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Generative models

1. Model and/or learn a distribution p(u) on the space of images.

(source: Charles Deledalle)
The images may represent:

• different instances of the same texture image,
• all images naturally described by a dataset of images,
• any image

2. Generate samples from this distribution.
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Generative models

1. Model and/or learn a distribution p(u) on the space of images.
2. Generate samples from this distribution.

• z is a generic source of randomness, often called the latent variable.
• If G(·; Θ) is known, then p = G(·; Θ)#N (0, In) is the push-forward of the

latent distribution.

The generator G(·; Θ) can be:

• A deterministic function (e.g. convolution operator),
• A neural network with learned parameter,
• An iterative optimization algorithm (gradient descent,...),
• A stochastic sampling algorithm (e.g. MCMC, Langevin diffusion,. . . ).
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Basics on diffusion models



Adding noise to images

• We are given an input dataset

D = {x(i), i = 1, . . . ,N} ⊂ Rd

• We assume that these images are independent samples of a common
distribution p0 over Rd.

• Consider the random process that consists of adding noise to images:

xt = x0 + wt, t ∈ [0, T]

where x0 ∼ p0 is a sample image and wt is a Brownian motion (also
called Wiener process).

(source: (Song et al., 2021b))
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Recap on Brownian motion

Real-valued: A standard (real-valued) Brownian motion (also called
Wiener process is a stochastic process (wt)t≥0 such that

• w0 = 0.

• With probability one, the function t 7→ wt is continuous.

• The process (wt)t≥0 has stationary independent increments.

• wt ∼ N (0, t).

Direct consequences:

• For s < t, ws and wt − ws are independent and wt−s ∼ N (0, t − s).

• Markovian random field.

Rd-valued: A standard Rd-valued Brownian motion (wt)t≥0 is made of d
independent real-valued Brownian motions

wt = (wt,1, . . . ,wt,d) ∈ Rd.
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Recap on Brownian motion

Ito integral on [0, T]:

Given a process (xt)t∈[0,T] adapted to the filtration Ft = σ(ws, s ≤ t), one
defines ∫ t

0
xsdws as the L2 limit of

k−1∑
j=0

xtj ⊙ (wtj+1 − wtj)

when the minimal step of the partition 0 ≤ t0 ≤ · · · ≤ tk ≤ T tends to 0.

• In particular, for a deterministic function s 7→ g(s),
∫ t

0
g(s)dws is a normal

variable with mean 0 and variance σ2 =

∫ t

0
g2(s)ds.
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Adding noise to images

• Adding noise to images: xt = x0 + wt, t ∈ [0, T].

• This corresponds to the stochastic differential equation (SDE):

dxt = dwt with initial condition x0 ∼ p0.

• We denote by pt the distribution of xt at time t ∈ [0, T]. What is pt?

pt = p0 ∗ N (0, tId)

• This corresponds to applying the heat equation starting from p0:

∂tpt(x) =
1
2
∆xpt(x) with pt=0 = p0.

This PDE is called the Fokker-Planck equation associated with the
SDE.

• This is an example of diffusion equation.
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Diffusion SDE and Fokker-Planck equation

• More generally we will consider diffusion SDE of the form (Song et al.,
2021b):

dxt = f(xt, t)dt + g(t)dwt

where
• f : Rd × [0, T] → Rd is called the drift: External deterministic force that

drives xt in the direction f(xt, t),
• g : [0, T] → [0,+∞) is the diffusion coefficient.

• The corresponding Fokker-Planck equation is

∂tpt(x) = − divx (f(x, t)pt(x)) +
1
2

g(t)2∆xpt(x)

that is,

∂tpt(x) = −
d∑

k=1

∂xk [fk(x, t)pt(x)] +
1
2

g(t)2
d∑

k=1

∂2
xk pt(x).
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Diffusion SDE: Two examples

dxt = f(xt, t)dt + g(t)dwt

Example 1: Variance exploding diffusion (VE-SDE)

SDE: dxt = dwt

Solution: xt = x0 + wt

Variance: Var(xt) = Var(x0) + t

Example 2: Variance preserving diffusion (VP-SDE)

SDE: dxt = −βtxtdt +
√

2βtdwt

Solution: xt = e−Bt x0 +
∫ t

0 eBs−Bt
√

2βsdws with Bt =
∫ t

0 βsds
Variance: Var(xt) = e−2Bt Var(x0) + 1 − e−2Bt = 1 if Var(x0) = 1.

Both variants have the form xt = atx0 + btZt: xt is a rescaled noisy version of
x0 and the noise is more and more predominant as time grows.
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Numerical scheme for diffusion SDE

dxt = f(xt, t)dt + g(t)dwt

In general we do not have a close form formula for xt.

Diffusion SDEs can be approximately simulated using numerical schemes
such as the Euler-Maruyama sheme:

• Using the time step h = T/N with N + 1 times tn = nh, n ∈ {0, . . .N},
define X0 = x0 and

Xn+1 = Xn + f(Xn, tn)h + g(tn)
(
wtn+1 − wtn

)
, n = 1, . . . ,N − 1.

• Remark that wtn+1 − wtn ∼ N (0, hId) and is independent of Xn:

Xn+1 = Xn+f(Xn, tn)h+g(tn)
√

hZn, with Zn ∼ N (0, Id), n = 1, . . . ,N−1.
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Reversed diffusion

• For diffusion SDEs, as t grows pt is closer and closer to a normal
distribution.

• We will consider that at the final time t = T large enough so that pT can
be considered to be a normal distribution.

• For generative modeling, we want to reverse the process:

• Start by generating xT ∼ pT ≈ N (0, σ2
T Id).

• Simulate (xT−t)t∈[0,T] such that xT−t ∼ pT−t.

(source: (Song and Ermon, 2020))
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Reversed diffusion

Reversed diffusion: What is the SDE satisfied by xT−t?

dxt = f(xt, t)dt + g(t)dwt

has the associated Fokker-Planck equation

∂tpt(x) = −divx (f(x, t)pt(x)) +
1
2

g(t)2∆xpt(x).

Let us derive the Fokker-Planck equation for qt = pT−t the distribution
function of yt = xT−t.

∂tqt(x) = −∂tpT−t(x)

= divx (f(x, T − t)pT−t(x))− 1
2

g(T − t)2∆xpT−t(x)

= divx (f(x, T − t)qt(x))− 1
2

g(T − t)2∆xqt(x)

= divx (f(x, T − t)qt(x)) +
(
−1 +

1
2

)
g(T − t)2∆xqt(x)
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Reversed diffusion

∂tqt(x)

= divx (f(x, T − t)qt(x)) +
(
−1 +

1
2

)
g(T − t)2∆xqt(x)

= divx

(
f(x, T − t)qt(x)− g(T − t)2∇xqt(x)

)
+

1
2

g(T − t)2∆xqt(x)

= divx

([
f(x, T − t)− g(T − t)2 ∇xqt(x)

qt(x)

]
qt(x)

)
+

1
2

g(T − t)2∆xqt(x)

= −divx

([
−f(x, T − t) + g(T − t)2∇x log qt(x)

]
qt(x)

)
+

1
2

g(T − t)2∆xqt(x)

This is the Fokker-Planck equation associated with the diffusion SDE:

dyt =
[
−f(yt, T − t) + g(T − t)2∇x log pT−t(yt)

]
dt + g(T − t)dwt.
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Reversed diffusion

Forward diffusion:
dxt = f(xt, t)dt + g(t)dwt

Backward diffusion: yt = xT−t

dyt =
[
−f(yt, T − t) + g(T − t)2∇x log pT−t(yt)

]
dt + g(T − t)dwt.

• Same diffusion coefficient.
• Opposite drift term with additional distribution correction:

g(T − t)2∇x log pT−t(yt)

drives the diffusion in regions with high pT−t probability.
• x 7→ ∇x log pt(x) is called the (Stein) score of the distribution.
• Rigorous results from SDE litterature ((Anderson, 1982) (Haussmann

and Pardoux, 1986)) (measurability issues, the filtration is also
reversed...).

• Can we simulate this backward diffusion using Euler-Maruyama ?

Xn+1 = Xn+ f(Xn, tn)h+g(t)
√

hZn, with Zn ∼ N (0, Id), n = 1, . . . ,N−1.
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Learning the score function: Denoising score matching

• Goal: Estimate the score x 7→ ∇x log pt(x) using only available samples
(x0, xt).

• For the models of interests, xt = atx0 + btZt is a rescaled noisy version of
x0 (both at and bt have known analytical expressions).

• Explicit conditional distribution: pt|0(xt|x0) = N (atx0, b2
t Id).

pt(xt) =

∫
Rd

p0,t(x0, xt)dx0 =

∫
Rd

pt|0(xt|x0)p0(x0)dx0

∇xt pt(xt) =

∫
Rd

∇xt pt|0(xt|x0)p0(x0)dx0

∇xt log pt(xt) =
∇xt pt(xt)

pt(xt)
=

∫
Rd

∇xt pt|0(xt|x0)
p0(x0)

pt(xt)
dx0

=

∫
Rd

[
∇xt log pt|0(xt|x0)

]
pt|0(xt|x0)

p0(x0)

pt(xt)
dx0

=

∫
Rd

[
∇xt log pt|0(xt|x0)

]
p0|t(x0|xt)dx0

Conclusion:

∇xt log pt(xt) = Ex0∼p0|t(x0|xt)

[
∇xt log pt|0(xt|x0)

]
= E

[
∇xt log pt|0(xt|x0)|xt

]
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Learning the score function: Denoising score matching

∇xt log pt(xt) = Ex0∼p0|t(x0|xt)

[
∇xt log pt|0(xt|x0)

]
= E

[
∇xt log pt|0(xt|x0)|xt

]

• ∇xt log pt|0(xt|x0) is explicit (forward transition): For xt|x0 ∼ N (atx0, b2
t Id),

∇xt log pt|0(xt|x0) = ∇xt

[
− 1

2b2
t
∥xt − atx0∥2 + C

]
= − 1

b2
t
(xt − atx0) = − 1

bt
Zt

• But the distribution p0|t(x0|xt) is not explicit (backward conditional)!

E
[
∇xt log pt|0(xt|x0)|xt

]
= − 1

b2
t
(xt − atE[x0|xt])

• E[x0|xt] is the best estimate of the initial noise-free x0 given its noisy
version xt.
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Learning the score function: Denoising score matching

∇xt log pt(xt) = Ex0∼p0|t(x0|xt)

[
∇xt log pt|0(xt|x0)

]
= E

[
∇xt log pt|0(xt|x0)|xt

]
We use the following properties of the conditional expectation.

• Y = E[X|F ] if and only if Y = argmin{E∥X − Z∥2, Z ∈ L2(F)}.

• Y ∈ σ(X) iif there exists φ : Rd → Rd (measurable) with Y = φ(X).

• Y = E[X|U] if Y = φ(U) with φ = argmin{E∥X − φ(U)∥2, φ ∈ L2(U)}.

Hence the function xt 7→ ∇xt log pt(xt) is the solution

∇xt log pt = argmin{Ep0,t∥φ(xt)−∇xt log pt|0(xt|x0)∥2, φ ∈ L2(pt)}

• We obtain a loss function to learn the function φ using Monte Carlo
approximation with samples (x0, xt) for the expectation.

Bruno Galerne Diffusion models MVA 2025-26 17 / 101



Learning the score function: Denoising score matching

∇xt log pt = argmin{Ep0,t∥φ(xt)−∇xt log pt|0(xt|x0)∥2, φ ∈ L2(pt)}

• φ : Rd → Rd will be approximated with a neural network such as a
(complex) U-net (Ho et al., 2020).

• But we need to have an approximation of ∇xt log pt for all time t (at least
for the times tn in our Euler-Maruyama scheme).

• In practice we share the same network architecture for all time t: one
learns a network sθ(x, t) such that

sθ(x, t) ≈ ∇x log pt(x), x ∈ Rd, t ∈ [0, T].

Final loss for denoising score matching: (Song et al., 2021b)

θ∗ = argminEt

(
λtE(x0,xt)∥sθ(xt, t)−∇xt log pt|0(xt|x0)∥2

)
where t is chosen uniformly in [0, T] and t 7→ λt is a weighting term to balance
the importance of each t.

Bruno Galerne Diffusion models MVA 2025-26 18 / 101



Practical aspects of diffusion models:
Training and sampling



Score architecture

θ∗ = argminEt

(
λtE(x0,xt)∥sθ(xt, t)−∇xt log pt|0(xt|x0)∥2

)
• sθ : Rd × [0, T] → Rd is a (complex) U-net (Ronneberger et al., 2015), eg

in (Ho et al., 2020) “All models have two convolutional residual blocks
per resolution level and self-attention blocks at the 16×16 resolution
between the convolutional blocks”.

• Diffusion time t is specified by adding the Transformer sinusoidal position
embedding into each residual block (Vaswani et al., 2017).

(source: learnopencv.com)
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Exponential Moving Average

• Several choices for t 7→ λt, linked to ELBO and data augmentation
(Kingma and Gao, 2023).

• Training using Adam algorithm (Kingma and Ba, 2015), but still unstable.

• To regularize: Exponential Moving Average (EMA) of weights.

θ̄n+1 = (1 − m)θ̄n + mθn.

• Typically m = 10−4 (more than 104 iterations are averaged).

• The final averaged parameters θ̄K are used at sampling.

Training instabilities (source: (Song and Ermon, 2020))
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Sampling strategy

• The score function of a distribution is generally used for Langevin
sampling (ULA or MALA):

Xn+1 = Xn + γ∇x log p(Xn) +
√

2γZn

• (Song et al., 2021b) propose to add one step of Langevin diffusion
(same t = tn) after each step Euler-Maruyama step (tn to tn+1).

• This means that we jump from one trajectory to the other, but we correct
some defaults from the Euler scheme.

• This is called a Predictor-Corrector sampler.

(source: (Song et al., 2021b))
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Results

• (Song et al., 2021b) achieved SOTA in terms of FID for CIFAR-10
unconditional sampling.

• Very good results for 1024×1024 portrait images.

• See also “Diffusion Models Beat GANs on Image Synthesis” (Dhariwal
and Nichol, 2021) (self-explanatory title).

(source: FFHQ 1024×1024 samples (Song et al., 2021b))
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Many approximations

Many approximations in the full generative pipelines:

• The final distribution pT is not exactly a normal distribution.

• The learnt U-net model sθ is far from being the exact score function:
Sample-based, limitations from the architecture...

• Discrete sampling scheme (Euler-Maruyama, Predictor-Corrector,...).

• Score function may behave badly near t = 0 (irregular density in case of
manifold hypothesis).

But we do have theoretical guarantees if all is well controled!

Theorem (Convergence guarantees (De Bortoli, 2022))
Let p0 be the data distribution having a compact manifold support and let qT

be the generator distribution from the reversed diffusion. Under suitable
hypotheses, the 1-Wasserstein distance W1(p0, qT) can be explicitly bounded
and tends to zero when all the parameters are refined (more Euler steps,
better score learning, etc.).
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The deterministic approach:
Probability flow ODE



Sampling via an ODE

We derived the Fokker-Planck equation for qt = pT−t of reversed diffusion
yt = xT−t.

