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Background
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Conclusions

e Spatial-VAE enables learning generative models of images that separate latent
variables encoding content from rotation and translation

This allows us to naturally model rotation and translation as
transformations of the spatial coordinates. Let R(0) be the
rotation matrix for angle 6 and Ax be the translation, then the
log probability of the image is given by  The framework learns continuous conformations of proteins and galaxies in 2D
log py(ylz,0,Ax) = Z log py(y'|z' R(0) + Az, 2) « The general framework extends to higher dimension signals and other coordinate
b transformations
We then perform approximate inference on z, 6, and Ax using
a variational autoencoder framework.




