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ABSTRACT

Current foundation models for transcriptomic data are typically trained in a
self-supervised manner to predict gene expression within a sample given other
genes, thereby learning gene co-variation patterns from observational data. How-
ever, many translational applications require understanding how gene expression
changes in response to interventions. We introduce PerturBERT, an encoder-
only transformer pre-trained with masked-gene modeling on approximately 1M
perturbation signatures across 248 cell lines that learns perturbational co-variance
patterns from gene perturbation responses. PerturBERT tokenizes each signature
as a set of (gene, response) pairs and produces gene embeddings contextualized
by their response to interventions. PerturBERT gene embeddings achieve state-of-
the-art results on a gene embedding benchmark and gene dependency prediction.
To our knowledge, PerturBERT is the first transformer explicitly pre-trained on
gene perturbation responses, offering representations complementary to models
trained on observational gene expression profiles.

1 INTRODUCTION

Large-scale perturbation profiling enables systematic readouts of cellular responses to genetic and
chemical interventions across diverse cell types, shifting the field from correlative atlases toward in-
terventional maps of cellular function (Zhang et al., 2025; Replogle et al., 2022; Nadig et al., 2025;
Rood et al., 2024). While gene2vec (Du et al., 2019) and recent single-cell transformers (Szałata
et al., 2024b) such as iSEEEK (Shen et al., 2022) and scGPT (Haotian Cui et al., 2023) have
demonstrated the utility of learning gene embeddings from gene co-expression patterns in large-
scale datasets, no equivalent method has yet emerged for perturbation datasets.

We hypothesize that gene co-variation under interventions is a strong pre-training signal, and thus
learn gene embeddings directly from gene perturbation responses rather than observed expression
abundances. We introduce PerturBERT, a BERT-style (Devlin et al., 2019) representation learn-
ing framework featuring masked-gene modeling on gene perturbation responses. By training on
gene perturbation responses, PerturBERT uniquely leverages co-variation from gene perturbational
effects to learn gene embeddings that can be repurposed for downstream tasks.

In summary, we (1) formulate perturbation response co-variation as a pre-training signal for tran-
scriptomic foundation models; (2) introduce PerturBERT, a BERT-style representation learning
framework trained on sets of (gene, response) tokens from approximately 1M perturbation signa-
tures; and (3) demonstrate that PerturBERT’s gene embeddings yield state-of-the-art performance
on a gene embedding benchmark (Kan-Tor et al., 2024) and gene dependency prediction.

2 RELATED WORK

Gene embedding models. Existing models for learning gene embeddings, including gene2vec
and single-cell foundation models (iSEEEK, scGPT), are primarily trained on gene expression abun-
dances of cells and thus capture co-variation with respect to these observational states. These meth-
ods differ from each other primarily in how they encode the expression levels of genes (e.g., rank-
ordering, value binning, and value projection). While gene embeddings for several of these methods
have been shown to be effective for some isolated tasks, such as cell annotation and cross-dataset in-
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Figure 1: PerturBERT framework. (A) The dataset comprises 1M perturbation signatures from
L1000 profiles data and CRISPRi genetic screens. (B) PerturBERT is a BERT-style transformer
encoder trained via masked-gene modeling. Inputs are tokenized as cell identity and gene-response
pairs (gene + binned Z-score). The model learns to reconstruct masked response values, producing
gene embeddings that capture co-variation patterns.

tegration, more comprehensive evaluations of their utility report their failures to outperform simple
baselines (Liu et al., 2023; Szałata et al., 2024b;a).

Perturbation modeling. While the number of large-scale perturbation datasets has grown in re-
cent years, much of the work around perturbation modeling has focused on forecasting the effects
of perturbations rather than representation learning. Prior perturbation prediction methods make
use of technical innovations such as latent operators, conditional optimal transport, and flow match-
ing (Lotfollahi et al., 2019; Bunne et al., 2023; Klein et al., 2025), as well as growing gene embed-
ding collections (Littman et al., 2025; Miladinovic et al., 2025). In particular, the Large Perturbation
Model (LPM) (Miladinovic et al., 2025) learns gene-level embeddings through perturbation effect
prediction; however, it is restricted to genetic perturbations and works solely in a supervised manner.
PerturBERT differs in that it leverages self-supervised training on gene-level perturbation responses
across various intervention types to learn gene embeddings informed by perturbation effects.

