The Wasserstein gradient flow of the Sinkhorn divergence
Gaussian analysis and applications in generative modeling
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Entropic optimal transport and the Sinkhorn divergence Wasserstein gradient flows (WGFs) and that of S. Use In generative modeling
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; Question (initially raised in [2])
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Theorem (H & Lacombe, 2026)

Let g = N (myg, Xo), e = N(m,, ) (with 3, %, = 0). There exists a curve t — p; = N'(my, >;) solution to the PDE i + div(u:V(f,, — fu,...)) = 0.

It is unique in the class of measures R = {exp(=V), ayl <X V*V =< ByI}. We always have m; > M and moreover:
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unstable w.r.t. py (small perturbation on the right).

Key proof elements

o S.(-, iy) restricted to Gaussians is —4Ay.x(2x)/e-convex along generalized geodesics + apply [1]. e EVIon R. e Extensive use of the closed-form expressions [7].

Comparison with non-Gaussian data: learning the swiss roll with a Sinkhorn-drifting model in raw vs manifold coordinates
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Main takeaway

Convergence is slowed down by the need to collapse mass, e.g. when mapping a full support distribution to a manifold-supported distribution — use latent spaces !
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