. WIUEHL E AR S8 (6,7 O, (¢ — ¢, v —w
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H ARG 5 @6 AL SE R 8 4 S A ek b oAb Rk AR AR AL ) 597

3. IR &Rt D

4. for episode=1 to M do
5. HEEFAEEHIAGAL, HRRIAIA 2 RARES s, P A8 SRR R EIINE B (),

6. for r=1 to max-episode-length do

7. WTFH i AR, PSR HSEAENTE W, ul); = ()

8. HEH IR BEPAT BT B BB A B0 (ul,ul) = ((uf,ul) ), IR A R BCE 2L v, , BB 4 RRTS 5,
DL BT B AR B (),

9. Wt I ZNIFEARLZL [s,, (T}, uFu]), 7y, S0, 4T

10 Sy = Si1 s {T;},”:] — {T;+1}?:]

b 1 RAF 2L O

i
t+1

11.  if Training then
12. ME 1t D S BENLIERAE [s,, (7)Y, ul), 7y, sy, 7 1 T

13. Yo =7 +yQuu(s’, (@Y, @Y ;w7,6,7,...,60,7)

14. BEHREME S o, METEENZE S5 (0,),

1s. L@,01-,0) = By o s 0 | G = Q5,007 30,61, 60,) |
16. FERAARHERE 2% SR (g1, -

17. Vo (1) =Bt al st mion~0 [ Vol V, Qo (8,1 (1), -, 1 (12))]
18. C& ERNTES 28

19. w —Tw+(l-7)w

20. {67 « 16, +(1-1)6,7}2,

21. {97 — 1o+ (1 -1},

22. end if

23.  end for

24. end for

2.2 P-FACMAC &AL

3 2.1 15X P-FACMAC [MBEEHESR & v DA A I 26 Z 300 5 77 sl AT 1 PRG3R, A7 X% P-FACMAC
BT LT, 1 SRk R T B S 5ULBhE 2 1811 Hybrid Predator-Prey HFIR 3% 5EAE N &L MR 5L,
[} 3% T Deep MAPQN. Deep MAHHQN. MAHDDPG. MAHSAC iX 4 FlHets & TS 5tk s = i £
BRI S 5% 5 P-FACMAC HEAT STIE R BE X L 207
22,1 SEIGIRERMIfEIA

AT SELG AL PettingZoo £ 8 BR AR B B P EAT 1Y, 3 T H R MPE 4% F Predator-Prey 3% 5:4E 4 P-
FACMAC 5% [ BESEEG IR (Predator-Prey 3% 5t N3 MPE FEH [¥] simple_tag f1). & 6 2 — A 3 Ml &
F 1VAIEYIR 2 ABESLE 4825 (5] 1) Predator-Prey 3 5, X Bh i e H SN B A B G &S
LG IR R, Predator-Prey 375 S WITE SCHR [9] A T 361 MADDPG USRS, 7R & 6 4 o f) 15 Bl s il &
H, W IR SRR LS, St [ B3RR89, 5 B A S A B TR AR B K £ I K [ e 3R
5349, T BRESH S EAE 4 J7 10 BRI B, TR KL R B #5270 REA — 4 2 (] Hh B AL A Al B 3 (1 B
Y. 1 Predator-Prey 35 7, Jiii 6 & RN BE LU, R 75 26 15 58 IO AE P T4, (Rl IR By A B gl i 7
Hp b} BRAS I AT R

PettingZoo 1 4 & [¥] Predator-Prey 37 5% 75 B[R] I % 4 €1 2 S b AT 4, BRI 2 — A e 4e- S E T 55
W N TR EERNITES R, RS T CHR [24] B, WIEDET T —EETEmE0)E K
AT B SR, 120G (A% O AR TE AT AT B AR LA M A 0 B8 5 BE 8 B OBl (A (8 1 7 1M B 3. 1E IR 4R 1
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Predator-Prey 5% " BB 1S E 75 8] X BESCIF BB S E = 8] (A7 3 T AL [x*, x7,y*,y7] ) B SR B 1R 75 6]
(AN FIAT Bh 5 B b e S o 2 1, S P M R RO HUELIXCTR] € [0, 1]). D4 T RENS SCHF IR S 80k s A 25 18] R IR e
BOUF, 44546 1) Predator-Prey 375 B HUANE 2% R AIE SRR 2% (AT & LEFT I ENE S M E T, Je ik EATS
MBI AL (), (¢, y7), (0, y), (o, y)) , FRAR IS 16 45 1 947 3 J7 (6 R S0 8277 oz b ity JE 6 e o 1 o el B
PR TEAT DL SR A Predator-Prey 3548 i 1 HA S 4040 31 E 2% (8] 1Y) Hybrid Predator-Prey 335

