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Supplementary Notes

1 Reference mapping

Reference mapping aligns new cells with curated reference datasets, facilitating automated anno-
tation of new datasets [1]. Existing approaches [1, 2, 3] were often optimized on the reference
datasets to capture the heterogeneity of cells. Thanks to the pretraining on whole-human scale cell
corpus, scGPT can additionally perform reference mapping in a similar fine-tuning manner, and
additionally in a zero-shot manner as well. In the zero-shot configuration, the model leverages its
pre-trained weights to encode both the reference and query datasets into a unified latent space, ob-
viating the need for additional training and thus accelerating the integration of disparate or novel
biological data. In the fine-tuning setting, scGPT undergoes additional optimization processes on
reference data, further aligning the cell embeddings with the unique biological context.

To annotate the cell state of each query cell, we employ a similarity search based on the ℓ2
distance between the reference and query cell embeddings. A majority voting mechanism is applied
to the k nearest neighbors from the reference set, and each query cell is assigned the cell type that
is most frequent among its k-nearest reference cell neighbors. This workflow represents a notable
departure from earlier methodologies that relied on trained classifiers for cell type annotation
(Methods). Here, only the cell embeddings are required, thereby availing the opportunity for
direct utilization of pretrained models in a zero-shot manner.

We present a comprehensive evaluation of reference mapping performance on two distinct
datasets of disease samples, assessed via classification metrics Accuracy, Precision, Recall, and
MacroF1 (Supplementary Table 1). Intriguingly, the zero-shot capabilities of scGPT yielded per-
formance metrics comparable to those of established baselines, even when applied to datasets
containing disease samples that were absent during the model’s pre-training phase. This outcome
underscores the robust generalizability intrinsic to the zero-shot capabilities of scGPT, thereby
potentially reducing the need for dataset-specific training.

With fine-tuning on reference datasets using integration objectives, scGPT outperforms strong
baselines of Azimuth[4] and expiMap[2] on both COVID-19 and Lung-Kim datasets. Specifically
on the COVID-19 dataset, scGPT enhances MacroF1 by 23.2% over Azimuth and 63.3% over
expiMap (Supplementary Table 1). We further analyze the performance gain of fine-tuning, as
detailed in Supplementary Figure 11. We showcase the confusion matrix for cell type annotation
for fine-tuning and zero-shot setting of scGPT. Fine-tuning improves annotation performance in
the COVID-19 dataset for Dendritic cells, IGSF21+ Dendritic cells, and Erythrocytes. Notably,
fine-tuning allows scGPT to identify a rare IGSF21+ Dendritic cell state in the query dataset. In
the Lung-Kim dataset, we also observed increased annotation accuracy for Epithelial and Natural
killer (NK) cells.

To summarize, in a zero-shot setting, scGPT builds a robust latent space using pre-trained
weights, achieving comparable performance with existing methods. Further enhancements in per-
formance can be achieved through fine-tuning on the reference datasets.
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Evaluation Metrics
Dataset Method Accuracy Precision Recall MacroF1
COVID-19 scGPT (fine-tuned) 0.891 0.577 0.567 0.547

scGPT (zero-shot) 0.867 0.513 0.476 0.468
Azimuth 0.878 0.515 0.418 0.444
expiMap 0.730 0.441 0.325 0.335

Lung-Kim scGPT (fine-tuned) 0.974 0.959 0.967 0.962
scGPT (zero-shot) 0.968 0.970 0.933 0.948
Azimuth 0.970 0.957 0.962 0.959
expiMap 0.920 0.940 0.846 0.878

Supplementary Table 1: Reference Mapping Benchmark Results. scGPT was benchmarked with
Azimuth [4] and expiMap [2] on the COVID-19[1] and Lung-Kim[5] datasets for cell type annota-
tion via reference mapping. scGPT fine-tuned and zero-shot settings are described in Supplemen-
tary Note 1. We present four classification evaluation metrics Accuracy, Precision, Recall, and
MacroF1. See metric details in Supplementary Note 12.
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2 Benchmarking results on downstream tasks

Classification Metrics
Dataset Model Accuracy Precision Recall MacroF1
Myeloid scGPT (fine-tuned) 0.642 0.366 0.347 0.346

scGPT (from-scratch) 0.606 0.304 0.339 0.309
TOSICA 0.488 0.316 0.276 0.275
scBert 0.525 0.331 0.323 0.298

Multiple Sclerosis scGPT (fine-tuned) 0.856 0.729 0.720 0.703
scGPT (from-scratch) 0.798 0.660 0.623 0.600
TOSICA 0.758 0.664 0.585 0.578
scBert 0.785 0.604 0.624 0.599

hPancreas scGPT (fine-tuned) 0.968 0.735 0.725 0.718
scGPT (from-scratch) 0.936 0.665 0.668 0.622
TOSICA 0.960 0.661 0.681 0.656
scBert 0.964 0.699 0.689 0.685

Supplementary Table 2: Cell Type Annotation Benchmark Results. scGPT was benchmarked with
TOSICA [6] and scBert [7] on the Myeloid (Mye.), Multiple Sclerosis (M.S.), and hPancreas [6]
datasets for cell type annotation performance. The scGPT (from-scratch) is a smaller four-layer
transformer model trained from random parameter initialization. We present four classification
evaluation metrics Accuracy, Precision, Recall, and MacroF1. See metric details in Supplemen-
tary Note 12.
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Biological Conservation Batch Correction
Dataset Model AvgBIO NMIcell ARIcell ASWcell AvgBATCH ASWbatch GraphConn Overall
COVID-19 [1] scGPT (fine-tuned) 0.504 0.659 0.400 0.452 0.850 0.826 0.874 0.642

scGPT (from-scratch) 0.450 0.602 0.318 0.429 0.744 0.712 0.776 0.567
scVI [8] 0.502 0.638 0.408 0.461 0.838 0.833 0.844 0.637
Seurat [9] 0.413 0.513 0.289 0.437 0.790 0.799 0.781 0.564
Harmony [10] 0.327 0.482 0.185 0.313 0.680 0.642 0.720 0.468

PBMC 10K [11] scGPT (fine-tuned) 0.821 0.850 0.873 0.740 0.923 0.950 0.895 0.862
scGPT (from-scratch) 0.645 0.689 0.614 0.636 0.882 0.911 0.852 0.740
scVI 0.753 0.819 0.847 0.592 0.947 0.967 0.928 0.831
Seurat 0.724 0.808 0.722 0.641 0.940 0.960 0.920 0.810
Harmony 0.784 0.860 0.902 0.591 0.940 0.975 0.906 0.846

Perirhinal Cortex [12] scGPT (fine-tuned) 0.899 0.930 0.919 0.848 0.930 0.898 0.964 0.911
scGPT (from-scratch) 0.889 0.886 0.895 0.886 0.884 0.892 0.875 0.887
scVI 0.869 0.980 0.990 0.637 0.966 0.939 0.992 0.908
Seurat 0.878 0.914 0.897 0.822 0.965 0.938 0.992 0.913
Harmony 0.890 0.960 0.960 0.749 0.975 0.957 0.992 0.924