3 DATA AND REPRESENTATION

Training corpus. We curated a dataset of approximately 1M perturbation signatures, combining
LINCS L1000 (Subramanian et al., 2017) readouts of chemical, genetic, and biomolecule pertur-
bations with single-cell transcriptomic profiles of genetic perturbations from Perturb-seq screens
across diverse cell lines (Replogle et al., 2022). Single-cell data is processed with standard differ-
ential expression pipelines (Nadig et al., 2025; Love et al., 2014) and harmonized to match L1000
level 5 conventions. The final training set comprises 940,564 signatures across 248 cell lines with a
vocabulary of 932 genes, corresponding to the set of genes measured in the L1000 assays. Extended
dataset statistics are in Appendix A.

Tokenization. Each signature is represented as a set of learnable gene embeddings g ∈ G and
a set of corresponding expression change tokens b ∈ B that indicate different levels of up- and
down-regulation for each gene. Expression changes were discretized into 17 bins, and each bin
was mapped to a unique embedding. The input embedding for each gene in a signature is the
element-wise sum of its gene embedding and expression change token embeddings. To disentangle
cell line-specific effects from perturbation responses, we condition the model on cell line identity
via learnable cell line embeddings. The learnable cell embedding is concatenated to the signature
embeddings.
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4 MODEL AND OBJECTIVE

Architecture. PerturBERT is an encoder-only transformer with 8 layers and 12 attention heads
(57.6M parameters). We do not use positional encodings since perturbation signatures are unordered
sets. Full architecture details are provided in Appendix B.

Masked-gene modeling. We randomly mask 40% of (gene, value) pairs during training and train
the model to recover the masked expression change tokens from the contextualized embedding (Wet-
tig et al., 2023). Following BERT conventions, masked positions are replaced with a [MASK] token
80% of the time, a random bin 10% of the time, and left unchanged 10% of the time. We opti-
mize cross-entropy loss, where M denotes the masked index set and b̂i the predicted logits over
expression-change bins at position i: LMGM =

∑
i∈M CE

(
b̂i, bi

)
.

Training. We train for 80 epochs with an effective batch size of 1,600 (200 per device across
8 A100 GPUs) using AdamW (Loshchilov & Hutter, 2018) with learning rate 5 × 10−5, cosine
annealing, and 200 warmup steps. The complete training configuration is detailed in Appendix C.

5 RESULTS

Overview. We evaluate PerturBERT gene embeddings on two categories of tasks: (i) gene prop-
erty prediction using the gene-embedding benchmark of Kan-Tor et al. (2024) (Appendix D), and (ii)
gene dependency prediction on DepMap Q2 2025 with cell line-based splits (Appendix D) (Tsher-
niak et al., 2017). Across tasks, we compare against scGPT, GenePT, and gene2vec embeddings,
and for dependency prediction, we additionally include a one-hot target-gene baseline.

5.1 GENE PROPERTY PREDICTION

Setup. We follow Kan-Tor et al. (2024), training lightweight predictors on top of frozen gene
embeddings for each gene-property task (Appendix D).

Results. PerturBERT gene embeddings match or exceed state-of-the-art performance across a di-
verse set of gene property prediction tasks (Table 1; Appendix G). PerturBERT achieves the best
score or performs within one standard error of the best model on 10 of 15 tasks. PerturBERT shows
superior performance on cell cycle-related tasks (CCD Transcript: 0.837 vs. scGPT’s 0.813), pathol-
ogy prediction (Endometrial: 0.610 vs. scGPT’s 0.593), and tissue specificity tasks. On remaining
tasks, PerturBERT typically ranks second, with scGPT achieving the highest scores.

