RAE2EHR ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn

Journal of Software [doi: 10.13328/j.cnki.jos.007150] http://www.jos.org.cn
O A B S BT RSB Tel: +86-10-62562563

ﬁﬂ?%ﬂtﬂﬂ’ﬁ?—:l‘ﬂﬁ‘]%%‘ﬁ‘éﬁlﬂlﬂ'l‘;%%ﬁﬁﬁﬁfﬁﬁﬂﬁﬁ
Rz F
BRE, # & kak’ AL, & B

(PRSI 15 Rk SRS B, 1)1 4T 611756)
*(EBRHE R B heR b, Wi K7 410073)
AR AR B 5K A S0 = (R 50K %), VLI M At 210023)
B E1E#E W, E-mail: xieyu@nudt.edu.cn

5 E. ik, $ATEARIRILE 3 iR E 4% AlphaStar. AlphaDogFight. AlphaMosaic 2 &30 % ] B 7= i £ AR 4
RRREH VAR ZO R A . EARRKRFEN S HRARERLZGE T, LSO ARZNEELR LA BHRA S
U EERESR T EW A HE T, X EHETH G I LU EMEFERE AT B RA RELEA W S
HERBAE T ERELER, BT TARMDEZING ZHERBUEIFEZEASTEZHNEE L.
Rk —H @ &) A B 18 89 B I Bk S R AR IR Sk, AR S SRR B R SR PRAE £ A AR
BB IR, 45 o B BA B A M SRR AR ok P WUk sk i B I A B4R ) 69 A A A, it A
Hybrid Predator-Prey %% ¥ B A4k & T 69 5304 R AL ik £ 2869 5 ek A SUb a4k = 18 A 1E 5
LEA BIF MR, SO, E 2 RAIF R E RIF G F P AT R IE, SR L REAPZEEE Z TR
BGRXEEH SNE. ATH LA WRIES T H B T AT

KA AEASHE R A AR E 3T PR AR E M S R R

REES S TPI8

o s| g IR, i, sk e, IR, WFA. T 1a 2 B B 11 22 18 ) 22 8 e A v Lo A S R 20 ik S LRI . B 2 A
http://www .jos.org.cn/1000-9825/7150.htm

HC 5] A% Tian SC, Xie Y, Zhang YL, Zhou ZC, Gao Y. Factored Multi-agent Centralised Policy Gradients with Parameterized
Action Space and Its Application. Ruan Jian Xue Bao/Journal of Software (in Chinese). http://www.jos.org.cn/1000-9825/7150.htm

Factored Multi-agent Centralised Policy Gradients with Parameterized Action Space and
Its Application

TIAN Shu-Cong', XIE Yu?, ZHANG Yuan-Long®, ZHOU Zheng-Chun', GAO Yang’

'(School of Information Science and Technology, Southwest Jiaotong University, Chengdu 611756, China)
*(College of Intelligence Science and Technology, National University of Defense Technology, Changsha 410073, China)
’(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 The complex structure of this type of action space makes traditional multi-agent reinforcement learning algorithms no
longer applicable.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
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-
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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
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14. EHREMESH o, METENESE 6, -

1s. L@,01,-,6) = By roat i s o0 | G = Q5,0 073,01, 6,))' |
16. FEHAARHERE W28 SR (g1, -

17. VoJ (1) =B ot al st e [ Vol Vi Qo (8, s (T1)s s pa(T)]
18. C& ERNTES 28

19. w —Tw+(1-7)w

20. {07 6, +(1-7)6,7 ),

21. {97 — 1o+ (1=},

22. end if

23.  end for

24. end for
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3 2.1 15X P-FACMAC [MBEEHESR & v DA A I 26 Z 3000 5 77 sl AT 1 R4 3R, A58 X% P-FACMAC
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BRI S 5% 5 P-FACMAC BEAT STIE M BE X L 207
22,1 SEIGIRERMIfEIA

