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Encoder Decoder

Recap: A Regular Autoencoder

Minimize squared error loss:
<latexit sha1_base64="cFRgQ9E8l4TVdvWqC2X3WUIhr1U=">AAACIXicbVDLSgMxFM34rPVVdekmWIR2YZkpot0IxQe4cFHBPqAdh0yaaUMzmSHJiGXaX3Hjr7hxoUh34s+YTgtq64HAyTn3cu89bsioVKb5aSwsLi2vrKbW0usbm1vbmZ3dmgwigUkVBywQDRdJwignVUUVI41QEOS7jNTd3sXYrz8QIWnA71Q/JLaPOpx6FCOlJSdTavlIdTFi8c0QnsHBIPm7Xvw4hEfwkuDcFce5HzGfHwzui04ROpmsWTATwHliTUkWTFFxMqNWO8CRT7jCDEnZtMxQ2TESimJGhulWJEmIcA91SFNTjnwi7Ti5cAgPtdKGXiD04wom6u+OGPlS9n1XV45XlbPeWPzPa0bKK9kx5WGkCMeTQV7EoArgOC7YpoJgxfqaICyo3hXiLhIIKx1qWodgzZ48T2rFgnVSMG+Ps+XzaRwpsA8OQA5Y4BSUwTWogCrA4Am8gDfwbjwbr8aHMZqULhjTnj3wB8bXN+vuorU=</latexit>

L = ||x�Dec(Enc(x))||22
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Variational Autoencoder

Encoder Decoder

qw(z |x)
z

Gaussian  
probability  
density

Probability 
distribution 
of the data

pw(x |z)

Expected neg. log likelihood

term; wrt to encoder distribution

−𝔼z∼qw(z |x[i]) [log pw (x[i] |z)]+KL (qw (z |x[i]) ∥p(z))
Kullback-Leibler divergence term

where p(z) = 𝒩 (μ = 0,σ2 = 1)

Kingma, D. P., & Welling, M. (2013). Auto-encoding Variational Bayes. arXiv preprint arXiv:1312.6114. 
https://arxiv.org/abs/1312.6114

<latexit sha1_base64="pY83E9+uyMNhUA/1coBo7ZrvgTc=">AAAB9XicbVDLSgMxFL2pr1pfVZdugkVwVWZE1I1QdOPCRQX7gHYsmTTThmYyQ5JRytD/cONCEbf+izv/xkw7C209EDiccy/35Pix4No4zjcqLC2vrK4V10sbm1vbO+XdvaaOEkVZg0YiUm2faCa4ZA3DjWDtWDES+oK1/NF15rcemdI8kvdmHDMvJAPJA06JsdJDNyRmSIlIbyf4EvfKFafqTIEXiZuTCuSo98pf3X5Ek5BJQwXRuuM6sfFSogyngk1K3USzmNARGbCOpZKETHvpNPUEH1mlj4NI2ScNnqq/N1ISaj0OfTuZpdTzXib+53USE1x4KZdxYpiks0NBIrCJcFYB7nPFqBFjSwhV3GbFdEgUocYWVbIluPNfXiTNk6p7VnXuTiu1q7yOIhzAIRyDC+dQgxuoQwMoKHiGV3hDT+gFvaOP2WgB5Tv78Afo8we9B5IC</latexit>

L =

https://arxiv.org/abs/1312.6114


Sebastian Raschka           STAT 453: Intro to Deep Learning          6

1. Variational Autoencoder Overview


2. Sampling from a Variational Autoencoder 

3. The Log-Var Trick


4. The Variational Autoencoder Loss Function


5. A Variational Autoencoder for Handwritten Digits in PyTorch


6. A Variational Autoencoder for Face Images in PyTorch


7. VAEs and Latent Space Arithmetic


8. VAE Latent Space Arithmetic in PyTorch -- Making People Smile

Generating New Data
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Using Regular Autoencoders for Sampling

z2

z1

Previous Lecture:

Encoding

Sampling

& Decoding
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Using Regular Autoencoders for Sampling

z2

z1

Previous Lecture:

Challenge: regular autoencoders are 
difficult to sample from,

because

1. oddly shaped distribution, hard to 
sample in a balanced way


2. distribution not centered at (0, 0)


