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What is Generative Modeling? An Image Example

Data:

= Accessto samples Z1,...,Tp

= Drawn from Pdata » L1y--.5Ln ™~ Pdata
N———’ N—
known unknown
= e.g., set of images, text, proteins, etc
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What is Generative Modeling? An Image Example

Data: Goal:
- Access to samples X1, ..., T, - Create new samples 27", ..., 2" ~ Pdata
» Drawnfrom Pgata, T1y---, Ly ~ Pdata Goal unknown

known unknown
e.g., set of images, text, proteins, etc
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Class-Conditional Generative Modeling

Data:

» Access to samples ( r1 , U ),---a(wnayn)
~~ A

images label

« Drawnfrom pPdata, ;i ~~ pdata('|yi)
~~ N —r
known unknown

» e.g., setof labelled images



Class-Conditional Generative Modeling

Data: (xia yi)a XTj ~ pdata('lyi)

Data: Goal:
» Access to samples ( \331/ y Y1 ), ceey (a)n, yn) » Create new samples ic?ew, cey xﬁevi ~ ?data(-|y¢2
images label Goal unknown
= Drawnfrom Ddata, T; ~~ pdata('|yi)
~~ S——
known unknown

» e.g., setof labelled images



Class-Conditional Generative Modeling

Goal: 2" ~ pyatal-|vi)

Data:
= Access to samples ( \331/ ,\yl/), ceey (a:n, yn) = Create new samples g;]ilew, L xgevi ~ ?data(.|yz.)
images label Goal unknown
= Drawnfrom Pdata, &; diata('|yi)
~~ N——
known unknown

» e.g., setof labelled images



Class-Conditional Generative Modeling

Data: (xia yi)a XTj ~ pdata('lyi) Goal: x;}ew ~ pdatd(|yt>

Data:

Goal:
= Access to samples ( r1 , Y1 ), ceey (a)n, yn) = Create new samples :L’?ew, cey xﬁew ~ pdata(-|yi)
~ A c o N —  —
1mages label omment: Goal unknown
« Drawnfrom pPdata, ;i ~~ pdata('|yi) ) ) .
~N~ —— = Generative learning: given a class ¥; , generate an
known unknown

» e.g., set of labelled images image ;" diata('|yi)
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Text-to-Image Generative Modeling

MALICE team logo An avocado chair A house made of sushi
Data:

= Access to samples ( Ty, b ),...,(xn,tn)
~~ ~~

image text

= Drawn from an unknown distribution (iL‘i, ti) ~
N——

known
Ddata (337 t)
N————

unknown



Text-to-Image Generative Modeling

MALICE team logo An avocado chair A house made of sushi
Data: Goal:
» Access to samples ( r1 , t1 ), e (xn’ tn) = Generate images conditioned on new text
. phew
image text * Sample: T pe(a: | \t/ )
= Drawn from an unknown distribution (CEia ti) ~ image unseen at training
N——
known
Ddata (337 t)
N——

unknown



Text-to-Image Generative Modeling

MALICE team logo An avocado chair A house made of sushi
Data: Goal:
» Access to samples ( r1 , t1 ), e (xn’ tn) = Generate images conditioned on new text

. phew
image text * Sample: T pe(a: | \t/ )
= Drawn from an unknown distribution (CEia ti) ~ image unseen at training
anown Comment: text is harder
Pdata (377 t) = Discrete

unknown = Generalization to unseen prompts
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A Few Comments
Text-to-Text Models

= Conditional text generation w.r.t. the previous text sequence

"From Noise to Structure"
= Just samples, no density
» Too hard to sample from the set of natural images
» Easy to sample from standard Gaussian noise
= "Rebranding of sampling"
Evaluation?
= Quality of the generated images?
» No cross-validation

= Very challenging for text-to-text models
= Often use other models to assess quality (e.g. GPT)
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Normalizing Flows

a.k.a., lterative Refinement




Normalizing Flows

Po s T

,
.
“““““
---------

v

v

Definition (push-forward): if  ~ pg then T'(z) ~ T po
Normalizing flow (intuition):
= denoting Pgen, = TuPo

- locally, if T' compresses the space by a factor 42, then Dgen (T'(x)) = 42 - po(x)
- formally, change of variable, pgen(T'(2)) = |det(Jp-1(x))| - po(z) (determinant of the jacobian of 7~ 1)

Principle: parametrize and learn 1" ... so that its inverse exists (and has an easy jacobian det).



Normalizing Flows, with Composed Functions

pogbl/\‘

X
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Normalizing Flows, with Composed Functions

pogbl/\‘

X

Learnadeep T',i.e.,
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Normalizing Flows, with Composed Functions

Learnadeep T',i.e.,

T=¢10¢30...0 0K

Chain rule of change of variable,

det(Jr-1(2))| = | | Idet (T, (2))

k

10



Normalizing Flows, with Composed Functions

Learnadeep T',i.e.,

Chain rule of change of variable,

| det(Jp1(z))| = H et (Jy1 (x

Principle: compose invertible blocks (with easy jacobian det)

v

10



Continuous Normalizing Flows
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Continuous Normalizing Flows

po%

X

v
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Continuous Normalizing Flows

v
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Continuous Normalizing Flows

Pushing to the limit

» Infinitely many infinitely-small steps
= Making depth continuous k > ¢

- Replacing ¢r(x) by u(z,t),or u(x)

v
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Continuous Normalizing Flows