|
' !
' [
! [
' [
| \\ J/ |
| \\ i predator 3 |
| \ ‘ @
I « - I

|
| _ |
' [
' [

Kl 6 Predator-Prey SZIGIA

i

222 SKESHCRHA L BT

AT 7E Hybrid Predator-Prey 375t 7 437l % & 3 2045 [F] predators-prey-obstacles Z4/F A K IIF P-FACMAC 5
EHEREMISEIR I, Hddg s 1 IS H0N 3 predators, 1 prey, 2 obstacles; 335t 2 IS 54 5 predators, 1 prey, 3
obstacles; ¥ 5t 3 1B 4N 6 predators, 2 prey, 4 obstacles. iH P-FACMAC 5i:7E Hybrid Predator-Prey 375 )
SRS HEUE R 1 iR,

%1 Hybrid Predator-Prey 375t 41 P-FACMAC Il 258 551

S B
S w Fl(6,)"_, IR Adam it 2
SR w H{0,)1_, 1572 % 5E-5
SR g, MR IS Adam L4t 25
W pa)l_, (% 21R Eg
TREMZE g JE S H bR 4% 2
BREEAE TR (Q)n_ T B H bRIZS 2
BT B REARAN TP A 0 48 2 15 L M 4 25 2
BREAAN PRSI AL (o)1 FETS B F AR 2% =
T 8 RE A A SR T 245 S T SR 4 S8 2
LRI L NAN 100000
PR 0.05
P+ y 0.85
HERAFE K /Ibatch_size 256
FEIN RRUSCEE2S WTREAS I ZR 1R

P-FACMAC } %} b 579% Deep MAPQN. Deep MAHHQN. MAHSAC. MAHDDPG 7E 3 AN FES K E
") Hybrid Predator-Prey 375 H I ZR a0 R an ] 7 Firos. BVEFE NG RE P, R23d 5000 FREA I 2R 37 ) %
AT RLEEAT 10 DXHEEIN, K 10 J0llial b B AR ME R AE 03 R ok, Givt 10 IR H (P 3 (BRI bR i 22
22 B BT s RS- 35 [ 2 B AR AL i 55
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400 P-FACMAC 800 P-FACMAC
— Deep MAPQN 700 — Deep MAPQN
300 Deep MAHHQN 600 — Deep MAHHQN
= — MAHSAC = — MAHSAC
a0 MAHDDPG | 3K 500 MAHDDPG
1 200 /%\W LW/\! 41 400
= f i
7 [ g 300
= 100 ‘ B= 200
\ ol 100
0 v 0 nebbRuane
0 025 050 0.75 1.00 125 1.50 1.75 2.00 0 0.5 1.0 1.5 2.0 25
RPN (<10 NERZS (x10°
(a) ¥5% 1: 3 predators, 1 prey and 2 obstacles (b) 33t 2: 5 predators, 1 prey and 3 obstacles
1200
— pao,
——Deep
1000 =5 Deep MAHHQN
— MAHSAC
§ 800 MAHDDPG
<o
600
T 400
B
200
0 .
0 0.5 1.0 1.5 2.0 25
iSEERE (<109

