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Abstract

In recent years, multi-agent reinforcement learning has become a research hotspot in the field of
artificial intelligence with the development of deep learning technology and the deepening of al-
gorithm research. Especially in dealing with complex decision-making problems and environ-
ments, multi-agent systems demonstrate their unique advantages. This article introduces a mul-
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ti-agent reinforcement learning algorithm based on value distribution, aiming to improve the
performance and stability of multi-agent collaboration by improving the algorithm structure and
learning mechanism. Firstly, this article provides an in-depth analysis of the concept of value dis-
tribution in reinforcement learning, and explores its application challenges and potential value in
multi-agent systems. Subsequently, the CvM MIX algorithm was proposed, which effectively im-
proved its adaptability to environmental randomness by combining value distribution reinforce-
ment learning and value decomposition techniques. An improved weight priority based expe-
rience replay mechanism was adopted to further optimize the learning process. Through a series
of experiments conducted on the StarCraft II Multi Agent Challenge (SMAC) platform, the perfor-
mance and stability advantages of the CvM MIX algorithm compared to traditional algorithms
were verified. The experimental results show that the CvM MIX algorithm exhibits faster conver-
gence speed and higher win rate in various adversarial modes, especially in complex scenes.
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1. 518

IAESR, TR S1[1] (Deep Reinforcement Learning, DRL){E IR E %% =] [2] (Deep Learning, DL)
5@k 2% 2] [3] (Reinforcement Learning, RL)HI45 &, 787 53 1R 56 1) /L [4] R R Ok B B E R . 7
SRS S, BRI AT B ARSI DL R R S U5 S PR AT ST RS B 5EAR S ) H 1)
2 ML EEIRZS B T ARAT J9 (WIS, AT B K BIRFEE b4t v AAFR 5% P S RA5 A T [l o 7 28 B i e 2% 30 )t
FE R AR S50 WS [V PR SR RE ) AR B 2 S BB Be JIARZE G, R IR P2 A0 28 I 288 1) 2 K R AIE B ) SR i o
SIS I R, XM B AR ST A9 9 Ak 2% ST PEVE 2 N S st B 35 BRI, 91l s THEIA )i XK 2600 [5]
HLas N3 [6] AN ARMEIF AR [ 7] [8155 . (HLBH A& IR B % > BRI AN W & LA ST S PR B IR AN e 2 %Ak, 5
2 ) SRR AU T A B AR AU A [ 22 R REAR U, DRI 2 R RE AR TR BB A ST [9] (Multi-Agent
Deep Reinforcement Learning, MADRL) & 3% # i i 58 54 5

MRTHF AN BN T IRBCE AP I SR g AR e 22 1l 2, 3R T — RV A 4 A A B o A
SRS S HL . N VI AT RARME B, 24 A S A IR AR P T S A A o0 A R Ak 2 21 U7 VE[10].
{EL 93 A s A 2 2] I8 8 R AR B 0PI, Tl i R FH 43 28 53 A [10] 303 40 B ek £ [ 1 1] RN [H] 4
AT TN . AR, B AT SR A A 2] 7 R AR T B RE AR AL 2 S A, AN RE B BN A T3
TUMER 2 B aetksi 7 I J5kd s b A& RUR U TR (1) R TER MARL 1, AMER
REARRIME AT Q BN ARG B EANER R/ Q (24 (2) MAtRIKASIMERM /oA Q H5 1
PR BEAAIRE 73 A Q MEAT Ai BB — Bk, BI 2 Individual-Global-Max [12] (IGM)JE ).

