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Introduction




1.1. Biologie cellulaire 101: le dogme
Mesurer 'ARN par cellule unique nous permet de comprendre ce que fait la cellule
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1.2. Dudogme a la réalité

Quasiment tout interagit au sein de la cellule
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1.3. Réseau genétique et représentation de la cellule

Les cellules sont faits des complexes de trilliards de macromolécules

1: Gene regulatory network inference in the era of single-cell multi-omics | Nature Reviews Genetics Q
5


https://www.nature.com/articles/s41576-023-00618-5.pdf

Dans le domaine du Machine
learning...

Les LLMs ont présentés de nouvelles idées pour
apprendre des intéractions sans supervision



1.4. Les transformer sont pré-entrainés avec du SSL

les méthodes classiques d’apprentissage semi-supervise

(» Encoder Transformer ) (» Decoder Transformer j

MASK MASK

Decoding / Autoregressive
Bidirectional / Masking 8/ 5

[1810.04805] BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding,
In-context Learning and Induction Head 7



https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/2209.11895

1.5. Transformer utilisent le mécanisme d’Attention
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[1706.03762] Attention Is All You Need, Accurate structure prediction
of biomolecular interactions with AlphaFold 3 | Nature



https://arxiv.org/abs/1706.03762
https://www.nature.com/articles/s41586-024-07487-w
https://www.nature.com/articles/s41586-024-07487-w

1.6. Geneformer et scGPT: single-cell foundation models

premiers résultats en entrainant des LLMs sur du scRNAseq (scFMs)
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scGPT: toward building a foundation model for single-cell multi-omics using generative Al. Nat Methods p


https://www.nature.com/articles/s41592-024-02201-0#citeas

Pourquoi les modeles de fondation

Modéliser la cellule peut nous permettre de découvrir des médicaments
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https://arxiv.org/html/2409.11654v1

Qu’est-ce que les scFMs ont
appris de la cellule?

Peut-on améliorer les scFMs en utilisant le framework
des réseaux de genes?



2. SCPRINT & scPRINT-2




2.1. scPRINT et ses nombreuses contributions
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2.2. Encoder les genes via leur séquence

ajouter des biais inductif pour mieux apprendre les intéractions génétiques

[ Bidirectional Transformer ]
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1: Universal Cell Embeddings: A Foundation Model for Cell Biology | bioRxiv
2: Evolutionary-scale prediction of atomic-level protein structure with alanguage model | Science

©


https://www.biorxiv.org/content/10.1101/2023.11.28.568918v1.full
https://www.science.org/doi/10.1126/science.ade2574

2.1. scPRINT et ses nombreuses contributions
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2.3. scPRINT et ses nouvelles méthodes d’étrainement

SCPRINT spécialisés sont entrainement aux données de scRNA-seq
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https://www.biorxiv.org/content/10.1101/2023.10.16.561085v1.full.pdf

2.4. scPRINT et ses nouvelles méthodes d'entrainement

La classification pour déconvoluer les sources de variations d’expression
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2.5. un scFM avec des capacitées diverses

SCPRINT does denoising, predicts cell labels, cell embeddings, and gene networks
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2.6. Le corpus scPRINT: 350 millions de cellules

La plus grande base de donnée d’expression génétique par cellule seule

B human (66.39%)
B mouse (29.56%)
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W lung B zebrafish (0.90%)
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M pancreas chicken (0.17%)
1.35% embryo * nake mole rat (0.13%)
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scPRINT-2: Towards the next-generation of cell foundation models and benchmarks. BioRxiv p
19


https://www.biorxiv.org/content/10.64898/2025.12.11.693702v1

3. Benchmarks et Resultats




3.1. LCMs ont une représentation des interactions

Qui devient meilleurs grace a nos biais inductifs

EPR to the omnipath ground truth
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https://r.omnipathdb.org/

