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Abstract12

Combinatorial therapies offer opportunities to improve treatment efficacy and overcome thera-13

peutic resistance, but their rational design requires understanding how combined interventions14

interact beyond their individual effects. Combined genetic and chemical perturbations can elicit15

nonadditive transcriptional responses, yet the vast number of possible combinations limits exper-16

imental characterization. Predicting these interactions is particularly challenging when few or17

no combinations have been measured. Here we present GrnPFN, a prior-data fitted network that18

predicts nonadditive transcriptional responses to combinations from single-perturbation profiles.19

Pretrained on simulated screens generated from random gene-regulatory networks, GrnPFN in-20

corporates measured combinations through in-context learning without retraining. We evaluated21

GrnPFN in single-cell screens spanning CRISPR activation, RNA knockdown and drug combi-22

nations, using separate cells to construct model inputs, training targets and test targets. Without23

measured combinations in the target screen, GrnPFN outperformed gradient boosting trained on24

other screens. With limited combination measurements, it outperformed kernel ridge regression25

fitted to the same measured pairs. These advantages extended to an additional screen combining26

CRISPR interference with a drug. Our results demonstrate that pretraining on simulated regula-27

tory networks enables prediction of nonadditive transcriptional interactions across perturbation28

modalities when experimental measurements are scarce.29
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Author summary30

Treatments that combine drugs or genetic changes can act in ways that neither component predicts31

alone, because the two may reinforce or cancel one another inside the cell. Testing every pair is32

impractical, since the number of pairs grows far faster than the number of interventions, so most33

are never measured. We asked whether a computer model could learn how such interactions arise34

before seeing any experimental pairs. We trained our model, GrnPFN, on simulated experiments35

generated from random networks of genes that regulate one another, so it learned general rules36

of gene regulation rather than facts about particular genes. Given only measurements of each37

intervention applied alone, the model predicted which genes would respond differently to the pair38

than expected. In published experiments on human cell lines, it was on average more accurate than39

the comparison methods when few or no pairs had been measured, including in a design absent40

from its training. Once many pairs were measured, methods fitted directly to those data caught up41

or overtook it. Our work suggests that simulated biology can guide combination experiments at42

their earliest stage, when data are scarcest, although this still needs testing in new experiments.43

Introduction44

Cellular responses to combined perturbations can depart from the sum of their individual effects,45

revealing interactions that are not apparent from single perturbations alone. Single-cell genetic46

and chemical screens measure these responses at transcriptome scale [1–3], and combinatorial47

studies have characterized interactions involving genes, RNA perturbations and drugs [4–7]. Yet48
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the number of possible pairs grows quadratically with the number of perturbations, leaving most49

combinations unmeasured. The practical challenge is therefore to predict interactions from single-50

perturbation profiles before combinationmeasurements are available, and to incorporate the limited51

measurements obtained as a screen progresses.52

Methods including GEARS, the compositional perturbation autoencoder (CPA) and CellFlow53

predict transcriptional responses to unmeasured perturbations or combinations [8–10]. Assessing54

their contribution requires distinguishing prediction of the full expression response from prediction55

of the interaction itself. Recent benchmarks have shown that simple baselines can be competitive56

with deep-learning models [11], while calibration-aware analyses have identified settings in which57

more complex models provide additional predictive value [12]. In the K562 combinatorial screen,58

adding single-perturbation effects captures much of the predictive accuracy obtained for full59

expression responses. Predicting the residual beyond this additive expectation directly targets60

the nonadditive component. However, regression models fitted to measured pairs have limited61

evidence from which to learn this component when combinations are sparsely sampled.62

Informed modeling incorporates biological information in a form suited to the inference task. For63

example, scBIOT can use cell-identity annotations to guide optimal-transport alignment across64

single-cell datasets [13]. For perturbation prediction, biological assumptions can be encoded65

in a distribution of simulated datasets used for pretraining. Prior-data fitted networks (PFNs)66

learn predictive structure from datasets sampled from such a prior and subsequently condition on67

observations from a new dataset through in-context learning [14–16]. This framework allows a68

model to draw on relationships learned before application to the target dataset and to incorporate69
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new observations without retraining.70

Predicting nonadditive transcriptional responses to combined perturbations is essential for under-71

standing how molecular interventions interact and for guiding the rational design of combinatorial72

therapies. Recent applications include MapPFN, which learns from simulated gene-regulatory net-73

works (GRNs) to predict genetic perturbation responses [17], and PerturbPFN, which uses synthetic74

structural models for chemical perturbation prediction [18]. General-purpose tabular foundation75

models have also been evaluated on single-perturbation responses [19]. Whereas these approaches76

focus on responses to individual perturbations, GrnPFN directly predicts the nonadditive effects77

of combinations from single-perturbation profiles, including when no combinations have been78

measured in the target screen. For combinatorial prediction, the prior can be designed specifically79

to relate measured single-perturbation effects to departures from additivity. GRN simulations can80

represent how regulatory saturation and convergence on shared targets generate these departures,81

providing interaction examples beyond those measured experimentally.82

Here we introduce GrnPFN, a GRN-informed PFN pretrained specifically to predict nonadditive83

transcriptional responses from measured single-perturbation profiles. Pretraining on genetic and84

chemical combinations simulated from randomGRNs provides an interaction prior before any pairs85

in the target screen have been measured. The same pretrained model makes predictions without86

measured pairs and incorporates available pairs through in-context learning without updating its87

weights. This supplies predictive structure that regression models fitted only to target-screen pairs88

must estimate from limited experimental observations. GrnPFN uses no gene-identity embeddings89

and requires no reconstructed regulatory network for the target cell type, allowing the same model90
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to be applied across the genetic and chemical screens evaluated here.91

In pooled analyses across five single-cell screens, GrnPFN outperformed gradient boosting trained92

on other screens when no target-screen combinations were available, and kernel ridge regression93

fitted to the same measured pairs when combination data were limited. The advantage extended to94

test pairs involving perturbations absent from the measured-pair context. With all training pairs95

available in K562, GrnPFN also achieved higher interaction-prediction accuracy than GEARS,96

CPA and CellFlow. Its advantage at low measurement budgets transferred without retraining to97

an additional CRISPR interference–drug screen, a perturbation design absent from pretraining.98

These results demonstrate that a model trained on simulated regulatory dynamics can improve99

transcriptional interaction prediction at the beginning of combinatorial screens, when empirical100

combination data are most limited.101

Results102

GrnPFN learns a transferable interaction prior from simulated screens103

We defined the effect of perturbation 𝑝, Δ𝑝, as its mean change in log-normalized gene expression104

relative to control cells. For a pair of perturbations A and B, the interaction was105

