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Problem Settings: Single cell perturbation 

‣How to predict response of (the same or different) cell type to the same drug? 
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Problem Settings: Single cell perturbation 

‣Problem: Finding  and permutation Ft σ
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Current Approach: Post Experiment Model Selection 

‣ As in many biological applications, model selection is after data collection.
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‣ VAEs [Lotfollahi et al. 2019]


‣Convex Neural Nets [Bunne, Stark, et al. 2023]


‣ Transformers [Adduri, Gautam, et al. 2025] 



The Challenge of Computational Complexity 

‣ Even for linear perturbation, the problem is NP-hard


‣Based on casting to unlabeled regression problem [Pananjady, Wainwright, 
and Courtade 2016] 


‣
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Main Result: Time Determines Complexity 

‣ Theorem: there is a  such that recovery of perturbation map and permutation 


‣ under two assumptions 

Δ
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is NP-hard regime Casts to supervised learning 

Δ ≤ tt ≤ Δ



Assumptions

‣ The medicine takes time to take effect. Lipschitzness:  


‣Restricted Isometry Property (RIP) (Candes & Tao, 2005) 

∥Ft′￼
(x) − Ft(x)∥ ≤ L | t − t′￼|
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Experimental results 

‣Observation: Across several benchmarks in the trackable regime, a linear 
model achieves performance comparable to state-of-the-art nonlinear models.
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D. Complementary Results
This appendix complements Sections 6 and 5.2 with additional evaluations that probe (i) nonlinear models beyond the
trackable regime, (ii) full results for within-context perturbation prediction, (iii) robustness to replicate shifts, (iv) out-of-
distribution behavior under cross-cell-line transfer, and (v) a time-course analysis (2i) that varies the prediction horizon.
The results are organized as follows: model degradation under coarse temporal measurements (Fig 5), within-context
perturbations in 4i (Table 5), within-cell-line AP-1 prediction (Table 6), replicate generalization on AP-1 (Table 7),
perturbations on SciPlex3 under two evaluation conventions (Tables 8 and 9), and cross-cell-line AP-1 transfer (Table 10).

D.1. The challenge of coarse temporal measurements

We examine how time impacts the performance of linear and non-linear models. Using the synthetic setup from Section 5.2.1,
we evaluate LAOT alongside the nonlinear baselines on increasing time gaps. Since nonlinear baselines such as scGen and
CellOT do not recover an explicit transport map, we use MMD2 as a distribution-level measure between the predicted and
ground-truth target populations. Figure 5 shows that all methods achieve low error in the trackable regime, but their errors
rise sharply once the time gap enters the NP-hard regime. This degradation is not limited to the linear solver: state-of-the-art
nonlinear models exhibit the same collapse, indicating that model expressivity alone does not remove the intrinsic trackability
barrier. Thus, the untrackable regime manifests not only as a failure to recover correspondences but also as a failure to
predict the target population accurately, even when using nonlinear neural baselines.

(a) C.CellOT prediction error

(b) scGen prediction error

(c) LAOT prediction error

Figure 5. Model degradation in the untrackable regime on synthetic data. We use the same synthetic setup as in Section 5.2.1, but evaluate
all methods using MMD2 between predicted and ground-truth target populations. Across LAOT, scGen, and C.CellOT variants, the error
remains small in the trackable regime and increases sharply in the NP-hard regime.
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Thank you very much for your attention
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