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Latent Variable Models: Motivation

• Lots of variability in images x due to gender, eye color, hair color, pose,
etc. However, unless images are annotated, these factors of variation are
not explicitly available (latent).

• Idea: Explicitly model these factors using latent variables z.
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Latent Variable Models: Motivation

1. Only variable x is observed (pixel values).

2. Latent variable z correspond to high level features.

• If z is chosen properly, p(x|z) could be much simpler than p(x).

• If we had trained this model, then we could identify features via
p(z|x), e.g., p(EyeColor = Blue|x).

3. Challenge: Very difficult to specify these conditionals by hand.
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Latent Variable Models: Motivation
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Deep Latent Variable Models

• Use neural networks to model the conditionals (deep latent variable mod-
els):

1. z ∼ N (0, I)
2. p(x|z) = N (µθ(z),Σθ(z)) where µθ,Σθ are the output of a neural

network

• Hope that after training, z will correspond to meaningful latent factors of
variation (features).
−→ A type of Unsupervised representation learning.

• Features can be computed via p(z|x).
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Deep Latent Variable Models Lecture #9



Mixture of Gaussians: A Shallow 
Latent Variable Model Lecture #9



Till now…
Lecture #10

HY-673

Lecture #9



Variational Autoencoder (VAE) Lecture #9
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Variational Autoencoder (VAE) Lecture #9



Variational Inference
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A Concrete VAE Lecture #9



A Concrete VAE

• VAE resembles an autoencoder when dim(z) < dim(x).
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How to train a VAE model? Lecture #9



The Evidence Lower Bound (ELBO)
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Tightness or
gap of ELBO. 
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ELBO Derivation – To Be Filled

Tightness or
gap of ELBO. 
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ELBO Applied to the Entire Dataset Lecture #9



Gradient Estimation Lecture #9



Reparametrization Trick
• Want to compute a gradient with respect to φ of:

Eqφ(z|x)[f(z)] =

∫

f(z)qφ(z|x)dz,

• Suppose qφ(z|x) = N
(

µφ(x), diag(σ2
φ(x))

)

is a Gaussian with µφ(x),σφ(x) be neural

nets. These are equivalent ways of sampling:

– Sample z ∼ qφ(z|x).

– Sample ϵ ∼ N (0, I) =: p(ϵ), z = µφ(x) + σφ(x)ϵ =: gφ(ϵ, x).

• Therefore:

Eqφ(z|x)[f(z)] = Eϵ∼p(ϵ) [f(gφ(ϵ, x))] :=

∫

f(µφ(x) + σφ(x)ϵ)p(ϵ)dϵ.
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Reparametrization Trick Lecture #9



Reparametrization Trick in VAEs Lecture #9



VAE’s Training Algorithm Lecture #9



Summary on Latent Variable Models Lecture #9
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