೵ᄫᄬ = Δᄫᄬ − Δᄫ − Δᄬ.
This residual describes the component of the combination response that is not explained by adding106
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the two single effects (Fig 1a). GrnPFN predicts the residual directly, allowing its contribution to107

be evaluated separately from the additive response.108
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Fig 1. Simulation-pretrained prediction of transcriptional interactions. a) The interaction110

residual ೵ᄫᄬ is the difference between the pair responseΔᄫᄬ and the sum of the single-perturbation111

responses Δᄫ and Δᄬ, each measured relative to control cells. b) Pretraining used 140,000 simulated112

screens generated from random gene-regulatory networks containing pathway nodes, transcription113
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factors (TFs), program nodes, and measured genes. A and B mark a perturbed pair of transcription114

factors. c) Each simulated screen combines CRISPR activation, knockdown, or drug perturbations115

with cell-level noise, Poisson count sampling, and a hybrid prior that adds a screen-specific interac-116

tion component. A screen provides single-perturbation effects Δ𝑝, training-target interactions of117

measured pairs ೵train, and test-target interactions of query pairs ೵test. d) GrnPFN arranges single118

perturbations, measured pairs, and query pairs as a grid of populations by genes. Query pairs119

carry only features of their members’ single effects, while their interactions serve as prediction120

targets. A shared transformer encoder applies attention over genes, attention over populations121

with membership biases, and a feed-forward block in each of four layers. Query populations do not122

serve as attention keys. Separate heads predict interactions ೵̂ and predictive variances. The model123

supports zero-shot prediction from single-perturbation and control profiles, confidence ranking124

by relative uncertainty, in-context prediction conditioned on measured pairs, and fine-tuning on125

measured pairs.126

Pretraining used simulated screens generated from random gene-regulatory networks comprising127

unmeasured pathway nodes, perturbable transcription factors, saturating program nodes, and128

measured genes (Fig 1b). The simulator included CRISPR activation, knockdown, and drug129

combinations, with variability in cell state, perturbation strength, and count sampling. A hybrid130

prior supplemented the network-derived response with a screen-specific interaction component131

(Fig 1c). Because this component varied between screens, measured pairs provided information132

that could not be recovered from the single profiles alone.133

GrnPFN represents a screen as a grid of populations by genes. Four layers alternate attention across134
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genes and populations, with learned attention biases linking pairs to their members and to other135

pairs sharing a member (Fig 1d). Measured interactions enter as context, and unmeasured pairs136

receive predictions from an interaction head and a predictive-variance head. The same pretrained137

model supports zero-shot prediction from single-perturbation profiles and in-context prediction138

using measured pairs. A copy of the model can also be fine-tuned on measured pairs (Fig 1d). The139

main prediction benchmark used frozen model weights trained entirely on simulated data.140

Separating cell roles enables evaluation of interaction prediction141

Interaction targets contain the negative of each single-perturbation effect. Consequently, when the142

same cells provide a single-profile input and its contribution to the interaction target, sampling143

error enters the input and target with opposite signs. This coupling can produce high apparent144

accuracy without recovery of the underlying interaction. In a melanoma Perturb-CITE-seq dataset145

[20], a predictor that assumed the knockout effect disappeared under interferon-γ achieved a146

median cosine similarity of 0.899 when inputs and targets shared cells, but −0.006 when they were147

calculated from disjoint cells.148

We therefore assigned single-perturbation and control cells to separate thirds for model inputs,149

training targets, and test targets (Methods). Pairs were assigned to five folds, with each pair held150

out once. The cells belonging to a pair were used together because that pair served either training151

or testing within a fold. This design separated the single-perturbation and control-cell noise across152

the three roles while retaining the available depth for each combination.153

The main benchmark included CRISPR activation in K562 cells, Cas13 knockdown in THP-1 cells,154
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and drug combinations in A172, T98G, and U87MG cells (Table 1). Simulator and architecture155

development used one cell partition of the first four screens, and U87MG was excluded from156

these choices. We then evaluated the frozen pipeline on four new partitions of the existing cells.157

Predictions were scored by cosine similarity over the 100 genes with the largest absolute observed158

interaction after centering. Nonzero-budget benchmark comparisons used measured training pairs159

to center observed interactions. Learning curves used test-pair centering throughout, which kept160

the observed target constant across measurement budgets (Methods).161

Table 1. Perturbation screens used to evaluate GrnPFN.162

Screen Perturbation design Eligible pairs Evaluation role

K562 CRISPR activation

pairs

131 Model development

and main benchmark

THP-1 Cas13 knockdown

pairs

142 Model development

and main benchmark

A172 Drug combinations

with trametinib

82 Model development

and main benchmark

T98G Drug combinations

with trametinib

84 Model development

and main benchmark

U87MG Drug combinations

with trametinib

81 Cell line excluded

from model

development
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Screen Perturbation design Eligible pairs Evaluation role

A375 CRISPR interference

with vemurafenib

142 Additional drug–gene

evaluation

Counts denote pairs meeting the cell-count threshold for the pair and both single conditions.163

Single-perturbation profiles were available for every pair member.164

Simulation pretraining improves prediction at low measurement budgets165

Without measured pairs in the target screen, GrnPFN outperformed gradient boosting trained on166

the other four screens, with a pooled cosine similarity difference of 0.049 (97.5% CI, 0.038–0.060).167

The largest gains occurred in K562, A172, and U87MG, while performance was similar in THP-1168

and T98G (Fig 2a,b). GrnPFN also outperformed a transferred linear subadditivity model.169
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Fig 2. GrnPFN improves interaction prediction at lowmeasurement budgets. a) Learning171

curves for GrnPFN and kernel ridge, with transferred gradient boosting at zero measured pairs.172

Partial budgets use three random draws of 15%, 25%, or 40% of each fold’s training pairs, with a173
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minimum of 10 measured pairs. The 100% budget includes all training pairs. Test-pair centering174

gives each held-out pair the same observed target across budgets. Budget positions are equally175

spaced, and panels have equal vertical spans with different limits. b) Zero-shot comparisons with176

gradient boosting and a linear subadditivity model trained on the other four screens. c) GrnPFN177

minus kernel ridge at 15%, grouped by perturbation coverage and scored with benchmark centering.178

Unseen genetic pairs have neither member in measured context, whereas unseen drug pairs have179

their non-anchor compound absent at every dose. Numbers indicate unique contributing pairs180

across draws and cell partitions, and groups can overlap. d) Equal-screen pooled differences by181

budget, including screens with at least five pairs in a group. THP-1 is excluded from the unseen182

group at 25% and 40%. Diamonds denote means. Thick and thin bars denote pair-bootstrap and183

dependence-aware 95% intervals, respectively. Panels a–c show means and standard errors over184

pairs after averaging applicable draws and the four cell partitions.185

When 15% of training pairs were measured, GrnPFN outperformed kernel ridge regression fitted to186

the same pairs, with a pooled difference of 0.069 (95% CI, 0.048–0.090) using benchmark centering187

