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Lecture 19: Variational Autoencoders
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Generating Data (is exciting)

5https://arxiv.org/pdf/1708.05509.pdf



CS109B, PROTOPAPAS, GLICKMAN

Generating Data (is exciting)

6



CS109B, PROTOPAPAS, GLICKMAN

Generating Data (is exciting)

7



CS109B, PROTOPAPAS, GLICKMAN 8



CS109B, PROTOPAPAS, GLICKMAN 9



CS109B, PROTOPAPAS, GLICKMAN 10

Another use of generating new data is to give us ideas and options. Suppose we’re planning a house. 
We can give the computer the space we have available, and its location. From this, the computer can 
can give us some ideas.  
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Big networks require big data, and getting high-quality, labeled data is difficult. If we’re generating that data 
our selves, we can make as much of it as we like. 
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Generating Data

We saw how to generate new data with a AE in Lecture 18. 
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Problems with Autoencoders

• Gaps in the latent space

• Discrete latent space

• Separability in the latent space

13
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Generative models

Imagine we want to generate data from a distribution,  

e.g. 
x ⇠ p(x)

x ⇠ N (µ,�)
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Generative models

But how do we generate such samples?

z ⇠ Unif(0, 1)
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Generative models

But how do we generate such samples?

z ⇠ Unif(0, 1) x = ln z
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Generative models

In other words we can think that if we choose z~𝑼𝒏𝒊𝒇𝒐𝒓𝒎 then 
there is a mapping:

such as:

where in general 𝑓 is some complicated function.

We already know that Neural Networks are great in learning 
complex functions.  

x ⇠ p(x)

x = f(z)
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Variational Autoencoders

Encoder Decoderz
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Variational Autoencoders

Encoder Decoderz

20



CS109B, PROTOPAPAS, GLICKMAN

Variational Autoencoders

Decoder
P(x|z)z

Sample	from	P(z)	
Standard	Gaussian
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Variational Autoencoders
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Variational Autoencoders
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Variational Autoencoders
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Variational Autoencoders
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Variational Autoencoders
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Train with 1st sample again
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Latent space starts to 
re-organize

Blending Latent Variables
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Blending Latent Variables

Latent Space

Mean µ

SD σ
And again…

3 is pushed away

DE
CO

DE
REN

CO
DER

36



CS109B, PROTOPAPAS, GLICKMAN

Blending Latent Variables

Mean µ

SD σ
Many times…

DE
CO

DE
REN

CO
DER

Latent Space

37



CS109B, PROTOPAPAS, GLICKMAN

Blending Latent Variables
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Blending Latent Variables
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VAE Likelihood

pθ (x) = pθ x z( )
z
∫ pθ (z)dz

Difficult	to	approximate	in	high	
dim	through	sampling

For	most	z values	p(x|z)	close	to	0

Neural	network

z ~N (0, I )

X
θ
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pθ (x) = pθ x z( )
z
∫  qφ z x( )dz

Proposal	distribution:
Likely	to	produce	values	of	x
for	which	p(x|z)	is	non-zero

X
θ

Another	neural	net

z

φ
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VAE Likelihood
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VAE Architecture

Encoder

Decoder
pθ(x|z)

z

Mean µ

SD σ

Sample 
from 

N (µ,σ )

qϕ(z|x)
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VAE Loss

−Ez~qφ z x( ) log pθ x z( )( )  +  KL qφ z x( ) pθ (z)( )
Reconstruction	Loss

Proposal	distribution	should	
resemble	a	Gaussian
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−Ez~qφ z x( ) log pθ x z( )( )  +  KL qφ z x( ) pθ (z)( )
Reconstruction	Loss

Proposal	distribution	should	
resemble	a	Gaussian

≥ − log pθ (x)
Variational	upper	bound	
on	loss	we	care	about!

VAE Loss
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Training VAE

Apply stochastic gradient descent

Sampling step not differentiable

Use a re-parameterization trick
– Move sampling to input layer, so that the sampling step is 

independent of the model
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Reparametrization Trick

50

Encoder Decoderz
𝜇

𝜎
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Reparametrization Trick

51

Encoder Decoderz
𝜇

𝜎

𝑍 = 	𝜇 + 𝜀 ∘ 𝜎
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Reparametrization Trick

52

Encoder Decoderz
𝜇

𝜎

𝑍 = 	𝜇 + 𝜀 ∘ 𝜎

𝜀	 ∼ 𝑁(0, 𝐼)
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Training VAE
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Parameter space VAE
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Training VAE

10%	error

30%	error

55



CS109B, PROTOPAPAS, GLICKMAN

Parameter space VAE
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