∂tqt(x) = −∂tpT−t(x)

= divx (f(x, T − t)pT−t(x))− 1
2

g(T − t)2∆xpT−t(x)

= divx (f(x, T − t)pT−t(x)) +
(
−1 +

1
2

)
g(T − t)2∆xpT−t(x)

= −divx

([
−f(x, T − t) + g(T − t)2∇x log pT−t(x)

]
pT−t(x)

)
+

1
2

g(T − t)2∆xpT−t(x)

This is the Fokker-Planck equation associated with the diffusion SDE:

dyt =
[
−f(yt, T − t) + g(T − t)2∇x log pT−t(yt)

]
dt + g(T − t)dwt.
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Sampling via an ODE

We derived the Fokker-Planck equation for qt = pT−t of reversed diffusion
yt = xT−t.

∂tqt(x) = −∂tpT−t(x)

= divx (f(x, T − t)pT−t(x))− 1
2

g(T − t)2∆xpT−t(x)

= divx (f(x, T − t)pT−t(x)) +
(
−1 +

1
2

)
g(T − t)2∆xpT−t(x)

= −divx

([
−f(x, T − t) +

1
2

g(T − t)2∇x log pT−t(x)
]

pT−t(x)
)

This is the Fokker-Planck equation associated with the diffusion SDE:

dyt =

[
−f(yt, T − t) +

1
2

g(T − t)2∇x log pT−t(yt)

]
dt.

which is an Ordinary Differential Equation (ODE) (no stochastic term) !
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Reverse diffusion via an ODE

dyt =

[
−f(yt, T − t) +

1
2

g(T − t)2∇x log pT−t(yt)

]
dt.

This ODE is called a probability flow ODE.

(source: (Song and Ermon, 2020))

• Like with normalizing flows, we get a deterministic mapping between
initial noise and generated images.

• We do not simulate the (chaotic) path of the stochastic diffusion but we
still have the same marginal distribution pt.

• We can use any ODE solver, with higher order than Euler scheme.
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Reverse diffusion via an ODE

dyt =

[
−f(yt, T − t) +

1
2

g(T − t)2∇x log pT−t(yt)

]
dt.

This ODE is called a probability flow ODE.

(source: (Song and Ermon, 2020))

• From (Karras et al., 2022) “Through extensive tests, we have found
Heun’s 2nd order method (a.k.a. improved Euler, trapezoidal rule) [...] to
provide an excellent tradeoff between truncation error and NFE.”

• Requires much less NFE than stochastic samplers (eg around 50 steps
instead of 1000), see also Denoising Diffusion Implicit Models (DDIM)
(Song et al., 2021a) for a deterministic approach.
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The discrete approach for diffusion
models:
Denoising Diffusion Probabilistic
Models



Denoising Diffusion Probabilistic Models

(source: (Ho et al., 2020))
Denoising Diffusion Probabilistic Models (DDPM (Ho et al., 2020)) is a
discrete model with a fixed number of T = 103 steps that performs discrete
diffusion.

WARNING: Slight change of notation

Forward model: Discrete variance preserving diffusion

• Distribution of samples: q(x0).
• Conditional Gaussian noise: q(xt|xt−1) = N (

√
1 − βtxt−1, βtId)

xt =
√

1 − βtxt−1 +
√

βt zt

where the variance schedule (βt)1≤t≤T ∈ (0, 1) is fixed.
• One step noising q(xt|x0): With αt = 1 − βt and ᾱ = cumprod(α)

xt =
√
ᾱtx0 +

√
1 − ᾱtε where ε is standard independent of x0.
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xt =
√
ᾱtx0 +

√
1 − ᾱtε where ε is standard independent of x0.
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Denoising Diffusion Probabilistic Models

• We consider the diffusion as a fixed stochastic encoder

• We want to learn a stochastic decoder pθ:

pθ(x0:T) = p(xT)︸ ︷︷ ︸
fixed latent prior

T∏
t=1

pθ(xt−1|xt)︸ ︷︷ ︸
learnable backward transitions

.

with pθ(xt−1|xt) = N (µθ(xt, t), βtId)

Compare with: q(xt|xt−1) = N (
√

1 − βtxt−1, βtId)

• Recall same diffusion coefficient, new backward drift to be learnt,...

• Oversimplified version compare to (Ho et al., 2020), there are ways to
also learn the variance for each pixel, see (Nichol and Dhariwal, 2021).

• Then we look for training the decoder by maximizing an ELBO.
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DDPM: Training loss

E(− log pθ(x0)) ≤ Eq

[
− log

[
pθ(x0:T)

q(x1:T |x0)

]]
:= L

We have

L = Eq

[
− log p(xT)−

T∑
t=1

log
pθ(xt−1|xt)

q(xt|xt−1)

]

= Eq

[
DKL(q(xT |x0)∥p(xT)) +

T∑
t=2

DKL(q(xt−1|xt, x0)∥pθ(xt−1|xt))− log pθ(x0|x1)

]
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DDPM: Training loss

E(− log pθ(x0)) ≤ Eq

[
− log

[
pθ(x0:T)

q(x1:T |x0)

]]
:= L

We have

L = Eq

[
− log p(xT)−

T∑
t=1

log
pθ(xt−1|xt)

q(xt|xt−1)

]

= Eq

[
DKL(q(xT |x0)∥p(xT)) +

T∑
t=2

DKL(q(xt−1|xt, x0)∥pθ(xt−1|xt))− log pθ(x0|x1)

]
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DDPM: Training loss

Computation of DKL(q(xt−1|xt, x0)∥pθ(xt−1|xt))

By Bayes rule,

q(xt−1|xt, x0) = q(xt|xt−1, x0)
q(xt−1|x0)

q(xt|x0)
= q(xt|xt−1)

q(xt−1|x0)

q(xt|x0)

Computation shows that this is a normal distribution N (µ̃(xt, x0), β̃tId) with

µ̃(xt, x0) =

√
ᾱt−1βt

1 − ᾱt
x0 +

√
αt(1 − ᾱt−1)

1 − ᾱt
xt and β̃t =

1 − ᾱt−1

1 − ᾱt
βt.

Using the expression of the KL-divergence between Gaussian distributions,

DKL(q(xt−1|xt, x0)∥pθ(xt−1|xt)) =
1
βt
∥µθ(xt, t)− µ̃(xt, x0)∥2 + C

Lt = Eq [DKL(q(xt−1|xt, x0)∥pθ(xt−1|xt))] =
1
βt
Eq

[
∥µθ(xt, t)− µ̃(xt, x0)∥2

]
+ C

Bruno Galerne Diffusion models MVA 2025-26 30 / 101



DDPM: Noise reparameterization

Rewrite everything in function of the added standard noise ε:

xt(x0, ε) =
√
ᾱtx0 +

√
1 − ᾱtε

Then µθ(xt, t) must predict

µ̃(xt, x0) =
1√
αt

(
xt − βt√

1 − ᾱt
ε

)
If we parameterize

µθ(xt, t) =
1√
αt

(
xt − βt√

1 − ᾱt
εθ(xt, t)

)
Then the loss is simply

Lt =
βt

1 − ᾱt
Eq

[
∥εθ(xt, t)− ε∥2

]
+ C

=
βt

1 − ᾱt
Ex0,ε

[
∥εθ(

√
ᾱtx0 +

√
1 − ᾱtε, t)− ε∥2

]
+ C

That is we must predict the noise ε added to x0 (without knowing x0).
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DDPM: Training and sampling

L = Eq

[
DKL(q(xT |x0)∥p(xT)) +

T∑
t=2

DKL(q(xt−1|xt, x0)∥pθ(xt−1|xt))− log pθ(x0|x1)

]

=
T∑

t=2

Lt + L1 + C

• The L1 term is dealt differently (to account for discretization of x0).

• (Ho et al., 2020) proposes to simplify the loss (no constants):

Lsimple = Et,x0,ε

[
∥εθ(

√
ᾱtx0 +

√
1 − ᾱtε, t)− ε∥2

]

Recall σt =
√
βt here. (source: (Ho et al., 2020))
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DDPM: Denoiser

The Unet εθ(xt, t) is a (residual) denoiser that gives an estimation of the
noise ε from

xt(x0, ε) =
√
ᾱtx0 +

√
1 − ᾱtε.

We get the associated estimation of x0:

x̂0 =
1√
ᾱt

xt −
√

1
ᾱt

− 1εθ(xt, t).

xt x̂0 x0

t = 11
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DDPM: Denoiser

The Unet εθ(xt, t) is a (residual) denoiser that gives an estimation of the
noise ε from

xt(x0, ε) =
√
ᾱtx0 +

√
1 − ᾱtε.

We get the associated estimation of x0:

x̂0 =
1√
ᾱt

xt −
√

1
ᾱt

− 1εθ(xt, t).

xt x̂0 x0

t = 100
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DDPM: Denoiser

The Unet εθ(xt, t) is a (residual) denoiser that gives an estimation of the
noise ε from

xt(x0, ε) =
√
ᾱtx0 +

√
1 − ᾱtε.

We get the associated estimation of x0:

x̂0 =
1√
ᾱt

xt −
√

1
ᾱt

− 1εθ(xt, t).

xt x̂0 x0

t = 200
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DDPM: Denoiser

The Unet εθ(xt, t) is a (residual) denoiser that gives an estimation of the
noise ε from

xt(x0, ε) =
√
ᾱtx0 +

√
1 − ᾱtε.

We get the associated estimation of x0:

x̂0 =
1√
ᾱt

xt −
√

1
ᾱt

− 1εθ(xt, t).

xt x̂0 x0

t = 400
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DDPM: Denoiser

The Unet εθ(xt, t) is a (residual) denoiser that gives an estimation of the
noise ε from

xt(x0, ε) =
√
ᾱtx0 +

√
1 − ᾱtε.

We get the associated estimation of x0:

x̂0 =
1√
ᾱt

xt −
√

1
ᾱt

− 1εθ(xt, t).

xt x̂0 x0

t = 500
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DDPM: Denoiser

The Unet εθ(xt, t) is a (residual) denoiser that gives an estimation of the
noise ε from

xt(x0, ε) =
√
ᾱtx0 +

√
1 − ᾱtε.

We get the associated estimation of x0:

x̂0 =
1√
ᾱt

xt −
√

1
ᾱt

− 1εθ(xt, t).

xt x̂0 x0

t = 600
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DDPM: Denoiser

The Unet εθ(xt, t) is a (residual) denoiser that gives an estimation of the
noise ε from

xt(x0, ε) =
√
ᾱtx0 +

√
1 − ᾱtε.

We get the associated estimation of x0:

x̂0 =
1√
ᾱt

xt −
√

1
ᾱt

− 1εθ(xt, t).

xt x̂0 x0

t = 700
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DDPM: Denoiser

The Unet εθ(xt, t) is a (residual) denoiser that gives an estimation of the
noise ε from

xt(x0, ε) =
√
ᾱtx0 +

√
1 − ᾱtε.

We get the associated estimation of x0:

x̂0 =
1√
ᾱt

xt −
√

1
ᾱt

− 1εθ(xt, t).

xt x̂0 x0

t = 800
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DDPM: Denoiser

The Unet εθ(xt, t) is a (residual) denoiser that gives an estimation of the
noise ε from

xt(x0, ε) =
√
ᾱtx0 +

√
1 − ᾱtε.

We get the associated estimation of x0:

x̂0 =
1√
ᾱt

xt −
√

1
ᾱt

− 1εθ(xt, t).

xt x̂0 x0

t = 900
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DDPM: Denoiser

The Unet εθ(xt, t) is a (residual) denoiser that gives an estimation of the
noise ε from

xt(x0, ε) =
√
ᾱtx0 +

√
1 − ᾱtε.

We get the associated estimation of x0:

x̂0 =
1√
ᾱt

xt −
√

1
ᾱt

− 1εθ(xt, t).

xt x̂0 x0

t = 1000
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DDPM: Sampling

Recall σt =
√
βt here. (source: (Ho et al., 2020))

xt x̂0

t = 999
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DDPM: Sampling

Recall σt =
√
βt here. (source: (Ho et al., 2020))

xt x̂0

t = 900
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DDPM: Sampling

Recall σt =
√
βt here. (source: (Ho et al., 2020))

xt x̂0

t = 800
Bruno Galerne Diffusion models MVA 2025-26 34 / 101



DDPM: Sampling

Recall σt =
√
βt here. (source: (Ho et al., 2020))

xt x̂0

t = 700
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DDPM: Sampling

Recall σt =
√
βt here. (source: (Ho et al., 2020))

xt x̂0

t = 600
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DDPM: Sampling

Recall σt =
√
βt here. (source: (Ho et al., 2020))

xt x̂0

t = 500
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DDPM: Sampling

Recall σt =
√
βt here. (source: (Ho et al., 2020))

xt x̂0

t = 400
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DDPM: Sampling

Recall σt =
√
βt here. (source: (Ho et al., 2020))

xt x̂0

t = 300
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DDPM: Sampling

Recall σt =
√
βt here. (source: (Ho et al., 2020))

xt x̂0

t = 200
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DDPM: Sampling

Recall σt =
√
βt here. (source: (Ho et al., 2020))

xt x̂0

t = 100
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DDPM: Sampling

Recall σt =
√
βt here. (source: (Ho et al., 2020))

xt x̂0

t = 0
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Continuous and discrete diffusion
models



Recap on diffusion models

Diffusion model via SDE: (Song et al., 2021b)

Diffusion model via Denoising Diffusion Probabilistic Models (DDPM):
(Ho et al., 2020) Discrete model with a fixed number of T = 103.
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Continuous diffusion models

Forward diffusion:
dxt = f(xt, t)dt + g(t)dwt

Backward diffusion: yt = xT−t

dyt =
[
−f(yt, T − t) + g(T − t)2∇x log pT−t(yt)

]
dt + g(T − t)dwt.