(Methods). With the test-pair centering used for the learning curves, the corresponding difference188

was 0.096 (95% CI, 0.080–0.112) (Fig 2a). This advantage decreased as more pairs became available,189

and the two methods achieved comparable overall performance when all training pairs were190

measured (Fig 2a). These results indicate that the simulation-trained prior is most valuable when191

few or no combination measurements are available.192
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GrnPFN generalizes beyond perturbations represented in measured combinations193

Sparse measurement budgets leave some perturbations absent from the measured combinations.194

We classified a genetic test pair as unseen when neither member occurred in a measured pair, and a195

drug pair as unseen when its non-anchor compound was absent at every dose. Single-perturbation196

profiles were available in both cases. This analysis tested whether the model could predict beyond197

the perturbations represented in its combination context.198

At the 15% budget (Fig 2c), GrnPFN exceeded kernel ridge by 0.091 for unseen pairs (95% CI,199

0.059–0.122) and by 0.069 for seen pairs (0.046–0.095). Dependence-aware intervals remained200

positive for both groups (0.040–0.139 and 0.033–0.108). In THP-1, the differences were 0.103 for201

unseen pairs and 0.006 for seen pairs. The corresponding pooled differences at 25% were 0.064 and202

0.034, and at 40% were 0.042 and 0.017 (Fig 2d). At 40%, dependence-aware intervals included zero.203

These results indicate that the early-screen advantage extended to pairs whose members had not204

yet been measured in combination. Comparisons between the groups were descriptive because205

their membership changed across measurement draws.206

GrnPFN recovers strong interaction patterns in K562 cells207

To examine individual predictions, we inspected the K562 pairs with the largest observed in-208

teractions. The eight strongest pairs involving CEBPA, CEBPB, or CEBPE had zero-shot cosine209

similarities of 0.65–0.94 (Fig 3a). The most accurately predicted of these, CEBPA + CEBPE, reached210

a cosine similarity of 0.94, with agreement in the direction of gene-level deviations from additivity211
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(Fig 3b).212
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Fig 3. Interaction patterns and full-budget prediction in K562 cells. a) Zero-shot predictions214

for the eight pairs involving CEBPA, CEBPB, or CEBPE with the largest observed interactions,215

ordered by cosine similarity. Bars show means across four cell partitions, points show individual216

partitions, and error bars show their standard errors. b) Observed and predicted interactions for217

CEBPA + CEBPE, averaged across partitions over the 100 selected genes. The dashed line indicates218

identity, and labels identify the four largest observed deviations. Panels a and b use test-pair219

centering. c) Prediction with all training pairs, using benchmark centering. Bars show means over220

pairs and error bars their standard errors. Deep-learning comparators used the same pair folds but221

all single-perturbation and control cells (Methods).222

We also compared predictions when all training pairs were available. In K562, mean cosine223

similarity was 0.603 for GrnPFN, 0.576 for kernel ridge, 0.472 for GEARS, 0.435 for CellFlow, and224

0.360 for CPA (Fig 3c). Across the other four screens, GrnPFN exceeded CellFlow and CPA by225

pooled differences of 0.078 (95% CI, 0.065–0.092) and 0.111 (0.095–0.126). Its difference from226

GEARS in THP-1 was 0.044 (0.014–0.073), evaluated on the 127 pairs for which GEARS returned227
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predictions. Kernel ridge achieved similar advantages over these deep-learning comparators. All228

methods used the same held-out pair folds, although the deep-learning comparators had access229

to all single-perturbation and control cells rather than the input third used by GrnPFN and the230

regression baselines (Methods).231

Predictive uncertainty identi}es more accurate subsets, while adaptation varies232

across screens233

We ranked zero-shot predictions by relative uncertainty, defined as the total predicted variance234

divided by the squared magnitude of the predicted interaction. In every screen, the most confident235

third had higher cosine similarity than the least confident third (Fig 4a), with a pooled difference236

of 0.230 (95% CI, 0.188–0.272). Retaining a smaller fraction of the most confident pairs generally237

increased mean accuracy (Fig 4b).238
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Fig 4. Confidence ranking, fine-tuning, and transfer to the drug–gene screen. a) Zero-shot240

cosine similarity in the most confident, middle, and least confident thirds, defined within each241

screen and cell partition by relative uncertainty, calculated as the total predicted variance divided242

by the squared magnitude of the centered prediction. b) Mean cosine similarity after retaining243

an increasing fraction of the most confident pairs. Panels a and b use test-pair centering and four244

cell partitions. c) Change in cosine similarity after fine-tuning, by measurement budget, using245

benchmark centering on the development partition. d) Prediction in the additional A375 CRISPR246

interference–vemurafenib screen with 142 eligible pairs. GrnPFN and kernel ridge are evaluated247

across budgets, and gradient boosting trained on the five main screens is shown at zero. Test-pair248
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centering holds the observed target constant across budgets. Budget positions are equally spaced,249

with the zero-budget region shaded. Bars and points denote means over test pairs after applicable250

averaging. Error bars and bands denote standard errors over pairs.251

Measured context contributed to prediction accuracy. On the development partition, permuting252

interaction values among context pairs at the full measurement budget reduced cosine similarity253

by 0.226 in K562 and by 0.067 to 0.157 in the other screens. Updating the model weights provided254

further gains in some settings. Fine-tuning improved cosine similarity across budgets by 0.024–0.080255

in A172 and 0.044–0.078 in T98G, but had inconsistent effects in K562, THP-1, and U87MG (Fig256

4c). These development experiments supported retaining frozen in-context prediction as the main257

evaluation setting and treating fine-tuning as an optional, screen-dependent extension.258

An additional drug–gene screen supports transfer at low measurement budgets259

We next evaluated a perturbation design not represented in the simulator, combining a genetic260

perturbation with a drug. Candidate datasets were required to contain all four conditions needed261

to estimate an interaction and to meet a split-half reproducibility threshold for training pairs before262

model evaluation. An A375 melanoma screen combining CRISPR interference (CRISPRi) with263

vemurafenib passed this criterion, with a split-half cosine similarity of 0.255 and 142 eligible pairs264

[21].265

GrnPFN generalized to the held-out A375 CRISPRi plus vemurafenib screen, despite being pre-266

trained on simulations that did not include genetic and drug combinations. Without any measured267

pairs or retraining, GrnPFN achieved a zero-shot cosine similarity of 0.421, outperforming gradient268

18



boosting trained on the five main screens (0.319) by 0.102 (95% CI, 0.090–0.113) (Fig 4d). With only269

