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Accurately predicting cellular responses to genetic perturbations is essential 
for understanding disease mechanisms and designing effective therapies. 
Yet, exhaustively exploring the space of possible perturbations (for example, 
multigene perturbations or across tissues and cell types) is prohibitively 
expensive, motivating methods that can generalize to unseen conditions. 
We present TxPert, a latent-transfer-based deep learning method that uses 
multiple knowledge graphs of gene (product)–gene (product) relationships 
to predict transcriptomic perturbation effects. Different knowledge graphs 
encode complementary information and we show that a combination 
of graphs derived from biological databases and high-throughput 
perturbation screens yields the best performance. For predictions of single 
unseen perturbations, TxPert approaches the performance of split-half 
experimental reproducibility. For double unseen perturbations and single 
perturbations in a different cell line, its predictions increase Person Δ for 
unseen single perturbations by 8–25% over existing methods.

To account for biological complexity, candidate therapeutics are tested 
across a range of assays in diverse cellular contexts before advancing to 
model systems such as organoids, xenografts, animals and ultimately 
human clinical trials. Yet, the vast majority of these candidate therapeu-
tics are unsuccessful, often failing late in development after consider-
able costs have been incurred. At its core, a therapeutic is a perturbation 
intended to shift a cell’s state, generally from diseased to healthy. Finding 
the perturbation that will produce the desired effect is central to drug 
discovery. There is a growing need for computational models that can 
simulate the effects of perturbation in silico in out-of-distribution (OOD) 
settings, allowing for highly targeted confirmatory (instead of explora-
tory) wet lab screens. Such models would reduce the need for exhaustive 
screening, enable principled extrapolation across cell types and condi-
tions and accelerate the design of effective therapeutic interventions.

Two complementary strategies have emerged to predict perturba-
tion effects in a generalizable OOD setting. The first strategy exploits 
the inherent compositional nature of cellular responses by training 
deep generative models to learn latent representations that can be 
perturbed, enabling in silico predictions across contexts1,2. The second 
uses prior biological knowledge as inductive bias, for example, by 
incorporating biochemical entity relationship graphs or embedded 
functional annotations3,4.

While machine learning models have made major strides in some 
fields of biology such as protein structure and interaction prediction5,6, 
deep models for transcriptomics-focused perturbation biology have 
often underperformed, sometimes trailing simple or even untrained 
baselines7–10. Notably, a previous study11 showed that the training set 
mean or median of all perturbation responses is a better predictor of 
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the other studies using CRISPR interference (CRISPRi) to downregulate 
targets (Fig. 1c). Further investigating the genes changing with the 
systemic effect, we found the functional terms ‘vacuole’, ‘autophago-
some membrane’ and ‘lysosome’ among upregulated genes and func-
tions related to cell division and various metabolic processes among 
downregulated genes (Supplementary Tables 1 and 2). This is consistent 
with the idea that a perturbed cell undergoes general stress and shifts 
from growth and uptake to quiescence and recycling. In short, the 
strong predictive power of the mean baseline is a feature of the data. 
It reflects general biological responses to perturbation-induced stress 
or a reduction in fitness, health or growth because of perturbation of 
an important cellular component, rather than perturbation-specific 
effects.

Given these findings, we adopted a complementary evalu-
ation approach using retrieval metrics, which measure how effec-
tively a model distinguishes replicate perturbations from other 
perturbations10,12. Retrieval performance depends on both (1) the repre-
sentation of the perturbation effects and (2) the similarity metric cho-
sen; the choices of these factors vary considerably in the field. Through 
systematic benchmarking, we found that cosine similarity and Pearson 
correlation applied directly to Δ profiles yielded the highest retrieval 
scores (Fig. 1d). In contrast, common practices such as selecting only 
the top differentially expressed genes substantially reduced retrieval 
performance compared to unfiltered Pearson Δ (Supplementary Fig. 1). 
Consequently, we selected Pearson Δ as our primary evaluation metric, 
complemented by retrieval scores during final testing to holistically 
assess perturbation-specific signal retention.

TxPert: a transcriptomic perturbation effect prediction 
framework for OOD tasks
We introduce TxPert, a deep learning framework designed for robust 
prediction of transcriptional responses to previously unobserved 
genetic perturbations, including single-gene perturbations, combina-
tions of perturbations and perturbations across new cell types. Inspired 
by previous efforts2,3, TxPert relies on latent transfer to achieve strong 
generalization performance. Specifically, it integrates two comple-
mentary modules: a basal state encoder that learns an embedding of 
the cell without perturbation and a perturbation encoder that learns 
a representation of perturbation(s) by leveraging informative embed-
dings from gene interaction networks (Fig. 2). These embeddings 
are combined (latent transfer) and decoded to predict the resulting 
log-transformed gene expression profile of perturbed cells.

Through extensive exploration of candidate methods for each 
module across multiple datasets, we identified architectural choices 
that effectively use existing biological knowledge for generalizable 
perturbation prediction. For the basal state model, we explored encod-
ing gene expression using (1) a multilayer perceptron (MLP) and (2) 
pretrained embeddings from established foundation models. For the 
perturbation model, we investigated (1) major graph neural network 
(GNN) architectures (graph attention networks (GATs) and graph trans-
formers (GTs)) and (2) hybrid and multilayer GNN variants that combine 
different gene interaction graphs (Methods).

While all proposed GNN variants demonstrate strong perfor-
mance across the explored OOD tasks, we tuned each architecture 
individually and report the best model variant per task in the main 
text. We provide further information on model choice after discuss-
ing architecture-specific details. For the prediction of unseen single 
perturbations, we ultimately selected the Exphormer-MG16,17 GT archi-
tecture, which enabled us to simultaneously integrate four comple-
mentary graph sources: STRING18, GO19, PxMap and TxMap. PxMap 
and TxMap are proprietary recursion relationship datasets derived 
from large-scale phenomics (microscopy imaging20) and single-cell 
transcriptomics perturbation screens, respectively14,21. Similarly, 
for predicting double perturbations, GAT-MLG22,23 achieved the best 
results, leveraging the complementary information from GO, PxMap 

an individual perturbation response than the outputs from prominent 
models such as GEARS4. In short, the potential of deep learning models 
in this domain remains an open research question.

