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ABSTRACT

Protein language models (pLMs) are rapidly emerging as revolutionary artificial intelligence technolo-
gies that bring transformative changes to drug discovery and therapeutic research. pLMs acquire rich
representational capabilities from large-scale sequence datasets, enabling the solution of various bio-
logical problems that were difficult with conventional methods. In this review, we provide a compre-
hensive overview of various pLMs and their implementations, exploring their potential utility in drug
discovery and therapeutic research. First, we systematically classify pLMs based on their architectures
and information sources while discussing their development to the present. We also explain recent
trends in multimodal approaches that integrate co-evolutionary information, structural information,
and functional information, as well as domain-specific models specialized for particular domains such
as antibodies and T-cell receptors. We then provide a comprehensive overview of various therapeutic
applications of pLMs, including mutation effect prediction, function prediction, and structure prediction.
Finally, we discuss future prospects of pLMs toward therapeutic applications and challenges for
transforming them into technologies that contribute to actual diseases.
© 2025 Japanese Society of Allergology. Published by Elsevier B.V. This is an open access article under
the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Introduction

including homologous sequence searches, prediction of disease-
causing mutation effects,” structure prediction,>™ property

Proteins are the fundamental units of life, with their func-
tions determined by amino acid sequences and three-
dimensional structures. Elucidating the relationship between
protein sequence, structure, and function is extremely impor-
tant in fields such as biology, protein engineering, therapeutic
research, and drug discovery.! Traditionally, various bioinfor-
matics methods have been developed for protein research,
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prediction, and optimization.

In recent years, language models (LMs) that learn linguistic
patterns from large amounts of text have made remarkable prog-
ress in natural language processing (NLP).”~7 Against this back-
drop of technological advancement, protein language models
(pLMs) have emerged as powerful tools in protein science.'”?®
Protein sequences contain information acquired over the course of
evolution and can be regarded as a kind of language. pLMs learn
structural motifs, evolutionary patterns, and functional features
through self-supervised learning® such as predicting masked res-
idues or the next residue in a sequence, without explicit labeled

1323-8930/© 2025 Japanese Society of Allergology. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/

licenses/by-nc-nd/4.0/).


http://creativecommons.org/licenses/by-nc-nd/4.0/
https://orcid.org/0000-0003-1097-0003
https://orcid.org/0000-0002-0120-1643
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:ohue@comp.isct.ac.jp
http://crossmark.crossref.org/dialog/?doi=10.1016/j.alit.2025.08.004&domain=pdf
www.sciencedirect.com/science/journal/13238930
http://http://www.elsevier.com/locate/alit
https://doi.org/10.1016/j.alit.2025.08.004
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/

K. Furui et al. / Allergology International 74 (2025) 534—548 535

Architectures @

{ Early pLMs }

Word2vec, RNN, LSTM

Protein Language Models
(pLMs)

/
( AN

Training Data @

Sequence
UniProt, BFD, OAS
OpenProteinSet

Transformer Models R
[ BERT, GPT, T5 ] \ | Knowledge [ Structure ]
PDB, AlphaFoldDB
N | Architect Sequence
ovel Architecture - -
xLSTM, Mamba + [ Function
ProteinkKG25, GO
Encoder
\ J \ J J
A\ 4
Prediction & Analysis Generation
R g e
Structure Function Mutational  Property Drug
Prediction  Prediction Effect Prediction Design

Fig. 1. An overview of protein language models.

training data. The latent space representations can achieve higher
generalization performance in downstream tasks such as structure
prediction and function prediction through transfer learning.'?~'?
Thus, pLMs have been established as essential foundation
models'® for illuminating the relationship between sequence,
structure, and function.

This article provides a comprehensive overview of the
fundamental concepts and major architectures of pLMs, recent
trends in drug discovery and therapeutic research, and a
perspective on their potential and challenges (Fig. 1). While
existing surveys comprehensively cover technical architectures
and general applications,>'* this review specifically focuses on
applications in therapeutic research. Furthermore, we emphasize
the progress of domain-specific pLMs and the utilization of
parameter-efficient fine-tuning (PEFT) methods in few-shot
learning scenarios, which are particularly valuable topics for
therapeutic research. First, we discuss the development of pLMs,
focusing on the Transformer, which is the most important ar-
chitecture of pLMs. Next, we describe recent trends in

incorporating co-evolutionary information, structural informa-
tion, and knowledge bases into pLMs to achieve richer repre-
sentations. Then, we touch on domain-specific pLMs targeting
specific protein domains such as antibodies and TCRs. We also
outline the databases used for pretraining pLMs. Finally, we
provide an overview of various applications of pLMs in drug
discovery and therapeutic research.

Protein language models

In the development of pLMs, various architectures and ap-
proaches have been proposed. Table 1 summarizes the pLMs that
have been proposed as general models based solely on amino acid
sequences. In this section, we explain pLMs using major archi-
tectures such as LSTM and Transformer. For Transformer, we
describe the purpose and representative pLMs for each of the three
architectures: encoder, decoder, and encoder-decoder. We show
representative models and their characteristics for each

Table 1

Sequence-based protein language model.
Name Model Dataset
SeqVec'® LSTM'® UniRef50
UniRep'” mLSTM'® UniRef50
UDSMProt'? AWD-LSTM?® Swiss-Prot*!*
TAPE'? Transformer Pfam??
ESM-1b%* Transformer UniRef50
ESM-1v? Transformer UniRef90
PRoBERTa*® RoBERTa Swiss-Prot
ProtTrans>® Transformer-XL,”” BERT, T5,*® ALBERT,? XLNet,*° ELECTRA®' UniRef50, BFD*?
DistilProtBert>> BERT UniRef50
RITA** Autoregressive transformer UniRef100
ProGPT2*° Autoregressive transformer UniRef50
ESM-236 BERT UniRef50/UniRef90
ESM Cambrian®’ BERT UniRef, JGI,*® MGnify>°

ProtFlash*’

Transformer + Mixed Chunk attention

ProGen*' Autoregressive transformer
ProGen2* Autoregressive transformer
CARP*® CNN

AMPLIFY*” BERT

Ankh*® T5

UniRef50

UniParc,*? UniProtKB,** Swiss-Prot, Pfam

UniRef90, BFD30/BFD90, OAS*®
UniRef50

UniRef100, OAS, SCOP*®
UniRef50
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architecture. We also discuss pLMs using architectures proposed to
address the computational cost of Transformers.

