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* Reward engineering is hard to encapsulte human intentions.
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stronger (performance) and less stressful (stress) in
shared control. It also makes human takes over

less (I’Ig ht table) . This work was supported by the National Science Foundation under Grant No. 2235012.
The human experiment in this study is approved through the IRB#23-000116 at UCLA.

* PVP learns most performant agent.
Code is available at metadriverse.github.io/pvp
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