In this work, we introduce TxPert as a unifying model for transcrip-
tomics perturbation effect prediction that (1) can be trained broadly 
across datasets; (2) supports three major OOD tasks in a single frame-
work; and (3) effectively uses prior knowledge and biological context 
without requiring dataset-specific optimization. In particular, we show 
that TxPert achieves state-of-the-art performance in predicting unseen 
single perturbation effects within cell lines, while showing highly com-
petitive performance in predicting the effects of double-gene perturba-
tions and in cross-context generalization where no perturbations have 
been observed in the test cell line.

Beyond TxPert, we present a modular and extendable training and 
evaluation framework for transcriptomic perturbation prediction that 
advances best practices with rigorous benchmarking. Specifically, we 
introduce batch-appropriate control matching and the recently intro-
duced evaluation task, retrieval10,12. Lastly, we contextualize the model’s 
performance with comparisons to multiple baselines, published mod-
els and an estimate of split-half experimental reproducibility.

Results
Revisiting metric design for biologically grounded modeling
Modeling of transcriptomic cell profiles after a perturbation is a funda-
mentally nascent field with many open questions and a notable absence 
of clear consensus on best practice for data handling and evaluation. 
Given this uncertainty, we first conducted a theory-informed and 
data-driven investigation to better understand the data being mod-
eled and thus maximize TxPert’s biological impact.

Batch-matched controls are warranted given batch effects and 
confounding. Experimental batch effects are a well-known challenge in 
biological data13,14 where states vary because of the sensitivity and vari-
ability of biological systems and their interaction with the environment. 
To account for this variability, primary experimental studies include 
carefully designed controls in every batch. However, many deep learn-
ing models4 rely on a global control mean to compute perturbation 
effects (Δ expression metrics; Methods). In a scenario with both batch 
effects and confounding between batch and applied perturbation, fail-
ure to account for the batch effects can result in mistaking background 
batch-wise variance for perturbation effects and overestimating model 
performance, reduce true performance by adding avoidable noise or 
both. We confirmed that there are substantial batch effects by analyz-
ing the genome-wide Perturb-seq dataset from a previous study13, 
where we quantified control–control correlations both within and 
across batches. Across-batch correlations were significantly lower 
(U-test, P = 1.4 × 10−19) despite involving more aggregated cells (Fig. 1a). 
Subsequently, we checked for confounding effects between batch and 
perturbation. As a library of perturbants is applied to pooled cells in 
Perturb-seq and transfection, survival and sampling are stochastic 
processes, confounding cannot be strictly controlled but it can be 
measured. We found significant association between batch and per-
turbation ID in every dataset used here (χ2, 1.1 × 10−4 to 1.0 × −98 across 
datasets). To maintain biological validity and reduce noise, given the 
observed batch effects and confounding, we adopted batch-matched 
controls for all subsequent model training and evaluation.

Performance evaluation with retrieval metrics and Pearson Δ. Prior 
studies showed that mean baseline models (averaging perturbation 
effects across many perturbations) achieve surprisingly strong predic-
tive performance8,11. We found that this systematic effect is especially 
prominent in perturbations of ‘essential’ genes (Fig. 1b). Moreover, the 
systematic effect was consistent across diverse datasets and perturba-
tion modalities, including the data from a previous study15 that used 
CRISPR activation (CRISPRa) to upregulate target genes, in contrast to 
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and TxMap. Regardless of the specific architectural choices, our pro-
posed framework consistently outperforms simpler learned baselines, 
existing methods such as GEARS and scLAMBDA, and a statistical 
general baseline, which predicts perturbation effects on the basis of 
the strongest combination of additive and mean as appropriate for the 
task (Methods). This superior performance is observed across various 
challenging OOD prediction tasks, demonstrating the framework’s 
robustness and versatility.

TxPert substantially outperforms other models at predicting 
unseen perturbation effects
Predicting the transcriptional response to an unobserved perturba-
tion in a known cell type relies on contextual information, including 
perturbant-specific and biomolecular interaction signals learned from 
perturbations observed during training. In this setting, we focus on four 
well-studied cell lines, each with extensive perturbation data (more 
than 2,000 perturbation types per cell line): myelogenous leukemia 
lymphoblasts (K562), retinal pigment epithelial cells (RPE1), liver 
hepatocellular carcinoma cells (HepG2) and human T lymphocytes 
( Jurkat)13,24. We trained TxPert and existing baseline methods on data 
from each cell line separately, while leaving out specific perturbations 
for evaluation. We compare our models results to two existing meth-
ods for leveraging biological data. The first, GEARS4, integrates prior 
biological knowledge by embedding a gene–gene relationship network 

derived from Gene Ontology (GO) terms with a GNN architecture and 
embedding basal state with a coexpression-derived graph and GNN. 
The second, scLAMBDA, uses inductive biases derived from external 
textual data. Specifically, it uses genePT—embeddings25 generated 
by applying GPT-3.5 to the functional summaries available from the 
National Center for Biotechnology Information gene database3. As 
illustrated in Fig. 3a, TxPert uniformly outperforms scLAMBDA, GEARS 
and the general baseline, with GEARS falling below the nonlearned 
general baseline. Our model is competitive with split-half experimental 
reproducibility in three of the four cell lines (K562, Jurkat and HepG2). 
For context, the split-half experimental reproducibility represents the 
reproducibility achievable by splitting the test set replicates, grouped 
by batch, in half and comparing the halves. Note that, because of the 
reduced sample counts, this is not an upper bound but serves as a rig-
orous benchmark comparable to human-level performance in vision 
tasks. Using an alternative approach of sampling from a probabilis-
tic model fitted to the test set, we estimated Pearson Δ values from 
0.07 to 0.11 higher for an original-sized test set, depending on the 
dataset (Supplementary Table 4). Retrieval metrics revealed similar 
relative performance patterns between models, with TxPert again 
outperforming other methods. However, the gap between split-half 
experimental reproducibility and TxPert was much larger when meas-
ured by retrieval, while the general baseline had the lowest retrieval 
(Supplementary Fig. 2).
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Fig. 1 | Dataset statistics. a, Pearson correlation of aggregated control gene 
expression profiles within and across experimental batches (n = 267 and 3,511, 
respectively). b, Correlation between single perturbations and the mean 
baseline, that is, the mean Δ calculated over aggregates of essential (as defined 
previously13), nonessential or all genes (n = 2,058, 7,815 and 9,866, respectively). 
c, Correlation between the mean baseline aggregated (across n ≥ 118 
perturbations) within or between studies and cell types. All data are CRISPRi 

