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DilatedCNN benefits from a 
multi-species training regime.

…but cell-type discrimination barely 
exceeds ATAC alone.

Models accurately predict chromatin 
accessibility…

Key takeaways
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The performance of models is highly variable 
across cell types. 

Next steps

Pretrained Enformer embeddings outperform 
BG-trained representations in cell-type 

classification.

Enformer's pretrained representations encode 
cell-type identity that retraining on brain data 

struggles to recover.

Whole-brain models: Scale to whole-brain cell atlas and incorporate epigenomically 
diverse tissues to provide contrastive signal for cell-type discrimination. 
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Accessibility ≠ cell-type specificity. Most models achieve Pearson 
r > 0.8, yet their best cell-type AUROC (~0.66) only modestly 
exceeds the ATAC signal proportion baseline (~0.60).

Broad pretraining is not replaceable by task-specific retraining. 
Enformer's pretraining on diverse tissues and assays across 
ENCODE captures cell-type distinctions that fine-tuning on brain 
data alone cannot recover.

Multi-species training helps DilatedCNN but not Enformer. 
60 closely related brain cell types may be too few to benefit a large 
transformer without stronger regularization.

Optimize training: Explore multi-species training regimes that balance cross-species 
alignment with per-species cell-type resolution, and disentangle conservation signal 
from data augmentation e�ects. 

Experiment with design choices: Benchmark additional architectures and training 
strategies, including gradual unfreezing and context-length-e�icient model variants.

Predicting accessibility ≠ discriminating cell types. 
Cell-type specificity requires direct evaluation.
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Task Question
Prediction accuracy Does the model predict ATAC signal correctly? Pearson r 

Cell-type specificity Does the model rank the right cell type highest? Accuracy (AUROC)

Embedding specificity Do internal representations encode cell-type identity? Logistic regression accuracy

Question

Benchmarking sequence-to-function models for cell-type-specificity
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