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GENERATIVE MODELS

Objective

Learning a model that represents the distribution of data, with input training
samples

Pmodel(x) ∼ Pdata(x)

=⇒

1 / 23



GENERATIVE MODELS LATENT MODELS VAE LATENT SPACE IMPLEMENTATION

GENERATIVE MODELS

Source: G Louppe
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THE LANDSCAPE OF GENERATIVE MODELS

Source: Song et al., CVPR 2023.

Latent variable models We’ll see

I Variational Autoencoders

I Generative Adversarial Networks
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LATENT MODELS

A latent variable model relates a set of observable variables x ∈ X to a set of
latent variables h ∈ H

p(x,h) = p(x|h)p(h)

if h are causal factors for x⇒ sampling from p(x|h) = generative process from
H to X.

Inference

Inference: given p(x,h), compute

p(h|x) =
p(x|h)p(h)

p(x)

Intractable

4 / 23



GENERATIVE MODELS LATENT MODELS VAE LATENT SPACE IMPLEMENTATION

LATENT MODELS

Variational Inference

I pφ(h|x): family of distributions approximating p(h|x)

I φ is optimized to minimize the ”distance” between both distributions.
I Among all similarity measures: Kullback Leibler divergence

KL(pφ(h|x)||p(h|x)) = Epφ(h|x)

[
log

pφ(h|x)

p(h|x)

]
= Epφ(h|x)

[
log(pφ(h|x))− log(p(x,h))

]
+ log(p(x))

Still intractable
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LATENT MODELS

But...

min
φ
KL(pφ(h|x)||p(h|x)) = min

φ
log(p(x))− Epφ(h|x)

[
log(p(x,h))− log(pφ(h|x))

]
= max

φ
Epφ(h|x)

[
log(p(x,h))− log(pφ(h|x))

]︸ ︷︷ ︸
ELBO(x,φ)
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LATENT MODELS

But...

min
φ
KL(pφ(h|x)||p(h|x)) = min

φ
log(p(x))− Epφ(h|x)

[
log(p(x,h))− log(pφ(h|x))

]
= max

φ
Epφ(h|x)

[
log(p(x,h))− log(pφ(h|x))

]︸ ︷︷ ︸
ELBO(x,φ)

ELBO

ELBO: Evidence Lower Bound Objective

ELBO(x, φ) = Epφ(h|x)

[
log(p(x,h))− log(pφ(h|x))

]
= Epφ(h|x)

[
log(p(x|h))p(h)− log(pφ(h|x))

]
= Epφ(h|x) [log(p(x|h))]−KL(pφ(h|x)||p(h))

Maximizing ELBO(x, φ):
I The first term encourages distributions to be centered on

configurations of latent variables h explaining the observed data
I The second term enforces distributions to be close to the prior.
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AUTOENCODERS

h DecoderEncoderx x̂

f g

Key ideas

I A neural network trained using unsupervised learning
I Trained to copy its input to its output
I Learns an embedding h

x̂ = g[f(x)] h = f(x)
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VARIATIONAL AUTOENCODERS

µ

Σ

h DecoderEncoderx x̂

pE(h|.) pD(.|h)h ∼N(µ,Σ)

Probabilistic twist on AE

I f =⇒ pE(h|x)

I g =⇒ pD(x|h)

I Sample from µ and Σ to compute latent samples
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VARIATIONAL AUTOENCODERS

Probabilistic twist on AE

I pE(h|x) = pφ(h|x)

I pD(x|h) =⇒ pθ(x|h)

I p(h) : Fixed prior on the latent distribution
Loss:

min
φ,θ

(−ELBO(x, φ)) = −Epφ(h|x) [log(pθ(x|h))] +KL(pφ(h|x)||p(h))
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ELBO

Loss

min
φ,θ

(−ELBO(x, φ)) = −Epφ(h|x) [log(pθ(x|h))] +KL(pφ(h|x)||p(h))

I Given θ, optimize φ so that latent variable distribution explains the
observed data, while remaining close to the prior

I Given φ, optimize θ so that observed data is well explained by the
latent variables.
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VARIATIONAL AUTOENCODERS

Encoder/decoder

Both encoder and decoder map to a Gaussian with diagonal covariance.

I pφ(h|x) = N (µf (X), diag(σf (X)): Inference network (encoder)
I pθ(x|h) = N (µg(h), diag(σg(h)): Generative network (decoder)
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VARIATIONAL AUTOENCODERS

Encoder/decoder

Both encoder and decoder map to a Gaussian with diagonal covariance.

I pφ(h|x) = N (µf (X), diag(σf (X)): Inference network (encoder)
I pθ(x|h) = N (µg(h), diag(σg(h)): Generative network (decoder)

Prior p(h)

I Impose a distribution for the random latent variable.
I Train the decoder so that its output matches the training data.
I Common choice: h ∼ N (µ,Σ2)
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VARIATIONAL AUTOENCODERS

Let x1 · · ·xn be the training inputs.

KL(pφ(h|x)||p(h)) = 1
n

[
− 1

2

d∑
i=1

(
1 + logσfi (x)− (µfi (x))2 − σfi (x)

)]
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VARIATIONAL AUTOENCODERS

Let x1 · · ·xn be the training inputs.

KL(pφ(h|x)||p(h)) = 1
n

[
− 1

2

d∑
i=1

(
1 + logσfi (x)− (µfi (x))2 − σfi (x)

)]
min
φ,θ

(−ELBO(x, φ)) = −Epφ(h|x) [log(pθ(x|h))] +KL(pφ(h|x)||p(h))

Optimization

I Gradients w.r.t θ =⇒ easy to obtain
I Gradients w.r.t φ =⇒more difficult.

ELBO

h

φ x

Cannot backpropagate through h to compute ∇φ(ELBO)
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REPARAMETERIZATION TRICK

Trick

Expressing h as some differentiable and in-
vertible transformation of another random
variable ε given x and φ.

h = µ(x, φ) + σ(x, φ)� ε, ε ∼ N (0, I)

ELBO

h

φ x ε

Gradient can flow out of any random variable⇒ backpropagation is possible.
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SUMMARY

VAE

1 Define Encoder and Decoder

2 Define the latent space distribution using the reparametrization trick

3 Define the ELBO loss

4 Train and play with VAE !
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EXPLORATION

I Changing one single variable hi and keep all other hj fixed.
I Dimensions of h encode different interpretable latent features.
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DISENTANGLEMENT

Kingma et al, 2014
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DISENTANGLEMENT

Amini and Soleimany, 2019
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DISENTANGLEMENT

β − V AE: enforces disentanglement

min
φ,θ

(−ELBO(x, φ)) = −Epφ(h|x) [log(pθ(x|h))] + βKL(pφ(h|x)||p(h))

Higgins et al., 2017 17 / 23
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EXPLORATION

Interpolation in the image space Interpolation in the latent space
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SAMPLING
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ENCODER-DECODER

µ

Σ

h DecoderEncoderx x̂

pE(h|.) pD(.|h)h ∼ N (µ,Σ)

Encoder-Decoder

I MLP
I CNN
I RNN
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REPARAMETERIZATION TRICK

µ

Σ

h DecoderEncoderx x̂

pE(h|.) pD(.|h)h ∼ N (µ,Σ)

h = µ(x, φ) + σ(x, φ)� ε, ε ∼ N (0, I)
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KL DIVERGENCE

KL(pφ(h|x)||p(h)) =
1

n

[
−

1

2

d∑
i=1

(
1 + logσfi (x)− (µfi (x))2 − σfi (x)

)]
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AND NOW GATHER ALL THE STUFF
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