Early pLMs

Early approaches to treat protein sequences similarly to NLP
included methods using word2vec’® or doc2vec.”">> Word2vec is
a method that converts words into fixed-length dense vectors
based on co-occurrence relationships with surrounding words,
using algorithms such as Skip-gram and CBOW (Continuous Bag-
of-Words). ProtVec®? was the first model to apply embedding
methods to biological sequences.”® ProtVec treats amino acid
triplets as words and generates 100-dimensional protein vectors
using word2vec. Furthermore, seq2vec®* embedded entire pro-
tein sequences rather than amino acid k-mers using doc2vec,”!
an NLP method for embedding documents instead of words.
However, embedding methods like word2vec had limited ability
to capture context-dependent meanings and long—range in-
teractions, and could not adequately represent the complex fea-
tures of proteins.

Subsequently, LSTM '® was widely adopted in the early stages of
pLM.">!7 LSTM is a type of RNN proposed to address the vanishing
gradient problem. With memory cells equipped with input gates,
forget gates, and output gates, it can selectively retain and update
important information in long sequences. This architecture was
used in models such as SeqVec'” and UniRep.!” SeqVec'® demon-
strated higher performance in protein family classification than
the ProtVec. However, there were limitations in parallel processing
efficiency and the ability to learn extremely long sequences or
complex interaction patterns.

Transformer

Subsequently, the Transformer architecture,’ which achieved
success in NLP, was applied to protein modeling. Transformer® is
the mainstream of current pLM research and has been adopted in
popular models such as ESM-1b** and ESM-2.26 The core of the
Transformer is the self-attention mechanism, which allows direct
modeling of relationships between arbitrary positions in a
sequence. This characteristic is particularly effective for capturing
interactions between distant amino acids, which are important for
the formation of tertiary protein structures. Additionally, Trans-
formers offer the advantages of parallel processing capability and
high computational efficiency, making them suitable for learning
from large datasets. In ESM-23¢ and ESM3,°> Transformer models
with tens of billions of parameters have been pretrained, achieving
remarkable results in predicting protein structure and function.

Rao et al.'® proposed early pLMs using Transformers and
developed TAPE benchmark for evaluating protein sequence rep-
resentation learning. TAPE includes five biology-related tasks:
secondary structure prediction, contact prediction, remote ho-
mology detection, fluorescence intensity prediction, and stability
prediction. TAPE provided a systematic comparison of pLMs.

Transformer encoder

Transformer models can be categorized into different types
based on their architecture and pretraining approaches, broadly
divided into encoder, decoder, and encoder-decoder. Transformer
encoder models excel at representation learning of protein se-
quences and are suitable for transfer learning to downstream
tasks.’® In particular, BERT® is a representative encoder model.
BERT is trained bidirectionally through self-supervised learning
via MLM, which predicts randomly masked words from the corpus,
and next sentence prediction (NSP) tasks. Alternatively, encoder
models may be pretrained only with MLM. There are also pLMs

based on RoBERTa,”” an architecture that optimizes BERT's training
step.>> Many pLMs, including TAPE'? and the ESM series,”*>% have
adopted BERT architecture.

The ESM (evolutionary scale modeling) series is a group
of large-scale pLMs based on BERT. ESM-1b** is a large Trans-
former model pretrained with MLM using the UniRef50 dataset.
ESM-1v? is a model specialized for mutation prediction, demon-
strating the ability to score missense mutations in a zero-shot
manner. ESM-IF1,°® though not a general pLM, incorporated 3D
information through the Geometric Vector Perceptron (GVP)
Transformer>® to address the inverse folding problem. ESM-2,3°
released in 2022, was a significantly scaled-up pLM with 15 billion
parameters, achieving state-of-the-art performance in structure
prediction from a single sequence. Furthermore, ESM3,° the latest
model as of 2025 developed by EvolutionaryScale, is a large-scale
pLM trained with up to 98 billion parameters. ESM3 learns not
only protein sequences but also structural information and
knowledge from sources such as Gene Ontology (GO). ESM3 can
directly process protein backbone coordinates through a geo-
metric attention mechanism. Moreover, it features multi-track
input and output, including sequence, structure, secondary
structure, solvent-accessible surface area, functional keywords
and residue annotations. By learning from these diverse data
sources, ESM3 has high representational power, significantly sur-
passing previous methods in single-sequence structure prediction
and sequence generation.

Additionally, Elnaggar et al.”> proposed a series of models called
ProtTrans, developed using multiple variants of Transformers
including BERT and T5.?® These have been utilized as foundational
models for transfer learning in applications such as IDP-BERT®"
and PeptideBERT.®! DistilProtBert“’ is a pLM that applied knowl-
edge distillation to ProtBert, reducing the computational resources
required for pretraining by 98 %.

24,36,55

l.26

Transformer decoder

Transformer decoder models are architectures specialized for
protein sequence generation. Autoregressive models (also known
as Causal Language Models, CLM) are decoder models trained
through self-supervised learning using next token prediction
(NTP). In autoregressive models, attention is masked to prevent
attending to future positions, giving them the characteristic that
the output of a token depends only on past tokens. The GPT se-
ries,””%? which became a breakthrough in the field of NLP, is a
generative model based on this autoregressive transformer, and is
adopted in pLM such as ProGPT2*° and ProGen.*!

