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Motivation

Single-cell perturbation screens reveal diverse cellular responses, but measuring every pertur-

bation in every cell type is difficult. Predicting unobserved responses requires models that use

biological knowledge and transfer information across cellular contexts while preserving variation

among cells. We developed scPLAD to generate perturbation response populations by combining

biological priors with target cell context.
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Summary

Single-cell genetic perturbation screens reveal average transcriptional changes and hetero-

geneous responses among cells exposed to the same perturbation. Predicting these population

responses remains challenging for perturbations unseen during training. Prediction is also

difficult in target contexts without measured perturbation responses. Here we present sc-

PLAD, a generative framework integrating multi-source biological priors for perturbed genes

with the target cellular context to model distributions of single-cell responses. In K562

cells, scPLAD generated responses to unseen perturbations while recovering perturbation

directions and population-level distributional structure. Across cell lines, scPLAD generated

heterogeneous expression distributions characteristic of the target context without training

on perturbed target cells. These results support the use of biological priors and target con-

text information to predict responses to unseen perturbations and transfer responses across

cell lines. By separately encoding perturbation semantics and cellular context and explicitly

modeling their interaction, scPLAD provides a strategy for incorporating prior knowledge

into virtual cell models.

Introduction

Large-scale single-cell perturbation screens are reshaping experimental studies of gene function

and cellular state responses. Perturb-seq and CROP-seq combine pooled CRISPR perturbations

with single-cell RNA sequencing, enabling perturbation identities to be linked to transcriptomic

responses across large numbers of cells.1–4 Related approaches, including sci-Plex and cytokine

stimulation assays such as IFN-β treatment, have extended this strategy to small molecules and

extracellular signals.5,6 These data provide systematic resources for investigating gene function,

regulatory relationships and cellular state transitions, and have supported studies of disease

mechanisms, drug response, cell state conversion and fate control.3,5,7–11 Nevertheless, even

for genetic interventions alone, the number of possible perturbations and combinations grows

rapidly with the number of candidate genes, making exhaustive experimental characterization

impractical.12 A central computational objective is therefore to learn perturbation response

relationships from observed conditions and predict or generate single-cell expression distributions

for new perturbations or cellular contexts.12,13

Existing methods address this problem from complementary perspectives. scGen learns

perturbation vectors in an autoencoder latent space to predict responses in unobserved cellu-

lar contexts,13 whereas the compositional perturbation autoencoder represents perturbations,

doses and covariates as composable factors.14 CellOT treats unpaired control and perturbed

cells as distributions and learns a neural optimal-transport map between them.15 For genetic

perturbations, GEARS incorporates prior gene relationships to predict multigene and unseen

combinatorial perturbations,12 and TxPert integrates multiple knowledge graphs to predict tran-

scriptomic effects of unseen perturbations.16 Semantic gene representations have also been used

for extrapolation: Scouter predicts unseen genetic perturbations using gene embeddings derived

from language models,17 whereas scLAMBDA incorporates foundation model gene embeddings
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into a generative framework for single-gene and multigene perturbations.18 STATE models per-

turbation effects across sets of cells and supports prediction across cellular contexts,19 while

PIE predicts population-level perturbation effects using external biological knowledge, baseline

expression and response evidence from observed contexts.20 Other generative approaches, in-

cluding scDiffusion, Squidiff, CellFlow and scLDM, model cell distributions after perturbation

using diffusion, flow matching or latent diffusion.21–24 Together, these studies have expanded

perturbation modeling from mean expression prediction towards conditional generation of cel-

lular populations.

Distributional generation is more demanding than prediction of a single mean expression

vector. A perturbation changes a population of cells, within which individual cells can exhibit

different response magnitudes, state shifts and technical noise patterns.13,15,25 Recent bench-

marks further show that means or medians from the training set, predictors that assume no per-

turbation effect, additive models and linear baselines can remain competitive with more complex

deep models.26,27 Evaluating a generated perturbation response therefore requires complemen-

tary measurements of pseudobulk agreement, perturbation direction, conditional heterogeneity

and distributional structure. Diffusion, flow matching and latent generative models provide

a natural basis for this objective because they represent cell populations through conditional

sampling.21,23,24,28–30

Generalization to unseen perturbations and cellular contexts also depends on how perturba-

tions are represented. Discrete perturbation identifiers support memorization of observed condi-

tions, whereas biological representations can connect genes through shared functions, pathways

and regulatory contexts and can aid interpretation of generated responses. Related work on

chemical perturbation transcriptomics has shown that biologically structured knowledge graph

embeddings can support inference when compounds or targets are unseen.31 We therefore rep-

resent each perturbed gene with a vector assembled from multiple public biological resources.

The representation combines functional annotations, pathway context, protein sequence, inter-

action networks and regulatory information. It represents genes in a common feature space for

perturbation prediction.

scPLAD is a biologically conditioned latent generative framework for single-cell perturbation

responses. It maps expression profiles to a reconstructable latent space and generates perturbed

cell populations conditioned on the biological priors of the perturbed gene and the control context

of the target cells. We evaluate scPLAD on unseen perturbations in K562 and on transfer across

cell lines with K562 reserved as the target context. Across both tasks, the evaluation covers

mean expression, perturbation direction, response gene recovery and the distributional structure

of the population.
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Results

Cell line transfer generation requires priors and context

scPLAD formulates single-cell perturbation prediction as conditional population generation.

Given a target cellular context and a perturbed gene, the model generates a set of single-

cell expression profiles after perturbation that approximates the conditional distribution of the

measured perturbed population. Training data are collected from several source cell lines, for

which the sets of measured perturbations are only partially overlapping. Functional annotations,

pathways, protein interactions and regulatory relationships provide shared biological semantics

across these perturbations. At test time, the target cell line contributes control cells that define

its basal context, and the model transfers response patterns learned in source cell lines to this

target background (Fig. 1a).

This setting evaluates two related forms of extrapolation. Perturbations observed in source

cell lines have measured responses in one or more source contexts but not in the target cell line,

testing transfer of a learned perturbation effect across contexts. Perturbations unobserved in

source cell lines lack measured responses in every source context, jointly testing context transfer

and semantic extrapolation. Generation for both groups combines transferable biological priors

with the control context of the target cell line.

scPLAD separates representation, priors and generation

scPLAD comprises three connected modules. First, the pathway-aware PatchAE is an autoen-

coder that uses pathway-organized gene patches as local input units. It maps each expression

profile to latent tokens that can be reconstructed by a frozen decoder (Fig. 1b), providing a

reconstructable latent space for the downstream generative model.

Second, a perturbed gene is encoded using public biological priors from GO, Reactome,

ESM3, PPI, gene regulatory networks, OmniPath and protein complexes (Fig. 1c). This rep-

resentation provides a shared semantic interface for perturbations observed and unobserved in

source cell lines, allowing the model to relate perturbations through functional and network

context.

Third, the generative model predicts a latent displacement relative to a control anchor

(Fig. 1d). An AdaLN-conditioned denoiser models the displacement distribution and integrates

perturbation priors, control context information and diffusion time throughout the network.

During generation, the recovered displacement is added to the clean control anchor and decoded

into a perturbed single-cell expression profile. A separately trained mean response predictor

conditioned on the priors subsequently refines the mean for each condition by applying the same

gene-specific shift to every generated cell within that condition while preserving cell-to-cell de-

viations. This modular design permits separate evaluation of PatchAE reconstruction and the

contributions of distinct biological priors.
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Figure 1: Task definition and architecture of scPLAD. a, Cell line transfer perturbation response generation.
The model learns transferable perturbation semantics from genes and measured responses across source cell lines,
and generates responses to perturbation in a target cell line for perturbations either observed or unobserved in the
source cell lines. b, Frozen pathway-aware latent tokenizer. Expression profiles are organized by a pathway-aware
gene order, encoded into latent tokens and reconstructed by a frozen decoder, providing a reconstructable latent
space for displacement diffusion. c, Biological prior encoding of perturbations. Each perturbed gene is represented
using public priors from multiple sources, including GO, Reactome, ESM3, PPI, gene regulatory networks, Omni-
Path and CORUM protein complexes. d, Control-anchored latent displacement diffusion. An AdaLN-conditioned
latent denoiser generates a perturbation displacement from biological priors and control context information. The
recovered displacement is added to the clean control anchor and decoded into a perturbed expression profile.
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Multilevel evaluation captures perturbation specificity and population struc-

ture

We evaluated generated populations at the levels of mean responses and population structure.