15% of training pairs measured, GrnPFN also outperformed kernel ridge regression fitted to the270

same pairs by 0.044 (95% CI, 0.021–0.067) using benchmark centering. With the test-pair centering271

used in Fig 4d, the corresponding difference was 0.073 (95% CI, 0.052–0.095). The difference272

narrowed as more pairs became available, with kernel ridge achieving higher accuracy at larger273

measurement budgets. These results demonstrate that GrnPFN can transfer to a perturbation design274

not represented during pretraining and provide an advantage when combination measurements275

are limited.276

Discussion277

GrnPFN demonstrates that models pretrained on simulated GRN screens can generalize to real278

combinatorial perturbation experiments and predict nonadditive transcriptional responses. By279

leveraging a GRN-informed prior, GrnPFN enables zero-shot prediction from single-perturbation280

profiles without requiring measured combinations in the target screen. In this setting, GrnPFN281

outperformed models trained on other experimental screens and, when limited combination282

measurements were available, regression models fitted to the same data. This advantage extended283

to an independent drug–gene perturbation screen, supporting the transferability of the simulation-284

derived prior across perturbationmodalities. However, asmore combinationmeasurements became285

available, screen-specific regression models generally improved and are comparable to GrnPFN.286

These findings highlight the value of GRN-informed pretraining for predicting combinatorial287

responses when experimental measurements are scarce, while indicating that its relative advantage288
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diminishes as screen-specific data accumulate.289

Directly predicting the interaction residual provides a biologically meaningful measure of non-290

additive transcriptional responses. By isolating deviations from the additive effects of individual291

perturbations on the chosen expression scale, this approach evaluates the ability to predict interac-292

tions rather than the larger additive component. However, transcriptional nonadditivity does not293

necessarily indicate a specific molecular mechanism or imply synergistic effects on other pheno-294

types, such as cell fitness. Accurate evaluation also requires careful consideration of measurement295

noise, as reusing the same single-perturbation cells to construct model inputs and evaluation targets296

can inflate predictive performance through shared sampling errors. To minimize this bias, we used297

independent cells for model inputs, training targets, and test targets, together with comparisons298

against established regression baselines and fixed evaluation targets. This design enables a more299

rigorous assessment of the predictive information captured by GrnPFN.300

The contrast between zero-shot performance and context adaptation points to both the utility and301

the limitations of the simulation prior. The hybrid interaction component and membership-aware302

attention increased context use during development, but did not make additional measurements303

uniformly beneficial. In particular, the A375 drug–gene screen supported zero-shot transfer while304

showing declining accuracy as context increased. Fine-tuning recovered additional performance in305

two drug screens but did not help consistently across datasets. These results suggest that transferable306

relationships between single effects and interactions can be easier to capture than the screen-specific307

structure needed for effective adaptation.308

The breadth of the present evaluation is limited by the available datasets. Model development used309
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one partition of four real screens, and the four later partitions reused the same cells. U87MG was310

excluded from model selection but shared its chemical panel and anchor design with two develop-311

ment screens. The additional drug–gene evaluation involved one drug in one cell line. Pair folds312

also retained substantial overlap inmembers or compounds, so they primarily assessed unmeasured313

combinations of perturbations with known single effects. Dependence-aware intervals address314

some of this structure but do not replace evaluation in independent biological experiments.315

Together, these findings position simulation-trained in-context learning as a complement to experi-316

mental measurement in sparse combinatorial screens. The model supplies an initial interaction317

prior that can be used immediately and revised with measured combinations. Its practical value318

lies in reducing the dependence on a large initial combination training set, while leaving room319

for fitted models to become preferable as a screen grows. Prospective evaluation across additional320

biological contexts will determine how reliably this early predictive advantage holds.321

Materials and methods322

Datasets and preprocessing323

The K562 CRISPR activation screen was obtained from GSE133344 [4]. Cells carrying two negative-324

control guides defined the control population, one targeting guide defined a single perturbation,325

and two targeting guides defined an alphabetically ordered pair. We retained 131 pairs with at least326

20 cells in the pair population and in each corresponding single-perturbation population. Counts327
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were normalized to 10,000 per cell and log-transformed. We selected 3,000 highly variable genes328

using the Seurat v3 procedure on single-perturbation and control cells [22,23].329

The THP-1 Cas13 screen was obtained fromGSE213957 [6]. Perturbations were assigned from guide330

pairs, and preprocessing followed the K562 procedure, with highly variable genes selected using a331

random subset of 20,000 cells. The same cell-count threshold retained 142 pairs. Drug screens in332

A172, T98G, and U87MG were obtained from the preprocessed sci-Plex 4 dataset GSM7056151 [7].333

These screens included 22 compounds at four doses, alone and in combination with trametinib at334

the corresponding dose, together with trametinib-only and vehicle controls. Each compound–dose335

combination was treated as a perturbation. Preprocessing followed the K562 procedure, retaining336

82, 84, and 81 pairs, respectively.337

For the shared-noise analysis, we used the scPerturb release [24] of themelanoma Perturb-CITE-seq338

dataset [20]. We retained cells with a single detected guide and 217 knockouts represented by at339

least 40 cells in each of the unstimulated, interferon-γ, and co-culture conditions. This dataset340

was used to examine target construction rather than to train or evaluate GrnPFN in the main341

benchmark.342

For the additional drug–gene evaluation, PerturbFate GSE291147 provided A375 cells with dual-343

sgRNA CRISPRi targeting 143 genes and non-targeting controls, treated with vehicle or 1 µM344

vemurafenib [21]. RNA counts were calculated by summing labeled and unlabeled counts from the345

tri-omic libraries. A cell was assigned to the guide target with the most unique molecular identifiers346

when that target had at least two identifiers and accounted for at least 75% of the cell’s guide347

identifiers. For both datasets, controls were non-targeting guides with vehicle, single conditions348
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were targeting guides with vehicle or non-targeting guides with drug, and pairs were targeting349

guides with drug. Normalization, gene selection, and the minimum population size followed the350

main benchmark.351

Construction of inputs, interaction targets, and evaluation folds352

Single-perturbation and control cells were randomly partitioned into thirds to separate their con-353

tributions to inputs, training targets, and test targets, following the general principle of sample354

splitting [25]. With ̄ച denoting mean log-normalized expression, the first third supplied the single-355

perturbation input356

Δ𝑝 = ̄ച(ᅎᅕ𝑝ᵆᅛ)𝑝 − ̄ച(ᅎᅕ𝑝ᵆᅛ)ctrl .
The second and third supplied the corresponding training and test interaction targets,357

