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Two publications presented at MICCAI 2025

▶ Distilling foundation models for robust and efficient models in
digital pathology (Filiot et al. 2025)

▶ Robust sensitivity control in digital pathology via tile score
distribution matching (Pignet et al. 2025)



Introduction



Histopathology: Microscopic imaging of tissue samples

Figure: Example of a H&E whole slide image (WSI) and tile.

▶ Used routinely in cancer care for tumor detection and
subtyping, biomarker quantification, etc.

▶ Large public data bases of digitized H&E
slides/tiles [Filiot et al., 2024]



Diagnostic tool in colorectal cancer: MSIntuit
CRC [Saillard et al., 2023]

▶ Microsatellite instability (MSI) is a major biomarker in cancer

▶ Prognosis and eligibility to immunotherapy depend on MSI
status in solid tumors [Schlötterer and Harr, 2004,
Popat et al., 2005, André et al., 2020]

▶ MSI status is determined by immunohistochemistry or PCR



MSIntuit CRC [Saillard et al., 2023]

▶ MSIntuit CRC is a deep learning model for MSI status
prediction from H&E WSI in colorectal cancer (CRC)

▶ The model detects MSI patients (0.97 sensitivity) and rules
out half of MSS patients (0.46 specificity)

Figure: Clinical workflow of MSI screening with MSIntuit CRC.



Owkin’s digital pathology pipeline

Figure: Overview of Owkin’s digital pathology pipeline.



Distilling foundation models for robust digital
pathology



Foundational models for histopathology

▶ Large models trained on large data sets which can be applied
to a wide range of tasks

▶ Recent methodological developments
▶ Vision Transformers (ViT)

architecture [Dosovitskiy et al., 2021]
▶ Self-supervised contrastive learning

algorithms [Caron et al., 2021, Zhou et al., 2022,
Oquab et al., 2023]



Vision Transformers (ViT)
architecture [Dosovitskiy et al., 2021]

Figure: Comparison of CNN and ViT architectures taken
from [Rodrigo et al., 2024].



Self-supervised contrastive learning [Chen et al., 2020]

▶ Self-supervised learning (SSL) uses the data to produce
supervised tasks, instead of external labels.

▶ Example: Principal Component Analysis (PCA)

argminC ∥X − XCCT∥2F , such that CTC = I .

▶ Contrastive SSL uses data augmentation to produce
supervised tasks.



Self-supervised contrastive learning [Chen et al., 2020]

▶ Maximize agreement between positives and minimize
agreement between negatives.

▶ Contrastive loss: (normalized temperature-scaled)
cross-entropy

ℓi ,j = − log
exp(sim(zi , zj)/τ)∑2N

k=1 1[k ̸=i ] exp(sim(zi , zk)/τ)
.



Self-supervised contrastive learning [Chen et al., 2020]

Figure: General architecture of self-supervised contrastive learning.



Self-supervised contrastive learning [Chen et al., 2020]

▶ Requires negative samples to avoid collapse (all samples
mapped to the same representation).

Figure: General architecture of self-supervised contrastive learning.



Self-distillation with no labels (DINO) [Caron et al., 2021]

▶ Self-supervised contrastive learning tends to collapse when not
enough negative samples are used.

▶ Computationally expensive, and sensitive to the choice of
negatives.

▶ The use of negative samples can be avoided by using a
teacher-student (distillation) architecture.



Self-distillation with no labels (DINO) [Caron et al., 2021]

Figure: Self-distillation DINO learning framework.



Foundational models for histopathology

▶ Pre-trained feature extractors used to embed tiles.

▶ State-of-the-art models rely on ViT architecture and DINO
learning framework.

▶ Specific model properties usually derive from the pre-training
data set.

▶ Since 2024: ‘race’ to improve FM by scaling data sets and
model size.

▶ Most recent models have >1B parameters.