unless marked as overexpression (oe) data from a previous study15. d, Normalized 
retrieval between true perturbant replicates in different biological contexts. 
Retrieval is calculated on the basis of the indicated expression representations 
and metrics (n = 18). The plotted value is the 0.9 quantile (across all unique 
perturbants), where expected random performance is 0.9, indicated by the 
dashed line. MAE, mean absolute error.
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TxPert outperforms existing models, as well as the additive 
baseline, in predicting the effect of multigene perturbations
Although genome-wide single perturbation datasets are becoming 
increasingly available, combinatorial perturbation experiments 
remain prohibitively costly. We compared our model’s performance 
in predicting the effect of double perturbations using the Norman 
dataset15, specifically focusing on cases where both individual pertur-
bations were previously seen in isolation during training. At this task, 
TxPert achieves a slightly higher Pearson Δ than the additive baseline 
(a specific case of the proposed general baseline, where the expression 
profile of the unseen double (i, j) is predicted as ŷ(i,j) = x̄ + δi + δj, with 
an appropriate mean estimate of the control in the test set x̄, for exam-
ple, aligned with respect to cell line and batch effect of the target) with 
a substantial lead over GEARS and scLAMBDA (Fig. 3b and 
Supplementary Fig. 3).

TxPert generalizes effectively to predict perturbation effects 
across cell lines without seen perturbations
The third task is predicting the effect of a seen perturbation in a new 
biological context (here, a new cell line), which represents a critical 
test of how generalizable a model can be, as substantial perturbation 
data exist only for a small fraction of cellular contexts. We performed 
four leave-one-out experiments, where we held out all perturbation 
examples from the target cell type but trained on all controls. Neither 
GEARS nor scLAMBDA originally included in this task; however, we 
adapted scLAMBDA’s implementation to provide a relevant baseline.

We found that TxPert exceeded the general baseline in all 
four held-out cell lines and consistently outperformed scLAMBDA 
(Fig. 3c and Supplementary Fig. 4). TxPert exceeded a more challenging 
nearest-cell-line baseline in two cell lines (K562 and RPE1) while nearly 
matching its performance in HepG2.
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predicted gene expression profile. b, OOD perturbation effect prediction tasks 
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within the training cell line; and (3) perturbations within new cell lines not seen 
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Collectively, these results serve as a proof of concept, demon-
strating that TxPert can successfully address diverse OOD pertur-
bation prediction tasks. It excels particularly in predicting unseen 
perturbations, while setting a competitive mark in cross-cell 
line predictions.

TxPert learns meaningful information from biological 
knowledge graphs (KGs)
As no definitive, universally accepted biological interaction graph 
exists, we first empirically compared several graph sources for their 
utility as predictive priors. We evaluated two curated database-derived 
graphs (STRING and GO) alongside two graphs derived from 
genome-wide perturbational screens (PxMap and TxMap). Among 
these alternatives, the Exphormer configuration of TxPert performed 
best with the STRING graph (an accumulation of biological knowl-
edge from database, literature and multiple raw sources) followed 
by the PxMap (derived entirely from high-throughput perturba-
tional screening in primary human umbilical vein endothelial cells 
(HUVECs)) (Fig. 4b). Next, to confirm the graph’s utility, we evaluated 
the impact of progressively degrading its structure. We randomly 
rewired the original STRING graph (by randomly changing the source, 
target or both nodes of each edge) from 0% (original graph) up to 
100%, retraining and assessing model performance independently. 
As the proportion of randomized edges increased, we observed 
a consistent decline in the test set Pearson Δ for the K562 dataset 
(Fig. 4a and Supplementary Fig. 5). Similarly, performance was also 
sensitive to extreme random downsampling (that is, removing) of 
edges, although performance remained robust until more than 60% 
of edges were removed (Supplementary Fig. 5), dependent on GNN 
depth (Supplementary Fig. 6 and Supplementary Note 4). Together, 
these findings indicate that incorporating accurate biological graph 
information substantially enhances model performance.

TxPert performance increases when combining multiple KGs
We hypothesized that different biological graphs might provide 
complementary information and that their combination could yield 
improved prediction. To this end, we explored four different strate-
gies for integrating multiple graphs: (1) GAT-Hybrid, an extension of 
the GATv2 model designed to learn from several KGs simultaneously 
and subsequently combine their information; (2) Exphormer-MG, 
an extension of the GT architecture adapted for multigraph learning 
using a union graph methodology; (3) GAT-MLG (multilayered graph), 
a method that adapts GATv2 to operate on a unified supra-adjacency 
representation of multiple KGs, enabling message passing across 
both intralayer and interlayer connections simultaneously; and (4) 
Hybrid-BMP (bidirectional message passing), a variant of a one layer 
message passing model that can use both incoming and outgoing edges 
of a union of adjacency matrices. Detailed descriptions of these mod-
els are provided in Supplementary Note 3. For simplicity, we focused 
on predicting unseen perturbations in K562 cells where Hybrid-BMP 
achieved the best performance (Fig. 4c).

Moreover, incremental integration of multiple graphs (through 
Exphormer-MG) starting from STRING consistently improved pre-
dictive performance, peaking when all four graphs (STRING, GO, 
PxMap and TxMap) were combined (t-test, assuming normal distri-
bution, P < 0.027 when comparing the best three-source graph versus 
four-source graph) (Fig. 4d).

