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Abstract Determining correlations between molecules at various levels is an important topic in molecular biolo-
gy. Large language models have demonstrated a remarkable ability to capture correlations from large
amounts of data in the field of natural language processing as well as image generation, and correla-
tions captured from data using large language models can also be applicable to solving a wide range of
specific tasks, hence large language models are also referred to as foundation models. The massive
amount of data that exists in the field of molecular biology provides an excellent basis for the develop-
ment of foundation models, and the recent emergence of foundation models in the field of molecular bi-
ology has really pushed the entire field forward. We summarize the foundation models developed
based on RNA sequence data, DNA sequence data, protein sequence data, single-cell transcriptome da-
ta, and spatial transcriptome data respectively, and further discuss the research directions for the de-
velopment of foundation models in molecular biology.
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INTRODUCTION signaling and intracellular catalysis (Henderson and
Pockley 2010; Zheng et al. 2023). Decoding the interac-
tion networks of biomolecules is a central challenge in
the field of molecular biology, and a comprehensive un-
derstanding of the interaction network of biomolecules
will not only dramatically advance the understanding of
life processes and the treatment of diseases, but will al-
so enable the construction of numerical models of bio-
logical systems that are capable of precise biomolecu-
lar experimentation.

There are various types of interactions between
biomolecules, such as protein-protein interactions,
RNA-small molecule interactions, etc., and numerous
approaches have been used to characterize the interac-

Interactions between biomolecules (such as metals,
proteins, lipids, and nucleic acids) involve in numerous
life processes at different spatial scales (Fig. 1A), which
are essential for the maintenance of normal life activi-
ties (Limo et al. 2018; Nooren and Thornton 2003; Ti-
wari and Chakrabarty 2021; Jankowsky and Harris
2015). For example, interactions between residues de-
termine the folding path of proteins and the structure
formed by folding, and misfolding can lead to abnormal
protein function (Dobson 1999; Hartl 2017); interac-
tions between proteins are essential for intercellular
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tions between biomolecules (Gao et al. 2023; Lenz et al.
2021; Mann et al. 2017; Sledzieski et al. 2021; Umu and
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Gardner 2017). Biological experiments are commonly
used to characterize the interactions between
biomolecules (Bai et al. 2015; Nguyen et al. 2016; Rual
et al. 2005), and the combination of high-throughput
and low-throughput experiments has generated a lot of
valuable data, for example, 3.7 million pairs of
RNA-RNA interactions discovered by experiments have
been stored in the starBase (Li et al. 2014) database,
and BioGRID (Oughtred et al. 2021) database has also
stored 2.7 million pairs of protein-protein interactions
discovered by experiments. However, it is estimated
that experimentally discovered interactions between
biomolecules still represent only a small fraction of all
possible interactions (Lu et al. 2020; Ramanathan et al.
2019). Computational approaches are important com-
plements to experimental approaches in determining
whether interactions exist between biomolecules, and
tend to have a significant advantage in speed over ex-
perimental approaches, while accuracy may have some
limitations (Cirillo et al. 2012; McDowall et al. 2009;
Puton et al. 2012; Rao et al. 2014). Deep learning ap-
proaches are the significant breakthrough in computa-
tional approaches, which are good at learning interac-
tion patterns from existing interactions between
biomolecules and then applying such learned knowl-
edge to explore undiscovered interactions between
biomolecules (Gao et al. 2023; Li et al. 2022b; Singh et
al. 2022). The performance of deep learning approach-
es has been greatly improved compared to traditional
approaches, but the lack of interaction data has also
limited the performance of deep learning approaches.
In contrast to the seriously scarce task-specific data,
the huge amount of unlabeled data is another yet-to-be-
explored treasure within the field of molecular biology
(including protein sequences, DNA sequences, RNA se-
quences, single-cell transcriptome data, etc., see Table
1), for example, there are only about 500,000 experi-
mental protein structures (as determined by
residue-residue interactions) in the Protein Data Bank
(Goodsell et al. 2020), whereas the number of protein
sequences contained in the BFD protein sequence
database is already 2.5 billion (Jumper et al. 2021).
These unlabeled data are “snapshots” of the interac-
tions between biomolecules, protein sequences reveal
which residues are arranged in which order to fold into
a stable protein structure, while single-cell transcrip-
tome data imply the regulatory relationships between
genes. How to distill the correlations between
biomolecules from these unlabeled data is another im-
portant question, and this is an area in which language
models can specialize. Language modeling has been
very widely used in molecular biology after its great
success in the field of natural language processing and
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has led to the research paradigm of “pre-training + fine-
tuning” (Bepler and Berger 2021; Devlin et al. 2019;
Dodge et al. 2020; Vaswani et al. 2017; Wang et al.
2023e). In this review, we first briefly describe the ar-
chitectures of common language models, then report
the performance and application scenarios of language
models developed based on RNA sequence data, pro-
tein sequence and structure data, and single-molecule
transcriptome data, and finally discuss the next steps in
the development of language models in molecular
biology.

