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What Makes a Perturbation Representation Good? PerturbedVAE Framework

Double-Gene OOD Prediction

We evaluate zero-shot combinatorial prediction across different latent dimensions. Lower RMSE indicates better

Dominant invariant variation is a nuisance, not the target. |t dominates reconstruction and
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The biological target is sparse perturbation response. The key variables are perturbation- CD% RMSE on double-gene perturbation prediction
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J ' / \ PerturbedVAE consistently achieves the lowest RMSE across all latent dimensions. Removing alignment degrades double-gene OOD performance, supporting
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Contrastive Loss —_— the role of contrastive separation in identifying z,,.
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6 @A@ 7\@ | Framework. Perturbed cells learn the perturbation-responsive block z,, while unperturbed controls align the
| ’, | invariant nuisance block z,. We further compare R? across different latent dimensions for both single-gene and double-gene perturbation

prediction.
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Recovering latent variables from (x,u) alone is generally not identifiable. PerturbedVAE imposes a structured i) me
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' . . . . . . . " We propose PerturbedVAE, combining contrastive alignment with an environment-conditioned latent
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causal model for OOD perturbation prediction.
Diaghostic.  Perturbation labels are less accessible in generic representations, suggesting that sparse Contrastive realization.
perturbation-induced signals can be suppressed by dominant invariant variation. L= —Lripo+ a zE“) _ zf“O) : Scope. The identihability guarantee relies on structured assumptions, including sufficient environment variation,
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optimal alignment, and an invertible generative map. The learned causal graph provides biologically plausible

Hypothesis. When perturbation-invariant variation dominates, representations that do not explicitly separate evidence, but is not a complete biological validation.

. . . L . . . . . Alienment prevents perturbation-dependent information from being explained by z,, forcing sparse perturbation
invariant and perturbation-specific information tend to fail systematically: they either entangle nuisance back- 5 P P P 5 EXP VZ &P P
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ground with perturbation-related factors, or suppress sparse perturbation-induced signals. Importantly, domi- P 2

nant background variation is not the biological target; it is a disentanglement obstacle.

Implication. A good perturbation representation should isolate invariant nuisance variation and identify
perturbation-responsive causal variables.
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