PerturBERT training scale. Where PerturBERT exceeds baselines, absolute margins are mod-
est. However, substantial differences in training data suggest relative data-efficiency of PerturBERT.
scGPT, the most competitive baseline, was trained on 33M single-cell transcriptomes with a vocab-
ulary of over 60,000 genes, whereas PerturBERT was trained on approximately 1M primarily bulk
perturbation signatures with only 932 genes. Despite the ∼30-fold reduction in training samples and
∼65-fold reduction in gene vocabulary, PerturBERT achieves competitive or superior performance
across most tasks.

5.2 PERTURBERT EMBEDDINGS CAPTURE CELL CYCLE BIOLOGY

PerturBERT recovers cell-cycle structure in its embedding space. On the CCD Transcript benchmark
task, PerturBERT outperforms scGPT (ROC-AUC 0.837 vs. 0.813; Table 1). Beyond performance
on this task, CCD genes are more similar to each other in embedding space: mean within-CCD
cosine similarity is 0.051 versus 0.008 for CCD-to-non-CCD pairs. UMAP and cosine-similarity
heatmap visualizations of these relationships are provided in Appendix E.

5.3 GENE DEPENDENCY PREDICTION

Setup. We train LightGBM models to predict gene dependency using (a) cell line gene expression
as the cell line representation and (b) a gene embedding as a target-gene representation; these two

3
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Table 1: Gene embedding benchmark results (mean ROC-AUC across cross-validation splits ±
standard error). Included here are 10 of 15 tasks where PerturBERT achieves best score (all results
in Appendix G). Bold indicates best, including those within one standard error.

Task Model ROC-AUC Task Model ROC-AUC

CCD Transcript PerturBERT 0.837 ± 0.034 RNA blood cell dist. PerturBERT 0.780 ± 0.008
scGPT 0.813 ± 0.036 scGPT 0.779 ± 0.012
GenePT 0.755 ± 0.037 gene2vec 0.630 ± 0.012
gene2vec 0.695 ± 0.033 GenePT 0.603 ± 0.010

N1 network PerturBERT 0.708 ± 0.066 RNA blood cell spec. scGPT 0.811 ± 0.012
scGPT 0.669 ± 0.073 PerturBERT 0.804 ± 0.008
gene2vec 0.581 ± 0.076 gene2vec 0.681 ± 0.019
GenePT 0.564 ± 0.073 GenePT 0.676 ± 0.020

Pathology - Cervical scGPT 0.589 ± 0.017 RNA blood lineage dist. scGPT 0.826 ± 0.013
PerturBERT 0.557 ± 0.028 PerturBERT 0.816 ± 0.013
gene2vec 0.512 ± 0.048 gene2vec 0.699 ± 0.011
GenePT 0.508 ± 0.027 GenePT 0.674 ± 0.018

Pathology - Endometrial PerturBERT 0.610 ± 0.021 RNA blood lineage spec. scGPT 0.786 ± 0.019
scGPT 0.593 ± 0.024 PerturBERT 0.781 ± 0.015
gene2vec 0.500 ± 0.024 gene2vec 0.714 ± 0.020
GenePT 0.464 ± 0.035 GenePT 0.688 ± 0.018

Pathology - Pancreatic scGPT 0.617 ± 0.026 RNA tissue specificity PerturBERT 0.723 ± 0.006
PerturBERT 0.612 ± 0.025 scGPT 0.707 ± 0.021
GenePT 0.562 ± 0.025 GenePT 0.634 ± 0.023
gene2vec 0.542 ± 0.029 gene2vec 0.621 ± 0.011

Table 2: Gene dependency prediction results on DepMap (mean ± standard error across 20 training
seeds). Bold indicates best, including those within one standard error.

Embedding RMSE ↓ MAE ↓ R2 ↑

PerturBERT 0.185290 ± 0.000047 0.125573 ± 0.000020 0.880468 ± 0.000060
scGPT 0.185351 ± 0.000047 0.125546 ± 0.000023 0.880390 ± 0.000060
gene2vec 0.185518 ± 0.000063 0.125680 ± 0.000022 0.880174 ± 0.000081
GenePT 0.186387 ± 0.000051 0.126280 ± 0.000024 0.879049 ± 0.000066
one-hot 0.189850 ± 0.000938 0.127211 ± 0.000304 0.874455 ± 0.001248

vectors are concatenated to form model’s model input. The evaluation uses DepMap (Tsherniak
et al., 2017) Q2 2025 data with cell line-based splits (Appendix D).

