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Overview

Differentiable Expectation-Maximization
and (toy) applications with Gaussian Mixture OT
[Boi+25]
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Differentiation of EM as a Fixed-Point Algorithm
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Differentiation of EM as a Fixed-Point Algorithm

Differentiation methods:
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Differentiation of EM as a Fixed-Point Algorithm
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Differentiation of EM as a Fixed-Point Algorithm
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Differentiation of EM as a Fixed-Point Algorithm

Differentiation methods:
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Differentiation of EM as a Fixed-Point Algorithm

Differentiation methods:
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Crash Course on GMMOT [DD20]
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Crash Course on GMMOT [DD20]

Mixture-Wasserstein Distance [DD20]
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EM-MW?2 as a Loss
Gradient Descent on X —— MW3(u(F%(6o)),v).
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EM-MW?2 as a Loss
Gradient Descent on X —— MW3(u(F%(6o)),v).
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EM-MW?2 as a Loss

Gradient Descent on X —— MW3(u(F%(6o)),v).
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EM-MW?2 as a Loss

Gradient Descent on X —— MW3(u(F%(6o)),v).
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Fixing GMM Weights
Gradient Descent on X —— MW3(u(F%(6o)),v).
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Unbalanced GMMOT
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Unbalanced GMMOT
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Application: Colour Transfer
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Application: Style Transfer
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Application: Texture Synthesis
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EM Formulas
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