Supplementary Table 3: scRNA-seq Integration Benchmark Results. scGPT was benchmarked
with scVI [8], Seurat [9], and Harmony [10] on the COVID-19 (18 batches) [1], PBMC 10K (2
batches) [11] and Perirhinal Cortex (2 batches) [12] datasets for cell type clustering and batch cor-
rection performance. The scGPT (from-scratch) is a smaller four-layer transformer model trained
from random parameter initialization. We present three aggregate scores AvgBIO, AvgBATCH,
and Overall. These aggregate scores were calculated from three detailed biological conservation
metrics (NMIcell, ARIcell, ASWcell) and two batch correction metrics (ASWbatch, GraphConn).
See metric details in Supplementary Note 12
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Biological Conservation Batch Correction
Dataset Model AvgBIO NMIcell ARIcell ASWcell AvgBATCH ASWbatch GraphConn Overall

10X Multiome PBMC [13] scGPT (fine-tuned) 0.758 0.807 0.822 0.645 - - - -
(Paired RNA+ATAC) scGPT (from-scratch) 0.728 0.775 0.759 0.651 - - - -

scGLUE [14] 0.747 0.815 0.806 0.619 - - - -
Seurat v4 [4] 0.722 0.784 0.691 0.691 - - - -

BMMC [15] scGPT (fine-tuned) 0.697 0.783 0.725 0.582 0.871 0.834 0.908 0.766
(Paired RNA+Protein) scGPT (from-scratch) 0.696 0.777 0.718 0.593 0.822 0.789 0.854 0.746

Seurat v4 [4] 0.600 0.737 0.470 0.594 0.678 0.685 0.671 0.631
ASAP PBMC [16] scGPT (fine-tuned) 0.587 0.645 0.469 0.648 0.951 0.909 0.992 0.732
(Mosaic RNA+ATAC+Protein) scGPT (from-scratch) 0.508 0.549 0.286 0.689 0.941 0.891 0.991 0.681

scMoMat [17] 0.546 0.448 0.557 0.633 0.916 0.849 0.983 0.667

Supplementary Table 4: scMultiomic Integration Benchmark Results. For the paired 10X Mul-
tiome PBMC[13] dataset, scGPT was benchmarked with scGLUE[14] and Seurat v4[4] for cell
type clustering performance evaluated on four biological conservation metrics. The data has only
one technical batch. Batch correction metrics are not applicable to this setting. For the paired
BMMC[15] and mosaic ASAP PBMC[16] datasets, scGPT was benchmarked with Seurat v4 and
scMoMat [17] respectively on cell type clustering and multi-omic integration performance.
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Common Pathways (N = 15) Unique Pathways from Co-expression (N = 6) Unique Pathways from scGPT (N = 22)

APC/C-mediated Degradation Of Cell Cycle Proteins R-HSA-174143 APC/C:Cdc20 Mediated Degradation Of Cyclin B R-HSA-174048 Adaptive Immune System R-HSA-1280218
APC/C:Cdc20 Mediated Degradation Of Mitotic Proteins R-HSA-176409 Cell Cycle Checkpoints R-HSA-69620 Antiviral Mechanism By IFN-stimulated Genes R-HSA-1169410
Activation Of APC/C And APC/C:Cdc20 Mediated Degradation Of Mitotic Proteins R-HSA-176814 ESR-mediated Signaling R-HSA-8939211 Classical Antibody-Mediated Complement Activation R-HSA-173623
Cell Cycle R-HSA-1640170 Estrogen-dependent Gene Expression R-HSA-9018519 Costimulation By CD28 Family R-HSA-388841
Cell Cycle, Mitotic R-HSA-69278 Resolution Of Sister Chromatid Cohesion R-HSA-2500257 Creation Of C4 And C2 Activators R-HSA-166786
Cytokine Signaling In Immune System R-HSA-1280215 Separation Of Sister Chromatids R-HSA-2467813 Downstream TCR Signaling R-HSA-202424
Immune System R-HSA-168256 G1/S Transition R-HSA-69206
Interferon Alpha/Beta Signaling R-HSA-909733 G1/S-Specific Transcription R-HSA-69205
Interferon Signaling R-HSA-913531 Generation Of Second Messenger Molecules R-HSA-202433
M Phase R-HSA-68886 ISG15 Antiviral Mechanism R-HSA-1169408
Mitotic Anaphase R-HSA-68882 Initial Triggering Of Complement R-HSA-166663
Mitotic Metaphase And Anaphase R-HSA-2555396 Interferon Gamma Signaling R-HSA-877300
NGF-stimulated Transcription R-HSA-9031628 MHC Class II Antigen Presentation R-HSA-2132295
Neutrophil Degranulation R-HSA-6798695 Mitotic G1 Phase And G1/S Transition R-HSA-453279
Phosphorylation Of APC/C R-HSA-176412 Muscle Contraction R-HSA-397014

Nuclear Events (Kinase And Transcription Factor Activation) R-HSA-198725
PD-1 Signaling R-HSA-389948
Phosphorylation Of CD3 And TCR Zeta Chains R-HSA-202427
RHO GTPases Activate PAKs R-HSA-5627123
Smooth Muscle Contraction R-HSA-445355
TCR Signaling R-HSA-202403
Translocation Of ZAP-70 To Immunological Synapse R-HSA-202430

Supplementary Table 5: Comparison of Common and Unique Pathways Identified by scGPT and
the Co-expression Network From the Reactome Database. The enriched pathways from gene
programs extracted by both methods at Leiden resolution 40 are listed here for comparison, corre-
sponding to the Venn diagram in Figure 5E. The 14 immune-related pathways uniquely identified
by scGPT are highlighted in bold.
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Dataset Model Pearsondelta Pearsondelta+de

Adamson
scGPT (fine-tuned) 0.615 0.789
GEARS 0.531 0.678
LR 0.387 0.620

Norman
scGPT (fine-tuned) 0.583 0.742
GEARS 0.547 0.715
LR 0.532 0.697

Replogle
(All Perturbations)

scGPT (fine-tuned) 0.242 0.464
GEARS 0.154 0.277
LR 0.141 0.298

Replogle
(TF Only)

scGPT (fine-tuned) 0.154 0.340
GEARS 0.091 0.241
LR 0.096 0.221

Supplementary Table 6: scGPT’s Perturbation Prediction Results on the Adamson, Norman, and
Replogle perturbation datasets. scGPT was benchmarked with GEARS [18] and the Linear Re-
gression (LR) model on the test perturbations in each dataset. In the Replogle dataset, we further
evaluated all methods on a TF-specific subset of test perturbations. We present two correla-
tion evaluation metrics Pearsondelta, and Pearsondelta+de. See metric details in Supplementary
Note 12.
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3 Enhancing speed and decreasing memory usage in fine-tunings

In an attempt to hasten the fine-tuning phase and render scGPT more accessible for users, we
explored a variety of fine-tuning methods in the context of the scRNA-seq integration task. The
pre-trained weights from the whole-human dataset were employed to initialize our entire model.
As the standard practice, the baseline Full fine-tune procedure involves gradient updates for all
model parameters and includes all zero-expressed genes. We undertook experiments that involved
freezing the embedding layers and omitting zero-expressed genes during fine-tuning. From data
presented in Supplementary Table 7, we noticed a significant drop in the training time per epoch
as well as in GPU Memory usage throughout the fine-tuning process. Specifically, the removal of
zero-expressed genes resulted in a substantial reduction in our model’s maximum sequence length
to approximately 40 ∼ 60% of its initial length, effectively halving both the time spent on training
epochs and peak GPU Memory utilization. Furthermore, by freezing the embedding layer, we
achieved an additional reduction in Peak GPU Memory usage by 1GB, a slight increase in training
speed, while preserving a comparable AvgBio score.