Results. PerturBERT gene embeddings yield competitive performance on cell line dependency pre-
diction (Table 2). PerturBERT achieves the lowest RMSE (0.1853) and highest R2 (0.8805), match-
ing scGPT within standard error and outperforming gene2vec, GenePT, and one-hot encodings.
Again, PerturBERT matches scGPT’s performance despite the substantial disparity in pre-training
data scale and gene coverage.

6 DISCUSSION AND CONCLUSION

PerturBERT reframes transcriptomic foundation model pre-training around co-variation in gene per-
turbation effects, rather than co-expression. This reframing supports the idea that genes that co-vary
under perturbations encode distinct and biologically useful structure. PerturBERT matches or ex-
ceeds state-of-the-art performance across a diverse downstream tasks evaluating gene embeddings.

The comparison with scGPT illustrates that despite being trained on ∼30× fewer samples and cov-
ering ∼65× fewer genes, PerturBERT achieves comparable or superior results on most tasks. This
suggests that perturbation-induced co-variation constitutes a highly informative training signal that
may encode functional relationships not captured by co-expression patterns alone.

Importantly, PerturBERT produces reusable gene embeddings that can be probed, fine-tuned,
or paired with lightweight heads across downstream applications, in contrast to task-specific
perturbation-effect predictors. Hence, we view PerturBERT as complementary to co-expression
foundation models, where the distinct training signals may capture orthogonal aspects of gene func-
tion, and as progress toward perturbation-centric foundation models for cellular biology.
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dro Palma, Leander Dony, Alejandro Tejada-Lapuerta, Guillaume Huguet, Hsiu-Chuan Lin,
Nadezhda Azbukina, Fátima Sanchı́s-Calleja, Theo Uscidda, Artur Szalata, Manuel Gander, Aviv
Regev, Barbara Treutlein, J. Gray Camp, and Fabian J. Theis. CellFlow enables generative single-
cell phenotype modeling with flow matching, April 2025. URL https://www.biorxiv.
org/content/10.1101/2025.04.11.648220v1. Pages: 2025.04.11.648220 Section:
New Results.

Russell Littman, Jacob Levine, Sepideh Maleki, Yongju Lee, Vladimir Ermakov, Lin Qiu, Alexan-
der Wu, Kexin Huang, Romain Lopez, Gabriele Scalia, Tommaso Biancalani, David Rich-
mond, Aviv Regev, and Jan-Christian Hütter. Gene-embedding-based prediction and func-
tional evaluation of perturbation expression responses with PRESAGE, June 2025. URL
https://www.biorxiv.org/content/10.1101/2025.06.03.657653v1. Pages:
2025.06.03.657653 Section: New Results.

Tianyu Liu, Kexing Li, Yuge Wang, Hongyu Li, and Hongyu Zhao. Evaluating the Util-
ities of Large Language Models in Single-cell Data Analysis, September 2023. URL
https://www.biorxiv.org/content/10.1101/2023.09.08.555192v2. Pages:
2023.09.08.555192 Section: New Results.

Ilya Loshchilov and Frank Hutter. Decoupled Weight Decay Regularization. September 2018. URL
https://openreview.net/forum?id=Bkg6RiCqY7.

Mohammad Lotfollahi, F. Alexander Wolf, and Fabian J. Theis. scGen predicts single-
cell perturbation responses. Nature Methods, 16(8):715–721, August 2019. ISSN 1548-
7105. doi: 10.1038/s41592-019-0494-8. URL https://www.nature.com/articles/
s41592-019-0494-8. Publisher: Nature Publishing Group.

Michael I. Love, Wolfgang Huber, and Simon Anders. Moderated estimation of fold change and
dispersion for RNA-seq data with DESeq2. Genome Biology, 15(12):550, December 2014.
ISSN 1474-760X. doi: 10.1186/s13059-014-0550-8. URL https://doi.org/10.1186/
s13059-014-0550-8.
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A DATASET DETAILS

Training corpus statistics. The PerturBERT training corpus comprises perturbation signatures
from LINCS L1000 (level 5, LFC/LFC standard error) and harmonized single-cell Perturb-seq data.
Table 3 summarizes the dataset.

