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Artificial Intelligence has proven to be able to beat

OBJECTIVE

The goal of my research is to let the trainer of the

METHODOLOGY

Currently the Proximal Policy Optimisation[2] (PPO)
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humans in multiple games, but something that is more of a Al know what its partner is doing during training in

the Overcooked-Al environment, hopefully environment. This algorithm trains a neural network by
allowing it to learn better by reacting to the

strategy of its partner.

challenge is cooperating with humans. Overcooked-Al[1]

is an environment where Als have to cooperate with their letting it take actions and then making it smarter by

partners to succeed. evaluating its actions. During the evaluation step, I will

give it access to the actions its partner takes, turning the

algorithm into a variant called Multi-Agent Proximal
Policy Optimisation[3] (MAPPO).
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because the agent evaluator already has a full view of

the environment in the PPO algorithm. The MAPPO agent

only adds the current action of the opponent, which implemented in the current environment.
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seems to only really have an effect in the coordination
ring map. Due to a lack of time, I also have not done any
hyperparameter tuning to the MAPPO algorithm. This
might also have changed the outcome.