Mean PCC, mean Spearman and error measures quantified agreement in average expression.

Delta correlations assessed agreement in perturbation effects relative to controls. Top-100 DE

overlap and AUPRC assessed recovery of response genes.

We next evaluated population structure at the gene and local cell-state levels. Expression

range coverage (ERC) measured how much of the observed expression interval was covered

by the generated interval. Interval IoU assessed agreement in interval location and width,

while the width ratio distinguished contraction from expansion. Correlation structure agreement

(CSA) measured preservation of correlations among response genes. Realistic cell fraction (RCF)

measured the fraction of generated cells falling within observed cell neighborhoods. Observed

cell coverage (OCC) measured the fraction of observed neighborhoods reached by generated

cells. Their harmonic mean defined the fidelity–coverage score (FCS), jointly summarizing local

fidelity and coverage.

Finally, we assessed broader distributional differences and recovery of subpopulations.

GGE32 Wasserstein, MMD2 and Energy distances compared observed and generated distribu-

tions along components of a shared PCA representation. Complete total variation distance

(Complete TVD) quantified differences in subpopulation proportions, including the fraction of

unassigned generated cells. Cluster detection rate measured the fraction of observed subpopu-

lations recovered among generated cells. OCC within clusters measured coverage of observed

cell states within each subpopulation. These metrics distinguish recovery of subpopulation

proportions from coverage within subpopulations.

PatchAE provides a reconstructable latent space

Before training displacement diffusion, we pretrained a separate PatchAE for each task to ac-

commodate the different gene spaces. Both encoders and decoders were then frozen during

diffusion training.

In the cell line transfer task, PatchAE reconstructed source validation cells with a PCC of

0.9963. A separate reconstruction check on K562 control cells included in autoencoder training

yielded a PCC of 0.9957 (Supplementary Table S4). The processed expression distributions

contained many zero values and a long tail of nonzero values (Fig. 2c). Latent distributions dif-

fered between the two training settings (Fig. 2d). The K562 model, trained with weak Gaussian

moment regularization, showed latent values closer to zero mean and unit scale. The cell line

transfer model, trained without this regularization, showed a broader latent distribution.

We next examined local structure using a shared reference UMAP containing K562 con-

trols and held-out HSPA9, NCBP2 and SLC39A9 perturbation cells. PatchAE reconstructions

retained the major regions occupied by observed cells and their relative positions in this em-

bedding (Fig. 2e). Reconstructions from a global VAE with 128 latent dimensions showed more
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Figure 2: Population-level metrics and diagnostics of PatchAE representations. a, ERC is the intersection
between generated and true 10th to 90th percentile expression intervals divided by the length of the true interval.
b, CSA compares pairwise gene correlation matrices computed over top response genes. c, Distributions of
processed expression values in held-out validation cells for the two PatchAE settings, shown for all sampled
entries and for nonzero entries. d, Distributions of clean encoded latent token values for the two PatchAE
models; the dashed curve denotes an N(0, 1) reference. e, A shared-reference UMAP comparing observed cells
with PatchAE and 128-dimensional global-VAE reconstructions. PCA50 and UMAP were fitted only to observed
cells, and both reconstructions were projected through the same transformations.

apparent displacement and compression. These visual comparisons supported the preservation

of local cell state organization in PatchAE reconstructions.
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scPLAD recovers unseen K562 perturbation responses

To assess whether scPLAD can predict responses to unseen perturbations in a known cellular

context, we evaluated the model on 272 unseen K562 perturbations using three independent

random seeds.

Among the evaluated prediction models, scPLAD achieved the highest ERC across all genes

and the highest interval IoU across all genes and top-100 response genes. It also achieved

the lowest GGE distributional distances (Fig. 3a–g; Supplementary Fig. S2d,f). Its fidelity–

coverage score was 0.925, compared with 0.813 for TxPert, 0.756 for CellFlow and 0.751 for

Scouter (Fig. 3h; Supplementary Fig. S2g). TxPert achieved higher delta PCC and Top-100

DE overlap, whereas scPLAD better recovered expression intervals and population structure

(Supplementary Fig. S2c–g). Scouter achieved slightly higher CSA Pearson than scPLAD, with

scores of 0.6504 and 0.6401, respectively (Supplementary Fig. S2e). The unconditional global

cloud baseline yielded lower GGE distances but lower perturbation-specific and local support

scores (Fig. 3a–h). Together, these comparisons show that mean response, global distribution

and local population structure provide complementary views of prediction performance.

We next asked whether scPLAD also recovered the composition and internal structure of

individual subpopulations. We evaluated the 255 test conditions containing multiple observed

subclusters. scPLAD achieved the lowest mean Complete TVD of 0.172 and the highest mean

OCC within clusters of 0.896 (Fig. 3i; Supplementary Fig. S2h). Observed and generated sub-

population proportions across these conditions are shown in Fig. 3j. These results support

recovery of both subpopulation proportions and cell states within subpopulations.

Biological priors and gene ordering contribute to distinct response properties

Having established that scPLAD recovers responses to unseen K562 perturbations, we next

asked which aspects of its design contribute to this performance. We compared how different

combinations of biological priors and gene orders affect prediction performance (Fig. 3k). Adding

molecular interaction and regulatory priors to GO+Reactome increased delta PCC from 0.5551

to 0.5630 and Top-100 DE overlap from 0.4577 to 0.4633. These gains support the contributions

of molecular interaction and regulatory priors to perturbation effect agreement and response

gene recovery (Supplementary Fig. S3c).

ESM3 sequence representations primarily improved expression interval coverage and agree-

ment. Adding ESM3 increased ERC across all genes from 0.8157 to 0.8235 and interval IoU from

0.8231 to 0.8278 (Supplementary Fig. S3b). Changes in perturbation direction and response gene

recovery were comparatively modest.

We then compared pathway-aware and original gene orders using the complete prior repre-

sentation. Mean-response metrics were similar, whereas pathway-aware ordering increased ERC

from 0.8069 to 0.8255 and interval IoU from 0.8163 to 0.8307 across all genes. CSA Pearson also

increased from 0.6293 to 0.6401, indicating better preservation of correlations among response

genes (Supplementary Fig. S3a). Together, these analyses indicate that biological priors and
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Figure 3: Benchmarking and ablation analyses for unseen K562 perturbations. a–d, Condition-level distributions
of perturbation response agreement, DE gene recovery, expression range coverage and gene correlation structure.
Black points denote arithmetic means, black bars denote interquartile ranges and purple dashed lines mark the
mean of scPLAD. e–g, GGE Wasserstein, MMD2 and Energy distances in PCA50 space; lower values indicate
closer distributions. Global cloud denotes an unconditional baseline sampled from the training perturbation-cell
pool independently of test-perturbation identity. h, Fidelity–coverage score (FCS), the harmonic mean of RCF
and OCC; higher values indicate a better joint balance of local fidelity and observed cell coverage. i, Recovery of
data-driven subpopulations across the 255 test conditions containing more than one observed subcluster. Boxes
show the interquartile range, center lines show medians, whiskers extend to 1.5 times the interquartile range
and points denote conditions. Complete TVD includes the unassigned fraction; arrows indicate the preferred
direction. j, Observed and generated subpopulation proportions for the same 255 conditions, hierarchically
ordered by observed composition. Subclusters A–E are ranked by observed abundance separately within each
condition; unassigned denotes generated cells outside the q99 observed-subcluster support threshold. k, Paired
changes for alternative biological prior combinations and the original gene order relative to full scPLAD after
applying the same fixed mean correction to every setting. Bars show the mean paired change across three random
seeds, error bars show the standard deviation and open circles denote individual seeds. The zero line corresponds
to pathway-aware gene order with the complete prior representation.

gene ordering contribute to distinct aspects of generated perturbation responses.

scPLAD transfers responses across cell lines

We next tested whether scPLAD could transfer perturbation responses learned in other cell lines

to K562. Training used perturbed cells from RPE1, HepG2 and Jurkat, with K562 represented

only by control cells. We evaluated 1,086 K562 perturbations using three independent random

seeds.