Table 3: Training corpus statistics.
Property Value

Number of genes 932
Number of cell lines 248
Training samples 940,564
Validation samples 95,665
Test samples 95,665

Tokenization scheme. Expression responses are discretized into 17 bins (8 in each direction plus a
central no-change bin) representing different magnitudes of up- and down-regulation. An additional
[MASK] token is used during training.

Gene vocabulary. The 932-gene vocabulary was selected for training based on overlap across the
L1000 and Perturb-seq datasets.

B MODEL ARCHITECTURE

Table 4 provides complete architectural specifications for PerturBERT.

C TRAINING CONFIGURATION

Pre-training objective. PerturBERT is trained with masked bin modeling, where the model pre-
dicts the expression bin of masked gene positions. Table 5 details the masking strategy.

Optimization. Table 6 summarizes optimization hyperparameters.

Training details. Table 7 provides the complete training configuration.
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Table 4: PerturBERT architecture details.
Parameter Value

Transformer Configuration
Number of layers 8
Number of attention heads 12
Hidden size 768
Intermediate (FFN) size 3,072
Activation function SiLU (Swish)
Attention mechanism Scaled dot-product (SDPA)
Position embedding type None (set-based input)
Hidden dropout probability 0.1
Attention dropout probability 0.1
Layer normalization ϵ 1× 10−12

Initializer range 0.02

Vocabulary Sizes
Gene vocabulary 932
Bin vocabulary 17 (+1 [MASK] token)
Cell line vocabulary 248

Embedding Dimensions
Gene embeddings 768
Bin embeddings 768
Cell line embeddings 768

Total parameters 57,623,048

Table 5: Masking strategy for training
Token Replacement Training (40% masked)

Replaced with [MASK] 80% of masked
Replaced with random bin 10% of masked
Unchanged 10% of masked
Excluded from loss Non-masked positions

Hardware. Training was performed on 8 NVIDIA A100-SXM4-80GB GPUs with CUDA 12.8,
96 logical CPU cores, and 1.12 TB system memory.

D DOWNSTREAM EVALUATION DETAILS

Gene embedding benchmark. Binary and categorical classification tasks use logistic regression
with L2 penalty, a maximum of 5,000 iterations, and 20-fold stratified cross-validation with shuf-
fling. Fold count is dynamically adjusted based on minimum class size.

Gene dependency prediction. We predict gene essentiality using DepMap Q2 2025 data with cell
line-based splits: 80% training (1,347 lines), 10% validation (168 lines), 10% test (168 lines). Cell
line expression profiles (log TPM) are reduced via PCA retaining 90% variance. Gene embeddings
are similarly reduced to 50 dimensions via PCA. Gene symbols serve as categorical features for
LightGBM. LightGBM regressor uses RMSE objective, 10,000 estimators, bagging fraction 0.8,
feature fraction 0.8, and early stopping at 100 rounds. Results are averaged across 20 random seeds.

E CELL CYCLE STRUCTURE IN PERTURBERT EMBEDDINGS

Setup. We analyze genes from the CCD Transcript task in the gene embedding benchmark and
use CCD annotations from the Human Protein Atlas (Pontén et al., 2008). We embed genes using
the frozen PerturBERT gene embeddings.
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Table 6: Optimization configuration.
Parameter Value

Optimizer AdamW
Learning rate 5× 10−5

Adam β1 0.9
Adam β2 0.999
Adam ϵ 1× 10−8

Weight decay 0.05
Learning rate schedule Cosine annealing
Warmup steps 200
Gradient clipping (max norm) 1.0

Table 7: Training configuration.
Parameter Value

Number of epochs 80
Batch size per device 200
Number of GPUs 8
Mixed precision bfloat16
Torch compile True (Inductor backend)
Total training time ∼21 hours

Visualization and similarity analysis. We compute a 2D UMAP projection of gene embeddings
for visualization and compute cosine similarities between all gene pairs. We summarize separa-
tion by comparing the distribution of within-CCD cosine similarities to CCD-to-non-CCD cosine
similarities.