AT SEL R TE PettingZoo 22 3 REAR IR B2 BEAT 1K, %45 T Hoh MPE 3155 F Predator-Prey 3 4F N
P-FACMAC 5256 UE SE 3R 5E (Predator-Prey 5t %] N3 MPE FEH [ simple_tag f1). & 6 &2 — A 3 Ml
B 1AV 2 A EERSEYIAE k%5 18] 7 1) Predator-Prey 5t i, X 237 S il A & AU B etk BT A1k
535456 &, Predator-Prey 355 S A1E SCHR [9] 4 F T-48F MADDPG (S LM GE. 72 6 Hr 40 (1) 5] [l 3R 7
A, A R SR RS, S R Bl A8, S o A LS A LA S R T R 5 K 8 1)K B B R
FEiSY, T PR 7250 7 ) R0 RE B, 7545 OCHE T 0 B #8 2 7E A 4 4% [R] o BEATL AR FoAH I 25 1 e
184). 1 Predator-Prey 3750 1, fili 638 IR 03 B LU 4508, TR 75 26 A 52 RO A P AR 42, (Rl iR By R A S sl ik
T St B A A T AT R 3

PettingZoo H' P4 & (1] Predator-Prey 3757 i 2[Rl X 4l £ 2 AUE M0 AT i, (R X & — s —A1E UM E
Zst. AT RN EAMES TR, KWSH T R [24] 5%, AT T — B TR D0 5
R IAT BN, 1% HE %O B AR TEAT AT B ZI 38 LSS W15 18 3 5 BE 88 A Rl R & & 0 7 #8380, 7EJR 1R
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) Predator-Prey 3755t ¥ B I s 25 [8) R B8R BB s AE 2= 18] (AT 8007 6 [t xm,y*, 1) BUE AR S E
6] (AN RAT B 77 o b () e s o i e, B B R B X 8] € [0, 10). A T RefE SCRr VB E S BB R 23 0] T 1k
AESGIE, ¥ )5 4611 Predator-Prey 37 55 o B BN AE 25 [ AR S 3N R 25 M HEAT 46, ZERT IR 2 R B o, et skAT
BB AL {(x*, v, (), (v, (o, y0) ), PR e 356 L PR AT 30 75 o ke S I8 D7 67 ey 32 48 R 3l P 0 . s o
IRV T AT LK JEUA Y Predator-Prey 35t ik 1 B Z 803 1E 72 18] Hybrid Predator-Prey 37 5¢.
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Kl 6 Predator-Prey SZIGFR

222 SKESHCRHA L BT

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

# 1 Hybrid Predator-Prey 35 F1 P-FACMAC [HIl 583 5

S B
S w Fl(6,)"_, IR Adam it 2
SR w A {0,)1_, T3] % 5E-5
S g, MtRALE Adam L4t 25
W {pa)l_, %21 SE-5
TRE M g JE T H bR 4% ps
BREEAE TR (Qq)n_ | T H bRIZS 2
BT B REARAN TP A 0 48 2 15 L M 4 25 2
BREAAN PRSI AL (o)1 FETSBEF F AR 2% =
FITA 8 RE A A SR T 245 S T SR 4 S8 2
LRI L NAN 100000
PR 0.05
P+ y 0.85
HERAFEK/Ibatch_size 256
SR RRUSCEE2S WTREAS I ZR 1R

P-FACMAC } %} b 59% Deep MAPQN. Deep MAHHQN. MAHSAC. MAHDDPG 7E 3 ANFESH K E
") Hybrid Predator-Prey 375 H I 2R3 R an ] 7 Firos. BVEFE ISR R2rp, 23T 5000 FREA I 2558 37 ) %
AT AT 10 XHEEIH, 4 10 J0llal b B AR S ME R AE 03 R 3R, Givt 10 DI H (P 3 (BRI bR i 22
22 B B BT RS- 35 [ 2 B AR AL i 55
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800
400 — p_FACMAC — P-FACMAC
— Deep MAPQN 700 — Deep MAPQN
300 Deep MAHHQN 600 —— Deep MAHHQN
= ~— MAHSAC = — MAHSAC
¥ MAHDDPG ﬁ ¢ 500 MAHDDPG
& 200 /%\W LW/\! & 400
= f i
7 i S 300
= 100 ‘ B- 200
\ o f 100
O koot 0 BehiRuinpt
0 025 0.50 0.75 1.00 1.25 1.50 1.75 2.00 0 0.5 1.0 1.5 2.0 2.5
RPN (<10 NERZS (x10°
(a) 5% 1: 3 predators, 1 prey and 2 obstacles (b) 3%%5¢ 2: 5 predators, 1 prey and 3 obstacles
1200
—pme,
— Deep
1000 =5 Deep MAHHQN
— MAHSAC
§ 800 MAHDDPG
<o
600
T 400
o
200
o M
0 0.5 1.0 1.5 2.0 2.5
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(c) 5% 3: 6 predators, 2 prey and 4 obstacles