(c) %% 3: 6 predators, 2 prey and 4 obstacles

Kl 7 Hybrid Predator-Prey 37 5% H P35 [6] & 2 i ) Ak e 34

IR4E B 7(2)-K 7(c) BTt~ F35al & 22 B AR Ak 5] i, 7E4% 5% 1 ' P-FACMAC 5 Deep MAHHQN 534
&K% 1200000 ANEF B FREE VISR G, S8 BB AR WSS, e WS SO Y 1) ~F-358) [l 5 32 5K 2908 350 76 4.
1E3%%5: 2 F P-FACMAC 5 Deep MAHHQN HEZ 1K) 2500000 AN 8] 25K BIREE I R )G, SRR S AR
S5, BT 18 1Bl & 2R K 2058 600 fE45. AE3 5 3 HF P-FACMAC Sk 58 K29 1800000 AN AI 5 K (%
FEUIGR)G, SR B B AW S, S WS P38 B & R K 2008 1100 Za 45, i 3 g st s ae mr LR B
P-FACMAC 5 Deep MAHHQN X 2 Fft 55322 i 25 36 A YR B0 19 00 11 25 1) A5 28 R 06 S o A S B i WL 28 /K P, T
Deep MAPQN. MAHSAC. MAHDDPG iX 3 FHEENIEEN T 53U SRR 2.

FRARE I 7@y 7(c) BRI LB 8UR, HH 45 G sehi il BRGSO 5 PR B USCSIC e il R AT 404

7L Hybrid Predator-Prey 375, i 65 # % 1 56 B 5 E R 300 7 A (B LAY AR &), TR0 8 75 ZE A sl 3 i
(SRR ), IXRE IR R SRATL I A B 58 I ven et 5 Bhaes & i 3R B8 Y. DG TE i35 57, SEmE X 4 B i A ot ot
PR NE R B AR S TE SR SR B A AR i, B BT — 2 W I 4% [ B e S i L 10 B B 1 AR B R 2 B B 1
AR, H T O A SR G AL 1) o SR 2 RS BE i@ I F Hybrid Predator-Prey 35,

% T Deep MAPQN Hi%:, 1% 5005 1 50K P 48 J& 2 T P-DQN ¥t 4, T P-DQN 75 Z2 405 v 55 74 482 U B 1 7 L
fih gt — P Wk B HE R, Rk Deep MAPQN [ 55 Wi 1% 8 45 44 /2 52 I L 7E Hybrid Predator-Prey 37 5¢ VAR 1 B

X F MAHSAC. MAHDDPG 532, 48 1% P i 50925 1) SR s ) 4% e 6 ] T o 38 18 i B 3 A AN 8 B B 1, (1
& MAHSAC. MAHDDPG X 12 MADDPG ¥ o4k PPAli 5 44, B BTG 5 Be AR50 G Bl ) vp oAb DA I 245,
I B OGRS 25 515 I SR X 2 BE R B R e RGN, 2 (A5 HCo A P4 X 2% 1) I R A
VN ZR AR A B 2 380, FF B2 53 A P O A VA X 45 7E 51 5 SR X 248 B BT BT BN R SR IS Sy 15 0. AR 1 7(a)—
Bl 7(c) firtnl LUK BLAE Hybrid Predator-Prey 35t H MAHSAC fll MAHDDPG 532 b8 2 fe R S (3,
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PERE MR T %

%+ P-FACMAC. Deep MAHHQN %1%, P-FACMAC [3EI% M 45 & 3T PDDPG Wit gk A& T H— &%
WS 1) 2% i) If % L B B VR ANZELE B 1, Deep MAHHQN JU 2 5 Y 3 B SR B B R SOELE R BN AE, WM BVE N 2R
W& LN HRIE H T Hybrid Predator-Prey 37535 Rl PR EEAR 23T QMIX [ LIPS HLAI, #7180 T MADDPG
1 LA PR AL, 3% SV AL A1 B 888 B8 I v R 51 5 P 788 e A 1 SR B B 6 TG WA o A KA 9 1) B 7. TEAR
P& 1(b) F ) Deep MAHHQN H32: 4544 I AT 40, Deep MAHHQN 59250 5 T 2 MR S5 KR T 2 I 48 45 ).
BT P-FACMAC LR T, Deep MAHHQN 38 T 56 2 50 57 ZR (R 48 45 04, X AR T 1) — koSl 2 B
RS E I AT 55 MR DOER T, Z BRI ZRUS SR AT [R] o 22 B 4K