• Learn score by denoising score matching:

θ⋆ = argminEt

(
λtE(x0,xt)∥sθ(xt, t)−∇xt log pt|0(xt|x0)∥2

)
with t ∼ Unif([0, T])

• Generate samples by SDE discrete scheme (e.g. Euler-Maruyama):

Yn−1 = Yn − hf (Yn, tn)+ hg(tn)
2sθ(Yn, tn)+ g(tn)

√
hZn with Zn ∼ N (0, Id)

• Associated deterministic probability flow:

dyt =

[
−f(yt, T − t) +

1
2

g(T − t)2∇x log pT−t(yt)

]
dt
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Denoising Diffusion Probabilistic Models (DDPM)

Forward diffusion:

q(x0:T) = q(x0)︸ ︷︷ ︸
data distribution

T∏
t=1

q(xt|xt−1)︸ ︷︷ ︸
fixed forward transitions

with q(xt|xt−1) = N (
√

1 − βtxt−1, βtId)

Backward diffusion: stochastic decoder pθ:

pθ(x0:T) = p(xT)︸ ︷︷ ︸
fixed latent prior

T∏
t=1

pθ(xt−1|xt)︸ ︷︷ ︸
learnt backward transitions

with pθ(xt−1|xt) = N (µθ(xt, t), βtId)︸ ︷︷ ︸
Gaussian approximation of q(xt−1|xt)

• Learn the score by minimizing the ELBO (like for VAE): This boils down
to denoising the diffusion iterations xt =

√
ᾱtx0 +

√
1 − ᾱtε:

θ⋆ = argmin
T∑

t=1

βt

1 − ᾱt
Eq

[
∥εθ(xt, t)− ε∥2

]
+ C

• Sampling through the stochastic decoder with

µθ(xt, t) =
1√
αt

(
xt − βt√

1 − ᾱt
εθ(xt, t)

)
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DDPM training and score matching

Posterior mean training: Recall that µθ(xt, t) minimizes

Eq [DKL(q(xt−1|xt, x0)∥pθ(xt−1|xt))] =
1
βt
Eq

[
∥µθ(xt, t)− µ̃(xt, x0)∥2

]
+ C

where µ̃(xt, x0) is the mean of q(xt−1|xt, x0). Hence ideally,

µθ(xt, t) = E [µ̃(xt, x0)|xt] = E [E [xt−1|xt, x0]|xt] = E [xt−1|xt] .

Noise prediction training: εθ(xt, t) minimizes

Eq

[
∥εθ(xt, t)− ε∥2

]
where ε is a function of (xt, x0) (since xt =

√
ᾱtx0 +

√
1 − ᾱtε). Hence ideally,

εθ(xt, t) = E [ε|xt]

Score matching training: Ideally,

sθ(xt, t) = ∇xt log pt(xt) = E
[
∇xt log pt|0(xt|x0)|xt

]
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Tweedie formulas

We derived the formulas for DDPM training without considering the score
function... but denoising and score functions are linked by Tweedie
formulas:

Theorem (Tweedie formulas)
If Y = aX + σZ with Z ∼ N (0, Id) independent of X, a > 0, σ > 0, then

Tweedie denoiser: E[X|Y] = 1
a

(
Y + σ2∇y log pY(Y)

)
Tweedie noise predictor: E[Z|Y] = −σ∇y log pY(Y)
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DDPM and Tweedie

If Y = aX + σZ, Tweedie denoiser: E[X|Y] = 1
a

(
Y + σ2∇y log pY(Y)

)
Tweedie noise predictor: E[Z|Y] = −σ∇y log pY(Y)

Tweedie for noise prediction: Predict the noise ε from xt:

xt =
√
ᾱtx0 +

√
1 − ᾱtε ⇒ E [ε|xt] = −

√
1 − ᾱt∇xt log pt(xt)

Tweedie for one-step denoising: Predict xt−1 from xt:

xt =
√
αt xt−1 +

√
βt zt ⇒ E[xt−1|xt] =

1√
αt

(xt + βt∇xt log pt(xt))

E[xt−1|xt] =
1√
αt

(
xt − βt√

1 − ᾱt
E [ε|xt]

)

µθ(xt, t) =
1√
αt

(
xt − βt√

1 − ᾱt
εθ(xt, t)

)
Remarks: We recover the expression of µθ(xt, t) without using the one of

µ̃(xt, x0) =
1√
αt

(
xt − βt√

1 − ᾱt
ε

)
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DDPM and Tweedie

If Y = aX + σZ, Tweedie denoiser: E[X|Y] = 1
a

(
Y + σ2∇y log pY(Y)

)
Tweedie noise predictor: E[Z|Y] = −σ∇y log pY(Y)

Tweedie for noise prediction: Predict the noise ε from xt:

xt =
√
ᾱtx0 +

√
1 − ᾱtε ⇒ E [ε|xt] = −

√
1 − ᾱt∇xt log pt(xt)

Tweedie for one-step denoising: Predict xt−1 from xt:

xt =
√
αt xt−1 +

√
βt zt ⇒ E[xt−1|xt] =

1√
αt

(xt + βt∇xt log pt(xt))

E[xt−1|xt] =
1√
αt

(
xt − βt√

1 − ᾱt
E [ε|xt]

)

µθ(xt, t) =
1√
αt

(
xt − βt√

1 − ᾱt
εθ(xt, t)

)
Remarks: We recover the expression of µθ(xt, t) without using the one of

µ̃(xt, x0) =
1√
αt

(
xt − βt√

1 − ᾱt
ε

)
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DDPM and score matching

To sum up:

• The three trainings strategies are the same (up to weighting constants).

• The only difference between the continuous SDE model and the discrete
DDPM model are the time values: t ∈ [0, T] VS. t = 1, . . . , T = 103.

• Good news: We can train a DDPM and use it for a deterministic
probability flow ODE (see also the DDIM model (Song et al., 2021a) for
stochastic to deterministic in the discrete case).

(source: (Song and Ermon, 2020))
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Diffusion models for imaging inverse
problems



Diffusion posterior sampling

We present Diffusion Posterior Sampling (DPS) for general noisy inverse
problems (Chung et al., 2023)

Figure 1: Solving noisy linear, and nonlinear inverse problems with diffusion models. Our recon-
struction results (right) from the measurements (left) are shown.

In this work, we devise a method to circumvent the intractability of posterior sampling by diffusion
models via a novel approximation, which can be generally applied to noisy inverse problems.
Specifically, we show that our method can efficiently handle both the Gaussian and the Poisson
measurement noise. Also, our framework easily extends to any nonlinear inverse problems, when
the gradients can be obtained through automatic differentiation. We further reveal that a recently
proposed method of manifold constrained gradients (MCG) (Chung et al., 2022a) is a special case
of the proposed method when the measurement is noiseless. With a geometric interpretation, we
further show that the proposed method is more likely to yield desirable sample paths in noisy setting
than the previous approach (Chung et al., 2022a). In addition, the proposed method fully runs on
the image domain rather than the spectral domain, thereby avoiding the computation of SVD for
efficient implementation. With extensive experiments including various inverse problems—inpainting,
super-resolution, (Gaussian/motion/non-uniform) deblurring, Fourier phase retrieval—we show that
our method serves as a general framework for solving general noisy inverse problems with superior
quality (Representative results shown in Fig. 1).

2 BACKGROUND

2.1 SCORE-BASED DIFFUSION MODELS

Diffusion models define the generative process as the reverse of the noising process. Specifically,
Song et al. (2021b) defines the Itô stochastic differential equation (SDE) for the data noising process
(i.e. forward SDE) x(t), t ∈ [0, T ], x(t) ∈ Rd ∀t in the following form1

dx = −β(t)
2

xdt+
√
β(t)dw, (1)

where β(t) : R → R > 0 is the noise schedule of the process, typically taken to be monotonically
increasing linear function of t (Ho et al., 2020), and w is the standard d−dimensional Wiener process.
The data distribution is defined when t = 0, i.e. x(0) ∼ pdata, and a simple, tractable distribution (e.g.
isotropic Gaussian) is achieved when t = T , i.e. x(T ) ∼ N (0, I).

Our aim is to recover the data generating distribution starting from the tractable distribution, which
can be achieved by writing down the corresponding reverse SDE of (1) (Anderson, 1982):

dx =

[
−β(t)

2
x− β(t)∇xt

log pt(xt)

]
dt+

√
β(t)dw̄, (2)

1In this work, we consider the variance preserving (VP) form of the SDE (Song et al., 2021b) which is
equivalent to Denoising Diffusion Probabilistic Models (DDPM) (Ho et al., 2020).

2

(source: (Chung et al., 2023))

See also (Song et al., 2023), (Kawar et al., 2022) for alternative methods.
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Conditional sampling

Let A be a linear operator from an inverse problem (masking operator for
inpainting, blur operator for deblurring, subsampling for SR, . . . ).

Given some observation
y = Axunknown + n

where n is some additive white Gaussian noise with variance σ2, we would
like to sample

p0(x0|Ax0 + n = y) = p0(x0|y)

to estimate xunknown in accordance with the prior of the generative model.
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Conditional sampling

From (Song et al., 2021b), we can consider the SDE for the conditional
distribution p0(x0|y):
Backward diffusion for VP-SDE: yt = xT−t

dyt = [βT−tyt + βT−t∇x=yt log pT−t(yt)] dt + βT−tdwt.

Conditional backward diffusion for VP-SDE: yt = xT−t

dyt = [βT−tyt + βT−t∇x=yt log pT−t(yt|y)] dt + βT−tdwt.

By Bayes rule:

log pT−t(yt|y) = log pT−t(y|yt) + log(pT−t(yt))− log(pT−t(y))

Thus,

∇x=yt log pT−t(yt|y) = ∇x=yt log pT−t(y|yt)︸ ︷︷ ︸
intractable

+∇x=yt log(pT−t(yt))︸ ︷︷ ︸
usual score function

For clarity, let us write the new term with forward notation:

∇x=yt log pT−t(y|yt) = ∇x=xt log pt(y|xt)
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Conditional sampling

(Chung et al., 2023) propose the following approximation:

log pt(y|xt) ≈ log pt(y|x0 = x̂0(xt, t))

with x̂0(xt, t) the estimate of the original image from the network.

Since

p(y|x0) =
1

(2πσ2)
n
2
exp

(
−∥y − Ax0∥2

2σ2

)
we finally approximate

∇x=xt log pt(y|xt) = − 1
2σ2 ∇xt∥y − Ax̂0(xt, t)∥2

• Computing ∇xt∥y − Ax̂0(xt, t)x0∥2 involves a backpropagation through the
Unet.

• One can expect this approximate conditional sampling to be twice as
long as the sampling procedure.
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Diffusion posterior sampling

(source: (Chung et al.,
2023))

• Usual DDPM sampling (notation with x̂0(xt, t) instead of εθ(xt, t).

µθ(xt, t) =
1√
αt

(
xt − βt√

1 − ᾱt
εθ(xt, t)

)
=

√
αt(1 − ᾱt−1)

1 − ᾱt
xt+

√
ᾱt−1βt

1 − ᾱt
x̂0(xt, t)

• Add a correction term to drive Ax̂0(xt, t) close to y.

• In practice ζi = ζt ∝ ∥y − Ax̂0(xt, t)∥−1.
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Diffusion posterior sampling: Results

• Very good results in terms of perceptual metric (LPIPS).

Inpainting:

xunknown y x̂0 xt

t = 999
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Diffusion posterior sampling: Results

• Very good results in terms of perceptual metric (LPIPS).

Inpainting:

xunknown y x̂0 xt

t = 900
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Diffusion posterior sampling: Results

• Very good results in terms of perceptual metric (LPIPS).

Inpainting:

xunknown y x̂0 xt

t = 800
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Diffusion posterior sampling: Results

• Very good results in terms of perceptual metric (LPIPS).

Inpainting:

xunknown y x̂0 xt

t = 700
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Diffusion posterior sampling: Results

• Very good results in terms of perceptual metric (LPIPS).

Inpainting:

xunknown y x̂0 xt

t = 600
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Diffusion posterior sampling: Results

• Very good results in terms of perceptual metric (LPIPS).

Inpainting:

xunknown y x̂0 xt

t = 500
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Diffusion posterior sampling: Results

• Very good results in terms of perceptual metric (LPIPS).

Inpainting:

xunknown y x̂0 xt

t = 400
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Diffusion posterior sampling: Results

• Very good results in terms of perceptual metric (LPIPS).

Inpainting:

xunknown y x̂0 xt

t = 300
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Diffusion posterior sampling: Results

• Very good results in terms of perceptual metric (LPIPS).

Inpainting:

xunknown y x̂0 xt

t = 200

Bruno Galerne Diffusion models MVA 2025-26 47 / 101



Diffusion posterior sampling: Results

• Very good results in terms of perceptual metric (LPIPS).

Inpainting:

xunknown y x̂0 xt

t = 100
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Diffusion posterior sampling: Results

• Very good results in terms of perceptual metric (LPIPS).

Inpainting:

xunknown y x̂0 xt

t = 0
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Diffusion posterior sampling: Inpainting results

• Very good results in terms of perceptual metric (LPIPS).

• Lack of symmetry.

• It can sometimes be really bad though!

original xunknown input y output x0

Bruno Galerne Diffusion models MVA 2025-26 48 / 101
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• Lack of symmetry.
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original xunknown input y output x0
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Diffusion posterior sampling: Inpainting results

• Very good results in terms of perceptual metric (LPIPS).

• Lack of symmetry.

• It can sometimes be really bad though!

original xunknown input y output x0
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Diffusion posterior sampling: Inpainting results

• For inpainting it can help to go back and forth in the diffusion process
(Lugmayr et al., 2022).

(source: (Lugmayr et al., 2022))
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Diffusion posterior sampling: Super-resolution results

• Super-resolution with a factor ×4.

• Very good results in terms of perceptual metric (LPIPS).

• Loss of details (skin defaults, etc.).

original xunknown input y output x0
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Diffusion posterior sampling: Super-resolution results

• Super-resolution with a factor ×4.

• Very good results in terms of perceptual metric (LPIPS).

• Loss of details (skin defaults, etc.).

original xunknown input y output x0

Bruno Galerne Diffusion models MVA 2025-26 50 / 101



Diffusion posterior sampling: Super-resolution results

• Super-resolution with a factor ×4.

• Very good results in terms of perceptual metric (LPIPS).

• Loss of details (skin defaults, etc.).

original xunknown input y output x0
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Conditional DDPM for super-resolution

• Super-resolution is often used to improve the quality of generated
images.

• One can train a specific DDPM for this task by conditioning the Unet with
the low resolution image εθ(xt, yLR, t).

From (Saharia et al., 2023):
“To condition the model on the
input yLR, we upsample the
low-resolution image to the tar-
get resolution using bicubic in-
terpolation. The result is con-
catenated with xt along the
channel dimension.”
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Conditional DDPM for super-resolution

Imagen pipeline:
Text conditioning
&
Conditional
super-resolution
via DDPM

(source: (Saharia et al., 2022))
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Latent diffusion model



Latent diffusion model

The pace of AI...

• June 2022: Publication of the stable diffusion paper (Rombach et al.,
2022) that introduces latent diffusion models.

• Aug. 2022: First public release of stable diffusion by stability AI:
Open-source text-to-image model (contrary to concurrent closed source
methods DALL·E 2 by OpenAI and Imagen by Google).

• Stable diffusion becomes a foundation model: Used by a lot of
researchers in computer vision:

• Faster sampling/distillation
• Better control
• Insert specific objects
• New areas: Videos, 3D objects, molecule generation, . . .

• Dec. 2023: Tutorial on Latent diffusion model at NeurIPS 2023: Full
slides here: https://neurips2023-ldm-tutorial.github.io/
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Latent Diffusion Models: 
Is the Generative AI Revolution Happening in Latent Space?

