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Method

Subgoal Inference Model
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Experiment

Cooperative Settings
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Experiment

Ablation Study
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Experiment

Ablation Study

Subgoal selection strategies
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Experiment
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summary

01 Offers a novel perspective on opponent modeling by
focusing on subgoal inference.

02 Intuition Is consistent with the way of thinking in human
being.

O 3 The experiment results show that OMG get state-of-the-
art in this domain.
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