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Today
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• Deep Generative Models
• VAEs
• GANs
• Diffusion Models



Deep Generative Models



Recall Generative and Discriminative Models
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• Generative:
• Models the joint distribution P(𝑋, 𝑌).

• Discriminative:
• Models the conditional distribution P(𝑌|𝑋).

X

Y

P(X,Y)

P(Y|X=x) P(Y|X=x)



Two paths to P(Y|X)
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• Discriminative:

• Learn P 𝑋 𝑌 , P Y
• Calculate 𝑃 𝑋 = ∫!𝑃 𝑋, 𝑌 𝑑𝑌

Observe X, Y P Y X =
P X Y P(Y)

𝑃(𝑋)

Learn P Y XObserve X, Y

• Generative:



Example Generative Model: Naïve Bayes
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• Parameterize:
• Assume 𝑃 𝑋 𝑌 = ∏"#$

% 𝑃 𝑋" 𝑌 ,  𝑃 𝑌 = 𝑘 = # '( )*+,-.) /012 !#3
4'1*- )*+,-.)

• 𝑃 𝑋" 𝑌 = 𝑁(𝜇"3 , 𝜎"35 )

Learn P 𝑋 𝑌 , P Y

Observe X, Y P Y X =
P X Y P(Y)

𝑃(𝑋)

Conditional independences of features X | Y Frequency of labels

Y

𝑋! … 𝑋"



Example Generative Model: Naïve Bayes
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• Parameterize:
• Assume 𝑃 𝑋 𝑌 = ∏"#$

% 𝑃 𝑋" 𝑌 , 𝑃 𝑌 = 𝑘 = # '( )*+,-.) /012 !#3
4'1*- )*+,-.)

Learn P 𝑋 𝑌 , P Y

Observe X, Y P Y X =
P X Y P(Y)

𝑃(𝑋)

• Estimate:
• �̂�, 0𝜎 = argmax6,8𝑃(𝑋|𝑌)

• Calculate 𝑃 𝑌 = 1 𝑋 =
∏!"#
$ " 𝑋# 𝑌 = 1 " $%&

" '



Deep Generative Models
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Deep Generative Models
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• Define probabilistic distributions overs a set of variables
• “Deep” means multiple layers of hidden variables!



Early forms of deep generative models
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• Hierarchical Bayesian models
• Sigmoid belief nets [Neal 1992]
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• Sigmoid belief nets [Neal 1992]
• Neural network models

• Helmoltz machines [Dayan et al., 1995]



Early forms of deep generative models
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• Hierarchical Bayesian models
• Sigmoid belief nets [Neal 1992]
• Neural network models

• Helmoltz machines [Dayan et al., 1995]
• Predictability minimization [Schmidhuber 1995]

[Schmidhuber 1996]



Training DGMs
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• Via an EM-style framework
• Sampling / data augmentation

• Variational inference

• Wake sleep
max

max



Variational Autoencoders (VAEs)



Recall Variational Inference
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Recall EM and the ELBO

log 𝑝(𝑥 ∣ 𝜃) = 𝐸#∼%[log 𝑝 𝑥, 𝑧 𝜃 ] + 𝐻(𝑞) + 𝐾𝐿(𝑞 𝑧 𝑥 ∣∣ 𝑝 𝑧 𝑥, 𝜃 )

Variational Inference: Let 𝑞 𝑧 𝑥 be 
some family that’s easier to optimize.

log 𝑝(𝑥 ∣ 𝜃) ≥ 𝐸%∼'[log 𝑝 𝑥, 𝑧 𝜃 ] + 𝐻(𝑞)

“ELBO”: Evidence Lower Bound

EM: Let 𝑞& 𝑧 𝑥 = 𝑝(𝑧 ∣ 𝑥, 𝜃&).
Max 𝑝 𝑥 𝜃 by iterating:

𝑄 𝜃′, 𝜃& = 𝐸#∼'(#∣*!)[log 𝑝 𝑥, 𝑧 𝜃′ ]
𝜃&,- = argmax*.𝑄(𝜃′, 𝜃&)

equivalently, 
ELBO = log 𝑝 𝑥 𝜃 − 𝐾𝐿(𝑞 𝑧 𝑥 ||𝑝 𝑧, 𝑥𝜃 )



Autoencoders
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!𝑥 = 𝑓 ℎ = 𝑓 𝑔 𝑥
[Michelucci 2022]

https://arxiv.org/pdf/2201.03898


Variational Autoencoders
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Variational Autoencoders
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Variational Autoencoders
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Variational Autoencoders: Reparameterization Trick
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Variational Autoencoders
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Variational Autoencoders
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Variational Autoencoders
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Variational Autoencoders: Generating
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Variational Autoencoders: Generating
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Generative Adversarial Networks (GANs)



Generative Adversarial Nets (GANs)
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• Implicit distribution over 𝑥 ∼ 𝑝((𝑥 ∣ 𝑦)

• 𝑥 ∼ 𝑝)( 𝑥 ↔ 𝑥 = 𝐺( 𝑧 , 𝑧 ∼ 𝑝(𝑧 ∣ 𝑦 = 0)
• 𝑥 ∼ 𝑝*+,+ 𝑥
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GANs
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• Implicit distribution over 𝑥 ∼ 𝑝((𝑥 ∣ 𝑦)

• 𝑥 ∼ 𝑝)( 𝑥 ↔ 𝑥 = 𝐺( 𝑧 , 𝑧 ∼ 𝑝(𝑧 ∣ 𝑦 = 0)
• 𝑥 ∼ 𝑝*+,+ 𝑥



GANs: example results
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[Radford et al., 2016]



GANs and VAEs: A Unified View



GANs
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• Implicit distribution over 𝑥 ∼ 𝑝((𝑥 ∣ 𝑦)

• 𝑥 ∼ 𝑝)( 𝑥 ↔ 𝑥 = 𝐺( 𝑧 , 𝑧 ∼ 𝑝(𝑧 ∣ 𝑦 = 0)
• 𝑥 ∼ 𝑝*+,+ 𝑥



GANs: Rewrite in Variational-EM format
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• The familiar “Variational-EM” format:

• Implicit distribution over 𝑥 ∼ 𝑝( 𝑥 ∣ 𝑦 :
𝑥 = 𝐺* 𝑧 , 𝑧 ∼ 𝑝(𝑧 ∣ 𝑦 = 0)

• Discriminator distribution q- y 𝑥 :
𝑞-. 𝑦 𝑥 = 𝑞-(1 − 𝑦 ∣ 𝑥)



Variational EM vs. GANs
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• Variational EM
• Objectives

• Single objective for both 𝜃 and 𝜙
• Extra prior regularization by 𝑝(𝑧)

• The reconstruction term:
• Maximize the conditional log-likelihood 

of x with the generative distribution 
𝑝9 𝑥 𝑧 conditioning on the latent 
code 𝑧 inferred by 𝑞:(𝑧 ∣ 𝑥)

• 𝑝( 𝑥 𝑧 is the generative model
• 𝑞-(𝑧 ∣ 𝑥) is the inference model

• GAN
• Objectives

• Two objectives

• Maximize the conditional log-
likelihood of y with the distribution 
𝑞:(𝑦 ∣ 𝑥) conditioning on 
data/generation x from 𝑝9 𝑥 𝑦

• 𝑞/(𝑦 ∣ 𝑥) is the generative 
model
• 𝑝* 𝑥 𝑦 is the inference 

model



GANs vs VAEs: A Symmetry
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Hu et al. “Unifying Deep Generative Models”

https://arxiv.org/abs/1706.00550
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Hu et al. “Unifying Deep Generative Models”

https://arxiv.org/abs/1706.00550


Diffusion Models



Diffusion Models
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[Slide from Xavier Bresson]



Diffusion Models
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[Slide from Xavier Bresson]



Questions?


