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Generative Models
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— Text to Image — Flow Matching

Paul Wollenhaupt

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

2/18


https://mid-journey.ai/wp-content/uploads/2024/01/frozen-Pikachu-in-Antarctica.jpeg

Normalising Flows

Paul Wollenhaupt

Rezende and Mohamed 2016



Normalising Flows

e Start with known distribution z ~ p,

Paul Wollenhaupt

Rezende and Mohamed 2016



Normalising Flows

e Start with known distribution z ~ p,

e Apply diffeomorphism fy to z

017 ()

det
€ ox

po(x) = pz(fy 1 (x)) -

Rezende and Mohamed 2016



Normalising Flows

e Start with known distribution z ~ p,

p(2)

e Apply diffeomorphism fy to z

o8 (x)
det 8—X

po(x) = po(f;1(x)) -

f(z)

p(x)

X
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Normalising Flows

e Start with known distribution z ~ p,

e Apply diffeomorphism fy to z

pu(x) = pa(f 1)) - |dex 220

Ox
e Maximize likelihood of data
N
0" = arg max z_; log pg(x;)
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Continuous Normalizing Flows

e Define the transformation as an ODE

= 2(tr) = /ttl vol2(t), 1) dt
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Continuous Normalizing Flows

e Define the transformation as an ODE

= 2(tr) = /tl volz(), 1) dt

to

pra(t)
I~
(
C
/

e Instantaneous change of density

8"’%’-}(2“)) = —V - vy(z(t), t) )

e Solve the ODE for log p:(z(t1))

ogpilz() - [ "V valz(t). 1) dt

0

pt(z( to))

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

e Gradually add normal noise to data

dx = f(x, t)dt + g(t) dw

Sohl-Dickstein et al. 2015; Ho, Jain, and Abbeel 2020; Song et al. 2021; Anderson 1982
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Diffusion Models - Overview

e Gradually add normal noise to data
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Diffusion Models - Overview

e Gradually add normal noise to data
dx = f(x, t)dt + g(t) dw
e Reverse the diffusion process

dx = (f(x, t) — g2(t)Vxlog pe(x)) dt
+ g(t)dw

Vol oJouldy

e Learn the score function Vy log p:(x)

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

e Two modes
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Density

e #Datapoints / Area
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Density

e #Datapoints / Area
p(x)
e New datapoints?

> Optimize density
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Solution: Gradient Ascent

e Steepest ascent direction

Vp(x)
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Solution: Gradient Ascent

e Steepest ascent direction
Vxp(x)

e Take a small Step
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Solution: Gradient Ascent

e Steepest ascent direction
Vxp(x)
e Take a small Step

e Repeat until converged

Paul Wollenhaupt

1A A~—
f
N/
0 1 —_— -
AN
0 1

X1

Norm of Gradient

8/18



Solution: Gradient Ascent

e Steepest ascent direction
Vip(x)
e Take a small Step

e Repeat until converged

Paul Wollenhaupt

L L
N1/ =
2NN ..

X1



Solution: Gradient Ascent

e Steepest ascent direction
Vip(x)
e Take a small Step

e Repeat until converged

Paul Wollenhaupt

X2

.".,\,,-/
c o o 0o o EN

X1

8/18



Solution: Gradient Ascent

e Steepest ascent direction
Vxp(x)
e Take a small Step

e Repeat until converged

X2

X1

Norm of Gradient



Solution: Logarithm

Paul Wollenhaupt



Solution:

Paul Wollenhaupt

Logarithm

Log Density



Solution: Logarithm

e Better for small numbers

log p(x)

Paul Wollenhaupt

Log Density



Solution: Logarithm

e Better for small numbers
log p(x)
e Better behaved gradient

Vi log p(x)

Paul Wollenhaupt

Log Density



Solution: Logarithm

e Better for small numbers
log p(x)
e Better behaved gradient

Vi log p(x)

Paul Wollenhaupt

X2

IR
NV _'/ .
\
\
(U -
X ~
0 1

X1

Score Function Norm

18



Solution: Logarithm
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Probability Flow ODE

e Infinite number of noise levels

dx = —o(t)?V log ps(x) dt + o(t) d@

g

p3

e ODE with same marginal distributions (_;;
o(t)’ &

dx = — > Vi log pe(x) dt 2

> Defines a continuous normalising flow

Song et al. 2021
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Flow Matching

Sample noise xp, data x;

Interpolate with t € [0, 1]

xe =tx1 + (1 —t)xo

Model the denoising direction

EXt,t [X]_ | Xt, t]

Flow vy points in that
direction
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Mini Batch OT Flow Matching

e Batch sample {xé ),x{ )}._1 NO‘SQ

*o

e Compute OT assignments [1

e Construct geodesic points xt(')

Xe = tx{j)—i—(l—t)xo , (xo , (J)) el

e Learn denoising direction

e ODE paths become straight
lines, as n —

Tong et al. 2024
Paul Wollenhaupt 17/18



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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