3. distribution not necessarily 
continuous  
(hard to see here in 2D, but a big 
problem in higher dimensional 
latent spaces)
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Using Variational Autoencoders (VAEs) for Sampling

z2
z1

This Lecture:

Encoding

p(z; μ, Σ)

p(z; μ, Σ) =
1

(2π)n |Σ |
exp (−

1
2

(z − μ)TΣ−1(z − μ))

d-dimensional probability density for 
multivariate Gaussian

<latexit sha1_base64="qhVQ4wee03QCuSIJ6LROj2MVNgc="></latexit>

z =

✓
z1
z2

◆
,µ =

✓
µ1

µ2

◆
, ⌃ =

✓
�2
1 ⇢�1�2

⇢�1�2 �2
2

◆
with

Z ∼ 𝒩(0,I)
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Sampling from a VAE

z = μ + σ ⋅ ϵ

Where 

Sampling

& Decoding

z2
z1

p(z; μ, Σ)

ϵ1, ϵ2 ∼ N(0,1)

• VAE's assume a diagonal covariance 
matrix (no interaction between the 
features). 


• Thus, we only need a mean and a 
variance vector, no covariance matrix

<latexit sha1_base64="d2b3cp7k8OqwNmfGci7U/92y3zM="></latexit>

�2 =

✓
�2
1

�2
2

◆
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How Can We Use Backropagation 
with a Probability Distribution?
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Using Variational Autoencoders (VAEs) for Sampling

z2
z1

This Lecture:

Encoding

p(z; μ, Σ)

p(z; μ, Σ) =
1

(2π)n |Σ |
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1
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<latexit sha1_base64="qhVQ4wee03QCuSIJ6LROj2MVNgc="></latexit>
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Sampling from a VAE

z = μ + σ ⋅ ϵ

Where 

ϵ1, ϵ2 ∼ N(0,1)

<latexit sha1_base64="d2b3cp7k8OqwNmfGci7U/92y3zM="></latexit>

�2 =

✓
�2
1

�2
2

◆

Think of these as parameter vectors 
included in training & backpropagation

Sampled from standard multivariate 
normal distribution in each forward 
pass

But why  Continuous distribution; VAE 
must ensure that points in neighborhood 
encode the same image so that when 
decoding they produce the same image


ϵ?
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Sampling from a VAE -- The Log-Var Trick

Instead of using a variance vector, 


log(σ2) = 2 ⋅ log(σ)
log(σ2)/2 = log(σ)

So, when we sample the points, we can do

σ = elog(σ2)/2

z = μ + elog(σ2)/2 ⋅ ϵ

<latexit sha1_base64="d2b3cp7k8OqwNmfGci7U/92y3zM="></latexit>

�2 =

✓
�2
1

�2
2

◆

we use the  
log-var vector  
to allow for positive and negative values: 


Why can we do this?

log(σ2)
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Combining Two Objectives
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Variational Autoencoder

Encoder Decoder

qw(z |x)
z

pw(x |z)

Expected neg. log likelihood

term; wrt to encoder distribution

−𝔼z∼qw(z |x[i]) [log pw (x[i] |z)]+KL (qw (z |x[i]) ∥p(z))
Kullback-Leibler divergence term

where p(z) = 𝒩 (μ = 0,σ2 = 1)

<latexit sha1_base64="pY83E9+uyMNhUA/1coBo7ZrvgTc=">AAAB9XicbVDLSgMxFL2pr1pfVZdugkVwVWZE1I1QdOPCRQX7gHYsmTTThmYyQ5JRytD/cONCEbf+izv/xkw7C209EDiccy/35Pix4No4zjcqLC2vrK4V10sbm1vbO+XdvaaOEkVZg0YiUm2faCa4ZA3DjWDtWDES+oK1/NF15rcemdI8kvdmHDMvJAPJA06JsdJDNyRmSIlIbyf4EvfKFafqTIEXiZuTCuSo98pf3X5Ek5BJQwXRuuM6sfFSogyngk1K3USzmNARGbCOpZKETHvpNPUEH1mlj4NI2ScNnqq/N1ISaj0OfTuZpdTzXib+53USE1x4KZdxYpiks0NBIrCJcFYB7nPFqBFjSwhV3GbFdEgUocYWVbIluPNfXiTNk6p7VnXuTiu1q7yOIhzAIRyDC+dQgxuoQwMoKHiGV3hDT+gFvaOP2WgB5Tv78Afo8we9B5IC</latexit>