ProGen adopts CTRL (Conditional Transformer Language
Model),®® which enables the generation of sequences with specific
attributes or properties using control tags. This allows for the
generation of protein sequences with specific functions based on
keywords such as cellular component, biological process, and
molecular function terms. ProGen2** improved protein sequence
distribution capture, novel sequence generation, and protein
fitness prediction by training a scaled-up pLM with 6.4 billion
parameters on more than 1 billion sequences. Furthermore, the
latest ProGen3°®* has scaled up to as many as 46 billion parameters.
It achieves computational efficiency through sparse Mixture of
Experts,®® which selects the optimal network from multiple Expert
networks according to input data.

Transformer encoder-decoder

In addition to encoder and decoder models, Transformer
encoder-decoder models such as T5?® are also used as architec-
tures for pLMs.2%67%9 T5 is a Transformer model with an encoder-
decoder structure, proposed as a framework that uniformly treats
various “text-to-text” tasks. According to Elnaggar et al.,’® in a
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comparison of multiple architectures in ProtTrans, ProtT5-XL-
U50's latent variables showed the highest performance on
downstream tasks.

Language models beyond transformer

Although Transformer has been a major breakthrough in both
NLP and bioinformatics, it faces challenges that quadratically
increasing computational cost and memory usage with sequence
length. To overcome these issues, new architectures have been
proposed.40:46.70-73

ProteinBERT’? and CARP*® use architectures with CNNs, while
ProtFlash®® employs a Transformer using a mechanism called
Mixed Chunk Attention. Stirk et al.”! proposed light attention for
protein subcellular localization. These architectures have the
advantage of linear cost increase with sequence length.

Furthermore, new architectures to replace Transformers such
as XLSTM’? and Mamba’> have been proposed. XLSTM (Extended
LSTM)’? is an extension of traditional LSTM adapted to the era of
large language models (LLMs). XLSTM achieves linear-time
sequence processing through exponential gating and two new
memory structures called sLSTM (scalar memory) and mLSTM
(matrix memory), improving the ability to handle long contexts
and track states, which were challenges in LSTM. Prot-xLSTM’* is a
new pLM that learned XLSTM on the OpenProteinSet,”> demon-
strating excellent performance in protein generation utilizing ho-
mology information.

Moreover, Mamba’? is an extension of Structured State Space
Models (SSM)’® using a new structure called Selective State Space
Model (Selective SSM), featuring a simple and GPU memory-
efficient architecture. ProtMamba,’’ an alignment-free pLM us-
ing Mamba, has been proposed.

Prot-XxLSTM and ProtMamba leverage their ability to handle
much longer contexts than Transformer by concatenating multiple
homologous sequences. These novel approaches have challenges
such as insufficient optimization of architectures and learning,

inadequate utilization of multimodal information, and unverified
scaling laws for larger parameters. Additionally, pLMs based on
diffusion models’®’® such as DPLM®° and DPLM-28! have been
proposed in recent years. These models can generate plausible
sequences and structures while maintaining the representational
power of pLMs.

Understanding pLMs

Understanding the internal representations and learning pro-
cesses of pLMs is important for improving model performance and
developing new applications. For example, it has been revealed
that the attention matrices of pLMs can reproduce contact
maps,2>®> and contact maps can be extracted by perturbing the
input to pLMs.2* This suggests that pLMs contain important in-
formation for structure prediction, which can be useful for iden-
tifying active sites in drug design and function prediction, and for
providing evidence for pathogenicity prediction.

Efficient learning methods for pLMs are also noteworthy.
Ankh®® achieved the best performance on multiple tasks with less
than 10 % of the parameters of ESM-2-15B by optimizing masking
strategies, position encoding, architecture, and pretraining data.
Furthermore, AMPLIFY?’ is a lightweight model by applying the
latest improvements such as FlashAttention,®” SwiGLU,%® and
RMSNorm,?’ challenging the trend of increasing model scale. As a
result, AMPLIFY demonstrated performance equal to or better than
ESM-2-15B, which is 43 times larger, while accelerating inference
by 400—2000 times. Li et al.®® systematically investigated the
relationship between feature reuse and scaling in transfer learning
of pLMs. The results showed that increasing pLM size or additional
pretraining does not necessarily lead to performance improve-
ments in downstream tasks. In particular, they found that many
tasks, excluding the structure prediction task, rely on low-level
features acquired early in pretraining. Additionally, an inter-
esting study by Chen et al®° revealed that CLM and MLM have

Table 2
Protein language models with different information sources.
Name Type Model Dataset
MSA transformer®’ pLM + Alignment Transformer UniRef50, UniClust30

Tranception®? pLM + Alignment Autoregressive transformer UniRef100

MSAGPT?? pLM + Alignment Autoregressive transformer OpenProteinSet’®
MSA-Generator™ pLM + Alignment Transformer encoder-decoder UniRef90

POET®® pLM + Homology Autoregressive transformer UniRef50, UniRef100
ProGen3® pLM + Alignment Autoregressive transformer PPA-1%4

ProtMamba’’ pLM + Homology Mamba OpenProteinSet
Prot-xLSTM”4 pLM + Homology XLSTM”? OpenProteinSet
LM-GVP® pLM + Structure ProtBERT -

PromptProtein®’ pLM + Structure Transformer UniRef50, PDB, STRING”®
ESM-GearNet“’ pLM + Structure ESM-2 AlphaFoldDB
XTrimoPGLM'%° pLM + Structure GLM UniRef90, ColabFoldDB'"!
SaProt'%? pLM + Structure ESM-2 AlphaFoldDB

ProstT5% pLM + Structure T5% AlphaFoldDB, UniRef50
SI-pLM'* pLM + Structure BERT Pfam, PDB, AlphaFoldDB
S-PLM'%4 pLM + Structure ESM-2 + Swin-transformer'%® SwissProt, AlphaFoldDB
ProSST'%° pLM + Structure Transformer AlphaFoldDB, CATH43-540

ProteinBERT”°
OntoProtein'®’
KeAP%®
ProteinCLIP'%®
ProLLaMA*®
ESM3°°

pLM + Function
pLM + Function
pLM + Function
pLM + Function
pLM + Function
pLM + Structure
+Function

BERT + CNN

ProtBert
Encoder-decoder
Transformer

LLaMA2'%?