Across all test perturbations, scPLAD achieved a delta PCC of 0.4687± 0.0031, a Top 100

DE overlap of 0.3825 ± 0.0026 and an AUPRC of 0.3478 ± 0.0029. Its delta PCC and delta

Spearman scores were approximately 0.02 lower than those of TxPert, whereas its Top 100 DE

overlap was higher. PIE achieved the highest AUPRC, but its delta PCC and Top 100 DE

overlap were lower than those of scPLAD (Fig. 4a; Supplementary Fig. S4a,b). Across these

four metrics, scPLAD and TxPert shared the best average rank of 1.75 among the four evaluated

methods.

We then assessed whether generated populations recovered subpopulation composition and

cell states within subpopulations (Fig. 4b,c). Perturbations were grouped by whether their

responses had been observed in at least one source cell line. Of the 1,086 test perturbations,

1,062 contained multiple observed subclusters, comprising 568 source-observed and 494 source-

unobserved perturbations. We compared scPLAD with TxPert in both groups and with STATE

in the source-observed group, for which STATE provided direct population predictions.

For perturbations observed in at least one source cell line, scPLAD achieved 22.9% lower

Complete TVD and 46.9% higher OCC within clusters than STATE. For perturbations absent

from all source cell lines, scPLAD achieved 49.5% lower Complete TVD and 104.2% higher OCC

within clusters than TxPert (Fig. 4b,c).

To examine the association between source coverage and prediction quality, we grouped

perturbations by the number of source cell lines with measured responses. Coverage ranged

from zero, indicating absence from all source cell lines, to three, indicating observations in

RPE1, HepG2 and Jurkat. From coverage zero to three, delta PCC increased from 0.4278 ±
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0.0033 to 0.5135± 0.0037, and Top-100 DE overlap increased from 0.3664± 0.0030 to 0.4002±
0.0036. FCS was higher for scPLAD than TxPert in every coverage group and higher than

STATE across coverage levels one to three (Fig. 4d). TxPert retained higher perturbation effect

correlations, whereas scPLAD achieved comparable or higher response gene recovery at broader

source coverage.

We further examined whether predictions for the 506 source-unobserved perturbations cap-

tured responses beyond a common source effect. We constructed a baseline that applied the av-

erage perturbation effect across source conditions to the K562 control mean. Across three seeds,

scPLAD achieved a delta PCC of 0.4278± 0.0033 and an AUPRC of 0.3283± 0.0025, compared

with 0.3069 and 0.2201 for this baseline. These results support recovery of perturbation-specific

effects and response gene rankings beyond the shared source response (Supplementary Fig. S5a–

d).

Finally, we tested how target context contributed through its interaction with the pertur-

bation prior, using generated populations before mean correction. Model weights, perturbation

priors, the noisy K562 diffusion anchor and the clean K562 reconstruction anchor were held

fixed. Only the projected anchor paired with the perturbation prior was replaced by the cor-

responding RPE1, HepG2 or Jurkat representation. The K562 interaction context yielded the

highest three-seed means for delta PCC, Top-100 DE overlap, ERC100 and CSA100 Pearson

(Fig. 4e; Supplementary Fig. S5e–h). These results indicate that target cell context influences

predictions through its interaction with the perturbation prior.

Factors shaping scPLAD population predictions

We tested whether sampling empirical residuals could reproduce the population properties cap-

tured by scPLAD. The baseline combined a predicted condition mean with complete residual

vectors sampled from observed training perturbations (Fig. 5a,b). In K562, scPLAD achieved

higher delta PCC, Top 100 DE overlap, AUPRC and FCS. Its FCS was 0.9250, compared with

0.7125 for the residual baseline. The residual baseline achieved slightly higher interval IoU100

and CSA Pearson scores. In the cell line transfer task, scPLAD achieved higher scores on all six

displayed metrics, including an FCS of 0.6388 compared with 0.3423.

To compare population structure at a common condition mean, we recentered both popu-

lations to the same frozen mean prediction. Under this fixed mean setting, scPLAD retained

higher FCS than the residual baseline in both tasks, with scores of 0.9170 in K562 and 0.5593

across cell lines. The residual baseline retained slightly higher IoU100 in both tasks and slightly

higher CSA Pearson in K562. These comparisons showed that scPLAD improved local fidelity

and coverage even when the condition means were matched. Additional metrics are shown in

Supplementary Fig. S6.

We next tested whether the generated populations matched the responses to the requested

perturbations. Reassigning each predicted population to an incorrect perturbation reduced all

six displayed scores in both tasks (Fig. 5c). In K562, delta PCC decreased from 0.5581 for
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TVD. c, Observed and generated proportions across all 1,062 multi-cluster conditions, ordered within the seen
and unseen groups. STATE is blank in the unseen group; cells outside all observed-cluster q99 supports are
unassigned. d, Delta PCC, Top-100 DE overlap, ERC100, CSA100 Pearson and fidelity–coverage score by source
cell line coverage. The dashed direct-source baseline covers levels 1–3; STATE population metrics use its direct
predictions. e, Coverage-0 metrics under alternative prior interaction contexts. Points are three-seed means from
the uncorrected generated populations. PIE contributes condition level mean results in a and d.

the correct mapping to a permutation mean of 0.2639± 0.0152. FCS decreased from 0.9254 to

0.7790±0.0071. In the cell line transfer task, delta PCC decreased from 0.4687 to 0.2521±0.0034,

and FCS decreased from 0.6390 to 0.5168 ± 0.0018. Across all displayed metrics, the correct

mapping scored higher than each of the 20 permutations. Generated populations therefore

matched the observed responses more closely under the correct perturbation labels.

Finally, we evaluated sensitivity to the number of K562 control cells available at inference,

with all model weights fixed. We used five matched subsamples at each size of 64 and 128

cells for scPLAD, TxPert, CellFlow and Scouter (Fig. 5d). With 64 and 128 controls, scPLAD

achieved mean FCS values of 0.9219 and 0.9244, respectively, compared with 0.9269 using all

10,691 controls. Delta PCC was 0.4429 with 64 controls, 0.4860 with 128 controls and 0.5580

with the full set. Across both subsampled settings, scPLAD achieved the highest mean FCS

and delta PCC among the four evaluated models. FCS remained high with fewer control cells,

whereas delta PCC benefited from a larger control reference. Additional metrics are shown in

Supplementary Fig. S7.

scPLAD recovers HSPA9 responses and gene correlation structure

We examined HSPA9 as a case study of mean response and population structure recovery in the

cell line transfer task. HSPA9 perturbation responses were observed in the source cell lines, and

the K562 test set contained 374 perturbed cells. We evaluated mean responses across 159 direct

downstream targets identified in the K562 network inferred by Brown et al. using inspre.33 The

network was inferred from the same Replogle K562 dataset used in our benchmark. For these

targets, we compared predicted and observed mean expression changes relative to K562 controls

(Fig. 6a). For scPLAD and PIE, predictions for individual genes were averaged across three seeds

before calculating correlations. Pearson and Spearman correlations were 0.89 and 0.82 for PIE,

0.87 and 0.80 for scPLAD, and 0.75 and 0.72 for STATE. TxPert showed a negative Pearson

correlation on this target set. PIE achieved the highest correlations, followed by scPLAD,

indicating that both methods recovered the mean response across these targets.

We next evaluated population structure using the 100 genes with the largest absolute ob-

served mean responses to HSPA9 perturbation. CSA100 Pearson was calculated across all 4,950

unique gene pairs, with the 36 genes with the largest absolute observed mean responses dis-

played for visualization (Fig. 6b). Mean CSA100 Pearson across the three scPLAD seeds was

0.77, compared with 0.02 for STATE and 0.20 for TxPert. The scPLAD heat map also showed

major correlation patterns similar to those observed among the displayed genes.

