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Motivation

A generative model should capture the data distribution
without memorising specific data samples.

A key challenge is to limit memorisation while preserving
the model’s ability to generate meaningtful samples.
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RQ: Can we reduce memorisation in generative
models through uncertainty on the parameters?

TL;DR: Yes! By using a geometry-informed approximate

_ posterior distribution over model parameters. y

A learnt generative model maps samples from a known
distribution to new samples that approximately come
from the true data distribution.

T = go (o), Ty ~ Do .

In flow matching [1], the generator's output is the solution
to an IVP evaluated at time t =1

(1) = ug(x(t),1).

The flow matching loss is given by

az(()) — Ly,

A generated sample is memorised [3,4] if it is much closer
to one particular training sample than the rest:
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What is Riemannian Bayesian inference?

A flexible approximate posterior distribution [5]
that adapts to the loss geometry!
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2. Define Laplace approximation
in the tangent plane.

3. Sample initial velocity vectors.

~ Geodesic

4. Compute geodesics
using these initial condition.
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It’'s a trade off!
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