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Table 1 Attacker winning late.

Model Episode De]?eQnIier DePf):rgler De??nccjler

DON 1250 35.24% | 24.72% 9.65%
Attacker 5000 55.65% | 65.20% | 39.58%

PPO 1250 98.22% | 94.87% | 79.55%

Attacker 5000 2.02% 0.48% 0.77%

SAC 1250 84.88% 100% 80.41%

Attacker 5000 87.02% 100% 76.84%
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