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Training Step

Benchmark Results

e Perturbation effects are context-dependent

e Combinatorial space infeasible to cover experimentally
e Existing methods retrain and tune per dataset

e No method conditions on interventional data

Our Solution

e Pre-training on synthetic data: a prior-data fitted network
(PFN) that meta-learns causal perturbation prediction

e Interventional context conditioning: leverage observed
interventions to improve identifiability of causal structure

e In-Context Learning (ICL): adapt to unseen biological contexts
and gene sets at inference time

Method
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A single pre-trained MapPFN adapts across datasets. Zero-shot, it
recovers differentially expressed genes (AUPRC) on par with baselines
trained on real data.

Cell Line Method MMD RMSE ¢ PDS ¢ AUPRC 1

Melanoma CPA 140.09 0.13 0.49 0.04
CondOT 7.11 0.10 0.06 0.34
MFM 7.28 0.10 0.09 0.28
CellFlow 7.16 0.10 0.41 0.10
STATE 7.82 0.08 0.07 0.33
MapPFN (pre-trained) 10.07 0.13 0.17 0.34
MapPFN (fine-tuned) 7.84 0.10 0.03 0.38

Leukemia CPA 78.74 0.17 0.50 0.15
CondOT 26.51 0.27 0.54 0.14
MFM 105.64 0.71 0.51 0.16
CellFlow 14.55 0.17 0.50 0.16
STATE 15.28 0.17 0.47 0.17
MapPFN (pre-trained) 191.88 0.78 0.49 0.16
MapPFN (fine-tuned) 12.24 0.15 0.42 0.18

Test-Time Adaptation
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Predictions improve beyond the number ~ Scales tolarger gene sets at inference
of cells seen during pre-training. time through test-time augmentation.

Ablations

Both interventional context and paired prior are critical.

Configuration MMD ¢ RMSE | PDS | AUPRC 1
MapPFN 10.07 0.13 0.17 0.34

- paired prior 21.84 0.23 0.20 0.21

— interventional context 15.88 0.20 0.20 0.13

Meta-learning on synthetic biological priors enables context-
adaptive virtual cell models through in-context learning.
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