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where we held the val/test splits constant by holding out 70% of perturbations in 3 cell
states. We then increased the training dataset by adding more cell states to the training
dataset. We re-optimized hyperparameters for every dataset size.

PerturBench provides: A) Diverse perturbational dataset at multiple scales. B)
Biologically relevant splits. C) Dataloaders that enable different training strategies. D)

Modular model development platform/zoo that enable ablation studies. E) Novel Baseline models
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models can rank the perturbations correctly, which helps identify mode/posterior collapse
in generative models. Ranking and prioritizing top perturbations is also a key downstream
use-case for these models

We held out 30% of perturbations in each cell line for val/test and optimized model
hyperparameters for each unique model/dataset, selecting the best trial with the val split.
We then evaluated 4 replicate model runs on the test split to produce the final results.
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