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Abstract

Pre-trained language models (PLMs) have rev-
olutionized scientific research, yet their ap-
plication to single-cell analysis remains lim-
ited. Text PLMs cannot process single-cell
RNA sequencing data, while cell PLMs lack
the ability to handle free text, restricting
their use in multimodal tasks. Existing ef-
forts to bridge these modalities often suffer
from information loss or inadequate single-
modal pre-training, leading to suboptimal per-
formances. To address these challenges, we
propose Single-Cell MultiModal Generative
Pre-trained Transformer (scMMGPT), a uni-
fied PLM for joint cell and text modeling. scM-
MGPT effectively integrates the state-of-the-
art cell and text PLMs, facilitating cross-modal
knowledge sharing for improved performance.
To bridge the text-cell modality gap, scM-
MGPT leverages dedicated cross-modal pro-
jectors, and undergoes extensive pre-training
on 27 million cells — the largest dataset for mul-
timodal cell-text PLMs to date. This large-scale
pre-training enables scMMGPT to excel in joint
cell-text tasks, achieving an 84% relative im-
provement of textual discrepancy for cell de-
scription generation, 20.5% higher accuracy for
cell type annotation, and 4% improvement in k-
NN accuracy for text-conditioned pseudo-cell
generation, outperforming baselines. Our code
is available at https://anonymous.4open.
science/r/scMMGPT-6DDB/.

1 Introduction

Pre-trained language models (PLMs) are transform-
ing scientific research (Touvron et al., 2023a; Ope-
nAl, 2023; Hurst et al., 2024). Their ability to
recall scientific knowledge, analyze data, and per-
form mathematical reasoning helps to reduce man-
ual efforts and lower the research barrier in many
tasks. Notably, PLMs are opening new avenues
for single-cell analysis, which explores the molecu-
lar and functional characteristics of individual cells.
Previous studies have successfully employed PLMs
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Figure 1: Comparison between the scRNA-seq results
and the textual descriptions of a cell. The inherent
disparities between these two data modalities make it
difficult to jointly model them.

for cell annotation (Li et al., 2024) and retrieval (Xu
et al., 2023a; Lan et al., 2024), benefiting from
the extensive cellular knowledge embedded in the
PLMs’ training corpus.

Beyond the text-based PLMs above, cell PLMs
are also explored for single-cell analysis (Ji et al.,
2021a; Abdolhosseini et al., 2019). As Figure 1
shows, a cell can be represented as an array of gene
expression levels, providing insights into its biolog-
ical properties. These arrays, known as scRNA-seq
data, are generated through single-cell RNA se-
quencing (scRNA-seq) (Program et al., 2025). Pre-
trained on scRNA-seq data, cell PLMs have been
applied for batch effect correction, and pseudo-cell
generation (Yang et al., 2022; Hao et al., 2024; Cui
et al., 2024). However, cell PLMs are inherently
limited by their inability to process free text, pre-
venting them from integrating the rich single-cell
knowledge in textual corpora and restricting their
ability to perform text-guided cell generation and
cell description generation.

To resolve this limitation, we want to develop a
unified multimodal PLM unifying cell and text data
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Figure 2: Cell type annotation results with different cell representation methods. (a) Cell type annotation
accuracies on the full dataset and test set. Using cell sentences as cell representation leads to significant accuracy
degradation. (b-d) UMAP visualization of classification results and the ground truth. Classification using cell
sentences yields a lower accuracy score and exhibits poorer recognition capabilities in certain cell clusters.

for comprehensive single-cell analysis. While this
area has been explored, we identify two common
limitations of previous works:

* The Information Loss of Cell Sentences. Pre-
vious cell-text PLMs primarily represent sin-
gle cells as “cell sentences” (Hou and Ji, 2024;
Levine et al., 2024; Choi et al., 2024), where
genes are ranked by expression level, and only
the top 30-100 genes are retained as the cell’s rep-
resentation. This method captures less than 1%
of the total gene annotations in modern databases
(Program et al., 2025; Cao et al., 2017), which
record over 10,000 genes. Additionally, cell sen-
tences discard crucial information about gene
expression values. As Figure 2 shows, this repre-
sentation leads to significant performance degra-
dation in cell type annotation compared to the
original expression values representation, high-
lighting a crucial information loss.

* Limited Single-Modal Pre-training. Some pre-
vious works (Choi et al., 2024; Hou and Ji, 2024)
are built on text PLMs without sufficient pre-
training on scRNA-seq data, limiting their capac-
ity for comprehensive single-cell analysis. While
notably Levine et al. (2024) performs large-scale
cell pre-training on a text PLM’s checkpoint, it
suffers from catastrophic forgetting, compromis-
ing its text processing ability (cf. Section 4.2).

In this work, we propose the Single-Cell
MultiModal Generative Pre-trained Transformer
(s¢cMMGPT), a novel PLM designed for the mul-
timodal analysis and generation between cell and
text. sScMMGPT builds on the scGPT (Cui et al.,
2024), an extensively pre-trained cell PLM capable
of encoding the full scRNA-seq data. To address

scGPT’s inability to process text, we implement
a cell-to-text projector that projects scGPT’s rep-
resentations to the text space, leveraging Llama-
2 (Touvron et al., 2023b), a powerful text PLM, for
text generation. For cell generation, we implement
a text-to-cell projector to map Llama-2’s represen-
tations to scGPT’s cell space, providing textual
guidance. These cross-modal projectors between
cell and text enable effective information exchange
between the two PLMs, leveraging their respective
domain knowledge.