Bidirectional transformer

UniRef90, GO
ProteinKG25'%”
ProteinKG25
UniRef50, GO
UniRef, InterPro''°
Sequence:

UniRef, JGI, MGnify
Structure:
AlphaFoldDB, PDB, ESMAtlas>®
Function:

InterPro, GO
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different optimal scaling strategies: MLM should prioritize
expanding model size, whereas CLM should increase model size
and training data equally. Furthermore, a recent study by Vieira
et al.”% shows that large-scale models do not necessarily outper-
form medium-scale models in transfer learning in practical situ-
ations where training data is limited. These findings provide
important guidelines for optimizing model size and learning
strategies to achieve high accuracy with limited computational
resources in therapeutic applications.

Incorporating Co-evolutionary, structural, and functional
information

Some pLMs incorporate information sources different from
sequence, such as MSAs, 3D structural information, and functional
knowledge from sources like Gene Ontology, to achieve more
advanced representation learning.> Alignment information cap-
tures co-evolutionary patterns to identify functionally important
residues, structural information enables learning structure-
function relationships through three-dimensional features, and
functional knowledge promotes biologically meaningful protein
representations. This external knowledge can significantly
improve prediction accuracy and reliability in therapeutic appli-
cations. Table 2 provides a list of pLMs that utilize these additional
information sources. This additional information, either incorpo-
rated during model pretraining or utilized during inference, con-
tributes to performance improvements in downstream tasks. This
section provides an overview of the development of pLMs that
utilize these diverse information sources.

Alignment/homology-based pLMs

In the evolutionary process of proteins, functionally important
sites tend to be conserved, and interacting residues tend to co-evolve.
Such evolutionary information can be extracted from MSAs, and
pLMs leveraging this information have emerged.>®' MSA Trans-
former”' is a pioneering method that takes MSA as input. MSA
Transformer efficiently captures co-evolutionary patterns through
alternating row and column attention mechanisms, achieving high
accuracy in mutation effect and contact prediction. On the other
hand, Tranception®® is an autoregressive Transformer model for
predicting protein sequence fitness. Unlike MSA Transformer, it uses
only single sequences during training and utilizes MSA information
during inference, making it effective for proteins with shallow
alignments. Incidentally, Erckert and Rost'! reported that when they
explicitly incorporate MSA information into sequence-based pLMs to
improve performance, recent pLMs such as ProtT5 did not benefit.

pLMs that handle homologous sequences as input and output
without relying on alignments have also been proposed.’*’””9> For
example, POET®” is a hierarchical Transformer model that treats
protein families as sequences-of-sequences. It is trained on ho-
mologous sequences extracted from UniRef50 and implements an
attention mechanism that considers order within sequences but is
order-independent between sequences. These methods enable
transfer learning between families without MSA and demonstrate
excellent mutation effect prediction ability even for proteins with
shallow alignments.

Structure-Based pLMs

Some pLMs integrate structural information to enhance
sequence representations. Since protein function is determined by
both sequence and 3D structure, structural information is obvi-
ously important. One approach is to fuse structural encodings into

sequence models.5796:9%102112.113 1 \_GyP® and ESM-GearNet”’
fused information from pretrained structural encoders like GVP
Transformer”® and GearNet''# into pLMs. Also, ESM-GearNet-INR-
MC'"> additionally fused surface encoding using their protein
implicit neural representations (ProteinINR). Also, SaProt'’? and
ProstT5%” encode structural fragments from FoldSeek''® as struc-
tural tokens. In the recent ProSST,'%° structural tokens from GVP
transformer’® are quantized into discrete tokens using a k-means
model, creating effective protein representations that demonstrate
excellent performance in zero-shot and supervised downstream
tasks.

Another approach is to learn structural representations by
introducing additional training objectives related to structure
during pretraining or fine-tuning.’”'%*'"” PromptProtein®’ per-
formed multi-level pretraining using three tasks: MLM, « carbon
atom coordinate prediction, and protein—protein interaction pre-
diction. SI-pLM'?® also learned structural representations by
extending MLMs to predict structural properties of proteins such
as secondary structure, relative solvent accessibility (RSA), and
contact maps. ISM''® also takes an approach of distilling knowl-
edge about structure by predicting structural tokens during
training. The recent S-PLM'%* integrates protein structural infor-
mation into pLMs by contrastive learning between sequence and
structure representations.

Knowledge-based pLMs

Several pLMs attempt to reflect biochemical knowledge by
incorporating external information such as knowledge graphs and
G0.5>6970107108 gntoProtein'?” constructed a large-scale knowl-
edge graph called ProteinKG25, which was trained using contras-
tive learning to correctly distinguish between positive and
negative samples. KeAP®® further introduced a token-level
knowledge graph to OntoProtein's approach. ProteinBERT’? is
pretrained to predict GO terms simultaneously with an MLM.
ProteinCLIP'®® utilized the CLIP''® (Contrastive Language-Image
pretraining) approach. By learning a shared space from both pro-
tein sequence and text obtained from GO terms, it incorporated
functional information from natural language into pLMs. ESM3>°
also incorporates functional annotations into pretraining in addi-
tion to sequence and structural data.