೵(ᅙ)ᄫᄬ = ̄ചᄫᄬ − ̄ച(ᅙ)ᄫ − ̄ച(ᅙ)ᄬ + ̄ച(ᅙ)ctrl, ഑ ∈ {ഓ഑೾ആ഍, ഓംഒഓ}.
The pair mean ̄ചᄫᄬ used all cells of that pair. Pair populations were disjoint between training and358

testing within a fold. For innermodel selection and fine-tuning, the training-target third was further359

divided into halves to construct ೵fit and ೵val. The benchmark retained the 256 genes with the largest360

maximum absolute single-perturbation effect in the input third. We refer to this separation of cell361

roles as cross-fitted evaluation.362
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Each pair belonged to one of five test folds. K562 used the folds employed for the deep-learning363

comparators, whereas the other screens used a shuffled five-fold partition with random state 0.364

Pair folds were held fixed across cell partitions and were not grouped by perturbation member or365

compound. Across the three drug screens, 245 of 247 test pairs had the same compound represented366

at another dose in the full training set, and the matching-dose trametinib anchor was shared. In367

K562 and THP-1, 271 of 273 test pairs shared at least one member with the full training set. Single-368

perturbation profiles were available for all members.369

For a nominal measurement fraction ഄ and ഍ training pairs, the measured count was370 ೿ = max(10, round(ഄ഍)). Main-benchmark folds contained 64–114 training pairs. We371

evaluated ഄ ∈ {0.15, 0.25, 0.40, 1}, using three independent random subsets at each partial372

budget and all training pairs at the full budget. GrnPFN and fitted baselines received the same373

measurements in learning-curve comparisons. Zero-shot prediction used no measured pair from374

the target screen, and a 100% budget included only the training pairs of a fold.375

Prediction scores and centering conventions376

The principal score was cosine similarity between predicted and observed interaction vectors over377

the 100 genes with the largest absolute centered observed interaction. Each method’s predictions378

were centered by their mean across the test pairs of the fold. Observed interactions used one of379

two centers. Benchmark centering used the mean training-target interaction of the measured380

pairs. Test-pair centering used the mean observed interaction across test pairs and was applied to381

zero-shot analyses and to all budgets in the learning curves.382
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Test labels entered only the evaluation score and the selection of scored genes. They were not used383

for model fitting or tuning. Cosine similarity measured directional agreement rather than accuracy384

in interaction magnitude.385

Simulation prior386

We generated 140,000 screens from random gene-regulatory networks containing 4–15 unmea-387

sured pathway nodes, 40–99 perturbable transcription factors, 1–6 saturating program nodes, and388

approximately 220–400 target genes. Regulators were chosen by preferential attachment. Each389

node integrated its regulators through a logistic response. For node ഈ in cell ആ,390

ഛᅎᅐ = ഒᅐླᅎᅐ [ ᅐྰ + ᅐྯ࿁ (∑ℓ ഘᅐℓ log(ഛᅎℓ/ℎℓ) + ᅐഀ)] ,
where ഛᅎᅐ was the node’s activity, the sum ran over its regulators ℓ, ഒᅐ was a node scale, ᅐྰ a basal391

level, ᅐྯ the maximum inducible amplitude, ࿁ the logistic function, ഘᅐℓ a signed regulatory weight,392

ᅐഀ an offset, and ℎℓ the regulator’s median in a pilot simulation of control cells. The factor ླᅎᅐ393

combined cell-specific log-normal intrinsic noise with sparse node loadings on cell-state factors. A394

perturbed node’s activity in cell ആ was further multiplied by a factor depending on perturbation 𝑝.395

CRISPR activation used 1 + (೾𝑝 − 1)ഔᅎ𝑝, with fold activation ೾𝑝 sampled log-uniformly between 3396

and 50. Knockdown or inhibition used 1 − ം𝑝ഔᅎ𝑝, where the maximum fractional reduction ം𝑝 was397

sampled uniformly between 0.4 and 0.95 for knockdown and followed a saturating dose response398

for drugs. The per-cell strength ഔᅎ𝑝 was a Beta-distributed value set to zero in non-responding399
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cells, with its distribution and the fraction of responding cells varying across screens. In double400

perturbations, ഔᅎ𝑝 was scaled by a shared-effector dilution factor. Measured genes were sampled as401

Poisson counts with cell-specific library sizes and normalized as in the real data.402

Activation, knockdown, and drug screens were sampled with probabilities 0.4, 0.3, and 0.3. Genetic403

screens perturbed 20–89 transcription factors, preferentially choosing nodes with larger out-degree,404

andmeasured 30–150 random pairs. Drug screens applied 5–22 compounds at 2–4 doses to pathway405

nodes and paired each compound with a hub inhibitor at the same dose. Population sizes followed406

empirical distributions from the real screens. Single-perturbation and control cells were assigned407

to the same three roles as in the benchmark, and input single effects determined gene selection.408

The hybrid prior added a screen-specific component to the network-derived interaction:409

೵ᄫᄬ = ೵GRNᄫᄬ + ྿ [ഃ(ജᄫ, ജᄬ)ೳ + (ഌᄫ ⊙ഌᄬ)೴] .
Here ജ𝑝 was a normalized random projection of the single profile with rank 2–12. The function410 ഃ was a random symmetric two-layer network of ജᄫ + ജᄬ, ജᄫ ⊙ ജᄬ, and |ജᄫ − ജᄬ|, with ೯ = 2–8411

outputs and a randomly selected activation. Independent member effectsഌ𝑝 ∼ ൚(0, ೬ᄶ) provided412

information learnable through pairs sharing a member. The output programs ೳ and ೴ mixed413

single-profile directions with sparse random gene programs. The relative component strength ྿414

was sampled log-uniformly over 0.3–3, and the component was absent in 25% of screens. The same415

component was added to training and test targets, preserving separate cell-derived sampling noise416

in the two roles.417
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Architecture and pretraining418

GrnPFN processed single perturbations, measured pairs, and query pairs on a population-by-gene419

grid. Tokens contained 11 features. A single-perturbation token carried the single effect, a pair420

token carried the sum, product, and absolute difference of member effects, and a context pair421

carried the measured interaction. Additional features represented the control level, token type, and422

log cell counts. Effect values were divided by the screen’s root-mean-square single effect.423

The network comprised four layers of width 64 with four attention heads. Each layer applied424

gene-axis attention within populations using 16 inducing points, population-axis attention within425

genes, and a feed-forward block. Population attention read single and measured-pair tokens, and426

query tokens never served as keys. Learned additive biases distinguished unrelated populations,427

a pair attending to one of its members, pairs sharing a member, and a single attending to a pair428

containing it. Biases were initialized to zero. A linear head returned the interaction prediction. The429

final model contained 347,521 parameters and, without gene-identity embeddings, was equivariant430

to gene and population permutations and symmetric under exchange of pair members.431

