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rtificial intelligence offers tremendous opportunities to accelerate sci-

entific discovery. Already, AI models have driven major breakthroughs

in areas such as protein folding and weather forecasting. Going forward,
Al may hold the keys to the development of treatments for presently incurable
diseases, to the design of innovative new materials, and to resolving decades-long
open problems in mathematics. Currently, the model landscape is dominated by
transformers; however, their extreme data and compute requirements and limited
interpretability present fundamental challenges for the road ahead. Progress toward
the next generation of Al for science will require a shift toward smaller, structured
models that are efficient, interpretable, and capable of acting as genuine scientific
collaborators: guiding experiments, revealing hidden patterns in data, and helping
to chart new scientific frontiers.

One possible avenue for developing such next-generation models, which I am
pursuing in my research, is geometry-informed Al.* This is motivated by the observa-
tion that encoding data geometry as inductive bias into models can mitigate high
resource demands by reducing the model’s data and computing needs, as demon-
strated by recent work from my group and others.> To illustrate this, consider the
example of image classification, in which labels are typically assigned based on the
objects shown in the image, irrespective of their location. One can encode such
structure into a model by only considering model architectures whose outputs
are agnostic to shifts of objects within the image. Convolutional neural networks,
which achieved a major breakthrough in image classification in the 2010s, are an
early example of a model architecture that has this property.3 More broadly, mod-
els can encode a variety of geometric structures, such as symmetries arising from
fundamental laws of physics or low-dimensional structure reflecting inherent cor-
relations in high-dimensional data.

Why does this matter for the sciences? Take state-of-the-art weather predic-
tion models, which require training on millions of examples to provide accurate
forecasts. By encoding known geometric structure, we can prevent models from
expending resources on implausible scenarios. This is accomplished by constrain-
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ing model outputs to remain consistent with established domain knowledge, such
as physical laws that enforce specific symmetries.

Geometric models are already driving progress across scientific domains: Equi-
variant models accelerate materials discovery and physics-informed architectures
achieve high-resolution weather forecasting.# In my own interdisciplinary work, we
have developed geometric approaches for representing large-scale single-cell datain
away that makes it easier for researchers to trace how cells mature and branch into
different types in developmental processes.> For astronomy, we developed a method
that computes interpretable representations of galaxies that preserve information
about their surrounding cosmic environment, uncovering patterns tied to galaxy
mass and star formation.5 In structural biology, we introduced a geometry-aware
framework for heterogeneous cryo-EM reconstruction that predicts atomic back-
bone conformations, allowing researchers to recover protein structural variability
from single-particle images using geometric priors.”

tate-of-the-art geometric models can already rival transformer-based archi-
tectures in specialized tasks, yet they represent only an early glimpse of what
geometry-informed AI could enable. To move beyond specialized solu-
tions and toward more versatile Al assistants, both mathematics and engineering
advances are needed. Recent theoretical work by my group and others has begun
to clarify when and why geometric priors yield provable advantages, but deeper
mathematical foundations, and their incorporation into broadly applicable founda-
tion models, will be key to accelerating progress in geometry-informed AL Equally
importantis the development of architectures that encode richer and more hetero-
geneous geometric structure, along with the software and hardware infrastructure
needed to scale them efficiently.? Together, these efforts could enable geometric
models capable of driving major advances in Al-assisted scientific discovery.
While I have emphasized that mathematical insights can advance artificial intel-
ligence, the converse is increasingly true as well. Al-assisted reasoning tools are
being introduced into mathematical research, with early successes showing that
they are particularly effective for “needle in a haystack” problems, where a cor-
rect construction, counterexample, or identity exists but is extremely difficult to
find with classical approaches.'® Since mathematics is fundamentally concerned
with identifying and exploiting structure, I expect that structured models, such as
geometry-informed Al will play an important role going forward. Such approaches
could mitigate some of the growing pains of current methods: They rely heavily on
large language models that require time-consuming human formalization of math-
ematical data as text or draw on unreliable informal sources. Their outputs are also
difficult for humans to interpret, limiting the extraction of proof strategies and
mathematical intuition. Encoding mathematical principles directly into models
could enable them to reason in ways that more closely align with human intuition,
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strengthening human-Al collaboration in research mathematics. In my own research,
we have already seen early successes with geometric models in combinatorics.™
Looking ahead, I envision a scientific ecosystem in which Al is not merely a
tool but a collaborator. While current models primarily assist with data analysis,
future models could help researchers interrogate existing literature, act as sounding
boards for hypothesis generation, and collaborate in the conception of new meth-
odologies. Such human-AI collaborations have the potential to accelerate progress
toward answering the great scientific questions of our time, and those yet to emerge.
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