Use of sequences other than amino acids

While pLMs handle amino acid sequences as input, LMs uti-
lizing sequences other than amino acid sequences can also be
useful for predicting protein function, mutation effects, and
sequence generation. CaLM'?? is codon language model trained on
9 million non-redundant protein-coding DNA sequences from
ENA.'?122 By capturing codon usage patterns, it demonstrated
excellent predictive performance in species recognition, predic-
tion of protein and transcript abundance, and melting point esti-
mation.'?? Furthermore, genomic language models such as Evo'??
and Evo2,'?* trained on large-scale genomic sequences, have
achieved performance competitive with pLMs in protein sequence
generation and zero-shot mutation prediction.

ESM All-Atom™® is a multi-scale model at both residue and
atomic levels using the AlphaFold DB and Uni-Mol'?® datasets.
ESM All-Atom can be used for protein-molecule tasks, protein
tasks, and molecular tasks, achieving performance that surpasses
or competes with existing methods for each.



K. Furui et al. / Allergology International 74 (2025) 534—548 539

Table 3
Domain-specific protein language model.
Name Class Model Dataset
AbLSTM'26 Antibody LSTM 0AS®
) NGS
Sapiens'?’ Antibody RoBERTa"’ 0AS
AntiBERTy'%® Antibody BERT 0AS
IgLM 28 Antibody Autoregressive 0AS
transformer

AbLang'*® Antibody RoBERTa 0AS
AntiBERTa'*° Antibody RoBERTa 0AS
AbNativ'?' Antibody VQ-VAE,'*? BERT 0AS, VHH, Vi, VA
IgT5/IgBERT®® Antibody T5, BERT 0AS
REALM'** Antibody ESM-2 0AS
AbLang2'34 Antibody ESM-2 0AS
nanoBERT'?* Nanobody BERT INDI'3¢
TCR-BERT'?’ TCR BERT VDJdb'*®

PIRD '3

TCRdb™®
ProtLM.TCR'*! TCR RoBERTa TCR CDR3§'4>143
SC-AIR-BERT'#4 TCR, BCR BERT

TABR-BERT '+ TCRdb
[EDB'4°
VDJdb'3®
IEDB'4®
MCPAS-TCR'4®

netMHC'#9

TCR-epitope BERT

TULIP'4” TCR-epitope Encoder-decoder

Domain-specific pLMs

The pLMs introduced in the previous section are trained using
general protein sequence databases such as UniProt and can cap-
ture evolutionary features and patterns common to proteins. On
the other hand, LMs trained on datasets specialized for specific
protein domains such as antibodies and TCRs can learn the
sequence distributions and conservation patterns unique to those
domains more precisely. Table 3 summarizes such domain-
specialized pLMs, and Figure 2 shows an overview of domain-
specific pLMs. By training pLMs on domain-specific protein se-
quences such as antibodies and TCRs, foundation models tailored
for specialized tasks can be developed. This section introduces
domain-specialized pLMs such as antibody-specific pLMs and TCR-
specific pLMs, and discusses their relevance to therapeutic drug
development and the potential for clinical applications.

Antibody language models

Antibody language models are models specifically developed to
learn the characteristics of antibody sequences.'?6128-130.134 [p
antibody drug development, multiple stages are involved:

Protein sequence space
Antibody

discovery of candidates that bind to antigens, affinity maturation,
humanization to reduce immunogenicity, and ensuring physico-
chemical properties suitable for manufacturing. Representations
learned from antibody language models can be used to enhance
prediction and generation performance for these purposes.

BERT-based models include AntiBERTa*? and AbLang,'zg'134
while autoregressive decoder models include IgLM'?® and Clo-
neLM."”? These models are primarily trained using the large-scale
antibody sequence data recorded in the OAS database.*> In
particular, IgLM'?8 is a GPT-2-based antibody LM aimed at gener-
ating antibody sequences and infilling CDR loop regions. Olsen
et al. point out that existing pLMs such as ESM-2 are biased,
because the majority of natural antibody sequence data comes
from germline-derived nucleotide sequences.”** AbLang2'3*
overcame this bias by focusing on learning non-germline residues
that are important for antibody function'®' through focal loss'>?
and incorporating multiple masking strategies. Ablang2 also uti-
lized paired heavy and light chain sequence information,
improving the prediction accuracy of non-germline mutations.

Furthermore, nanoBERT,"*® a pLM for nanobodies, was trained
using a dataset of 10 million non-redundant NGS sequences from
the INDI'*® database. AbNatiV'®! is a deep learning model for
assessing the nativity of antibodies and nanobodies, adopting a
vector quantized variational autoencoder (VQ-VAE) architec-
ture.”*? Additionally, CloneLM trained an autoregressive trans-
former to generate antibody clonal families obtained from OAS and
further proposed a Bayesian optimization method called Clo-
neB0."*Y CloneBO demonstrated that sequences can be efficiently
optimized from few samples by learning how the immune system
optimizes antibodies.'*°

These antibody language models are expected to be utilized for
improving antibody affinity and developability, as well as for
repertoire analysis. However, insufficient training data for key
properties like antigen specificity, affinity, and structure remains a
major challenge for realizing the full potential of pLMs.'**

TCR-specific pLMs

TCRs (T-cell receptors) recognize antigens presented as
peptide-MHC complexes on cell surfaces and initiate immune re-
sponses. The specificity of this recognition plays a central role in
cancer immunotherapy, autoimmune diseases, and infectious
disease treatment. Several TCR-specific pLMs have been developed
for this purpose.'>”14!