Foundational models for histopathology

▶ Scaling data sets and model size improves performance

Figure: Scaling law comparing the number of parameters (a) and training
patches (b) to average performance [Jaume et al., 2024]



Methodological challenges

▶ Objective: include FMs as feature extractors in Owkin’s
pipeline, and deploy them in labs/hospitals

▶ Question 1: State-of-the-art FMs are too expansive to be
deployed in clinical practice, can we compress them?

▶ Question 2:Most are pre-trained on large public data sets, can
we fine-tune them on smaller, private data?



Re-distill into smaller models: Example of Virchow2G
Mini [Zimmermann et al., 2024]



Model distillation

▶ Distillation of neural networks [Hinton et al., 2015] aims at
reproducing the outputs of a large model with a smaller one.

Figure: Classical distillation procedure



Model distillation

▶ Distillation of a frozen FM into a smaller ViT model.

Figure: Distillation of H-Optimus-01.

1Developed by Bioptimus, partner company



Model distillation as fine-tuning

▶ Distillation of a frozen FM using small proprietary data sets

Figure: Distillation as fine-tuning on Owkin’s proprietary data.



Image-level vs patch-level information

▶ “Similarity” combines image-level loss (DINO cross-entropy)
with a patch-level loss (iBoT)

Figure: Distillation as fine-tuning on Owkin’s proprietary data.



Summary of the procedure

Figure: Complete model distillation procedure.



Results on EVA benchmark [kaiko.ai et al., 2024]

Figure: Performance on EVA benchmark for tile-level and slide-level
classification tasks.



Results on HEST-1K benchmark [Jaume et al., 2024]

Figure: Performance on HEST-1k benchmark for tile-level gene expression
prediction.



PLISM data set and
benchmark [Ochi et al., 2024, Filiot et al., 2025]

Figure: Visualizations of BreastBm (left) and PLISM (right) datasets.
For PLISM, we only display 7 of the 13 different stainings on the y-axis.



PLISM data set and
benchmark [Ochi et al., 2024, Filiot et al., 2025]

Figure: Robustness of digital pathology representation models to staining
and scanner variations



PLISM data set and
benchmark [Ochi et al., 2024, Filiot et al., 2025]

Figure: Robustness of digital pathology representation models to staining
and scanner variations



Conclusion on model distillation

▶ Foundational models for digital pathology have reached
remarkable performance on a wide range of tasks

▶ They are too large for clinical deployment, and face
robustness issues

▶ Model distillation enables simultaneous compression and
fine-tuning of foundational models



Robust sensitivity control in digital pathology



Owkin’s digital pathology pipeline

Figure: Overview of Owkin’s digital pathology pipeline.



Chowder Multiple Instance Learning (MIL)
model [Courtiol et al., 2018]

▶ Chowder predicts a score for each tile, selects the top 10
highest and lowest scores and aggregates them into a slide
level score



From Chowder scores to MSI status prediction

▶ Chowder WSI scores are binarized using a threshold τ so as to
achieve a certain sensitivity level on the training data
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Thresholds transfer poorly to external cohorts even when
AUC is robust

Figure: Threshold gap between training and external cohorts.



MSIntuit CRC requires calibration data from the
deployment site

▶ Clinical requirements: at least 95% sensitivity, high specificity,
evaluated on blind external cohorts

▶ MSIntuit CRC computes the threshold τ on every new center
by using 30 MSI positive calibration samples

▶ This procedure applicable in CRC where ∼15% of patients are
MSI positive

▶ Many solid tumors (endometrial, gastric, etc.) have low MSI
prevalence, and obtaining 30 positive samples is unrealistic



Chowder MIL model

▶ Let (S t ,Y t) denote a labeled WSI from the reference cohort

▶ Let (Sc ,Y c) denote a labeled WSI from the calibration cohort

▶ For a WSI S , we denote S = (T1, . . . ,TN) its partition into N
tiles

▶ The Chowder prediction function can be written as

f (S) = h (r (g (T1) , . . . , g (TN))) ,

where g is the tile-level score, r selects the top 10 highest and
lowest scores, and h aggregates them through an MLP.



