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self-supervised learning, and vision-language foundation models, currently focused on morpho-molecular 
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Scientific Theme Active & Weakly-supervised Learning

Proposal Content
Abstract
Tertiary lymphoid structures (TLSs) and their germinal centers (GCs) are key biomarkers for cancer 
prognosis and immunotherapy success. While specialized deep-learning models can automate TLS 
quantification on H&E slides, their reliance on extensive manual annotations limits their portability to new 
clinical datasets.

This project investigates whether pathology foundation models (FMs), such as UNI [2], Hibou [9], and 
CONCH [8], can overcome this bottleneck by exploring two context aggregation strategies. The first 
strategy uses FM embeddings integrated into a multi-resolution segmentation framework with cross-
attention mechanisms, where topology is learned implicitly through dense connectivity and can capture 
global features. The second strategy uses explicit graph neural networks with predefined topology, where 
FM embeddings serve as node features and learned neighborhood aggregation models long-range and 
fine-grained context. The project will benchmark both context aggregation strategies against a specialist 
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dual-branch U-Net baseline [16,17] trained on TCGA data, assess label efficiency to determine if FMs 
require fewer annotations to reach high performance, and evaluate cross-cohort generalization by testing 
both strategies trained on TCGA data against an independent internal dataset.

A key objective is to understand the relative advantages of explicit graph-based context modeling with 
predefined topology versus implicit cross-attention-based approaches for TLS segmentation. The neutral 
hypothesis, that FM-based variants reach baseline performance with substantially fewer labels and 
generalize better across cohorts, is treated as a question to be measured, not assumed. Both positive and 
negative findings are scientifically informative and inform clinical translation.

Background Information & Problem Statement
Tertiary lymphoid structures (TLSs) are organised aggregates of immune cells that form in chronically 

inflamed tissues, including solid tumours. Their density and maturity, in particular the presence of germinal 

centres (GCs), have been associated with improved prognosis and response [3,14] to immunotherapy 

across several cancer types. Reproducible, automated TLS / GC quantification on routine H&E whole-slide 

images (WSIs) is therefore an active translational goal.

In this context, the current strong methodological baseline for automated TLS / GC quantification is a dual-

branch specialist U-Net segmentation model [16,17]. Trained from scratch on approximately one thousand 

manually annotated TCGA slides across three cancer types, the specialist model demonstrates strong 

agreement with expert pathologists in TLS detection. Two practical limitations of this baseline motivate the 

present project: strong label dependence and limited cross-cohort generalisation.

More recently, self-supervised pathology foundation models (FMs) [1,2,5,6,8,9,13,19,20,21] have 

reshaped the field. However, their use for multi-resolution TLS/GC segmentation is not well studied. 

Recent benchmarks [10,18] show that (i) patch-level performance does not reliably transfer to dense 

segmentation, and larger FMs are not always better; (ii) optimal adapters/decoders and the role of multi-

resolution context in FM-based segmentation remain open questions. 

In parallel, an emerging alternative to cross-attention is graph neural networks with explicit topology for 

modelling spatial context. In this setting, WSI patches or regions are represented as nodes with FM 

embeddings, and context is aggregated via neighbourhood connections, capturing long-range 

dependencies without multi-resolution feature fusion [15]. However, it remains unclear whether this 

approach matches or exceeds cross-attention methods in terms of performance and efficiency.

Problem Statement: 

The dual-branch specialist model is a strong but data-intensive baseline and does not leverage modern 

self-supervised foundation models (FMs). This project investigates how FMs can be adapted for TLS/GC 

segmentation and whether explicit graph-based topology offers advantages over implicit cross-attention. 

Key questions are: (i) do FMs improve data efficiency in dense segmentation; (ii) does implicit (cross-

attention, multi-resolution) or explicit (graph-based) context aggregation better capture spatial 

relationships; and (iii) do FM-based models generalise better than the specialist baseline across cohorts. 

To address this, we compare two strategies: (1) cross-attention-based aggregation using frozen FM 

encoders with implicit multi-resolution context, and (2) graph-based aggregation using predefined topology 

with FM node embeddings. Both are evaluated for label efficiency and cross-cohort generalisation.

Project Objectives & Concrete Implementation
The project pursues three objectives, ordered by priority. Throughout this section, specialist model refers 

to the existing dual-branch U-Net segmentation model used as the baseline.

O1 - Build and benchmark FM-based context aggregation strategies

Strategy 1: Cross-attention-based context aggregation with FM encoders explores FM encoders as 

alternatives to the specialist model's encoders. This strategy compares three foundation models with 
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complementary properties: UNI [2] (vision-only, DINOv2 [11], ViT-H), Hibou [9] (vision-only, DINOv2, ViT-

L), and CONCH [8] (vision–language [12], smaller backbone). Two variants are considered: (A) a single-

branch model operating at target resolution to isolate the effect of multi-resolution context in FM encoders; 

and (B) a multi-resolution dual-branch model integrating the FM encoder with CNN decoding [4] and 

cross-branch context fusion. Both strategies can rely on fine-tuning via LoRA [7].

