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Scientific Context
Foundation Models (FMs) such as large vision models (e.g. DinoV2 (Oquab et al. 2024)), language
models (e.g., GPT (Brown et al. 2020)), and multimodal architectures (e.g. CLIP (Radford et al.
2021)) have achieved remarkable performance across a wide range of tasks. However, their increasing
scale and complexity have made them largely opaque, raising critical concerns regarding interpretability,
trustworthiness, and reliability. These concerns are now amplified by regulatory frameworks such as the
EU AI Act. Understanding how these models process information internally, beyond simply evaluating
predictions and generations, has become a central challenge in modern AI research.

Recent work in mechanistic interpretability has begun to reveal intriguing structural properties within FMs.
Studies have shown that representations evolve through depth in structured ways: emergent linearity or
non-linearity patterns appear across layers (Bouniot et al. 2025) (Sun et al. 2025), clusters of functionally
similar layers can be identified (Chen et al. 2025), and progressively abstract concepts form along the
network’s depth (Kim et al. 2025). Other lines of research have uncovered internal sub-networks that
behave as causal circuits (Elhage et al. 2021). These findings suggest that the internal structure of FMs is
far from arbitrary and carries meaningful, exploitable information.

Yet, despite these promising results, the field remains fragmented. Existing analyses are often ad hoc, tied
to specific architectures or tasks, and lack a unified theoretical grounding. There is currently no systematic
framework for characterizing and comparing the internal representations of FMs across their layers, across
different pretrained models, or across data modalities (text, images, graphs, time series). Furthermore, the
relationship between measurable internal properties (e.g., linearity, intrinsic dimension, effective rank)
and downstream behaviors (e.g., transferability, robustness to distribution shifts, interpretability) remains
poorly understood.

Motivation
This PhD project is motivated by the need for a principled, systematic, and theoretically grounded
approach to analyzing the internal structure of Foundation Models. Bridging this gap is essential not
only for advancing our fundamental understanding of deep learning, but also for enabling practical
downstream applications: identifying optimal layers for fine-tuning or alignment, guiding the design of
more interpretable or robust models, and informing efficient adaptation strategies for new domains and
modalities.

Objectives
The objective of this thesis is to develop a comprehensive framework for the mechanistic analysis of the
internal representations of Foundation Models. The research will be organized around three complementary
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axes:

• Defining theoretically grounded measures of internal structure. The student will develop and formalize
tools to quantify both functional properties (e.g., degree of linearity, information compression) and
geometric properties (e.g., intrinsic dimension, rank, manifold curvature) of representations at each
layer. These measures should be principled, comparable across layers and models, and grounded
in mathematical frameworks such as optimal transport, information geometry, or representation
topology.

• Characterizing how representations and concepts evolve through depth. Building on these tools, the
student will design methods for layer-wise concept extraction and representation analysis, aiming
to understand how the representation space transforms across the depth of a model. This includes
studying how abstract concepts emerge, how redundancy or specialization develops across layers,
and whether universal patterns exist across architectures and modalities.

• Linking internal structure to downstream behaviors. The student will investigate both correlational
and causal relationships between the identified internal properties and key downstream phenomena,
including transferability, sensitivity to distribution shifts, alignment quality, and interpretability.
This axis aims to turn mechanistic observations into actionable insights—for instance, predicting
which layers are most suitable for intervention, adaptation, or explanation extraction.

The analysis will be conducted across multiple data modalities (vision, language, and potentially graphs
or time series) and over a diverse panel of models, with the ambition of identifying both modality-specific
and universal structural patterns.
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