Fine-tuning Metrics
Dataset Fine-tuning Option Avg Epoch Time(s) Peak GPU Mem(G) AvgBio

COVID-19 [1] Default 93.89 18.784 0.504
Accelerated 28.84 7.848 0.473

PBMC 10K [11] Default 56.91 18.248 0.821
Accelerated 26.40 8.088 0.828

Perirhinal Cortex [12] Default 81.00 18.248 0.899
Accelerated 37.22 7.816 0.899

Supplementary Table 7: Benchmarking Results for scRNA-seq Integration Speed Enhancement
Techniques. scGPT was evaluated based on different fine-tuning strategies on four datasets:
COVID-19 (18 batches) [1], PBMC 10K (2 batches) [11], and Perirhinal Cortex (2 batches) [12].
These evaluations were performed to assess cell type clustering and batch correction performance.
This table encapsulates two system metrics: the average duration of training per epoch and the
maximum GPU memory usage on an A100 GPU. The resulting AvgBio score is also presented for
performance comparisons.

4 Influence of pre-training data size

To investigate the effect of pre-training data size on scGPT’s performance, we pre-trained the
scGPT model on smaller scales of the normal human cells, i.e. 30K, 300K and 3M cells. The
resultant models were evaluated in both zero-shot and fine-tuned configurations across multiple
tasks. Supplementary Figure 13 reveals that, with growth in pre-training data size, scGPT has
increasing performance for both zero-shot and fine-tuning scenarios.

We demonstrate the influence of pre-training data size spanning various tasks of cell type an-
notation, reference mapping, and perturbation response prediction. Constant trends of increasing
fine-tuning performance were observed across all datasets (Supplementary Figure 13A-C). On cell
type annotation (utilizing softmax classifiers) and reference mapping, we observed significant in-
creases regarding all evaluation metrics. On the other hand, the performance gain on perturbation
is marginal. From the 30k data pre-training to 33M, the result fine-tuning differences are less than
7%, exemplified by the Pearsondelta improvement from 0.229 to 0.242. One of the reasons can be
the Perturb-seq data sparsity, which we further depicted in Supplementary Note 10.
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Next, we examined the performance of zero-shot settings for reference mapping and integration.
For these two tasks, the cell embeddings computed from the pre-trained scGPT can be used to
compute either the nearest neighbors for propagating reference labels, or for integrating similar
cells across samples. We visualize the performances when using different pre-trained models in
Supplementary Figure 13D,E. Again, we observed consistently increasing trends across tasks and
datasets. Notably, the most pronounced performance leap was observed when transitioning from
the 300K to the 3M pre-training data scale.

Overall, the positive correlation between pretraining data size and the performances on down-
stream performances showcases the efficacy of pre-training. Pre-trained models will continue to
expand their capabilities, facilitating breakthroughs in single-cell research and unlocking new dis-
coveries in cellular biology. We also acknowledge the importance of considering model size alongside
data size. Previous research has shown a correlation between optimal model size and data size,
as discussed [19]. While some scaling trend curves (e.g. annotation and reference mapping) in
Supplementary Figure 13A may appear to reach a saturation point after the 3M data size, we
hypothesize that increasing the model size would lead to improved performance even at 33M data
size and beyond. We leave the exploration of varying model sizes to future work.

5 Context-specific pre-training and its influence on integration perfor-
mance

We pre-trained scGPT on cell atlases including all human cell types, envisioning that it contributes
to specific downstream applications primarily via fine-tuning. Given that downstream applications
typically focus on a limited subset of tissues or cell types, we are prompted to consider whether it
would be more beneficial to enhance performance for a specific fine-tuning task through context-
specific pre-training. To be specific, for the downstream fine-tuning on specific contexts of certain
cell types, we are interested in comparing the contributions of three different pre-trained models:
(1) scGPT (whole-human), which is the model pre-trained generally on all human cell types; (2)
in-context models, which during pre-training have seen similar cell types as in the downstream
applications; (3) out-of-context models, which are pre-trained primarily on different tissues or cell
types. To conduct this comparison, we tested a range of pre-trained models on the scRNA-seq data
integration task. These pre-trained models were originally trained using distinct tissue-specific
datasets, including lung, blood, heart, kidney, brain, pancreas, intestine, and an all-inclusive,
whole-human dataset. In particular, we subsampled from the original whole-human dataset to
generate a dataset of 13.2 million cells, aligning it in size with the blood (10.3 million cells) and brain
(13.2 million cells) datasets for a more direct comparison of the impact of context. We employed
each of the eight pre-trained models to perform data integration on the COVID-19 dataset [1],
followed by a comparative performance analysis. Given its diverse cellular composition, including
Lung, PBMC, and Bone Marrow cells, this dataset provides an ideal platform for investigating the
effects of employing pre-trained models from different cellular contexts.

Our analysis produced notable results, revealing a clear correlation between the relevance of the
model context used in the pre-training initiatives and their subsequent performance on the COVID-
19 dataset. Supplementary Figure 8 visualizes these findings, showcasing the average AvgBIO
score along with the standard error derived from five integration experiments for each pre-trained
model (Panel A). Moreover, the UMAP visualization (Panel B) presents an in-depth view of the
cell embeddings colored by cell types, substantiating the quality of the learned representations
and visually validating the models’ integration performance. Notably, the top performers in this
analysis were models pre-trained on whole-human, blood, and lung datasets, which correspond
closely to the cell types present in the COVID-19 dataset.

9



In particular, even though the brain pre-trained model was trained on a substantial dataset
of 13 million cells, it trailed in performance by 8% compared to the blood pre-trained model
with a similar dataset size. This gap in performance sheds light on the importance of cellular
context relevance. Specifically, the cellular context of the blood model aligns more closely with
the COVID-19 dataset, which includes immune cells, bone marrow cells, lung cells, and PBMCs.
Thus, it becomes evident that the alignment of the cellular context in the pre-training phase
plays a critical role in achieving superior results for downstream data integration tasks, even when
datasets of similar sizes are compared. In light of our findings, the whole-human pre-trained
model, embodying a vast spectrum of cell types, consistently demonstrates robust performance
across diverse analyses.