H TS ) SR AR E B s . B2, aRAk S S BE AR AR Q E M —— A I R %
) B SEAE Q oI R B R I, R I K 2 R T A 1 s o) SRR R A . Hasselt S54E B 1 AT A
FKAVPAGTHE R 2 B R A ERWZE, TEIR A e tH RGN | H bR BUE T2 FAR R 5 R 1) . i
TP 22 532 2 i QA G BRRAS 1 Q (A AT SEHT, BRI il v 22 4 8 I 22 93 SRk it — 2D AR 4
R K o TLE J5 SE4 A o2 P3R5 DL S 36T Actor-Critic HE S 78 5 i 5 1 SR s B0 B O ik B 3 A e i
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it . —J7m, T IR Q (R AR, EMEEHMSA BRI SN THRZENTT 2; 5 —T5
T, {F R IOE I R AN T 8 G R 22 o TR AN S R il o PT RE 2 2 B0 DU R A4 A TR R S VR it
flivh, M SBORMHNE . G MIMEE £k a0 LM E B 7 i3 Rk T T A sl R E
BRECIIEE, TR T SE R IR A Th A S BIBINAE B . T LB INAE S AE Lyle 5552 Hh O SCHR HL D 224
ESEA R T3R5 o fESEBRR A, TS BRI AT, B W REAFAE AR B, X T BRI
SRS ALK IR oG B, BN RTINS A BamS IS AT B AEAH AT EE el , e
BRI AT R, 5 AN EN B, IR (A T B e S0 B [ RCRE TER IR A X 7 I R L
BT S BRI S0 -

A TAE A7 B R IR AL STAR R Fe b, IR AN, B — T LAE R C51 53k, HA%
oo KB AR T — 2R A ] 7 B 0 B O L RO A, TSR T — MR G Rt el Hoh 2 e
PRIRALSE 5T — T LAF & DFAC, 28R AR 73 A7 A BE AN R R 225 Q AL, KE [T VA 745 20 RN PR 45«
i 7 LI 43 (RIS 22 E) U BE AL 43 (B E %) . DFAC NIREAT 15 70 (B . JEI 4 4 Jo 10 M1 i e 301 22
AT B AN A E R B R AL, TR ANE SR BT A — R OL, SR AR R RGN, H
A ME R AU MR IME R B R RN Z (s,a)=Relu(Z,+2,) . 55— LAER MCMARL [13], %
SCEES DFAC i H A 4R 70 {0 B 250 70 Al Eh P 2 AN A B0 0 B804 B R AT B, DOREA il
PEASFANE A AR RN, RN EREA TR R . 25 78 RME 1 2 2 ek
SRS STHEDR, JEI IR & 70 O AR R Q M A Al &2/ Q /A I SRR e AL, 5 SO i
Z B BN R A SEARAE, ST M 2 EA A S .

BT LA R R, R T 2 R R A A ST IR A I 25 SR AN AR 1 ST R, AR
T AR T E A R S S S BB, S RIS AR SIS L, AR FE DRI BT T

(1) AFEREARL T CM-MIX 5k, BT 70 80 A B S B, Hah & TE D ARtk >
SOFAVE SRS, AR5 S, RN SN B IERANE I T ARG, - TH AT 52w PR ERAS BE AL
P & R g

(2) $2th T FET Cramér-von Mises BE &5 (R & 45, R CvM 7R3 22 7 v 5B L R AU KL
WU T 527 2800 B A1 22 52

(3) HETREM SR MAI R %, Wil 5N EEZERRCE, ARG E T A5 BRI RE

2. EXERMZR
21 B@HES

SR SR MBI SIS SRS BT AR R R, ISR E FARE RIS,
TR R R AR ST AR K vk o Sl 31 5E ST WRR (B B8 B0 T 3R B RE PSRN B0 o L — Aot
IWEMERELV, (s) R WIRES s THahR, JEAE 2 A0 SK0E 7« N FT RS AU Ik, 20T

V.(s)=E,[G IS =5] ()]
Gt:Rt+1+7RI+2+72Rt+3+”'::2)}/th+k+l (2)

F Q) AKX Q) E A 15
V, (8)=E,[Rua+V (S1) 1S, =] 3)

