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QAvg & PAvg

Methodology: Periodic communication of policies.
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Theoretical analysis

Environment Heterogeneity: scalars to quantify such heterogeneity.
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Theoretical analysis (QAvg)

Imaginary Environment: same S, A, R, 4
but with an averaged dynamic P(s'ls,a) = — ZPA '|s,a), Vs,s' €S, Va € A.

Convergent Results:

- Q table of optimal policy in imaginary environment.

- Optimality gap controlled by environment heterogeneity K1



Theoretical analysis (PAvg)

Convergent Results:

- Performance gap controlled by environment heterogeneity k2

- Performance gap affected by the communication period length E
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Personalization heuristic

Sub-optimality issues:
- The federated learned policy is sub-optimal in any local env.

Personalization heuristic:

- Every agent learns a private embedding to characterize its local env.
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Numerical Experiments
Justification of QAvg and PAvg:

- Larger environment heterogeneity leads to greater optimality gap.
- Different numbers of iterations between communication affect

convergence of PAvg.



Numerical Experiments

Deep extensions on DQNAvg and DDPGAVvQg:

- Faster learning with policy communication.
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Numerical Experiments
Deep extensions on DQNAvg and DDPGAVvaQ:
- Faster learning with policy communication.

- Better performance on similar but unseen environment.
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Numerical Experiments

Performance of personalization heuristic:

- Decrease the optimality gap in each environment.
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Numerical Experiments

Performance of personalization heuristic:

- Decrease the optimality gap in each environment.

- Enable faster generalization to an unseen but similar environment.
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Thank you!