We then compared expression intervals for the same 36 displayed genes using one represen-

tative scPLAD run (Fig. 6c). ERC36 was 0.82 for both scPLAD and STATE, compared with
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predicted populations unchanged. Grey-purple bars show means across 20 one-to-one derangements, with error
bars denoting the standard deviation across mappings; permutations across cell lines were performed within source
coverage strata. d, Sensitivity to the number of available K562 control cells for scPLAD, TxPert, CellFlow and
Scouter. Filled symbols show means across five matched control cell draws of size 64 or 128, small points show
individual draws and error bars show their sample standard deviation. Open symbols show the single reference
evaluation using all 10,691 control cells. Solid lines connect the two subsampled settings and dashed lines connect
the 128 cell setting to the full reference as visual guides. FCS, delta PCC, ERC100 and Top-100 DE overlap use
272 unseen perturbations; Complete TVD and OCC within clusters use the 255 conditions with multiple observed
clusters. Higher values indicate better agreement except for Complete TVD, for which lower is better. Exact
numerical values are provided as source data.

0.14 for TxPert. In this case, scPLAD and STATE achieved similar expression range coverage

for the displayed genes. However, scPLAD more closely reproduced the observed correlation

structure among the top 100 response genes.

Discussion

scPLAD generated populations that recovered mean perturbation responses, local cell states

and subpopulation composition across the evaluated tasks. It supported prediction of unseen

perturbations within K562 and transfer from source cell lines to a target represented by control

cells. These results support joint examination of average perturbation effects and variation

among responding cells.

Model comparisons showed that performance depended on the response properties being

evaluated. TxPert achieved higher perturbation effect correlations, whereas scPLAD achieved

higher fidelity and coverage scores in both tasks. The HSPA9 case illustrated a further distinc-

tion between expression range coverage and gene correlation structure. scPLAD and STATE

covered similar fractions of the observed intervals for the displayed genes, while scPLAD more

closely reproduced correlations among response genes. These findings support evaluating mean

responses and population structure through complementary metrics.

The empirical residual comparisons clarified the value of learned population generation.

Sampling complete residual vectors from training perturbations remained competitive on several

interval and correlation measures. scPLAD achieved higher fidelity and coverage scores in both

tasks, including when condition means were matched. This result supports a contribution from

the generated cellular deviations to local population recovery. Reassigning complete predictions

to incorrect perturbation labels also reduced response and population agreement, showing that

the generated populations better matched their requested perturbations.

The ablations linked biological information and gene organization to different aspects of

prediction quality. Molecular interaction and regulatory priors improved perturbation direction

and response gene recovery, while ESM3 representations improved expression interval coverage

and agreement. Pathway guided gene ordering improved interval and correlation measures,

with relatively little change in mean response metrics. These patterns suggest evaluating prior

selection and gene ordering against both mean responses and population structure.

Transfer performance was associated with the number of source cell lines in which a per-

turbation had been observed. For perturbations absent from all source cell lines, scPLAD also
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Figure 6: Response-gene and population structure for HSPA9 perturbation. a, True and pre-
dicted mean responses of 159 direct downstream targets from an external causal network. Targets
were obtained from the K562 directed network inferred by Brown et al. using inspre;33 direct
HSPA9 edges with Ghat ̸= 0 and pFDR ≤ 0.05 were retained and mapped to the 3,352-gene
expression space. The scPLAD and PIE gene-wise predictions are averaged across three random
seeds before calculating the displayed correlations. Filled points indicate concordant true and
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top-100 HSPA9 response genes. CSA100 Pearson was computed using all 4,950 unique pairs;
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improved response prediction over a common source effect baseline. Replacing the target context

in the prior interaction reduced the evaluated mean scores, supporting its role in conditioning

predictions. Control availability affected prediction dimensions differently. With trained model

weights fixed, fidelity and coverage scores remained high under control subsampling, whereas

perturbation effect correlations benefited from a larger control reference. This distinction can
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inform the choice of control reference size for different prediction objectives.

scPLAD combines biological priors with target cell context to generate populations for unseen

perturbations and transfer responses across cell lines. We also developed scPLAD Response

Lab, a browser interface for generating and exploring these predictions. This interface may help

researchers explore virtual perturbation responses and formulate hypotheses for experimental

testing.

STAR Methods

Key resources table

Reagent or resource Source Identifier

Deposited data

K562 and RPE1 Perturb-seq

data

Replogle et al.3 DOI: 10.1016/j.cell.2022.05.013

HepG2 and Jurkat perturba-

tion data

Nadig et al.34 DOI: 10.1038/s41588-025-02169-3

Processed TxPert benchmark

data

Wenkel et al.16 https : / / github . com / valence-labs /

TxPert

Processed task data, priors

and checkpoints

This study https://huggingface.co/zhangzhigang/

scPLAD

Software and algorithms

scPLAD code and workflows This study https://github.com/zzgzanyr/scPLAD

scPLAD Response Lab This study https://scplad.net

TxPert Wenkel et al.16 DOI: 10.1038/s41587-026-03113-4

CellFlow Klein et al.23 DOI: 10.1101/2025.04.11.648220

Scouter Zhu and Li17 DOI: 10.1038/s43588-025-00912-8

GEARS Roohani et al.12 DOI: 10.1038/s41587-023-01905-6

STATE Adduri et al.19 DOI: 10.1016/j.cell.2026.07.052

PIE Verma et al.20 DOI: 10.64898/2026.10.02.756297

Biological databases and protein representations

Gene Ontology Gene Ontology Consor-

tium35

https://geneontology.org

Reactome Gillespie et al.36 https://reactome.org

UniProt UniProt Consortium37 https://www.uniprot.org

ESM3 sequence representa-

tions

Hayes et al.38 ESM3-sm-open-v1

STRING Szklarczyk et al.39 https://string-db.org

DoRothEA and CollecTRI Garcia-Alonso et al.; Müller-

Dott et al.40,41
DOI: 10.1101/gr.240663.118;

10.1093/nar/gkad841

OmniPath Türei et al.42 https://omnipathdb.org

CORUM Giurgiu et al.43 https://mips.helmholtz-muenchen.de/

corum/
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Resource availability

Lead contact. Further information and requests for resources should be directed to the lead

contact, Pengwei Hu (hpw@ms.xjb.ac.cn).

Materials availability. This study does not report newly generated physical materials.

Data and code availability. The processed datasets, biological priors, gene order files and

selected model checkpoints are available in the scPLAD Hugging Face repository (https://

huggingface.co/zhangzhigang/scPLAD). The K562 and cell line transfer task datasets are

provided in separate directories. The original public data sources and the additional processing

performed in this study are described in the Methods and Supplementary Information.

The source code and reproducibility workflows are available in the scPLAD GitHub reposi-

tory (https://github.com/zzgzanyr/scPLAD). An interactive browser-based implementation

is available through scPLAD Response Lab (https://scplad.net). Inference runs locally in

the user’s browser, and generated expression profiles are not uploaded to an inference server.

Experimental model and study details

Data-use boundaries. Data partitions were fixed before model fitting. In the K562 task,

cells from unseen perturbations did not enter PatchAE, displacement diffusion or mean response

predictor training, pathway aware gene order construction, or fitted training statistics. In the

cell line transfer task, perturbed K562 cells were excluded from the corresponding model fitting

stages, whereas perturbed RPE1, HepG2 and Jurkat cells supplied the source data. Control cells

from the target context were permitted where the method requires basal context: for control

anchors, correlations in control expression used in gene ordering and, in the cell line transfer set-

ting, PatchAE pretraining. Biological prior features were constructed from public annotations,

protein sequences and molecular networks without using reserved expression means, differential

expression results or generated outputs. Observed test perturbation cells were accessed after

prediction as evaluation references, including in the explicitly described clustering and support

calibration procedures; they were not used to fit the predictive models or select their checkpoints.