LANGUAGE MODELS

Understanding words or phrases in their context is a
critical challenge in natural language processing, which
has been greatly facilitated by the introduction of deep
learning, especially large language models. Large
language models usually adopt Long Short-Term
Memory (LSTM.Pdf n.d.) (LSTM) or Transformer
(Vaswani et al. 2017) as the backbone network, which
is trained with self-supervised learning on a large
amount of unlabeled text. The central concept of self-
supervised learning is to use the data itself to generate
labels and there are two common approaches of self-
supervised learning in use today, one is to randomly
mask a portion of the text and then use the unmasked
portion to predict the content of the masked portion
(Devlin et al. 2019; He et al. 2020; Joshi et al. 2018), and
the other is to predict what the next word or phrase
will be from the previous text (Brown et al. 2020;
Radford et al. 2018, 2019). If the model has the ability
to predict the content of the masked portion or what
the next word will be from the existing text, then it
means that the model does capture the correlations
between words and to some extent can understand the
meaning of a word in their context. BERT (Devlin et al.
2019), ESM-1b (Rives et al. 2021) and other works
(Brown et al. 2020; Cui et al. 2020; Dong et al. 2019;
Radford et al. 2018) have proved that large language
models do have certain ability to predict the content of
the masked portion in the text, while the embedding of
words extracted from large language models has been
found to contain the contextual context of the
corresponding word in the work of Peters et al. (Peters
et al. 2018). Language models trained with the
objective of recovering the content of the masked
region are superior in text comprehension, and
language models trained with the objective of
predicting the next word excel in text generation
(Ethayarajh 2019; Klein and Nabi 2019). While the
performance of language models for different network
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Table 1 Foundation models in molecular biology

Type Name Network Input Parameters Pre-training database
Protein SeqVec (Heinzinger et al. 2019) ELMo Sequence 93.6M Uniref50
TAPE (Rao et al. 2019) LSTM Sequence N/A Pfam
ResNet N/A
Transformer 38M
ESM-1b (Rives et al. 2021) BERT Sequence 650M Uniref50
ProtT5 (Elnaggar et al. 2022) T5 Sequence 11B Uniref50
ProtTXL (Elnaggar et al. 2022) Transformer-XL Sequence 562M BFD, Uniref100
OmegaPLM (Wu et al. 2022) BERT Sequence 670M Uniref50
ESM-2 (Lin et al. 2023) BERT Sequence 15B Uniref50
MSA-transformer (Rao et al. Axial attention Multiple sequence 100M Uniref50, Uniclust30
2021) alignment
ProtGPT2 (Ferruzet al. 2022) GPT2 Sequence 738M Uniref50
ProtGen (Madani et al. 2023) Transformer Sequence, function 1.2B Uniparc, TrEMBL, etc.
DNA DNABERT (Ji etal. 2021) BERT Sequence 86M Human genome
DNABERT-2 ( Zhou et al. 2023b)  BERT Sequence 117M 135 genomes
Nucleotide transformer (Dalla- Transformer Seugence 2.5B 850 genomes
Torre et al. 2023) encoder
GPN (Benegas et al. 2023) ResNet Sequence 66M 8 genomes
DeepCRISPR (Chuai et al. 2018) CNN-based Sequence 85M 13 genomes and 52 epi-
genetic genomes
RNA RNA-FM (Chen et al. 2022) BERT Sequence 100M RNAcentral
Uni-RNA (Wang et al. 2023¢) BERT Sequence 400M Nt, RNAcentral, etc.
RNA-MSM (Zhang et al. 2023) Axial attention Multiple sequence 83M Rfam
alignment
Single cell scBERT (Yang et al. 2022) Performer Transcriptome 8M Panglao
transcriptome scFormer (Cui et al. 2022) Transformer Transcriptome N/A Cortex, Spleen, etc.
Geneformer (Theodoris et al. BERT Transcriptome 52M Genecorpus-30M
2023)
scGPT (Cui et al. 2023) GPT Transcriptome 51M Human cell-33M
scTranslator (Liu et al. 2023) GPT Transcriptome N/A Bulk data, single cell

data, etc.

architectures tends to have some differences, the BERT
(Devlin et al. 2019) and GPT (Radford et al. 2018, 2019)
architectures are currently the most widely used
language model architectures for their excellent
performance in the tasks of understanding text and
generating new text. First, we first introduce
Transformer, and then describe the architecture and
training approaches of BERT and GPT.

Transformer architecture
Transformer (Vaswani et al. 2017) uses an encoder-

decoder architecture and achieves excellent
performance on machine translation tasks. Where the

© The Author(s) 2024

encoder is used to convert the input sequence into a
continuous representation, the decoder uses the output
of the encoder as a condition to sequentially predict the
words in the translated sentence. Each layer in the
encoder and decoder consists of a multi-head attention
module and a feed-forward module, the “Scaled Dot-
Product Attention” in the multi-head attention module
ensures that the encoder considers the entire input
when processing each element, and the following is the
formula of “Scaled Dot-Product Attention”:

Q we
K =Xx| wf|,
%4 wV
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v
Attention (Q, K, V) = Softmax | — | V,
dy
where X € R™ denotes the input; Q € R™%, K € R*¥,
V € R*™ denote the query, key and value transformed
from the input; wle [RdXd", wke [RdXd"7 w' e R are
the parameters to be learned.