Given the advanced PLMs in the cell and text
modalities, scMMGPT focuses on bridging their
modality gaps by pre-training the two cross-modal
projectors. To this end, we pre-train scMMGPT
on 27 million cells from CELLxGENE (Program
et al., 2025), which is the largest pre-training
dataset for multimodal cell-text PLMs. Using this
dataset, we pre-train the text-to-cell projector for
text-conditioned cell generation, enabling it to map
the textual embeddings to a space that the cell PLM
can understand. Similarly, the cell-to-text projec-
tor is pre-trained for cell description generation.
Before this step, we warmup the cell-to-text pro-
jector’s weights with the additional pre-training of
cell-text contrasting learning and matching. This
step follows (Li et al., 2023), aiming to obtain a
model for cell type annotation tasks.

Our tailor-made architecture and extensive pre-
training equips scMMGPT with superior perfor-
mance on various downstream tasks. It achieves an
84% relative improvement of textual discrepancy
for cell description generation, a 4% k-NN accu-
racy improvement for text-conditioned pseudo-cell
generation, and 20.5% higher accuracy for cell type
annotation than baselines. Ablation studies further
validate the effectiveness of the key components.



2 Related Works

Single-Cell PLMs. Single-cell sequencing tech-
nologies provide diverse biological features that
facilitate the interpretation of cellular structures
and functions (Heumos et al., 2023; Cao and Gao,
2022). Advances in scRNA-seq have generated
massive, high-precision transcriptomic datasets,
driving the development of cell PLMs (Ziegenhain
et al., 2017). This technique quantifies the mRNA
molecule abundance, producing gene expression
matrices that record expression values of individual
genes across cells (Ji et al., 2021b). Previous works
have developed transformer-based foundation mod-
els on scRNA-seq data, pre-training with masked
learning objectives on millions of cells (Zhao et al.,
2023; Theodoris et al., 2023; Yang et al., 2022).
Subsequent works improve the learning process by
incorporating cell labels, such as batch effects (Cui
et al., 2024). After fine-tuning, these PLMs have
proven useful in practical downstream tasks includ-
ing cell-type annotation, perturbation response pre-
diction, and pathway activity inference.

Cell-Text Modeling. Textual descriptions of
cells and scRNA-seq data capture complementary
aspects of cellular systems. To jointly leverage
this complementary information, prior research has
explored enhancing cellular representation learning
using biological text descriptions (Chen and Zou,
2023; Zhao et al., 2024). Inspired by multimodal
PLMs in other scientific domains (Liu et al., 2023b;
Edwards et al., 2022), cell-to-text translation is also
exploredn (Xu et al., 2023a). Notably, the “cell
sentence” representation (Levine et al., 2024) is
introduced by transforming scRNA-seq data into
textual token sequences, which are widely used in
subsequent studies (Hou and Ji, 2024; Choi et al.,
2024; Fang et al., 2024). However, cell sentences
have substantial information loss, constraining the
model’s capacity to perceive fine-grained cellular
transcriptomics.

Scientific Multimodal PLMs. Multimodal
PLMs show remarkable potential for integrating
data from various modalities (Li et al., 2023;
Alayrac et al., 2022; Zhang et al., 2024), inspir-
ing research for scientific modalities. Existing
works have constructed multimodal PLMs for small
molecules (Liu et al., 2023b, 2024a) and pro-
teins (Xu et al., 2023b; Liu et al., 2024b) to tackle
cross-modal scientific problems, such as descrip-
tion generation and text-conditioned de novo de-
sign (Edwards et al., 2022; Cao et al., 2025). While

single-cell analysis presents similar scientific sig-
nificance, existing works struggle to maintain in-
formation fidelity when integrating single-cell tran-
scriptomics with textual knowledge. Unlike previ-
ous methods, scMMGPT employs PLMs on both
modalities to precisely model the scRNA-seq data
and textual tokens without information loss.

3 Methods

scMMGPT employs two PLMs for both cell and
text modalities, facilitating the understanding and
generation of cell and text through effective in-
formation sharing via cell-to-text and text-to-cell
projectors. Figure 3 illustrates the model architec-
ture of sScMMGPT. In this section, we delve into
the construction process of scMMGPT, including
detailed data collection and encoding (§3.1), the
multimodal PLMs of sSsMMGPT (§3.2), and the
complete pre-training scheme (§3.3).