3 P-FACMAC 7 %8 S35 i [=] 22 Bh A K2 A

TESE 2 WHNBT — MR T SHAGBHE 2 1 19 2 8 Bt 5840 % > 1% P-FACMAC, 3 BAE A5 2
YIZRIAHEE PettingZoo H ) Hybrid Predator-Prey 35 3iiE | P-FACMAC J5 5%t Tk 2 B BE R S BUib sh A 25 1)
RS ATAT . R T 3 — P IAIE P-FACMAC B 7E f# T [ SEBRAE 55 B 1A R AR 474, ¥ P-FACMAC &2
87 21 2 38 A5 9 TR R80T 1R 4 RE R SRAT 55 3% e o, B TR IZR S 1 P-FACMAC 5854, BEME 4 B e S das il 22 4%
AT S HIE BT 80% TR BN R,

TEAR T 2 30 5 580 1 (R 2 B AT 25 3 o, LR BB AR SR 09 E Fs 2 s 1) 3 5 380U T R ORI IRE Jl B X, 3
AR T B8R 14D AF a0 368 3ok el IXC, S EL ¥ ot P9 S0 A 5 3 0 2B R 08 R TN B1IE E A, 78 22 30 5 3L by R SR B AT 45 3% ¢
o R ST S R AT S M BRIEBIETHE T MR RN R SRR, MM A AT B, H A
X A B2 4 100 km, FEHCEN 2 AN B X B 28X 828 50 km, HE RN 3 A @il iz
B T E R AR P AL . Hdlsh. SR RE. T GRS, B, FHRIITHE
LY PR ) 3X 5 Fh S B S, ST T BT DX P R . 3R N B DX oF T R P B 4 3 I BRI i 1%
B IX L BE R EIE B FF.

3.1 ZiKA SR EIZREE A Dec-POMDP 12

2N P-FACMAC B & — it > J5 ik, B BN Fh 7 B 21 2 38 S 3 i) R R B AR5 s e
P T BRI T AT 55 34T Dec-POMDP FR A, RIUARYE S 1H I T30 WL 2= 0] . ARtk 2=l shyE 2= i DL K

(1) WL == A

AT e I T 3 IS B EFE DL R .

1) LT id (FZE T T PSR W 4% X o3 A F 80, 2) ST FAORAS (0: RS, 1 IETE AT, 2: A%
Thifirp B AR, 3: CAEEEY); 3) AT S 3 ELE AT RISENE; 4) AT S WL RN X (1: RHEN, 2: E#EN); 5) 4
AT T A B St v A B X i G S S Nl DX, DU BTk N B DX KD id); 6) Fadk gl X Jgifly 2 1%
L& i T 00 51z gUb X FE B HAE; 7) AR QAT S HEE MR AE . KIS HS BVREL M T A;
8) ML F o5 HARMAX A BE B MU FHA S HIRGE 2. BT FMA LS BARL B2 7, 9) AT T
AT 7 — 52 BRARLYE L P9 I B X R 10) 3800 S8R 25 H AR BOBE 5 (U —fh AR ER); 1) 3okl . BB, T4t
3 TSR S T AT AT 12) TR B X E 4 id.

(2) &=

AAT5 3 S RA S M BT = B A T 30 T AR D05 2 LA A B X AH 2 45 2.

@© KL FAERE R

WS id, ST SRS BT S IIELEPAT NG . SHZ ST S BB AR E Ss BU X i i X
JB A7 5 R T S e X PR B I LA KO S O A RA ) A R TS AR e .
ZESHEREEZZ. KT SHRA)ES BFrSE 2 2. AT T 07— @ BRME G FE A s X . & T 5

© TEBREEEEIEDT  htp/ www. jos. org. cn
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HHRREEER . RN Ba . FHRIX 3 TR SRS AT LR,