Detailed evaluation of model performance
To understand our model’s performance in depth, we undertook 
a detailed analysis and scrutinized factors that could relate to 
model performance.

First, as our model is leveraging prior information, which we know 
to some degree is both incomplete and biased, we checked for a rela-
tion between how well a gene target is known and performance in the 
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Hybrid-BMP model. We binned perturbed genes into five knowledge 
levels by their Pharos knowledge rank26 (Methods). Unsurprisingly, we 
see an association between predictive performance and the knowledge 
of the pertubation target. However, this pattern is also present in gen-
eral baseline predictions, indicating that a portion of this pattern is 
driven by perturbant-intrinsic factors such as perturbation effect size. 
We hypothesized that the perturbation-effect-derived ‘maps’ would 
show less bias and encouragingly found that a hybrid STRING + PxMap 
graph outscored STRING alone across all knowledge levels (Fig. 5a). 
Overall, both data-intrinsic factors (such as effect size) and biological 
knowledge factors correlate with model performance (Supplementary 
Note 5 and Fig. 5b).

Running functional enrichment on the perturbations with the 
highest and lowest Pearson Δ scores, we found strong enrichments in 
what our model excelled at, such as protein translation and localiza-
tion, whereas there were no significant enrichments (P > 0.05) in the 
perturbants our model performed worst on (Supplementary Table 3). 
While otherwise robust, we did identify one specific failure mode of 
our model for unseen predictions, namely that the architecture and 
training strategy do not allow the model to learn the typical down-
regulation of the unseen perturbation target itself (Fig. 5c,d). While 
this error is not inconsequential for understanding the model’s 
abilities, we note that many expression forecasting methods assign 
this value to be equal to the ground-truth value11. This analysis 
into strengths and weaknesses helps increases the applicability 
of TxPert, by providing early insight into when predictions can  
be most trusted.

Discussion
The past year has brought a reality check to the promise of foundation 
models in the transcriptomics perturbation domain, as independent 
benchmarking studies failed to validate the claimed performance of 
several high-profile models7–11,27,28. In this work, we addressed these 
concerns through rigorous benchmarking and inclusion of strong 
baselines, resulting in TxPert, a broadly applicable perturbation model 
competitive with the rigorous performance level derived from split-half 
experimental reproducibility on some metrics on unseen perturba-
tions across several datasets. A key factor underpinning our model’s 
success is the effective integration of curated biological databases with 
large-scale, consistent and unbiased high-throughput screening data 
combined with first-class graph modeling.

Our reusable framework establishes a strong foundation for itera-
tion and improvement and is positioned to benefit further from new 
developments in the field. For instance, recently released large per-
turbation single-cell datasets29–31 could help improve cross-context 
generalization. Extending our framework toward few-shot or active 
learning scenarios is another realistic and promising direction to expand 
beyond the zero-shot cross-cell-line setting explored here. To generalize 
to human primary tissues, it will be critical to increase the diversity of the 
data and train on more than (largely cancer-derived) immortalized cell 
lines. Crucially, the field can accelerate progress by continuing to adopt, 
iteratively refine and standardize both task definitions and benchmarks. 
A key next step in improving further TxPert or other high-performing 
models lies in the inclusion of metrics that explicitly evaluate the con-
ditionality and specificity of perturbation effects in novel contexts.

0.0 0.2 0.4 0.6 0.8 1.0

Fraction of edges permuted

0

0.1

0.2

0.3

0.4

0.5

0.6
Pe

ar
so

n 
∆

STRING rewire targeta

STRING PxMap GO TxMap
0

0.1

0.2

0.3

0.4

0.5

0.6

TxPert-Exphormerb

TxPert-G
AT

TxPert-E
xphormer

TxPert-E
xphormer-MG

TxPert-G
AT-Hybrid

TxPert-G
AT-MLG

TxPert-H
ybrid-BMP

0

0.58

0.60

0.62

0.64

0.66

Pe
ar

so
n 
∆

TxPert Backbonesc

STRING STRING +
PxMap

STRING +
PxMap + GO

STRING +
PxMap + TxMap

All
0

0.58

0.60

0.62

0.64

0.66
TxPert-Exphormerd

Unseen perturbations in cell line: K562 Batch only General baseline Split 1/2 reproducibility

Fig. 4 | Ablation studies for unseen perturbation effect prediction on K562. 
We report the mean ± s.d. across multiple training seeds. a, Performance of 
TxPert as edges of the STRING graph are progressively rewired. b, Performance 
of TxPert (Exphormer) using individual graphs. c, Comparison of various graph 
integration strategies and architectures. d, Performance of TxPert (Exphormer) 
as multiple KGs (STRING, GO, PxMap and TxMap) are subsequently integrated 

into the Exphormer architecture (Exphormer-MG). Horizontal bars indicate 
the general baseline performance, the performance of a learned model making 
predictions on the basis of batch information (in case of confounding between 
batch and perturbation) and split-half reproducibility. For all plots, error bars 
show the mean and s.d. of scores through training with n = 4 different seeds.
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Although TxPert exhibits strong performance, it represents just 
an initial step toward developing a new generation of models able to 
accurately model cellular responses to perturbations across diverse 
biological context. As the community (1) investigates the availability 
and importance of prior knowledge for modeling32 and (2) enables 
further components, such as compound predictions33,34, genomic 
sequence conditioning35, spatial or intercellular interactions36 and dis-
tributional predictions37,38, the utility of virtual assays for therapeutic 
applications will grow. Ultimately, this has the potential to accelerate 
drug discovery programs, enable a completely new scope in screening 
and open new frontiers for personalized medicine.

