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- Better interpretabilty through disentangled representation Weintroduce adeep generative model thatlearns
- In context of video: static and dynamic information disentangled static and dynamic representations from
- Pairwise comparison instead of recurrent architecture data without temporal ordering

Generative Model: ) Distributions of the generative model:
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Inference Model:
v Distributions of the inference model:
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Learning: _ where xg = (z4,,...,%5,), N =3
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Visualization of the full model Visualization of the encoder for the static latent variable model
Learned dynamic data manifold of the 2d latent space Naive emotion detection in a 2d latent space
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- Digits and style of the handwritten numbers are - Two-dimensional latent space captures dynamics of faces
consistent over the spanned latent space - Naive analysis of the dynamic plot can already extract
- Coherence of the dynamic space between different some meaningful facial expressions (smiling / astonished)

identities