Each training episode used one simulated screen. With probability 0.65, 10–30% of pairs, up to 40,432

served as queries. Otherwise, 10–25% of perturbation members were held out, excluding the drug433

anchor, and all pairs containing those members became queries. A random subset of context pairs434

was retained, ranging from one third of those available to 160 pairs. Context carried training-third435

interactions, and the squared-error loss used query test-third interactions. Episodes were weighted436

by the inverse mean squared norm of context interactions.437
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Optimization used AdamWwith learning rate 3 × 10−4, weight decay 0.01, a one-cycle schedule,438

batch size 4, gradient clipping at norm 1, and bfloat16 precision. The base network trained for 40,000439

steps on the network prior, followed by 10,000 steps with the hybrid prior and 10,000 further steps440

withmembership-aware attention. A predictive-variance head consisting of layer normalization and441

two linear layers was then trained for 5,000 steps with the rest of the model frozen. It predicted log442

variance per pair and gene by minimizing Gaussian negative log-likelihood of the mean predictor’s443

residuals. Detached features ensured that variance training left mean predictions unchanged. The444

variance included sampling variation in the targets as well as prediction error.445

Model development and ablation controls446

Development used cell-partition seed 301 in K562, THP-1, A172, and T98G. U87MG was excluded447

from selection of the simulator, architecture, and adaptation procedures. Each retained component448

was compared with a control continued from the same checkpoint for the same number of steps449

without that component. The hybrid prior was compared with continued training on the network450

prior, and membership-aware attention was compared with continued hybrid-prior training using451

standard softmax attention.452

The hybrid prior increased the loss of K562 accuracy after context permutation from 0.064 to453

0.156. At the full budget, its gains over the matched control were 0.012–0.031 in K562, A172, and454

T98G, with a decrease of 0.007 in THP-1. Membership-aware attention increased K562 context-455

permutation loss from 0.145 to 0.226 and full-budget accuracy by 0.038 (95% CI, 0.022–0.053).456

Changes in the other development screens were 0.006–0.011. Context-use experiments compared457
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true context, interactions permuted among context pairs, and no context while retaining the same458

single profiles and pair identities.459

Alternative population-attention mechanisms using an entropic optimal-transport coupling or460

partner-aligned attention produced changes of −0.007 to 0.010 and −0.008 to 0.005 across screens461

and budgets and were not retained. Additional simulations with dense combination coverage or a462

global-epistasis component improved some screens but reduced accuracy in others. A member-463

signature prior matched several training-data summaries more closely but reduced the inner-464

learning score from 0.292 to 0.280 and full-context accuracy by a mean of 0.014. A bilinear partner-465

response component concentrated drug interactions into fewer programs than observed and was466

not taken forward to training. These experiments informed model development and were separate467

from the subsequent evaluation of the frozen pipeline.468

Regression and transfer baselines469

Kernel ridge regression used a degree-2 polynomial kernel symmetrized over pair-member order.470

With ࿌ᄫᄬ = [Δᄫ, Δᄬ],471

೮(೤೥, ೦೧) = 12 [ഊᆇ(࿌ᄫᄬ, ࿌ᄭᄮ) + ഊᆇ(࿌ᄫᄬ, ࿌ᄮᄭ)] , ഊᆇ(࿌, ࿌′) = (ྶ࿌⊤࿌′ + 1)2.
Kernel penalties comprised seven logarithmically spaced values between 10−3 and 103. Seven472

values of ྶ between 10−2 and 10 were scaled by the inverse mean squared input norm of measured473

pairs. Kernel ridge hyperparameters were selected using four repeated five-fold inner splits, fitting474
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to ೵fit and validating against ೵val. Settings were ranked by the average of their ranks for median475

uncentered cosine and mean pair-specific centered cosine.476

Zero-shot baselines trained on all pairs from the other four screens, using their training-third477

interactions under the same cell partition. For a pair and gene, the features were ഁᄫ + ഁᄬ, ഁᄫഁᄬ,478 |ഁᄫ − ഁᄬ|, min(ഁᄫ, ഁᄬ), max(ഁᄫ, ഁᄬ), and log(1 + ྺ), where ഁᄫ and ഁᄬ were the members’ single479

effects on that gene divided by the screen’s root-mean-square single effect and ྺ was the gene’s480

control mean. Targets used the same effect scale. Gradient boosting used scikit-learn’s HistGradi-481

entBoostingRegressor with default settings and random state 0 [26]. The linear subadditivity model482

predicted ྱ(Δᄫ + Δᄬ), with ྱ fitted by pooled least squares. For A375, transfer baselines trained on483

all five main screens.484

Deep-learning comparators485

GEARS 0.1.2 [8], CellFlow 0.0.9 [10], and cpa-tools 0.8.1 [9] were trained with published or tutorial486

settings and one seed. All three were evaluated in K562. CellFlow and CPA were evaluated in the487

other main screens, and GEARS was additionally evaluated in THP-1. GEARS was not evaluated488

on drug perturbations. Predicted pair effects were converted to interactions by subtracting the489

input single effects and restricting the output to the 256 benchmark genes. Models used the same490

pair folds, but their training data included all single-perturbation and control cells, including cells491

used to form test targets. This cell access differed from that of GrnPFN and the fitted regression492

baselines.493
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Con}dence and perturbation coverage494

For zero-shot confidence analyses, relative uncertainty was tr(೹)/‖೵̂‖2, with predictions centered495

across test pairs. Pairs were assigned to thirds within each screen and cell partition and scored496

using test-pair centering. Each pair’s score was averaged across the partitions in which it entered a497

given third. Intervals comparing extreme thirds resampled pairs within screens and thirds.498

For perturbation-coverage analyses, measured context was reconstructed from each draw’s seed. A499

genetic test pair was unseen when neither member occurred in context. A drug test pair was unseen500

when its non-anchor compound was absent at every dose. Scores were averaged per pair within501

each group using benchmark centering, and method differences were paired. Pooled estimates502

included screens with at least five contributing pairs. THP-1 did not meet this threshold for unseen503

pairs at 25% and 40%. A pair could contribute to both groups across different measurement draws.504

Fine-tuning505

Fine-tuning updated a copy of GrnPFN using measured pairs only. Each step drew two episodes,506

splitting measurements into 80% pseudo-context and 20% pseudo-queries, with at least two query507

pairs. Context used ೵fit and query losses used ೵val. Optimization used AdamWwith learning rate508 10−4, no weight decay, and gradient clipping at norm 1.509

