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Abstract

Recent advancements in single-cell sequencing technologies
enable the measurement of multiple modalities in individ-
ual cells, offering insights into the transcriptome and regu-
lome in various biological systems and human diseases in an
unprecedented resolution. However, effectively using these
ultra-high-dimensional and large-scale multiomic data to un-
derstand gene regulation remains challenging. Inspired by the
success of adapting large language models into the genomics
field, we develop scMBERT, a BERT framework-based pre-
trained deep learning model using single-cell multiomic data.
We showed that scMBERT increases model flexibility and
performance in downstream tasks like cell type annotation
and batch-effect correction, demonstrating the potential of
leveraging multiomic data to improve single-cell genomic
data analyses.

Introduction
Single-cell sequencing technologies such as single-cell
RNA-seq have become the leading method for exploring
gene expression heterogeneity in various biological systems
and human diseases at the individual cell level. Recently, ad-
vancements in single-cell multiomic technologies allow for
the measurement of a broader array of modalities, enabling
deeper insights into the gene regulatory landscape. These ad-
vancements extend our understanding beyond the transcrip-
tome which only tells what genes are expressed, to the reg-
ulome which shows how these genes are regulated. Hence,
offering a multimodal representation of the same cell that
provides insights into how different functional genomic lay-
ers influence each other. However, the high sparsity, noise
level, and dimensionality of these single-cell multiomic data
pose many computational and analytical challenges.

Recent developments in large language models (LLMs)
have shown promising applications in various fields. Sev-
eral studies (Cui et al. 2024; Chen and Zou 2024; Hao
et al. 2024; Theodoris et al. 2023; Yang et al. 2022) have
adapted deep language models to the single-cell genomic
field. By mapping high-dimensional scRNA-seq data into
low-dimensional embeddings, these pre-trained models can
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Figure 1: An overview of scMBERT. (a) We pret-rained the
model with two tasks: masked value prediction (MVP) and
data modality prediction (DMP). (b) The pre-trained model
was then fine-tuned for downstream tasks such as cell type
annotation. The batch-effect corrected BMMC data anno-
tated by (c) cell types and (d) batch labels.

capture hidden relationships among the genes and perform
well when fine-tuned for downstream tasks such as cell type
annotation. For instance, scBERT (Yang et al. 2022) adapted
the Bidirectional Encoder Representations from Transform-
ers (BERT) framework to the scRNA-seq data using fixed
input. After pre-training with a large amount of scRNA-seq
data, scBERT was fine-tuned for cell type annotation and
showed state-of-the-art (SOTA) performance. Cui et al. (Cui
et al. 2024) recently introduced scGPT, which adapted the
Generative Pre-trained Transformer (GPT) framework to the
scRNA-seq data using variable input. However, these meth-
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ods have several limitations. Both models are pre-trained us-
ing only scRNA-seq data which lacks the information from
the regulome. Although the BERT framework is suitable for
unordered input, scBERT is limited to a fixed set of genes
as input which can’t handle new genes or modalities. While
scGPT can handle variable input, the GPT framework is de-
signed for ordered input and requires extra effort to be ap-
plied to unordered genomic data.

To address these limitations, we propose a novel frame-
work, scMBERT, which adapts the BERT architecture to
single-cell multiomic data using variable input. scMBERT
consists of two parts: self-supervised pre-training and super-
vised fine-tuning (Fig. 1 (a)-(b)). We evaluated scMBERT in
downstream tasks including cell type annotation and batch-
effect correction. We showed that by leveraging multiomic
data, scMBERT showed improved performance over using
single-omic data alone. scMBERT achieved comparable per-
formance with the SOTA models in cell type prediction and
outperformed the SOTA models in batch-effect correction.

Methods
Let X ∈ RN×F×3 be the raw data matrix, where N denotes
the number of cells and F denotes the number of features
(i.e., genes or open chromatin regions), with three views of
the cell, i.e., gene expression (or peak accessibility) v, gene
name (or peak location) g, and data modality m. Given an in-
put sequence x ∈ RF×3 (i.e., a cell), we first preprocess the
input by retaining only the non-zero features value, resulting
in x′ ∈ RT×3, where T ≤ F is a variable sequence length.
We apply a random downsampling strategy for sequences
longer than 20k, and binned the data followed the way of
scGPT. Our goal is to model x′ using a low-dimensional
hidden variable z ∈ RT×H , where H denotes the hidden di-
mension, according to the following two training stages: (1)
general-purpose pre-training on large-scale unlabeled data;
(2) fine-tuning on smaller datasets for specific applications.

