An introduction to generative flow models

From flow matching to diffusion
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Neural networks and generative Al

* Image generation * Protein modelling * Robotics

Stable diffusion XL
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Generative flow models
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Questions

1. What should be the form of p;, andu, ?
2. How to train a neural network, u,@, to approximate u, ?

3. How can we extend to stochastic dynamics?



Constructing a probability path
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Training a neural network with
gradient descent

Z0)
Neural network: uf(x) % 0,

0,
Target velocity field: u;target(x)

Objective fn:  #(0) = E,_, [1]uf(x) — w29 x| 2]

Parameter update: €..,=0. —nV,Z(0,) Z(0%)



Flow matching

t =0.00 step 0/60
Flow matching inference: 60 Euler steps, CelebA 32x32

X <- X + v(x, t) * dt



Diffusion

Biroli et al. 2025



Generative models show biases

Memorisation of data samples Mode collapse
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These models are in principle expressive enough to learn the right data features.
This is a bias coming from the learning dynamics.



An operator view of gradient flow

L(W) = Ex, B [/01 I(x(t),1) dt]

Theorem (Operator View of Gradient)

The gradient of L with respect to a linear parameter

W e R™*X can be written as the composition of two
linear operators:

Vwﬁ =A OX
A:L*R) > R", X:R‘=L*R)

Theorem (Stable rank bound)

The stable rank of the gradient can be bounded as:

SRank(VwL) < % min {SRank(A), SRank(X)}

where A and X are the adjoint and state operators.



Next, we consider the flow-matching objective:

Lo =B | [ 1067010 ua(x (0,1t

For our linear model that is:

Lo = Ex, [ /0 W) Wx*(t)||2dt]



» Data: We will consider unequal weights in our Target density

Gaussian mixture: il L
m ,
p*(x) = > mA(x; ) .
i=1
» Network: We will add an additional layer to our 13
neural network: o
5%
u(x*(t)) = WaWix*(t) 22
m O
NG
In that case, the operator rank continuously varies 8

with the mixture weights. O Mode imbalance



Theorem (Informal)
The i’th mode takes O (m

=2

I

) iterations to be learned.
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