NeurIPS 2023 Tutorial

https://neurips2023-ldm-tutorial.github.io/

Karsten Kreis Ruiqi Gao Arash Vahdat
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Latent Diffusion Models
Map Data into Compressed Latent Space. Train Diffusion Model efficiently in Latent Space.

<latexit sha1_base64="EzGQgsxZnyUSW/9N0wmUetIEi1E=">AAAB+3icbVDLSsNAFJ3UV62vWJdugkVwVRIp6rLoxmUF+4AmlMlk0g6dTMLMjbSE/IobF4q49Ufc+TdO2iy09cDA4Zx7uWeOn3CmwLa/jcrG5tb2TnW3trd/cHhkHtd7Kk4loV0S81gOfKwoZ4J2gQGng0RSHPmc9v3pXeH3n6hULBaPME+oF+GxYCEjGLQ0MusuMB7QzI0wTPwwm+X5yGzYTXsBa504JWmgEp2R+eUGMUkjKoBwrNTQsRPwMiyBEU7zmpsqmmAyxWM61FTgiCovW2TPrXOtBFYYS/0EWAv190aGI6Xmka8ni4hq1SvE/7xhCuGNlzGRpEAFWR4KU25BbBVFWAGTlACfa4KJZDqrRSZYYgK6rpouwVn98jrpXTadq2brodVo35Z1VNEpOkMXyEHXqI3uUQd1EUEz9Ixe0ZuRGy/Gu/GxHK0Y5c4J+gPj8wfz5JUM</latexit>

x̃<latexit sha1_base64="gMTgjs7J9T7tfl8I4J/4iGZ8J/U=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F9Xzu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPADaRJQ==</latexit>x

<latexit sha1_base64="MJDpYX+0YC46ieNwkFiyca5CLkM=">AAACInicbZBLS8NAEMc39VXrK+rRy2IR2ktJpPg4CMUHeKxgH9CEstlu2qWbB7sbsYR8Fi9+FS8eFPUk+GHcpEG0dWDht/+ZYWb+TsiokIbxqRUWFpeWV4qrpbX1jc0tfXunLYKIY9LCAQt410GCMOqTlqSSkW7ICfIcRjrO+CLNd+4IFzTwb+UkJLaHhj51KUZSSX391JKUDUhseUiOHDe+TxJ4BrMfRiy+TCo/fJVzVlWt9vWyUTOygPNg5lAGeTT7+rs1CHDkEV9ihoTomUYo7RhxSTEjScmKBAkRHqMh6Sn0kUeEHWcnJvBAKQPoBlw9X8JM/d0RI0+IieeoynRHMZtLxf9yvUi6J3ZM/TCSxMfTQW7EoAxg6hccUE6wZBMFCHOqdoV4hDjCUrlaUiaYsyfPQ/uwZh7V6jf1cuM8t6MI9sA+qAATHIMGuAZN0AIYPIAn8AJetUftWXvTPqalBS3v2QV/Qvv6BnGepNQ=</latexit>

x̃ = D(E(x))

Vahdat et al., “Score-based Generative Modeling in Latent Space”, NeurIPS, 2021
Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR, 2022
Sinha et al., “D2C: Diffusion-Denoising Models for Few-shot Conditional Generation”, NeurIPS, 2021
Mittal et al., “Symbolic Music Generation with Diffusion Models”, ISMIR, 2021

Generative Denoising Process

<latexit sha1_base64="/PDT2vWe6o6iXUiQXS5t2Ep0wuw=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclRnxtSy6cVnBPrAtJZPeaUMzmSHJCHXoX7hxoYhb/8adf2OmnYW2HggczrmXnHv8WHBtXPfbWVpeWV1bL2wUN7e2d3ZLe/sNHSWKYZ1FIlItn2oUXGLdcCOwFSukoS+w6Y9uMr/5iErzSN6bcYzdkA4kDzijxkoPnZCaoR+kT5NeqexW3CnIIvFyUoYctV7pq9OPWBKiNExQrdueG5tuSpXhTOCk2Ek0xpSN6ADblkoaou6m08QTcmyVPgkiZZ80ZKr+3khpqPU49O1kllDPe5n4n9dOTHDVTbmME4OSzT4KEkFMRLLzSZ8rZEaMLaFMcZuVsCFVlBlbUtGW4M2fvEgapxXvonJ+d1auXud1FOAQjuAEPLiEKtxCDerAQMIzvMKbo50X5935mI0uOfnOAfyB8/kDA5KRKA==</latexit>z• Stage 1:

Train Autoencoder

Encoder Decoder
<latexit sha1_base64="ZN5pF882Ocw4Yue18VCwNEO6pAE=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1kUwWUF+4DpUDJppg3NJENyRyhDP8ONC0Xc+jXu/Bsz7Sy09UDgcM695NwTJoIbcN1vp7Syura+Ud6sbG3v7O5V9w/aRqWashZVQuluSAwTXLIWcBCsm2hG4lCwTji+zf3OE9OGK/kIk4QFMRlKHnFKwEp+LyYwokRkd9N+tebW3RnwMvEKUkMFmv3qV2+gaBozCVQQY3zPTSDIiAZOBZtWeqlhCaFjMmS+pZLEzATZLPIUn1hlgCOl7ZOAZ+rvjYzExkzi0E7mEc2il4v/eX4K0XWQcZmkwCSdfxSlAoPC+f14wDWjICaWEKq5zYrpiGhCwbZUsSV4iycvk/ZZ3busXzyc1xo3RR1ldISO0Sny0BVqoHvURC1EkULP6BW9OeC8OO/Ox3y05BQ7h+gPnM8feaKRZQ==</latexit>E <latexit sha1_base64="Mp+fyy1nsKBbBTnrEZouWnT6YhE=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1nUhcsK9gHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmlldW19o7xZ2dre2d2r7h+0jUo1ZS2qhNLdkBgmuGQt4CBYN9GMxKFgnXB8m/udJ6YNV/IRJgkLYjKUPOKUgJX8XkxgRInI7qb9as2tuzPgZeIVpIYKNPvVr95A0TRmEqggxviem0CQEQ2cCjat9FLDEkLHZMh8SyWJmQmyWeQpPrHKAEdK2ycBz9TfGxmJjZnEoZ3MI5pFLxf/8/wUousg4zJJgUk6/yhKBQaF8/vxgGtGQUwsIVRzmxXTEdGEgm2pYkvwFk9eJu2zundZv3g4rzVuijrK6Agdo1PkoSvUQPeoiVqIIoWe0St6c8B5cd6dj/loySl2DtEfOJ8/eB2RZA==</latexit>D

Pixelwise and/or Visual 
Feature Space (LPIPS) 

Reconstruction Objective

• Stage 2:

Train Latent
Diffusion Model

Latent embedding distribution 
modeled with Diffusion Model



23

Latent Diffusion Models
Map Data into Compressed Latent Space. Train Diffusion Model efficiently in Latent Space.

Vahdat et al., “Score-based Generative Modeling in Latent Space”, NeurIPS, 2021
Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR, 2022
Sinha et al., “D2C: Diffusion-Denoising Models for Few-shot Conditional Generation”, NeurIPS, 2021
Mittal et al., “Symbolic Music Generation with Diffusion Models”, ISMIR, 2021
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x̃<latexit sha1_base64="gMTgjs7J9T7tfl8I4J/4iGZ8J/U=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F9Xzu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPADaRJQ==</latexit>x

Generative Denoising Process
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<latexit sha1_base64="ZN5pF882Ocw4Yue18VCwNEO6pAE=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1kUwWUF+4DpUDJppg3NJENyRyhDP8ONC0Xc+jXu/Bsz7Sy09UDgcM695NwTJoIbcN1vp7Syura+Ud6sbG3v7O5V9w/aRqWashZVQuluSAwTXLIWcBCsm2hG4lCwTji+zf3OE9OGK/kIk4QFMRlKHnFKwEp+LyYwokRkd9N+tebW3RnwMvEKUkMFmv3qV2+gaBozCVQQY3zPTSDIiAZOBZtWeqlhCaFjMmS+pZLEzATZLPIUn1hlgCOl7ZOAZ+rvjYzExkzi0E7mEc2il4v/eX4K0XWQcZmkwCSdfxSlAoPC+f14wDWjICaWEKq5zYrpiGhCwbZUsSV4iycvk/ZZ3busXzyc1xo3RR1ldISO0Sny0BVqoHvURC1EkULP6BW9OeC8OO/Ox3y05BQ7h+gPnM8feaKRZQ==</latexit>E <latexit sha1_base64="Mp+fyy1nsKBbBTnrEZouWnT6YhE=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1nUhcsK9gHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmlldW19o7xZ2dre2d2r7h+0jUo1ZS2qhNLdkBgmuGQt4CBYN9GMxKFgnXB8m/udJ6YNV/IRJgkLYjKUPOKUgJX8XkxgRInI7qb9as2tuzPgZeIVpIYKNPvVr95A0TRmEqggxviem0CQEQ2cCjat9FLDEkLHZMh8SyWJmQmyWeQpPrHKAEdK2ycBz9TfGxmJjZnEoZ3MI5pFLxf/8/wUousg4zJJgUk6/yhKBQaF8/vxgGtGQUwsIVRzmxXTEdGEgm2pYkvwFk9eJu2zundZv3g4rzVuijrK6Agdo1PkoSvUQPeoiVqIIoWe0St6c8B5cd6dj/loySl2DtEfOJ8/eB2RZA==</latexit>D

Latent embedding distribution 
modeled with Diffusion Model

Advantages:

1. Compressed latent space: Train diffusion model in lower resolution latent space        computationally more efficiently

2. Regularized smooth/compressed latent space: Easier task for diffusion model and faster sampling

3. Flexibility: Autoencoder can be tailored to data (images, video, text, graphs, 3D point clouds, meshes, etc.) 
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Latent Diffusion Models
Map Data into Compressed Latent Space. Train Diffusion Model efficiently in Latent Space.

Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR, 2022
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x̃ = D(E(x))
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Latent Diffusion Models

<latexit sha1_base64="EzGQgsxZnyUSW/9N0wmUetIEi1E=">AAAB+3icbVDLSsNAFJ3UV62vWJdugkVwVRIp6rLoxmUF+4AmlMlk0g6dTMLMjbSE/IobF4q49Ufc+TdO2iy09cDA4Zx7uWeOn3CmwLa/jcrG5tb2TnW3trd/cHhkHtd7Kk4loV0S81gOfKwoZ4J2gQGng0RSHPmc9v3pXeH3n6hULBaPME+oF+GxYCEjGLQ0MusuMB7QzI0wTPwwm+X5yGzYTXsBa504JWmgEp2R+eUGMUkjKoBwrNTQsRPwMiyBEU7zmpsqmmAyxWM61FTgiCovW2TPrXOtBFYYS/0EWAv190aGI6Xmka8ni4hq1SvE/7xhCuGNlzGRpEAFWR4KU25BbBVFWAGTlACfa4KJZDqrRSZYYgK6rpouwVn98jrpXTadq2brodVo35Z1VNEpOkMXyEHXqI3uUQd1EUEz9Ixe0ZuRGy/Gu/GxHK0Y5c4J+gPj8wfz5JUM</latexit>

x̃<latexit sha1_base64="gMTgjs7J9T7tfl8I4J/4iGZ8J/U=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F9Xzu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPADaRJQ==</latexit>x

<latexit sha1_base64="MJDpYX+0YC46ieNwkFiyca5CLkM=">AAACInicbZBLS8NAEMc39VXrK+rRy2IR2ktJpPg4CMUHeKxgH9CEstlu2qWbB7sbsYR8Fi9+FS8eFPUk+GHcpEG0dWDht/+ZYWb+TsiokIbxqRUWFpeWV4qrpbX1jc0tfXunLYKIY9LCAQt410GCMOqTlqSSkW7ICfIcRjrO+CLNd+4IFzTwb+UkJLaHhj51KUZSSX391JKUDUhseUiOHDe+TxJ4BrMfRiy+TCo/fJVzVlWt9vWyUTOygPNg5lAGeTT7+rs1CHDkEV9ihoTomUYo7RhxSTEjScmKBAkRHqMh6Sn0kUeEHWcnJvBAKQPoBlw9X8JM/d0RI0+IieeoynRHMZtLxf9yvUi6J3ZM/TCSxMfTQW7EoAxg6hccUE6wZBMFCHOqdoV4hDjCUrlaUiaYsyfPQ/uwZh7V6jf1cuM8t6MI9sA+qAATHIMGuAZN0AIYPIAn8AJetUftWXvTPqalBS3v2QV/Qvv6BnGepNQ=</latexit>

x̃ = D(E(x))

Generative Denoising Process

<latexit sha1_base64="/PDT2vWe6o6iXUiQXS5t2Ep0wuw=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclRnxtSy6cVnBPrAtJZPeaUMzmSHJCHXoX7hxoYhb/8adf2OmnYW2HggczrmXnHv8WHBtXPfbWVpeWV1bL2wUN7e2d3ZLe/sNHSWKYZ1FIlItn2oUXGLdcCOwFSukoS+w6Y9uMr/5iErzSN6bcYzdkA4kDzijxkoPnZCaoR+kT5NeqexW3CnIIvFyUoYctV7pq9OPWBKiNExQrdueG5tuSpXhTOCk2Ek0xpSN6ADblkoaou6m08QTcmyVPgkiZZ80ZKr+3khpqPU49O1kllDPe5n4n9dOTHDVTbmME4OSzT4KEkFMRLLzSZ8rZEaMLaFMcZuVsCFVlBlbUtGW4M2fvEgapxXvonJ+d1auXud1FOAQjuAEPLiEKtxCDerAQMIzvMKbo50X5935mI0uOfnOAfyB8/kDA5KRKA==</latexit>z• Stage 1:

Train Autoencoder

Encoder Decoder
<latexit sha1_base64="ZN5pF882Ocw4Yue18VCwNEO6pAE=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1kUwWUF+4DpUDJppg3NJENyRyhDP8ONC0Xc+jXu/Bsz7Sy09UDgcM695NwTJoIbcN1vp7Syura+Ud6sbG3v7O5V9w/aRqWashZVQuluSAwTXLIWcBCsm2hG4lCwTji+zf3OE9OGK/kIk4QFMRlKHnFKwEp+LyYwokRkd9N+tebW3RnwMvEKUkMFmv3qV2+gaBozCVQQY3zPTSDIiAZOBZtWeqlhCaFjMmS+pZLEzATZLPIUn1hlgCOl7ZOAZ+rvjYzExkzi0E7mEc2il4v/eX4K0XWQcZmkwCSdfxSlAoPC+f14wDWjICaWEKq5zYrpiGhCwbZUsSV4iycvk/ZZ3busXzyc1xo3RR1ldISO0Sny0BVqoHvURC1EkULP6BW9OeC8OO/Ox3y05BQ7h+gPnM8feaKRZQ==</latexit>E <latexit sha1_base64="Mp+fyy1nsKBbBTnrEZouWnT6YhE=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1nUhcsK9gHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmlldW19o7xZ2dre2d2r7h+0jUo1ZS2qhNLdkBgmuGQt4CBYN9GMxKFgnXB8m/udJ6YNV/IRJgkLYjKUPOKUgJX8XkxgRInI7qb9as2tuzPgZeIVpIYKNPvVr95A0TRmEqggxviem0CQEQ2cCjat9FLDEkLHZMh8SyWJmQmyWeQpPrHKAEdK2ycBz9TfGxmJjZnEoZ3MI5pFLxf/8/wUousg4zJJgUk6/yhKBQaF8/vxgGtGQUwsIVRzmxXTEdGEgm2pYkvwFk9eJu2zundZv3g4rzVuijrK6Agdo1PkoSvUQPeoiVqIIoWe0St6c8B5cd6dj/loySl2DtEfOJ8/eB2RZA==</latexit>D

