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Context

Al4Science is an emerging scientific paradigm that leverages the potential of Al to advance scientific
discovery and model complex natural phenomena. Within this context, generative modeling is opening
new avenues for simulating and understanding complex physical systems. This PhD project aims to
explore and advance generative deep learning architectures for modeling complex physical dynamical
systems arising in domains such as fluid mechanics and climate science. These surrogate models hold
strong potential for learning flexible, data-driven representations of physical laws. By developing
generalizable, cross-physics generative models, this research contributes to the broader vision of
Al4Science: accelerating scientific discovery through learned simulation and abstraction.

Research Objectives

Can we develop generative models that learn structured, physically grounded representations of dynamical
systems, enabling synthesis, adaptation, and generalization across diverse physical regimes and
heterogeneous physical domains? This research question unfolds into several complementary directions,
including learning compact representations of physical dynamics, modeling uncertainty through generative
approaches, and enforcing the scientific validity of generated solutions. Together, these directions aim to
contribute to the development of generative world models capable of representing complex physical
dynamics in a scalable and scientifically consistent manner.

Learning Latent representation of physical dynamics.

Learning representations of physical dynamics is a crucial step toward developing scalable neural
surrogates. To handle the complexity of physical systems, this is generally performed in a reduced-
dimensional latent space. Classical approaches pretrain models using forecasting objectives, for example
with neural operators (Serrano et al., 2024; Serrano et al., 2025) or foundation models (McCabe et al.,
2025). However, such objectives often entangle dynamics estimation and future-state prediction. An
alternative approach is to decouple representation learning from downstream tasks in order to learn
abstract representations that can support multiple tasks, as in the JEPA family of models (Balestriero et al.,
2025; Maes et al., 2026). Downstream tasks can then leverage these learned representations in zero-shot or
few-shot settings. This research direction aims to investigate latent representations that capture the
structure of physical dynamics while remaining transferable across tasks and physical regimes.



Generative models and uncertainty modeling

A complementary research direction focuses on modeling uncertainty and the distribution of possible
trajectories. In physical systems, one is often interested in predicting distributions of trajectories rather
than single trajectories. Physical systems may be chaotic, as in climate and weather forecasting;
observations are often incomplete; system dynamics may evolve due to external factors; and neural
surrogates accumulate errors during forecasting. All these soutrces of uncertainty must therefore be
modeled. Current approaches leverage recent generative paradigms such as diffusion models, flow models,
and stochastic interpolants (Li et al., 2025; Koupai et al., 2025; Hao et al., 2024; Zhou et al., 2025). How to
build foundation generative models operating on structured latent representations remains largely open.
This research direction will investigate efficient generative models capable of capturing uncertainty and
multimodality in learned physical solutions.

Physically consistent models

Another important challenge concerns the scientific validity of generated trajectories. Black-box neural
surrogates may accurately predict system evolution according to standard metrics such as RMSE while
remaining physically inconsistent. Different approaches aim to introduce constraints that enforce physical
consistency. Generative models open new challenges and opportunities for generating physically
consistent distributions. Recent approaches attempt to draw inspiration from self-consistency ideas
developed in language models to enforce physical consistency (Wu et al., 20206).

More broadly, the PhD will explore generative and physically consistent models of physical dynamics,
leveraging recent advances in self-supervised representation learning, generative modeling, and neural
surrogate modeling. The objective is to develop models capable of producing solutions that are not only
plausible and diverse, but also scientifically valid and transferable across physical regimes.

.Position and Working Environment

The PhD studentship is a three years position starting in October/November 2026. It does not include
teaching obligation, but it is possible to engage if desired. The PhD candidate will work at Sorbonne
Université (S.U.), in the center of Paris. He/She will integrate the MLIA team (Machine Learning and
Deep Learning for Information Access) at ISIR (Institut des Systemes Intelligents et de Robotique).
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