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New curated SSL training dataset: DiverseRNA-1.4M. Composition of our 
default TxFM training dataset afte we apply specialized data curation with an 
orientation to oncology. Each dataset is publicly available. sc: single-cell.

Overview of transcriptomic model complexity and performance. We report the 
total average perturbation representation score (Bendidi et al., 2024) over the RPE1 
(Replogle et al., 2022) and HEPG2 and Jurkat (Nadig et al., 2024) genetic perturbation 
datasets unseen during training (inductive). PCA and scVI baselines are trained on 
same data as TxFM (DiverseRNA-1.4M).

Overview of our approach. TxFM is pre-trained for masked reconstruction of gene 
expression, and evaluated on downstream sample representation quality and 
gene–gene association structure encoded in its parameters.

TxFM’s MAE architecture and ablation study

Overview

● We present TxFM, a SOTA transcriptomic foundation 
model trained by learning masked gene expression 

● TxFM is SSL trained on curated set of 1.4 million bulk 
and single-cell samples of public data indicating 
that data quality can outweigh raw dataset size

● SOTA perturbation representation: TxFM 
establishes a new state-of-the-art for representing 
genetic perturbations across three evaluation 
datasets with held-out cell lines, outperforming 16 
public models or FMs and multiple strong baselines

● Gene-level interpretability: TxFM’s learned gene 
parameters (encoder token embeddings and decoder 
reconstruction weights) recover many known 
gene-gene relationships (e.g. pathways, protein 
complexes) without direct supervision.
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Dataset reference mode # samples # genes
Replogle et al. phenoprint cells sc 502,080 8,248

Ruiz-Moreno et al., Glioblastoma sc 504,929 21,310

McFarland et al., sc 102,205 15,438

Srivatsan et al. sc 99,300 18,486

Nowicki-Osuch et al. sc 88,399 16,445

Guimarães et al. sc 71,585 17,619

Wu et al. sc 31,542 24,712

TCGA Weinstein et al. bulk 23,733 19,594

GTEX Consortium bulk 10,526 36,695

DiverseRNA-1.4M mixed 1,434,299 44,349

Fine-tuning performance: Average perturbation representation score over the six 
metrics for bespoke PCA, scVI, and SSL-fine-tuned TxFM-B models trained on RPE1, 
HEPG2, Jurkat separately. This is a transductive representation learning evaluation.

Model / Dataset RPE1 HEPG2 Jurkat
TxFM-B (ours, SSL-finetuned) 44.85 40.78 38.01
PCA 42.64 38.63 34.89

scVI 37.65 35.63 32.62

Codebook and decoder map relationship recall during SSL training: Gene-gene 
relationship recall (95th percentile threshold) across 5 databases and all combined. 
During training, TxFM naturally learns biological structure both in its encoder gene 
tokens and decoder gene reconstruction weights, outperforming scVI’s equivalent 
parameters trained on the same data.