Kl 7 Hybrid Predator-Prey 37 5% H 35 [5] & 2 i ) Ak e 34

R4 B 7(2)—-K 7(c) BTt~ F35 a4 22 B AR Ak 5] i, 7E4% 5% 1 ' P-FACMAC 5 Deep MAHHQN 54
&K 1200000 ANEF ] RREE VISR G, S8 BB AR WSS, e WSSO Y 1) ~F-35) [l 5 32 5 K 2978 350 7 4.
1E3%%: 2 F P-FACMAC 5 Deep MAHHQN HiEZ 1K) 2500000 AN 8] 25 K HIREE VIR )G, Bk RL LAY
8, BT 18 1Bl & 22 K 208 600 A2 A5, AE3 5 3 HF P-FACMAC k24 5d K29 1800000 AN A] 35K (%
FENGRSE, SRR B B AU S, B 2 URSI) P38 [l & 22 i K 219 1100 Ao A5, @i 3 4H3 5 s ie ol LUR 3L P-
FACMAC 5 Deep MAHHQN X 2 Fft 5572 it 35 385 A 0 25010 385 I 11 S 1) A5 28 0 5 T WAL B30 B 2 v WAL 2 /K F, T
Deep MAPQN. MAHSAC. MAHDDPG iX 3 FHEVENIEEN T 53U SRR 2.

FRAE I 721 7(c) BRI LS Ee8UR, 45 G sehi il BRGSO 5 PR WS SIC I il R AT 434

1E Hybrid Predator-Prey 3 5t 9, i & # P01 1 e WA & Z R a0 5 1 (B BV &), 76 € 75 28 3h 13 &
(SRR ), IXRE IR R SRATLI A B 58 I ven 2% 0 45 Bhids & i 3R B8 Y. DR G TE i35 50, WG X 4 B i A o He e
PR NE R B AR S TE SR SR B A AR i, B B T — B WS P 4% [ B e S it 10 Y B 1 AR B R 2 B B 1
AR, H T X A SR G AL 1) e SR R RS BE i@ I T Hybrid Predator-Prey 5%,

% T Deep MAPQN $i%:, 1% 005 1 SR P 48 J& 3£ T P-DQN ¥t 4, T P-DQN 75 E2 400 v 55 74 482 U 5 1 7 I 5
fih gt — P W SR B BB R, Rk Deep MAPQN [ 55 Wi 196 6 45 K4 /2 52 I L 7E Hybrid Predator-Prey 3 5¢ VL RE 1 B

% F MAHSAC. MAHDDPG 532, 548 1% P il 50925 1) SR s ) 4% e 6 ] T o 38 18 i B 3 A AN SR B B 1, (1
& MAHSAC. MAHDDPG X /& MADDPG ) o4k PPAli 45 44, B BTG 5 Be AR 30 G Sl ) p oAb DA I 265,
I B OGRS 25 515 I SR X 4 BE R B R e RSN, 2 (A5 H O A P4 X 2% 1) I R A
VN ZR AR A BE 2 30, FF B2 538 A P O A VA X 45 7 5] 5 SR X 24 BE BT BT BN R0 SR IS S 15 0. AR 1 7(a)—
Bl 7(c) fiorthnl LUK BLAE Hybrid Predator-Prey 35t H MAHSAC 1 MAHDDPG 532 b8 2 fe R S (3, 2