Our investigation underlined the significance of cellular context in single-cell RNA-seq data
integration tasks. In certain circumstances, when the cellular context of the target dataset aligns
with the tissue-specific pre-trained models, these models can excel. Overall, while it is essential
to consider the cellular context, the whole-human pre-trained model emerges as a versatile and
reliable option for a wide range of applications.

6 Choice of the number of bins in data processing

The binning strategy we introduced in Methods - Input embeddings reshaped the distribution of
gene expressions across samples to a unified scale and thus served as an immediate step to partially
remove technical batch effects at the preprocessing stage. This is especially crucial for effective
pre-training and subsequent knowledge transfer during fine-tuning.

The number of bins controls the granularity of binned expression values. A trade-off exists in
the selection of the bin count. Fewer bins may result in the loss of granular detail in the data but
can be advantageous for mitigating batch effects. Conversely, a larger number of bins could reveal
more nuanced variances but may also preserve high levels of noise and sequencing batch effects.

To verify the effectiveness of binning, we conducted experiments with varying settings, testing
whether or not to use binned values and different numbers of bins. The experiments are conducted
both in fine-tuning and from-scratch settings on the PBMC 10K [11] dataset for integration, and
we examined the influence on task performance (Supplementary Figure 10). In both settings, we
tested the number of bins in a large range from 3 to 2001, and found the proper settings of bins in
the range of tens to a few hundred consistently lead to better performance. Particularly, the fine-
tuning performance reaches optimal when the number of bins is around 51, which is also the setting
we used for pretraining. This finding indicates that maintaining similar bins between pretraining
and fine-tuning potentially eases the process of transfer learning. Lastly, we found utilizing the
binning strategy outperforms the setting without binning for both fine-tuning and from-scratch
training. Overall, the experiments empirically demonstrate that the binning approach serves as an
effective method for data preprocessing for training single-cell foundation models.

7 Attention-based identification of gene interactions for functionally re-
lated genes

To demonstrate the interactions of functionally related genes in perturbation conditions, we per-
formed an attention-based analysis (Methods) on two groups of transcription factors (TFs) that
have been perturbed by Replogle et al. [20]. TFs within the group were reported to trigger similar
genetic responses, thus annotated by Replogle et al. [20] as mRNA polyadenylation and histone
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acetylation, respectively. The mRNA polyadenylation group includes TFs CPSF2, CPSF3, CPSF4,
and CSTF3. The histone acetylation group includes TFs KAT8, MCRS1, and YEATS4. In our
experiment, we fine-tuned scGPT on the Replogle dataset, and tested its ability to recapitulate
these gene relations.

In both cases, scGPT identified putative gene targets validated in the CHIP-Atlas databases
using the top 20 most influenced genes (Supplementary Figure 9). Common gene targets are
shared among TFs in the same functional group. In the Reactome pathway analysis, with the
predicted gene interactions for CPSF2, CPSF3, CPSF4, and CSTF3, scGPT identified mRNA 3-
End Processing, the exact process of mRNA polyadenylation as annotated by Replogle et al. [20].
Moreover, 8/12 of these enriched pathways include one or more of these TFs, highlighting processes
directly regulated by these genes (Supplementary Figure 9A). Enriched by the predicted genes
associated with KAT8, MCRS1, and YEATS4, scGPT is able to capture a multitude of biological
processes regulated by histone acetylation, including DNA replication [21, 22, 23, 24, 25], DNA
repair [21, 23], and cell cycle regulation [21, 25] (Supplementary Figure 9B). These results validated
scGPT’s ability to uncover the gene interactions for specific processes defined by functionally
related transcription factors, along with their downstream effects.

8 Perturbation expression prediction with KnockTF evaluation

We extended our perturbation prediction evaluation on the Replogle dataset [20] by comparing
further with the Transcription Factor (TF) expression profiles of bulk perturbation experiments
from the KnockTF database [26]. Specifically, we used the model trained on the Perturb-seq
Replogle dataset to predict the perturbation response and test the alignment of the results with
the records in the KnockTF. This represents a unique challenge stemming from differences between
training and inference data. The scGPT model was originally trained on single-cell data and
evaluated on its ability to generalize to unseen bulk expression inputs and predictions.

The KnockTF database contains bulk gene expression profiles for 72 TFs that used the matched
cell type of K562 cell line and CRISPRi intervention methodology as in Replogle dataset. These
profiles contain the pre- and post-perturbation mean expressions. After removing TFs with missing
recorded gene expression, we retained 63 TF perturbations to be tested. These 63 test TFs can
be split into two groups: 1) The perturbation TFs that have been included in the gene expression
profiles of Replogle dataset (n=40), and 2) perturbations of totally unseen TFs (n=23). For
each TF perturbation, we obtained a predicted bulk expression profile from the scGPT model by
inputting the bulk gene expression record pre-perturbation and the information of the perturbed
TF. We then compared the predicted expressions with the corresponding ground-truth post-perturb
bulk expression profiles from KnockTF. Since the gene expression values are on different scales
from single-cell to bulk experiments, we reported Spearmandelta correlation scores on all gene
expression changes, as well as the 20 highest-ranked DE genes for each TF perturbation condition.
We benchmarked with the GEARS model that was trained on Replogle dataset and tested in the
same settings as above.

In Supplementary Table 8, scGPT showcased competitive performance in predicting gene ex-
pression changes captured by the Spearmandelta and Spearmandelta+de scores. This endorsed
scGPT’s ability to encode important changes in the gene network elicited by perturbations and to
generalize to unseen datasets. GEARS on the other hand, tend to predict small expression changes
post-perturbation similar to the predicted values on single-cell data that fail to generalize to the
bulk gene expressions. Furthermore, scGPT offers the unique capability of predicting perturbation
results for TFs that are not included in gene expression profiles originally (i.e. the unseen group),
which is primarily thanks to the advantage of the transformer architecture, so the new gene tokens
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of the unseen TFs can be easily appended to the input.

Correlation Metrics
Test Group Model Spearmandelta Spearmandelta+de

TFs seen in Replogle dataset
scGPT (fine-tuned) 0.340 0.310
GEARS -0.148 -0.270

TFs unseen in Replogle dataset
scGPT (fine-tuned) 0.417 0.256
GEARS - -

Supplementary Table 8: scGPT’s Perturbation Prediction Results Validated with KnockTF [26].
scGPT fine-tuned on the Replogle dataset was benchmarked against GEARS [18] by comparing
with bulk perturbation expression profiles from the KnockTF database. We present correlation
evaluation metrics Spearmandelta, and Spearmandelta+de. Notably, GEARS does not allow addi-
tion of new genes at inference time and thus do not support the prediction on the unseen group.
See metric details in Supplementary Note 12.

9 Revisiting evaluation metrics for perturbation response prediction

The field of perturbation response prediction represents an emergent yet highly promising appli-
cation. Existing studies commonly employ correlation-based metrics for evaluation. Specifically,
correlations between predicted post-perturbation gene expression values as well as gene expression
changes (“delta”), have been reported in existing methods of GEARs [18] and CPA [27].