@ B XA RAE B
B X8 gm S ids B XS TH. B X A EEREE i B XA .
(3) IE=

TEAAT 553 5o I8 3 AT 42 (1 SR s S 806 O HLah: SR IEMA . HIE A ; @ FESscE: deskm
PWOERT ], G o & YRR BT R]; @ TP eIk TSR], 7R3 SRS 25 [A) TP FE A . SOBE T A A s i)
]\ BB Rt(a] . FHUEF AE T IO SR S E R & IEAMT S5 s PR ESN IR RS, TIARERR
PAT, BT LUK A 5T 2 BAT RS INEOE . BB, A —F, B 3 FRERAS AT I — B O 1 B 1

9T B8AE P-FACMAC TEAAT 437 5 h S Ve RE, 7T LUK S E 2= [ — 25 T A S B s AR 2= ), Bk
TR,

1) 3 256 203 LR RIS I PATIE TN, Forb, 0: AHAT, 1: BATIESIINIGE, 2: $ATRRE, 3: PUAT T (B E 3
YRR &), 2) RFEEMUf (RS RBNER &), 3) RS 7O f (ESRLBNTEAR &); 4) YRR RS Ik I 8] (% 4E
TIGEA F); 5) PRIERR By BT ] (ELETLBNVEAR ), 6) ik TP 7] GRS EAR ).

WA R B, AMT55 350 BN 25 18] AT ARG T o0 2 — 2 B BB B A AR B R0 A& 2 3 E AL = 1 S 4L
B 23 ). 5 e B 1E SR R b, 75 EARE 2 RS AR BT AR L Action Mask MR e 55 1 2 2 i) & 72
T FEFEHLARFZFOFEIRCE. BE . THMRRPAT KRS 20 ANEHEE, F—BZ1 R G847
W BaS . THH R —FhEE AT,

(4) 2R 5L

AAT 553y 5 I B AR TE R TT RE A B X 5 JR AT B8 P B I 2 A B X AT A T R B R T
BESE B AR, 22T HAE S B AR, i3 s i Seid SRe% B vt 1 3 8T IR AL, 40 0e: 1) 5 B ERRAEN A B G
FAJih; 2) 185 B X B ()22 5h; 3) BT FT i B H AR 2. 3 28T 25 R B BAR T

O 5 HFsAEX A E 2% R

LT HELE ] B AR AT R0 FE R b X 2 52 i 18 sk ) 25 B AR I ZR, AT T BUK AT 38
EEBENE BbS. FERE—AKT 5 B E IR 225 B 4, i80S 25 B AR R, fe 2k
FH A B FRPOL ENE. 235 32 A S P IR AR, — 2 AT T 1 ) 5 1) A R DA SR 5 B AR A 1 R
A, DI B B R 3R, TS A FEARDNS 22 SR, 150 WA 29 AR R SRR, 3 — MR AR 2 i 3 5 B AR T )
AENT R RS, 1% 5 R 1 B 5 B A R P K

FET LRBIHER, 5 B AL E ¢ R BAR R L0 R PR, KR SRR A5 8 SO 0 RaR AT
T HHEE ) BA R A (B IREE), w RO e g BAR A R A (B IR, d ROREHTT S BRI
FHXTPE B (BRAZ: km), R, Kon5 H AN B X R, R, MR 5 :0N:

R, = cos(|0— )/ (d/1000) - 0.5 x (d/1000).

@ 3@ B X T B 22 )

238087 T e e B XN, A U X R TRAT R B TR U A PR B A e X R S R A, BRI
T S S 5RUR AT REURE L X, B30 RSN . BREr . TR A% S R B = 5B 8 7. DR b it ol [X
0] R K B RS e 22br ANy 17 A A N TR e A AT = v L9 i 8wy 7 s i o1 Sl 2 R e
LT SR T B .

F T LRI IR AR, 8 X I R 2 i ) B AR B R R, R R RR IS B SO T Ron BAHEN L
Joir DX T EF ], R, R idacd B IX AR B (E)22 0. R, FTH 35 X0

~0.08xT, T < 50;
2= {—4—0.04><(T—50), T > 50.
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@ BIh4T i BAREI )

FRIFT o H b 02 T PRl A 5 2 75 ) BIE B AR BB AL, A Ry RN, A5 M T R R T Bk
HAx, U Ry =20, RZN Ry = 0. 4T3 4k N2 H b5 X3 30 km (1970 B Y, A7 DLdd S5 5 & 15 5] 3k s
XS B bR R AE )T, PR 2 & S o kN B B bR X3 30 km f 96 B P4 B B AT A R 1% 5 50 24 i Th 308
B 5.