The K562 experiment uses the TxPert K562 pathway5000 module benchmark. Training,

validation and test cells originate from the same K562 data universe but are separated by

perturbation condition. Comparisons include TxPert, CellFlow, Scouter, GEARS and a non-

parametric global cloud baseline. All methods are evaluated on the same 272 unseen conditions,

expression space of 5,000 genes and K562 control reference. The global cloud baseline samples

2,000 cells per test condition from the pooled training perturbation cells independently of the

test perturbation identity.

The cell line transfer experiment uses the TxPert K562 pathway3352 benchmark. Perturbed

cells from RPE1, HepG2 and Jurkat form the source training data, totaling 254,170 cells, and

K562 controls define the anchor for the target cell line. TxPert is evaluated on all 1,086 K562
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test perturbations. STATE directly predicts the 580 perturbations observed in at least one

source cell line. For the mean response comparison across all conditions, the remaining 506

perturbations are completed using a global mean perturbation effect estimated from available

STATE predictions; ERC, interval IoU, width ratio and CSA use the 580 direct predictions. The

direct source expression baseline pools observed cells for the same perturbation across source

cell lines in their original expression backgrounds.

Control anchors are means of encoded control cells. The K562, RPE1, HepG2 and Jurkat

control sets contain 10,691, 11,485, 4,976 and 12,013 cells, respectively. These anchors represent

cellular context in the diffusion model.

Method details

Problem formulation and model overview

Let x ∈ RG denote a single-cell expression vector, where G is the number of genes retained in a

given experimental setting. We denote the perturbed gene by g, the target cell line or cellular

context by c, and the set of control cells from that context by Cc. The objective is to gener-

ate a set of perturbed single-cell expression profiles {ŷi}Mi=1 that approximates the conditional

population distribution ppert(y | g, c). The generated population should recover the average ex-

pression response, response genes, cell-to-cell heterogeneity and the geometry of the perturbed

cell population.

As a motivating view, a perturbation response can be regarded as a conditional residual

process acting on a basal cell state:

y ≈ x+Rg,c(x), x ∼ pctrl(x | c), y ∼ ppert(y | g, c).

Single-cell perturbation experiments provide unpaired control and perturbed populations. Ac-

cordingly, scPLAD formulates the task as a distribution-level conditional mapping in which

control cells from the target context define a basal-state anchor and the model learns the distri-

bution of perturbed-cell displacements relative to that anchor in latent space.

The model separates expression reparameterization from conditional latent displacement

generation. This design follows the motivation of latent diffusion, adopts the use of latent

diffusion for single-cell expression modeling in scLDM, and is informed by the principle in Unified

Latents that the latent representation should serve both the downstream generative prior and

the decoder.24,29,44

The PatchAE encoder Eη maps an expression vector to latent tokens,

z = Eη(x),

and its decoder Dη reconstructs the expression profile,

x̃ = Dη(z).
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After pretraining, both modules are frozen. For cellular context c, the clean latent control anchor

is

ac =
1

|Cc|
∑
xi∈Cc

Eη(xi).

For a perturbed cell yj , with latent representation zyj = Eη(yj), we define the control-anchored

displacement

uj = zyj − ac.

Perturbation generation is thus modeled as control-anchored latent displacement diffusion.

Given a multi-source biological prior vector rg and control anchor ac, the model samples a

displacement and reconstructs a complete perturbed latent state:

û ∼ pψ(u | rg, ac), ẑ = ac + û,

ŷ = Dη(ẑ).

Equivalently, the generated expression distribution is the decoder-induced push-forward of the

conditional displacement distribution:

pθ(y | g, c, Cc) =
∫

δ(y −Dη(ac + u)) pψ(u | rg, ac) du.

Here, δ(·) denotes the point mass induced by the deterministic decoder.

Inspired by the large-patch tokenization strategy of JiT,45 the input gene vector is divided

into N = ⌈G/P ⌉ patches, and each patch is encoded as one latent token, yielding a structured

latent tensor of shape N × d. Each token represents a local gene patch and incorporates cross-

patch context through Transformer blocks.46

Pathway-aware gene patches

Single-cell expression profiles comprise gene sets without an intrinsic sequence order.24 In a

patch-based Transformer or autoencoder, the imposed gene order determines which genes share

a local token. We therefore construct a fixed pathway-aware order that places genes with related

pathway annotations or control-expression patterns near one another.

Let G be the retained gene set, with |G| = G, and let P be the patch size. For genes i

and j, we combine non-negative control cell Pearson correlation Cij with normalized Reactome

co-membership Rij :
36

Sij = 0.7Cij + 0.3Rij .

Gene order construction uses public pathway annotations and permitted control cells as its

inputs. In the K562 experiment, gene patches of fixed size are built greedily from S. In the

cell line transfer experiment, average linkage hierarchical clustering and optimal leaf ordering

are applied to the distance 1− S, after which the resulting global order is divided into patches.

Genes without Reactome annotations remain eligible through correlations in control expression.
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Full filtering criteria and pseudocode are provided in the Supplementary Methods.

For the resulting order π⋆, the expression vector is rewritten as

xπ⋆ = (xπ⋆(1), . . . , xπ⋆(G)).

The i-th gene patch and expression patch are

Pi = {π⋆((i− 1)P + 1), . . . , π⋆(iP )},

xpatchi =
(
xπ⋆((i−1)P+1), . . . , xπ⋆(iP )

)
∈ RP .

We denote this ordering and partitioning operation by Tπ⋆(x) = {xpatchi }Ni=1. Both experiments

use P = 20. The 5,000-gene K562 setting yields 250 patches, whereas the 3,352-gene cell line

transfer setting is padded to 168 patches. The order supplies a functional-module inductive bias

for patch construction.

Noisy Gaussian PatchAE

PatchAE is pretrained independently of perturbation prediction to provide a reconstructable

latent space and a decoder that is robust to modest sampling deviations. The term “Gaussian”

refers to two optional training components: Gaussian noise added before latent decoding, and a

weak Gaussian moment regularizer on the minibatch latent distribution. The moment regularizer

is used in the K562 experiment with weight 0.001 and omitted in the cell line transfer experiment.

Encoder and decoder. The ordered expression profile is reshaped into an [N,P ] patch se-

quence. A shared local encoder maps each patch to a 32-dimensional vector,

hi = fpatch(xPi), hi ∈ R32.

Positional embeddings are added, and two Transformer encoder blocks exchange information

across patches:46

z = Transformer(h+ epos), z ∈ RN×32.

The decoder maps every token back to its expression patch and concatenates the patches into a

full expression profile. The reconstruction objective is

Lrec = ∥x− x̂∥22.

For a minibatch latent tensor z ∈ RB×N×32, the optional Gaussian moment regularizer is com-

puted over all flattened latent entries:

Lgauss = µ(zflat)2 +
(
σ(zflat)− 1

)2
.

21



The complete autoencoder objective is

LAE = Lrec + λgaussLgauss.

For K562 training, λgauss = 0.001; for cell line transfer training, λgauss = 0. This deterministic

moment regularizer weakly constrains the first two minibatch moments and introduces no latent

sampling.

Noisy latent decoding. Latents produced by the displacement model need not lie exactly

on the encoder manifold. To expose the decoder to nearby deviations, we add noise to the

latent tokens during autoencoder training, following the local-robustness motivation of denoising

autoencoders and the objective of reducing mismatch between encoded and prior-generated

latents:44,47

z̃ = z + σAEϵ, ϵ ∼ N (0, I), σAE = 0.08.

The decoder learns to reconstruct x from z̃, thereby covering clean encoder latents and their

local neighborhoods.

Global 128-dimensional VAE reconstruction control

Figure 2e includes a conventional global VAE with a 128-dimensional latent vector and multilayer

perceptron encoder and decoder.48 Its input is the processed 3,352-gene expression vector used

in the cell line transfer experiment. The encoder comprises input LayerNorm, a 3352 → 64

linear layer and GELU, followed by separate linear heads for a 128-dimensional posterior mean

and log-variance. The decoder is a 128 → 64 → 3352 MLP with GELU. The objective is

LVAE = LMSE + βLKL, β = 10−3.