In this work, we specifically examined these correlational metrics and opted for an evaluation
paradigm focused on expression changes (“delta”): We found that the evaluations by Pearsondelta

and its variants, as reported in Supplementary Table 6, can better capture the difference between
methods and faithfully indicate the prediction quality. Contrary to this, we delineate the following
reasons to argue that metrics based on raw expression levels may introduce bias:

(1) Bias Toward Natural Transcriptional Variance: Utilizing Pearson correlation met-
rics on expression levels introduces bias as it predominantly captures natural variances in transcrip-
tional abundance across genes. For instance, housekeeping genes, which are sufficiently expressed
across varying conditions, can contribute to inflated correlation scores. To demonstrate this phe-
nomenon, we report a naive baseline that employs the mean expression level of control cells as
the prediction for perturbation responses. Remarkably, despite its inability to predict expression
changes, this baseline yielded high Pearson scores across all evaluated datasets, as showcased in
Supplementary Table 9. This pinpoints the issue that the correlation on raw expression is mostly
evaluating the background expression variances among genes, rather than the differences specific
to the perturbed conditions.

(2) Inflation of Performance Metrics: Metrics based on raw expression levels frequently
present inflated scores, often surpassing the 0.95 threshold, as indicated in Supplementary Table 9.
This overestimation can be misleading, as it may imply that the challenge of predicting perturba-
tion responses has been adequately addressed. In contrast, as reported in Supplementary Table 6,
metrics on the delta-change reveal that the predictions are far from perfect, especially on the most
challenging genome-wide Perturb-seq Replogle dataset. Although the comparative trends among
different methodologies remain consistent under both metric categories, delta-change metrics pro-
vide a more stringent and informative evaluation.

In summary, our findings advocate for the adoption of delta-change metrics in evaluating per-
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turbation response predictions. These metrics not only circumvent the biases inherent in raw-
expression-based evaluations but also offer a more granular understanding of performance differ-
ences among competing methodologies.

Dataset Model Pearson Pearsonde

Adamson
scGPT (fine-tuned) 0.990 0.976
GEARS 0.984 0.966
LR 0.987 0.939
Control 0.987 0.919

Norman
scGPT (fine-tuned) 0.989 0.940
GEARS 0.986 0.940
LR 0.988 0.930
Control 0.981 0.850

Replogle
(All Perturbations)

scGPT (fine-tuned) 0.991 0.962
GEARS 0.989 0.958
LR 0.988 0.958
Control 0.991 0.956

Replogle
(TF Only)

scGPT (fine-tuned) 0.993 0.970
GEARS 0.992 0.961
LR 0.990 0.964
Control 0.994 0.956

Supplementary Table 9: Evidence for the inadequacy of Pearson correlation between expression
abundance as an evaluation metric for perturbation response prediction. The naive baseline method
of using mean control expression as prediction can generate high correlations on all datasets,
although the method has no ability to predict gene expression change post-perturbation. This
indicates that the correlation of expression magnitude can be inflated by the natural difference
between genes, and thus it is a reliable indicator to evaluate perturbation response predictions.
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10 Discussion about future prospects and limitations

We have presented scGPT as a promising attempt to build single-cell foundation models. Although
at a relatively early stage, we expect foundation models can leverage the knowledge from large-
scale cell atlases and transfer them for contribution to the various analyses for specific research
questions on custom data, potentially providing new biological insights. In this section, we identify
some of the important prospects and limitations for this direction based on our observations and
considerations.

Zero-shot applications In Supplementary Notes 1 and 4, we examined the zero-shot applica-
tions for data integration and reference mapping. The pre-trained scGPT model demonstrates
considerable abilities for these tasks off-the-shell. Shown in Supplementary Table 1, the zero-shot
scGPT model displays noteworthy performance that is on par with other specialized methods.
Shown in Supplementary Figure 12, zero-shot embeddings provide better integration performance
than principal component-based approaches for highly variable genes. The advantage is demon-
strated by the higher AvgBIO scores on two out of three datasets and AvgBATCH scores on all
three datasets. On the COVID-19 dataset, zero-shot performance closely approximates that of
the fine-tuned model and surpasses both Seurat V3 and Harmony, as evidenced by comparisons
between Supplementary Figures 12 and 6A. In the context of the Lung-Kim dataset, the zero-shot
embeddings distinctly segregate NK cell populations from T cells within the UMAP visualization.
Moreover, within the Multiple Sclerosis dataset, zero-shot embeddings effectively isolate neurons
of cortical layers 5-6 from other layers, which is not accomplished by utilizing the UMAP of highly
variable genes (HVGs). Based on these findings, we believe the pre-training introduced in this
work demonstrates promising embeddings that align with biological features. With the growing
model capacity and pre-training data diversity in future development, we envision the zero-shot
embeddings from single-cell foundation models can serve as a fast and context-rich method for
various applications such as visualizing, clustering, and reference mapping, etc.

While the demonstrated zero-shot capabilities of our model are indeed promising, we find it
imperative to highlight two potential limitations: (1) The range and proportions of cell populations
present in the pre-training dataset could limit the efficacy of zero-shot applications for underrep-
resented cell types. As depicted in Figure 1D,E, cell atlases are commonly populated with specific
cell types, such as neural and immune cells. Rarely occurring cell types or those from unique
conditions are correspondingly underrepresented, which could curtail performance in subsequent,
similar analytical contexts. We anticipate that future pre-training with more diverse and balanced
cell types may ameliorate this limitation. (2) The pre-training protocol in its current form does
not explicitly account for the removal of batch effects. Consequently, zero-shot embeddings gener-
ated directly from the pre-trained model may retain ”consistent” variations introduced by differing
sequencing protocols or devices. The following paragraph delves into this subject in greater detail.

Pre-training design and its implications for batch correction The current pre-training is
a purely data-driven and self-supervised procedure that optimizes the model to reconstruct gene
expressions in sequenced samples. This procedure offers the benefits of avoiding potential human
bias in the meta-labels and treating all raw signals in the data “equally”. However, it inherently
omits specific requirements that may be critical for downstream analyses. We draw particular
attention to the fact that our pre-training strategy does not inherently include the mitigation of
the technical variations introduced by sequencing protocols and devices.

In single-cell data analysis, technical batch effects indicate data distribution shifts that are
driven by the sequencing procedure, rather than biological variations [28]. The mitigation of such
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effects is instrumental for more accurate visualization and clustering of cell populations across
multiple samples. Numerous elements contribute to the introduction of batch effects in the col-
lation of cell atlases, including but not limited to, capturing times, personnel involved, reagent
batches, types of equipment, sequencing protocols, and technological platforms [29]. Considering
the pretraining process reconstructs binned gene expressions from other observed genes, we can
classify these factors into two broad types based on their influence on pretraining: (1) The type I
factors are the ones that may largely have global effects on the capturing of all gene expression,
such as capturing times or sequencing depth. The pre-training may mitigate these factors through
repeated training on large data examples. (2) The type II factors have gene-specific influences. As
reported by existing literature [29], some of the technical batch effects (i.e. sequencing protocols
and machines) can heavily shape the gene expression distributions. Rather than being ameliorated,
these effects could be faithfully encapsulated during the pre-training process. From the standpoint
of our pre-training objectives, these factors are not considered noise but important signals to the
gene expression reconstruction task.