3.2 ET P-FACMAC EHEMEIRPIREE LRI SRR

TEE 3.1 45 P B Z2 08T P [F) SR B AT 55 3250347 T Dec-POMDP BB, K i fii 5 3 (1) Y sk S 80t
T ZHEAIIENE (8], 454 P-FACMAC HEmg P 45 o Xk H % 8 S5 R ¥ it 7 a0 [ 8 BITvs 1) 22 3 A = 3 s /) 22
4D KIS 1O 2 ). SR e T 2K A IS 3N, Type net A1 Param net 43 51 4k 5460 H B8 SO I sh R AR & (B 3R
W& S 1) FES BB E AL B (G150 2R S5, B TESIINEE . s, 3 3 TR fE AT I 72
222 R —E LR AT, BIIEN Type net it 1 Action Mask #E B 3 H il i Gumbel-Softmax SFAE PO 75 3 AR
iE Type net B4R Action Mask UG 28050 Hi . R 22 388 At 5 L0 A8 2R G0 ) 72 1 56 it 2 IR B s o,
Type net F Param net £ tH ] 3 S B0 AT GG B, ORIEH: REAS U7 LA 28 48 ey 1.

[ e |
T Y 2%

i Action
: Pz t T t i
| [ aram ne ] [ 'ype ne } Mask

U . S S i S
‘ Sk
‘ ol | R
B THE S R ARG A |
”””””””””””””””””””” Gumbel-Softmax
estimator

B4 B
"me
A BT HHAT 10 S A

B8 2P 3o by [ SR A 55 H SR 1 45 (1 204

A TAET P-FACMAC B8 sk BRI SEI A ZR, A5 5T Python 4wfRiE 5 4T P-FACMAC HiLR %I
53R, FE AT i1 5T Python 9% AR R IR AVE S HT CHI0 2301 5 380 Hb 17 22 B 09 05 B HE I R G047
B, AT socket 1) UDP 3845 PSSR BB PR S5 17 FUHER R G2 MR . R v BIL I L R
AT G R, 07 E RGN IR B8 W5 Sk o3 IR SR IS 38 4, JE I B R 1 7 R T R B R SR
i EHEE RGNS 22 B ARRLT P-FACMAC % et SR SR M 47 AL 2 G ik 45t 5 SC R 9 o, 81 9
A5 TRERGHHIRNRIA . IIGFEARFIRE . R AR SE I AL R SR 55
33 LWERSHH

AT Z ML T o [F TR SE R S B W BN, R XA A E T 3 AR AN 3 AN B AR O
BRI S H A B ELE 3 ARG A, RN 1 MG SR E 1 AT ZRIA N B AR ), 75 RS SR E bR A
ZIAHE T 2 A B X A BUE 3 ASE X B. il i) 2 &85 8 B RPT 55 5 5 i 10 s

T BRI s I AL b, 43 0 B B R 5 MUK T SR 6 MUK 3 SRR AT Bk R SR B (AT 2% FE R R A
IS AT AR5 T, Xt P-FACMAC SELTER A8 Vi R 52 55 B A A 1 1 BB 38IE. FoH P-FACMAC
TRAE 22 30 S b ) 23 B 3 N 5 A v R B BB U 2 TR,

BRI 2.2.2 T PRSI XL 4> BT, %645 T 78 Hybrid Predator-Prey # 5t 5 P-FACMAC 1 A8 #5F ) Deep
MAHHQN H%:4E N P-FACMAC 7E 2 & At # P [F] 58 By 3% 5% R Bxd LU B0 TE A R FE i 5 2 g = 3 = o
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A 5 @ ) A BSR4 B AR P A R AR B R R L L ) 603

