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scDFM
Distributional Flow Matching for robust Single-Cell 
Perturbation Prediction
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Motivation
Single-cell pertubation prediciton is a distribution shift problem
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Why is this hard? 

• Unpaired data 

• High noise & Sparsity 

• Perturbations induce   
population-level shifts 

• Combinatorial space explodes 
for multi-gene/Multi-drug 
perturbation



Motivation
Single-cell pertubation prediciton is a distribution shift problem
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Common pifall

Assuming cell-level correspondence 
(Control Cell  ↔ Perturbed Cell )

What we want instead 

Model the whole 
perturbed population



Key Idea
From “cell matching” to conditional distribution generation

4

Reformulate perturbation prediction as :
Learn  that generates the entire perturbed population pθ(x |cx, cp)
 = control state, =perturbation condition cx cp

Flow Matching MMD Alignment PAD-Transformer

Learn a continuous 
velocity field to transform 
samples from source → 
target distributions.


Regularize endpoint to 
match the true perturbed 
population (multi-kernel 
MMD).

Noise-robust backbone 
using gene-graph masks 
+ differential attention.



Method
Conditional Flow Matching + distribution-level regularization
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Training objective: L = LCFM + λLMMD

Figure: scDFM overview (flow matching trajectory + PAD-Transformer velocity predictor + MMD)



Method
Conditional Flow Matching + distribution-level regularization
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1. Learns a time-dependent velocity field that continuously transforms control cells into 
perturbed cells.

2. Multi-kernel Gaussian RBF loss enforces distributional fidelity between predicted and 
real cell populations.

3. Uses perturbation-aware differential attention and gene-graph context to predict 
biologically meaningful velocity fields.

LCFM(θ) = 𝔼cx,cp
𝔼x0∼q0, x1∼q1(⋅∣cx,cp)𝔼t∼𝒰(0,1) [ vθ(xt ∣ t, cx, cp) − v(xt ∣ x0, x1, t, cx, cp)

2

2] .

LMMD(θ) = 𝔼cx,cp
𝔼x0∼q0, x1∼q1(⋅∣cx,cp)𝔼t∼𝒰(0,1) kmix(x1, ̂x1(xt, t, cx, cp))

L = LCFM + λLMMD



Experimental setup
Datasets, splits, and metrics
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Benchmarks

• Norman (CRISPR genetic perturbations; single + 
double) 

• ComboSciPlex (combinatorial drug perturbations)

Evalution splits

• Additive: all singles seen; test unseen doubles made 
from seen singles

• Holdout: remove some singles and all doubles involving 
them → test unseen singles & doubles

Metrics

Split schematic

1. Pointwise: MAE / MSE / L2, Pearson Δ 

2. Distribution: DS (discrimination score) 
3. Differential expression: DE-Spearman 

(rank corr. on DE genes)



Results
Norman(Additive)
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MSE vs best baseline
-19.6%

0.00315 vs 0.00392 (CellFlow)

DS
0.9737

Hiigher is better

DE-Spearman
0.5705

Captures DE gene ranking



Results
Norman(Holdout)
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Results
ComboSciPlex
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DE-Spearman on ComboSciPlex



Why does it work?
Ablations + qualitive distribution alignment
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• MMD is critical for endpoint population fidelity

• Gene-graph mask improves robustness to noisy genes

• Differential attention improves DE signal recovery

Observation
MMD aligns the endpoint 
distribution → stable, biologically 
consistent predictions.



Takeaways
Distribution-level generative modeling for perturbation predciton
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Main contributions
• Formulate perturbation prediction as conditional distribution generation  

• Flow matching in expression space + MMD for endpoint distribution fidelity

• PAD-Transformer: gene-graph mask + differential attention for robustness to noise/sparsity

• Strong generalization to unseen and combinatorial perturbations (genes and drugs)

Outlook

Towards “digital twins” of cellular response: simulate large perturbation spaces in silico to 
prioritize experiments.


