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e Cyclic behavior appear in multi-agent adversarial
games. This is a major limitation of Gradient
Descent Ascent when solving saddle point (Nash
Equilibriums) problems.

We find a sufficient bound for convergence for the system. The left-hand side depends on « Cumulative utility of agents. Highlight bare corresponds to agents with m_i>0

the spectral properties of optimism matrix M and interaction matrix D. The right-hand side
can be bounded by norm.
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Cumulative utility per agent — M-matrix sweep (noised, no filter, 1000 trials)
(grey = M=0.8I reference; outlined bars = agents with M; = 0)
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« Skew symmetric interaction matrix D (zero-sum). e N=8 eta=0.01

« The skew-symmetric interaction matrix $D$ is built from an all-ones strict upper triangle
with two modified entries, D {03} =2 and D {47} = 1.5.

D € « The tested M are as follows:
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« Certain multi-agent systems under pure zero-sum adversarial setting can achieve

convergence with spectral damping.

M-MATRIX SWEEP: SPECTRAL RADIUS AND FINAL INFINITY NORM
(n =8,n = 0.01, T = 2000, NOISELESS).
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TMarginal stability to six decimal places.

Standard OGDA step update for each agent: _ N o . ,
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Concatenated step update for OGDA with
matrix valued optimism (M):
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