Results. We visualize the results in Appendix Figure 2. We find that mean within-CCD cosine
similarity is 0.051 versus 0.008 for CCD-to-non-CCD pairs.

F BASELINE EMBEDDING COVERAGE

We use published gene embeddings from gene2vec, scGPT, and GenePT (collected in
PRESAGE (Littman et al., 2025)). For fair comparison, we restrict evaluation to the 924 genes
shared across PerturBERT, scGPT, and K562 genome-wide Perturb-seq embeddings. Table 8 shows
coverage statistics for baseline embeddings.

Table 8: Gene coverage across embedding methods.
Embedding Total Genes In L1000 Missing

gene2vec 19,346 930 2
scGPT 60,697 928 4
GenePT 93,799 926 6

G FULL BENCHMARK RESULTS

Table 9 reports complete results across all gene property prediction tasks from the gene embedding
benchmark, including ROC-AUC, accuracy, precision, and recall, averaged over k cross-validation
splits (see Table caption for task-specific n and k). Overall, PerturBERT is competitive with scGPT
and other embedding baselines across most tasks.

9
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A    UMAP B     Embedding cosine similarity

Figure 2: PerturBERT embeddings capture cell cycle biology. (A) UMAP visualization of Per-
turBERT gene embeddings for genes in the CCD Transcript prediction task, colored by cell-cycle
dependence annotation. (B) Cosine similarity heatmap of gene embeddings, ordered by CCD status.
CCD annotations were derived from the Human Protein Atlas (Pontén et al., 2008).

H FUTURE DIRECTIONS

Extensions include combining co-variation with co-expression pre-training in multi-task objectives,
expanding gene vocabulary through additional perturbation platforms, cross-modal alignment with
morphology and proteomics, attention variants for whole-transcriptome inputs, and more exten-
sive evaluation across biological domains, including some to highlight differences compared to co-
expression derived signatures and their complementarity.

I LIMITATIONS

Gene coverage is constrained by the L1000 platform, and evaluation is restricted to the intersec-
tion of available genes across embedding methods (924 genes). Gene coverage can be arbitrarily
enlarged through the addition of perturbation datasets with more genes. Masked-gene modeling
on discretized targets may discard subtle quantitative effects. We did not model full single-cell
distributions, focusing instead on bulk and pseudobulk differential expression. While PerturBERT
matches or exceeds state-of-the-art on many tasks, performance gains where they occur are modest
in absolute terms.

J USE OF LARGE LANGUAGE MODELS

Large language models (LLMs) were used solely to refine the text and improve readability. They
did not contribute substantially to the core research ideas, the study design, or the overall direction
of the paper.
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Table 9: Complete gene embedding benchmark results. Best ROC-AUC per task in bold, including
those within one standard error of the best. n: sample size, k: CV splits.

Task n k Class Size Class Name Model ROC-AUC Acc. Prec. Recall

CCD Protein 106 17 53 Yes gene2vec 0.804 ± 0.040 0.724 ± 0.052 0.745 ± 0.055 0.706 ± 0.065
53 No GenePT 0.681 ± 0.056 0.578 ± 0.049 0.566 ± 0.056 0.613 ± 0.071

PerturBERT 0.667 ± 0.047 0.618 ± 0.038 0.639 ± 0.051 0.686 ± 0.065
scGPT 0.652 ± 0.047 0.590 ± 0.042 0.619 ± 0.050 0.667 ± 0.047

CCD Transcript 156 20 82 No PerturBERT 0.837 ± 0.034 0.756 ± 0.025 0.737 ± 0.028 0.913 ± 0.045
74 Yes scGPT 0.813 ± 0.036 0.715 ± 0.040 0.747 ± 0.046 0.753 ± 0.051

GenePT 0.755 ± 0.037 0.682 ± 0.032 0.670 ± 0.033 0.855 ± 0.044
gene2vec 0.695 ± 0.033 0.619 ± 0.030 0.664 ± 0.036 0.658 ± 0.049