B AR A @6 SRR 0 6 B A AR AR AR L AR AL 11

PERE MR T %

%+ P-FACMAC. Deep MAHHQN %1%, P-FACMAC [I3EI% M 45 & 3T PDDPG Wit Ik A& T H— &%
WS 1) 2% i) Inf % L B B VR ANZE£E B 1, Deep MAHHQN JU 2 5 Y 3 B SR B B R SOELE R BN AE, WA BLVE N 2R
W& PEM LI ERIE H T Hybrid Predator-Prey 3735t [RIA R By AR &5 T QMIX [ L EAE AL, 7% F MADDPG
1 HC AL PR AL, 3% SV AL A1 B 888 B8 I v R ) 51 5 P A 788 e A 1 SR B B 5 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 AT A T —Fh S T 2 B B R 25 11 1) 22 2 e Ak i Ak 2% 2] 9% P-FACMAC, JF HL7E TP IR B AL % 2
WIZRIFEE PettingZoo H1 1) Hybrid Predator-Prey 35t 3iiF T P-FACMAC J5 5% T v 22 8 Rk 2 Kb s 11 2 1)
R4 (Rl AT . D T 3k — BB TE P-FACMAC SEVETE ff P I 17 S5 BRAT 55 16 10 20 R T 471, K P-FACMAC 57k
S FH 1) 22 3 5 Bk ) 9% B PO R RE DRSRAT 45 M 3t v, BE T SRAE I 55 119 P-FACMAC #5578, B8 2 Rk v et 22 A%
IR T oI B T 80% [HI 5B K.

FEAT 1) 22 3T 5 380 B[R] S B AT 453 e v, JLA R R SR 1K) I b 2 42 L AT 5 58 R M) e K Bk iy X,
USR] B P T T SRR ol DX, S L ) 0 3 3 06 20 S R 498 R T 3K . 7E 22 3T 3 Bl /) R B AT 45 1 ¢
i, BT S BB A>T 5 MG BRI T HE T AR R SRR G, R X A R B, HrhE
X A PEE X 100 km, #52850EA 2 4N B X B BB X A 50 km, S5E AU 3 4. @ G JdE
AT B e R R R LB ArmHLEh FRE R BRE . T QLB s, TIHTE
LY RPREI) X 5 Al 5B SR, SIS X P X e L N BB X F ot G 4 A B 1 R - R i %
B IX . BeTERRRIA H AR,

3.1 ZiKH S EIZREG R Dec-POMDP 12

Ky P-FACMAC Bt — Bl % 2] 7532, DRI I P J7 ¥k 90 FH 381 22 38 3 By ] B3 R4 55 3 3 b ey
o 7 BN AN SR BT 55 AT Dec-POMDP G4, BIARAE 1 11T 380 0 W0 23 [0 . A JRRAS 28 18] . Sh AR 2= 1m) LA &

(1) B 22 6]

AAT 55 3 5 ST 5 580 (A5 S L LA R I 4%

1) ML id (FEZEH T T P 5P 28 X 43 A [B] B 8ATT T 350); 2) 3T T 3R A (0: SRR ST, 10 IRAE®AT, 2: i
Thilid B AR, 3: CEaR); 3) TS L BT BIHENE; 4) TS L T HENBI X (1: RFEN, 2: T HEN); 5) %t
I T R P o v R B X i G ST 5 380 B X, T2 BT R N BRI DX 1 id); 6) bk i IX g 2 422
55 SR M 5 05 0% B DX BE B IR B 7) R A R AT M R I A L IS S E AR A
8) WAL T30 5 HARMIAHX AL BAS B AL T A E S Hira 2 7. WAL S E S B2 72; 9) M S
I 75— 7 1A 3 Pl P A IX i 10) S8 5 9L B9 A RO B (A — A b3 ); 11) s i BBy F4
3 TSR SIS T AT L0 12) TR PR X F 4 id.

(2) K&

AAT S Sy e HpORAS 28 (R B T R BEALE T ST 5 3R OG5 B DA S B X AH S A 2.

@ AT 3AH DAE

AT id, T PR TS IEEHUT I HENG . 0 8T 550 PR e s U X id . B X
JBU A% AT 305 T B X PR I LA L TS S A e A L R H AR I i
S5 ARG EZ 2 KNS HE S ARG 2 KNS 30w 7 — 2 BRI A 0 X B ST
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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 ; @ ESecE: sk
POERT ], G o & YRR B IR, @ TP eIk -T AT R, 7R3 SRS =S [A) P B A . SRS 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 IR . BB, A T —F, B 3 FRERA AT I — B O 1 B

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

1) 3 256 203 LR SEMS I BATIE T, Forb, 0: AHAT, 1: BATIESNINIGE, 2: $ATRRE, 3: PAT T (B EZE 3)
YRR &), 2) RFEEMUf (RS RIBNER &), 3) RS 7 M (ESRIZNTEAR &); 4) RIR RS Ik I |] (% 4E
TIGEAR F); 5) YIRS By BT ] (ELETLBNVEAR i), 6) L3k TP 7] (EL Y B EAR ).