Online content
Any methods, additional references, Nature Portfolio reporting 
summaries, source data, extended data, supplementary infor-
mation, acknowledgements, peer review information; details of 
author contributions and competing interests; and statements of 
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Methods
TxPert architecture
TxPert predicts the transcriptional response y ∈ 𝒴𝒴 𝒴 𝒴n given a set of 
perturbation tokens P 𝒴 𝒫𝒫 ∶= {1,… ,N} and a basal state representation 
derived from a control expression profile x ∈ 𝒳𝒳 𝒴 𝒴n, which has been 
aligned with the predicted cell with respect to cell line and batch effect. 
Here, n ∈ ℕ denotes the number of experimentally measured genes 
and N ∈ ℕ denotes the total number of observed perturbations in the 
data. These perturbation tokens (or identifiers) are used to select node 
representations from a biological gene (product)–gene (product) 
interaction KG whose embeddings are integrated with the basal state 
to produce the perturbed expression profile.

To combine the information of the basal state and the perturba-
tions, we first learn latent representations of both, that is, x ↦ s ∈ 𝒴d  
and P ↦ {zp ∈ 𝒴d ∶ p ∈ P} for a chosen latent dimension d ∈ ℕ. Then, we 
combine the information through latent shift, where a learned decoder 
gϕ predicts the perturbation effect from the given context, that is, 
ŷ = gϕ(s +∑p∈Pzp), using the mean squared error (MSE):

ℒ(y, ŷ) = 1
n ||y − ŷ||22

This setup naturally integrates with single, double and more general 
multiperturbation settings of order m: = ∣P∣ through the additive and 
compositional design. More sophisticated combination functions may 
be used to learn transition functions s′ = Tψ(s, z) that allow sequential 
latent cell state modeling of subsequently applied perturbations, for 
example, ŷ = gϕ(Tψ(…Tψ(s, zp1

)… , zpm
)). To obtain s and zp, p ∈ P, we use 

learned encoders, namely the basal state model and the perturbation 
model, which are discussed below.

Basal state model. The basal state encoder is designed to capture 
intrinsic cellular attributes, such as cell-cycle stage, cell type and 
other baseline phenotypic features, by mapping a control cell’s gene 
expression profile x ∈ 𝒴n to a compact, low-dimensional embedding, 
s = fbasal(x) ∈ 𝒴d. The basal state model was subject to hyperparameter 
tuning, with an MLP performing best for unseen and double tasks 
(Supplementary Note 1 and Supplementary Fig. 7 for cross-cell type). 
The MLP learns a direct deterministic mapping from high- 
dimensional input gene expression data to a fixed-size embedding 
space. The MLP architecture offers a simple and computationally 
efficient framework for representation learning, while still retaining 
the capacity to model complex, nonlinear dependencies inherent in 
gene expression data.

Basal information matching and aggregation. An important aspect 
of modeling the basal state is the alignment of the control with the 
predicted perturbed cell. Note that experimental protocols can vary 
widely between different data sources. Therefore, we randomly sample 
this control according to the same cell line and dataset or experimental 
protocol. Furthermore, we explore basal state matching, where the 
control cell is selected to closely match the batch metadata of the 
perturbed sample. As this matching is not unique, we randomly sample 
one such appropriate control. Lastly, we experiment with basal state 
averaging, where instead of a single control, we compute the aver-
age expression profile across all matching controls for a given cell 
line and/or batch. This produces a more stable estimate of the basal 
state. Both strategies consistently improved model performance in 
our experiments.

Encoders. Beyond MLP encoders on raw gene expression profiles, we 
explored multiple transcriptomics foundation model embeddings to 
obtain a latent representation of the basal state. Specifically, we experi-
ment with scGPT, and scVI pretrained on the Joung dataset39. We also 

include a variant with no basal state encoder, where the (latent) basal 
state space is represented directly by the raw expression profile (that 
is, s: = x). In this configuration, the perturbation decoder learns a Δ 
vector from the perturbation embedding, which is added to the control 
profile: x ∈ 𝒴n, that is, ŷ = x + gϕ(∑p∈Pzp). This resembles the formula-
tion of the general baseline, with a trained model predicting the Δ 
instead of a hand-crafted heuristic. Unsurprisingly, this variant shines 
most in settings with limited data availability for learning robust basal 
state representations, for example, perturbation effect prediction in 
cell lines without seen perturbations.

Perturbation model. We rely on GNNs that use biological KGs captur-
ing gene (product)–gene (product) interactions to learn informative 
embeddings for gene perturbations. The GNN learns a matrix of node 
embeddings associated with the per turbation tokens 
{1,… ,N} ↦ Z ∈ 𝒴N×d, where N ∈ ℕ is the number of perturbations relevant 
to the investigated task. Each row (or node representation) of this 
matrix represents the latent encoding of a specific perturbation, that 
is, zp ∈ 𝒴d  required for the latent shift is the pth row of Z. More specifi-
cally, we first associate each perturbation p ∈ {1, …, N} with a randomly 
initialized input node embedding h0

p ∈ 𝒴d0 ,d0 ∈ ℕ that are consolidated 
in the input node feature matrix H0 ∈ 𝒴N×d0. During training, those node 
features are (1) treated as model parameters that are learned using 
backpropagation and (2) subsequently refined through the message 
passing of an L-layer GNN, that is, Hℓ = LAYERθℓ (Hℓ−1),0 ≤ ℓ ≤ L  and 
Z: = HL. This allows the model to characterize perturbation effects on 
the basis of known relationships from KGs such as GO19, STRING18 or 
proprietary data sources.

Real-world KGs present inherent imperfections; they often contain 
noisy or incorrect edges (false positives), suffer from missing connec-
tions (false negatives) and may originate from diverse sources offering 
multiple, sometimes conflicting, perspectives. The effective use of such 
complex data necessitates GNN architectures specifically chosen to 
address these challenges.

To this end, we select and adapt two fundamental GNN 
approaches. First, to handle noisy edges, we use attention-based mod-
els such as the GAT40,41. The ability of GAT to dynamically (re)weight 
neighbor importance provides much needed robustness by effectively 
downweighting less credible connections, which is a major difference 
relative to non-attention-based methods such as the simple graph 
convolution42 used in GEARS. Second, to address graph incomplete-
ness and capture long-range dependencies, we use GTs, specifically 
Exphormer16,17. Its capacity for attention beyond immediate graph 
neighbors allows it to potentially model implicit relationships and 
bridge structural gaps.