We would argue this limitation on the mitigating of type II technical effects is a necessary trade-
off for maintaining an “unbiased” pre-training. While it may be plausible to incorporate a batch
effect mitigation objective within the pre-training scheme, the added objective could compromise
the original pre-training goals aimed at reconstructing biological gene expression because of the
complex, often non-linear relationships between technical and biological factors. Consequently, we
advocate maintaining an ”unbiased” data-driven approach during pre-training, thereby offering
the flexibility to prioritize specific analytical objectives in subsequent fine-tuning stages.

Challenge of evaluation The evaluation for single-cell foundation models can be extremely
challenging, primarily due to the absence of definitive ”ground truth” for a range of application
tasks. Unlike in Natural Language Processing, where human judgment often serves as a reliable
standard, biological data lack an unequivocal benchmark for performance evaluation. Furthermore,
obtaining or validating expert annotations is both time-consuming and resource-intensive.

One specific challenge we encountered was evaluating the model performance on tasks that
require human annotations as labels, such as data integration and cell type identification. The
original annotations for cell types were usually derived from clustering analyses and linear sepa-
rations based on marker gene expressions. Therefore, when evaluating the performance of models
by matching with human annotations, linear and simple models may be favored in the assessment.
This phenomenon has also been observed in the benchmarking study for cell type identification
[30], where conventional methods demonstrated superior performance than existing specialized
approaches for single-cell analysis.

Expression prediction tasks such as perturbation response prediction offer potentially more
authentic evaluations without the need for human annotations. However, the issue of data quality
becomes prominent. In our analysis of three Perturb-seq datasets used for perturbation response
prediction, we found the ratios of uncaptured gene expression to be notably high: 84% for the
Adamson dataset, 92% for the Norman dataset, and 66% for the Replogle dataset. In the case
of the Norman dataset, the extreme data sparsity not only reduced the preservation of genuine
biological signals but also complicated both the training and evaluation processes. Conversely,
the more recent Replogle dataset, with a higher capturing rate, provided a more rigorous test of
methodological differences and revealed the intrinsic challenges of the prediction task, as indicated
in Supplementary Table 6. Moving forward, we anticipate that the continual improvement in the
quality and scale of available datasets will enhance the utility of expression prediction tasks for
evaluating single-cell foundation models.
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11 Comparison to existing approaches

Transformers for modelling single-cell sequencing data. Transformer models employing
self-attention mechanisms [31] have demonstrated remarkable success in the field of natural lan-
guage processing (NLP) [32], computer vision [33], and protein folding prediction [34]. However,
there have been few efforts to incorporate the transformer architecture into single-cell biology and
its related applications. Shen et al. [35] utilize a transformer decoder setup to learn the sequence
of the names of highly expressed genes, but they do not take into account the actual sequenced
expression abundance, resulting in the loss of crucial biological information. scBERT [7] and
TOSICA [6] used BERT-like architectures [32] to train cell embeddings but only applied the model
on the supervised task of cell annotation. Similarly, Connell et al. [36] utilized transformer en-
coders mainly to predict genetic perturbation responses. To our best knowledge, scGPT is one of
the first methods to provide a generative pre-trained transformer foundation model for multiple
single-cell analysis tasks.

Pre-training on large cell atlases Although the idea of employing pre-training and fine-tuning
on a wide range of downstream tasks as a unified framework remains largely unexplored, several
works have attempted to use transfer learning on specific tasks. Enformer [37] pre-trained a trans-
former model on 60 thousand human and mouse DNA sequences, and fine-tuned on experimental
data for variant effect predictions on gene expressions and inference on enhancer–promoter interac-
tions. scArches [1] devised a transfer-learning-based approach for reference mapping by pre-training
a conditional variational autoencoder (VAE) on the reference datasets. However, the scale of the
reference datasets remains limited, and the VAE-based architecture does not incorporate attention
computation. On the other hand, scBERT [7] is pre-trained on 1 million cells with a BERT archi-
tecture. However, the downstream application focuses on cell type annotation only, thus restricting
the generalizability of the pre-training and fine-tuning strategy. A recent work, Geneformer [38],
has extended pre-trained transformers beyond cell type annotation to gene network analysis and
in-silico probing of cell states, but the work didn’t demonstrate abilities for perturbation response
prediction or multi-omic integration. scGPT has compiled an unprecedented scale of pre-training
data and evaluated on a diverse range of downstream tasks, which presents the pre-training and
fine-tuning strategy as a unified framework for versatile single-cell analysis.

Learning cell and gene representation for single-cell omic data on downstream tasks.
Cell representation learning facilitates a variety of downstream tasks such as cell type annotation,
multi-omic integration, and perturbation prediction. A popular framework Seurat [9, 39] employs
nearest-neighbor-based alignment to remove batch effect via linear transformation in the embed-
ding space. LIGER [40] and OCAT [41] use matrix factorization to extract latent cell embeddings.
Recently, Deep Learning methods and especially VAE-based generative models have gained increas-
ing popularity, as they generate deep embeddings via non-linear transformations through neural
networks [42]. scVI [8] learns latent cell representations by reconstructing original gene expression
via variational inference. TotalVI [43], scGen [44], CPA [27] and MultiCPA [45] utilized similar
models and extended the application to multi-omics and perturbation prediction. For scATAC-seq
data, due to the high dimensionality and sparsity of the features space, scBasset [46] leveraged
convolutional neural networks to extract compact cell representations. On the other hand, gene
representation learning also supports many downstream tasks including gene regulatory network
and functional pathway analysis. As an example, GeneVector [47] detects gene-gene functional
relations by factorizing the co-expression and mutual information matrix of the sequencing read-
out. VEGA [48] utilizes a sparse VAE architecture to encode gene network activities for added
interpretability. DeepMAPS [49] utilizes graph neural networks to encode cell and gene nodes for
related tasks. Extending to multi-omic analyses, SIMBA [50] jointly embeds cell and feature rep-
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resentations from scRNA-seq, scATAC-seq and DNA sequences into shared latent space through a
graph embedding approach. CellSpace [51] also employed graph embedding techniques to project
scATAC-seq profiles of cells and k-mers in DNA sequences into the same space. Despite the im-
portance of the two branches of research in cell and gene embedding learning, few approaches
have worked on jointly learning both. scGPT stands out as an approach to effectively learn both
embeddings of cells and genes jointly in a shared architecture.

12 Evaluation Metric Calculations

12.1 Cell Type Assignment

We used the standard classification metrics Accuracy, Precision, Recall, and MacroF1 to evaluate
cell type assignment performance. The Accuracy, Precision, Recall, and MacroF1 scores are
calculated from true positives (tp), false positives (fp), and false negatives (fn) globally or averaged
per class c of Nc cells.