R R B, AT 55350 BN 25 18] AT ARG T o & — 2 I BB B A AR B R0 & 2R B E AL s 1 S 4L
B 23 ). E e B 1E SR R b, 75 BARYE L A AF BT AR LA Action Mask MR e 55 31 2 2 i) 4 72
T FEFEPARFZAOFENRCE. BE. THMRAPATH KRS 20 ANEHEE, F—BZ1 R 88447
W BaS . THH R —FhEE AT,

(4) 2Rl 5L

AAT 553y 5 I B AR 10 TT R B X 5 JR AT B8 P B I 2 A Jd B X P AT A T B I R T T
BESL B AR, 22T HAF S B AR, i3 i Seid 5Re% B vt 1 3 T R AL, 400 1) 5 B ERRAEN A E G
FAJih; 2) 185 B X B A 22 5h; 3) BT FT i B H AR 2. 3 28 25 ek B BAR T

O 5 HFsAERA B O R

LT HLE W] B bR AT R0 FE R b X 2 52 i 18T 0 sk 1) i 25 B AR I 2R, AT BUK T 5 38
EEBENE AR, FERE—A KT 5 B E IR 225 B 4, a8 S0 29 B AR i R, fe 2k
FH A B FRPOLENE. 35 3 A S P IR AR, — 2 AT T T B ) 5 1) A R DA SR 5 B AR AR R
A, DI B B B R 2, TS A FEARDNS 22 Bk, 150 WA 29 AR R SRR, 3 — MR AR R i 2 5 B AR Z T )
AENT R B, 1% v R 1 PR 5 A R P K

FET LRBIHEAR, 5 B PR E ¢ R BAR R U0 R PR, KR SRR RIS SO 0 RaR I
T HHE ISR A (B IREE), w RO e BRI R A (BN IR, d ROREHTT S BRI
FHXTPE B (BRAL: km), R, Kon5 H AN B R RAR. R, MR 5 00:

R, = cos(l0— ul)/(d/1000) - 0.5 x (d/1000).

@ 3@ B X T B 22 )

238087 T e B XN, R DX TRAT R B TR, DU A PR B A e X R S R A, BRI
T S S 5RUR AT RERURE L X, B8 RS INsE . BR . TR A% SEBh e R EE = 5B 8 7. DR ad et kol [X
R RF ) 2 il st FH G it 32 a0 L 28 3 N gl IXC PR B TR 9 200 P8, 8T 3 300 N S8l DX P s ) A, D) 3 B 12 B
LT SR T B .

F T LRI IR AR, 38 X I [ 225 ) B AR B an R R, R R RR RS B SR T Ron BAHEN L
Joir DX T EF ], R, R idad B X AR (2250, R, MTH 35 0

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

FRIFT o B bR 02 T PRl A 5 2 75 ) BIE B AR BB AL, A Ry RN, 5 M T SR R T Bk
HAx, U Ry =20, RZN Ry = 0. 4&MHi T34k N2 H b5 X3 30 km (1976 B Py, 7] DLdid S5 5 & 15 5] 3k s
TS B bR R AE )T, PR 2 & S ot N B B bR X IR 30 km 96 B P4 B B AT A R 1% 5 50 24 i Th 308
B 5.

