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Mathematical imaging has long been a driver of fundamental developments across the mathematical sci-
ences, rooted in the challenge of reconstructing and interpreting information from incomplete, noisy, or indirect
data. This has led to deep connections with analysis, geometry, inverse problems, and probability, and has
enabled transformative applications across science and engineering. The rapid rise of artificial intelligence is
now reshaping this landscape. Data-driven methods, in particular deep learning, achieve remarkable empirical
performance in imaging tasks, yet they also raise fundamental questions about stability, generalisation, inter-
pretability, and the role of prior knowledge and physical structure. In this talk, I will argue that the central
challenge is not to replace mathematical models with data, but to understand how data and structure interact.
I will highlight recent developments that combine learning with geometry, physics, and variational principles,
leading to new analytical frameworks and computational paradigms. From this perspective, imaging continues
to act as a catalyst for mathematics — offering a fertile ground for developing the next generation of ideas at
the interface of analysis, computation, and learning.
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