Furthermore, it proved crucial for the presented tasks to use 
multiple KGs that offer complementary and reinforcing perspec-
tives on the task-related biology. For this, we explore architec-
tures designed for synergistic learning from diverse sources. This 
includes extending GAT to GAT-Hybrid (allowing for node-level 
attention weighting of information from different KGs), introduc-
ing our provenance-aware Exphormer-MG variant and developing 
GAT-MLG, a multilayer extension of GAT that uses a supra-adjacency 
representation to effectively integrate information across multiple 
biological networks.

In Supplementary Note 3, we provide rigorous details on the rel-
evant graph representation learning used for encoding perturbations, 
the proposed models and the techniques applied to take advantage of 
complementary information from multiple KGs. In our experimental 
setup, the learned embeddings for the perturbed gene(s) from the 
GNN were extracted and combined with a basal state representation to 
predict the resulting gene expression profile. This comparative analysis 
allowed us to investigate how different GNN strategies (attention, flex-
ible connectivity and multigraph fusion) perform when learning from 
the complexities of biological KGs.
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Training and evaluation framework

Algorithm 1. TxPert training algorithm
Require: Pert. cells 𝒴𝒴, control cells 𝒳𝒳, biological prior graph G = (V, E) 
with perturbations 𝒫𝒫 𝒴 V
Ensure: Minimize MSE loss between predicted and true perturbed 
cell measurements
1: Initialize input perturbation embeddings {h0

v }v∈V  randomly
2: for each training step do
3: Sample a batch of perturbed cell profiles: {yi}

B
i=1 𝒴 𝒴𝒴

4: �Sample corresponding control cells from the same experimental 
batches: {xi}

B
i=1 𝒴 𝒳𝒳

5: �E n r i c h  p e r t u r b a t i o n  e m b e d d i n g s  u s i n g  g r a p h 
prior: {zv}v∈V ← GNN(G, {h0

v }v∈V)
6:  for each sample in batch do
7: Encode control cells into basal latent space: bi ← MLPbasal(xi)
8: Retrieve perturbations Pi 𝒴 𝒫𝒫 associated with target yi

9: � C o m b i n e  c o n t r o l  a n d  p e r t u r b a t i o n  e m b e d d i n g s :  
ẑi ← COM(bi, {zp ∶ p ∈ Pi})

10: Decode to predicted perturbed profile: ŷi ← MLPdec(ẑi)
11: Compute loss for each sample: ℒi ← MSE(ŷi,yi)
12: end for
13: Compute total loss over batch: ℒ ← ∑B

i=1ℒi
14: Backpropagate and update model parameters
15: end for

Data splits. The data were split into training, validation and test sets 
through grouping by perturbation such that distinct sets of unseen 
perturbations were reserved both the validation and test sets with 
target ratios of 0.5625, 0.1875 and 0.25 for the training, validation and 
test sets, respectively. Moreover, for the cross-cell-type task, the test 
set was a reserved cell type with only control cells included during train-
ing with a breakdown into seen and unseen perturbations therein. As 
an exception, for the doubles task on the Norman dataset, predefined 
splits were loaded from the GEARS setup.

Optimal hyperparameters for each model were selected based 
on the validation Pearson Δ metric. Only metrics on the test set 
are reported.

Metric definitions. All metrics are reported as weighted averages, 
that is, the mean of the mean across cells subjected to each unique 
perturbation, unless otherwise specified.

Expression value representations and Δ. Where not otherwise specified, 
expression values x ∈ 𝒳𝒳 𝒳 𝒴𝒴, are represented as log1p-transformed and 
library size-normalized counts (with target library size of 4,000); that 
is, for a raw count xraw ∈ 𝒴n, we define

x ∶= log (1 + 4000 ⋅ xraw
∥ xraw∥1

) .

The other representation used is a Δ representation, which is centered 
on batch-matched controls. Specifically, for each perturbed cell expres-
sion yi ∈ 𝒴𝒴 with cell line c and batch b, the expression is transformed to

δi ∶= yi − xc,b,

where xc,b represents the mean expression of control cells x ∈ 𝒳𝒳 with 
batch b and cell line c.

Pearson Δ. Slightly modified from the metric ‘Pearson correlation (Δ 
expression)’ from the GEARS manuscript, Pearson Δ calculates the 
correlation between predicted and observed log fold change versus 
batch-matched control mean,

PearsonΔ(p) ∶= Pearson(δ̂p,δp),

where δ̂p and δp are the batch-matched control centering of the predic-
tion and ground truth, respectively, averaged across replicates of 
certain perturbation p ∈ 𝒫𝒫. For simplicity, we define this and following 
metrics for single perturbations p ∈ 𝒫𝒫 but note that analogous formula-
tions are appropriate for multiple perturbations P 𝒴 𝒫𝒫. The results 
across all predicted perturbation effects are then averaged to obtain 
an overall performance estimate.

Note that, for the GEARS model only, we report the exact ‘Pear-
son correlation (Δ expression)’ from the GEARS code base instead. 
We confirmed that any differences between ‘Pearson correlation (Δ 
expression)’ and our ‘Pearson Δ’ were much smaller in practice than 
the differences between models.

Retrieval. We use two variants of the retrieval rank metric that score 
a prediction’s similarity to the ground truth not overall but relative 
to other perturbations. These metrics are the same as rank average 
from PerturBench10, except that they focus on similarity with a perfect 
score of 1, a random score of 0.5 and perfect anticorrelated prediction 
score of 0:

Retrieval ∶ = 1
N ∑

p∈𝒫𝒫
rank (δ̂p),

rank (δ̂p) ∶ = 1
N − 1 ∑

q∈𝒫𝒫
q≠p

1{Pearson(δ̂p ,δp)≥Pearson(δ̂p ,δq)}.