TCR-BERT'? is an early TCR-specific pLM. TCR-BERT consists of
two stages: representation learning utilizing large amounts of
unlabeled TCR sequences, followed by fine-tuning with a small
amount of labeled data on antigen specificity. ProtLM.TCR'*! fine-

+ Structure prediction

heavy light
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Antibody
Language Model

+ Affinity maturation
- Developability
* Immunogenicity
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ap
(v 3)

peptide MHC

TCR-Specific pLM  ==p
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+ TCR-pMHC binding
- Epitope/antigen prediction
+ Therapeutic design

Fig. 2. Overview of domain-specific pLMs.
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tuned a pLM pretrained on TCRS sequences for predicting binding
between TCRs and HLA class I epitopes. Furthermore, TCR-pMHC-
specific pLMs that explicitly model the relationship between TCRs
and  epitopes during pretraining have also  been
proposed.'>314>154=157 Eor example, TABR-BERT'#° is a BERT-based
transfer learning model for predicting TCR-pMHC interactions.
This model consists of three sub-models: a TCR embedding model
(TCR-BERT), a pMHC embedding model (pMHC-BERT), and an
MLP-based prediction model, demonstrating excellent perfor-
mance particularly in zero-shot prediction for unknown epitopes.
Additionally, TULIP'#’ constructed a TCR-specific pLM based on a
Transformer encoder-decoder to address incomplete information
related to epitope, TCR « chain, and TCR @ chain sequences in
training data. SC-AIR-BERT'#* is a BERT-based model for predicting
antigen binding specificity of adaptive immune receptors (AIRs),
simultaneously learning paired immune receptor chains (TCR «
and £ chains, BCR light and heavy chains).

These TCR-specific pLMs play important roles in a wide range of
therapeutic applications including cancer immunotherapy, vaccine
design, and autoimmune disease treatment. TCR-specific pLMs can
help identify high-affinity TCRs for specific cancer antigens in TCR-T
therapy and predict immunogenic peptides for cancer vaccine
design.'*® They are also useful for understanding the activation
mechanisms of autoimmune diseases and developing new treat-
ments targeting disease-causing cells.'>’” However, challenges
remain such as the lack of negative training data and the absence of
pairing and structural information, though further performance
improvements are expected by addressing these issues.

Training datasets

The selection of datasets is extremely important in pretraining
pLMs. Large-scale sequence data forms the foundation in the
learning process of pLMs, and is a crucial factor determining the
quality and quantity of information acquired by the model. In this
section, we provide an overview of the datasets used for pre-
training pLMs. We also describe datasets related to previously
mentioned pLMs that utilize co-evolutionary information, struc-
tural information, and functional knowledge.

Sequence databases

First, as a sequence database, there is UniProtKB, which con-
tains comprehensive protein sequences and annotation informa-
tion. UniRef is a dataset clustered from all protein sequences in the
UniProt database, clustered at three similarity levels: 100 %, 90 %,
and 50 %. Using clustered sequences allows for computationally
efficient learning of the protein sequence space, so many pLMs use
UniRef 8. According to Elnaggar et al.,°® using the non-redundant
UniRef50 dataset was most efficient. Similarly, the UniClust data-
base'® clusters UniProtkB sequences at 90 %, 50 %, and 30 %
pairwise sequence identity levels using MMseqs2.'°" It features
higher consistency in functional annotations compared to UniRef
database.

Also, some pLMs use Pfam,”® a database of 31 million
protein domains widely used in bioinformatics, as their pretrain-
ing corpus. Pfam sequences are classified into evolutionary related
groups, or protein families.

Besides regular protein sequence databases like UniRef, protein
sequence databases collected for specific purposes such as BFD,*>?
MGnify,*® JGI,>® and OAS* are also utilized. BFD (Big Fantastic
Database)*>? is one of the largest public protein family collections,
merging over 2.2 billion protein sequences from the UniProt
database and multiple metagenomic sequencing projects. The
sequences in BFD are clustered using Linclust/MMseqs2.!°C For

10,41 3

example, ProtTrans’® achieved higher performance by training
ProtT5 on the BFD dataset and then fine-tuning on UniRef50,
compared to using UniRef50 alone.

Additionally, ESM3°> uses sequence data from sources other
than UniRef %, including the MGnify protein database,*® JGI*®
database, and OAS database® for training. The MGnify protein
database®® is a microbiome-related database containing over 2.4
billion non-redundant protein sequences. Residue-level functional
annotations from MGnify were also utilized in model training for
ESM3. The JGI database®® is a microbial genome database. As of
August 2022, it contains over 451 million genome-derived genes
and over 75.1 billion metagenome-derived genes from archaea,
bacteria, eukarya, plasmids, and viruses, with standardized an-
notations. The OAS database®” is a project to collect and annotate
immune repertoires for large-scale analysis, containing over one
billion sequences from more than 80 different studies. These
repertoires cover diverse immune states, organisms (mainly hu-
man and mouse), and individuals, including both unpaired and
paired antibody sequences.

Finally, OpenProteinSet’> is a large-scale open dataset for
protein structure prediction and design research. This dataset
consists of over 16 million MSAs, structural homologs from PDB,
and AlphaFold2 protein structure predictions, has been used for
training recent alignment-free pLMs.”*””

Structure databases

Structure-Based pLMs utilize crystal structures available in the
Protein Data Bank (PDB)'®! or predicted structures from Alpha-
FoldDB.'®> The CATH (Class, Architecture, Topology, Homology)
dataset'®® is a system for hierarchically classifying protein domain
structure and function; ProSST'’® utilizes CATH for training
quantized structure encoders. Additionally, ESM3 uses ESM-
Atlas, 6 a large-scale ESM-2 predicted structure database, in
addition to AlphaFoldDB.

Functional information databases

GO terms provide a standardized terminology system for pro-
tein functions and are used as functional annotations in some
pLMs. ProteinKG25 is a large-scale knowledge graph dataset con-
structed in OntoProtein.'”” From protein sequence information
from Swiss-Prot and GO, it contains 612,483 entities (565,254
proteins and 47,229 GO terms) and approximately 5 million triples,
with 31 types of relationships defined. ProGen*' uses GO and NCBI
taxonomic information'®* as control tags for conditional sequence
generation.

Additionally, ProLLaMA* and ESM3°> also use a dataset on
functional annotations called InterPro."'? It integrates information
on protein sequence patterns, domains, and families from multiple
databases.