Multi-head attention is based on “Scaled Dot-Product
Attention” to increase the representation capability of
the model by mapping the input sequences to different
attention spaces:

MultiHead (Q, K, V) = Concat (head,, . .. , head,) W°,
) 0 K v
Where head; = Attention(QW,*, KW;", VW,’),

dxd hd,xd

where W° € R*% w/ e R*™ w e R
are the parameters to be learned.

"W ER

BERT architecture

BERT (Devlin et al. 2019) is a multi-layer bidirectional
language model obtained by stacking Transformer's
(Vaswani et al. 2017) encoders. As shown in Fig. 1B,
given a sequence containing L words X = {x;,%,,. ..,
X1-1,X.}, recovering the content of the masked portion
of the sequence is the training objective of BERT. Using
the i™ word masked as an example, then BERT is
trained with the training objective of maximizing the
following likelihood:  p(M; = x;|x; . .. Xi_1, Xit1, - - - XL),
where M; denotes the word predicted by BERT after
masking the i word of that.

GPT architecture

GPT (Radford et al. 2018, 2019) is a multi-layer and
unidirectional language model obtained by stacking the
Transformer's decoder, and similar to the encoder
introduced in the previous section, each decoder also
consists of a multi-head attention module and a
forward propagation module. Predicting the next word
from the previous text is the training objective of GPT
(see Fig.1C), and the multi-head attention layer
ensures that GPT can consider all the previous text
when making predictions. Given a sequence containing
L words X ={x;,x,,...,X;,_1,X;}, then GPT is trained
with the training objective of maximizing the following
likelihood:  p(Ni1 = X|X1 .. . Xi.1,%;), where  Nig
denotes the (i + 1)™ word predicted by GPT after
considering the previous i words.
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LANGUAGE MODELS FOR PROTEINS

Proteins are biological macromolecules composed of
hundreds or thousands of amino acids (amino acids
within proteins are often referred to as residues due to
dehydration condensation), and the interactions
between residues drive the folding of proteins into
specific structures, which in turn perform specific
functions (Kim et al. 2014). Given the importance of
protein structure, countless approaches have been
proposed over the past decades to advance the problem
(Ding et al. 2018; Golkov et al. 2016; He et al. 2017;
Jones et al. 2015; Ju et al. 2021; Wang et al. 2017; Xu
2019; Yang et al. 2020). Among them, the approaches
that utilize mutual information, direct coupling
analysis, and other tools to derive residue interactions
from multi-sequence comparisons, and to predict
protein structure from residue interactions using tools
such as PyRosetta (Chaudhury et al. 2010), CNS
(Brunger 2007), and others, have achieved remarkable
success and have become the dominant paradigm for
protein structure prediction (Senior et al. 2020; Wang
etal 2017; Yang et al. 2020). The methods of predicting
residue interactions with the help of deep learning such
as residue network (He et al. 2016) are the latest
advances in this paradigm, but they are still far from
solving the problem of protein structure prediction,
while the introduction of language models has pushed
the problem of protein structure prediction to be
basically solved (Baek et al. 2021; Jumper et al. 2021;
Lin et al. 2023) (the paradigms for protein structure
prediction are illustrated in Fig. 2). Protein language
models trained with a large number of protein
sequences are able to capture the interactions between
residues in protein sequences very well, and have
already demonstrated very powerful capabilities in
other downstream tasks such as protein structure
prediction and protein function prediction. In addition
to protein understanding, protein language models
have also demonstrated excellent generative
capabilities, which are very important for protein
design problems such as protein sequence generation.
We introduce protein language models below, which
are focused on protein understanding (protein
sequence modeling) and protein sequence generation.

Protein sequence modeling based on protein
language model

Sequence modeling has been a long-standing research
problem in the domain of natural language processing,
and advances in the NLP domain have shown that
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Fig. 1 Overview of molecular interactions and foundation models. A Types of molecular interactions at different spatial scales. B Pro-
cesses for representing data as embeddings using foundation models and using the embeddings for downstream tasks. Where xi de-
notes the i element in the data X, hi denotes the embedding corresponding to the ith element. C Masked language model learns the cor-
relation between elements in the data by masking a portion of the elements in the data (denoted as M) and then using the remaining
portion to predict the masked elements, the difference between the predicted value of the masked portion and the true value is used to
update the model. D Autoregressive language model learns the correlation between elements in the data by sequentially predicting the
next element in the data from the beginning (denoted as S), and the difference between the predicted and true value of the next element

is used to update the model

language models trained on huge amounts of unlabeled
sequences, especially those based on the Transformer
architecture, have a very good ability to model
sequences. This success quickly extended to other