To choose the number of updates, one fifth of measured pairs was held out. A copy tuned on the510

remaining pairs was assessed every 10 steps up to 100 using pair-specific cosine. The best step511

count, with ties resolved in favor of fewer steps, was then used to tune a fresh copy on all measured512
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pairs. Final predictions used all measured pairs with ೵train as context. Settings were shared across513

screens, and all fine-tuning experiments used the development cell partition.514

Controls either permuted pseudo-context labels within each episode or reassigned measured515

interactions to incorrect pairs during both tuning and stopping. Context permutation retained516

82–121% of the gains at 15–40% budgets in A172 and T98G, and 40% and 91%, respectively, at the full517

budget. Incorrect pair assignments removed the benefit. A more expensive stopping rule averaged518

validation curves across five inner folds. Changes relative to the standard rule ranged from −0.018519

to 0.013, and the alternative was not retained.520

Interaction reproducibility and additional-screen eligibility521

Partial split-half reproducibility compared development training interactions constructed from522

disjoint halves of single-perturbation and control cells while sharing pair cells. Full split-half523

reproducibility also divided pair cells. Centered cosine across 256 genes for the partial split was524

0.685, 0.157, 0.516, 0.337, and 0.299 in K562, THP-1, A172, T98G, and U87MG, respectively. Full-525

split values were 0.567, 0.123, 0.387, 0.221, and 0.141. The partial split retained shared pair-cell526

noise, whereas the full split reduced measurement depth, so neither provided an independent527

experimental noise ceiling.528

In the melanoma noise analysis, the unstimulated knockout profile was calculated either from the529

cells contributing to the interaction target or from a disjoint half. The vanishing-effect predictor530

returned the negative of that input, and evaluation used the 100 most changed genes.531
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Before evaluating additional drug–gene datasets, we required a mean training-pair split-half co-532

sine above 0.10 using independent halves of all four cell populations and the 256 selected genes.533

A375 evaluation used the frozen model, five pair folds, and the same four cell-partition seeds and534

prediction settings as the main benchmark. The dataset was not used for model development.535

Statistical analysis536

The zero-shot comparison against gradient boosting was specified before evaluation on the four537

new partitions. Its 97.5% confidence interval reflected Bonferroni adjustment for two endpoints.538

The 15% comparison against kernel ridge was specified separately, after the GrnPFN scores from539

the first evaluation had been inspected but before fitted baselines were run, and used a 95% interval.540

These analyses were therefore not two co-primary endpoints of a single blinded test. Confidence,541

perturbation-coverage, additional-screen, and dependence-aware analyses were specified before542

their own execution but after earlier results were known and were treated as descriptive.543

For inference, scores were averaged per test pair across applicable measurement draws and cell544

partitions. Per-screen method differences used 2,000 paired bootstrap resamples of pairs. Pooled545

estimates gave each screen equal weight and resampled pairs within screens.546

Approximate dependence-aware intervals resampled compounds in drug screens while retaining547

their doses together. In genetic screens, perturbation members received multinomial multiplicities,548

and each pair received the product of its two members’ weights, following product-weight bootstrap549

principles [27]. Pooled estimates again used equal screen weights and 2,000 resamples. This550

procedure addressed dependence from shared members or compounds but did not account for551
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every shared control or anchor effect. The four cell partitions reused the same biological material552

and were not treated as independent biological replicates.553

All eligible pairs were retained without a prospective sample-size calculation. Cell partitions and554

measurement subsets used seeded generators, and scores were calculated programmatically.555

Data and code availability556

Source datasets are available from Gene Expression Omnibus under GSE133344, GSE213957,557

GSM7056151 (within GSE225775), GSE291147, and GSE280506. The melanoma Perturb-CITE-seq558

dataset is available through scPerturb and Broad Single Cell Portal study SCP1064. The project559

repository is https://github.com/haihuilab/GrnPFN.560

References561

1. Dixit A, Parnas O, Li B, Chen J, Fulco CP, Jerby-Arnon L, et al. Perturb-Seq: Dissecting

Molecular Circuits with Scalable Single-Cell RNA Profiling of Pooled Genetic Screens. Cell.

2016;167: 1853–1866.e17. doi:10.1016/j.cell.2016.11.038

562

2. Replogle JM, Saunders RA, Pogson AN, Hussmann JA, Lenail A, Guna A, et al. Mapping

information-rich genotype-phenotype landscapes with genome-scale Perturb-seq. Cell.

2022;185: 2559–2575.e28. doi:10.1016/j.cell.2022.05.013

563

34

https://github.com/haihuilab/GrnPFN
https://doi.org/10.1016/j.cell.2016.11.038
https://doi.org/10.1016/j.cell.2022.05.013


3. Srivatsan SR, McFaline-Figueroa JL, Ramani V, Saunders L, Cao J, Packer J, et al. Massively

multiplex chemical transcriptomics at single-cell resolution. Science. 2020;367: 45–51.

doi:10.1126/science.aax6234

564

4. Norman TM, Horlbeck MA, Replogle JM, Ge AY, Xu A, Jost M, et al. Exploring genetic

interaction manifolds constructed from rich single-cell phenotypes. Science. 2019;365:

786–793. doi:10.1126/science.aax4438

565

5. HorlbeckMA, XuA,WangM, Bennett NK, Park CY, Bogdanoff D, et al. Mapping the Genetic

Landscape of Human Cells. Cell. 2018;174: 953–967.e22. doi:10.1016/j.cell.2018.06.010

566

6. Wessels H-H, Méndez-Mancilla A, Hao Y, Papalexi E, MauckWM III, Lu L, et al. Efficient

combinatorial targeting of RNA transcripts in single cells with Cas13 RNA Perturb-seq. Nat

Methods. 2023;20: 86–94. doi:10.1038/s41592-022-01705-x

567

7. McFaline-Figueroa JL, Srivatsan S, Hill AJ, Gasperini M, Jackson DL, Saunders L, et al.

Multiplex single-cell chemical genomics reveals the kinase dependence of the response to

targeted therapy. Cell Genom. 2024;4: 100487. doi:10.1016/j.xgen.2023.100487

568

35

https://doi.org/10.1126/science.aax6234
https://doi.org/10.1126/science.aax4438
https://doi.org/10.1016/j.cell.2018.06.010
https://doi.org/10.1038/s41592-022-01705-x
https://doi.org/10.1016/j.xgen.2023.100487


8. Roohani Y, Huang K, Leskovec J. Predicting transcriptional outcomes of novel multigene

perturbations with GEARS. Nat Biotechnol. 2024;42: 927–935. doi:10.1038/s41587-023-

01905-6

569

9. Lotfollahi M, Klimovskaia Susmelj A, De Donno C, Hetzel L, Ji Y, Ibarra IL, et al. Predicting

cellular responses to complex perturbations in high‐throughput screens. Mol Syst Biol.