Self-supervised Pre-training on Unlabeled Data. Fig. 1
(a) depicts pre-training using each cell for the following two
tasks: mask value prediction and data modality prediction.

#Task 1: We randomly mask the input data value and pre-
dict it based on the remaining inputs. Then we utilized cross-
entropy loss as the reconstruction loss Lmvp, between the
true and predicted values.

#Task 2: To regularize the model to prevent overfitting
to any single modality, we introduce the task to predict the
modality of the reconstructed sequence and compare it to the
original modality input with cross-entropy loss Ldmp, which
encourages the model to preserve critical modality-specific
information and learn cross-modal consistency.

Finally, the overall pre-training loss function Lp can be
expressed as Lp = Lmvp + λLdmp where λ is a tuning pa-
rameter to adjust the relative weight between the loss terms.
The model is pre-trained on the ENCODE 4 portal single-
cell multiomic datasets (Kagda et al. 2023), which contains
two data modalities including scRNA-seq and scATAC-seq.
We retrieved the 47 ENCODE datasets covering 13 general
tissue types, and merge them together under the unified open
chromatin regions of interest (Sheffield et al. 2013).

Method Accuracy AvgBIO AvgBATCH
scBERT (RNA) 75.32% 0.5687 0.8696
scGPT (RNA) 76.68% 0.5272 0.8039

scMBERT (RNA) 74.26% 0.6298 0.9013
scMBERT (Multiome) 75.56% 0.6362 0.9072

Table 1: Evaluation results on the cell type annotation task.

Supervised Fine-tuning for Downstream Tasks. Fine-
tuning is designed for different downstream tasks, such as
cell type annotation shown in Fig 1 (b). Since the sequence
length is variable, we can also add new features or modalities
to the vocabulary as alignment. The scATAC-seq data should
first be mapped to the open chromatin regions as pretrained.
The processed data was embedded using the pre-trained en-
coder where the initial layer is frozen, and then predict the
cell type labels through a classification decoder. We de-
fine the cell-type prediction loss Lf using cross-entropy
as Lf = − 1

N

∑N
n=1

∑C
i=1 y

(n)
i log(ŷ

(n)
i ), where across N

cells, ŷi is the predicted probability for class i, yi is the true
cell type, and C is the total number of classes.

Case Study: Cell Type Annotation
Experimental Setup. To evaluate scMBERT’s ability to
represent multimodal data, the single-cell multiome dataset
from the NeurIPS public challenge (Luecken et al. 2021) is
used to fine-tune scMBERT for cell type annotation. The
dataset comprises 69,249 bone marrow cells (BMMCs) from
12 healthy human donors. To demonstrate the model’s gen-
eralizability to new data, we retain 3 donors as an indepen-
dent testing set. Consequently, the training, validation, and
testing sets contain 49,179, 12,295, and 7,775 cells with both
scRNA-seq and scATAC-seq data, respectively. An early
stopping strategy is applied, where training stops if the vali-
dation loss does not improve for 10 consecutive epochs, and
the model from the best-performing epoch is used.
Results. We compare scMBERT with scBERT and scGPT.
All models are fine-tuned and tested using the same datasets.
We adopt the metrics from scGPT to evaluate the models’
performance in terms of biological representation (AvgBIO)
and batch-effect correction (AvgBATCH). As shown in Ta-
ble 1, scMBERT shows comparable performance with the
SOTA models in terms of cell type prediction accuracy and
outperforms the SOTA models in batch-effect correction.
We also find that scMBERT fine-tuned with both scRNA-
seq and scATAC-seq data outperforms scMBERT fine-tuned
with only scRNA-seq. Fig 1 (c) and (d) show the UMAP of
cell embedding from scMBERT colored by cell types and
batch labels, respectively. The cell embedding shows that
our model can eliminate the effect of batch.
Future direction. The current scMBERT model is pre-
trained on a relatively small amount of single-cell multiomic
datasets from ENCODE. We believe that using more mul-
tiomic data or incorporating single-omic data into the pre-
training process will further improve scMBERT’s perfor-
mance. Furthermore, testing on other downstream tasks such
as missing data prediction and signal enhancement should be
conducted to explore scMBERT’s full potential.
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