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Abstract: With the rapid development of multi-agent reinforcement learning algorithms, agents’ capabilities for coop-
eration and competition in game-based tasks have significantly improved. However, given the dynamic changes of real-
world environments, performance fluctuations of strategies during cross-environment transfer have become increasingly
prominent. Although robustness enhancement techniques such as adversarial training and domain randomization have
emerged, existing robustness evaluation frameworks still exhibit evident limitations. Current methods often focus only on
changes in a single performance metric such as average reward, while neglecting safety or stability metrics such as collision
frequency, making it difficult to comprehensively evaluate strategy stability. In addition, the lack of unified evaluation
benchmarks leads different studies to rely on specific experimental parameter settings, hindering fair comparisons across di-

verse scenarios. These limitations restrict the practical deployment and iterative optimization of game strategies. To address
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these issues, we propose a robustness evaluation method for multi-agent game strategies via multidimensional adaptive fu-
sion, aiming to provide a quantitative analysis of strategy stability through mathematically formalized modeling. First, we
design a robustness score (RS) based on the conditional coefficient of variation (CondCV) to accurately capture and fuse the
fluctuation characteristics of base metrics under environmental perturbations. By eliminating dimensional differences
among metrics, the method establishes a standardized and generalizable measurement with strong adaptability and evalua-
tion fairness, making it broadly applicable to strategy evaluation in cooperative, competitive, and other multi-agent environ-
ments. To address the weight assignment for multidimensional metrics, we propose an adaptive weight fusion framework
based on an adversarial a-Rank evolutionary game. This framework models ranking consistency among metrics as a game
process, derives objective weights from the stationary distribution, and dynamically fuses them with expert prior weights,
achieving a balance between objective metric stability and expert prior knowledge. To validate the effectiveness of our
method, we develops highly configurable multi-agent environments based on Isaac Sim that cover typical adversarial and
cooperative game scenarios, and conducts systematic experiments with various mainstream algorithms. Experimental results
demonstrate that the evaluation method can effectively measure strategy stability under diverse environmental settings, ex-
hibiting multidimensional fluctuation-capturing capability and cross-task generality, thereby providing theoretical support

and reference for algorithm optimization and evaluation. Finally, we discuss the potential application of the evaluation meth-

od in sim-to-real transfer and propose corresponding feasible solutions, offering insights for future research.
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Figure 1 Classification of classic reinforcement learning algorithms

ZE R TR T R RE R R AL AR T Y
Ty, H H AR 2 2 AR AR iR L = IR T A A T R
Dl RAL 2R . 5 ae ik fey ML, 28
RE A5 Ak 27 > T i B A2 R PR, G REAR Y AT
P PR B o T LI LA R A BR A A R
P B 55 TR0 RN P 22 43 0 SR AR R Sl A RS
WA PREC, E 1775 2 S DR SR M > i 2 VR 2
%E"ﬁiﬁ,Eﬁ%%ﬂ]ﬁ%%«lﬁj‘*lﬁﬂiﬂmﬁ’ﬁ ], 4 B
JE Aoy ) BRI R B 2R BRI I 5L 3R AR Il
4E f BT (centralized training with centralized execu-
tion ) HEHE o Ay Ji7 %t 308 43~ ] XL 7 4 5w ) A2, BF 5%
ATk — 204 A Ul 2R 53 Al AT (centralized train-
ing with decentralized execution ) fEZL | #1L78Y [1%) 5] 41 £
T BRI RS AR (X QMIX B3R ) e T 5w B 2 (1
MAPPO"!( Multi-Agent Proximal Policy Optimization ) Fl
MADDPG"® (Multi-Agent Deep Deterministic Policy Gra-
dient) L K i — 20 0t Al P A &4 19 15 S8 5 1
HAPPO™", 33 6 B 3 76 AN [T 55 v 24 Jj /R 17 o o
AE. Ml 28 BB IR S L AE A R B R AT E 1Y
()R, BT F AT Rl 2 4t T B R k2 S U7 vk
R P A i) R A g DL 387 12 119 EIR-MAPPO 5
Y LT BEALXTPLAR A XU A9 ATSA LA K By
0 By 7] 2 7 1 Wolfpack B335, 3 86 77 3k i 3 #2 7+
TR BE A TR W 1 R R I
1.2 TR RGEE

WE & 2 B B AR AR 2 2] AN R R B RB R TE AL
B AR rh T S AL B IR 2 AT AL, IR B AR
B T A SR W, 0k X ARk A 7 R Mg T
A EER . R, Al A2 DAL ok S A BR AR Y 2 2] ik
J1 UME S 58 G ARCR R B 1] A

TEAL G bl 2 > v SR DA 32 B0 T i 4
RUERG R H R AR AR . B TR A S ORI 2%
e, AR A T AR A A AR A AR

B R N 2 R RN Z AR R T 2 Fh
LEAFEUEMNRAELR ) I GLUE'™ ' iy 1 455 80 1
H AR o & B RE 0 1 9 12 T I3 BERT & 91 A
Y 5 BIG-bench" ! ] T FAf A8 ) 1 22 2 BUAT 55 v (1 3%
PR 33 I ofE ) X HE 2238 o 3 0 2 A AR A AR 55 AT
Wrdabr , 6808 T 4 17 Hh PPl A R (9 M B .