The Accuracy, Precision and Recall scores are calculated as follows:

Accuracy =

∑
c∈C tpc∑
c∈C Nc

, P recision =
1

|C|
∑
c∈C

tpc
tpc + fpc

, Recall =
1

|C|
∑
c∈C

tpc
tpc + fnc

.

The MacroF1 score is calculated per cell type c first and averaged across cell types:

MacroF1 =
1

|C|
∑
c∈C

F1c, where F1c =
2 × Precisionc ×Recallc
Precisionc + Recallc

.

The above metrics are calculated using scikit-learn’s implementations [52].

12.2 Perturbation Expression Prediction

We employed the correlation-based metrics to assess perturbation expression prediction perfor-
mance, akin to the approach by Roohani et al. [18]. The original Pearson correlation metrics were
calculated on average expression profiles between ground-truth and prediction per perturbation
condition. These Pearson scores were then averaged across conditions as the final Pearson metric.
We also reported variations of this metric including Pearsondelta, Pearsonde, and Pearsondelta+de,
focusing on the change of expression profiles post-perturbation and/or differentially expressed genes
across conditions respectively.

For each perturbation k, given the predicted gene expression matrix Xk
pred containing Npred

cells and M genes, the average predicted profile xk
pred is calculated as:

xk
pred,m =

∑Npred

i=0 Xi,m

Npred
,
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where the value at gene m is the mean expression value of that gene across all predictions. The
dimension of the average predicted gene expression profile xk

pred is 1 ×M . Similarly, we calculate

the average gene expression profile for target expressions denoted as xk
truth, and that for control

cells denoted as xcontrol.

The Pearson correlation score for perturbation condition k is calculated as:

Pearsonk =

∑M
m=0 (xk

pred,m − x̄k
pred)(xk

target,m − x̄k
target)√∑M

m=0 (xk
pred,m − x̄k

pred)2
∑M

m=0 (xk
target,m − x̄k

target)
2
.

The final Pearson score is the average across K perturbation conditions:

Pearson =

∑K
k=0 Pearsonk

K
.

In the Pearsondelta variation, we calculated the correlation scores between xk
pred−xcontrol and

xk
truth − xcontrol instead of xk

pred and xk
truth, to highlight the post-perturbational changes in the

gene expression profiles. In the Pearsonde variation, we calculated the correlation scores on the
top 20 most differentially expression genes for each condition. In the Pearsondelta+de variation,
we applied both of these changes above. For the extended comparison with bulk profiles from
KnockTF, we computed the rank-based Spearman correlation scores instead for these variations.
The Pearson and Spearman metrics were implemented using scipy.stats package.

12.3 Reverse Perturbation - Predicting driving gene perturbations with TopK Re-
trieval

We employed two modified topK retrieval accuracy metrics to assess the reverse perturbation
prediction performance. The hit rate of correct predictions calculates the proportion of test cases
where the topK retrieved experiments contain the target (i.e., query) condition. For example, for
each test case of target condition X+Y, if the topK retrieved experiments contain X+Y, we count
this test case as a hit. We also reported a relaxed topK accuracy metric for relevant retrievals with
one-gene overlap. The percentage of test cases with relevant predictions calculates the proportion
of test cases where the topK retrieved experiments contain any cases with a one-gene overlap with
the target condition. For example, for the same test case X+Y, if the topK retrieved experiments
contain X, Y, X+A, A+X, Y+A, or A+Y, we count this test case as a hit. This relaxed metric
aims to provide added interpretability for scGPT’s choices of retrieval.

12.4 Single-cell integration

We adopted the evaluation metric calculations outlined by Luecken et al. [28] in their benchmark
study. Each metric is described below.

Normalized Mutual Information

To quantify the concurrence between the cell type labels based on ground truth and the Lou-
vain cluster labels obtained from integrated cell embeddings, we computed the normalized mutual
information (NMI) score. The Louvain clustering was conducted across resolutions ranging from
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0.1 to 2, with increments of 0.1. The best score will be selected. The NMI score for cell types,
referred to as NMIcell, ranges between 0 and 1, where a higher score indicates a better match of
cell types.

Adjusted Rand Index

The adjusted rand index (ARI) was employed to assess both the agreement between the anno-
tated labels and the MNI-optimized Louvain clusters. Furthermore, the rand index was adjusted
to account for randomly correct labels. The ARI score for cell types, denoted as ARIcell, ranges
from 0 to 1, where 0 corresponds to random labeling and 1 represents a perfect match.

Average Silhouette Width

The silhouette width assesses the relationship between a cell’s within-cluster distances and its
distances to the closest cluster boundaries. By averaging the silhouette widths of all cells, we
calculate the average silhouette width (ASW) score. This score ranges from -1 to 1, where a score
of 1 indicates well-separated clusters, while scores from -1 to 0 suggest overlapping clusters and
misclassification.

For evaluating cell type clustering, we compute the ASW score based on cell type labels,
represented as ASWcell. To obtain this score, we utilize the following formula:

ASWcell = (ASWC + 1)/2

Here, C represents the cell types.

Regarding batch mixing evaluation, we calculate the ASW score considering batch labels and
adjust it by subtracting 1. This score is denoted as ASWbatch. The calculation is as follows:

ASWbatch = 1 − |ASWB |

Both ASWcell and ASWbatch have values between 0 and 1. Higher scores indicate better
cell-type clustering or batch-mixing performance.

Graph Connectivity

The graph connectivity metric quantifies the average proportion of cells within each cell type
that are connected through a kNN (k-nearest neighbors) graph. For every cell identity c in the
set C, we compute the size of the largest connected component using kNN among cells exclusively
belonging to identity c. This value is divided by the total number of cells with identity c to obtain
a normalized measure. The GraphConn score is then reported as the average across all cell
types:

GraphConn =
1

|C|
∑
c∈C

|LCC(GkNN
c )|

Nc

Here, LCC represents the largest connected component, and N denotes the number of cells of
each celltype.