Gene2Gene 1623 20 1065 1 scGPT 0.823 ± 0.010 0.809 ± 0.009 0.767 ± 0.019 0.651 ± 0.012
558 0 GenePT 0.801 ± 0.007 0.703 ± 0.006 0.729 ± 0.024 0.219 ± 0.016

PerturBERT 0.801 ± 0.011 0.708 ± 0.007 0.788 ± 0.041 0.219 ± 0.015
gene2vec 0.782 ± 0.011 0.734 ± 0.010 0.650 ± 0.019 0.495 ± 0.020

N1 network 69 10 39 nontarget PerturBERT 0.708 ± 0.066 0.564 ± 0.023 0.100 ± 0.100 0.033 ± 0.033
30 activated scGPT 0.669 ± 0.073 0.633 ± 0.062 0.700 ± 0.093 0.533 ± 0.074

gene2vec 0.581 ± 0.076 0.550 ± 0.058 0.517 ± 0.123 0.333 ± 0.070
GenePT 0.564 ± 0.073 0.564 ± 0.007 0.000 ± 0.000 0.000 ± 0.000

TF vs non-TF 177 20 101 Non-TF GenePT 0.852 ± 0.033 0.669 ± 0.023 0.641 ± 0.019 0.990 ± 0.010
76 TF gene2vec 0.739 ± 0.035 0.671 ± 0.032 0.706 ± 0.030 0.732 ± 0.042

scGPT 0.635 ± 0.048 0.617 ± 0.042 0.656 ± 0.043 0.713 ± 0.053
PerturBERT 0.549 ± 0.038 0.572 ± 0.018 0.576 ± 0.012 0.950 ± 0.020

Pathology - Cervical 923 8 154 unprognostic scGPT 0.589 ± 0.017 0.905 ± 0.004 0.863 ± 0.004 0.905 ± 0.004
11 prog. favorable PerturBERT 0.557 ± 0.028 0.927 ± 0.002 0.860 ± 0.003 0.927 ± 0.002
3 prog. unfavorable gene2vec 0.512 ± 0.048 0.923 ± 0.003 0.860 ± 0.003 0.923 ± 0.003

GenePT 0.508 ± 0.027 0.927 ± 0.002 0.860 ± 0.003 0.927 ± 0.002

Pathology - Endometrial 923 17 151 unprognostic PerturBERT 0.610 ± 0.021 0.874 ± 0.002 0.765 ± 0.003 0.874 ± 0.002
11 prog. unfavorable scGPT 0.593 ± 0.024 0.821 ± 0.010 0.785 ± 0.009 0.821 ± 0.010
6 prog. favorable gene2vec 0.500 ± 0.024 0.868 ± 0.003 0.766 ± 0.003 0.868 ± 0.003

GenePT 0.464 ± 0.035 0.874 ± 0.002 0.765 ± 0.003 0.874 ± 0.002

Pathology - Pancreatic 923 15 140 unprognostic scGPT 0.617 ± 0.026 0.823 ± 0.009 0.794 ± 0.012 0.823 ± 0.009
19 prog. unfavorable PerturBERT 0.612 ± 0.025 0.868 ± 0.001 0.753 ± 0.002 0.868 ± 0.001
9 prog. favorable GenePT 0.562 ± 0.025 0.868 ± 0.001 0.753 ± 0.002 0.868 ± 0.001

gene2vec 0.542 ± 0.029 0.864 ± 0.003 0.757 ± 0.005 0.864 ± 0.003

Pathology - Renal 923 20 92 unprognostic scGPT 0.640 ± 0.018 0.500 ± 0.017 0.501 ± 0.017 0.500 ± 0.017
49 prog. unfavorable PerturBERT 0.578 ± 0.010 0.513 ± 0.009 0.424 ± 0.030 0.513 ± 0.009
27 prog. favorable GenePT 0.555 ± 0.013 0.513 ± 0.004 0.299 ± 0.022 0.513 ± 0.004

gene2vec 0.533 ± 0.014 0.471 ± 0.011 0.436 ± 0.021 0.471 ± 0.011

Pathology - Urothelial 923 9 161 unprognostic scGPT 0.643 ± 0.025 0.920 ± 0.003 0.864 ± 0.004 0.920 ± 0.003
4 prog. favorable PerturBERT 0.608 ± 0.048 0.927 ± 0.002 0.860 ± 0.003 0.927 ± 0.002
3 prog. unfavorable gene2vec 0.554 ± 0.039 0.924 ± 0.002 0.860 ± 0.003 0.924 ± 0.002