Applications of pLMs

Pretrained pLMs have been shown to improve performance on
downstream tasks through transfer learning with additional
labeled data.'%~'? Therefore, this section discusses how pLMs are
utilized in various downstream task areas including sequence
analysis, function prediction, mutation effect prediction, protein
optimization, and structure prediction.

Table 4 shows a systematic classification of pLM applications by
domain and approach. The classification covers diverse applica-
tions from basic biology to clinical applications, categorized from
the perspective of three approaches: prediction, design, and
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Table 4
Classification of pLM applications by domain and approach.

Prediction

Design Analysis

Basic biology Structure prediction
Function prediction
Subcellular localization
Protein—protein interaction
Enzyme activity

Stability prediction

Protein engineering

Drug discovery Drug-target interaction
Binding affinity

ADMET prediction
Off-target prediction
TCR-pMHC binding
Epitope prediction
Antigen specificity
Antibody developability
Mutation effect prediction
Pathogenicity

Disease risk evaluation

Immunology

Clinical applications

Biological circuit Sequence analysis
Evolutionary analysis

Functional annotation

Enzyme design

De novo design
Directed evolution
Lead optimization Binding site analysis

Allosteric site analysis target discovery
Interaction mechanism

Antibody design
Affinity maturation
TCR design

Vaccine design
Personalized design

Repertoire analysis

Disease mechanism
Viral evolution

analysis. The following subsections focus on representative ex-
amples of these applications and provide detailed descriptions.

Sequence analysis

pLMs pretrained on large-scale sequence databases implicitly
acquire co-evolutionary information similar to MSAs.316%166
Therefore, some attempts have been made to evaluate sequence
similarity using pLMs and to incorporate sequence alignments. In
sequence analysis, pLMs enable therapeutic applications by
detecting distant homologs missed by traditional methods, facili-
tating function inference, drug target discovery, and off-target
prediction. In a pioneering case, Bepler and Berger learned struc-
tural similarity of sequence pairs with an LSTM through super-
vised learning.'®” Lupo et al'®® demonstrated that MSA
Transformer can reproduce inter-species relationships captured by
traditional phylogenetic tree methods. Furthermore, research
incorporating pLMs into MSA has been proposed.'®®~7? Becker
et al.”’! proposed a method to improve MSA quality by incorpo-
rating pLM embedding representations into hidden Markov
models (HMMs), which performed particularly well in regions of
low sequence similarity. Additionally, for protein structure pre-
diction methods like AlphaFold that take MSAs as input, the
quality of predicted structures is limited when the quality and
quantity of MSAs are low.”>%* Therefore, MSAGPT?> and MSA-
Generator® have been proposed as pLMs for generating MSAs
from minimal MSAs. Using generated MSAs has been reported to
significantly improve the performance of AlphaFold2, even for
proteins with limited MSA evolutionary information.”>*

Function prediction

Function prediction using pLMs is useful for applications such
as identifying drug targets and elucidating disease processes.
Enzyme Commission (EC) number prediction, which predicts EC
numbers assigned to classified enzymes, is sometimes used to
evaluate pLM performance.”®!'>!73 EnzBert!’# is a model that fine-
tunes ProtBERT to predict EC numbers. Additionally, CLEAN'”®
using contrastive learning'’® and ProtDETR,””” which provides
residue-level interpretation for EC number prediction, have been
proposed.

The application of pLMs to predicting!’”> and improving'’®
turnover numbers, an indicator of catalytic efficiency in enzyme-
catalyzed reactions, is also noteworthy. Eom et al.'’® integrated

3

pLMs and homology search to narrow down candidate enzymes,
experimentally validated them, and discovered promising en-
zymes (kynureninases) that improved turnover numbers.

Protein subcellular localization’'”? and identification of func-
tional sites'®? are similarly important for understanding function.
DeepLoc2.0'7? is a pioneering method using pLMs to predict sub-
cellular localization with multi-labels. Additionally, DeepLoc'®! is
used as a benchmark for subcellular localization prediction, and
has been evaluated in many pLMs®%106182183 35 3 downstream
task.

The utilization of pLMs for functional annotation of unknown
proteins'®4 188 is also attracting attention. In the CAFA (Critical
Assessment of Functional Annotation) challenge,'®® LM-based
methods outperformed most protein function prediction
methods.*°

Mutation effect prediction

Quantifying the pathogenicity of protein variants in human
disease-related genes is crucial for clinical decision-making.'9"'9?
pLMs can predict mutation effects in zero-shot or few-shot set-
tings by implicitly acquiring preferences for mutations through
pretraining. ESM-1v? is a pLM specialized for mutation effect
prediction. ESM-1v demonstrated extremely high performance on
pathogenic variants from Clinvar'®! and HGMD,'?* along with
putatively benign missense variants from gnomAD'** in the
assessment by Livesey et al.'”®

Notinet al. proposed TranceptEVE,'”® a hybrid approach that
weights the mutation scores from Tranception,’” a pLM, according
to the number of sequences included in the MSA of EVE,'®? a
variational autoencoder (VAE) trained on MSAs. Furthermore, CPT-
1'%7 is a supervised model that learns a logistic regression model
on deep mutational scanning (DMS) data, incorporating mutation
scores from EVE and ESM-1v and other features. In ECNet,'%® fea-
tures extracted via direct coupling analysis'®® from MSAs and
embeddings from TAPE were combined using an LSTM-based su-
pervised approach. Luo et al'?>!%® successfully created actual
variants with up to approximately 8-fold higher activity than the
wild type by designing candidate sequences with a prediction
model trained on point and double mutants of TEM-1 $-lactamase
using ECNet.

