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An image is a vector in R? with
d = nb pixel width x nb pixel height x nb channels
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Each image 1 is a point in x; € |

Assumption:

There exists a probability distribution p,.., such
that each image x; ~ p .4

Objective:
Approximate p .., With a parametric
distribution p, « easy to sample »

Trade-off:

approximation quallty p6’ ~ pdata Samp”ng efﬁciency
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Generative models given samples of p, ., generate new samples of p, .

= Choose p, easy to sample

Flow-based methods: = Findamap 1, : |

Xy ~ Po» X = Ty(xy) samples p, ..

d
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Po = 1o# Py = Pyusa

Train a neural network 1, to minimize ~ min D(py,., Py)
0
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Challenges :
= \ery high dimension: d ~ 10° for images
Sample quality vs diversity

Training efficiency

' 3 1

Sampling efficiency
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X Hard to train a single-step model: unstable training, mode collapse...
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Generative models given samples of p, ., generate new samples of p, .

Diffusion Models [Song et al., '21] / Flow Matching [Lipman et al., 23]

. dx
1/(xg) solution of 7; = v,(x,, ) + \/2a, dB,

Vg trained to approximate a predefined velocity v*  min D(v*, 19
0

V(Yta t)
a0A

ALY

Po

v Learns a continuous path
Gaussian — data v" Easy training: supervision at all times



Denoising: the building bock of diffusion models
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Diffusion models Noising process (from data to noise)

d
Variance Exploding (VE) | Xy ~ Pgatas W; ~ 4(0,1d), X, = Xy+0,W, 6,>0, 06, —

qr ~ N0, 0% Id) q, = Law(Xy+o W)

t=T1T>1 t t =0
Cov(X,) = Cov(X,) + ¢*1d



Diffusion models Noising process (from data to noise)

Variance Preserving (VP)

g~ N(0,1d)

d
Xo ~ Pdatar Wy ~ A(0,1d), X, = n(Xy+0o,W)

q;, = Law(17(Xy+ow,))

o >0, n =

40 = Pdata

1

\/atz+1

r=T>1

[
Cov(X,) = n/ Cov(Xy) + (1 —n7) Id

=0



Diffusion models Noising process (from data to noise)

General schedule (1,, 6,)

d
XO ~ Pdata’ Wt ~ N (O’ Id)’ Xt — nt(XO_l_GtWt)

g, = Law(17(Xy+0o,W,))

40 = Pdata

=0
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Diffusion models Generative process (from noise to data)

P, = qr_,1s sampled from the SDE

For o > 0, Yo ~po, dY,=v(Y)dt+/2a,dW,

v(x) = —;"x+ (1+a)n?6,0,Vlogp, (x) G = an6o,
A

Po = 4t Pr = 47— Pt = Pdata
B B EE—
= () l t =T

Parameters of the algorithm: diffusion coefficient <, time schedulers 7;,, o,



Diffusion models Generative process (from noise to data)

P, = qr_,1s sampled from the ODE

For oo > (), Y()Np(), dY;=Vt(Yt)dt
VAX) = _%x + ﬂtz 6,0,Vlog pr_(x)
t
Po = 4t Pt = Pdata
T S
t=20 ! t=1T

Parameters of the algorithm: diffusion coefficient <, time schedulers 7;,, o,



Diffusion models errors

Yo ~po, dY,=v(Y)dt++/2a,dW,

v(x) = nT ~x+ (1+a)n7_, 64_07_,V1og pr_(x)
T—t




Diffusion models errors: score training error

Yo ~po, dY,=v(Y)dt++/2a,dW,

i |
v (x) = —j x+ (1+a)n; 6,0,V1og pr_(x)
!

Trained by denoising Score Matching

6
s’ ~ Vlo
[ &P on a finite dataset{xl- ~ P}igNdam

Law(Y7)

In the rest of this work, we assume exact score, see [H., Moreau, Peyre (2025)] for score error.



Diffusion models errors: discretization error
T n

Euler discretization: for y = 2 Yo ~ Po IA’kH — IA/k+}/ vtk(f/k) + \/Zyatk W,

Pdata

y &

Law(f/ )
In the rest of this work, we assume exact score, see [H., Moreau, Peyre (2025)] for score error.



Diffusion models for posterior sampling p(x|y = Ax + w)

Apply the same algorithm with p,... replaced by p(x|y)

For , Yo ~po, dY,=v(Y)dt+/2a,dW,
v(x) = Z 0 x+ (1+a) n2_, 6707, V1og pr_(x])
T—t

Using Baye’s formula, for x, ~ p, ~ Vlogp,(x,|y) = Vlogp,(x,) + Vlogp,(y|x,)
/ \

v Unconditional score training = Jp(y | X0)P(Xq | X)) dx;,
X Untractable

DPS [Chung et. al, 23], PIGDM [Song et. al, 23], Moment Matching [Rozet et. al, "24] :

Use the Gaussian approximation p(x|x,) ~ N (E[xy]|x,], V[xy | x,])

NS

Related to a pertrained denoiser by Tweedie’s formulas




Diffusion models Other Noising Process (from data to noise)

Flow Matching (FM)

g, = N (0,1d)

Xy ~ Paaias W, ~ H(0,1d), X £ (1 — DX, + tW,

/

q, = Law(1(Xy+0,X))

40 = Pdata

r=T=1

[
Cov(X,) = (1 — 1)*Cov(X,) + t*1d

=0




Generative models given samples of p, ., generate new samples of p, .

= Choose p, easy to sample

Flow-based methods:

= Findamap 1, : |

Xo ~ Po» X = Ty(x) samples Py,

d

— R4 such that

Po = 1o# Py = Pyusa

Train a neural network 1, to minimize ~ min D(py,., Py)
0

GANSs [Goodfellow, "14)]

|
Variational form: JS(P, Q) = > sup
o L

mgn JS (p data> P (9)

-plog D(x) +

- ~olog(l = D(x))

+ CSt

Parametrize D by a second neural network (discriminator) D¢ and training of parameters (6, @)

min max
0 ¢

X~Pqdata

log D¢(x) + = o lOg(l — D¢(T9(X))>:

Extended to all D with variational forms: f-GAN, WGAN, MMD-GAN ....

v First « working » generative
models for images

¥ Unstable training (oscillations, mode collapse ....)



Generative models given samples of p, ., generate new samples of p, .

= Choose p, easy to sample

Flow-based methods: = Findamap 1, : | 4 R such that

Xo ~ Do» X = Ty(xy) samples p, ...

Po =1y

First idea: train a neural network 7, to minimize min D(p...» Pp)
0

Normalizing Flows min KL(Pyye Po) = MinE,_, [~logpy(x)]
[Rezende, & Mohamed, 15)] 0 0
dT; (x)

Change of variable formula: log py(x) = log py(T, LX) + log | det y |
X

X Requires to parametrize 1, to be invertible

Po %pdata



Generative models given samples of p, ., generate new samples of p, .

= Choose p, easy to sample

d

Flow-based methods: = Findamap /,: R® — | 4 such that

Xy ~ Po» X = Ty(xp)

Po =1y
samples Piaia

First idea: train a neural network 7, to minimize min D(p...» Pp)
0

Continuous Normalizing Flows: minKL(p,,., Py)
\ 0
[Chen et al., 18)]

T(xy) : solution of the ODE Y, = X,

dYt —_ VQ(YZ" t) dt

Po %pdata



