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ABSTRACT

Real-world data often originates from physical systems that are governed by ge-
ometric and physical laws. Yet, most machine learning methods treat this data
as abstract vectors, ignoring the underlying structure that could improve both
performance and interpretability. Geometry provides powerful guiding princi-
ples—from group equivariance to non-Euclidean metrics—that can preserve the
symmetries or the structure inherent in data. We believe those geometric tools
are well-suited, and perhaps essential, for representation learning and generative
modeling. We propose GRaM, a workshop centered on the principle of grounding
in geometry, which we define as:

An approach is geometrically grounded if it respects the geometric
structure of the problem domain and supports geometric reasoning.

This year, we aim to explore the relevance of geometric methods, particularly in
the context of large models, focusing on the theme of scale and simplicity. We
seek to understand when geometric grounding remains necessary, how to effec-
tively scale geometric approaches, and when geometric constraints can be relaxed
in favor of simpler alternatives.

1 MOTIVATION

Grounding machine learning models in geometry brings both theoretical clarity and practical ben-
efits. This is especially true in fields such as physics (Batzner et al., |[2022), biology (Jumper et al.,
2021)), and robotics (Wang et al.,[2022), where the data is naturally endowed with a geometric struc-
ture, and can be expensive to generate. Riemannian geometry and Lie group theory can efficiently
help modeling such data. For example, by construction, spherical manifolds capture periodic and di-
rectional features, with rotation groups encoding the symmetries (Hall,|2013)). Hyperbolic spaces are
well-suited for representing hierarchies (Gromov, |[1987). Even the space of probability distributions
has a geometric structure, as explored in information geometry (Amari, |1997).

Respecting those geometric constraints is essential in generative modeling—not only for generating
accurate and valid samples, but also for studying the relationship between the data and the model
training dynamics. Learning or modeling the data manifold is crucial for generating samples con-
sistent with its intrinsic structure, avoiding artifacts that break symmetries present in data or distort
latent properties Arvanitidis et al.| (2017); De Bortoli et al. (2022); |[Bose et al.| (2023)); Davis et al.
(2024). Beyond sample quality, geometry also provides principled tools to better understand the data
(Stanczuk et al.,|2022), and the generative models themselves/Ross et al|(2024);Loaiza-Ganem et al.
(2024).

Despite these advantages, geometric methods often require complex computations and non-trivial
implementation. Their necessity can also be questioned in two key scenarios. First, large-scale
models can empirically discover invariances on their own, raising questions about when explicit ge-
ometric biases remain necessary (Brehmer et al.,|2024; |Qu & Krishnapriyan, [2024;|Abramson et al.,
2024). Second, on manifolds with small curvature, Euclidean geometry may provide a sufficient
approximation to more complex Riemannian approaches.



These observations raise central questions: How do geometric methods scale with model size and
data complexity? Can we reduce architectural or theoretical overhead while maintaining the model’s
geometric inductive biases?

The goals of our workshop are threefold: (1) connect communities working in geometry, repre-
sentation learning, generative modeling, and theoretical machine learning; (2) encourage dialogue
between experts in academia and industry, in order to combine theoretical insights with practical
impact; and (3) discuss and anticipate the limitations of geometric methods, with a focus on scale
and simplicity.

2  WORKSHOP STRUCTURE AND CONTENT

GRaM 2024 and beyond This proposal introduces the second edition of the Geometry-grounded
Representation Learning and Generative Modeling (GRaM) workshop, building on the success of the
inaugural edition held at ICML 2024 |Vadgama et al.| (2024). The first workshop attracted 300-400
in-person participants and received over 140 submissions across four thematic tracks. The original
GRaM workshop included blog posts and tutorials, directly inspired by the ICLR blog series, aimed
at making geometric mathematical concepts accessible to broader research communities. This year,
we plan to expand these resources by creating a GitHub repository with user-friendly implemen-
tations of key models, curated paper collections, tutorials, open research questions, and relevant
libraries. Based on last year’s attendance, we expect ~ 100-120 submissions and 300-400 attendees
for this edition.

Workshop scope We invite submissions spanning theory, methods, applications, critical analyses,
open questions, and negative results in (but not limited to) the following areas:

1. Preserving data geometry - Preservation of symmetries: e.g., through equivariant oper-
ators. - Geometric representation systems: e.g., encoding data in intrinsically structured
forms via Clifford algebras or steerable vectors with Clebsch-Gordan products. - Isometric
latent mappings: e.g., learning latent representations of the data via pullback metrics.