115 53 — A IRESAT A IME KB Q(s,a) » FREAHADIRG s PUTH —BiEkiTh a5, 4REHITH
W& 7 BRI AR A R SN 7 I, X EDIRES s $UTAT N a AE R, AnF:
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Q,(s,a)=E,[G,|S, =5 A =a] (4)
F A (2) AKX @) T 15
Q. (s:a)=E,[R+7Q(Sui Au) IS =s.A =a] (5)
Ha©G) A t+ L ZIE) T S 20 Rk, R AR R, y AEERE T R4 VUK 2 57 #E[14]
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22. O TIMMEEREFDRATRRKLRE

R EE T MBI T R AT SR R S FR15], A< S0H % b 22 788 Rl Pk S 25 S B B g A0 3 T 0 2 8
IR ] KRR SEEFE[16] (Dec-POMDP). #4 il LI 2 1 i VA 1 AR ) K phe St AL — BN 22 8 R A A 055
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AT BRI B O FR B (5 B 4y < [0,0] AN T, Fomnt kAR A e b . S AL R T
HRMRT (s,2,5):Sxa—6(s), DRI KIRFIIIE LB, KRRE EHAZIIE a MY R
s, R RN IR, EEMNIEKE, Frg s ks MEBEo cQ,, MBAUE
E% 0(0,5,a)=P(os'a) &t M TR A i, o LUK 7R t I AR UL s i XA
al(i):(ofi),---,ofi))o

T R ke Rh, BRI MR R A SN SR AR AL B, (EL 78 24 A
T M AT M A SR O, G, A i Ay 200 o AT,
EE VIR

t=0

me:%iww%Aﬂnaﬁ} (®)

2.3. CTDE #ERS5ESMEZE

CTDE 73{[17] (Centralized Training with Decentralized Execution, CTDE) &g+ il Zk. 7 #aldh
fryeske BAARL, CTDE B/EZ& IL A1 CL KIfLsi, CTDE JuslfESrsCIZRpr B, @ fE I 2R B
0 B il M R AT R R AR S Bk A ) g, R RRARRT DLYG ) RRASE R, K EdsEE L. L=
RN RIS AME KB, B — AN o O R B SR R R 3T BRI 5 T R . R4
ITHr B, BN AR R BRI EE B B 52 1 R IS B 4 AT 3. CTDE Yzl id £ X2 2k
G A 1) 42 RS AR TR RE, 17385 23 SO AT R A O SEEBs B Hh 1R T AT PR AN RS ME . 28 R
1 2R G2 (107 AN SR AN SZ L BRBEAE 25 A I IR, X SR R REAR (R (RIS A 2232 BIEAG, E— D ek
 CTDE ZMyfEsEic b i H . 1B/ T IXEEE A, CTDE Bl 1 2 B RefA sl 7 > il i) — A
PR SIHESE

MADDPG [18]5£4E T CTDE HE4E, IZRM Bt 4 R R3S 15 B 3 10 Critic 2445 3 &R Re 4
1) Actor MZEBEAT IR, TIAERATRY BL, BRI ReiR DL E & RIFEH) Actor HATEE, BLAh, 1ZH 0
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B A AR AR TR IR S B A T RA MV EBAE M. VDN [19]577%: 3 2 B B RERAR 4 B B 6] 324k
I DTHRA A E I E AR R, 383 51 NANEL 0 i WX 255 SR i p 5 B A4 2 18] (105 FH 20 TC 1) A, HOKs 22 9 g ik
RGP RA I E BR B 75 9 & A B B AR (R0 R 5 0 17 SR D0ORH ,  DATT B 4 e e S A3 A i A 0 A T R 1)
Iz

Qut (Tl a) = ilQl (Ti ) a'i) ©)]

FEf AL S5 VDN S+, BT BB 0 2 B se fA ol 22 2] M AR, VDN I ZRA%
RIMAR NG, FIRFAET VDN (G I i 5 A ANy 208 56 & 4 (8 pR B AT 20, i 208 e 4
M EMIZE 0GB SZ IR . QMIX [20]1507% B AR U VDN 325 750 T A 0 B B0 25000 e 2 A1 P P A BR i1
R B — AR A P G5 R IF I NS, TRER 1R BE AR R o0 B 5 B AR O (8 R B A S DL A
EORER 2, BRE SR A B i 3(10):

argmaxQ(z;,a,)
argmaxQ,, (z,a) : (10)
argmaxQ(z,,a,)