3.1 Data Preprocessing

Single-cell RNA sequencing (scRNA-seq) data
records the gene expression levels across individ-
ual cells at transcriptomic resolution. These data
can be represented as a cell-gene expression ma-
trix X € NV*M where X;; (1 < i < N,1 <
j < M) denotes the RNA abundance of gene j
in cell 7. To accurately characterize the transcrip-
tional state of a cell, we represent each cell us-
ing the list of genes profiled during sequencing
and their corresponding expression values. For-
mally, for each cell ¢, we represent the list of

genes as glt) = [gy),géi), .. ,g](\i[)], where each

gj(.z) is a gene token from a pre-defined gene vocab-
ulary (Cui et al., 2024). The corresponding RNA
abundance information from the gene expression
matrix is denoted as an expression value vector
x(1) = [xgi),a:g), cen :1:5\})] € RM . To mitigate the
influence of sequencing depths (Zhang et al., 2020),
the expression value vectors then undergo a normal-

ization step followed by a loglp transformation:

| 20
7 =log(1 + ) (1)
k=1Tk

We leverage the scRNA-seq data from the Cellx-
Gene Database (Program et al., 2025), and collect
the metadata and textual descriptions for each cell
i via their online explorer!. We further augment
these descriptions with textual knowledge from

"https://github.com/chanzuckerberg/cellxgene
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Figure 3: Overview of ssMMGPT. scMMGPT utilizes a cell PLM and a text PLM to process corresponding
modalities, undergoing a large-scale pre-training on three primary tasks: (1) Cell-Text Representation Alignment:
scMMGPT receives inputs from both modalities and calculates a relevance score based on the output features of
both PLMs. (2) Cell Generation: scMMGPT uses the text PLM to extract embeddings from the textual descriptions,
which are then passed through a projector and a cross-attention layer to the cellular PLM for cell generation. (3)
Text Generation: sScMMGPT uses the cell PLM to parse the genes and expression values from scRNA-seq results.
After a projector, these cellular embeddings are fed to the text PLM to decode as a textual description of the cell.

the Open Biomedical Ontologies Foundry (OBO
Foundry) (Smith et al., 2007) and WikipediaZ.
These textual descriptions are then processed us-
ing a text tokenizer into a textual tokens sequence

t@) = [tgi), tg) tgf)]. The dataset details are in

Appendix A.

goe ey

3.2 Model Architecture

As shown in Figure 3, scMMGPT consists of three
trainable components: (1) a cell PLM for the under-
standing and generation of cells, (2) a text PLM for
the understanding and generation of textual data,
and (3) the cross-modal projectors that facilitate
information sharing between different modalities.

Cell PLM. We utilize a transformer-based cell
PLM, scGPT (Cui et al., 2024), to process the gene
tokens and expression values unique to scCRNA-
seq data. scGPT undergoes generative pre-training
on over 33 million single-cell samples (Program
et al., 2025), with training objectives including
gene expression prediction and cell generation.
This model encapsulates rich knowledge in the do-
main of single-cell analysis and has been validated
for downstream tasks of cell type annotation and
text-conditioned pseudo-cell generation (Levine
et al., 2024).

Text PLM. To facilitate high-quality text gener-
ation, we utilize a decoder-only generative trans-
former, Llama-2 (Touvron et al., 2023b), as our text
PLM. This model is pre-trained on 2 trillion tokens

2https://www.wikipedia.org/

of publicly available web data, incorporating exten-
sive human knowledge across diverse domains.

Cross-Modal Projectors. We employ a cell-to-
text and a text-to-cell projector to achieve repre-
sentation transformation between the cellular and
textual PLMs to bridge their modality gap:

* The Cell-to-Text Projector is implemented as a
Querying-Transformer (Q-Former) (Li et al.,
2023) to map the cell representations generated
by the cell PLM into the input space of the
text PLM. Q-Former maintains a set of train-
able query tokens that interact with the output
embeddings of the cell PLM through a cross-
attention mechanism. The parameters of the Q-
Former are initialized using BiomedBERT (Gu
et al., 2021), a BERT encoder trained with
biomedical scientific abstracts and literature from
PubMed (Canese and Weis, 2013).

* The Text-to-Cell Projector is implemented by
cross-attention layers (Vaswani, 2017) to map the
textual representations produced by the text PLM
into the feature space of the cell PLM. These
textual features then serve as soft-prompt (Li
and Liang, 2021) to the cell PLM, providing
conditions for downstream tasks such as text-
conditioned pseudo-cell generation.

3.3 Training Pipeline

scMMGPT’s pre-training objective is to bridge the
embedding spaces of scRNA-seq and text data,
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thereby enabling it to perform cross-modal con-
ditional generation. To achieve this, we first em-
ploy the cell-text representation alignment task to
align cellular and textual representations. Then,
we perform generative pre-training for each modal-
ity, including cell generation and text generation
objectives.

Cell-Text Representation Alignment. Consid-
ering the intrinsic variability of cellular data, the
pre-training of cell-text representation alignment
includes only the cell-to-text projector without the
text-to-cell projector. This pre-training process in-
volves two objectives: cell-text contrastive learning
and cell-text matching.

The Cell-Text Contrastive objective (CTC) aims
to map cells and text into a shared feature space.
We use a projector to extract representations for
both cells and text. Using the matching cell and text
as the positive examples, we use other cells within
the same batch as negative examples, and construct
the loss function based on InfoNCE (Oord et al.,
2018):

B £Cos (z(i) z(i))/'r
Lcte = (1
CTC = Z Og e cos( NO) (J))/
- T )
oS (zC ,zgz) )/T
1 .
+log B L eCos (zgl),zgj))/r ’
j:
where zgi) and zgi) represent the textual and cellular

embeddings, 7 is the temperature parameter, and
B indicates batch size.

