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Extending RL frameworks to continuous space, non-stationary MFGs
presents significant challenges, especially for learning time-dependent
population dynamics and solving the resulting fixed-point problems. 

In contrast to MDPs, where the goal is to optimize a single agent’s
trajectory, solving MFGs requires learning both an optimal response
and a consistent population evolution. 

To the best of our knowledge, no existing RL algorithms are capable of
learning the solution of non-stationary MFGs with continuous state and
action space.

Challenges!
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Major bottleneck 



Proposed Solution: DEDA-FP!!!
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Contribution of the paper



Results: 4-rooms exploration



Results: 4-rooms exploration. N-agent simulation



Strenghts of DEDA-FP

DEDA-FP learns through a time-conditional normalizing
flow the population distribution at each time step.

Direct access to the local dependence in the reward
function, without the need to compute any
approximation (e.g., convolution).
Scalable Sampling: generates trajectories over 10
times faster. This advantage is critical during rollout
when applying the mean field policy in a finite agent
context.

...and all this without compromising performance.



Still lacking a complete theoretical understanding of the proposed
algorithm, particularly due to the complexity of analyzing deep neural
networks training

Left for future work: 

Extensions beyond standard MFGs, such as multiple populations and
graphon games, or MFGs with common noise and real-world applications.
 Our present evaluation relies on approximate exploitability, which, while
a state-of-the-art technique for assessing Nash equilibria, provides an
evaluation that is inherently dependent on the environment approximation.
We will investigate this aspect further.

Limitations and future work



If you have additional ideas regarding the potential
applications of our method or extensions related to

the multi-agent dynamics in continuous time, please
don’t hesitate to REACH OUT!

Lorenzo Magnino: lm2183@cam.ac.uk

Mathieu Lauriere: mathieu.lauriere@nyu.edu