For ‘normalized’ retrieval, the perturbation count N ∶= |𝒫𝒫𝒫 matches the 
original experiment, whereas, for ‘fast retrieval’, for computational 
efficiency, a seeded random reference set of only 100 perturbations is 
used, with the addition of the query perturbant p when not in the refer-
ence set (thus, N ∈ {100, 101}. Similar to Person Δ, we report the aver-
aged performance across all perturbations.

Nonlearned general baseline. To establish a performance floor, 
we implement a nonlearned general baseline model that predicts 
expression profiles using mean values observed in the training data. 
This baseline uses an additive approach that combines the following:

•	 The mean test cell type control expression profile
•	 Either the perturbation-specific mean changes (for seen 

perturbations) or the global perturbation mean (for unseen 
perturbations)

•	 When multiple cell lines are present in the training set, we 
either use a weighted average according to the number of sam-
ples per cell line or the perturbation-specific mean changes 
from the most similar cell line (nearest-cell-line baseline). Here, 
similarity is determined on the basis of mean correlation of 
shared perturbation Δ values between the test and candidate 
cell line.

Consider a multiset of training samples Train 𝒴 𝒫𝒫train × 𝒞𝒞train × ℬtrain 
consisting of combinations of perturbation(s), cell line(s) and batch 
effect(s) with a multiset test defined analogously. Consider a perturba-
tion p such that (p, cp, bp) ∈ test with cell line cp and batch effect bp. 
Implicitly, a (cp, bp) map is associated with a set of control cell profiles 
in that context.

If there exists (p, c, b) ∈ train, we have

ŷ(p,cp ,bp) =

x̄(cp ,bp) +
1

|{(q, c,b) ∈ Train ∶ q = p}| ∑
(q,c,b)∈Train

q=p

y(p,c,b) − x̄(c,b).

Otherwise, we use the global Δ across perturbations observed in the 
training set, that is,
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ŷ(p,cp ,bp) = x̄(cp ,bp) +
1

|Train| ∑
(q,c,b)∈Train

y(p,c,b) − x̄(c,b).

For multiple perturbations, this baseline is implemented to initially 
attempt to use samples where the exact perturbation configuration 
is present. Otherwise, the perturbation is split into its components 
and each component is sequentially added to the test control mean 
according to the above method, adding a local Δ estimate if available 
and resorting to a global Δ otherwise.

Experimental reproducibility estimation: split-half validation and 
sample-based extension. As Perturb-seq is a destructive assay, we can-
not observe the same cell in both perturbed and unperturbed states. 
This necessitates focusing on distribution means rather than individual 
cell accuracies. To approximate experimental reproducibility, we first 
use a split-half validation approach:

For each combination of perturbation(s), cell line context and 
batch, we apply three operations:

	1.	 Divide test cells into two roughly equal halves
	2.	 Calculate mean expression profiles for each half
	3.	 Measure the agreement between these means using various 

metrics

To account for the randomness in choosing the half-split, we 
repeat the experiment across multiple seeded runs and report average 
performance. This provides a performance benchmark analogous to 
human-level reproducibility, which is called accuracy in other machine 
learning domains.

Consider the set of expression profiles 𝒮𝒮 𝒴 𝒴𝒴 for a fixed perturba-
tion cell line context and batch (p, c, b) in the test set:

𝒮𝒮′ ⊆ 𝒮𝒮 ∶ |𝒮𝒮′| ≈ |𝒮𝒮|𝒮2

̄𝒮𝒮1 =
1

|𝒮𝒮′|
∑

y∈𝒮𝒮′
y

̄𝒮𝒮2 = 1
|𝒮𝒮𝒮𝒮𝒮′|

∑
y∈𝒮𝒮𝒮𝒮𝒮′

y.

We then report

Reproduce(p, c,b) = Metric( ̄𝒮𝒮1, ̄𝒮𝒮2),

where metric represents any of our evaluation metrics, for example, 
Pearson Δ, Retrieval or MSE. Theoretically, the split-half experimental 
reproducibility is not expected to establish an upper bound for perfor-
mance of all models at test time because it operates on a different test 
set (only using half for prediction and testing, respectively). However, 
it empirically proves to be useful as a competitive (but still theoretically 
reachable) mark to beat.

As split-half reproducibility is likely an underestimate because 
of a reduced (halved) number of replicates, we also introduce a 
sample-based approach that gives an estimate for the reproducibil-
ity of the full-size dataset. Using the original count matrix, we calcu-
late the per-batch probability distribution over genes (multinomial 
distribution maximum-likelihood estimator) for each perturbation. 
We then sample these distributions to generate two datasets that 
have the same number of observations (that is, cells) as the original 
dataset, but with stochastically resampled counts. These are then 
log1p-normalized and subset to the HVGs in the same way as the original 
dataset, before calculating the experiment reproducibility as described 
above. A comparison of split-half and sampled reproducibility is shown 
in Supplementary Table 4.

Data
Perturb-seq data sources. We demonstrate the efficacy of our 
approach across a range of datasets, including CRISPRi (gene knock-
down) of ~2,000 essential genes in K562 and RPE1 cell lines from a 
previous study13 (also used in GEARS4) and similarly designed CRISPRi 

experiments in Jurkat and HEPG2 cell lines from another previous 
study24. Furthermore, we implement the Norman15 dataset with 94 
unique single and 110 unique double CRISPRa (gene overexpression) 
perturbations respectively in the K562 cell line.

Graphs: sourcing and processing. The graphs used as inductive bias in 
this work can be classified into two main categories: (1) curated publicly 
available biological knowledge and (2) large-scale perturbation screens.

The curated graphs from category 1 include the GO graph, first 
used by GEARS, which is constructed by assigning edges between 
nodes that have a high Jaccard Index in their GO terms19, the STRING 
graph18 and Reactome43.

Category 2 graphs are generated from large-scale perturbation 
screens including DepMap44 and Perturb-seq45. These are extensive 
datasets linking genetic perturbation to either morphological or tran-
scriptomic outcomes, which can offer particularly crucial insights into 
cellular responses to stimuli. To translate these experimental screens 
into graphs, we use derived embeddings to represent the genes and cell 
lines in a high-dimensional space, allowing for the analysis of relation-
ships and identification of dependencies.