© The Author(s) 2024

research domains, and protein science was a pioneer in
applying language models. Early protein language
models for protein sequence modeling were mainly
trained on protein sequence datasets in the form of
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Fig. 2 Frameworks for protein structure prediction. A Traditional paradigm for protein structure prediction. B MSA-based end-to-end
protein structure prediction. C Protein structure prediction from a single sequence based on protein language model

predicting the content of the masked portion, SeqVec
(Heinzinger et al. 2019) was trained using LSTM-based
neural networks, and the analysis showed that the
protein representations obtained from SeqVec were
able to characterize the stability of proteins very well.
TAPE (Rao et al. 2019) respectively trained language
models using the mainstream CNN (Convolutional
neural network) (Lecun et al. 1998), LSTM, and
Transformer as the backbone networks, and proved
that the Transformer-based language models had
better performance compared to other architectures;
ESM-1b (Rives et al. 2021) increases the number of
parameters of the model by about 17 times from TAPE-
Transformer by widening and deepening the number of
network layers, and changes the training set from the
Pfam (Mistry et al. 2021) protein sequence database
used for training TAPE-Transformer to the Uniref50
(Mirdita et al. 2017) protein sequence database, and
the analysis results show that ESM-1b The analysis
results show that ESM-1b significantly outperforms
TAPE-Transformer in the core task of capturing residue
interactions (residue contact prediction), and also
outperforms TAPE-Transformer in downstream tasks
such as protein stability prediction and secondary
structure prediction, which makes ESM-1b one of the
most widely used protein language models. In
ProtTrans's work (Elnaggar et al. 2022), the effect of
language model architecture and sequence database
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size on the performance of protein language models
was investigated by using multiple architectures of
language models trained on a variety of different
protein sequence databases, and the analysis results
showed that the protein language model with the T5-XL
(Raffel et al. 2019) architecture trained on the Uniref50
protein sequence dataset slightly outperforms ESM-1b
on downstream tasks, such as secondary structure
prediction, protein subcellular localization prediction,
etc. Accurate protein structure prediction is a long-
standing challenge in protein science, especially for
single-sequence proteins. Given the excellent ability of
protein language models to capture residue
interactions, trRosettaX-Single (Wang et al. 2022),
RGN2 (Chowdhury et al. 2022), EMBER2 (Ben-Tal and
Kolodny 2022), OmegaFold (Wu et al. 2022 ), ESMFold
(Lin et al. 2023), etc. attempted to realize accurate
single sequence protein structure prediction with
protein language models, these methods not only
surpass the traditional "MSA-Contact/Distance-
Structure" paradigm in terms of prediction speed, but
also have a certain prediction ability for orphan
proteins without homologous sequences. In addition to
protein structure prediction, LMSuccSite (Pokharel et
al. 2022) applied protein language models to Protein
Succinylation Sites Prediction, IDP-LM (Pang and Liu
2023) applied protein language models to protein
intrinsic disorder prediction, DeepGOPlus (Kulmanov

© The Author(s) 2024



Foundation models in molecular biology

REVIEW

and Hoehndorf 2020) applied protein language models

to protein function prediction, and all achieved
favorable results.

Compared with single protein sequences,
homologous sequences in multiple sequence

alignments contain rich evolutionary information that
can greatly assist the inference of residue interactions;
therefore, compared with protein language models
based on single protein sequences, protein language
models based on multiple sequence alignments may be
more capable of capturing residue interactions. MSA-
Transformer (Rao et al. 2021) is, to the best of our
knowledge, the first protein language model trained
based on multiple sequence alignment, which is built
primarily from axis-attention based modules and is also
trained with the objective of recovering the content of
masked regions. The analysis results show that MSA-
Transformer significantly outperforms ESM-1b in
capturing residue interactions and achieves the best
performance on the task of protein residue contact
prediction. A-Port (Hong et al. 2022) performs residue
contact prediction using MSA-Transformer and inputs
the predicted pairs of contacting residues into
PyRosetta for protein structure prediction. The analysis
results show that the quality of structures predicted by
A-Port exceeds the current best structure prediction
methods, but it is still far from solving the problem of
protein structure prediction. The emergence of
AlphaFold2 (Jumper et al. 2021) has virtually solved
the problem of structure prediction for proteins, and
results at CASP14 show that for most proteins, the
quality of the structure predicted by AlphaFold2 is
comparable to the quality of the experimentally
resolved structure. AlphaFold2 is a protein language
model] in an encoder-decoder architecture, where the
encoder consists of a stack of 48 EvoFormer modules to
extract the representation of multiple sequence
alignments and explicitly predict the spatial distance
between residues. The decoder, or structure module,
consists of eight layers stacked on top of each other,
which is used to generate the protein structure from
the MSA representation. Specifically, the decoder
initializes the spatial position of each residue in the
protein at the origin, and each subsequent layer
updates the protein structure with the sequence
representations and residue distances from the
encoder.