TE 2278 BRI 0 0l , 28 e %) D0 3058 of oy 0
REVEAN #4745 AL PR 5% o 5] 40, SMAC (Starcraft
Multi-Agent Challenge )i B4R BR 4 7 11 H i 52
X% 5 IR R R AE o 4R 25 2 1) Fn 3l A8 3 85 vh
HIPMES e fEF1'2 . Hanabi Challenge B A E 45
BRI UME, T SPE AL A PR S N A4 2 SR b
=l [24] o MPE( Multi-agent Particle Environment ) Ul']i%ﬁ%
TR RN 28 BB IMT 55 7 5, i E AR SE 4B
TR, AR B P B R A AR BRI TR AR,
WG EATIHE T 552 2% 0 DA 6 v L ) B g i T 5
R B, BenchMARLHY # 11t 2 2 Fh 22 (T 55
HIARHEAC PP AE SR S8 T 1 5250 1y n] 52 B 5 AP 1
PyMARLzoo+" /i 3 9" Jié PyMARL 321 4b T 5 4 & 1400
W5 5 2 UMEAT 45 (T 45 1. MOSMAC W% Xt 512
PR P AR AR S 22 FARASUE [R) A, 7 SMAC &A1
SIATHFELZ B TS eAh, LiE NI T K
RS M IEAL e S 2 SR I A2
R E M3, R T Be A & e
HIKE 7. XS IEAEHES) T 2 W AR IR IR A Kk
Ji AR HE T U AT G PR R] A B

SR, BA PEAG 7 178 28 Be AR 2R 3 5 b AT A
TE Jay PR - d5le = XF 48 4% 1 19 OC 3, 40 BenchMARL Fl1
MOSMAC = 256 1 22 Jilh Rl 6 oK 2% SR RVA AE R 4 41
Bl 0B PEAG R bRk T — | DL 4 T e B
REAA (0, 4 IMAP' 3 32 5 1o o Bt e o S 30
BT e ofe Al i A 5 AN [ R R T AN TR R B A
WA bn AT I, B = 48— B PPAG A o, s T ey
B Yo Iy BE IR AL B R B AN ] 45 R 2 AN TR
P, # PP E— i 2 4E 8 A IS PP IR R, A2
/l\ﬁlﬁi/%?ﬁ‘f&kﬂﬂ?ﬁf%%%ﬁﬁ% , O BUN Y HTIFSE Y38

D15 K o ASWFFOR A A BT RS |, 2E— B RER
zf’ﬁfﬁﬁrjmﬂﬁiﬁi?éﬂ’]@ WSE 2SN AUS TGRS

O A5 o 4R L BRI S H
? HEZEREEERBNSERENR

HEVE A8 75 3
WA 28 REVR IR TN WF 58 850 /0 5Gi B 0L A 5

SR E N, Hik= 2485 — &P E i i
Bio BERT LA TR, AR SCAR H — P 22 4E 1 3 R R
VAT W 2 B %07 ik EEAERARTR S



916 M

%

o
==

il 2026 4F

FCE TSP ER 23 - 48 AR TH 500 o0 2 T I 0 52 56 KK
Y, 38 5 2% AR AR S AR B I S A N TR R B A R Y
WAL s ASCE TS 0 B TSR G AL T 1R UL
B, It — 2 5L Z e RAAE TR . R,
TSGR FAG BN Z5 5 G B PR T, 2 0 e 52 56 200 3
PRA 25 0 SE BEPE A A

B SO HE T AR AE S A RO A S B PR O 4
P, LR UL 2.0 95 5 B B AU Rl HE 2 R 1
FRE AL AR B A 5 SO A A 25 G, LU
TE R ATl A A HAR AL 2.2 il i Bes e X
PR, AT T —Ehn R IH 1) 28 REIR R 5
LR B RVEPEAHESE .

’ N
— N \
: RS 5 :
1 .
s R ( — i 5 2 'k
! g s ?ﬁiﬁ'ﬁm‘l‘ﬁw FAFAR 5 R B o HAE .
1
! ; o(My) =1 M log(CondCV(M,)) =—2.41] 1
'| Aligcntl?mA‘ #(M:):s ‘ ) F(M)'Z(m)in(M) min (M) <0 ( ) ,
\ Envl |Env2 Env3 CondCV(M)=1 . ppy o log(CondCV(My)) =—2.81|!
V| M| 10 |12 11 o(M,) =056 m , min (M) =0 :
HIAKRERED u(My) =933 . log(CondCV(M3)) =—2.08| |
“ HAEEEEE CondCV(M,) = — = 0.09 (= N
[ N N D 2L 1 a(M) =1 11 an [ . e . \
PRLEE N w(M) = 11 CondGve;) = 228 « 006 H i H i Ml A S A E T 5T
: ) =537 = 0
| w S 7 933 av, 1 .
i 1 1
.. A ) [ CondCVOMy) =g =0125 Jr Rs = z wi-log (CondCV(M;))
N e e e e e o e e e e e e e e e e e P i=
ENVl | ENV2 | BOV3 | o o o e e e e e e e e e e e =—(-241x04) + (-2.81 x0.35)
’
Algo, |[10,9, 8] |[12,9,7] |[11, 10,9 : ﬁ iﬁﬁ/ﬂiﬁ“ﬁ \I +(=2.08 x 0.25)
Algoy 1 N N : =24675
1 ( \
Algoc - ! WAL 2 R R R Fads oA YR | \ G HEYEAE: 24675
o ‘ p— o-RankHERUE i
1 (2) 1
1 - — N0 ’ w =03
L W *\E\ZT (M. M)) g W 04 ]
i < Woot S~ mam |}
| w0 W, =040 |1
1 0o -1 2 0.1 - 05 03 ALERRE  w,=035 ||
\ 1 0 1 : : =04 Wi g5~ Wi=025 |,
! -2 1 0 0.2 0.6 03 w =03 :
il ) ( w"=02 !
\

2 G R R K

Figure 2 Workflow of robustness score computation
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Figure 4 Radar chart of multidimensional basic metrics for algorithms in different test environments
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