Pixelwise and/or Visual 
Feature Space (LPIPS) 

Reconstruction Objective

• Stage 2:

Train Latent
Diffusion Model

Latent embedding distribution 
modeled with Diffusion Model

Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR, 2022

Add Adversarial Patch-based Discriminator on top of Reconstruction Loss for Perceptual Compression
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Latent Diffusion Models
Add Adversarial Patch-based Discriminator on top of Reconstruction Loss for Perceptual Compression

Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR, 2022

<latexit sha1_base64="EzGQgsxZnyUSW/9N0wmUetIEi1E=">AAAB+3icbVDLSsNAFJ3UV62vWJdugkVwVRIp6rLoxmUF+4AmlMlk0g6dTMLMjbSE/IobF4q49Ufc+TdO2iy09cDA4Zx7uWeOn3CmwLa/jcrG5tb2TnW3trd/cHhkHtd7Kk4loV0S81gOfKwoZ4J2gQGng0RSHPmc9v3pXeH3n6hULBaPME+oF+GxYCEjGLQ0MusuMB7QzI0wTPwwm+X5yGzYTXsBa504JWmgEp2R+eUGMUkjKoBwrNTQsRPwMiyBEU7zmpsqmmAyxWM61FTgiCovW2TPrXOtBFYYS/0EWAv190aGI6Xmka8ni4hq1SvE/7xhCuGNlzGRpEAFWR4KU25BbBVFWAGTlACfa4KJZDqrRSZYYgK6rpouwVn98jrpXTadq2brodVo35Z1VNEpOkMXyEHXqI3uUQd1EUEz9Ixe0ZuRGy/Gu/GxHK0Y5c4J+gPj8wfz5JUM</latexit>

x̃<latexit sha1_base64="gMTgjs7J9T7tfl8I4J/4iGZ8J/U=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F9Xzu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPADaRJQ==</latexit>x

<latexit sha1_base64="MJDpYX+0YC46ieNwkFiyca5CLkM=">AAACInicbZBLS8NAEMc39VXrK+rRy2IR2ktJpPg4CMUHeKxgH9CEstlu2qWbB7sbsYR8Fi9+FS8eFPUk+GHcpEG0dWDht/+ZYWb+TsiokIbxqRUWFpeWV4qrpbX1jc0tfXunLYKIY9LCAQt410GCMOqTlqSSkW7ICfIcRjrO+CLNd+4IFzTwb+UkJLaHhj51KUZSSX391JKUDUhseUiOHDe+TxJ4BrMfRiy+TCo/fJVzVlWt9vWyUTOygPNg5lAGeTT7+rs1CHDkEV9ihoTomUYo7RhxSTEjScmKBAkRHqMh6Sn0kUeEHWcnJvBAKQPoBlw9X8JM/d0RI0+IieeoynRHMZtLxf9yvUi6J3ZM/TCSxMfTQW7EoAxg6hccUE6wZBMFCHOqdoV4hDjCUrlaUiaYsyfPQ/uwZh7V6jf1cuM8t6MI9sA+qAATHIMGuAZN0AIYPIAn8AJetUftWXvTPqalBS3v2QV/Qvv6BnGepNQ=</latexit>

x̃ = D(E(x))

Generative Denoising Process

<latexit sha1_base64="/PDT2vWe6o6iXUiQXS5t2Ep0wuw=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclRnxtSy6cVnBPrAtJZPeaUMzmSHJCHXoX7hxoYhb/8adf2OmnYW2HggczrmXnHv8WHBtXPfbWVpeWV1bL2wUN7e2d3ZLe/sNHSWKYZ1FIlItn2oUXGLdcCOwFSukoS+w6Y9uMr/5iErzSN6bcYzdkA4kDzijxkoPnZCaoR+kT5NeqexW3CnIIvFyUoYctV7pq9OPWBKiNExQrdueG5tuSpXhTOCk2Ek0xpSN6ADblkoaou6m08QTcmyVPgkiZZ80ZKr+3khpqPU49O1kllDPe5n4n9dOTHDVTbmME4OSzT4KEkFMRLLzSZ8rZEaMLaFMcZuVsCFVlBlbUtGW4M2fvEgapxXvonJ+d1auXud1FOAQjuAEPLiEKtxCDerAQMIzvMKbo50X5935mI0uOfnOAfyB8/kDA5KRKA==</latexit>z• Stage 1:

Train Autoencoder

Encoder Decoder
<latexit sha1_base64="ZN5pF882Ocw4Yue18VCwNEO6pAE=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1kUwWUF+4DpUDJppg3NJENyRyhDP8ONC0Xc+jXu/Bsz7Sy09UDgcM695NwTJoIbcN1vp7Syura+Ud6sbG3v7O5V9w/aRqWashZVQuluSAwTXLIWcBCsm2hG4lCwTji+zf3OE9OGK/kIk4QFMRlKHnFKwEp+LyYwokRkd9N+tebW3RnwMvEKUkMFmv3qV2+gaBozCVQQY3zPTSDIiAZOBZtWeqlhCaFjMmS+pZLEzATZLPIUn1hlgCOl7ZOAZ+rvjYzExkzi0E7mEc2il4v/eX4K0XWQcZmkwCSdfxSlAoPC+f14wDWjICaWEKq5zYrpiGhCwbZUsSV4iycvk/ZZ3busXzyc1xo3RR1ldISO0Sny0BVqoHvURC1EkULP6BW9OeC8OO/Ox3y05BQ7h+gPnM8feaKRZQ==</latexit>E <latexit sha1_base64="Mp+fyy1nsKBbBTnrEZouWnT6YhE=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1nUhcsK9gHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmlldW19o7xZ2dre2d2r7h+0jUo1ZS2qhNLdkBgmuGQt4CBYN9GMxKFgnXB8m/udJ6YNV/IRJgkLYjKUPOKUgJX8XkxgRInI7qb9as2tuzPgZeIVpIYKNPvVr95A0TRmEqggxviem0CQEQ2cCjat9FLDEkLHZMh8SyWJmQmyWeQpPrHKAEdK2ycBz9TfGxmJjZnEoZ3MI5pFLxf/8/wUousg4zJJgUk6/yhKBQaF8/vxgGtGQUwsIVRzmxXTEdGEgm2pYkvwFk9eJu2zundZv3g4rzVuijrK6Agdo1PkoSvUQPeoiVqIIoWe0St6c8B5cd6dj/loySl2DtEfOJ8/eB2RZA==</latexit>D

• Stage 2:

Train Latent
Diffusion Model

Latent embedding distribution 
modeled with Diffusion Model

Discriminator

<latexit sha1_base64="+blm+0JX4UruYvt+wIAKZtbQiBk=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKe6Kr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXJtRKwecJxwP6IDJULBKFrp3j3xeuWKW3VnIH+Jl5MK5Kj3yp/dfszSiCtkkhrT8dwE/YxqFEzySambGp5QNqID3rFU0YgbP5udOiFHVumTMNa2FJKZ+nMio5Ex4yiwnRHFoVn0puJ/XifF8MrPhEpS5IrNF4WpJBiT6d+kLzRnKMeWUKaFvZWwIdWUoU2nZEPwFl/+S5qnVe+ien53Vqld53EU4QAO4Rg8uIQa3EIdGsBgAE/wAq+OdJ6dN+d93lpw8pl9+AXn4xtYQY0y</latexit>

0/1
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Reconstruction without 
Discriminator

Reconstruction with 
Discriminator

Input
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What makes an image look 
realistic and high-quality?
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Realistic Global Structure 
(correct placement of ears, 

eyes, fur pattern, etc.)
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Realistic Local Details 
(fine-grained texture)
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Compression/Encoding in Diffusion Models

Ho et al., “Denoising Diffusion Probabilistic Models”, NeurIPS, 2020

Only             
(pure noise) Latent variables (noisy 

data) along denoising 

diffusion chain.

<latexit sha1_base64="slyFlkoR4BgwhPc1WDfDuSbPIxk=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclUR8LYtuXFboC5pQJtNJO3QyCfMQS+hvuHGhiFt/xp1/46TNQlsPDBzOuZd75oQpZ0q77rezsrq2vrFZ2ipv7+zu7VcODtsqMZLQFkl4IrshVpQzQVuaaU67qaQ4DjnthOO73O88UqlYIpp6ktIgxkPBIkawtpLvx1iPwih7mvab/UrVrbkzoGXiFaQKBRr9ypc/SIiJqdCEY6V6npvqIMNSM8LptOwbRVNMxnhIe5YKHFMVZLPMU3RqlQGKEmmf0Gim/t7IcKzUJA7tZJ5RLXq5+J/XMzq6CTImUqOpIPNDkeFIJygvAA2YpETziSWYSGazIjLCEhNtayrbErzFLy+T9nnNu6pdPlxU67dFHSU4hhM4Aw+uoQ730IAWEEjhGV7hzTHOi/PufMxHV5xi5wj+wPn8AWKske0=</latexit>xT

<latexit sha1_base64="pTuTcC96ZqSH+yyQZdnTyD5S/JQ=">AAAB+3icbVDLSsNAFL2pr1pfsS7dBIvgqiTia9FF0Y3LCn1BG8JkOmmHTiZhZiItIb/ixoUibv0Rd/6NkzYLrR4YOJxzL/fM8WNGpbLtL6O0tr6xuVXeruzs7u0fmIfVrowSgUkHRywSfR9JwignHUUVI/1YEBT6jPT86V3u9x6JkDTibTWPiRuiMacBxUhpyTOrwxCpiR+ks8xL7YZqtDPPrNl1ewHrL3EKUoMCLc/8HI4inISEK8yQlAPHjpWbIqEoZiSrDBNJYoSnaEwGmnIUEummi+yZdaqVkRVEQj+urIX6cyNFoZTz0NeTeVK56uXif94gUcGNm1IeJ4pwvDwUJMxSkZUXYY2oIFixuSYIC6qzWniCBMJK11XRJTirX/5Luud156p++XBRa94WdZThGE7gDBy4hibcQws6gGEGT/ACr0ZmPBtvxvtytGQUO0fwC8bHNwHrlG4=</latexit>x0<t<TIntermediate
(Almost) <latexit sha1_base64="HXfO7+v6I/ST4J9vIwJ1ZeU8GrQ=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyIr2XRjcsK9gGdoWTSTBuaSYYkI5ahv+HGhSJu/Rl3/o2ZdhbaeiBwOOde7skJE860cd1vp7Syura+Ud6sbG3v7O5V9w/aWqaK0BaRXKpuiDXlTNCWYYbTbqIojkNOO+H4Nvc7j1RpJsWDmSQ0iPFQsIgRbKzk+zE2ozDKnqZ9t1+tuXV3BrRMvILUoECzX/3yB5KkMRWGcKx1z3MTE2RYGUY4nVb8VNMEkzEe0p6lAsdUB9ks8xSdWGWAIqnsEwbN1N8bGY61nsShncwz6kUvF//zeqmJroOMiSQ1VJD5oSjlyEiUF4AGTFFi+MQSTBSzWREZYYWJsTVVbAne4peXSfus7l3WL+7Pa42boo4yHMExnIIHV9CAO2hCCwgk8Ayv8Oakzovz7nzMR0tOsXMIf+B8/gAsHJHJ</latexit>x0

Diffusion models encode images in their noisy latent states.
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Compression/Encoding in Diffusion Models

Ho et al., “Denoising Diffusion Probabilistic Models”, NeurIPS, 2020

Only             
(pure noise) Latent variables (noisy 

data) along denoising 

diffusion chain.

<latexit sha1_base64="slyFlkoR4BgwhPc1WDfDuSbPIxk=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclUR8LYtuXFboC5pQJtNJO3QyCfMQS+hvuHGhiFt/xp1/46TNQlsPDBzOuZd75oQpZ0q77rezsrq2vrFZ2ipv7+zu7VcODtsqMZLQFkl4IrshVpQzQVuaaU67qaQ4DjnthOO73O88UqlYIpp6ktIgxkPBIkawtpLvx1iPwih7mvab/UrVrbkzoGXiFaQKBRr9ypc/SIiJqdCEY6V6npvqIMNSM8LptOwbRVNMxnhIe5YKHFMVZLPMU3RqlQGKEmmf0Gim/t7IcKzUJA7tZJ5RLXq5+J/XMzq6CTImUqOpIPNDkeFIJygvAA2YpETziSWYSGazIjLCEhNtayrbErzFLy+T9nnNu6pdPlxU67dFHSU4hhM4Aw+uoQ730IAWEEjhGV7hzTHOi/PufMxHV5xi5wj+wPn8AWKske0=</latexit>xT

Diffusion models encode images in their noisy latent states.