L =

Minimizes ELBO (Evidence lower bound), consisting of KL term and reconstruction loss

If you assume  follows multivariate-Bernoulli, use cross entropy;

if you assume it follows normal distribution, use MSE 

pw(x |z)

MSE is same as cross-entropy between the empirical distribution and a Gaussian model 
(Reference: Deep Learning book by Goodfellow et al., pg. 132)
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The Variational Autoencoder Loss Function

Encoder Decoder

1) Minimize squared error loss:

<latexit sha1_base64="ojmrdbuz8a2ZPeveUJVGR3UEJTA="></latexit>

L2 = DKL [N(µ,�)kN(0, 1)] = �1

2

X�
1 + log

�
�2

�
� µ2 � �2

�2) Minimize KL 
divergence:

Overall loss:

(ensures good reconstruction)

(ensures latent space 
is continuous and 
standard normal 
distributed)

<latexit sha1_base64="QfgxZJC8woN3XG0Z7XialZkgsB0="></latexit>

L1 = ||x�Dec(Enc(x))||22 =
dX

i=1

(xi � x0
i)

2

<latexit sha1_base64="UFiEtTqSipWbQY6Ph6hXm7Tb3VM=">AAACI3icbVDLSgMxFM34rPU16tJNsAiCUGaKqAhC0Y0LFxXsAzql3Mlk2tDMZEgyQhn6L278FTculOLGhf9i+lj04YHAyTn3cu89fsKZ0o7zY62srq1vbOa28ts7u3v79sFhTYlUElolggvZ8EFRzmJa1Uxz2kgkhcjntO737kd+/YVKxUT8rPsJbUXQiVnICGgjte0bjL0IdJcAzx4H+BZ7wJMuYI8EQs9abRefz/1LbbvgFJ0x8DJxp6SApqi07aEXCJJGNNaEg1JN10l0KwOpGeF0kPdSRRMgPejQpqExRFS1svGNA3xqlACHQpoXazxWZzsyiJTqR76pHC2pFr2R+J/XTHV43cpYnKSaxmQyKEw51gKPAsMBk5Ro3jcEiGRmV0y6IIFoE2vehOAunrxMaqWie1l0ni4K5btpHDl0jE7QGXLRFSqjB1RBVUTQK3pHn+jLerM+rKH1PSldsaY9R2gO1u8fEI6jUw==</latexit>

L = ↵ · L1 + L2



Sebastian Raschka           STAT 453: Intro to Deep Learning          18

Binary Cross Entropy vs MSE
Cross Entropy is not symmetric:

H(p, q) = − ∑
x∈𝒳

p(x) ⋅ log q(x)

-0.8 * log(0.7) = 0.285340
-0.8 * log(0.9) = 0.0842884

pixel in x pixel in x'

-0.2 * log(0.1) = 0.460517
-0.2 * log(0.3) = 0.240795
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Source: https://stats.stackexchange.com/questions/318748/deriving-the-kl-divergence-loss-for-vaes/370048#370048

KL Loss Derivation

https://stats.stackexchange.com/questions/318748/deriving-the-kl-divergence-loss-for-vaes/370048#370048
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Implementing Our First 
Convolutional Variational 
Autoencoder in PyTorch
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Variational Autoencoders for 
Generating New Face Images
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A Variational Autoencoder for Face Images

Architectural changes compared to previous MNIST example:

• based on 2016: Deep Feature Consistent Variational Autoencoder 

(https://ieeexplore.ieee.org/document/7926714)

• 1 -> 3 color channels

• 2 -> 200 latent dim

• BatchNorm, Dropout

• increase reconstruction loss coefficient


https://ieeexplore.ieee.org/document/7926714
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Manipulating Images in Latent Space
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Latent Space Arithmetic

E.g., we can give a sad person a smile by


• znew = zorig + α ⋅ zdiff

z1

z2

Smile vector: Average embedding of all people with a smile
zs

zn
No-smile vector: Average embedding of all people without a smile


Difference vector: 
zs − zn

zdiff
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