General idea

▶ Final model predictions are given by

1{f (S) ≥ τ},

where τ is adjusted to satisfy a fixed sensitivity level σ on the
training data

PS ,Y (f (S) > τ |Y = 1) = σ.

▶ Tile Score Distribution Matching (TSM) matches the
distribution of tile-level scores g(Ti ) between training and
calibration, to improve the transferability of the threshold τ .



Tile Score Distributions

▶ Assume that tiles are i.i.d. conditionally to the slide label. For
1 ≤ i , j ≤ N, k ∈ {t, c} and l ∈ {0, 1}

P
(
T k
i |Y k = l

)
= P

(
T k
j |Y k = l

)

▶ By continuity of g , tile scores X k
i = g(T k

i ) are also
conditionally i.i.d. Denote ωk = P(Y k = 1), the density of tile
scores in cohort k is given by

ρkX = ωkρkX |Y=1 + (1− ωk)ρkX |Y=0



Tile Score Distribution Matching (TSM)

▶ Tile Score Distributions ρt and ρc are matched using optimal
transport (OT) up to an adjustment w.r.t. prevalence

▶ The optimal map is computed using the Monge formulation

M∗ = arg min
M∈Ma→b

∫
R
|M(x)− x |2da(x),

where a = ρcX and

b = ωcρtX |Y=1 + (1− ωc)ρtX |Y=0.

▶ Since X is one-dimensional, the closed-form solution is given
by quantile matching



Sensitivity control with TSM

Theorem ([Pignet et al., 2025])

Let τ ∈ R and denote senstrain(τ) and sensval(τ) the sensitivities
associated to threshold τ on the training and validation cohorts.
Assume ωc = 1, i.e., only positive samples are used for calibration.
Then,

senstrain(τ) = sensval(τ).



Sensitivity control with TSM

Theorem ([Pignet et al., 2025])

Let τ ∈ R and denote senstrain(τ) and sensval(τ) the sensitivities
associated to threshold τ on the training and validation cohorts.
Assume ωc = 1, i.e., only positive samples are used for calibration.
Then,

senstrain(τ) = sensval(τ).

▶ In practice, ρcX and ρtX are estimated using the wieghted sum
of Dirac masses centered on each data point

ρ̂cX =
1

nc

nc∑
i=1

δxc
(i)
, and ρ̂tX =

1

nt

nt∑
i=1

δx t
(i)



Application to MSI status prediction
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Figure: Metrics computed on training and FTB validation cohorts for the
MSI classification task, using 30 positive samples for calibration.



TSM controls sensitivity in low prevalence regimes
▶ Sensitivity control is improved by leveraging negative samples
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Conclusion on TSM

▶ TSM controls sensitivity in low prevalence digital pathology
classification tasks

▶ Limitation: The method is specific to the Chowder MIL
model, which is based on tile-level scores aggregation



General conclusion

▶ Model generalizability is key to deploy digital pathology tools
in the clinical setting

▶ Generalization should be enhanced both in terms of model
performance and statistical properties

▶ Model distillation provides compressed, robust foundational
models

▶ Tile Score Distribution Matching (TSM) controls sensitivity in
low prevalence regimes

▶ Next milestone: Diagnostic tools for low MSI prevalence solid
tumors are in development based on AquaViT and TSM



Extension to Spatial transcriptomics?

Figure: Example of a 10x Genomics Visium slide.



Foundational models for SpT are disappointing

Figure: SpT representation with PCA clearly outperforms foundational
models.



Distillation can be used to perform multimodal prediction
(HE and SpT)

Figure: Distilling SpT models (teacher) into HE model (student)
improves performance.



Thank you!

Figure: Ballade au marais Poitevin (F.Roch-CRTNA).
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