The VAE was trained on the same 293,335-cell autoencoder training split as the cell line trans-

fer PatchAE, excluding validation and test cells. Training used 100 epochs, batch size 1,024,

AdamW with learning rate 10−3, weight decay 10−4, gradient-norm clipping at 5.0 and random

seed 20260721. Reconstruction used the posterior mean without stochastic sampling.

The shared-reference UMAP used K562 control cells and held-out K562 HSPA9, NCBP2

and SLC39A9 perturbation cells, with 250 cells sampled per condition. The K562 controls were

included in the cell line transfer autoencoder training split, whereas the three perturbed condi-

tions were excluded. PCA50 and UMAP were fitted only to observed expression profiles, and

reconstructions from both autoencoders were projected through the same fitted transformations.

UMAP used 30 neighbors, min dist=0.35, Euclidean distance and random seed 20260721.

Multi-source biological prior representation

The perturbation condition is represented by public biological information about the perturbed

gene. We first constructed a gene-level prior table for TxPert perturbation genes and reused
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the same feature schema in the K562 and cell line transfer experiments. The K562-adapted

table was produced by reindexing the cell line transfer prior table to the K562 perturbation

set, preserving identical feature definitions. The raw table contains 2,342 numeric features.

DepMap/Chronos fields are retained only for optional analyses and are excluded from the main

model using exclude feature prefixes=depmap , leaving a 2,336-dimensional input.

GO256. Gene Ontology annotations were converted to gene-level profiles after gene-alias

matching.35 Among 2,164 cell line transfer perturbation genes, 2,156 had usable GO anno-

tations and 55 were recovered through aliases. Genes without usable annotations received a

zero vector and a missingness indicator. GO256 contains 246 selected term indicators and 10

summary features, including direct and propagated term counts, BP/MF/CC branch counts

and go has annotation. The retained dimensions therefore remain linked to readable ontology

terms or annotation summaries.

Reactome256. Reactome fine pathways were mapped to the Reactome event hierarchy and

assigned to second-level modules.36,49 For each perturbation gene, the block records membership

in second-level modules and six pathway summaries: the number of fine pathways, the number

of second-level modules, pathways per module, mean and maximum hierarchy depth, and an

annotation mask. The cell line transfer table contains 2,825 mapped pathways and 216 second-

level modules; module features and summaries are padded with zeros to 256 dimensions.

Sequence and molecular-network priors. ESM3-PCA256 was derived from reviewed

UniProt protein sequences. Representations from ESM3-sm-open-v1 were averaged across

tokens to 1,536 dimensions and reduced to 256 dimensions by PCA over the perturbation

gene universe; an availability indicator was retained.37,38 The STRING block selects the top

protein interaction neighbors and forms a 256-dimensional neighbor GO profile by averaging

with edge weights, together with summaries of neighbor count, edge weight and availability.39

CollecTRI and DoRothEA regulatory networks provide signed GO profiles of downstream

targets and upstream transcription factors, counts of activating, repressing and unknown edges,

and masks for transcription factors and targets.40,41 OmniPath features analogously summarize

upstream, downstream, activating and inhibitory signaling relationships.42 CORUM features

record complex membership, the mean GO profile of members in the same complex, counts of

complexes and other members, and a membership mask.43

The prior blocks retain their source-specific interpretation; the subsequent learned projection

combines them in a shared hidden representation. Their data provenance and use boundaries

are summarized under Experimental model and study details.
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Control-anchored latent displacement diffusion

Let the frozen encoder and decoder be E and D. A perturbed cell y from context c is encoded

as zy = E(y), and the context-specific clean control anchor is

ac =
1

|Cc|
∑
x∈Cc

E(x).

The clean displacement is defined as u = zy − ac. The model uses two diffusion indices with

distinct roles. The fixed level τ constructs the displacement representation and its noisy-anchor

condition, whereas t is the randomly sampled denoising step of the outer diffusion process.

Inspired by DRDD’s residual modeling in a fixed-noise domain,50 at τ = 500 the perturbed

latent and control anchor receive the same Gaussian noise instance:

qτ (zy; ϵ) =
√
ᾱτzy +

√
1− ᾱτ ϵ,

qτ (ac; ϵ) =
√
ᾱτac +

√
1− ᾱτ ϵ.

Their difference is

uτ = qτ (zy; ϵ)− qτ (ac; ϵ).

Because the noise is shared, the stochastic term cancels exactly:

uτ =
√
ᾱτ (zy − ac).

Thus, uτ is a deterministically scaled clean displacement, while τ also determines the noise

level of the anchor supplied to the denoiser as conditioning. A global scalar transformation

s(·) then standardizes uτ , and standard outer diffusion training is applied to the standardized

displacement. In the 5,000-gene K562 experiment, the training-set mean and standard deviation

used by the scaler were 0.0055 and 0.9699; a separate scaler was fitted to the cell line transfer

training set.

At every minibatch, an outer diffusion time t is sampled and the standardized target is noised

as

vt =
√
ᾱt s(uτ ) +

√
1− ᾱtϵ

′, ϵ′ ∼ N (0, I).

The denoiser uses an x0-prediction objective:

Ldiff = ∥fψ(vt, t, rg, ac,τ )− s(uτ )∥22 ,

where ac,τ = qτ (ac; ϵ) is used only as noisy-anchor conditioning during diffusion. Final recon-

struction always adds the recovered clean displacement to the clean anchor ac.

Both experiments use a linear schedule with 1,000 diffusion steps and DDIM sampling with

50 steps.28,51 The denoiser has hidden dimension 256, six Transformer blocks, eight attention
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heads and zero dropout. At generation, the clean displacement is recovered by

û =
s−1(ŝ(uτ ))√

ᾱτ
,

and the expression sample is

ŷ = D(ac + û).

Prior-anchor interaction conditioning

Prior-table construction and denoiser conditioning are separate stages. GO, Reactome, ESM3,

STRING and the other sources first form distinct feature blocks, several of which are 256-

dimensional. After excluding DepMap, these blocks are concatenated into the 2,336-dimensional

vector rg. A shared condition encoder maps the concatenated vector to a global hidden token

of dimension H = 256:

cg = fprior(rg) ∈ RH .

This token is broadcast across patches and interacts with the projected control-anchor token.

For patch i,

ãc,i = Waac,i,

mi = fint ([cg, ãc,i, cg ⊙ ãc,i]) .

The interaction token mi represents the perturbation prior in the local target-control back-

ground. It is combined with timestep and context embeddings:

qi = et + ectx +mi.

In the main configuration, the context-feature mode is zero and cellular background enters

principally through the anchor ac.

Each Transformer block maps qi to adaptive normalization parameters. In abbreviated form,

AdaLN(h, c) = γ(c) · LN(h) + β(c).

More specifically,

(βattn
i , γattni , gattni , βmlp

i , γmlp
i , gmlp

i ) = fAdaLN(qi).

The attention branch is

h̃attni = (1 + γattni )⊙ LN(hi) + βattn
i ,

h′ = h+ gattn ⊙ SA(h̃attn),

and the MLP branch is

h̃mlp
i = (1 + γmlp

i )⊙ LN(h′i) + βmlp
i ,

hnext = h′ + gmlp ⊙MLP(h̃mlp).
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This conditioning follows FiLM and the principles of adaptive layer normalization used in diffu-

sion Transformers.52,53 The perturbation prior can therefore alter normalization scale, shift and

residual gating throughout the denoiser.

Prior-conditioned mean response prediction and population correction

The stochastic generator models the distribution of cellular responses, and a separate predictor

refines the mean perturbation effect for each condition in both experimental settings. The two

tasks used independently trained predictors and independently fitted preprocessing statistics in

their corresponding expression spaces: 5,000 genes for the K562 task and 3,352 genes for the

cell line transfer task. Each predictor receives a 256-dimensional GO block, a 256-dimensional

Reactome block and the matched control mean. GO, Reactome and control inputs are pro-

cessed by separate 32-dimensional linear layers with SiLU activation. Their three outputs are

concatenated, projected through a 128-dimensional SiLU layer with dropout 0.1 and mapped to

a perturbation effect vector in the corresponding gene space.