Local, Imperceptible 
Details

Large-scale 
Image Structure

<latexit sha1_base64="pTuTcC96ZqSH+yyQZdnTyD5S/JQ=">AAAB+3icbVDLSsNAFL2pr1pfsS7dBIvgqiTia9FF0Y3LCn1BG8JkOmmHTiZhZiItIb/ixoUibv0Rd/6NkzYLrR4YOJxzL/fM8WNGpbLtL6O0tr6xuVXeruzs7u0fmIfVrowSgUkHRywSfR9JwignHUUVI/1YEBT6jPT86V3u9x6JkDTibTWPiRuiMacBxUhpyTOrwxCpiR+ks8xL7YZqtDPPrNl1ewHrL3EKUoMCLc/8HI4inISEK8yQlAPHjpWbIqEoZiSrDBNJYoSnaEwGmnIUEummi+yZdaqVkRVEQj+urIX6cyNFoZTz0NeTeVK56uXif94gUcGNm1IeJ4pwvDwUJMxSkZUXYY2oIFixuSYIC6qzWniCBMJK11XRJTirX/5Luud156p++XBRa94WdZThGE7gDBy4hibcQws6gGEGT/ACr0ZmPBtvxvtytGQUO0fwC8bHNwHrlG4=</latexit>x0<t<TIntermediate
(Almost) <latexit sha1_base64="HXfO7+v6I/ST4J9vIwJ1ZeU8GrQ=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyIr2XRjcsK9gGdoWTSTBuaSYYkI5ahv+HGhSJu/Rl3/o2ZdhbaeiBwOOde7skJE860cd1vp7Syura+Ud6sbG3v7O5V9w/aWqaK0BaRXKpuiDXlTNCWYYbTbqIojkNOO+H4Nvc7j1RpJsWDmSQ0iPFQsIgRbKzk+zE2ozDKnqZ9t1+tuXV3BrRMvILUoECzX/3yB5KkMRWGcKx1z3MTE2RYGUY4nVb8VNMEkzEe0p6lAsdUB9ks8xSdWGWAIqnsEwbN1N8bGY61nsShncwz6kUvF//zeqmJroOMiSQ1VJD5oSjlyEiUF4AGTFFi+MQSTBSzWREZYYWJsTVVbAne4peXSfus7l3WL+7Pa42boo4yHMExnIIHV9CAO2hCCwgk8Ayv8Oakzovz7nzMR0tOsXMIf+B8/gAsHJHJ</latexit>x0
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Perceptual and Semantic Compression in Diffusion Models

Ho et al., “Denoising Diffusion Probabilistic Models”, NeurIPS, 2020

Local, Imperceptible 
Details

Large-scale 
Image Structure

Semantic Compression

Perceptual Compression

Only             
(pure noise)

Intermediate
(Almost)

<latexit sha1_base64="slyFlkoR4BgwhPc1WDfDuSbPIxk=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclUR8LYtuXFboC5pQJtNJO3QyCfMQS+hvuHGhiFt/xp1/46TNQlsPDBzOuZd75oQpZ0q77rezsrq2vrFZ2ipv7+zu7VcODtsqMZLQFkl4IrshVpQzQVuaaU67qaQ4DjnthOO73O88UqlYIpp6ktIgxkPBIkawtpLvx1iPwih7mvab/UrVrbkzoGXiFaQKBRr9ypc/SIiJqdCEY6V6npvqIMNSM8LptOwbRVNMxnhIe5YKHFMVZLPMU3RqlQGKEmmf0Gim/t7IcKzUJA7tZJ5RLXq5+J/XMzq6CTImUqOpIPNDkeFIJygvAA2YpETziSWYSGazIjLCEhNtayrbErzFLy+T9nnNu6pdPlxU67dFHSU4hhM4Aw+uoQ730IAWEEjhGV7hzTHOi/PufMxHV5xi5wj+wPn8AWKske0=</latexit>xT

<latexit sha1_base64="pTuTcC96ZqSH+yyQZdnTyD5S/JQ=">AAAB+3icbVDLSsNAFL2pr1pfsS7dBIvgqiTia9FF0Y3LCn1BG8JkOmmHTiZhZiItIb/ixoUibv0Rd/6NkzYLrR4YOJxzL/fM8WNGpbLtL6O0tr6xuVXeruzs7u0fmIfVrowSgUkHRywSfR9JwignHUUVI/1YEBT6jPT86V3u9x6JkDTibTWPiRuiMacBxUhpyTOrwxCpiR+ks8xL7YZqtDPPrNl1ewHrL3EKUoMCLc/8HI4inISEK8yQlAPHjpWbIqEoZiSrDBNJYoSnaEwGmnIUEummi+yZdaqVkRVEQj+urIX6cyNFoZTz0NeTeVK56uXif94gUcGNm1IeJ4pwvDwUJMxSkZUXYY2oIFixuSYIC6qzWniCBMJK11XRJTirX/5Luud156p++XBRa94WdZThGE7gDBy4hibcQws6gGEGT/ACr0ZmPBtvxvtytGQUO0fwC8bHNwHrlG4=</latexit>x0<t<T

<latexit sha1_base64="HXfO7+v6I/ST4J9vIwJ1ZeU8GrQ=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyIr2XRjcsK9gGdoWTSTBuaSYYkI5ahv+HGhSJu/Rl3/o2ZdhbaeiBwOOde7skJE860cd1vp7Syura+Ud6sbG3v7O5V9w/aWqaK0BaRXKpuiDXlTNCWYYbTbqIojkNOO+H4Nvc7j1RpJsWDmSQ0iPFQsIgRbKzk+zE2ozDKnqZ9t1+tuXV3BrRMvILUoECzX/3yB5KkMRWGcKx1z3MTE2RYGUY4nVb8VNMEkzEe0p6lAsdUB9ks8xSdWGWAIqnsEwbN1N8bGY61nsShncwz6kUvF//zeqmJroOMiSQ1VJD5oSjlyEiUF4AGTFFi+MQSTBSzWREZYYWJsTVVbAne4peXSfus7l3WL+7Pa42boo4yHMExnIIHV9CAO2hCCwgk8Ayv8Oakzovz7nzMR0tOsXMIf+B8/gAsHJHJ</latexit>x0

Diffusion models encode images in their noisy latent states.
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Perceptual and Semantic Compression in Latent Diffusion Models

Local, Imperceptible 
Details

Large-scale 
Image Structure

Semantic Compression

Perceptual Compression

Generative Model:
Latent Diffusion Model (LDM)

Autoencoder + GAN

LDMs: Latent diffusion model for large-scale structure, Autoencoder/GAN for local details.
Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR, 2022
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Latent Space Regularization
Regularize Latent Space for better Compression and easier Training of Latent Space Diffusion Models

• Option 1: Kullback-Leibler (KL) regularization

Parametrize encoder by diagonal Gaussian, 
regularize towards standard normal distribution, 
as in regular VAEs.

Use very small weight for KL regularization term 
(weak regularization).

<latexit sha1_base64="/sTH72TVLbY89eTKS0nnjEQ5H8I="></latexit>

qE(z|x) = N (z; Eµ, E2
�)

<latexit sha1_base64="rg5kaaUwpm6uARxNEFx8OYva5lM="></latexit>

KL (qE(z|x)||N (z;0, I))

Encoder distribution:

KL regularization in latent space:

Regularize latents !

Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR, 2022

<latexit sha1_base64="EzGQgsxZnyUSW/9N0wmUetIEi1E=">AAAB+3icbVDLSsNAFJ3UV62vWJdugkVwVRIp6rLoxmUF+4AmlMlk0g6dTMLMjbSE/IobF4q49Ufc+TdO2iy09cDA4Zx7uWeOn3CmwLa/jcrG5tb2TnW3trd/cHhkHtd7Kk4loV0S81gOfKwoZ4J2gQGng0RSHPmc9v3pXeH3n6hULBaPME+oF+GxYCEjGLQ0MusuMB7QzI0wTPwwm+X5yGzYTXsBa504JWmgEp2R+eUGMUkjKoBwrNTQsRPwMiyBEU7zmpsqmmAyxWM61FTgiCovW2TPrXOtBFYYS/0EWAv190aGI6Xmka8ni4hq1SvE/7xhCuGNlzGRpEAFWR4KU25BbBVFWAGTlACfa4KJZDqrRSZYYgK6rpouwVn98jrpXTadq2brodVo35Z1VNEpOkMXyEHXqI3uUQd1EUEz9Ixe0ZuRGy/Gu/GxHK0Y5c4J+gPj8wfz5JUM</latexit>

x̃<latexit sha1_base64="gMTgjs7J9T7tfl8I4J/4iGZ8J/U=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F9Xzu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPADaRJQ==</latexit>x <latexit sha1_base64="/PDT2vWe6o6iXUiQXS5t2Ep0wuw=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclRnxtSy6cVnBPrAtJZPeaUMzmSHJCHXoX7hxoYhb/8adf2OmnYW2HggczrmXnHv8WHBtXPfbWVpeWV1bL2wUN7e2d3ZLe/sNHSWKYZ1FIlItn2oUXGLdcCOwFSukoS+w6Y9uMr/5iErzSN6bcYzdkA4kDzijxkoPnZCaoR+kT5NeqexW3CnIIvFyUoYctV7pq9OPWBKiNExQrdueG5tuSpXhTOCk2Ek0xpSN6ADblkoaou6m08QTcmyVPgkiZZ80ZKr+3khpqPU49O1kllDPe5n4n9dOTHDVTbmME4OSzT4KEkFMRLLzSZ8rZEaMLaFMcZuVsCFVlBlbUtGW4M2fvEgapxXvonJ+d1auXud1FOAQjuAEPLiEKtxCDerAQMIzvMKbo50X5935mI0uOfnOAfyB8/kDA5KRKA==</latexit>zEncoder Decoder
<latexit sha1_base64="ZN5pF882Ocw4Yue18VCwNEO6pAE=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1kUwWUF+4DpUDJppg3NJENyRyhDP8ONC0Xc+jXu/Bsz7Sy09UDgcM695NwTJoIbcN1vp7Syura+Ud6sbG3v7O5V9w/aRqWashZVQuluSAwTXLIWcBCsm2hG4lCwTji+zf3OE9OGK/kIk4QFMRlKHnFKwEp+LyYwokRkd9N+tebW3RnwMvEKUkMFmv3qV2+gaBozCVQQY3zPTSDIiAZOBZtWeqlhCaFjMmS+pZLEzATZLPIUn1hlgCOl7ZOAZ+rvjYzExkzi0E7mEc2il4v/eX4K0XWQcZmkwCSdfxSlAoPC+f14wDWjICaWEKq5zYrpiGhCwbZUsSV4iycvk/ZZ3busXzyc1xo3RR1ldISO0Sny0BVqoHvURC1EkULP6BW9OeC8OO/Ox3y05BQ7h+gPnM8feaKRZQ==</latexit>E <latexit sha1_base64="Mp+fyy1nsKBbBTnrEZouWnT6YhE=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1nUhcsK9gHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmlldW19o7xZ2dre2d2r7h+0jUo1ZS2qhNLdkBgmuGQt4CBYN9GMxKFgnXB8m/udJ6YNV/IRJgkLYjKUPOKUgJX8XkxgRInI7qb9as2tuzPgZeIVpIYKNPvVr95A0TRmEqggxviem0CQEQ2cCjat9FLDEkLHZMh8SyWJmQmyWeQpPrHKAEdK2ycBz9TfGxmJjZnEoZ3MI5pFLxf/8/wUousg4zJJgUk6/yhKBQaF8/vxgGtGQUwsIVRzmxXTEdGEgm2pYkvwFk9eJu2zundZv3g4rzVuijrK6Agdo1PkoSvUQPeoiVqIIoWe0St6c8B5cd6dj/loySl2DtEfOJ8/eB2RZA==</latexit>D Discriminator

<latexit sha1_base64="+blm+0JX4UruYvt+wIAKZtbQiBk=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKe6Kr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXJtRKwecJxwP6IDJULBKFrp3j3xeuWKW3VnIH+Jl5MK5Kj3yp/dfszSiCtkkhrT8dwE/YxqFEzySambGp5QNqID3rFU0YgbP5udOiFHVumTMNa2FJKZ+nMio5Ex4yiwnRHFoVn0puJ/XifF8MrPhEpS5IrNF4WpJBiT6d+kLzRnKMeWUKaFvZWwIdWUoU2nZEPwFl/+S5qnVe+ien53Vqld53EU4QAO4Rg8uIQa3EIdGsBgAE/wAq+OdJ6dN+d93lpw8pl9+AXn4xtYQY0y</latexit>

0/1

<latexit sha1_base64="/PDT2vWe6o6iXUiQXS5t2Ep0wuw=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclRnxtSy6cVnBPrAtJZPeaUMzmSHJCHXoX7hxoYhb/8adf2OmnYW2HggczrmXnHv8WHBtXPfbWVpeWV1bL2wUN7e2d3ZLe/sNHSWKYZ1FIlItn2oUXGLdcCOwFSukoS+w6Y9uMr/5iErzSN6bcYzdkA4kDzijxkoPnZCaoR+kT5NeqexW3CnIIvFyUoYctV7pq9OPWBKiNExQrdueG5tuSpXhTOCk2Ek0xpSN6ADblkoaou6m08QTcmyVPgkiZZ80ZKr+3khpqPU49O1kllDPe5n4n9dOTHDVTbmME4OSzT4KEkFMRLLzSZ8rZEaMLaFMcZuVsCFVlBlbUtGW4M2fvEgapxXvonJ+d1auXud1FOAQjuAEPLiEKtxCDerAQMIzvMKbo50X5935mI0uOfnOAfyB8/kDA5KRKA==</latexit>z



Details on auto-encoder training

The auto-encoder is trained as a VAE+GAN

• E : (Stochastic) encoder, E(x) = (Eµ(x), Eσ(x))

• D: (Stochastic) decoder

• D: Patch-based discriminator (like for SRGAN, pix2pix,...)

min
E,D

max
D

LAutoencoder(x)

LAutoencoder(x) = Lreg(x, E ,D) + Lrec(x,D(E(x))) + Ladv(D, x,D(E(x)))

where
Lreg(x, E ,D) = λDKL(N (Eµ(x),diag(Eσ(x)2))||N (0, Id))

=
λ

2

k∑
j=1

(
µj(x)2 + σj(x)2 − 1 − log σj(x)2

)
xrec = D(z) with z = Eµ(x) + Eσ(x)⊙ ε, ε ∼ N (0, Id).

Lrec(x,D(E(x))) = ∥x − xrec∥2

Ladv(D, x,D(E(x))) = log(D(x)) + log(1 − D(xrec))

Bruno Galerne Diffusion models MVA 2025-26 69 / 101
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Latent Space Regularization
Regularize Latent Space for better Compression and easier Training of Latent Space Diffusion Models

Regularize latents !

