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ABSTRACT

Generative models such as diffusion models, flow-matching models, stochastic interpolants,
and normalizing flows have shown remarkable success in generating realistic images and
videos. More recently, these models have been applied to inverse problems and data
assimilation tasks in science and engineering. Notable achievements include the discovery of
three-dimensional protein structures and the generation of highly accurate weather forecasts.
These advances have spurred a surge of interest in applying generative models across a wide
range of scientific and engineering domains. In turn, these applications have driven new
research directions focused on method development. Key areas of ongoing investigation
include: enforcing physical constraints during sample generation; analyzing convergence
properties; developing models capable of handling both sparse observations and continuous
streaming data; improving efficiency and scalability; and extending these methods to address
multiscale and multiphysics problems.

Motivated by these developments, this minisymposium invites submissions focused on the
development, extension, and application of state-of-the-art generative models for inverse
problems and data assimilation. Topics of interest include, but are not limited to:

e Incorporating physical constraints into generative models

Analyzing generative models as tools for probabilistic inference

Extending generative models to settings with limited training data

Applying generative models for state and parameter inference in dynamical systems
Evaluating the performance of generative models for probabilistic inference
Developing novel formulations for faster and more scalable inference



