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📖 Generative model capable of learning latent 
representations  from data z x

Architecture

Density Estimation
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Background: Variational Autoencoders 
(VAEs)

Importace Weighted Autoencoders (IWAEs) 
💡 Optimise a tighter lower bound than the ELBO

We can see that                             when             .      

Burda et al. (2015) showed that for all    :

🔨 We use the same architectures as in Burda et al. (2015)

Latent Representations
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To train a VAE, we maximise the evidence lower bound        :
<latexit sha1_base64="Dnm3u2AW0VAygxohkM0jE+aIGrE="></latexit>

LVAE(x) = Eq�(z|x)


log

✓
p✓(x, z)

q�(z|x)

◆�

 logEq�(z|x)

✓
p✓(x, z)

q�(z|x)

◆�
= log p✓(x)

<latexit sha1_base64="ZQwCq+AhD5EQ4GoGGhRUg4t4K0A="></latexit>

LVAE

where     is the observed data,     is the latent variable, and

          is the variational posterior that approximates the 
true posterior             .    
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q(z|x)
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p(z|x)

To train a IWAE, we maximise a different variational lower 
bound            :
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LVAE = LIWAE
k
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k = 1
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LIWAE
k  LIWAE

k+1  log p(x)

And the variational lower bound approaches the true log 
marginal likelihood as          . IWAE is able to use more 
samples to improve the tightness of the bound.
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k ! 1

MNIST Omniglot
# stoch. 

layers k VAE IWAE VAE IWAE

1 1 87.68 87.68 112.36 112.36
5 87.51 85.98 111.67 108.33

50 87.54 85.37 112.05 106.84
2 1 87.18 87.18 111.31 111.31

5 86.87 85.03 111.23 107.77

50 86.93 84.42 111.15 105.59
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University of Cambridge

Sampling

VAE IWAE
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k = 1

🧪 We can generate new samples from the latent space 
by sampling from a Gaussian prior

🚀 The negative log likelihood is lower for IWAEs

🔎 Visualisation of a 2 dimensional latent space

Reparameterisation Trick!

Reconstruction

<latexit sha1_base64="Mseb6xsOqPdXg1mZwaBu6aZXGWE="></latexit>

LVAE = LIWAE
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