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Generative models
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Generative models are simulators of the data

x ∼ pϑ(x) log pϑ(x)
1. Sampling 2. Density estimation

Goal: learn a probability distribution  that is as close as 

possible to the true underlying data distribution 

pϑ(x)
p(x)
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Evolution of deep generative models

(a) Learned Frey Face manifold (b) Learned MNIST manifold

Figure 4: Visualisations of learned data manifold for generative models with two-dimensional latent
space, learned with AEVB. Since the prior of the latent space is Gaussian, linearly spaced coor-
dinates on the unit square were transformed through the inverse CDF of the Gaussian to produce
values of the latent variables z. For each of these values z, we plotted the corresponding generative
p✓(x|z) with the learned parameters ✓.

(a) 2-D latent space (b) 5-D latent space (c) 10-D latent space (d) 20-D latent space

Figure 5: Random samples from learned generative models of MNIST for different dimensionalities
of latent space.

B Solution of �DKL(q�(z)||p✓(z)), Gaussian case

The variational lower bound (the objective to be maximized) contains a KL term that can often be
integrated analytically. Here we give the solution when both the prior p✓(z) = N (0, I) and the
posterior approximation q�(z|x(i)) are Gaussian. Let J be the dimensionality of z. Let µ and �
denote the variational mean and s.d. evaluated at datapoint i, and let µj and �j simply denote the
j-th element of these vectors. Then:

Z
q✓(z) log p(z) dz =
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Variational autoencoders  
(from Kingma et al 2013)

Diffusion models  
(Midjourney 2023)
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Seedance 2.0 (Feb 2026) https://x.com/lexx_aura/status/2022994297881280557?s=20



The landscape of deep generative models

Generative adversarial 
networks

[Karsten Kreis; CVPR 2022 Tutorial]

Autoregressive models

Energy-based models

Variational autoencoders

Diffusion models

Normalizing flows

https://www.youtube.com/watch?v=cS6JQpEY9cs
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Simulators x ∼ p(x)
Simulators are ubiquitous: they prescribe a way to sample from the data distribution

Collider data 
particles ∼ p(particles)

Cosmology data 
particles ∼ p(particles)

Molecular dynamics 
configurations ∼ p(configurations)

[C. Cesarotti with ATLAS] [Aquarius simulation] [E. Cances et al]

https://www.ljll.math.upmc.fr/gallery/html/BenjaminStamm-Ubiquitin-fr.htm
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Learning the data distribution

2. Maximize the likelihood of the model under the 

training data samples 

φ̂ = arg max
φ [log pφ ({x}train)]

Not so fast…

1. Ingredients: 

• A parameterized distribution  

• Samples from the data distribution

pφ(x)
{x}train ∼ p(x)

(empirical or simulated)
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Real-world datasets often live in structured low-dimensional manifolds

The pursuit of low-dimensional structure

“Easy to model” z“Difficult to model” x

p(z ∣ x)
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Autoencoders

DecoderEncoder

Latents

Original image
Reconstruction

z
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Latent-variable modeling
Learn lower-dimensional structure in the data distribution

Observed variables

x

N

pϑ (x)

Make the problem easier by making it “harder”: 

introduce joint distribution pθ (x, z)

xz

Observed variablesLatent variables

N

pϑ (x, z)

Common factorization: 

pϑ (x, z) = p(z) ⋅ pϑ (x ∣ z)



/6811

A bird-eye view

(Probabilistic) Decoder(Probabilistic) Encoder

Latents

Original image
Reconstruction

μ

σ

z
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A Bayesian latent-variable model optimized with variational inference

N
xz ⟨log

q(x, z)
p(x, z) ⟩

Maximizing ELBO  

 Minimizing reverse KL  

 “Aligning the forward and reverse processes”

≡
≡

Minimize

Forward process

qφ(z ∣ x) ⋅ p(x)

It’s so over

Reverse process

pϑ (x ∣ z) ⋅ p(z)

We’re so back

x z x′￼

Forward process Reverse process

Latents
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Variational inference

DKL (qφ(z)∥p(z ∣ x)) = log p(x) − ⟨log pϑ(x, z) − log qφ(z)⟩qφ(z)

Evidence Lower BOund (ELBO)Evidence −≥ 0

A general-purpose technique for posterior estimation

ELBO = ⟨log pϑ(x, z) − log qφ(z ∣ x)⟩qφ

= ⟨log pϑ(x ∣ z) + log p(z) − log qφ(z ∣ x)⟩qφ

= ⟨log pϑ(x ∣ z)⟩qφ
− DKL (qφ(z ∣ x) ∥ p(z))

“Regularization”“Reconstruction”
z°2 0 2
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VAEs in practice

x ∼ p(x) x′￼ ∼ pϑ(x ∣ z)

(Probabilistic) Decoder
Noise model / data likelihood

(Probabilistic) Encoder
qφ(z ∣ x) = 𝒩(z; μ, σ2𝕀)

Latents

z ∼ qφ(z ∣ x)

p(z) = 𝒩(z; 0, I)
Variational 

params.

Original image
Reconstruction

μ, σ2 = NNφ(x)

μ

σ

z
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VAEs in practice ELBO = ⟨log pϑ(x ∣ z)⟩qφ
− DKL (qφ(z ∣ x) ∥ p(z))

⟨log pϑ(x ∣ z)⟩qφ

Reconstruction (e.g., MSE, …)

∥x − x′￼∥2
2

DKL (qφ(z ∣ x) ∥ p(z))
Regularization

qφ(z ∣ x)

Reconstruction

μ

σ

z
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A semantically meaningful latent space
The KL-term enforces simplicity in the latent space, encouraging learned semantic structure and disentanglement

More latent regularizationPure reconstruction

First two PCs



/6817

Neural compression: Rate-distortion theory
Autoencoding is a form of (neural) compression!

−ELBO = − ⟨log pϑ(x ∣ z)⟩qφ
+ DKL (qφ(z ∣ x) ∥ p(z))

Rate

“Amount of compression”

Distortion

“Reconstruction loss”

Rate

Distortion

Rate-distortion curve 
quantifies this tradeoff

More lossy compression

Less lossy compression
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Controlling compression and disentanglement: -VAEsβ

−ELBO = − ⟨log pϑ(x ∣ z)⟩qφ
+β ⋅ DKL (qφ(z ∣ x) ∥ p(z))

RateDistortion

• Larger : More of the data variation is attributed 
to the likelihood  larger “ ”, more compression 

• Smaller : Latents  try to capture more of the 
variation in the data (e.g. small perceptual 
features)

σ
→ β

σ z