Pdata

Pushing to the limit Continuous Normalizing Flow

» Infinitely many infinitely-small steps
= Making depth continuous k +—

- Replacing ¢r(x) by u(z,t), §r u(x)

ming Dist(Ty#po, Pdata)

- easier: less constraints on U than ¢

v
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Continuous Normalizing Flows: Visual Summary

y -
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Continuous Normalizing Flows: "limitation"

The flow is unspecified!
(there is an infinity of equally good solutions)

13
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How to Learn a Good Velocity ug ?
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How to Learn a Good Velocity ug

t=0.75
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Idea : learn uyg

How to Learn a Good Velocity ug ?

ug(txy + (1 — t)zo, t) = 1 — X0
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How to Learn a Good Velocity ug ?

o Tl g =)
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e,

t=0.75

Idea : learn uyg

ug(txy + (1 — t)zo, t) = 1 — X0

Diffusion/Conditional Flow Matching 1>:16:17

Ewwg;po ||U0(t$1 + (1 - t)mo,t) - (5’31 - 370)”2
t~24(10:1])

15y, Lipman et al., Flow Matching for Generative Modeling, In: ICLR, 2023.
16 M. Albergo et al., Building Normalizing Flows with Stochastic Interpolants, In: ICLR, 2023.
17X. Liu etal., Flow Straight and Fast: Learing to Generate and Transfer Data with Rectified Flow, In: ICLR, 2023.
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Conditional Flow Matching Algorithm



Conditional Flow Matching Algorithm

zo ~ N(0,1)
L1 ~ Pdata
t ~ Uniform(|0, 1])
re=1t-z1+ (1 —1)
SGD step on @ with loss: ||ug(z,t) — (z1 — z0)|5

18



That’s it!

Conditional Flow Matching Algorithm

zo ~ N(0,1)
L1 ~ Pdata
t ~ Uniform(|0, 1])
re=1t-z1+ (1 —1)
SGD step on @ with loss: ||ug(z,t) — (z1 — z0)|5
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Conditional Flow Matching Algorithm

zo ~ N(0,1)
L1 ~ Pdata
t ~ Uniform(|0, 1])
re=1t-z1+ (1 —1)
SGD step on @ with loss: ||ug(z,t) — (z1 — z0)|5

That’s it!

(up to practical hacks and a few days of training)

18



CFM: Does it works? the "inversion", path un-mixing
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Decide on the conditioning variable (and its distribution), e.g.
= Z isapair (xo,a:l)

= Z isatarget point I
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- conditional probability path p:(z|z) (or p(z,t|z))
= and associated velocity field ucond(w, t)
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CFM: Design choices

Decide on py , typically N (0, I)

Decide on the conditioning variable (and its distribution), e.g.
= Z isapair (xo,a:l)

= Z isatarget point I

= 2 isa minibatch of source and target

= Z isa pair, constrained by some clusters

Decide on the conditional "flow"

= conditional probability path pt(x|z) (or p(w, t|z) )

= and associated velocity field ucond(m, t)

(under marginal constraints, on p(x,t))

20



CFM: p(x,t|z) (conditional)to p(x,t) is easy

p(z, t) = / p(z, t|2)p(2)dz = E, [p(z, ¢|2)]



CFM: u™(z,t, z) to u(x,t) isless easy

p(z,t]z=2"9)
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p(z,1)
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choice 1 choice 2

—~N— ——
Vze Z plx|t,z)

determines
(by expectation over z)

p(z|t)

determines
explicitly

(by continuity eq.)

determines
implicitly

(by continuity eq.)

ucond (

x,t,2)

allows
computing
(Thm. 1)

u(x,t)
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CFM: Closed form expression (Theorem 1)

Vt,Va,

u(z,t) = E,,, [u(z, t, 2)]
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(also written as)

CFM: Closed form expression (Theorem 1)

Vt,Va,

u(z,t) = E,,, [u(z, t, 2)]

Vi, Ve,

u(z,t) = /ucond(x,t,z)p(z|w,t)
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CFM: Closed form expression (Theorem 1)

(also written as)

(or Bayes)

Vt,Va,

u(z,t) = B, 4 [u(z, t, 2)]

Vi, Ve,

u(z,t) = /ucond(a:,t,z)p(z|w,t)

Vi, Ve,

Cond(a:, t, z)p(z, t|2)

-s

> p(z,t[2")p(2')
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Do

G,

U,

G2+,

U2,

D1

\I/

CFM playground

-

— = ‘é
— \g

%
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Diffusion: denoising diffusion probabilistic models (DDPM)

poXt1|Xt
() o () ) H

Xt|Xt 1

Principle Figure 2: The directed graphical model considered in this work.

= progressively noise you data
= use that data to learn an infinitesimal denoiser

1. ... the latent space dimension is the same as the data space dimension (like CNF, contrary to PCA, GAN, VAE) <
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Diffusion: denoising diffusion probabilistic models (DDPM)

pext1|Xt
(o) oo () ) e H

Xt|Xt 1

Principle Figure 2: The directed graphical model considered in this work.
= progressively noise you data

= use that data to learn an infinitesimal denoiser

Actually

» a VAE with successive latent representations!/i]

learning a velocity field (notation trap: ¢t € [[T, 0]] instead of ¢ € [0,1])

specifying a unique probability path (but stochastic flow)
effectively supervising at every step (vs CNF)

1. ... the latent space dimension is the same as the data space dimension (like CNF, contrary to PCA, GAN, VAE) <
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