Protein sequence generation based on protein
language model

Generating protein sequences from scratch and
generating constraint-compliant protein sequences are

© The Author(s) 2024

the two main application scenarios for protein
sequence generation. Currently, although the Uniref100
protein sequence database (Mirdita et al. 2017) already
contains about 250 million protein sequences, these
protein sequences only account for a very small portion
of the protein sequence space, so if foldable protein
sequences can be generated computationally and
rapidly, it can provide more options for fields that can
use proteins, such as catalysis or pharmaceuticals, etc.
ProtGPT2 (Ferruz et al. 2022) is a protein language
model trained on 45 million protein sequences with the
training goal of predicting the next word based on the
current sentence. The training goal of ProtGPT2 makes
ProtGPT2 naturally suitable for generating protein
sequences from scratch. Analysis of the protein
sequences predicted by ProtGPT2 showed that the
proportion of disordered structures and amino acid
frequencies are almost the same as the natural
sequences, indicating that ProtGPT2 has the ability to
generate protein sequences similar to the natural
protein sequences. RITA (Hesslow et al. 2022) explored
the effect of the scale of protein language model on the
generative ability by training a series of protein
language models of different scales with the objective of
the next word prediction, and the results showed that
the larger the scale of the language model, the higher
the reliability of the generated protein sequence. In
addition to this, Robert et al. (Verkuil et al. 2022) also
explored the use of a masked protein language model to
generate protein sequences and experimentally verified
that the generated sequences have a higher probability
(67%) of being soluble. ProtGen (Madani et al. 2023) is
a representative work in generating protein sequences
under finite constraints, which is also a protein
language model with the training objective of
predicting the next word. Compared with other protein
language models, ProtGen can specify the function of
the protein and then generate protein sequences that
match the function, and experiments show that the
protein sequences generated by ProtGen can realize
some functions better than natural sequences and have
lower similarity with existing natural protein
sequences.

LANGUAGE MODELS FOR GENOMICS

DNA and RNA are also important biomacromolecules in
organisms like proteins. DNA mainly serves to encode
genetic information, and interpreting DNA with the
help of language modeling is a field of research that has
emerged in the last two years; whereas for RNA only
about 5% of all RNA transcripts are mRNAs coding for
proteins, the remaining portion called non-coding RNAs
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exercise functions such as signaling and gene
regulation, etc. (Wang and Chang 2011). Non-coding
RNAs can perform specific functions only if they can
maintain specific structures, but the severe scarcity of
RNA structural data in the field of RNA has limited the
performance of RNA structure prediction methods. In
contrast to structural data, RNA sequence data has been
accumulated with the development of RNA sequencing
technology, and the structure of RNA is determined by
the interactions between nucleotides, so how to distill
the interactions between nucleotides with the help of
the huge amount of RNA sequence data has become an
important issue, and this is the area where language
modeling specializes in.

Developing DNA language models and RNA language
models are rising research areas, the development of
DNA/RNA language models as well as their applications
will be described below (see Fig. 3).

DNA sequence modelling based on the DNA
language model

DNABERT (Ji et al. 2021) is, to the best of our
knowledge, the first DNA language model using the
BERT architecture, specifically, DNABERT uses the
human genome as the training data and the k-mer
representation of DNA as words for training (Take the
DNA sequence “ATGGCT” as an example, the 3-mer
representation used by DNABERT will represent the

RNA sequence

sequence as {ATG, TGG, GGC, GCT}). The excellent
performance of DNABERT in predicting proximal and
core promoter regions and identifying transcription
factor binding sites fully demonstrates the potential of
language models in the field of DNA research. In
contrast to DNABERT, which was trained using only the
human genome, Nucleotide Transformer (Dalla-Torre
et al. 2023) was trained using the genomes of 850
species and showed excellent performance in detecting
genetic variants and predicting the effects of mutations.
DNABERT-2 (Zhou et al. 2023b) is an upgraded version
of DNABERT, which not only proposes a simple and
effective scheme for DNA tokenization, but also
dramatically improves the training efficiency by
adopting techniques such as Flash Attention. In
addition, representative work using a DNA foundation
model for CRISPR sgRNA design, ie, DeepCRISPR
(Chuai et al. 2018), was presented.

Non-coding RNA sequence modelling based on RNA
language model

RNA-FM (Chen et al 2022) adopts the BERT
architecture and uses twenty-three million non-coding
RNAs from RNAcentral (The RNAcentral Consortium
2019) for training, which is trained by randomly
masking a portion of the RNA sequence and then
aiming to recover the content of the masked region. The
analysis results on downstream tasks such as

RNA MSA

— =

Downstream tasks

(Secondary structure prediction

3D structure prediction\

Fig. 3 Applications of foundation models in RNA science. Both sequence-based and MSA-based RNA foundation models can be applied
to downstream tasks such as RNA secondary structure prediction, RNA structure prediction, etc.