Aggregated Metrics
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The aggregated metric AvgBIO calculates the average of biological conservation metrics:

AvgBIO = (ARIcell + NMIcell + ASWcell)/3

Similarly, the aggregated metric AvgBATCH computes the average of batch mixing metrics:

AvgBATCH = (ASWbatch + GraphConn)/2

In accordance with the convention established in [28], an Overall metric is derived as the
weighted average of 0.6 ∗AvgBIO + 0.4 ∗AvgBATCH.
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Supplementary Figure 1: The scGPT Attention Mask. The masked positions are colored in blue,
and the unmasked positions in white. These masked and unmasked positions correspond to the
M × M attention map for M input tokens. The rows correspond to queries (Q) and columns
correspond to keys (K). In the self-attention computation of transformers, the attention scores on
the masked positions will be removed. The token identity associated with each column is annotated
below, namely “cell emb < cls >” for cell embedding, “genes & expression” for known genes, and
“genes to predict” for unknown genes. (A) scGPT attention mask in training where only query
gene and the known genes participate in attention computation. (B) After training, the attention
mask at each step during the iterative process of scGPT cell-prompt generation.
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Supplementary Figure 2: UMAP of 3 million cancer cells using the cell embeddings from the pre-
trained pan-cancer model. From left to right, the colors indicate the cancer types, tissue types, and
cell types. We observed that the model is able to generate cell embeddings revealing the difference
in cancer and cell types primarily, exemplified by the outlined three regions.
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Supplementary Figure 3: Organ-specific models. (Center) The UMAP visualization of selected
3 million collected normal human cells using the cell embeddings from the pre-trained scGPT
whole-human model. Cells are colored by the organs of origin. (Around) The UMAP visualization
of cells from each organ using the cell embeddings from the corresponding organ-specific models.
The colors in each image indicate major cell types. For example, the top left UMAP visualizes
brain cell embeddings from the scGPT model that was specifically pre-trained on brain cells. The
outline color of each UMAP plot indicates whether the size of the organ-specific training data is
larger than 800,000 cells (blue) or not (grey). We observed that models trained on sufficient data
(i.e., > 800,000 cells) could generate decent cell embeddings that can separate major cell types.
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Supplementary Figure 4: Visualization of Annotated Functional Groups by Norman et al. [53].
(Left) UMAP visualization of perturbation condition embeddings colored by functional groups on
the left. Crosses indicate perturbations that have been tested experimentally in the original study.
Colored dots indicate perturbation conditions with annotations. (Right) UMAP visualization of
perturbation condition embeddings colored by average predicted marker gene expression on the
right for the Erythroid and Granulocyte cell groups.
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Celltype, AvgBIO = 0.728

Gene Embedding (Zero-shot) A B

Supplementary Figure 5: Visualization of the scGPT cell and gene embeddings on the PBMC 10K
dataset, using the pre-trained model without fine-tuning (i.e., zero-shot). (A) UMAP visualization
of cell embeddings colored by cell types. (B) UMAP visualization of gene embeddings. The highly
variable genes corresponding to major celltype were colored accordingly.
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Supplementary Figure 6: (A,B,C) Benchmark of the fine-tuned scGPT model with scVI [8], Seurat
Seurat [9], and Harmony Harmony [10] on the COVID-19 (18 batches) [1], PBMC 10K (2 batches)
[11], and Perirhinal Cortex (2 batches) [12] datasets for cell type clustering performance upon
batch integration. The UMAP plot of learned cell embeddings was colored by cell types.
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Supplementary Figure 7: Benchmark of scGPT with scVI [8], Seurat [9], and Harmony [10] on
the COVID-19 (18 batches) [1], PBMC 10K (2 batches) [11], and Perirhinal Cortex (2 batches)
[12] Datasets for Batch Correction. UMAP visualization of cell embeddings colored by sequencing
batches.
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Supplementary Figure 8: scRNA-seq batch integration results on the COVID-19 dataset (com-
prising 18 batches) [1], with fine-tuning applied on each of our tissue-specific pre-training models.
The COVID-19 dataset comprises a range of samples, including those derived from COVID-19,
lung, bone marrow, and PBMC data, reflecting its cellular context. (A) Illustration of the mean
AvgBIO score with ± standard error derived from (n = 5) scRNA-seq integration experiments for
each pre-trained model. *p = 0.0487, ***p = 0.0008, ****p < 0.0001 (independent samples t-test).
The AvgBIO score provides a quantitative measure of the efficacy of each pre-trained model in
integrating batches. The models are ordered by their average score, highlighting the potential of
tissue-specific pre-training in improving the performance of integration. In-context models (Blood
and Lung), which align with the cell types in the target dataset, are separated from out-of-context
models (Heart, Brain, Kidney, Pancreas, Intestine) by coloring, highlighting the influence of cel-
lular context on the integration performance. (B) UMAP visualization of the cell embeddings,
colored by cell types, achieved by fine-tuning each of the tissue-specific pre-training models. The
plots depict the quality of learned representations in the context of cell type diversity, offering
visual confirmation of the models’ integration capabilities.
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Supplementary Figure 9: scGPT’s attention-based GRN analyses predict gene interactions for
functionally related transcription factors from the Replogle CRISPRi perturbation dataset [20].
(A) GRN analysis for transcription factors CPSF2, CPSF3, CPSF4, and CSTF3 involved in mRNA
polyadenylation regulation. The gene target network graph showcases the top 20 most influenced
genes identified by scGPT for each transcription factor. Verified gene targets by the CHIP-Atlas
database are highlighted in purple. The edge strengths reflect importance scores from scGPT.
The pathway diagram showcases grouping of enriched functional pathways among the top 100
most influenced genes from these transcription factors from the Reactome database. The term
specific to Replogle et al.’s annotation (i.e., mRNA polyadenylation) is highlighted in purple. The
terms related to these TFs or mRNA polyadenylation by literature search are highlighted in blue.
The non-spefic pathways are colored in grey. (B) GRN analysis for transcription factors KAT8,
MCRS1, and YEATS4 involved in histone acetylation regulation.
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Supplementary Figure 10: Distribution of integration performance across different binning strate-
gies. The model is trained on the PBMC 10K dataset for five runs per setting. Varying numbers of
bins were used for the data processing. The option of zero bins indicates using log1p transformed
data as input without binning. The box denotes the interquartile range of avgBIO. The median is
marked by the central line within each box. Whiskers extend to 1.5 times the interquartile range.
(A) The avgBIO scores reported when fine-tuning the pre-trained whole-human model. (B) The
avgBIO scores reported when training a smaller model of four-layer transformer from scratch.
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Supplementary Figure 11: Reference mapping results. (A) On COVID-19 [1] dataset, UMAP of cell
embeddings for zero-shot setting, and the confusion matrix computed by zero-shot and fine-tuned
predictions, respectively. (C) On Lung-Kim [5] dataset, UMAP of cell embeddings for zero-shot
setting, and the confusion matrix computed by zero-shot and fine-tuned predictions, respectively.
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Supplementary Figure 12: Multi-batch integration on three datasets using the zero-shot cell embed-
dings. UMAPs of the embeddings are visualized and compared with the UMAPs of the principle
components (PCs) of highly variable gene (HVG) expression. Colors indicate the batch and cell
types in each dataset. The AvgBATCH and AvgBio metrics are reported. We outlined the cell
types that are uniquely separable using scGPT cell embeddings on the Lung-kim and multiple
sclerosis (MS) datasets.
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Supplementary Figure 13: Influence of pre-training dataset size to various applications in both
fine-tuning and zero-shot settings. The COVID-19 [1], Lung-Kim [5], M.S. [54], and Replogle
[20] datasets were used in the experiments. Mean metrics on the test set, with n = 5 random
train-validation splits, were presented per task per pre-training setting. Shaded regions denote ±
one standard error. (A,B,C) Performance of fine-tuned scGPT for cell type annotation, reference
mapping, and perturbation response prediction, respectively. (D,E) Performance of zero-shot
scGPT for reference mapping and multi-batch integration, respectively.
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