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Generative Models

• Given a dataset {xi}Ni=1
i.i.d.∼ px

• Generate new datapoints xn+1 ∼ px

• Better understanding of data

• Can be very versatile

− ChatGPT

− Text to Image

→ Flow Matching

Lipman et al. 2023; Brown et al. 2020; Bubeck et al. 2023
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Normalising Flows

• Start with known distribution z ∼ pz

• Apply diffeomorphism fθ to z

pθ(x) = pz(f
−1
θ (x)) ·

∣∣∣∣∣det ∂f −1
θ (x)

∂x

∣∣∣∣∣
• Maximize likelihood of data

θ∗ = argmax
θ

N∑
i=1

log pθ(xi )

Rezende and Mohamed 2016
Paul Wollenhaupt 3/18
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Continuous Normalizing Flows

• Define the transformation as an ODE

x = z(t1) =

∫ t1

t0

vθ(z(t), t) dt

• Instantaneous change of density

∂ log pt(z(t))

∂t
= −∇ · vθ(z(t), t)

• Solve the ODE for log pt(z(t1))

log pt(z(t0))−
∫ t1

t0

∇ · vθ(z(t), t) dt

Chen et al. 2019; Grathwohl et al. 2018; Hutchinson 1990
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Diffusion Models - Overview

• Gradually add normal noise to data

dx = f (x , t) dt + g(t) dω

• Reverse the diffusion process

dx =
(
f (x , t)− g2(t)∇x log pt(x)

)
dt

+ g(t) dω̄

• Learn the score function ∇x log pt(x)

Sohl-Dickstein et al. 2015; Ho, Jain, and Abbeel 2020; Song et al. 2021; Anderson 1982
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Toy Dataset Intuition

• Two modes

• Imbalanced

• Far apart
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Density

• #Datapoints / Area

p(x)

• New datapoints?

▷ Optimize density
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Solution: Gradient Ascent

• Steepest ascent direction

∇xp(x)

• Take a small Step

• Repeat until converged
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Solution: Logarithm

• Better for small numbers

log p(x)

• Better behaved gradient

∇x log p(x)

▷ Score Function
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Solution: Add Noise

• Add normal noise

• In each step

▷ Langevin Dynamics
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Score Matching

• Noisy Dataset

• Denoising Model

E
[
∥mθ(x̃)− x∥22

]
▷ Approximates Score

x̃ −mθ(x̃)

σ2
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Accurate score, bad coverage

Good coverage, biased score
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Probability Flow ODE

• Infinite number of noise levels

dx = −σ(t)2∇x log pt(x) dt + σ(t) dω̄

• ODE with same marginal distributions

dx = −σ(t)2

2
∇x log pt(x) dt

▷ Defines a continuous normalising flow

Song et al. 2021
Paul Wollenhaupt 15/18
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Flow Matching

• Sample noise x0, data x1

• Interpolate with t ∈ [0, 1]

xt = tx1 + (1− t)x0

• Model the denoising direction

Ext ,t [x1 | xt , t]

• Flow vθ points in that
direction

Lipman et al. 2023
Paul Wollenhaupt 16/18
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Mini Batch OT Flow Matching

• Batch sample
{
x
(i)
0 , x

(i)
1

}n

i=1

• Compute OT assignments Π

• Construct geodesic points x
(i)
t

xt = tx
(j)
1 +(1−t)x

(i)
0 , (x

(i)
0 , x

(j)
1 ) ∈ Π

• Learn denoising direction
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Summary

• Generative Models can take the form of velocity fields

• Simulation-based training is computationally expensive

• Therefore we fix intermediate distributions

• Diffusion models add noise to the source distribution

• Flow matching interpolates between source and target points

• Both learn denoising models for sampling

• Improve flow matching using mini batch OT

Thanks! Questions?
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