142 | June 2024 | Volume 10 | Issue 3

© The Author(s) 2024



Foundation models in molecular biology

REVIEW

nucleotide distance prediction, secondary structure
prediction, etc. show that the prediction performance
using RNA-FM is better than that using only RNA
sequences, suggesting that RNA-FM captures partial
nucleotide interactions. Uni-RNA (Wang et al. 2023¢)
also employs the BERT architecture and trains with the
goal of recovering the contents of the masked region,
but the training set of Uni-RNA contains 1 billion non-
coding protein sequences from databases such as nt
(NCBI Resource Coordinators 2014), RNAcentral (The
RNAcentral Consortium 2019), Genome Warehouse
(GWH) (Chen et al. 2021a), and others. Test results on
tasks such as nucleotide contact prediction show that
Uni-RNA outperforms RNA-FM across the board,
indicating that Uni-RNA has a stronger ability to
capture nucleotide interactions.

Compared to single sequences, there are also some
RNA language models developed based on the MSA of
RNA. RNA-MSM (Zhang et al. 2023) adopts the MSA-
Transformer architecture and uses 3932 MSAs for
training, and outperforms traditional algorithms in
water solubility prediction as well as secondary
structure prediction tasks, which proves the application
value of RNA language model. In addition, works such
as trRosettaRNA (Wang et al. 2023d), DRfold (Li et al.
2023), and RoseTTAFoldNA (Baek et al. 2024) used a
similar architecture to the encoder of AlphaFold2 to
process MSA for RNA structure prediction, and also
achieved certain results.

LANGUAGE MODELS FOR SINGLE CELL
TRANSCRIPTOMES

Cells are the basic units of life, the complex regulatory
relationships between intracellular genes determine
the behavior and function of cells, and the complex
interactions between various types of cells in an
organism realize more advanced life activities.
Deciphering the intracellular regulatory network
between genes and the communication network
between cells in an organism is extremely crucial for
analyzing the differences between different types of
cells and understanding the life process, and the
development of single-cell transcriptome sequencing
technology has dramatically advanced this process
(Kolodziejczyk et al. 2015; Jovic et al. 2022). The
transcriptome is the total of the transcription products
of all genes in a cell under specific spatial and temporal
conditions, which determines the specificity of the cell,
and it is also the result of complex intra- and inter-
cellular  regulatory relationships. Single cell
transcriptome sequencing technology has accumulated

© The Author(s) 2024

a large amount of single cell transcriptome data in the
past decade (Cao et al. 2017; Moreno et al. 2022), and
there are numerous algorithms tried to decipher the
mystery of intracellular gene regulation and
intercellular communication with the help of single cell
transcriptome data (Bafna et al. 2023; Dai et al. 2019;
lacono et al. 2019; Wang et al. 2023c). Recently,
transcriptome language models have made great
progress in capturing gene regulatory relationships
(Cui et al. 2023; Theodoris et al. 2023; Wen et al. 2023;
Yang et al. 2022), and have gradually become the main
method to analyze single cell transcriptome data (see
Fig.4). In addition, transcriptome language models
have also shown very good performance in cell type
identification, gene expression prediction and other
tasks. In the following, we will introduce the training
approaches and applications of transcriptome language
models.

The transcriptome of a single cell contains both gene
types and corresponding gene expressions, an ideal
transcriptome language model should have the ability
to capture the causal relationships between all
elements (gene types, gene expressions) in the
transcriptome, while the ability of the model is closely
related to the design of the model's training objective.
Earlier transcriptome language models were mainly
trained based on recovering the content of the masked
region as the training objective, but there are some
differences in the way of masking. scBERT (Yang et al.
2022) uses the Performer module to build the model,
which is capable of handling longer sequences than the
standard Transformer. In addition, scBERT was trained
using the Panglao human single-cell transcriptome
dataset (containing about one million transcriptomes)
by masking a portion of the expression of a gene in the
transcriptome (with non-zero expression) and then
predicting the expression of the masked portion.
scBERT achieves the best performance on the tasks of
cell type annotation and identification of novel cells,
which indicates that the model captures cell specificity.
Compared to scBERT, which only aims at recovering the
gene expression in the masked region, scFormer's (Cui
et al. 2022) training objective includes both recovering
the gene expression in the masked region and
recovering the gene type in the masked region, and it
also achieves good performance on tasks such as gene
perturbation as well as batch effect correction. Gene
expression can fluctuate widely, and gene expression
can also contain overall noise due to batch effects, etc.
Geneformer (Theodoris et al. 2023) has designed a new
type of training objective to train the transcriptome
language model, specifically, Geneformer will first sort
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namics prediction, where G denotes gene and E denotes expression

the genes in the transcriptome according to their
expression, and then, after masking the genes
randomly, it will set the training objective to predict the
types of genes at the masked positions, which cleverly
uses the information of genes and expressions, and also
eliminates the noise problem in the expressions. The
analysis results show that Geneformer can handle batch
effects well and performs well on tasks such as network
dynamics prediction as well as gene perturbation
prediction, suggesting that Geneformer learns the
regulatory relationships between genes from the
transcriptome well. scFoundation (Hao et al. 2023)
considers that the vast majority of genes in the single-
cell transcriptome are not expressed (expression is
zero), and complete processing of all genes and
expression will greatly affect the inference speed of the
model as well as the scale of the trainable model;
therefore, an asymmetric encoder-decoder language
model architecture was designed, in which the encoder
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module only processes genes with an expression not
zero. This architecture allows scFoundation to reach a
scale of 100 million parameters and outperforms pre-
trained models such as scBERT and Geneformer.