3.2. Prédire les types cellulaires sur de nouvelles données

scPRINT prédit: cell type, sex, sequencer, disease, ethnicity sans ré-entrainement
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https://openproblems.bio/results/label projection/ p


https://openproblems.bio/results/label_projection/

3.2. Les modeles de fondation sont SOTA en classification

Quand mesurés et entrainés correctements

EmEEEsdEF T > %

° L ]
i ¢ ¢ W
0.8 . . . v X/.’
¢ .
T
' .
0.6 .
'R ¢
: o )

lL

Accuracy
o
>
|
T
L ]
. K3

) .
0.2 1 L]
. " o dkd
M ool % gtex_v9
. % ¢ hypomap
0.0 1 . "~ e mouse_pancreas_atlas
i ™ o '3 CR p Q O o\
& R & ,°o°" v’b*q,e 4?,5\ é}‘z @"‘? ‘&\z »?é" @@ & F <5 _\é{c\ 6‘90 & ,oo‘- &eo
C) X Y < & o b
o ® e §£ & & & P & & £
& & & & 4 ° & @ &
4 & P & & R & &0 ¢ 8
& ¥ g * g * & \\"} &
e £ & &
o o
Method 23



3.3. scPRINT peut retirer les effets de batch

scPRINT learned to disentangle biological signal from sequencing signal
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Benchmarking atlas-level data integration in single-cell genomics | Nature Methods p
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https://www.nature.com/articles/s41592-021-01336-8

3.3. Batch: scPRINT-2 beats scPRINT-1 and becomes SOTA

thanks to these specialized embeddings (increase sclB batch corr)

sclB Batch Correction Distribution
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3.4. Les LCMs peuvent généraliser a de nouvelles taches

Example: Humaniser les données précliniques de souris
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scPRINT-2: Towards the next-generation of cell foundation models and benchmarks. BioRxiv p
26



https://www.biorxiv.org/content/10.64898/2025.12.11.693702v1

3.4. Les LCMs peuvent généraliser a de nouvelles taches

Example: Humaniser les données précliniques de souris
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scPRINT-2: Towards the next-generation of cell foundation models and benchmarks. BioRxiv Q
27



https://www.biorxiv.org/content/10.64898/2025.12.11.693702v1

3.4. Confirmé sur de I'analyse d’expression différentielle

... top differentially expressed genes are the correct ones!
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scPRINT-2: Towards the next-generation of cell foundation models and benchmarks. BioRxiv p
28


https://www.biorxiv.org/content/10.64898/2025.12.11.693702v1

3.4. Confirmé sur de I'analyse d’expression différentielle

... top differentially expressed genes are the correct ones!

as_human vs. rest
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scPRINT-2: Towards the next-generation of cell foundation models and benchmarks. BioRxiv p
29


https://www.biorxiv.org/content/10.64898/2025.12.11.693702v1

3.5. scPRINT peut augmenter la qualité des données

SCPRINT beats state of the art tool MAGIC on challenging rare cell populations
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https://www.cell.com/cell/fulltext/S0092-8674(18)30724-4

3.5. scPRINT peut augmenter la qualité des données

impact of sequencing quality and bias is reduced thanks to the GNN

Magic vs scPRINT denoising per test dataset quality (depth)
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Les LCMS généralisent sur des nouvelles modalités

of Xenium 5K human primary skin melanoma
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La classification sur des slides Xenium de ST

Mais présente aussi les biais toujours présents dans les données
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4. étude: Hyperplasie bégnine de la prostate




4.1. scPRINT en outil central en bioinformatique

D’un dataset brute a des premiers résultats de target discovery
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4.1. scPRINT en outil central en bioinformatique

The rare BPH-associated B-cell population predicted by scPRINT contains known markers
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4.2. Trouver des hubs géenétiques entre états cellulaires

scPRINT networks are cell state specific and explain known biology in BPH
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4.3. Découvertes de clusters et de mécanismes

SCPRINT networks contain communities (clusters) of genes with enriched functions
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Conclusion




SCPRINT & scPRINT-2 sont disponibles et utilisables
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https://cantinilab.github.io/scPRINT/umap/nice_umap_scprint2.html

5.2. Contributions...

Mais de nombreux problemes

Better training
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5.4. La suite: Créer un modele multi échelle

nm pum mm

Protein { Cell Tissue
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NT V >\ sCellST %

SCPRINT =— CONCH

Simulating 500 million vears of evolution with alanguage model
Nucleotide Transformer: building and evaluating robust foundation models for human genomics

A visual-language foundation model for computational pathology
sCellST predicts single-cell gene expression from H& E images 42



https://www.science.org/doi/10.1126/science.ads0018
https://www.nature.com/articles/s41592-024-02523-z
https://www.nature.com/articles/s41591-024-02856-4
https://www.nature.com/articles/s41467-025-67965-1
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1.7. Geneformer and scGPT’s encoding and training
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What do we test for?