3.2 ET P-FACMAC EetthEIRIRKRE LR ITSERK

TEE 3.1 45 P B Z2 38R P [F) SR B AT 5532 50T T Dec-POMDP BB, K i fii 5 3 (1 Y sk S 80t
T ZHEAIIENE (8], 454 P-FACMAC HEME I 45 o Xk H % S5 R vt 7 a0 [ 8 BITvs 1) 22 3 = 3 ) /) 22
4D SRS TN 26 A . SRS IR 46 ML 435 JELE %N, Type net A1 Param Net 43731l e 5y Hi 28 SO (R s AE AR & (8B 3
W& IS 1) FES BB E AL & (G153 2R S5, B TESIINEE . s, T3 3 DR fE AT I 72
222 R —E LR A, BIIEN Type net it T Action Mask #E B 3 H il it Gumbel-Softmax SFAE POH 75 3 AR
iE Type net RE 4% IR Action Mask i UG 28050 Hi . AR 22 388 fii 5 3 075 S0 HEE 2R G0 (R 7 4 56 it 2 IR B s o,
Type net 1 Param net £ tH ] 36 S B0 AT GG B, ORIEH: REAS 7 FLAEE 2R 48 e 1.
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B, AT socket H1 ) UDP 3845 P SE LR BB PR S5 17 BUHEIR R G2 MR A . R v BIL T L &
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MAHHQN H%:4E N P-FACMAC 7E 2 & At # P[5 58 By 3% 5% R Bxd LU B0 TE A R FE i 5 2 g = 3 = o
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SR R {911 13T 1E-4
S8 o), MLAAS Adam /Al 25
SR g )_, 0% 1% 1E-4
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P4 2 BUR AL S A H AR XIS I FR 3 A 4 BUK S8 DS AR SR R 3 AT S 0K 4 A
REERNIA Hbr XK, AR THIGE PR R B & B 1 H A5 XSRS, 783X /NI ZRIA] 6 A4S o AR #2034 H b
(X 30 H & HRAE 5 I H AR X IR PRHE ER 2R . it — BT IF) [ SRFE VISR, SREBE W 4 i S 4R T Lk 6 #0530 A
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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 AR (R BG IN, AE RAT 2% Xk 5 (R 3 i, 7EAH RIS (8] P9 P-FACMAC RILMIHEBEE £, X I0IE T 26 2.2.2
T 234, Deep MAHHOQN ¥t 6L 1 5 2 B % 1 % 2544, T P-FACMAC H i) I 2% it S8 n e v,
IFETH A B Re R S 2 . T4 5 2% 5 5 = 1137 e, P-FACMAC I ZRUS S4BT (] 23 B .

AT IE FIRYIZREF 1) P-FACMAC B8] -2 1A 580 1k 1] 25 B ok SR A R0, BE T YIRS P-FACMAC
BT R BE LR, B JeTE I ZR3g 50 N T 500 R S25, Fuit I 9B ah R (W R 2R B i s Th /& 48 BT 1)
AT B AR A A, JE HLAERNE B FRIX K 30 km JEFEI A, 5 AT R 2B A R ), HRAERA iR (5%
Yt #i s o T R R Bk AR S IR RIOER) N AT 500 k10 L SE N, GeitHid s R R B R
Dh#, BEARYE VAT ENSG T Filast 1. Biims 2 F &7 500 R SE5 10 R B D 8
PA B R B LTI 3N 3R 3 .

%3 ET P-FACMAC & GER SR ELIR I 5B L h %

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

SR ST TR PRI R T, 0B e R SR R SR AL 1K S0V s, BARSRALSE ST DT IR AR AR L T S U
CL2 e B R IPOGE T, (ERAE TN BA ST, 2 P S REE. RESHZ o ER s R ZEHxS
U ZE 50T, IR 2 MARL J7ERBLH I RE 1138 A 2 BLRDG Pk, HoAZ O R I 2 — = BLA B MARL Tk # R
RE AL PR — 1) B A A S 1 22 1), T JE 320 T 58 3 S B B Y B 2 B s 1 25 8. ASOR AL B S H e s
“Z5[H] (¥ PDDPG 3% LUK 2 B BEAR A FACMAC HEATRE & 8L, AT AT Be it A 2SR ki 2%, R 5 # weit o
OALIPAG 4, BBt ) P-FACMAC S e 08 A T BoAT S sl 15 2 (A1) 22 8 e A B[R] Hh SR A 55 TIN5
SR — P IRAIE T P-FACMAC X i th 22 S8 M S 303 R R B R B AR RSRAR S5 T SRE R ERRE 1. AERR, 3ATT
PR Z I R N2 e S B kSR E BT 6 Z RIR S BRI R 2 5, 28 REsm b2 51 7 I
JS2F.
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