2. Inducing geometric structure - Geometric priors: e.g., introducing curvature, symmetry,
or topological constraints through explicit regularization. - non-Euclidean generative mod-
els: e.g., extending diffusion models or flow matching models to non-Euclidean domains
with a predefined metric. - Metric-preserving embeddings: e.g., learning latent spaces
where intrinsic geodesic distances are mapped to Euclidean ones.

3. Geometry in theoretical analysis - Data and latent geometry - Gaining insights on the
data manifold, statistical manifold or the latent variables using geometric tools. - Loss
landscape geometry - Viewing parameters and their optimization trajectory as lying on a
manifold, enabling analysis of curvature, critical points, and generalization. - Theoretical
frameworks- Using differential geometry, algebraic geometry, or group theory to provide
a generalizing perspective on generation or representation learning. - Open problems -
Identifying and addressing unresolved questions and challenges that lie at the intersection
of geometry and learning.

4. Scale and Simplicity - Geometry at scale- Does equivariance retain value in large-scale
models? - Redundancy and minimality- Evaluating when geometric structure is essential
versus when simpler architectures suffice. - Challenging assumptions - Reporting negative
results or limitations of geometric methods to guide future development.

Workshop Tracks We welcome submissions across three tracks:

» Paper track: Extended abstracts (tiny papers) or full papers (4-8 pages, excluding refer-
ences and appendices). Accepted papers will be published in PMLR proceedings. Both
abstracts and papers will be presented as posters or selected talks, with a best paper award.

* Blogpost and Tutorial track: Short blog posts (max 2000 words) clarifying key ideas or
papers, and Colab-based tutorials. All accepted entries will be published on a dedicated
site.


https://gram-workshop.github.io/

* Competition track: Code-based submissions via a shared GitHub repo, focused on repli-
cating geometric/generative models with simplified architectures and preserved perfor-
mance. Accepted entries will be published in PMLR and hosted online.

Each submission will be reviewed by three reviewers under ICLR-style guidelines. Our evaluation
prioritizes scientific insight and clarity over the pursuit of state-of-the-art results.

GRaM in relation to other workshops We have observed that ICLR has supported a number
of excellent workshops in recent years on generative modeling, including Deep Generative Mod-
els in ML: Theory, Principle and Efficacy and Frontiers in Probabilistic Inference (2025). It has
also offered geometry-oriented venues such as Physics for Machine Learning (2023), though the
most recent dedicated geometry workshop was Geometrical and Topological Representation Learn-
ing (2022). GRaM specifically targets the intersection of generative models and geometry. GRaM
bridges generative modeling and geometry, motivated by scientific problems from physics to bi-
ology. It unites theory, methods, and applications grounded in geometric structure and offers a
complementary space to prior workshops.

3 PLANNING AND LOGISTICS

Timeline The workshop will take place on April 26-27, with acceptance notifications required
by March 1. The proposed submission deadline will be January 30, to allow a four-week review
window. The camera-ready versions will be due by March 11.

Logistics Submissions will be double blind and managed through OpenReview (except for Blog-
post and tutorial track submissions). Each PC member will review no more than three papers.
Organizers will not review submissions from their own institutions, and no reviewer will evaluate
work authored by individuals they have previously collaborated with. We aim to expand our existing
program committee (we previously had 70 reviewers), request one author per submission to partici-
pate in reviewing, and thus support around 100-120 submissions and finalize decisions by February
27, and notify all the authors before the 1st of March.

Reviewing and LLM usage GRaM will follow ICLR’s Policies on LLM Usage: while we allow
use of LLMs for rephrasing and polishing (as done partially in this proposal), we disallow any
LLM use in reviewing, proofreading, or authoring scientific content. All authors will be required to
include a clear disclosure statement of any LLLM use in their submitted paper; violation may lead to
desk rejection or revocation of acceptance.

Advertising and outreach strategy We are planning on advertising GRaM through mailing lists,
social media, and academic networks, and personally reach out to researchers in generative model-
ing, and geometry. GRaM has already its own Twitter account.

Virtual access to workshop materials In addition to the PMLR proceedings, the blogpost track
and competition track, we aim to promote on social media the posters being presented, in agreement
with the respective authors.

4 DIVERSITY AND INCLUSION

Gender balance We have prioritized gender equity; 3/8 of our organization team are women, and
half of our invited speakers and panelists are women. Career-stage diversity. Speakers, pan-
elists, and organizers range from early-career researchers to senior professors and industry leads.
Academic—industry balance. We have a mix of speakers from academia and from industry labs,
highlighting how both sectors contribute to advances in geometry and generative modeling. Accessi-
bility and inclusion. We are fully committed to following ADA guidelines and we will proactively
implement them throughout the workshop. This includes ensuring visual and audio accessibility for
all posters, presentations, and panel discussions, as well as securing wheelchair-accessible stages,
seating, and entrances.