<latexit sha1_base64="EzGQgsxZnyUSW/9N0wmUetIEi1E=">AAAB+3icbVDLSsNAFJ3UV62vWJdugkVwVRIp6rLoxmUF+4AmlMlk0g6dTMLMjbSE/IobF4q49Ufc+TdO2iy09cDA4Zx7uWeOn3CmwLa/jcrG5tb2TnW3trd/cHhkHtd7Kk4loV0S81gOfKwoZ4J2gQGng0RSHPmc9v3pXeH3n6hULBaPME+oF+GxYCEjGLQ0MusuMB7QzI0wTPwwm+X5yGzYTXsBa504JWmgEp2R+eUGMUkjKoBwrNTQsRPwMiyBEU7zmpsqmmAyxWM61FTgiCovW2TPrXOtBFYYS/0EWAv190aGI6Xmka8ni4hq1SvE/7xhCuGNlzGRpEAFWR4KU25BbBVFWAGTlACfa4KJZDqrRSZYYgK6rpouwVn98jrpXTadq2brodVo35Z1VNEpOkMXyEHXqI3uUQd1EUEz9Ixe0ZuRGy/Gu/GxHK0Y5c4J+gPj8wfz5JUM</latexit>

x̃<latexit sha1_base64="gMTgjs7J9T7tfl8I4J/4iGZ8J/U=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F9Xzu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPADaRJQ==</latexit>x <latexit sha1_base64="/PDT2vWe6o6iXUiQXS5t2Ep0wuw=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclRnxtSy6cVnBPrAtJZPeaUMzmSHJCHXoX7hxoYhb/8adf2OmnYW2HggczrmXnHv8WHBtXPfbWVpeWV1bL2wUN7e2d3ZLe/sNHSWKYZ1FIlItn2oUXGLdcCOwFSukoS+w6Y9uMr/5iErzSN6bcYzdkA4kDzijxkoPnZCaoR+kT5NeqexW3CnIIvFyUoYctV7pq9OPWBKiNExQrdueG5tuSpXhTOCk2Ek0xpSN6ADblkoaou6m08QTcmyVPgkiZZ80ZKr+3khpqPU49O1kllDPe5n4n9dOTHDVTbmME4OSzT4KEkFMRLLzSZ8rZEaMLaFMcZuVsCFVlBlbUtGW4M2fvEgapxXvonJ+d1auXud1FOAQjuAEPLiEKtxCDerAQMIzvMKbo50X5935mI0uOfnOAfyB8/kDA5KRKA==</latexit>zEncoder Decoder
<latexit sha1_base64="ZN5pF882Ocw4Yue18VCwNEO6pAE=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1kUwWUF+4DpUDJppg3NJENyRyhDP8ONC0Xc+jXu/Bsz7Sy09UDgcM695NwTJoIbcN1vp7Syura+Ud6sbG3v7O5V9w/aRqWashZVQuluSAwTXLIWcBCsm2hG4lCwTji+zf3OE9OGK/kIk4QFMRlKHnFKwEp+LyYwokRkd9N+tebW3RnwMvEKUkMFmv3qV2+gaBozCVQQY3zPTSDIiAZOBZtWeqlhCaFjMmS+pZLEzATZLPIUn1hlgCOl7ZOAZ+rvjYzExkzi0E7mEc2il4v/eX4K0XWQcZmkwCSdfxSlAoPC+f14wDWjICaWEKq5zYrpiGhCwbZUsSV4iycvk/ZZ3busXzyc1xo3RR1ldISO0Sny0BVqoHvURC1EkULP6BW9OeC8OO/Ox3y05BQ7h+gPnM8feaKRZQ==</latexit>E <latexit sha1_base64="Mp+fyy1nsKBbBTnrEZouWnT6YhE=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1nUhcsK9gHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmlldW19o7xZ2dre2d2r7h+0jUo1ZS2qhNLdkBgmuGQt4CBYN9GMxKFgnXB8m/udJ6YNV/IRJgkLYjKUPOKUgJX8XkxgRInI7qb9as2tuzPgZeIVpIYKNPvVr95A0TRmEqggxviem0CQEQ2cCjat9FLDEkLHZMh8SyWJmQmyWeQpPrHKAEdK2ycBz9TfGxmJjZnEoZ3MI5pFLxf/8/wUousg4zJJgUk6/yhKBQaF8/vxgGtGQUwsIVRzmxXTEdGEgm2pYkvwFk9eJu2zundZv3g4rzVuijrK6Agdo1PkoSvUQPeoiVqIIoWe0St6c8B5cd6dj/loySl2DtEfOJ8/eB2RZA==</latexit>D Discriminator

<latexit sha1_base64="+blm+0JX4UruYvt+wIAKZtbQiBk=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKe6Kr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXJtRKwecJxwP6IDJULBKFrp3j3xeuWKW3VnIH+Jl5MK5Kj3yp/dfszSiCtkkhrT8dwE/YxqFEzySambGp5QNqID3rFU0YgbP5udOiFHVumTMNa2FJKZ+nMio5Ex4yiwnRHFoVn0puJ/XifF8MrPhEpS5IrNF4WpJBiT6d+kLzRnKMeWUKaFvZWwIdWUoU2nZEPwFl/+S5qnVe+ien53Vqld53EU4QAO4Rg8uIQa3EIdGsBgAE/wAq+OdJ6dN+d93lpw8pl9+AXn4xtYQY0y</latexit>

0/1

<latexit sha1_base64="/PDT2vWe6o6iXUiQXS5t2Ep0wuw=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclRnxtSy6cVnBPrAtJZPeaUMzmSHJCHXoX7hxoYhb/8adf2OmnYW2HggczrmXnHv8WHBtXPfbWVpeWV1bL2wUN7e2d3ZLe/sNHSWKYZ1FIlItn2oUXGLdcCOwFSukoS+w6Y9uMr/5iErzSN6bcYzdkA4kDzijxkoPnZCaoR+kT5NeqexW3CnIIvFyUoYctV7pq9OPWBKiNExQrdueG5tuSpXhTOCk2Ek0xpSN6ADblkoaou6m08QTcmyVPgkiZZ80ZKr+3khpqPU49O1kllDPe5n4n9dOTHDVTbmME4OSzT4KEkFMRLLzSZ8rZEaMLaFMcZuVsCFVlBlbUtGW4M2fvEgapxXvonJ+d1auXud1FOAQjuAEPLiEKtxCDerAQMIzvMKbo50X5935mI0uOfnOAfyB8/kDA5KRKA==</latexit>z

• Option 2: Vector Quantization (VQ) 
regularization

Discretize latent encodings using finite-
sized learnable codebook as in VQ-VAEs 
(implemented by vector-quantization 
layer in decoder).

Use large codebook size (weak 
regularization).

Esser et al., “Taming Transformers for High-Resolution Image Synthesis”, CVPR, 2021
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Latent Diffusion Models
Latent Diffusion Models offer Excellent Trade-off between Performance and Compute Demands

Discriminator

<latexit sha1_base64="+blm+0JX4UruYvt+wIAKZtbQiBk=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKe6Kr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXJtRKwecJxwP6IDJULBKFrp3j3xeuWKW3VnIH+Jl5MK5Kj3yp/dfszSiCtkkhrT8dwE/YxqFEzySambGp5QNqID3rFU0YgbP5udOiFHVumTMNa2FJKZ+nMio5Ex4yiwnRHFoVn0puJ/XifF8MrPhEpS5IrNF4WpJBiT6d+kLzRnKMeWUKaFvZWwIdWUoU2nZEPwFl/+S5qnVe+ien53Vqld53EU4QAO4Rg8uIQa3EIdGsBgAE/wAq+OdJ6dN+d93lpw8pl9+AXn4xtYQY0y</latexit>

0/1

<latexit sha1_base64="EzGQgsxZnyUSW/9N0wmUetIEi1E=">AAAB+3icbVDLSsNAFJ3UV62vWJdugkVwVRIp6rLoxmUF+4AmlMlk0g6dTMLMjbSE/IobF4q49Ufc+TdO2iy09cDA4Zx7uWeOn3CmwLa/jcrG5tb2TnW3trd/cHhkHtd7Kk4loV0S81gOfKwoZ4J2gQGng0RSHPmc9v3pXeH3n6hULBaPME+oF+GxYCEjGLQ0MusuMB7QzI0wTPwwm+X5yGzYTXsBa504JWmgEp2R+eUGMUkjKoBwrNTQsRPwMiyBEU7zmpsqmmAyxWM61FTgiCovW2TPrXOtBFYYS/0EWAv190aGI6Xmka8ni4hq1SvE/7xhCuGNlzGRpEAFWR4KU25BbBVFWAGTlACfa4KJZDqrRSZYYgK6rpouwVn98jrpXTadq2brodVo35Z1VNEpOkMXyEHXqI3uUQd1EUEz9Ixe0ZuRGy/Gu/GxHK0Y5c4J+gPj8wfz5JUM</latexit>

x̃<latexit sha1_base64="gMTgjs7J9T7tfl8I4J/4iGZ8J/U=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F9Xzu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPADaRJQ==</latexit>x

Generative Denoising Process

<latexit sha1_base64="/PDT2vWe6o6iXUiQXS5t2Ep0wuw=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclRnxtSy6cVnBPrAtJZPeaUMzmSHJCHXoX7hxoYhb/8adf2OmnYW2HggczrmXnHv8WHBtXPfbWVpeWV1bL2wUN7e2d3ZLe/sNHSWKYZ1FIlItn2oUXGLdcCOwFSukoS+w6Y9uMr/5iErzSN6bcYzdkA4kDzijxkoPnZCaoR+kT5NeqexW3CnIIvFyUoYctV7pq9OPWBKiNExQrdueG5tuSpXhTOCk2Ek0xpSN6ADblkoaou6m08QTcmyVPgkiZZ80ZKr+3khpqPU49O1kllDPe5n4n9dOTHDVTbmME4OSzT4KEkFMRLLzSZ8rZEaMLaFMcZuVsCFVlBlbUtGW4M2fvEgapxXvonJ+d1auXud1FOAQjuAEPLiEKtxCDerAQMIzvMKbo50X5935mI0uOfnOAfyB8/kDA5KRKA==</latexit>zEncoder Decoder
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Latent embedding distribution 
modeled with Diffusion Model

LDM “Recipe”: 

1. Train strong autoencoder

• Compress…                                               
(downsampling factor / latent space regularization)

• …while ensuring high visual quality on reconstructions 
(“upper bound” on synthesis quality)

2. Train efficient latent diffusion model

• Latent space compression/regularization makes 
diffusion model training easier      but trade-off with 
respect quality? 

• Discriminator      high quality despite compression   
(re-generate details, not encode)!
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Latent Diffusion Models
Latent Diffusion Models offer Excellent Trade-off between Performance and Compute Demands

LDM with appropriate regularization, compression, downsampling ratio and strong autoencoder reconstruction: 

• Computationally efficient diffusion model in latent space (compression & lower resolution). 

• Yet very high-performance (latent diffusion + autoencoder + discriminator =     ).

• Highly flexible (can adjust autoencoder for different tasks and data).

Discriminator
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Generative Denoising Process
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Latent embedding distribution 
modeled with Diffusion Model
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Image Generation with Latent Diffusion Models

Many state-of-the-art large-scale text-to-image models are latent diffusion models: 

• Stability AI’s Stable Diffusion

• Meta’s Emu

• OpenAI’s Dall-E 3?

Common observation: 

• Latent diffusion model technology is mature for practical image generation.

• The above models all achieve their high-performance by sophisticated data captioning and 
filtering and fine-tuning strategies.

Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR, 2022
Dai et al., “Emu: Enhancing Image Generation Models Using Photogenic Needles in a Haystack”, arXiv, 2023
Betker et al., “Improving Image Generation with Better Captions” (DALL-E 3), 2023



40https://stability.ai/news/stable-diffusion-sdxl-1-announcement



41https://stability.ai/news/stable-diffusion-sdxl-1-announcement



42https://stability.ai/news/stable-diffusion-sdxl-1-announcement



43Dai et al., “Emu: Enhancing Image Generation Models Using Photogenic Needles in a Haystack”, arXiv, 2023

”An old man with green eyes and a long grey beard” ”A robot cooking dinner in the kitchen”

”A bread, an apple, and a knife on a table”
”A traditional tea house in a tranquil garden 

with blooming cherry blossom trees”
”A painting of an adorable rabbit sitting on a 

colorful splash”

”A cool orange cat wearing sunglasses playing a 
guitar with a group of dancing bananas”



44Dai et al., “Emu: Enhancing Image Generation Models Using Photogenic Needles in a Haystack”, arXiv, 2023



45Betker et al., “Improving Image Generation with Better Captions” (DALL-E 3), 2023



46Betker et al., “Improving Image Generation with Better Captions” (DALL-E 3), 2023



Latent diffusion models: Architecture details

• Diffusion sampling done with the DDIM deterministic approach with 200
steps (but trained as a DDPM with T = 1000 steps).
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Latent diffusion models: Architecture details

Text-to-image synthesis:

• Text is “tokenized” using BERT (Devlin et al., 2019) and then pass
through a transformer τθ.

• Text conditioning using cross-attention: Replace the Unet self-attention
layer with a shallow (unmasked) transformer consisting of blocks with
alternating layers of (i) self-attention, (ii) a position-wise MLP and (iii) a
cross-attention layer.

• Trained on LAION-400M database (text and image) (or LAION-5B...).
Bruno Galerne Diffusion models MVA 2025-26 82 / 101



Latent diffusion models: Architecture details

• Stable diffusion has become a foundation model for image generation
and editing.

• A more generic and scalable architecture based on Transformers has
been proposed in (Peebles and Xie, 2023).
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Figure 3. The Diffusion Transformer (DiT) architecture. Left: We train conditional latent DiT models. The input latent is decomposed
into patches and processed by several DiT blocks. Right: Details of our DiT blocks. We experiment with variants of standard transformer
blocks that incorporate conditioning via adaptive layer norm, cross-attention and extra input tokens. Adaptive layer norm works best.

Denoising diffusion probabilistic models (DDPMs).
Diffusion [19, 54] and score-based generative models [22,
56] have been particularly successful as generative models
of images [35,46,48,50], in many cases outperforming gen-
erative adversarial networks (GANs) [12] which had previ-
ously been state-of-the-art. Improvements in DDPMs over
the past two years have largely been driven by improved
sampling techniques [19, 27, 55], most notably classifier-
free guidance [21], reformulating diffusion models to pre-
dict noise instead of pixels [19] and using cascaded DDPM
pipelines where low-resolution base diffusion models are
trained in parallel with upsamplers [9, 20]. For all the dif-
fusion models listed above, convolutional U-Nets [49] are
the de-facto choice of backbone architecture. Concurrent
work [24] introduced a novel, efficient architecture based
on attention for DDPMs; we explore pure transformers.
Architecture complexity. When evaluating architecture
complexity in the image generation literature, it is fairly
common practice to use parameter counts. In general, pa-
rameter counts can be poor proxies for the complexity of
image models since they do not account for, e.g., image res-
olution which significantly impacts performance [44, 45].
Instead, much of the model complexity analysis in this pa-
per is through the lens of theoretical Gflops. This brings us
in-line with the architecture design literature where Gflops
are widely-used to gauge complexity. In practice, the
golden complexity metric is still up for debate as it fre-
quently depends on particular application scenarios. Nichol
and Dhariwal’s seminal work improving diffusion mod-
els [9, 36] is most related to us—there, they analyzed the
scalability and Gflop properties of the U-Net architecture
class. In this paper, we focus on the transformer class.

3. Diffusion Transformers

3.1. Preliminaries

Diffusion formulation. Before introducing our architec-
ture, we briefly review some basic concepts needed to
understand diffusion models (DDPMs) [19, 54]. Gaus-
sian diffusion models assume a forward noising process
which gradually applies noise to real data x0: q(xt|x0) =
N (xt;

p
↵̄tx0, (1 � ↵̄t)I), where constants ↵̄t are hyperpa-

rameters. By applying the reparameterization trick, we can
sample xt =

p
↵̄tx0 +

p
1 � ↵̄t✏t, where ✏t ⇠ N (0, I).

