
GeONet is mesh-invariant, and is strong for super-
resolution examples.

We may feed data along a low-dimensional 
discretization, and a geodesic along a high-dimensional 
domain can be produced.

GeONet requires a training procedure, but inference is 
instantaneous unlike traditional numerical solvers, 
which are particularly encumbered with a low 
regularization parameter and a high-dimensional 
domain discretization.

.

We provide experimental results. We employ GeONet on 
Gaussian mixtures, which serve as continuous density 
estimators. Furthermore, we employ GeONet on real 
32x32 CIFAR-10 images.

We begin by considering mixtures of the form

.

concentrated in a compact hypercube domain.

Next, we employ GeONet on CIFAR-10 images.

The above results were collected using a simple neural 
network architecture. We propose to implement a 
superior DeepONet architecture, which should be able to 
handle more sophisticated density geodesics.

We also intend to include baseline cases in our error 
analysis.
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The optimal transport problem was originally formulated 
by Monge, which seeks an optimal map such that                        

for general cost function. We will consider quadratic cost                        
.                                 The Monge problem induces a distance

.

This can be re-expressed in a dual form 

The Benamou-Brenier dynamic formulation expresses the 
Wasserstein distance as a minimal flow kinetic energy 
problem

where the probability density flow satisfies the continuity 
equation. To solve the above, we apply Lagrange 
multipliers, which yields a system of PDEs

A neural operator is effectively a deep learning framework 
that learns a mapping                        between infinite-
dimensional function spaces, typically defined through a 
PDE or differential operator. We construct a parametric 
map                                to approximate the true operator, 
which can be done via a physics-informed risk

.

We present GeONet, a neural operator deep learning 
framework for learning the Wasserstein geodesic.

GeONet is instantaneous, and allows for real-time predictions 
in the online setting, unlike traditional optimal transport 
numerical solvers. 

Traditional methods require domain discretization and suffer 
from curse-of-dimensionality, unlike GeONet.

Finally, GeONet needs initial condition data only.

DeepONets are a neural operator framework effective     
for physics-informed systems. This architecture is set up 
as

This architecture acts as a fine equivalence to the 
universal approximation theorem. It is our aim to learn a 
nonlinear operator mapping two input probability 
measures to the connecting geodesic, outlined by

based on training data                                     . We 
implement 4 neural networks such that

.

i.e., we have branch and trunk neural networks. Our 
optimization procedure is outlined as minimizing the 
empirical loss as a sum of continuity, HJ, and boundary 
losses

where

.

We would like to thank the DIGIMAT program for its 
support, as well as the UIUC Department of Statistics.

We would like to thank Duke University and the 
University of Chicago for the symposium as well.

Introduction

Background

Our method Experiments

Training Algorithm

Method characteristics 

Acknowledgements

DIGIMAT


