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Can we design a parameter-shared MARL architecture that flexibly supports both specialised and homogeneous
behaviours—without modifying the learning objective, preset diversity levels or sequential updates?

1) Adaptability 2) Challenges: Parameter Sharing + Specialisation
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e Adaptability, being able to learn specialised or homogeneous

behaviours, is important in multi-agent systems.
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e Gradient decoupling is a key ingredient in mitigating cross-agent interference -- can be achieved through

agent-conditioned hypernets.

e Using HyperMARL, we showed it is possible to learn adaptive behaviour, across diverse tasks, without

altering the learning objective, preset diversity levels or sequential updates.