QATTEN [21]5FEM MBS b A, 4T Wil 5 550 & 48 B8 25000 o R iR AE Ik 72, IR 2 3k
B SIHUH] 9 2% DL ALIE & SR A
24, BT ESHHNZEEERLES

QR-MIX [22]F1 RMIX [23]FIF{E S fisaib 2 Em A SMAC P HERERDl. QR-MIX &
QMIX BIER —FhARK, Al TR &M 3N IQN, AT ECE A 0 o AR A, ek R0
IMBERIKBL a0 A T, RMIX 42 QMIX i —FhAgfA,  HF A 46480 XU 18 B & (CVaR) B 4 T
TRA ML I s NAIR H o C51 By IE i T — & 5 [ 5 S s b AR R 43 A 2 21 Sl HE T 7l
T SRR ORI AN E A A, PR T SR B SN B A B RE T, A LSRR A AN IE A X S T
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Figure 1. The overall architecture of CvM-MIX
B 1. CvM-MIX BEE R
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AN 22 B REAR IR P 9 AL 2 ) SR UM R g- AT /- A g 48, Sl N A AR, et 17— THE
A 2 B RE AR R AL ST R RIS R 2R Al 456 Cramér-von Mises B 25 [24] /& TD-error; i¢Ja 5| A
TEETREMREL PR . BRI 1 R,

3.1. AP HEBNSBILER
BT OME I 2 5 fe i A o) B208 i B A R OIS - B E X BT FI4R,  BARTT AR RN
Q. (5:2)=E,[R.y +7Q(Si1 A )18 =5, A =a] D

RXADH, Q, (s a) Fw M TP ARSI ZPIRES - hEXS (s,a) Frit s R R, R, NFEIR
A s FRIENE a JFIRIUR KN 3205h, y RATHIHE o R4S HHE T 0B AU BRI 5 21 T VR AR TR B3 1 3 1] i
F,Q, (s,a) THELHER 5 foR o KRR L bk € SERAEAR S5 B R B, AR (1) h 20 28 7 B RElA S
PRBE A LIS AR BE AL S S IR B, 25 AR B R B IR AT S AR R, Q, (s,a) XA T
SR EE TR EE R, B T IR BN AN E I, T2 0 A R B N 5 T
SERFAE , TP EE GBI B . BRI Ah, A1) P U0 R AU R S5 4T & T H
AT, DIHCREANTT I G A T R s A B S . 6T DA, ARSCRER B AT MRS, SR 542
FII[ 45 7 AT RFAE A L, AS PO ) SR EAT R, T A U (B A A R AR AT A, AU
% RE T el (P AR, [R5 R [ml R A B AR A o ASCRE P RIS Z (s,a) » ISR B4R 7 A1
SR 22108 5 e A 14 4L R

Z,(s.2)= 7R (s.a) (12)

fERIBEZR IR Z (s, @) SANME BB BT EIR Q, (s,@) » AT AT LA HE 8 704 £ DR 2 55
TZ,(s,a)=R(s,a)+yZ(s".a’) (13)
K@), Z, (s,a) MEERBE—HEER, TR AR
EEXTBEHL AR BRI 0 AR E Z, (s,a) RIX C51 By KA g s, A in=(14):

Z(i)=Vy, +i-Az (14)
V.. —V..

