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Representation Learning through VAEs

+ VAEs learn representations of data.

« We want to capture characteristics in
individual dimensions.

« Can alter characteristics without
affecting others.

« Our model achieves this by leveraging
label information.




Introducing label information

« Sometimes we have labels.

« Alabel contains the minimum amount of information about the characteristic.

Not Smiling Smiling



Baseline

 Prior approaches treat the labels

directly as latent values®.

« Latents are partially-observed.
T A

This is a bad idea
Decoder
Placing the labels into the latent space "

destroys the representation.

!Diederik P. Kingma et al. “Semi-supervised learning with deep generative models”. In: N/PS (2014).



How should we use labels?

« We want to capture more information than just the label itself.
« Traversing the latents should alter the characteristics.

« Latent space smooth needs to be smooth.

Less Smiling More Smiling




CCVAE - Inference model

« Our model has an entirely smooth
latent space.

« The labels are treated as auxiliary
variables.

« Classification is performed on the

latent space.

This is a good idea

The latent space now captures the
information in the image.



CCVAE - Inference model

« We classify a single label on a single
latent.

« The latent space now has a latent for
each label.

This is a good idea

This is essential for disentanglement.



CCVAE - Disentangling the latent space

« Information about the characteristic
needs to be present to classify it
correctly.

« This forces the encoder to place the
information in the correct latent.

Disentanglement!

We can now capture more information than
the labels and also disentangle them!



CCVAE - Generative model

+ Each characteristic will have diversity.

« We want this diversity in conditional
generations.

+ We learn a distribution p(z;|y;) for each

latent.



CCVAE - Generative model

+ We can now sample individual — ]
representations for individual
characteristics. R

« We can re-sample from one
representation to gain diversity of that .

characteristic. é



CCVAE - Generative model

Diverse Generations

We can now generate diverse samples for
each label, e.g. preserve everything but
generate different glasses.
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CCVAE - Graphical model

« We use the previous features in our

graphical model. ,:
@ .

+ This enables us to capture more @
information than just the label.

« We also disentangle the latent space, pe(x | 2) <
allowing for traversals. Z
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CCVAE - Supervised Objective

« Our objective represents the ELBO of the model.

« which contains a conditional prior py(z | y) and a classifier g, 4(y | x).
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CCVAE - Semi-supervised Objective

o Our model can deal with the case
without labels.
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o Perform variational inference over the @
labels.
» Good performance is achieved at a pe(x | 2) ,'I 45(2 | x)

supervision rate of 1/250. ’
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CCVAE - Results

« Our model captures and disentangles
characteristics.

« Permitting latent traversals and
diverse conditional generations.

« Improves classification accuracy.
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Figure 1: Classification accuracies

Figure 3: Variance of generations 14



Thank You

github.com/thwjoy/ccvae
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