BIZRAR I 10 BioR, BUEIE SRS AR A, KA a4 1 [ & BRARAE B C 3 R Sk 4 il 2 il scan (&1 11(a) A0
Bl 11(b) iRl & 22 mh i AR Ar ke 34 B ARAE B 11(a) W40, 76 5 BOKHL T 3 R 2B 1 5258 o, P-FACMAC Hik
221 K2 350000 8] £ (RRAF I SR IZ i 8 T UL, Deep MAHHQN 573283 K% 400000 [l & HRFE VI
GREIOEHTE TSk, W 5 208 3 YRS R B R — 350 ARIE ] 11(b) RN, 1E 6 MUK S 3 P R R B (1 S5
P-FACMAC BiE& 1 K% 1400000 A Bl A HISRAE I 25 558 #iE T W8, Deep MAHHQN HiE4 S K4
1400000 Al & FR ALY ZREE20E W T U8k, 52 Deep MAHHQN W SiIS (9101 5 i a3 B fIK T P-FACMAC F[#]
Al

ET L3RR
o HIEE
FIAYT AU S (Action Mask)
S PRI
SE— PHRGE
SRS B (Actor %) e
He e
Iﬁ%&%@? I 0 5D
TR " . I . .
(Critic %)
T G S
ST L5 B port
BRI R
L SR M T AT 46 & B3
e gl ARG Q%(f;)%g:’ ] s 5% T .
EHIASHE R N S < 1l e | Ba g | | Tk
i SR s J g | | | [ Yok
o wts [V PN
' pa
SRS iy e &
s AT N i
A
1
H
(B BRI 5 B0 5 ¢

SHER | opmss oy |PIEOETERE

K9 3T P-FACMAC & Re v SR 5L 105 B HEE RGUS R L5

K10 2R 508 bl R SR Bl A 55 7 5t I
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F£2 2SN E R R P-FACMAC IS

S HUfH
S w WG, AL Adam 1L 25
SR R {9,111 1E-4
S8 o), MLAAS Adamflt 4%
SR g )_, 10751 % 1E-4
TRAE ML g LB H AR %% P
BRI L (Qq)n_, AT H bRI4S 2
BT B REAR AN AT A 0 48 2 75 L M 4 250 2
BREAAN VRIS AL (o)1 RSB B AR 2% =
TS 8 B A A S I 248 S 75 L 22 I 48 25 2
LA b F /N 100000
WEH R 0.01
#rET y 0.99
HERAE K /Ibatch_size 256
RN BRYSARSOMTRE A 2R 14Kk
— P-FACMAC ol P-FACMAC
300 Deep MAHHQN 400 pu Deep MAHHOQN
250 200
2 0 g 0
X 250 8 200
4o T —400
= —500 g0
~750 ~800
~1000 -1 000
~1250 ~1200
0 1 2 3 4 5 0 02 04 06 08 10 12 14 16
Episode (x10%) Episode (x10%)
(a) 5 MOK AT T30 0 PR ZE By S50 (b) 6 FCIK AT T B T [ 5 B 5256

11 2 38 3 B ) 5% B S8 v ] 45 22 A2 A e 3

R YR AR R S 1 H ST PR BLETE 2 SOt B [F) S 7 3 S P 0 LRSI e R AT AT AE 5 AL
IR 5 S R) 2% 7 R SR H P B B 2% (AU S B T R ) 5 MG T8 AR A 0 R H AR, TE 6 ALK
S R FER S5 Y, P-FACMAC S & ISR A e 35 ) 6 MO T #4535 2134 %8 BZ 11 B 4%, Deep MAHHQN
T A ST SRR e P ) 45 MO 2356 B2 1 H Fr.