The Cell-Text Matching (CTM) objective is de-
signed as a classification task, where the model
learns to predict whether a given cell and text are
matched or not. In this task, we let the textual
representations in the projector interact with cell
representations through cross-attention layers in
our Q-Former projector. Formally, the cell-text
matching loss for a batch can be expressed as:

1 B S
BEi~u,B) ; —log p(c™, t9) 3

+log p(c!”, t0)),

Lctm =

where U(-) is the uniform distribution and
p(e® @) denotes the model’s predicted probabil-
ity of (¢, t()) being matched. The overall train-
ing loss for cell-text representation alignment task
combines Lcrc and Letm:

Latign = Lcte + Letm- €]

Cell Description Generation (CDGen). CD-
Gen aims to generate the corresponding text de-
scriptions for a given cell. The cells are first
mapped to the embedding space of text tokens us-
ing a cell-to-text projector. Then, the decoder-only
text PLM performs autoregressive next token pre-
diction starting from these cell tokens to generate
a description of the cell. Formally, the objective
of this task is to minimize the loss function of the
autoregressive language modeling:

—log p(t”]c")

:—Zlogp l)\tl ye

Cell Generation (CGen). In the CGen task,
the model performs conditional cell generation
based on textual descriptions. We append some
dummy cell tokens at the end of each piece of cell
description and use the text PLM to autoregres-
sively generate the embeddings corresponding to
these dummy tokens based on the text sequence
ahead. These features pass through the text-to-cell
projector to produce embeddings of textual con-
ditions, which are then fed into the cell PLM via
cross-attention mechanism to generate pseudo-cells
x'() = [x'l(z), .. ,x;\(})].

Formally, we use Mean Squared Error (MSE)
loss to train the model to reconstruct the input cel-
lular information:

£CDGen =

. 5)
tl ey,

M
Logen = Y MSE@). 7). (6)

7j=1

During the cross-modal generative training, we
jointly optimize Lcpgen and Lcgen through a linear
combination of the two loss functions:

»CGen = ['CDGen + »CCGen‘ (7)

4 Experiments

We empirically evaluate sScMMGPT on three down-
stream tasks: cell description generation, text-
conditioned pseudo-cell generation, and cell type
annotation. Furthermore, we perform ablation stud-
ies to illustrate the impacts of different input for-
mats and model architectures. Additionally, we
visualize experimental outcomes and training de-
tails to provide a better understanding of the model.



Model MMD (}) EMD (}) T-Test (1) KS-Test (1)

GPT-2 Small 1.045 £ 0.009 0.752 + 0.004 131, p=0.896 1.52,p=0.783
GPT-2 Large 0.939 + 0.006 0.701 £ 0.016 -1.44, p=0.885 1.81, p=0.581
Mistral-8X7B-Instruct 0.639 +0.016 0.544 + 0.005 -1.20, p = 0.233 0.24, p = 0.246
Mistral-7B-Instruct 0.754 + 0.010 0.584 + 0.004 -8.64, p = 0.384 0.23, p = 0.299
GPT-3.5 0.298 + 0.004 0.490 + 0.008 1.23, p=0.220 0.21, p=0.392
Cell2Sentence Small 0.198 % 0.004 0.414 + 0.006 2.96, p = 0.003* 0.35, p = 0.023*
Cell2Sentence Large 0.198 £ 0.004 0.413 £ 0.002 2.85, p = 0.004* 0.36, p = 0.014%
seMMGPT 0.031 + 0.002 0.011  0.000 29.57, p = 0.000% 0.62, p = 0.000*

Table 1: Results of cell description generation on the immune tissue (Dominguez Conde et al., 2022) dataset.
Asterisks (¥) denotes statistical significance (p < 0.05). Baseline results are borrowed from (Levine et al., 2024).

k-NN Accuracy

Model 3 5 10 25

scGEN 0.2376 £ 0.0112 0.2330 + 0.0093 0.2377 £ 0.0053 0.2335 £ 0.0041
scVI 0.2436 + 0.0062 0.2400 + 0.0064 0.2425 £ 0.0034 0.2348 £ 0.0032
scDiffusion 0.2335 £ 0.0125 0.2288 £ 0.0111 0.2368 + 0.0067 0.2306 + 0.0049
scGPT 0.1838 +0.0086 0.1788 £ 0.0169 0.1811 £ 0.0149 0.1882 +0.0071
Cell2Sentence 0.2588 £ 0.0061 0.2565 + 0.0060 0.2746 + 0.0073 0.2715 £ 0.0070
scMMGPT 0.2996 + 0.0065 0.2992 + 0.0055 0.2986 + 0.0038 0.2981 + 0.0051

Table 2: Results of text-conditioned pseudo-cell generation on the immune tissue dataset. The baseline results are

borrowed from (Levine et al., 2024).

4.1 Experiment Setup

Unless otherwise mentioned, we use the whole-
human checkpoint of scGPT to initialize the cell
PLM, and Llama-2 7B (Touvron et al., 2023b) for
the text PLM. The model is then pre-trained ac-
cording to Section 3.3, followed by fine-tuning or
zero-shot inference on different downstream tasks.
Unless otherwise specified, the text PLM is pre-
trained and fine-tuned with a LoRA (Hu et al.,
2022) adapter, while the cell PLM and the pro-
jectors undergo full-parameter training. More im-
plementation details are provided in Appendix B.

