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 Need for geometry awareness in latent space models : > Generator mapping function

> Latent space models learn a mapping from low dimensional latent > ‘g’ is a composite function formed by

space to high dimensional data space > affine maps and activations

* Activation functions are smooth

> Generator mapping approximates the data manifold reasonably * Weight matrices have maximal rank

well, allowing to generate novel data samples

: * Study and compare the latent space geometry of deep generative models
that learn disentangled representations

* Establish the presence of curvature in latent space using several metrics

* Establish the relevance of geometry aware metric over Euclidean metric

> Metric in the latent space deviates from
~ Euclidean distance

. What we do? .

Disentangled Representation Learning
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Measures class seperability

> Tangent Space Alignment
* Principle angle between subspaces defined by the tangent
spaces
* Large angle denotes higher curvature

................................................... - EXP erimental Results >

Residual Cross Correlation Tangent Space Alighment

Dataset | VAE | Szabo et al. | Mathieu et al. | Jha et al. Datasets | VAE | Szabo et al | Mathieu et al. | Jha et al. .
MNIST | 0071 | 0.142 0.178 0.167 MNIST | 21.45 | 34.12 32.25 32.76 C OﬂClUSlOﬂ
MultiPie | 0.65 : 0.72 0.71 MultiPIE | 27.95 |  37.42 36.88 36.96 )
3D chairs | 0162 | 0262 0511 0.515 3D chairs | 23.45 | 36.77 35.86 36.50 D
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" models with VAE for MNIST digits, MultiPIE and 3D chairs Approximate Curvature estimated with principal

angles between Tangent Spaces.
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.................................................................................................................................................................................................................................................... ' > Riemannian metric should be used as opposed to |
Models VAE | Mathieu et al. | Jha et al. Szabo et al | Mathieu et al. | Jha et al. || Szabo et al | Mathieu et al. | Jha et al. I Euclidean CﬁStaHCe :
Distances Euclidean | 0.312 0.346 0.332 0.158 0.160 0.156 0.114 0.112 0.116 I |
Riemannian | 1.142 1.784 1.602 0.344 0.376 0.365 0.297 0355 0.336 ' > Better image synthesis, interpolations and |
Clustering | Euclidean | 82.98 89.37 90.06 91.16 94.33 94.24 91.12 74.32 2 K S | , ) , o , i : I
F score | Riemannian | 89.04 94.45 95.60 95.22 96.34 96.44 94.56 78.00 %660 | Effect of curvature on distances clustering is achieved with Riemannian metric !
d clusteri fi . . . .
......................................... MU'tiPlE e 3d Chairs EEEEEsEEEEEEEsEEsEEEEEEEEEEEEEEEEEEEEEEES MNIST .ancu.serngpe.rormance: > Dlsentangllng models lmpose hlgher Curvature aS :
|
233323838333 838/233332333838  opposed to VAEs :
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| Interpolation between two samples from different classes in the latent spaces of VAE and specified space of Mathieu
et al.[15] with fixed unspecified using Euclidean (Left) and Riemannian Metric (Right).
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Randomly sampled unspecified component
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Dlme}’lSIOl’l 1 o 59 Activation function | VAE | Mathieu et al. . Contacts

C 0.065 | 0.069 | 0.071 LUlItav o :
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Dimensionality vs Non-Linearity Rank of Jacobian
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