Strategy 2: Graph-based context aggregation with FM embeddings models spatial context through explicit 

graph topology, where WSI patches become nodes carrying FM embeddings as features. Graph-based 

aggregation mechanisms (e.g., graph attention networks) capture long-range dependencies at the same 

magnification through learned neighborhood relationships. This strategy contrasts with the hard-wired 

multi-resolution fusion of the cross-attention approach, exploring whether explicit topology can match the 

context modeling of multi-resolution feature splicing.

Expected outcome: A benchmark comparing cross-attention (Variants A & B) and graph-based context 

aggregation on the TCGA test set, reporting per-class Dice score (TLS, GC, Rest) and object-level F1 at 

slide level. The study identifies the best-performing strategy, providing a quantitative comparison of 

modelling approaches; even negative results are informative and publishable in this comparative setting.

O2 - Quantify label efficiency

Taking the best FM-based variant from O1, label efficiency is assessed by retraining both that variant and 

the specialist baseline across three label fractions: 25 %, 50 %, and 100 % of the available training slides.

Expected outcome: A label-efficiency curve comparing the best FM-based variant with the specialist 

baseline, plotting per-class Dice against labelled-slide fraction. The result quantifies whether and by how 

much FM-based models match baseline performance with fewer labels.

O3 - Evaluate cross-cohort domain shift

The TCGA-trained models from O1 (both cross-attention-based and graph-based variants) are evaluated 

zero-shot on the in-house cohort (10 expert-annotated H&E slides), reporting per-class Dice and object-

level F1. If a held-out fine-tuning split of the in-house cohort is available, short fine-tuning on a small 

subset of slides is explored to characterise recovery curves.

Expected outcome: A TCGA vs in-house comparison of all models (cross-attention Variants A & B, graph-

based, and specialist baseline), with optional fine-tuning recovery curves. This directly quantifies cross-

cohort robustness and determines whether FM-based strategies improve domain generalisation for clinical 

use.

Do you plan to deliver, as an outcome 
of your project, a reusable “brick” for 
the TRAIL Factory 
(https://factory.trail.ac/en/home_page
) that could later be transferred and 
converted into a company process?

No

Project Dataset
The dataset comprises 1,019 manually annotated H&E whole-slide images (WSIs) with Tertiary Lymphoid 

Structure (TLS) and Germinal Center (GC) annotations. The images are sourced from The Cancer 

Genome Atlas (TCGA) cohorts (https://www.cancer.gov/ccg/research/genome-sequencing/tcga) for Lung 

Squamous Cell Carcinoma (LUSC), Kidney Renal Clear Cell Carcinoma (KIRC), and Bladder Urothelial 
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Carcinoma (BLCA). All corresponding TCGA SVS files for the H&E WSIs have been downloaded and are 

available for the workshop. The annotations (https://zenodo.org/records/10614928, 

https://zenodo.org/records/10635034) are provided as XML files, in which each TLS and GC region is 

represented as a polygon in WSI pixel coordinates. GC polygons are spatially nested within their 

corresponding TLS polygons.

The in-house cohort consists of 10 expert-annotated H&E slides used for evaluating cross-cohort domain 

shift and generalization in Objective O3.

Detailed Work Plan
The team leaders will prepare the training, validation, and test datasets, as well as a baseline specialist 

model based on dual U-Net branches, trained specifically for the TLS/GC semantic segmentation task for 

comparison, before the start of the workshop.

Week 1

Cross-attention-based context aggregation strategy: Explore FM-based segmentation variants (Variants A 

& B) with FM encoders (UNI, Hibou, or CONCH). Compare the dual-branch multi-resolution approach 

against single-branch target-resolution-only, using frozen encoder vs LoRA as the adaptation strategy. 

Design decoders for FM features that progressively upsample spatially coarse ViT tokens to pixel 

resolution.

Graph-based context aggregation strategy: Explore graph-based context aggregation where patch graphs 

carry FM embeddings as node features. Implement graph-based neighborhood aggregation using 

attention mechanisms to model long-range dependencies. Begin with single-magnification graphs as the 

primary variant in Week 1.

Deliverables by end of Week 1: Benchmark both cross-attention variants and the graph-based single-

magnification approach against the specialist baseline on the TCGA test split.

Week 2

Label-efficiency curves and cross-cohort evaluation: Select the best performing variant from each context 

aggregation strategy (cross-attention-based and graph-based) identified in Week 1. Train both with 

progressively smaller fractions of annotated TCGA slides (25%, 50%, 100%) and compare against the 

specialist baseline. Evaluate all variants zero-shot on the in-house cohort (10 expert-annotated H&E 

slides), reporting per-class Dice and object-level F1 for cross-cohort robustness.

Graph-based stretch goal (if on schedule): Extend the graph-based approach to multi-scale graph edges 

linking target (0.5 µm/px) and context (2.0 µm/px) magnifications using learned attention-based fusion.

Deliverables by end of Week 2: Final benchmark comparison table (cross-attention Variants A & B, graph-

based strategy, specialist baseline) with label-efficiency curves and cross-cohort evaluation.
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