In addition to transcriptome language models that
are trained with the objective of recovering the content
of masked regions, work such as scGPT (Cui et al. 2023)
as well as scTranslator (Liu et al. 2023) have explored
the application of generative language models in the
transcriptome. scGPT is trained to sequentially predict
the expression of genes with unknown expression
based on the known gene expression and cell type, and
thus the model has the ability to generate the
transcriptome of an entire cell while only the cell type
is specified. scTranslator, on the other hand, is a
generative transcriptome language model trained to
infer protein abundance values. scTranslator can
predict the proteome of a single cell given that cell's
transcriptome, and analysis has shown that the
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interactions between proteins (genes) inferred by
scTranslator are relatively accurate.

GRAPH NEURAL NETWORKS ON SPATIAL
TRANSCRIPTOMICS

Recent advances in spatially-resolved transcriptomics
(ST) technologies have enabled telescoped investiga-
tion of in situ gene expression and spatial location of
cells in tissues. The spatial transcriptomics data pro-
files cell type structure, gene expression with spatial
pattern and cell-to-cell interactions in spatial percep-
tions. This knowledge is essential for understanding
and explaining complex life systems, ie., disease
progress (Ye et al. 2022; Chen et al. 2020), tumor
micro-environment (Zhu et al. 2022; Ferri-Borgogno et
al. 2023) and organogenesis (Chen et al. 2022). Gener-
ally, ST technologies can be commonly classified into
two categories. The first category is image-based tech-
nologies such as in situ hybridization in situ sequencing,
which includes seqFISH (Shah et al. 2018), MERFISH
(Zhang et al. 2021) and STARmap (Wang et al. 2018).
The second category is capture and sequencing-based
technology, which includes 10x Visium (Wang et al.
2021), Slide-Seq (Rodriques et al. 2019), Slide-SeqZ2
(Stickels et al. 2021), HDST (Vickovic et al. 2019) and
Stereo-seq (Chen et al. 2022). These ST technologies
have been well utilized in multiple organisms, i.e.,
human, mouse, and drosophila.

Although ST provides revolutionized data of tissue,
it’s challenged by barriers from intrinsic noise, high-
sparseness, and multimodality (gene expression
matrices, spatial coordinates and histology images).
The main task of analyzing ST datasets includes the
detection of spatial domain and variable genes (SVGs),
cell type decomposition and data augmentation.
Besides, three-dimensional (3D) cellular structure
construction is required to better understand the
biological process in the whole organ and organism. In
order to accomplish these needs, lots of computational
methods have been developed. Graph neural networks
(GNNs) have attracted much attention in recent articles
(Wu et al. 2019; Liu et al. 2024). Unlike other common
methods which failed to utilize the spatial coordinates
and histology image information, GNNs enable learning
from a bucket of gene expression data, spot spatial
coordinates, ie., graph neighborhood network, and
histology image. GNNs are generally self-supervised or
semi-supervised models, as shown in Fig. 5, the GNNs
utilized in ST methods can be generally divided into
four categories, ie, graph convolutional network
(GCN), graph attention network (GAN), graph
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generative network and graph autoencoder. Compared
with other models, these GNNs can learn and preserve
the relative information in spatial location and image
data, which makes them outperform in many tasks such
as spatial domain detection, cell type decomposition
and 3D tissue construction.

As mentioned before, due to the low capture
efficiency and high technology noise in ST data, data
augmentation (imputation, denoise) is a key task in ST
data analysis. For this task, one kind of method is to
integrate scRNA-seq data with ST, such as stPlus
(Chen et al. 2021b) and SpaGE (Abdelaal et al. 2020).
However, doing so might induce new bias and
unwanted noise due to the unpaired samples and
technology differences. Another kind of method mainly
considers the ST data itself and usually makes the
augmentation with the neighborhood structure of ST
spots, which is associated with spatial location. In this
situation, GNN-based methods can be appealing, i.e.,
SEDR (Fu et al. 2021), stMVC (Zuo et al. 2022) and
SiGra (Tang et al. 2023). SEDR is an unsupervised
model that integrates transcriptomics data and
associated spatial information. It first constructs a low-
dimension latent representation of the ST matrix
through a deep autoencoder, and then combines it with
the corresponding spatial loci information by a
variational graph autoencoder. The SEDR pipeline
performed well on human dorsolateral prefrontal
cortex data, and was able for batch correction. stMVC is
a muti-modal model method that integrates gene
expression matrix, spatial location, histology image and
region segmentation. It applied a semi-supervised
graph attention autoencoder to capture the structure of
ST data, and the whole model can elucidate intra-
tumoral heterogeneity in ST data. SiGra was designed to
denoise gene expression data in ST. A graph
transformer was used to leverage the rich information
in the spatial distribution of spots and cells, and the
inclusion of immunohistochemistry images by imaging-
transcriptomics hybrid architecture can help improve
the performance by 37%.