Pre-training Dataset. We collect 27 million
single-cell data from the CellxGene (Program et al.,
2025) database for the pre-training of sScMMGPT,
including scRNA-seq matrices and corresponding
metadata annotations. The textual descriptions
of each cell are generated with cellular metadata
and the Open Biological and Biomedical Ontology
Foundry (Smith et al., 2007). We exclude the test
sets of the downstream datasets and reserve 1,000
samples for validation, resulting in approximately
26.9 million cells for pre-training. Further details
about data distribution and preprocessing protocols
are recorded in Appendix A.

4.2 Cell Description Generation

The cell description generation task evaluates a
model’s ability to generate accurate and meaningful
textual descriptions of cells provided their sScRNA-
seq data. We perform fine-tuning and evaluation

on the immune tissue (Dominguez Conde et al.,
2022) dataset using baseline methods including
GPT-2 (Radford et al., 2019), Mistral 7B (Jiang
et al., 2023), Mixtral 8x7B (Jiang et al., 2024),
GPT-3.5, and Cell2Sentence (Levine et al., 2024).
To evaluate the generation quality, we compute the
Maximum Mean Discrepancy (MMD) and Earth
Mover’s Distance (EMD) between the textual em-
bedding (Xiao et al., 2024) between predicted and
ground truth descriptions. Additionally, we con-
duct a T-test and Kolmogorov-Smirnov test (KS-
test) to statistically assess and confirm whether the
generated descriptions are significantly closer to
the original annotations compared to those from
unrelated cell descriptions.

The performances are shown in Table 1. Our
model significantly outperforms all baselines,
achieving an 84% reduction in MMD (0.031) and
a 97% reduction in EMD (0.011) compared to the
best baseline model. scMMGPT also demonstrates
lower standard deviations in both MMD and EMD
compared to the baselines, suggesting greater ro-
bustness and consistency in its performance. The
T-test and KS-test results further reveal highly sig-
nificant p-values (p < 0.05), indicating a strong
alignment between the generated and original de-
scriptions. These results demonstrate sScMMGPT’s
superior capability in understanding cellular states.
For more results about cell description generation,
see the ablation studies in Section 4.5.



Zero-Shot Fine-tuned on 20% Types  Fine-tuned on 30% Types
Model Acc@1 Acc@5 Acc@10 Acc@1 Acc@5 Acc@10 Acc@1 Acc@5 Acc@10 Acc@1 Acc@5 Acc@10
Random 0.6 3.1 6.2 0.6 3.1 6.2 0.6 3.1 6.2 0.6 3.1 6.2

Fine-tuned on 10% Types

BioTranlator - - - 35 33.6 45.4 13.4 48.2 63.5 13.7 50.6 68.6
LangCell 28.6 69.2 82.9 30.5 71.0 83.7 35.0 74.6 86.4 38.2 83.0 92.1
scMMGPT 49.1 83.1 91.1 55.7 89.2 96.0 59.7 90.4 96.8 60.9 93.6 98.4

Table 3: Results of cell type annotatia 84% on (%) on the Tabula Sapiens (Consortium* et al., 2022) dataset. The
models are fine-tuned on a certain proportion of test cell types to evaluate their generalization performance. For
example, "Fine-tuned on 20% Types" indicates that 20% of the cell types in the test set are used in the fine-tuning
process, while the remaining 80% are used for testing. The baseline results are borrowed from (Zhao et al., 2024).

Model Cell Representation \ MMD () EMD() BLEU-2 (1) ROUGE-2 (1)
scMMGPT (TinyLlama, iz, w/o scGPT) Cell Sentence 0.104 0.023 45.79% 40.11%
scMMGPT (TinyLlama, 1) Expression Values 0.074 0.021 48.77% 42.03%
scMMGPT (Llama-275) Expression Values 0.031 0.011 77.32% 72.49 %

Table 4: Results of ablation studies on cell description generation task. We compare different cell representation
methods (cell sentence v.s. expression values) and different backbone text LMs

4.3 Text-guided Pseudo-cell Generation

We conduct cell generation experiments on the
immune tissue (Dominguez Conde et al., 2022)
dataset. We select several generative single-cell
models as baselines, including scGen (Lotfollahi
et al., 2019), scVI (Lopez et al., 2018), scDiffu-
sion (Luo et al., 2024), scGPT (Cui et al., 2024),
and Cell2Sentence (Levine et al., 2024). Inspired
by previous studies, we train a simple k-Nearest
Neighbors (k-NN) classifier on the test set to distin-
guish the generated cells. The classification accura-
cies under different k values are reported to reflect
the quality of the generated cells.

The results are presented in Table 2. scM-
MGPT achieves state-of-the-art performance in
text-conditioned pseudo-cell generation, signifi-
cantly outperforming all baseline models across
all k-NN accuracies (k=3,5,10,25). The consis-
tently high accuracy and low standard deviations
of scMMGPT demonstrate its robustness and effec-
tiveness in bridging cellular and textual data.