TE 6 AET T35 b R SR B I SE 38 H, P-FACMAC SHETE K27 500000-900 000 =AYl ZxH I T — AN BTt
P NIRRT, R4 B B Be BRI I AT IR 2 CD BT R R T 4 HUR S BN B AR, R ANEE
2 MUK T o7 H A X S 2 AR 5 ARFR 43 (S5 5638 52 P P-FACMAC BT & BB R IL 2RI M4 S8, 12591 F
FAh 2 BUR AL S H AR XIS I FR X 5 Ah 4 BOK S8 S 7 AR SR R 2 AT S 0K 4 A
RAERIA Hbr XK, AR THIAA PR R B B & B 1 H A5 XRAR G, 783X /NI ZRITR] 6 A4S ot AR #2134 H b
(X 3 F & HRAE 5 I H AR X IR PRHE ER 2R . )it — BBt IF] (0 SRFE VISR, SREBE W 45 i S 4R T Lk 6 #0533 A
4Rk H bR X . Deep MAHHQN HE7E K] 600000—1 000000 Bl S IZRiF i Bl T — AN ETHE FREMES
#ash, BRI 5 P-FACMAC 2L, 7£Z % X 1] 5 Deep MAHHQN B #i H- 46 ETF, & USSR £ fkfa e
ik 4 FOK AT S50 200K B bx, 1 HOKAT S AT B AR X 3800 S BHE (B R REEN BARIX 3K, 3 i 2 55 B Ax X 45%),
A 1A 50 U R B B B H AR X sz 1
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WIEE 11(a) FE 11(b) FBEEZE, 7 LLE IS Deep MAHHQN HEL P-FACMAC SRS IS5 5 Bk, [l
1 R BE R (R BG IN, AE RAT 2% Xk 5 (M 3 i, 7EAH RIS 8] P9 P-FACMAC RILMIHEBE AL, X5 I0IE T 26 2.2.2
T 234, Deep MAHHOQN ¥t 6L 1 3 2 B % 1 2% 2544, T P-FACMAC H 1) 2% vt S8 In e v,
IAETH A Re R S 2 . T4 5 2% 5 5 = 113 e, P-FACMAC I 2RSS BT ] 23 B .

AT IE FIRYIZREF 1) P-FACMAC B2} T2 1AL 580 1k 1] 2R B R SR A R0, RS T YIRS 8T P-FACMAC
RS AT R BE LR, B JeTE I ZR37 37 N T 500 R S25, Fuit IV 9B h R (W R 2R B i s Th /& 48 BT 1)
IR T B AR AR A, I HLRERNE B FRIX K 30 km JEFEI A, 5 WA AT RI 2 B A R ), HRAERA iR (5%
YL, #i s o T RS R Bk AR S IR RIOER) N AT 500 R 10 B SE N, GeitH i s R R B
Dha, BEAREE VAT ZIAENSG T Fiiast 1. Bims 2 F &7 500 R FRW)5 L5010 R B D i
PA B R B LTI 3N R 3 .

%3 FT P-FACMAC & GE R SR ELIL I 5B L h %

S LIIEZ357k = Brimatl BrinE2
h RO R HRIE (%) IR R EIhE (%) IR (R RIE (%)
5H 500 100 437 87.3 428 85.6
61 500 100 410 82 417 83.4
4 &

SRR ST T IR PRI R T, 0B E R SR IK R SR AL 1B K IV s BARSRALSE ST DT IR AR R L T S U
CL2 R BRI T, ERAE X RGN, 2P S RER. RESHZ O ER s R ZEHxS
LRI, IRZ MARL J7iER B (K 6E F730 AN A2 AREXT bk, HAZ O SR A 2 — R B 1 MARL J7 ik A
RE AL P — 1) B O A S B 1 1), T JE 320 T 58 3 S B B T B 2 8 s 1 25 8] ASOR AL B S F e s
“Z5[H] (¥ PDDPG 5% LUK 2 B BEAR A FACMAC HEATRE & 8L, AT AT Be it A 2SR ki 2%, R 5 # st o
OALIPAG 4, BB ) P-FACMAC S e 08 A T BoA S sh /5 2 (A1) 22 8 e A B 3] Hh SRATE 55 [RII 3
ISR SBIAIE T P-FACMAC X T th 2 38 5 3 B[R] S B IR 2R R A SR AR 55 T VA UURBE ST, AEAROK, Al
IR AR R N 22 e S B kSR E BT 6 Z RIS R ML R 2 5, 28 REsm b2 31 7 I e
JS2H.
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