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Why This Matters!

BRIDGE the GAP: practical implementation in multi‐agent settings.
Time‐conditioned Normalizing Flow: solving INTRACTABILITY issues
Take into account Local Interactions (e.g congestion)
Population Inference at SCALE!
Full Access to the Nash Equilibrium

Mean Field Game Model

1 Agent
N agents N → ∞

Approximation Theorem

Representative Agent

Dynamics of the population:

µπ
t+1(x′) =

∫
X ×A

µπ
t (x)πt(a|x)P (x′|x, a, µπ

t )dxda

A mean‐field Nash equilibrium (MFNE) is a pair (µ∗, π∗) = (µt, πt)t≥0 that
satisfies:

π∗ maximizes π 7→ Jµ∗(π);
For every t ≥ 0, µ∗

t is the distribution of xt.

It can be expressed by the Exploitability of a policy π is defined as:
E(π) = max

π′
Jµπ(π′) − Jµπ(π).

Then, (π, µπ) is Nash equilibrium if and only if E(π) = 0.

LQ dynamics

Dynamics: xt+1 = Axt + Bat + Āµ̄t + ϵt, where µ̄t =
∫

X xµt(x)dx.

Reward: r(x, a, µ) = −cX|x − xtarget|2 − cA|a|2 − cM |x − µ̄|2
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DEDA-FP

Challenges of Previous Approaches:

Inaccessible Local Interactions: The density µt(x) must be estimated (e.g
with convolution)
Computationally Intractable: In the rollout phase, estimating the mean field
and its density requires sampling many trajectories!

OUR SOLUTION: for iteration k = 1 to K:

1. Best response (DeepRL):
πk

∗ = arg max
π

JN
µ0

(π, Ḡk−1)

2. Learn the Average Policy (Behavioral Cloning):

LBC(θ̄) = E(t,s,a)∼MSL

[
− log π̄θ̄(a|t, s)

]
3. Learn the Average Mean Field (Time‐Conditioned Normalizing Flow):

LNLL(ϕ) = −Eτ=(t,x)∼π̄k

[
log p0(f−1

ϕ (x, t)) + log

∣∣∣∣∣det

(
∂f−1

ϕ (x, t)
∂x

)∣∣∣∣∣
]

The equilibrium is the last‐iteration (average policy, average flow)

Best Response Policy NN (       ) via
DeepRL

Collect time-dependent samples
using             

Non-stationary
Average Policy 

NN       

Collect trajectories
using        

Conditioned Normalizing Flow (       ) learning
the flow        

Initialize NNs 

Along with        

After
    iter

 

Supervised
Learning

Replay buffer

Supervised Learning

Nash Equilibrium             

Inference at SCALE

> 10× efficiency advantage with respect to all previous works that do not
learn a mean field model. This is CRITICAL, during LEARNING and ROLL‐
OUT in the finite agent case.

Algorithm Time (s)
Algo1 16.76±1.54
Algo2 15.14±1.19

DEDA‐FP 1.52±0.33

Propagation of Errors

Main Theorem:

etruek < C0e
0
cnf + 1

k

k−1∑
i=1

[
(i + 1)ϵi+1

br + C1(ϵi+1
sl + ϵi+1

cnf) + C2

i

]

Case Study: Exploration of 4-rooms
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The reward function is defined by the entropy maximization:
r(x, v, µ) = −cA||v||22 − cM log(µ(x) + ϵ)
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DEDA‐FP yields a superior mean‐field distribution representation during
training (given a fixed‐time budget for all algorithms)
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Let’s set up a follow-up!

My Latest Research at Univ. of Cambridge

Multi‐Agent Robotics
Collective Intelligence