GenePT 0.391 ± 0.024 0.927 ± 0.002 0.860 ± 0.003 0.927 ± 0.002

RNA blood cell dist. 924 12 121 Detected in all PerturBERT 0.780 ± 0.008 0.594 ± 0.007 0.460 ± 0.010 0.594 ± 0.007
30 Detected in many scGPT 0.779 ± 0.012 0.592 ± 0.012 0.568 ± 0.010 0.592 ± 0.012
9 Detected in some gene2vec 0.630 ± 0.012 0.548 ± 0.011 0.458 ± 0.015 0.548 ± 0.011
5 Detected in single GenePT 0.603 ± 0.010 0.556 ± 0.002 0.333 ± 0.022 0.556 ± 0.002
3 Not detected

RNA blood cell spec. 924 12 143 Low specificity scGPT 0.811 ± 0.012 0.698 ± 0.014 0.666 ± 0.016 0.698 ± 0.014
16 Enhanced PerturBERT 0.804 ± 0.008 0.709 ± 0.004 0.533 ± 0.014 0.709 ± 0.004
4 Enriched gene2vec 0.681 ± 0.019 0.688 ± 0.004 0.555 ± 0.012 0.688 ± 0.004
3 Not detected GenePT 0.676 ± 0.020 0.708 ± 0.002 0.501 ± 0.003 0.708 ± 0.002
2 Group enriched

RNA blood lineage dist. 924 16 143 Detected in all scGPT 0.826 ± 0.013 0.688 ± 0.013 0.669 ± 0.012 0.688 ± 0.013
17 Detected in many PerturBERT 0.816 ± 0.013 0.717 ± 0.005 0.575 ± 0.015 0.717 ± 0.005
5 Detected in single gene2vec 0.699 ± 0.011 0.693 ± 0.010 0.583 ± 0.017 0.693 ± 0.010
3 Not detected GenePT 0.674 ± 0.018 0.704 ± 0.003 0.495 ± 0.004 0.704 ± 0.003

RNA blood lineage spec. 924 16 156 Low specificity scGPT 0.786 ± 0.019 0.733 ± 0.018 0.723 ± 0.018 0.733 ± 0.018
5 Lineage enriched PerturBERT 0.781 ± 0.015 0.767 ± 0.003 0.589 ± 0.005 0.767 ± 0.003
4 Group enriched gene2vec 0.714 ± 0.020 0.753 ± 0.006 0.634 ± 0.013 0.753 ± 0.006
3 Not detected GenePT 0.688 ± 0.018 0.767 ± 0.003 0.589 ± 0.005 0.767 ± 0.003

RNA tissue specificity 924 7 126 Low specificity PerturBERT 0.723 ± 0.006 0.665 ± 0.011 0.586 ± 0.021 0.665 ± 0.011
35 Tissue enhanced scGPT 0.707 ± 0.021 0.635 ± 0.018 0.613 ± 0.015 0.635 ± 0.018
4 Group enriched GenePT 0.634 ± 0.023 0.644 ± 0.003 0.559 ± 0.057 0.644 ± 0.003
3 Tissue enriched gene2vec 0.621 ± 0.011 0.623 ± 0.006 0.555 ± 0.008 0.623 ± 0.006

11


	Introduction
	Related Work
	Data and Representation
	Model and Objective
	Results
	Gene property prediction
	PerturBERT embeddings capture cell cycle biology
	Gene dependency prediction

	Discussion and Conclusion
	Dataset Details
	Model Architecture
	Training Configuration
	Downstream Evaluation Details
	Cell cycle structure in PerturBERT embeddings
	Baseline Embedding Coverage
	Full Benchmark Results
	Future directions
	Limitations
	Use of Large Language Models