4.4 Cell Type Annotation

In the cell type annotation task, we evaluate the
model’s ability to classify cells based on their
scRNA-seq data and textual descriptions of specific
cell types. The goal is to assign each cell to its cor-
rect category, leveraging both the transcriptomic
and textual modalities. We compare our model
against two baseline methods BioTranslator (Xu
et al., 2023a) and LangCell (Zhao et al., 2024)
on the Tabula Sapiens (Consortium* et al., 2022)
dataset. This dataset comprises 161 distinct hu-
man cell types, most of which are absent from our
pre-training corpus. To assess the model’s gener-

alization performance, we report the classification
accuracies under varying fine-tuning conditions,
where the model is fine-tuned on different propor-
tions of test cell types (10%, 20%, and 30%).

The experimental results are summarized in Ta-
ble 3. In the zero-shot setting, ScMMGPT achieves
an Acc@1 of 49.1% and an Acc@5 of 83.1%, sur-
passing all the baseline models even in a fine-tuning
setting. As shown in the table, the accuracy of scM-
MGPT under a zero-shot setting is even higher
than many of the fine-tuned baseline results. As
the proportion of fine-tuning cell types increases,
scMMGPT consistently improves its performance
across all metrics, reaching a maximum Acc@1 of
60.9% when fine-tuned on 30% cell types, almost
doubling the accuracy of the state-of-the-art mod-
els. These results demonstrate that sScMMGPT’s
pre-trained knowledge of both cellular and textual
data enables strong generalization to unseen cell
types without additional fine-tuning.

4.5 Ablation Studies

To systematically evaluate the impact of the cell
PLM and different text PLM backbones on our
model’s performance, we conduct comprehensive
ablation studies in this section.

Impact of the Cell PLM. To validate the ef-
fectiveness of the cell PLM within the scMMGPT
framework, we conducted a comparative experi-
ment between two model configurations: (1) the
full ssMMGPT, which integrates both the cell PLM
and the text model, and (2) a text-only variant of
scMMGPT, which excludes the cell PLM and use
the text PLM only. Both models were trained using
the same settings and evaluated on the task of cell
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Figure 4: UMAP visualization of scMMGPT embeddings for cells from differentpexperimental batches. The result

demonstrates the model’s ability to capture cell type distinctions while effectively mitigating batch effects.

description generation. As shown in Table 4, the
full scMMGPT model significantly outperforms the
text-only variant across multiple metrics, including
BLEU (Papineni et al., 2002) and ROUGE (Lin,
2004). Specifically, the inclusion of the cell PLM
improves BLEU-2 and ROUGE-2 scores by 3%
and 2%, respectively, while reducing text distances
between generated and ground truth descriptions.
These results highlight the critical role of the cell
PLM in capturing and leveraging detailed transcrip-
tomic information.

Impact of Different Text PLM Backbones. To
investigate the influence of model size, we per-
form experiments with two different text LMs: (1)
TinyLlama 1.1B and (2) Llama2-7B. As shown in
Table 4, though using a smaller LM causes perfor-
mance drops of sSsMMGPT, its MMD and EMD
scores still surpass those of the best baseline model,
Cell2Sentence Large (see Table 1).

4.6 Visualization

Influence of Different Cell Representation Meth-
ods. To further quantify the information loss in cell
sentences, we conduct a visualization experiment
comparing cell sentence inputs with original ex-
pression values. Specifically, we train two separate
MLPs with identical hyperparameters for cell type
annotation on the PBMC10K? dataset. As shown
in Figure 2, the cell sentence representation leads
to a significant increase in error rate, particularly
when distinguishing morphologically similar cell
types such as dendritic cells and FCGR3A+ mono-
cytes. This finding highlights the non-negligible
cellular information lost during the transformation
from numerical expression levels to cell sentences,
which limits the effectiveness of related models in
downstream applications.

3https://support.10xgenomics.com/
single-cell-multiome-atac-gex/datasets/1.0.0/
pbmc_granulocyte_sorted_10k
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Figure 5: Performance of cell description generation

across different numbers of genes used for cell represen-
tation. The x-axis represents the number of genes (log
scale). Solid lines represent BLEU and ROUGE scores
corresponding to the left axis. Dashed lines represent
the text distances corresponding to the right axis.

Influence of Gene Set Size. We explore the ef-
fect of number of genes used for cell representation
by selecting the top-k most highly expressed genes
and their associated expression levels as input to
ScMMGPT. The relationship between scRNA-seq
length and captioning performance is illustrated
in Figure 5, where k ranges from 2° to 2!1. The
results show a consistent improvement in perfor-
mance as the input length increases, confirming
that more detailed transcriptomic information posi-
tively impacts model predictions.