Time Speaker Affiliations
09:00 - 10:30 Invited Talks A (30 min each)

Yaron Lipman (tentative) FAIR Meta & Weizmann Institute
Kathlén Kohn (confirmed) KTH Royal Institute of Technology
Arash Vahdat (tentative) NVIDIA Research

10:30 - 11:00  Coffee break
11:00 - 12:00  Contributed talks (x4) (15 min each)
12:00 - 13:30  Poster session 1
13:30 - 14:00  Lunch break
14:00 - 15:30 Invited Talks B (30 min each)
Maya Bechler-Speicher, (confirmed) Tel-Aviv University & Meta
Gabriel Loaiza-Ganem  (confirmed) Layer 6 Al
Tess Smidt (tentative) Massachusetts Institute of Technology
15:30 - 16:00 Coffee break
16:00 - 17:00 Panel discussion

Aditi Krishnapriyan (tentative) University of California Berkeley
Gabriel Loaiza-Ganem  (confirmed) Layer 6 Al

Alexander Tong (confirmed) AITHYRA

Tess Smidt (tentative) Massachusetts Institute of Technology

17:00 - 18:30  Poster session 2

5 SPEAKERS AND PANELISTS

Maya Bechler-Speicher (Scholar) Maya Bechler-Speicher is an Al researcher at Meta, and a
PhD student at Tel-Aviv University. She investigates the expressivity of graph neural networks, with
a focus on how spectral features, positional encodings, and symmetry constraints, all grounded in
geometric structure, influence model performance. Her contributions range from theoretical analysis
(Bechler-Speicher et al., 2024)) to broader position pieces (Bechler-Speicher et al.|[2025)) on the state
of the field.

Kathlén Kohn (Scholar) Kathlén Kohn is an Associate Professor at KTH and an algebraic ge-
ometer whose research connects nonlinear and computational geometry with applications in vision,
deep learning, and invariant theory (Henry et al., 2024; |Marchetti et al.). Widely recognized as an
emerging leader at the interface of algebraic geometry and machine learning, she has contributed
significant mathematical insights and received several prizes for her work. Her expertise in alge-
braic constraints and geometric methods makes her perspective particularly relevant to generative
modeling.

Aditi Krishnapriyan (Scholar) Aditi Krishnapriyan is an Assistant Professor at UC Berkeley
(Chemical Engineering and EECS). She develops physics-inspired machine learning methods with
applications in molecular dynamics, fluid mechanics, and PDEs, offering both deep theoretical in-
sight and ground-breaking applications in chemistry (Krishnapriyan et al., 2021} |[Raja et al., |2025).
Her recent work links generative models with statistical mechanics and develops scalable neural
potentials with physical constraints.

Yaron Lipman (Scholar) Yaron Lipman Yaron is a Research Scientist at Meta Fundamental Al
Research and a professor at the Weizmann Institute of Science. He leads work on geometric deep
learning and generative flows. His Flow Matching work (Lipman et al.| [2022) and his subsequent
generalization on data manifolds (Chen & Lipman, 2023) are widely regarded as foundational ad-
vances in geometric generative modeling.

Gabriel Loaiza-Ganem (Scholar) Gabriel Loaiza-Ganem is a Research Scientist at Layer 6 Al
whose research sharply investigates the geometry underpinning generative models. His theoretical
insights on generative models (Loaiza-Ganem et al.,[2024)) provide principled explanations for issues
such as out-of-distribution likelihoods (Kamkari et al., [2024)) and memorization (Ross et al., [2024]).
Gabriel’s contributions are also unusually pedagogical.


https://scholar.google.com/citations?user=vyteiT4AAAAJ&hl=en
https://scholar.google.com/citations?user=jk2kwWIAAAAJ&hl=en&oi=ao
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Tess Smidt (Scholar) Tess Smidt is an Associate Professor in MIT’s EECS department and leads
the Atomic Architects group at MIT’s RLE, where she blends physics, geometry, and ML. Her
work on Euclidean neural networks (Geiger & Smidt,[2022)) has been extremely influential for E(3)-
equivariant modeling of 3D data, with many applications in physics and chemistry. She has also
advanced this work with clever methods for controlled symmetry breaking in equivariant networks
and generative models (Unke et al} 2021} [Costa et al.| [2024).