AZ: max min 15
N1 (15)

HAB) T, Vinax AME 37 IR R AE (AR SCH Ve = 20)5 Vinin AMME 73 AR ISR AME (A SCH vy, =—10), N
N EIR T RSB (A N =15), Az & — AN EME, 9B E IR 1 Z A 18] f o

(B2 TR AR BN FRRZE T, 8 70 A AN E PR AN TR, A5 P ] 52 1] B T g 3 3800 v
AT NE DRI G s[RI PR AT REAFAE BN ASAR AL, T[] A€ 18] B Az Joi2id BOX Al ah A2 T 20
SIREFITERE NI, DRI N I EAE 1 Az AN 2 DURE B S AN R PR BE oh By BB 0 AR, A SCHE C51
(17 SR AT AR B3R I T AT T AR TR, 2 3R SRR A

Vinax ~ Vimin
Az, =7 N1 f (o)) (16)

RAG)F. (0))=1+a, Ay AMEATER | MK IQFEBREEE, ac(0,0) R R, YR
) HE Tl o ShAHEE Az, W RASRGFAR S AT 55 10 75 2 B AN B0 A ARORLIEE - LA AN (B2 A1 1
Mz, AT R fE

B XA BEAACR I 70 R AR S HUA S Q (E A, XA A BA IR i 0 R, AT DAL AMEAT
FEARE S TR R A AT TR N [2] = (220120 )+ 6 2, €[22 |0 AATEEMME S AT HE X
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T B [ Voo Vi | T X IR R0 AT RS BBV B . Dy 1] BLR A o] LT MBI TR, ASCHESE T
MCMARL SCEE SCH) 6 AN FEAERAE IEAM 1T R F HEAT T itk :
B L IR IBUERAESRA T br B AT B HEAT AR TSR A, AR T W T LA o Z8 B B E ML AR B

WX =wX; W.p. p; (17)
HAE 20 WE. (WERMERON TR BREIT-FRIRE, MERE B K EHBEN R ENE b
Ji a4
BX =x;+@ w.p. p; (18)
#AE 3. B BRURER THS WA SR & X M Xy, BE 3 LA R B J5 7 )R Az,
Conv(X,, X,)=X; W.p. p; (19)

BAF 4. $0%. PO H RS RENLAR R AT g BRI T R € LI BGE BRI T

D; X =% w.p. Z{l—
J

XVmax _

-Vmin X
i k |] P, (20)

AL

#:4E 5. Relu %, BT MCMARL it s#e SO T9872, A SCAERRHR & 9 2% 458 20K Relu
BRERAE Frg, AT 58 X
Fe X =max(0,x;) w.p. p, (21)

3.2. BIANETF Cramér-von Mises JEEE B9E & 4K

Cramér-von Mises £ 5 F] T I & PIA> 701 bR B0 [V 77 22 53 (AR 23, DRLOGE 70 A1 R T AR AR
B, . REMAT M B IENE, T BRI B AR B AT KA Bk . 5 KL BUEAH
b, BRI M R, AR AT O EME S T 22, (RIS X S A A U B, B
EE A AT AR ZE o BRI, ASCEFRAE A Cramér-von Mises 2E B AQEF KL BUBE A TP Al 40 A 2 5

ZtatST' a)
By
; MLP
)
Zy(ty,af)
O (e . Zioe(T,2)
. .
i S
B CvM-Mixing Network by
3 MLP
PRACHT Lot a)
Agent 1 Agent N MLP
. | 1
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Figure 2. The overall architecture of CvM-MIX
2. CVM-MIX HYEE {451

R s MahfE a, & Z, (s,2;0) REAHTMGEZH 0 THRIBEKEMMED T, Z, (s,2,60") FREFET L
IR HIRMEC G AR, o o2 HAsMZ 4, T LL EB%, Cramér-von Mises i 25 1) TD-error
A LARIR N
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TD-erory,, (6)= [ [Zy (5.2:6") - Z,y (5,2:0) ] d (22)