Using a task gymnasium from the scPRINT paper
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4.2. A definitive benchmark of scFMs

42 different features from dataset to architectures, losses and more
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What do we test for?

42 different elements from dataset to architectures, losses and more

( GPU denoising embed & batch corr. cell type prediction gene regulatory network prediction
time per OR OR  AUPRC  AUPRC
names epoch score lung pancreas lung  pancreas gwps  omni.  gwps pidiehy
130 25 50.1 423 50 45 3.8. 14 0044  0,00165
+1,5 +-2.1 +-2 +-8 +5 +0.7 +03 +-0.002 +-0.00015
variability across seeds
medium model 180 3 50.3 42.8 4.7 115  0.048  0.00188
negative control 0 -24 402 34.2 _ 1 08 0021 000123 ||
no dropout 130 -1 49.9 45.7 55.1 3.9 1.5 0044  0.00157
large classifier 130 0 52 43 53 49 44 18 0046  0.00148
MVC 130 1 51.7 44.4 54.8 4538 3.9 14 0043  0.00143
no decoders / generation 90 2 52.2 449 53.2 477 4 - 0.044  0.00166
XPressor 160 [N 504 456 473 468 4.2 0.046  0.00163
onlyTahoe | 130 0 BN s - 0.0041 1101007047
\_ CZ! + Tahoe (denoise) 130 16.1 53.9 43.1 52.6 51.1 45 19 0046  0.00143

scPRINT-2: Towards the next-generation of cell foundation models and benchmarks. BioRxiv p
47


https://www.biorxiv.org/content/10.64898/2025.12.11.693702v1

4.3. We recover and discover enabling features for scFMs

Denoising [%4 (scFoundation)
Xpressor architecture
Fine-tuning ESM3
Graph neural net encoding /| meta-cell
ZINB+MSE loss
Generative decoder ) (UCE)

Contrastive learning X (cellPLM)
... but questions remains
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We found the best set of
features

We use them to create scPRINT-2 and showcase
1. Its generative & generalization abilities
2. The many issues in current benchmarks
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Multi-objective training mechanism

id not seem to help
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4.6. The 13 tasks of a next-generation scFM

classical
embedding quality (SotA)
cell type prediction (SotA)
Accurate predictions on Unseen Xenium modality

novel scores

denoising (SotA)
cell-specific gene tokenization (Beats scPRINT & scGPT)
GN inference (Beats scPRINT thanks to new extraction method)

C new to scFMs

Unseen task: unseen-species-integration
Unseen gene imputation for Xenium data
unseen species cell type prediction (beats experts)

never seen before tasks
Generative cell profile given neighbors
Counterfactual reasoning to humanize a mouse dataset
Merged with AF-MM for PPI networks prediction
unseen organism clade prediction

951



SCPRINT-2 can even infer species from unseen genetics

using ESM3 embeddings of species it has never seen it correctly associate to
nearby organisms

/2%
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SCPRINT-2 can predict cell type of unseen species
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SCPRINT-2 can correct expert annotations

on species it has no training data for

diff. expression of macrophages predicted as type Il pneumocyte vs macrophages & vs rest
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Impact of the number of genes in context

SCPRINT-2 can generalize to larger contexts
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2.3. scPRINT-2 used novel pre-training modalities

Learn an embedding of the cell to compress and denoise expression
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SCPRINT-2 can also integrate across species

in both zero-shot and fine-tune mode
PCA scPRINT-2 (zero-shot) scPRINT-2 (fine-tuned)
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Tangram’s OT mapping of another dataset

as a ground truth for our denoising... and imputation

seen

S

COMPQY&

unseen
ScPRINT,
impute

‘tangram
match
ce"S

&



Tangram’s OT mapping of another dataset

as a ground truth for our denoising... and imputation

10x v3

)
magic
)

magic 10xv3 Xenium (unseen genes)
36.4
10xv3 | 26.9

. 4
L
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Adding 2 news databases for Gene Network inference

mostly related to PPIs, human interactome being the largest to date

[ GWPS
[ Human Interactome
CellMap

35317
Tremendous disagreement

between the ground truths...

We need to assess on all of them
scPRINT-2: Towards the next-generation of cell foundation models and benchmarks. BioRxiv p
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Looking at mouse / human gene networks

one can see many similarities when looking at genesets and hubs

&



Improve the ground truth using sCPRINT-2

re-compute interactions using AF-multimer discovers new relationships
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