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Context In recent years, foundation models, such as CLIP [10] and DINOv2 [8], have revolutionized computer
vision by enabling strong performance across a wide range of tasks using large-scale pretraining on natural images.
These models learn rich visual representations that are transferable across domains and tasks. However, a significant
limitation of current foundation models is their lack of exposure to specialized medical data during training. In
particular, neuroimaging data, such as cortical folding patterns [4] (commonly extracted from T1-w MRI scans),
exhibit structural and statistical characteristics that differ from natural images. This creates a domain gap that
impairs the performance of foundation models when directly applied to medical data. As such, there is a growing
need to explore how these models can be adapted to new data modalities that fall outside their original training
distribution.

Objectives The aim of this internship is to investigate and benchmark several recent and widely used techniques
for adapting large-scale foundation models to cortical surface data. Data from several datasets have already been
extracted and pre-processed, as explained in [4]. The methods to be explored include:

1. Linear Probing — Training a simple classifier on top of frozen foundation model features to assess their
transferability.

2. Feature Adaptation with Adapters — Inserting lightweight adapter modules into the pretrained model
to learn modality-specific representations while keeping most of the model fixed (e.g., AdapterFusion). [1,9]

3. Low-Rank Adaptation (LoRA) — Efficiently fine-tuning subsets of weights via low-rank updates to achieve
stronger adaptation with minimal parameter overhead. [2]

4. Prompt Tuning and Prefix Tuning — Modulating the input or internal activations of the model through
learned prompts, requiring no changes to the model architecture. [3,5-7,11,12]

5. Full or Partial Fine-Tuning — Adjusting some or all of the model’s parameters using the medical dataset,
which offers the greatest flexibility at the cost of computational efficiency and overfitting risk.

The internship will involve implementing and evaluating these methods on cortical folding pattern data, analyzing
their strengths and limitations, and providing recommendations for adapting vision foundation models to medical
imaging tasks.

Team This project will be carried out under the supervision of P. Gori (Télécom Paris, [PParis) and R. Guiavarch
(Télécom Paris, IPParis)

Salary ~600 euros/month.

Required background M2 in applied mathematics, statistics, computer science, engineering with a good knowl-
edge of Python and deep learning.

How to apply Candidates are invited to send a CV to pietro.gori@telecom-paris.fr detailing their academic
background and motivation.


pietro.gori@telecom-paris.fr
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