Deciphering spatial domains and SVGs is critical for
understanding the biological structure and function of
tissue. In this task, models must consider the spatial
location of cells and gene expression. SpaGCN (Hu et al.
2021) applied a graph convolutional network (GCN)-
based approach to detect spatial domain and SVGs. The
spatial domain detection is based on the weighted
graph built on gene expression and histology image and
spatial location, and then SVGs are calculated on spatial
domains. STAGATE (Dong and Zhang 2022) developed
a graph attention autoencoder framework to identify
spatial domains. The graph attention autoencoder
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learns to integrate gene expression and spatial location
information, and adopts a graph attention mechanism
when considering spatial neighbor information.
STAGATE performed well in the accuracy of spatial
domain and SVGs detection. CCST (Li et al. 2022a) is an
unsupervised cell clustering method based on GCN. The
cell cluster results provided by CCST can help identify
curate cell type and then spatial domain. Spatial-MGCN
(Wang et al. 2023a) adopted a multi-view GCN encoder
to extract unique embeddings from gene expression
and spatial location graphs. The incorporation of this
information in Spatial-MGCN helps it outperform in
spatial domain detection.

The resolution of the majority ST technologies has
not reached a single-cell level, thus decomposition of
cell type in ST data is commonly needed. There are lots
of methods designed for ST cell type decomposition uti-
lizing scRNA-seq as a reference, ie., cell2location
(Kleshchevnikov et al. 2022), SPOTlight (Elosua-Bayes
et al. 2021) and Tangram (Biancalani et al. 2021). The
spatially nearby spots are more likely to share similar
cell components, thus leveraging spatial location by
GNNs could improve cell-type decomposition perfor-
mance. DSTG (Song and Su 2021) adopts GCN to learn
the latent representation of both gene expression and
spatial locations of spots, and later applied decomposi-
tion on the latent representation matrix. GraphST (Long
et al. 2023) is a graph self-supervised contrastive learn-
ing method. A GNN accompanied by augmentation-
based self-supervised contrastive learning is used to
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learn representations of spots in GraphST.

3D construction of whole tissue or organs can
accelerate the understanding of disease processes and
organogenesis. Since one individual ST slice contains
gene expression information on a 2D plane, the 3D
construction of tissue requires the integration of
multiple slices. There are several methods for
integrating parallel ST slices and 3D construction, i.e.,
PASTE (Zeira et al. 2022), STAligner (Zhou et al. 2023a)
and Stihchi3D (Wang et al. 2023b). PASTE mainly aligns
spots in different slices based on their gene expression
similarity and spatial distances, using an optimal
transport algorithm. STAligner develops a graph
attention autoencoder to learn spot embeddings with
gene expression and spatial location information. The
later alignment is based on the embedding and shared
spatial domain between slices. Stihchi3D is a joint
model for 3D domain detection and cell-type
decomposition of ST. A graph attention network is
utilized to learn the representation of spots’ gene
expression and 3D spatial adjacent network.

In summary, ST contains multi-modal data, i.e., gene
expression, spatial locations and histology image, which
requires full usage of this information. GNNs are
efficient at capturing relative information from network-
style data. While dealing with noisy and sparse ST data,
GNNs have great potential in solving tasks including
data augmentation, spatial domain and SVGs detection,
cell type decomposition and 3D construction of tissue.
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DISCUSSION

Foundational models in molecular biology are shaping
new research approaches in the field, in this review we
provide a comprehensive summary of foundational
models in molecular biology, detailing their
architecture, training approaches, scope of application,
and how they are used. Noted that although significant
achievements have been made by foundational models
in molecular biology, most current language models are
based on specific types of biological data, and cross-
modal foundational models of greater value are still
relatively rare. Another important issue regarding the
foundation model is its relationship with “small sample
learning”, ie. the few-shot learning using relatively
small training samples (Long et al. 2023). It should be
noted that the “fine-tuning” strategy used in the
foundation model is actually targeted to address the
small sample issue in the specific downstream tasks.
However, a recent study indicated that the foundation
model may fail in the zero-shot scenario, which is an
extreme case of few-shot learning (Zeira et al. 2022) in
which no training data are available for the specific
tasks. For such low-data-resource learning cases,
various few-shot learning schemas, for example, the
meta learning has been proposed (Zhou et al. 2023a).
Several applications using meta learning to address
molecule analysis problems, for example, the pMHC-
TCR interaction recognition (Wang et al. 2023b) and
kinome-wide polypharmacology profiling have been
presented (Benegas et al. 2023).

Finally, life processes are often dynamic, and multi-
modal foundational models that can take into account
the spatio-temporal specificity of biological data may be
able to make the digital cell a reality.
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