{HREERAR Y Co1 Bk, BT EHUE L BB Bk M A, BRI A& -
N 2

TD-error,,, (6) = Z[Zt‘Ot (5,8;0')-Zy (5.3 0)} (23)

i=1
SRR GER A 2 TR
3.3. E4% IGM

FEVN FIRHATE S5 T, T SR Ao A 1) 22 8 R A B 2 o) B0 5 BN IGM RN, Dyl R B A £ 2
SR BR B A A SR 2B AT A B — B0, DR A2 \GM TR U (48 20 A 4 ot T 43 At 151 UL o A A AR
2=, AR

argmax, E[ Z, (7,,a,) |
argmaxE[ Z(z,a) | = (24)
argmax, E[ Z, (7., ) |

3.4. ETMEMRAEINELRE K

TERRA T I8, A6 Ge 2056 [E TS L2 — s B s 7 FH S aE, B AR A7 i 8 e i 5 R B AT
AEHAREVAK:, HLE o SR T A2 rp o ) O e 2 500k 38 2 ST e pe SR s S e KA L B 22 mh i H 1,
AR E ORI, SRR BT SR S EE, AN T AN RIS B 2 5] IR A R R FE A AE
ZE A, X2 A T AT REAFERE AR S ISR ISR A R I T3 2 I RO A S i, et
R Z BB S R H, TR 00 1B T REXT B pR 2 S RE HAT Y E tE R

BART S, AR I 18] 22 3 1 ZE A 9 PP Al 2 B AN B AR HE 2 —Fh B 280 7. TD IR ZEI /N R T 24
TR R AR SR TN Q H 5 Hox Q 2 2 5, RIS SREK X T-45 E S50 & AR B . i TD 1%
FEREA R IG RS SRR P I T2 M ik, 7T LUK WTe S 250 0 BURIFI . 2EiZ ML
N, TD RZEBUVNIA IR A i CUBUF B4R 1 AH B0 S, BV 0 450 T0 7 BRI R AT
WZke M, MEANLBMMGT Q HE Hix Q EAERKIMMZER, RINZEL H Hiw T8 B AH X #idh,
AR TR e B AT SR PR Sk p . R, X IRAIE N S BTSN T, DA B R AR
U3 I T A SR BT R 18 R 2 BA 1 O

ARSI L2 56 1) TD-error AE A PEAL R 5ANME 4845, {84 TD-error & XA FIFEEE, B TD-error
BAERR, ARG B F LA ST, WA AR E % o), iSRG e giim. BT A
LA Cramér-von Mises #HEAE KL #4E H T- WAL A 2 7, Bk TD-error 2201 F s

I

Fn D EO

TD-errorg,, (0) = i[zt‘m (s,a0)-Z% (s.a; 9)]2 (25)

i=1
N T G I 9738 TD-error ALSEZ0E MCRKE Z RS, T RGEFE N ILEIRAS, IS T
— BRI REETTE, XA R
P a

P . _ i,g 26
(i.9) Zpi'kwé‘ (26)
e, fRAEHP, = Rankl(i 5’ HEG | g MRRREAEZ RGN X IR E . B8 «
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oSG, 2 o O, AMISIRRE: %o = 10, NOUHHMTRE. BT RAMRELER
STRESRMS , TR NG 35 26 I R BTG FEOE TR EIE T O MOMEAL, W20 RRERE 3 R 36
5e(0.1). M ZZRBE& o TR,

B oSBT 010 60 % TD-error HUZRMAT AR, IS ECIERA IV BT, T S50
MBI GO T 5 TR, o STl R MR UGZ I, 7EA A (L e SRR S
FERLE, AT

B
1 1 1
@@:{NPQQ)QWJ 7

Hobt, o, ARG 105 g MEARERIEEMETRRE, N REREMX IR, P(i,g) RREEE
Bt 3 g MGRRER, f, WEBEI § 05 g MERRREASE IS, T 0 RAR ALK F
BRI, 2300 b KA VRO T B A2 B T A MR BN I, IR VAR B, LI R -
ERALE . M PRI TR RRRE, 4 p=0 B, o S PE R B UL e 4 P o S e
N p= 1, BRI R EUE R TR, KGRI SRR, R4 BRI T 1.,

4. SEEGERGR

N T ATVHEBATEE M ERe A G, FRAE 2 M B & B EHEMERES R soh 347 7R 1S5 .
XA RAE (EBRSE 2) P& ERERSE 2 W a AR IE(LL FEFR SMAC) T #E4T1. 1E SMAC,
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Figure 3. The winning rate curve and reward return curve of each algorithm in testing
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