The training target is the pseudobulk mean of each perturbation condition minus its matched

cell-line control mean. The K562 predictor was trained and validated on the K562 training and

validation perturbation splits. The cell line transfer predictor was trained and validated on sep-

arate source perturbation splits from RPE1, HepG2 and Jurkat, paired with the corresponding

source cell line control means. Within each task, prior features were standardized feature-wise,

the control mean was standardized by a global scalar mean and standard deviation, and the

effect target was divided by a global scalar standard deviation, with all quantities fitted from

that task’s training split. Three predictors with independent random seeds were optimized using

AdamW. The loss combines mean-squared error on the normalized effect vector with a row-wise

correlation term,

Lmean = MSE(δ̂c, δc) + 0.05
[
1− PCC(δ̂c, δc)

]
.

The checkpoint with the highest validation delta PCC was retained for each seed, and the three

predicted effect vectors were averaged. Additional optimization settings are provided in the

Supplementary Methods.

Let µmean
c denote the condition mean obtained by adding the ensemble-predicted effect to

the target context control mean, and let ¯̂xc be the mean of the population generated by the

diffusion model. The same correction was applied to every generated cell in condition c,

x̂′c,i = x̂c,i + 0.75
(
µmean
c − ¯̂xc

)
,

where the coefficient 0.75 achieved the highest mean delta PCC in a within-context calibration

using source cell lines. We used this coefficient for both tasks and held it fixed across diffusion

seeds, conditions and ablation variants. Details of the calibration are provided in the Supplemen-

tary Methods. This operation moves the generated mean towards the independently predicted

response while retaining the diffusion model’s cell-to-cell deviations around that mean. Because
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it is a constant gene-wise translation within each condition, it leaves within-condition variance,

covariance and correlation matrices unchanged.

Quantification and statistical analysis

For perturbation condition c, let the true and generated cell sets be Xc = {xi}nc
i=1 and X̂c =

{x̂i}mc
i=1, both in RG. Their pseudobulk means are

x̄c =
1

nc

nc∑
i=1

xi, ¯̂xc =
1

mc

mc∑
i=1

x̂i.

Unless otherwise specified, metrics are computed separately for each perturbation condition and

averaged with equal weight across conditions. Exceptions, including the median summaries for

width ratio, are stated in the corresponding metric definitions.

Mean-expression and perturbation-direction metrics. Mean PCC and mean Spearman

compare x̄c and ¯̂xc across genes. Pseudobulk errors are

MSEc =
1

G

G∑
g=1

(¯̂xc,g − x̄c,g)
2,

MAEc =
1

G

G∑
g=1

|¯̂xc,g − x̄c,g|.

With target context control mean x̄ctrl, the true and generated perturbation effects are

∆xc = x̄c − x̄ctrl, ∆x̂c = ¯̂xc − x̄ctrl.

Delta PCC and delta Spearman compare these effect vectors across genes.

Response-gene recovery. Let T
(k)
c and T̂

(k)
c be the top-k genes ranked by |∆xc,g| and |∆x̂c,g|,

respectively. Top-k DE overlap is

Overlap(k)c =
|T (k)
c ∩ T̂

(k)
c |

k
.

For each perturbation, the 100 genes with the largest absolute observed effects were treated as

positives, and the absolute predicted effects were used as ranking scores. AUPRC was computed

as average precision using average precision score from scikit-learn.

GGE-PCA50 distributional metrics. For the fixed size K562 comparisons and ablations,

true and generated cells are embedded in a common PCA50 space following the GGE evaluation

framework.32 Wasserstein-1, maximum mean discrepancy squared (MMD2) and Energy distance

are computed separately for each principal component and then averaged. For component ℓ,
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unbiased squared MMD with an RBF kernel is

MMD2
c,ℓ =

1

nc(nc − 1)

∑
i̸=j

k(ziℓ, zjℓ) +
1

mc(mc − 1)

∑
i̸=j

k(ẑiℓ, ẑjℓ)

− 2

ncmc

nc∑
i=1

mc∑
j=1

k(ziℓ, ẑjℓ),

where the bandwidth is selected by the median heuristic. Negative MMD2 estimates were set

to zero before component averaging. Energy distance is

Ec,ℓ = 2E|Zℓ − Ẑℓ| − E|Zℓ − Z ′
ℓ| − E|Ẑℓ − Ẑ ′

ℓ|.

Lower distances indicate closer empirical cell distributions.

Fidelity–coverage score. Local support was evaluated using a nearest-neighbor manifold

construction adapted from generative precision and coverage metrics.54,55 A fixed PCA50 repre-

sentation was fitted on 10,000 randomly sampled K562 training cells in the 5,000-gene benchmark

space. For each condition and repeat, equal numbers of observed and generated cells were sam-

pled without replacement, capped at 100 cells per group. Let zi denote an observed cell in PCA

space and let ri be its Euclidean distance to its fifth-nearest other observed cell. For generated

cells ẑj , the realistic cell fraction (RCF) and observed cell coverage (OCC) are

RCFc =
1

mc

mc∑
j=1

I[∃ i ∈ {1, . . . , nc} : ∥ẑj − zi∥2 ≤ ri] ,

OCCc =
1

nc

nc∑
i=1

I
[
min
j

∥ẑj − zi∥2 ≤ ri

]
.

RCF measures the fraction of generated cells that fall within at least one observed cell support

neighborhood, whereas OCC measures the fraction of observed cell neighborhoods reached by

at least one generated cell. We define their harmonic mean as the Fidelity–coverage score,

FCSc =
2RCFcOCCc
RCFc +OCCc

,

with FCSc = 0 when both components are zero. Sampling was repeated ten times. FCS was

calculated within each repeat before averaging repeats within a condition; values for individual

conditions were then averaged with equal weight, and the three scPLAD seeds were averaged

within condition. The same neighborhood order, sampling cap and aggregation rule were used

for all models. RCF and OCC are reported separately, and FCS summarizes their joint perfor-

mance in Fig. 3h. For the cell line transfer analysis, the same procedure was applied in a fixed

PCA50 representation of the shared 3,352-gene space and summarized within source coverage

strata (Fig. 4d). Prediction matrices were reordered to the benchmark gene order before PCA

projection.
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Subpopulation composition recovery. For each K562 test condition, observed cells were

projected into the same fixed PCA50 representation and clustered independently using a Eu-

clidean 10-nearest-neighbor graph and Leiden clustering at resolution 0.40. The graph was undi-

rected, Leiden optimization used two iterations and seed 20261023, and clusters were ranked by

observed abundance within each condition (A for the largest cluster, B for the second largest

and so on). This yielded 17 single-cluster and 255 multicluster conditions. Generated cells were

assigned with a distance-weighted 10-nearest-neighbor classifier fitted to all observed cells from

the corresponding condition. For support rejection, the mean distance to the five nearest ob-

served cells in the predicted cluster was divided by that cluster’s within-reference distance scale.

Thresholds were calibrated by fivefold cross-validation on observed cells; predictions exceed-

ing the 99th percentile of the corresponding observed support-score distribution were labeled

unassigned. Clusters represented by fewer than 20 calibration cells used the condition-pooled

threshold.

For observed cluster proportions pc,r, accepted generated proportions p̂c,r, and unassigned

fraction uc, complete total variation distance (Complete TVD) was

TVDc =
1

2

(∑
r

|p̂c,r − pc,r|+ uc

)
.

A cluster was considered detected when it contained at least 1% of all generated cells. OCC

within clusters applied the same fifth-neighbor support definition as above after assignment, us-

ing equal observed and generated samples capped at 100 cells, ten repeats and macro-averaging

across the observed clusters in a condition. Summary comparisons were restricted to the 255 mul-

ticluster conditions and weighted conditions equally; scPLAD values were first averaged across

its three seeds. These clusters serve as data-driven within-condition partitions for composition-

recovery analysis.

