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Abstract

With the widespread application of multi-agent systems in complex physical environments,
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addressing the dynamic non-stationarity and lack of physical security constraints in multi-agent
stochastic games has become a key challenge in reinforcement learning. To address the core short-
comings of traditional algorithms, such as their susceptibility to policy oscillations in stochastic ad-
versarial games and the inability to guarantee absolute system security through trial-and-error
mechanisms, this paper proposes a multi-agent Actor-Critic algorithm based on policy inertia regu-
larization. To solve the Nash equilibrium convergence problem in stochastic game environments,
this paper establishes a game dynamics model based on policy inertia regularization. By introduc-
ing policy anchor constraints based on Euclidean distance into the optimization objective, the opti-
mization landscape of multi-agent games is reconstructed. Differential dynamics spectrum analysis
shows that this regularization mechanism causes a negative shift in the real parts of the eigenvalues
of the system'’s Jacobian matrix, transforming the originally unstable Nash equilibrium point into a
locally asymptotically stable one, effectively suppressing high-frequency gradient jitter and policy
looping in stochastic games. In a numerical comparison experiment using a “slippery grid world”,
this mechanism successfully suppressed high-frequency gradient jitter and policy degradation, en-
abling the agent to learn the time-optimal path even under strong random disturbances. This veri-
fies the robust convergence capability of the improved algorithm in non-stationary environments.
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Figure 3. Analysis of average time steps and execution efficiency of successful capture rounds

3. BRIMBRE S K IR e S HEBITEE S

DOI: 10.12677/pm.2026.163082 201 I


https://doi.org/10.12677/pm.2026.163082

A= P HAR

K 4 SRR SR A R B b, 3B R BE A SRS R I L 35 1) R B A LML SRR AIE - B A
PR RS e 51 L AAE ZERIRS ) NI 5 X3, BRAARAR p = 0 BT 25 A A o B A MATEEIRZS(0, 0)
R JG, FEARMEINLE 7 (a|s) i th AOBDIERERE A0 i B A ) /KPR, 3 B XA x BT 1) b 7= A4k
NG, B BN . X RN G W SRS SR AL R A 2 R B AR BN, AN B RV () ST
RBEA RALHE 2 4 RPRE A . B BEAAGE I/ x 77 0] B 8 R 2 2> Bk R S5 5, T
RAERR BIRENS B 5 P B REM N IR B SRS . B B R AL TR R L5, S)MHE, T iBH
B ARREN AT RN TSRNG4 5 =) 0 DS R AT OR RFBOR BRPRAS TR B, XT3 R REFE e 7K
FHIXTUEEE, RGP ARMERIARE T2 o (BEARAR(X Fi): AR BEARAE BRI AP (K 7K B AR AR
WUETE BEINT0, 51 AARR(Y ). AR REMAAE B RS 103 BLAL B AAER,  BUEVEREIN[0, 5. )

M4k : RIS (Original Algorithm)

—— B (R HIE)
s | W o

—w - IR (JRUGSTIE)
4
3
2
1
0 = * .

0 1 2 8 N :

Figure 4. Pursuit and escape adversarial trajectory based on the original Actor-Critic algorithm
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