Diffusion models are trained to learn the reverse process
that inverts forward process corruptions: p✓(xt�1|xt) =
N (µ✓(xt),⌃✓(xt)), where neural networks are used to pre-
dict the statistics of p✓. The reverse process model is
trained with the variational lower bound [30] of the log-
likelihood of x0, which reduces to L(✓) = �p(x0|x1) +P

t DKL(q⇤(xt�1|xt, x0)||p✓(xt�1|xt)), excluding an ad-
ditional term irrelevant for training. Since both q⇤ and p✓
are Gaussian, DKL can be evaluated with the mean and co-
variance of the two distributions. By reparameterizing µ✓ as
a noise prediction network ✏✓, the model can be trained us-
ing simple mean-squared error between the predicted noise
✏✓(xt) and the ground truth sampled Gaussian noise ✏t:
Lsimple(✓) = ||✏✓(xt) � ✏t||22. But, in order to train diffu-
sion models with a learned reverse process covariance ⌃✓,
the full DKL term needs to be optimized. We follow Nichol
and Dhariwal’s approach [36]: train ✏✓ with Lsimple, and
train ⌃✓ with the full L. Once p✓ is trained, new images can
be sampled by initializing xtmax ⇠ N (0, I) and sampling
xt�1 ⇠ p✓(xt�1|xt) via the reparameterization trick.

3

(source: (Peebles and Xie, 2023))
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Latent diffusion models: Architecture details

Increasing transformer size 

D
ec

re
as

in
g 

pa
tc

h 
siz

e

Figure 7. Increasing transformer forward pass Gflops increases sample quality. Best viewed zoomed-in. We sample from all 12 of
our DiT models after 400K training steps using the same input latent noise and class label. Increasing the Gflops in the model—either by
increasing transformer depth/width or increasing the number of input tokens—yields significant improvements in visual fidelity.

7

Scalability of (Peebles and Xie, 2023): Quality of generated images increases
with the size of the model and the number of patches (ie, number of tokens
used for the transformer).
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Introducing a specific object into generated images

DreamBooth: Fine Tuning Text-to-Image Diffusion Models
for Subject-Driven Generation

Nataniel Ruiz∗,1,2 Yuanzhen Li1 Varun Jampani1

Yael Pritch1 Michael Rubinstein1 Kfir Aberman1

1 Google Research 2 Boston University

Figure 1. With just a few images (typically 3-5) of a subject (left), DreamBooth—our AI-powered photo booth—can generate a myriad
of images of the subject in different contexts (right), using the guidance of a text prompt. The results exhibit natural interactions with the
environment, as well as novel articulations and variation in lighting conditions, all while maintaining high fidelity to the key visual features
of the subject.

Abstract

Large text-to-image models achieved a remarkable leap
in the evolution of AI, enabling high-quality and diverse
synthesis of images from a given text prompt. However,
these models lack the ability to mimic the appearance of
subjects in a given reference set and synthesize novel rendi-
tions of them in different contexts. In this work, we present
a new approach for “personalization” of text-to-image dif-
fusion models. Given as input just a few images of a sub-
ject, we fine-tune a pretrained text-to-image model such that
it learns to bind a unique identifier with that specific sub-
ject. Once the subject is embedded in the output domain of
the model, the unique identifier can be used to synthesize
novel photorealistic images of the subject contextualized in
different scenes. By leveraging the semantic prior embed-
ded in the model with a new autogenous class-specific prior
preservation loss, our technique enables synthesizing the
subject in diverse scenes, poses, views and lighting condi-
tions that do not appear in the reference images. We ap-
ply our technique to several previously-unassailable tasks,
including subject recontextualization, text-guided view syn-
thesis, and artistic rendering, all while preserving the sub-
ject’s key features. We also provide a new dataset and eval-
uation protocol for this new task of subject-driven genera-
tion. Project page: https://dreambooth.github.io/

*This research was performed while Nataniel Ruiz was at Google.

1. Introduction
Can you imagine your own dog traveling around the

world, or your favorite bag displayed in the most exclusive
showroom in Paris? What about your parrot being the main
character of an illustrated storybook? Rendering such imag-
inary scenes is a challenging task that requires synthesizing
instances of specific subjects (e.g., objects, animals) in new
contexts such that they naturally and seamlessly blend into
the scene.

Recently developed large text-to-image models have
shown unprecedented capabilities, by enabling high-quality
and diverse synthesis of images based on a text prompt writ-
ten in natural language [51,58]. One of the main advantages
of such models is the strong semantic prior learned from a
large collection of image-caption pairs. Such a prior learns,
for instance, to bind the word “dog” with various instances
of dogs that can appear in different poses and contexts in
an image. While the synthesis capabilities of these models
are unprecedented, they lack the ability to mimic the ap-
pearance of subjects in a given reference set, and synthesize
novel renditions of the same subjects in different contexts.
The main reason is that the expressiveness of their output
domain is limited; even the most detailed textual description
of an object may yield instances with different appearances.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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(source: (Ruiz et al., 2023))
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Introducing a specific object into generated images

(Ruiz et al., 2023)
“Fine-tuning: Given 3-5
images of a subject, we
fine-tune a text-to-image
diffusion model with the in-
put images paired with a
text prompt containing a
unique identifier and the
name of the class the sub-
ject belongs to (e.g., “A [V]
dog”)”

Figure 3. Fine-tuning. Given ∼ 3−5 images of a subject we fine-
tune a text-to-image diffusion model with the input images paired
with a text prompt containing a unique identifier and the name of
the class the subject belongs to (e.g., “A [V] dog”), in parallel, we
apply a class-specific prior preservation loss, which leverages the
semantic prior that the model has on the class and encourages it to
generate diverse instances belong to the subject’s class using the
class name in a text prompt (e.g., “A dog”).

using the diffusion loss from Eq 1, large text-to-image dif-
fusion models seem to excel at integrating new information
into their domain without forgetting the prior or overfitting
to a small set of training images.

Designing Prompts for Few-Shot Personalization Our
goal is to “implant” a new (unique identifier, subject) pair
into the diffusion model’s “dictionary” . In order to by-
pass the overhead of writing detailed image descriptions for
a given image set we opt for a simpler approach and label
all input images of the subject “a [identifier] [class noun]”,
where [identifier] is a unique identifier linked to the sub-
ject and [class noun] is a coarse class descriptor of the sub-
ject (e.g. cat, dog, watch, etc.). The class descriptor can
be provided by the user or obtained using a classifier. We
use a class descriptor in the sentence in order to tether the
prior of the class to our unique subject and find that using
a wrong class descriptor, or no class descriptor increases
training time and language drift while decreasing perfor-
mance. In essence, we seek to leverage the model’s prior
of the specific class and entangle it with the embedding of
our subject’s unique identifier so we can leverage the visual
prior to generate new poses and articulations of the subject
in different contexts.

Rare-token Identifiers We generally find existing En-
glish words (e.g. “unique”, “special”) suboptimal since the
model has to learn to disentangle them from their original
meaning and to re-entangle them to reference our subject.

This motivates the need for an identifier that has a weak
prior in both the language model and the diffusion model. A
hazardous way of doing this is to select random characters
in the English language and concatenate them to generate a
rare identifier (e.g. “xxy5syt00”). In reality, the tokenizer
might tokenize each letter separately, and the prior for the
diffusion model is strong for these letters. We often find that
these tokens incur the similar weaknesses as using common
English words. Our approach is to find rare tokens in the
vocabulary, and then invert these tokens into text space, in
order to minimize the probability of the identifier having a
strong prior. We perform a rare-token lookup in the vocab-
ulary and obtain a sequence of rare token identifiers f(V̂),
where f is a tokenizer; a function that maps character se-
quences to tokens and V̂ is the decoded text stemming from
the tokens f(V̂). The sequence can be of variable length k,
and find that relatively short sequences of k = {1, ..., 3}
work well. Then, by inverting the vocabulary using the de-
tokenizer on f(V̂) we obtain a sequence of characters that
define our unique identifier V̂. For Imagen, we find that us-
ing uniform random sampling of tokens that correspond to
3 or fewer Unicode characters (without spaces) and using
tokens in the T5-XXL tokenizer range of {5000, ..., 10000}
works well.

3.3. Class-specific Prior Preservation Loss

In our experience, the best results for maximum subject
fidelity are achieved by fine-tuning all layers of the model.
This includes fine-tuning layers that are conditioned on the
text embeddings, which gives rise to the problem of lan-
guage drift. Language drift has been an observed prob-
lem in language models [32, 38], where a model that is
pre-trained on a large text corpus and later fine-tuned for
a specific task progressively loses syntactic and semantic
knowledge of the language. To the best of our knowledge,
we are the first to find a similar phenomenon affecting diffu-
sion models, where to model slowly forgets how to generate
subjects of the same class as the target subject.

Another problem is the possibility of reduced output di-
versity. Text-to-image diffusion models naturally posses
high amounts of output diversity. When fine-tuning on a
small set of images we would like to be able to generate the
subject in novel viewpoints, poses and articulations. Yet,
there is a risk of reducing the amount of variability in the
output poses and views of the subject (e.g. snapping to the
few-shot views). We observe that this is often the case, es-
pecially when the model is trained for too long.

To mitigate the two aforementioned issues, we propose
an autogenous class-specific prior preservation loss that en-
courages diversity and counters language drift. In essence,
our method is to supervise the model with its own gener-
ated samples, in order for it to retain the prior once the
few-shot fine-tuning begins. This allows it to generate di-

22503

“in parallel, we apply a class-specific prior preservation loss, which leverages
the semantic prior that the model has on the class and encourages it to
generate diverse instances belong to the subject’s class using the class
name in a text prompt (e.g., “A dog”).”
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Better spatial control for compositioning

Adding Conditional Control to Text-to-Image Diffusion Models

Lvmin Zhang, Anyi Rao, and Maneesh Agrawala
Stanford University

{lvmin, anyirao, maneesh}@cs.stanford.edu

Input Canny edge Default “masterpiece of fairy tale, giant deer, golden antlers”

Input human pose Default “chef in kitchen”

“…, quaint city Galic”

“Lincoln statue”

Figure 1: Controlling Stable Diffusion with learned conditions. ControlNet allows users to add conditions like Canny edges
(top), human pose (bottom), etc., to control the image generation of large pretrained diffusion models. The default results use
the prompt “a high-quality, detailed, and professional image”. Users can optionally give prompts like the “chef in kitchen”.

Abstract

We present ControlNet, a neural network architecture to
add spatial conditioning controls to large, pretrained text-
to-image diffusion models. ControlNet locks the production-
ready large diffusion models, and reuses their deep and ro-
bust encoding layers pretrained with billions of images as a
strong backbone to learn a diverse set of conditional controls.
The neural architecture is connected with “zero convolutions”
(zero-initialized convolution layers) that progressively grow
the parameters from zero and ensure that no harmful noise
could affect the finetuning. We test various conditioning con-
trols, e.g., edges, depth, segmentation, human pose, etc., with
Stable Diffusion, using single or multiple conditions, with
or without prompts. We show that the training of Control-
Nets is robust with small (<50k) and large (>1m) datasets.
Extensive results show that ControlNet may facilitate wider
applications to control image diffusion models.

1. Introduction
Many of us have experienced flashes of visual inspiration

that we wish to capture in a unique image. With the advent
of text-to-image diffusion models [54, 61, 71], we can now
create visually stunning images by typing in a text prompt.
Yet, text-to-image models are limited in the control they
provide over the spatial composition of the image; precisely
expressing complex layouts, poses, shapes and forms can be
difficult via text prompts alone. Generating an image that
accurately matches our mental imagery often requires nu-
merous trial-and-error cycles of editing a prompt, inspecting
the resulting images and then re-editing the prompt.

Can we enable finer grained spatial control by letting
users provide additional images that directly specify their
desired image composition? In computer vision and machine
learning, these additional images (e.g., edge maps, human
pose skeletons, segmentation maps, depth, normals, etc.)
are often treated as conditioning on the image generation
process. Image-to-image translation models [34, 97] learn

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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(source: ControlNet (Zhang et al., 2023))
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ControlNet (Zhang et al., 2023)

The simple idea:

• Add a copy of the block with “zero-
convolution” = 1×1 convolution blocks initi-
ated by zero.
• Apply end-to-end training on medium
size dataset to the trainable copy.
• Avoid “catastrophic forgetting” of the orig-
inal stable diffusion mdoel.
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ControlNet (Zhang et al., 2023)

The simple idea:

• Add a copy of the block with “zero-
convolution” = 1×1 convolution blocks initi-
ated by zero.
• Apply end-to-end training on medium
size dataset to the trainable copy.
• Avoid “catastrophic forgetting” of the orig-
inal stable diffusion mdoel.

The implementation:
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ControlNet (Zhang et al., 2023)
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ControlNet (Zhang et al., 2023)
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Conditional flow matching

• We follow the blogpost presentation of (Gagneux et al., 2025)

“Conditional flow matching (CFM) was introduced by three simultaneous
papers at ICLR 2023, through different approaches:

• conditional matching (Lipman et al., 2023),

• rectifying flows (Liu et al., 2023)

• stochastic interpolants (Albergo and Vanden-Eijnden, 2023).”

CFM fully specifies a probability path (pt)t∈[0,1] and a vector field u(t, x) such
that the flow of u transforms p0 into p1 = pdata.

(source: (Gagneux et al., 2025))
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Conditional flow matching

Continuity equation: Given any probability path (pt)t∈[0,1] from p0 = N (0, Id)

to p1 = pdata and a vector field u(t, x) satisfying the continuity equation:

∂tpt(x) + div(pt(x)u(t, x)) = 0

then (under some regularity conditions) the flow Φt of u:

∂tΦt(x) = u(t,Φt(x)) with Φ0(x) = x

transforms p0 into p1, that is Φ1#p0 = p1:

x0 ∼ p0 ⇒ Φ1(x0) ∼ p1.

(source: (Gagneux et al., 2025))
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Conditional flow matching

• Probability path: For example the linear mixing pt = (1 − t)p0 + tp1, that
is, xt = (1 − t)x0 + tx1 with x0 ∼ p0 and x1 ∼ p1 independent.

• Associated vector field: One can show
that the vector field

u(t, x) = E[x1 − x0|xt = x]

satisfies the continuity equation.

• Training: One trains a neural network uθ to estimate u by minimizing the
following loss:

argminE(t,x0,x1)

[
∥uθ(t, xt)− (x1 − x0)∥2

]
• Sampling: Solve the ODE with the approximated velocity field uθ. Can

also be made stochastic by adding a Brownian motion term in the ODE,
which can help for sampling.
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Conclusion on diffusion models

Diffusion models:

• (Latent) diffusion models have become a mature framework for
generative modeling.

• They are large models that require very long training with very large
datasets...

• But once trained they can be used as generic image priors.

• Conditional flow matching is a related generative framework.

Latent diffusion models:

• Latent diffusion models allow for new image editing/generation
techniques.

• Bridge between NLP and image modeling.

• Latent diffusion models used for video generation from text.

• Can be applied to any modality with some structured latent space, but
not SOTA for all modalities (e.g. not yet competitive for text generation).
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