To curate these graphs, we first compute the pairwise similarity 
score between all combinations of genes. This means that, for each pair 
of genes (gi, gj), we compute the cosine similarity between their (aggre-
gated) embeddings xgi and xgj. Cosine similarity is computed as follows:

cosine similarity (xgi ,xgj ) =
xgi ⋅xgj

∥xgi ∥∥xgj ∥

=
∑n

k=1xgikxgjk

√∑n
k=1x

2
gik
⋅
√∑n

k=1x
2
gjk

where

•	 xgi ⋅ xgj  represents the dot product of the vectors
•	 ∥ xgi ∥ and ∥ xgi ∥ represent the Euclidean norms (magnitudes) 

of vectors xgi and xgj, respectively
•	 xgik  and xgjk  are the individual components of vectors xgik  and 

xgjk.

These cosine similarities are converted to their absolute values 
because the difference between highly cosine negative and highly 
cosine positive does not translate literally to the signed weight of the 
edge in the graph.

We additionally use proprietary data from internal genome-wide 
perturbation screens, where we measure the similarity of perturbation 
effect using both microscopy imaging and transcriptomics in various 
cell types.

Filtering configurations were optimized empirically. We found 
that the most performant configuration involved selecting for the 
top 1% of edges by (absolute) weight for screen-based graphs. For 
all other graph types, we (additionally) filtered for no more than 20 
incoming nodes by target. Edge direction was assigned arbitrarily for 
undirected edges.

Data understanding. Additional methods related to specific analyses 
are described below.

Pharos knowledge rank. The Pharos initiative consolidates a variety 
of statistics relating to how researched and well known specific 
genes are26. Starting from this, we ranked knowledge levels as the 
mean of the rank of the Pharos Pubmed score and the rank of the 
Pharos negative log novelty score to create a single Pharos knowl-
edge rank. We used this rank to break down and compare to the per-
formance of models and understand potential bias. The ‘knowledge 
levels’ 0, 1, 2 and 3 correspond to the following bins of the Pharos 
knowledge rank:
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•	 knowledge level 0 (least characterized): 0–0.2
•	 knowledge level 1: 0.2–0.4
•	 knowledge level 2: 0.4–0.6
•	 knowledge level 3: 0.6–0.8
•	 knowledge level 3 (most characterized): 0.8–1.

Within versus across. In investigating the correlations between con-
trols and mean baselines, we compared ‘within’-context correlation 
to ‘across’-context correlation. Generally, before calculating either, 
all examples were first split into two mutually exclusive halves, A and 
B, where within-context correlation is a comparison of A versus B, in 
each context, while across-context correlation is a comparison of an 
arbitrary half of one context to another context. The only exception is 
across-batch controls in Fig. 1a, for which, to make a conservative esti-
mate of across-batch variance, full batches were aggregated without 
splitting. For batch comparison, individual control cells were split and 
aggregated; for the mean baselines, the δ of perturbant replicate cells 
was preaggregated and then split (such that the halves had nonoverlap-
ping perturbations).

Functional enrichment. To achieve a descriptive biological summary of 
the actual gene expression changes in the mean baseline, we first calcu-
lated a meta mean baseline (mean of all cell types and datasets, using 
the intersect of provided expressed genes) and defined upregulated 
and downregulated genes as having a remaining δ > 0.05 or δ < −0.05, 
respectively. We then ran functional enrichment testing separately on 
each on these sets (versus the background of all genes in the dataset 
intersect) using the GOATOOLS package46.

Metric selection through retrieval. To avoid confusion and distraction 
caused by reporting many similarly performing or perhaps slightly 
contradicting metrics, we first performed an empirical ‘test of the 
test metrics’. We adapted the evaluation method pioneered by a pre-
vious study12 to work for our data and task. In short, this method uses 
cross-context retrieval of a perturbation as a way to judge whether a 
representation and metric together allow the retention and compari-
son of details necessary to distinguish perturbations. In our case, we 
modified the method to work on nonaggregated single-cell expression 
profiles (as this is the input and output of our model) and ran retrieval 
across the essential perturbation set on core cell types (K562, RPE1, 
HEPG2 and Jurkat). For each retrieval calculation, instead of aggre-
gating, we first randomly sampled one cell of each perturbation. We 
ran three replicates on each of the cell × cell pairings for n = 3 × 6 = 18 
total estimates per perturbation. We report the 0.9 quantile, to focus 
on active perturbants; however, similar patterns were observed at 
other thresholds.

Note that the choice to focus on single cells excluded use of the 
representation selected by a previous study12, namely the signed P 
value. To derisk this, we ran a preliminary analysis on the exact setup 
described previously12. We were only able to reproduce their results 
when making choices that would have limited the extensibility of our 
data and training setup; in particular, we found the high performance 
of the signed P value to rely on performing a global fit (and, thus, using 
a global estimate for gene-wise variance) across all contexts for deter-
mining differential expression.

We focused our selection of representations and metrics especially 
common in the perturbational transcriptomics literature but acknowl-
edge the current omission of count-based representation and metrics.

General
Model development and analysis were performed with Python 3.12 
and PyTorch 2.6.0. Plotting was performed with a combination 
of seaborn 0.13.2 and Matplotlib 3.10.8. Box-and-whisker plots 
used seaborn defaults, where the box represents the 0.25–0.75 
quantiles, and the center line the median. The whiskers extend 

to the furthest observed data point within 1.5× the nearest 
interquartile range.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
All data used here are already publicly available, with the exception of 
the PxMap and TxMap graphs, which are Recursion proprietary assets 
and not made available. Preprocessed data are available from Zenodo 
(https://doi.org/10.5281/zenodo.15420279)47.

Code availability
The code to reproduce results with public data is available from GitHub 
(https://github.com/valence-labs/TxPert), including weights for top 
model variants using only public data.
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