Batch Effect Mitigation in scMMGPT Em-
beddings. In wet lab experiments, it is challeng-
ing to maintain identical experimental conditions
across different batches, which can lead to varia-
tions in the measured scRNA-seq data. To evalu-
ate sScMMGPT’s robustness against batch effects,
we analyzed two sets of immune tissue samples
from different experimental batches, each contain-
ing ten randomly selected cell types. We computed
scMMGPT embeddings for these samples and vi-
sualized them using UMAP, as shown in Figure 4.
The results demonstrate that cell embeddings from
scMMGPT effectively capture cell type differences
while minimizing the influence of batch effects.
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Conclusion and Future Works

In this work, we propose scMMGPT, a novel mul-
timodal framework for single-cell analysis. scM-
MGPT bridges scRNA-seq data and text to support
tasks of cell description generation, text-guided
cell generation, and cell type annotation. This is
achieved by integrating a cell PLM with a text
PLM through cross-modal projectors. Pre-trained
on 27 million cells from the CELLxGENE dataset,
scMMGPT demonstrates superior performances
across various single-cell analysis tasks. Looking
forward, we will expand scMMGPT to incorporate
more species, and integrate other cell modalities,
like scATAC-seq and CITE-seq. This expansion
will enable scMMGPT to tackle more challenges
of multi-omic integration (Lotfollahi et al., 2022),
cross-omic translation (Liu et al., 2023a), and novel
cell type discovery (Yang et al., 2022), further en-
hancing its utility in single-cell research.

Limitations

One significant limitation of scMMGPT is that its
pre-training data primarily sourced from the CEL-
LxGENE (Program et al., 2025) dataset, which
predominantly covers human tissues. This focus
restricts sScMMGPT’s ability to incorporate knowl-
edge about cells from non-human species, such as
those from the widely-used mouse data (Franzén
etal., 2019).

Another major limitation is that sScMMGPT ex-
clusively explores transcriptomic information from
cells, lacking integration with other single-cell
sequencing modalities, such as scATAC-seq and
CITE-seq (Liu et al., 2023a; Lin et al., 2022). This
constraint limits the model to analyzing RNA abun-
dance alone, omitting critical perspectives on chro-
matin accessibility and protein expression within
cells. Incorporating these additional modalities
could provide a more comprehensive understand-
ing of cellular states and functions.
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A Details of Datasets
A.1 Collection of the Pre-training Dataset

A.1.1 Cell Transcriptomics Collection

The pre-training dataset for scMMGPT is con-
structed using publicly available data from the Cel-
IxGene database (Program et al., 2025), with a
snapshot taken on July 1, 2024. The dataset under-
goes a series of filtering steps to ensure quality and
consistency:

* We retain only human single-cell RNA se-
quencing (scRNA-seq) data, excluding entries
from other species.

* We focus on data generated using the 10X Ge-
nomics platform, as its standardized outputs
minimize technical variability across datasets.

* We deduplicate the dataset by keeping only
one copy of each unique cell.

* To prevent information leakage, we remove all
cells that appear in the test sets of downstream
evaluation datasets.

After these filtering steps, the final dataset com-
prises approximately 27 million cells from 344 cat-
egories and 60697 different genes spanning diverse
human tissues, including brain, lung, heart, blood,
pancreas, kidney, pan-cancer, and others. Table 5
shows the statistics of the dataset before and after
the filtering.

Table 5: Dataset statistics before and after data filtering.

Tissue/Category Pre-filtering Post-filtering

Brain 22 M 7.5M
Lung 33 M 1.2M
Pancreas 0.22M 0.08 M
Pan-cancer 44 M 2.6 M
Kidney 1.0M 035M
Heart 22M 0.7M
Blood 54M 42M
Others 22 M 103 M
Total 60.5 M 269 M

A.1.2 Textual Description Collection

To ensure consistent and accurate cell-type annota-
tions, we integrate standardized descriptions from
two key resources: the Open Biomedical Ontolo-
gies Foundry (OBO Foundry) (Smith et al., 2007)



and English Wikipedia. For each cell in the pre-
training dataset, we first identify its biological clas-
sification (e.g., "Tendon Cell"). These classifica-
tions are then mapped to formal definitions in OBO
Foundry’s Cell Ontology, which provides machine-
readable terms for cell types.

Additionally, we supplement these definitions
with detailed explanations extracted from relevant
Wikipedia entries, enriching the textual descrip-
tions with accessible and comprehensive context.

Example Cell Description from the Open

Biomedical Ontologies Foundry.

Tendon Cell: An elongated fibrocyte that is part
of a tendon. the cytoplasm is stretched between the
collagen fibres of the tendon. they have a central
cell nucleus with a prominent nucleolus. tendon cells
have a well-developed rough endoplasmic reticulum
and they are responsible for synthesis and turnover
of tendon fibres and ground substance.

Example Cell Description from Wikipedia.

Tendon Cell: Tendon cells, or tenocytes, are elon-
gated fibroblast type cells. The cytoplasm is stretched
between the collagen fibres of the tendon. They have
a central cell nucleus with a prominent nucleolus.
Tendon cells have a well-developed rough endoplas-
mic reticulum and they are responsible for synthesis
and turnover of tendon fibres and ground substance.
Tendon cells form a connecting epithelial layer be-
tween the muscle and shell in molluscs. In gas-
tropods, for example, the retractor muscles connect
to the shell via tendon cells. Muscle cells are attached
to the collagenous myo-tendon space via hemidesmo-
somes. The myo-tendon space is then attached to
the base of the tendon cells via basal hemidesmo-
somes, while apical hemidesmosomes, which sit atop
microvilli, attach the tendon cells to a thin layer of
collagen. This is in turn attached to the shell via
organic fibres which insert into the shell. Mollus-
can tendon cells appear columnar and contain a large
basal cell nucleus. The cytoplasm is filled with gran-
ular endoplasmic reticulum and sparse golgi. Dense
bundles of microfilaments run the length of the cell
connecting the basal to the apical hemidesmosomes.