2023;19: e11517. doi:10.15252/msb.202211517

570

10. Klein D, Fleck JS, Bobrovskiy D, Zimmermann L, Becker S, Palma A, et al. CellFlow enables

generative single-cell phenotype modeling with flow matching. bioRxiv [Preprint]. 2025.

doi:10.1101/2025.04.11.648220

571

11. Ahlmann-Eltze C, Huber W, Anders S. Deep-learning-based gene perturbation effect pre-

diction does not yet outperform simple linear baselines. Nat Methods. 2025;22: 1657–1661.

doi:10.1038/s41592-025-02772-6

572

12. Miller HE, Mejia GM, Leblanc FJA, Swain B, Wang B, de Lima Camillo LP. Deep learning

perturbation models can outperform baselines on calibrated metrics. Nat Biotechnol. 2026.

doi:10.1038/s41587-026-03307-w

573

36

https://doi.org/10.1038/s41587-023-01905-6
https://doi.org/10.1038/s41587-023-01905-6
https://doi.org/10.15252/msb.202211517
https://doi.org/10.1101/2025.04.11.648220
https://doi.org/10.1038/s41592-025-02772-6
https://doi.org/10.1038/s41587-026-03307-w


13. Zhang H, Qin P. Informed, scalable and unified transport couplings for single-

cell alignment and downstream inference with scBIOT. bioRxiv [Preprint]. 2026.

doi:10.64898/2026.01.02.697395

574

14. Müller S, Hollmann N, Pineda Arango S, Grabocka J, Hutter F. Transformers Can Do

Bayesian Inference. International Conference on Learning Representations. 2022. Available:

https://openreview.net/pdf?id=KSugKcbNf9

575

15. Hollmann N, Müller S, Eggensperger K, Hutter F. TabPFN: A Transformer That Solves

Small Tabular Classification Problems in a Second. International Conference on Learning

Representations. 2023. Available: https://arxiv.org/abs/2207.01848

576

16. Hollmann N, Müller S, Purucker L, Krishnakumar A, Körfer M, Hoo SB, et al. Accurate

predictions on small data with a tabular foundation model. Nature. 2025;637: 319–326.

doi:10.1038/s41586-024-08328-6

577

17. Sextro M, Kłos W, Dernbach G. MapPFN: Learning Causal Perturbation Maps in Context.

arXiv [Preprint]. 2026. doi:10.48550/arXiv.2601.21092

578

18. Gao Y, Hernández-Lobato JM, Guo S. PerturbPFN: Probing the Limits of Synthetic Priors in

Drug Perturbation Modelling. arXiv [Preprint]. 2026. doi:10.48550/arXiv.2607.23447

579

37

https://doi.org/10.64898/2026.01.02.697395
https://openreview.net/pdf?id=KSugKcbNf9
https://arxiv.org/abs/2207.01848
https://doi.org/10.1038/s41586-024-08328-6
https://doi.org/10.48550/arXiv.2601.21092
https://doi.org/10.48550/arXiv.2607.23447


19. Palla G, Hillsley A, Kim Y-J, Royer LA. Tabular Foundation Models Are Competitive

Cellular Perturbation Predictors Across Biological Scales. bioRxiv [Preprint]. 2026.

doi:10.64898/2026.06.28.735106

580

20. Frangieh CJ,Melms JC, Thakore PI, Geiger-Schuller KR, Ho P, LuomaAM, et al. Multimodal

pooled Perturb-CITE-seq screens in patient models define mechanisms of cancer immune

evasion. Nat Genet. 2021;53: 332–341. doi:10.1038/s41588-021-00779-1

581

21. XuZ, LuZ,Ugurbil A, Abdulraouf A, LiaoA, Zhang J, et al. Mapping convergent regulators of

melanoma drug resistance by PerturbFate. Nature. 2026;654: 261–271. doi:10.1038/s41586-

026-10367-0

582

22. Stuart T, Butler A, Hoffman P, Hafemeister C, Papalexi E, Mauck WM III, et al.

Comprehensive Integration of Single-Cell Data. Cell. 2019;177: 1888–1902.e21.

doi:10.1016/j.cell.2019.05.031

583

23. Wolf FA, Angerer P, Theis FJ. SCANPY: large-scale single-cell gene expression data analysis.

Genome Biol. 2018;19: 15. doi:10.1186/s13059-017-1382-0

584

24. Peidli S, Green TD, Shen C, Gross T, Min J, Garda S, et al. scPerturb: harmonized single-cell

perturbation data. Nat Methods. 2024;21: 531–540. doi:10.1038/s41592-023-02144-y

585

38

https://doi.org/10.64898/2026.06.28.735106
https://doi.org/10.1038/s41588-021-00779-1
https://doi.org/10.1038/s41586-026-10367-0
https://doi.org/10.1038/s41586-026-10367-0
https://doi.org/10.1016/j.cell.2019.05.031
https://doi.org/10.1186/s13059-017-1382-0
https://doi.org/10.1038/s41592-023-02144-y


25. Chernozhukov V, Chetverikov D, Demirer M, Duflo E, Hansen C, Newey W, et al. Dou-

ble/debiased machine learning for treatment and structural parameters. Econom J. 2018;21:

C1–C68. doi:10.1111/ectj.12097

586

26. Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, et al. Scikit-learn:

Machine Learning in Python. J Mach Learn Res. 2011;12: 2825–2830. Available: https:

//www.jmlr.org/papers/v12/pedregosa11a.html

587

27. Owen AB, Eckles D. Bootstrapping data arrays of arbitrary order. Ann Appl Stat. 2012;6:

895–927. doi:10.1214/12-aoas547

588

39

https://doi.org/10.1111/ectj.12097
https://www.jmlr.org/papers/v12/pedregosa11a.html
https://www.jmlr.org/papers/v12/pedregosa11a.html
https://doi.org/10.1214/12-aoas547

	Abstract
	Author summary
	Introduction
	Results
	GrnPFN learns a transferable interaction prior from simulated screens
	Separating cell roles enables evaluation of interaction prediction
	Simulation pretraining improves prediction at low measurement budgets
	GrnPFN generalizes beyond perturbations represented in measured combinations
	GrnPFN recovers strong interaction patterns in K562 cells
	Predictive uncertainty identifies more accurate subsets, while adaptation varies across screens
	An additional drug–gene screen supports transfer at low measurement budgets

	Discussion
	Materials and methods
	Datasets and preprocessing
	Construction of inputs, interaction targets, and evaluation folds
	Prediction scores and centering conventions
	Simulation prior
	Architecture and pretraining
	Model development and ablation controls
	Regression and transfer baselines
	Deep-learning comparators
	Confidence and perturbation coverage
	Fine-tuning
	Interaction reproducibility and additional-screen eligibility
	Statistical analysis

	Data and code availability
	References