For the cell line transfer analysis, a separate PCA50 transform was fitted to 10,000 cells

sampled from the shared 3,352-gene training partition and then frozen. All observed K562

test cells were projected with this transform, and each of the 1,086 perturbation conditions

was clustered independently using the same Euclidean 10-nearest-neighbor Leiden procedure at

resolution 0.40. This yielded 24 single-cluster and 1,062 multicluster conditions. The distance-

weighted 10-nearest-neighbor assignment, normalized five-neighbor support score and fivefold

observed cell calibration described above were applied without model-specific changes, using

the q99 support threshold. All models used the same observed clusters, PCA transform and

thresholds.

Seen perturbations were the 580 conditions with direct STATE predictions, equivalently

source coverage 1–3; excluding 12 single-cluster conditions left 568 multicluster conditions. Un-

seen perturbations were the 506 source coverage-0 conditions; excluding 12 single-cluster con-

ditions left 494 multicluster conditions. The unseen population analysis compares scPLAD

with TxPert because STATE provides no population output for coverage-0 perturbations. Each
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model contributed 2,000 generated cells per available condition. scPLAD metrics were averaged

across its three seeds within each condition before conditions were weighted equally. Relative-

change labels in Fig. 4b were calculated as 100(MscPLAD −Mcomp)/|Mcomp|, using the strongest

comparator mean for each metric. The brackets summarize descriptive relative mean differences.

Expression range coverage and interval agreement. For condition c and gene g, define

the true and generated central expression intervals

Rtrue
c,g = [q0.1(x

c
·,g), q0.9(x

c
·,g)], Rpred

c,g = [q0.1(x̂
c
·,g), q0.9(x̂

c
·,g)].

Expression range coverage (ERC) is

ERCc,g =
|Rtrue

c,g ∩Rpred
c,g |

|Rtrue
c,g |+ ε

, ERCc =
1

G

G∑
g=1

ERCc,g,

where ε is a constant used for numerical stability. ERC ranges from 0 to 1 and measures the

fraction of the true central interval for each gene covered by generated cells.

To evaluate whether the generated interval also matches the location and width of the ob-

served interval, we additionally compute interval intersection-over-union (IoU). Let

Ic,g = |Rtrue
c,g ∩Rpred

c,g |, wtrue
c,g = |Rtrue

c,g |, wpred
c,g = |Rpred

c,g |.

For genes with wtrue
c,g > 10−8,

IoUc,g =
Ic,g

wtrue
c,g + wpred

c,g − Ic,g
, ρc,g =

wpred
c,g

wtrue
c,g

.

IoU penalizes intervals that are too broad, too narrow or displaced. The width ratio ρ distin-

guishes broadening (ρ > 1) from narrowing (ρ < 1). We report all gene and true top-100 response

gene versions from the same candidate sets used for ERC. ERC is averaged over the complete

candidate set, with zero-width observed intervals contributing zero under the definition above.

IoU and width ratio are instead summarized over the evaluable subset with wtrue
c,g > 10−8, and

the evaluable fraction is recorded. Condition-level IoU is the arithmetic mean over this subset.

Width-ratio summaries use the median within each condition and the median across conditions.

Correlation structure agreement. For each condition, let Sc be the 100 genes with the

largest true perturbation effects. We compute

Ctrue
c = corr(Xc[:, Sc]), Cpred

c = corr(X̂c[:, Sc]).

Using the vectorized off-diagonal upper triangles,

CSAc = corr
(
vecupper(C

true
c ), vecupper(C

pred
c )

)
.
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Pearson and Spearman versions are reported. CSA quantifies preservation of within-condition

pairwise gene correlation structure among response genes.

Empirical residual and perturbation label controls. The training perturbation residual

baseline combined the frozen mean response prediction with complete residual vectors sampled

from observed training perturbations. Each training cell was centered by the mean of its own

perturbation condition; training conditions were sampled with equal probability, followed by a

cell within the selected condition. The sampled residual matrix was recentered to exact zero

mean and added to the predicted condition mean, producing 2,000 cells per test condition

without fitting another population generator. The K562 task used K562 training perturbations,

whereas the cell line transfer task used training perturbations from RPE1, HepG2 and Jurkat.

The complete method comparison used the reported scPLAD populations after fixed λ = 0.75

mean correction; implementation details and the fixed mean diagnostic are provided in the

Supplementary Methods.

For the perturbation label control, we reassigned each complete final predicted population

to an incorrect perturbation label while keeping its expression values unchanged. In K562,

one-to-one derangements spanned all 272 unseen perturbations. In the cell line transfer task,

derangements were performed separately within source coverage strata 0–3. Each mapping

contained no fixed points, and the same 20 mappings were applied to all three diffusion seeds.

Evaluation references, observed cells and response gene sets followed the target label. We report

the score averaged across three seeds for the correct mapping and the mean and standard

deviation across 20 derangements after first averaging each mapping across seeds.

Control-cell availability analysis. We evaluated inference sensitivity to the number of avail-

able K562 control cells for scPLAD, TxPert, CellFlow and Scouter while keeping all trained

model weights fixed. From the full pool of 10,691 controls, we drew five matched subsets of

64 cells and five matched subsets of 128 cells without replacement; the same control identifiers

were supplied to all compatible model pipelines in each draw. Each method used its native con-

trol representation. scPLAD used the sampled cells to construct its target-control anchor and

applied the fixed λ = 0.75 mean correction. TxPert used batch-matched control means, with

selected-pool means for batches absent from a subset. CellFlow and Scouter used individual

controls resampled from the selected pool. Each setting generated 2,000 cells for each of the

272 held-out perturbations. Complete TVD and OCC within clusters were evaluated on the

255 conditions containing multiple observed clusters. Reported subset values are equal-weight

condition means averaged over the five control draws; error bars denote the sample standard

deviation across draws. The full-control result is a single reference evaluation and therefore has

no sampling error bar.

HSPA9 external target evaluation. The HSPA9 analysis uses a directed K562 causal net-

work inferred by Brown et al. with inverse sparse regression.33 Direct outgoing HSPA9 edges
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with Ghat ̸= 0 and pFDR ≤ 0.05 were retained, mapped from Ensembl identifiers to gene symbols

and intersected with the 3,352-gene expression space, yielding 159 unique downstream targets.

For each model, their true and predicted pseudobulk perturbation effects were compared us-

ing Pearson correlation, Spearman correlation and directional agreement. For scPLAD, HSPA9

effects for individual genes from the three runs with fixed λ = 0.75 were averaged before calcu-

lating the correlations reported in Fig. 6a. PIE effects were inferred independently for HSPA9

from each of the three trained checkpoints, aligned to the common gene order and averaged

across seeds before the same correlation calculation. The network was applied as a post hoc

evaluation reference after model training and condition encoding. Because the network and

benchmark both draw on Replogle K562 Perturb-seq data, this analysis measures concordance

with an externally inferred network rather than independent experimental validation.

The HSPA9 expression range panel displays a fixed set of 36 genes from the true top response

set. Expression values are centered by the K562 test control mean. The scPLAD intervals and

means were computed from 2,000 cells generated by one representative model run; STATE and

TxPert were each evaluated from their corresponding single generated population.

Paired statistics for prior ablations. For the ESM3 and network prior contrasts, condition

level metrics were first averaged across the three random seeds. Each augmented-prior model

and the GO+Reactome baseline were then paired across the same 272 held-out perturbations.

Two-sided Wilcoxon signed-rank tests assessed paired differences, with zero differences excluded,

and 95% confidence intervals for mean paired changes were obtained from 10,000 condition level

bootstrap samples. Benjamini–Hochberg correction was applied separately within each contrast

across five metrics: delta PCC, delta Spearman, Top-100 DE overlap, all-gene ERC and all-gene

interval IoU. Effects with q < 0.05 are displayed in Supplementary Fig. S3c; all raw p values

and adjusted q values are provided in the supplementary source data.

Use of generative AI. During the preparation of this work, the authors used OpenAI Chat-

GPT and Codex to improve the language and readability of the manuscript and to assist with

code development. The core ideas of the study were developed through discussions among the

authors. The authors reviewed and edited the resulting text and code and take full responsibility

for the content of the manuscript and the work reported.
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