\

A.2 Collection of downstream Dataset

We collected multiple benchmark datasets to eval-
uate the performance of the scMMGPT model in
various downstream tasks.

¢ Immune Tissue (Dominguez Conde et al.,
2022): This comprehensive reference dataset
profiles 360,000 human immune cells through
single-cell RNA sequencing (scRNA-seq),
systematically annotated with 35 distinct cell
subtypes. Derived from 16 tissue types across
12 adult donors, it provides a cross-tissue char-
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acterization of lymphocyte, myeloid, and stro-
mal cell populations, establishing a baseline
for immunological studies.

PBMC10K*: Integrating two independent
scRNA-seq studies of healthy human
peripheral blood mononuclear cells, this
resource captures 3,346 actively ex-
pressed genes across 9 defined cell types:
B cells, CD4+/CD8+ T lymphocytes,
CD14+/FCGR3A+ monocytes, dendritic
cells, natural killer cells, megakaryocytes,
and rare populations. The dataset serves as a
standardized benchmark for methodological
validation in immunogenomics.

Tabula Sapiens (Consortium* et al., 2022):
Spanning 24 human organs with 483,152
single-cell profiles, this pan-tissue atlas identi-
fies 161 rigorously validated cell types across
epithelial, immune, endothelial, and stromal
lineages. Incorporating demographic diver-
sity through multi-ethnic donors, it establishes
transcriptional baselines from bladder mucosa
to vascular endothelial using unified scRNA-
seq protocols.

B Experimental Details
Parameter Value
Gene vocab size 60,697
Gene padding function High value
Gene padding max len 2,048
QFormer BERT hidden dim 768
QFormer num_query_token 32
QFormer cross_attention_freq 2
Gene embed dim 512
Cell projector dim 256
Text projector dim 256
Language model hidden size 2,048
LM output max length 128

Cell decoder attention layer 1
Cell decoder attention head

Table 6: Model Architecture Specifications

B.1 Pre-Training Details

The scMMGPT model employs a multimodal pre-
training framework that integrates gene expres-
*https://support.10xgenomics.com/

single-cell-multiome-atac-gex/datasets/1.0.0/
pbmc_granulocyte_sorted_10k
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Parameter Value

Similarity function Cosine similarity

Optimizer AdamW
Scheduler Linear
Max learning rate le-05
Warm up steps 1000
Weight decay 0.001
Batch size 12

Table 7: pre-train Experiment Configurations

sion data with textual information. Inheriting
scGPT’s (Cui et al., 2024) architecture, the cell en-
coder utilizes a gene vocabulary of 60,697 entries.
For cellular input representation, we implement a
top-value alignment strategy that selects the 2,048
highest-expressed genes along with their expres-
sion values. Cross-modal alignment is achieved
through a Q-Former (Li et al., 2023) module with
32 query tokens, where the cross-attention mecha-
nisms are activated every two layers.

Pre-training was executed on eight NVIDIA
4090D GPUs over five epochs (1.4 million to-
tal steps), requiring approximately five days for
completion. The optimization process employed
AdamW with a weight decay of 0.001 and a peak
learning rate of 10~°, modulated through a linear
warmup (1,000 steps from 10~% minimum learn-
ing rate) followed by linear decay. We select 2
negative samples for each sample to calculate the
InfoNCE (Oord et al., 2018) loss described by For-
mula 2.

B.2 Downstream Training Details

For the fine-tuning of downstream tasks, we con-
duct single-epoch training with a constrained
batch size of 4, preserving the AdamW opti-
mizer configuration in the pre-training stage. Lan-
guage model adaptation employs Low-Rank Adap-
tation (LoRA) (Hu et al., 2022) with a rank-
decomposition dimension r of 8, a scaling factor
a of 32, and a dropout ratio of 0.1 for stochastic
regularization during weight adaptation.

For each downstream analysis dataset, we per-
form quality control by removing the ambiguous
categories (e.g., "Other", "Unknown"). We estab-
lish symmetrical training pairs with strict 1:1 al-
location between cellular generation and textual
synthesis objectives. This balanced design pro-
motes bidirectional cross-modal alignment while
mitigating task dominance.
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C Visualization of scRNA-seq Data

To facilitate a better understanding of scRNA-seq
matrices, we select a subset of cells from the Tabula
Sapiens dataset for visualization. In wet-lab single-
cell sequencing experiments, researchers measure
the expression levels of a predefined set of genes
across individual cells. Each value in the matrix
represents the expression level of a corresponding
gene within a single cell. The colors in the heatmap
indicate the log1p-transformed expression levels.

Single Cell Instances

Figure 6: Visualization of a single-cell RNA sequencing
matrix. Rows represent individual cells, and columns
represent genes. The color intensity corresponds to the
loglp-transformed expression levels, with darker shades
indicating higher expression.
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