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Smoothing a signal based on local neighborhoods is a core operation in machine learning and geometry
processing. On well-structured domains such as vector spaces and manifolds, the Laplace operator derived
from differential geometry offers a principled approach to smoothing via heat diffusion, with strong theoretical
guarantees. However, constructing such Laplacians requires a carefully defined domain structure, which is
not always available. Most practitioners thus rely on simple convolution kernels and message-passing layers,
which are biased against the boundaries of the domain. We bridge this gap by introducing a broad class of
smoothing operators, derived from general similarity or adjacency matrices, and demonstrate that they can be
normalized into diffusion-like operators that inherit desirable properties from Laplacians. Our approach relies
on a symmetric variant of the Sinkhorn algorithm, which rescales positive smoothing operators to match the
structural behavior of heat diffusion. This construction enables Laplacian-like smoothing and processing of
irregular data such as point clouds, sparse voxel grids or mixture of Gaussians. We show that the resulting
operators not only approximate heat diffusion but also retain spectral information from the Laplacian itself,
with applications to shape analysis and matching.
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