Alexander Tong (Scholar) Alexander Tong is a PI at Aithyra working at the interface of generative
modeling, optimal transport, and applications in the life sciences. His recent work combines gen-
erative models with geometry [2022} [Atanackovic et al} [2024), leading to impactful
applications in biology 2023).

Arash Vahdat (Scholar) is a Research Director at NVIDIA, where he leads the GenAIR team
on fundamental generative Al research. His work spans diffusion models, latent variable models,
and flows, with applications ranging from vision and text to proteins, molecules, and weather. No-
table contributions include Score-Based Generative Modeling in Latent Space (Vahdat et al., 2021
and recent advances in protein generation and accelerated diffusion sampling (Geftner et al, 2025
Cachay et all 2025). Beyond his academic impact, Arash brings an important industry perspective
on scaling and applying generative models, making him a valuable voice for the workshop.

6 ORGANIZER TEAMS

Sharvaree Vadgama (email, |Scholar) is a PhD student at Amsterdam Machine Learning Lab,
University of Amsterdam. Her work is focused on learning representations primarily at the inter-
section of geometric deep learning and generative modeling. She was a co-organizer of Generative
Modeling Summer School (GeMSS) 2023/2024 as well as a co-organizer of Women in Al meetups
(Amsterdam chapter). She is also organizer for TAG-DS event co-located with NeurIPS 2025.

Alison Pouplin (email, Scholar) is a research scientist at Bayer, Berlin. Prior that, she was a post-
doctoral researcher at Aalto University and the Finnish Center of Al. Her current research interests
involve Riemannian geometry, information geometry, and generative modeling. She defended her
PhD on differential geometric approaches to machine learning.

Sékou-Oumar Kaba (email, Scholar) is a PhD student at McGill University and Mila, the Quebec
Al institute. His interests are at the intersection of physics and deep learning, with a focus on
symmetry and geometric inductive biases. In parallel, he also works on applications of machine
learning to material science. He is a co-organizer of the Mila Quantum and AI meetups. He is a
recipient of the DeepMind PhD scholarship.


https://scholar.google.com/citations?user=iF01q24AAAAJ&hl=en&oi=ao
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Manuel Lecha (email, Scholar) is a PhD student in the ELLIS program, jointly affiliated with
the Italian Institute of Technology and Oxford University, under the supervision of Alessio Del Bue
and Michael Bronstein. His research explores the intersection between topological and geometric
methods. Manuel won multiple awards, including first place at the ICML Topological Deep Learning
Challenge in both 2023 and 2024.

Robin Walters (email, Scholar) is an assistant professor at Northeastern University, where he
leads the Geometric Learning Lab. Robin’s research aims to understand symmetry in deep learn-
ing and exploit this to improve generalization and data efficiency of deep learning methods. This
includes designing equivariant neural networks, symmetry discovery methods, and a symmetry the-
ory for model parameters, applying these approaches to complex dynamic domains such as climate
science, transportation, and robotics.

Jakub M. Tomczak (email, Scholar) is a Senior Staff Research Scientist (Generative Al x Sci-
ence) at Chan Zuckerberg Initiative. He is a Generative Al Leader with 15+ years of experience
in machine learning, deep learning, and Generative Al. Previously, he was a group leader (Genera-
tive Al) at the Eindhoven University of Technology. He has also served as a (fractional) Al leader
(head/director/CTO) for multiple companies (e.g., eBay, Qualcomm, startups) and authored the first
fully comprehensive book on GenAl ("Deep Generative Modeling”). He served as a Program Chair
for NeurIPS 2024.

Stefanie Jegelka (email, Scholar) is an Associate Professor (on leave) at MIT EECS, and a Hum-
boldt Professor at TU Munich. At MIT, she is a member of CSAIL, IDSS, and the Center for
Statistics and Machine Learning. She previously held a postdoc position at UC Berkeley’s AMPlab
and Computer Vision Group. Her research in algorithmic machine learning—spanning modeling,
optimization, theory, and applications—focuses on exploiting mathematical structure for discrete
and combinatorial problems to improve robustness and scale ML algorithms.

Erik Bekkers (email, Scholar) is an associate professor in Geometric Deep Learning (GDL) in
the Machine Learning Lab of the University of Amsterdam (AMLab, UvA). His main interests
include generalizations of group convolutional neural networks and their improvements through
sparse, adaptive, and geometric learning mechanisms. He has organized several international work-
shops and conference sessions (e.g., GeoMedIA’22, GSI *21 and °23, ELLIS workshops). He is a
recipient of a VENI and VIDI research grant (Dutch Research Council) and recognized as an ELLIS
Scholar in Geometric Deep Learning.
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