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Motivation

 Multi-Agent Imitation Learning (MAIL) aims to learn
coordinated policies from demonstrations
* Butlearning dependent policies is often infeasible

Goal: How can we model coordination among
many agents in a scalable way?

MAGIC follows a divide-and-conquer strategy:

1. We learn lightweight independent policies.

2. We compress each agent’s action distribution into
a one-dimensional latent intention.

3. We learn a dependent generative model over
Intentions
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Aggregate each action-group
into a single 1D intention per agent

Coordinate agent intentions

Learn each marginal policy independently . .
via generative copula model

1. Independent policies

Fit independent conditional densities to each of action.

n d
Independent policy: p(a;|o;) = H Hp Y (ap? | o!)
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2. Per-agent intentions

Use 1. to obtain per-action quantiles:
. i,1 i Hi.dyg t.d h
= (P"!ay" [ 0}),..., P"(a;"|0})) € [0,1]°

Compress the quantiles via intention function:

Hilbert curve of order 6
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In the case of independent data xi, x> we have that their joint distribution
factorises as:

-~

f(x1, %) = fi(x1) - H(x) /[ \ [ \

Now assume that xj, x» are not independent. We then have:

f(X]_, X2) = f]_ (X]_) . f2 (XQ) . C(X]_, X2) 7'5'7 . @ "g iy
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Excellence Through Innovation

3. Dependence model

Coordinate intentions via a generative copula model.
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Sample from the true intention copula via flow-matching.

Theory on MAIL
MAIL strictly in terms the dependence between agents.

Theorem 3.1 (Joint policy copula decomposition). Let p(a | o) be a (n - d)-dimensional joint policy
function with absolutely continuous marginal policies p*7(a™ | o) fori = 1,..., n,j=1,....d
Then there exists a copula with density function c(.| o) : [0,1]"¢ x R" — RT such that Ya € R

H H {p(a*|0)} - (P (a"' o), ..., Pi(a™?| o) | o) (5)

where P are ."hf' c*umu.{ﬂn ve distribution ﬂu:c.fu:rns (CDFs) of marginal policies.

Corollary 3.2. Under Assumptions 1 and 2, foruw = (u', ... u™) € [0,1]™7, ? the following holds:
1. p(alo) admits an independent (2) policy <= c(u) =1 a.e. inu.
2. plalo) admits a factorised (EIJ or projected @ policy <= e(u) =[], ¢'(u) a.e. inu.

3. plalo) always admits a copula policy representation @ EI

Results

v’ Policy flexibility: MAGIC learn dependent policies
that models factorised models cannot represent.

Ground Truth MA-GIC samples Factorised flow samples Independent flow samples
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Grognd Truth MA-GIC samples Factorised flow samples Independe.nt flow samples

v Imitation performance: Modelling complex policies.

Observed MAGIC Hilbert MAGIC Rho Copula
Trajectories of
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Overall Per-Player
Model RMSE MAE Energy Score (44D) | Mean RMSE Mean MAE  Mean Energy Score
MAGIC Hilbert  0.427114.15 0.299710.10 2.8953410.33 0.584540.15 0.47824¢.11 0.48144¢.09
MAGIC p 0.3928 .14 0.26904+¢ 09 2517640 32 0.53541+0.15 0.4310+0.10 0.43594+0.08
Copula 0.395140.14 0.272040.09 2.6217+0.30 0.53874+0.15 0.435140.10 0.4341 1008
Full flow 5.6424:|:2_3]_ 2.58681(]_59 19.0765:&3[}_[]8 7.792311,72 4.1062:|:[}_53 3*63261(}_51
Indcp flow 0.6494i[)_2{} 0.46381[].14 3.2245:&[].65 0.8847:|:[}_25 0.7349i()_1§3 0.5958:|:{}_12

Factorised flow 0'6453:&[).18 0.46761[]_14 3.5609:|:(]_5_]_ 0.8857:&[}'22 0-7418:&[}.18 0.6627:|:(}_l]_
PI’OjCCIGd flow U.Tglﬁi[)_gl 0-52741(].16 4.2080:]:[]_52 1.0029:&[},25 0.8330:|:[}_21 0*77365:(}_15
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P * Have a Question?

@ NP Ask me!

https://warwick.ac.uk/fac/sci/statistics/staff/research_students/huk/ |



https://warwick.ac.uk/fac/sci/statistics/staff/research_students/huk/quasi_bayesian_vine_camera_ready.pdf
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