Conventionally, MSA-based mutation effect prediction models
like GEMME??° achieved high accuracy but required enormous
computational costs for MSA computation. Therefore, VESPA?’!
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was proposed as an ensemble logistic regression model for pre-
dicting mutations based on information such as predicted con-
servation scores, substitution scores from BLOSUM62,°%? and
substitution probabilities from ProtT5. Furthermore, Marquet
et al.”® constructed VespaG, a neural network model that takes
ESM-2 embeddings as input and learns with GEMME as ground
truth, proposing a model that can predict mutations quickly and
accurately without MSA.

Notably, ProteinGym'' is a benchmark set of 1.5 million
missense mutations collected from 87 DMS assays, enabling sys-
tematic comparison of zero-shot and supervised mutation pre-
diction models.

Predicting viral evolution is important for anticipating the
emergence of new variants and developing effective therapeutics
and vaccines. As a pioneering method, CSCS*°* was proposed,
which is a BILSTM model for predicting mutations that escape the
immune system for influenza, Human Immunodeficiency Virus 1
(HIV-1), and severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2). Additionally, SARS-CoV-2, the cause of the recent
pandemic, has received particular attention, and pLM applications
specialized in predicting SARS-CoV-2 mutations have been
proposed.?%> 298 Recently, PLANT?%° was also introduced to map
influenza H3N2 sequences into antigenic space for improved
vaccine strain selection.

Parameter-efficient fine-tuning

In mutation effect prediction, supervised models showed
excellent performance, but these results heavily depend on vast
data obtained from high-throughput mutagenesis experiments.
Therefore, few-shot learning, i.e., efficiently learning appropriate
protein fitness landscapes from a realistic small number of
experimental data points, is extremely important.'83210.211

Hsu et al.?'° reported that for fitness prediction from dozens of
data points, Ridge regression using existing evolutionary proba-
bility densities such as VAE?!? and Potts models®'®> and one-hot
encoded amino acid features performed well. While updating all
parameters of pLMs for small amounts of data led to overfitting.

PEFT (parameter-efficient fine-tuning)'®>?!" has recently
gained attention in transfer learning of LLMs as a promising
approach for enhancing adaptability to downstream tasks.
Updating all parameters of a large-scale model is computationally
inefficient and carries the aforementioned risk of overfitting.
Therefore, PEFT adjusts only part of the model's parameters,
enabling efficient construction of specialized prediction models
for small supervised datasets while preserving pLMs' broad bio-
logical knowledge. This approach is powerful in therapeutic ap-
plications where available experimental data is insufficient, such
as rare diseases or early stages of drug development.

LoRA (Low-Rank Adaptation),”™ a representative PEFT tech-
nique, significantly reduces the number of learnable parameters in
downstream tasks based on the assumption that weight changes
in model's tuning are sufficiently low-rank. This method efficiently
fine-tunes pre-trained models by expressing the updated weight
matrix We R?* given a pre-trained model's weight matrix Wy e
RAxk 3s:

W=W, + BA (1)

Where B R and A< R™*¥ are rank r matrices, and r< min (d, k).
By freezing Wy during training and updating only A and B, the
number of learnable parameters is significantly reduced.
Schmirler et al. investigated multiple PEFT methods and found
that LoRA was superior in terms of performance and computa-
tional efficiency.'®> Zhou et al. proposed Pro-FSFP?'! a training
strategy combining PEFT,>'4 ?'® meta-transfer learning,’"’ and

learning-to-rank.”'®2'® They demonstrated that the performance
of various pLMs could be significantly improved using just a few
dozen labeled single-site mutants from proteins. Furui & Ohue??’
also proposed a multi-objective active learning approach using
pLMs and LoRA to efficiently utilize limited experimental data in
antibody CDR-H3 optimization. Furthermore, Sledzieski et al.?’!
showed that fine-tuning with PEFT demonstrated excellent per-
formance in tasks such as protein—protein interactions and
homooligomer symmetry prediction. Additionally, SI-Tuning??? is
a structure-aware PEFT method that significantly improved
downstream task performance by efficiently injecting structural
information into embeddings and attention through LoRA.
Furthermore, Gorantla et al.?> reported that advanced LoRA-based
PEFT such as LoKR (Low-Rank Kronecker Product) and LoHA (Low-
Rank Hadamard Product)*** showed higher prediction accuracy
than LoRA in protein-ligand binding affinity prediction. This sug-
gests that more efficient and expressive techniques such as LoKR
and LoHA should be used when sufficient fine-tuning data is
available. Thus, PEFT deserves attention as a powerful method that
can be applied regardless of pLM type and can be used in various
transfer learning scenarios. In the context of viral proteins,
Sawhney et al.?%’ significantly improved the analysis accuracy of
viral sequences by fine-tuning foundation pLMs such as ESM-2 on
viral protein sequences using LoRA. These PEFT techniques are
particularly effective in constructing domain-specific models
where limited training data is available.

Protein structure prediction

In the field of protein structure prediction (PSP) from sequence,
the emergence of AlphaFold2* achieved a qualitative leap in pre-
diction accuracy.”?® The AlphaFold series*?*7??8 successfully pre-
dicted three-dimensional structures with amazing accuracy using
MSAs searched from single sequences and residue pair features as
input. However, these methods rely on MSAs, and computing
MSAs is time-consuming, creating a significant bottleneck in
inference time.>®165229 Therefore, PSP methods utilizing pLMs
such as ESMFold®>® and OmegaFold'®® have emerged.'%>230-2%3
These models can perform fast and accurate PSP from a single
sequence without using MSA, accelerating prediction up to 60
times faster.>®!% Furthermore, RGN2,'®° trRosettaX-Single,”*! and
OmegaFold'® report outperforming AlphaFold2* and RoseTTA-
Fold?** in predictions for orphan proteins, designed proteins, and
antibodies.'®>1%6 Additionally, Weissenow et al.”>> mention that
EMBER2 captures the correlation between changes in predicted
structures and mutation effects from DMS®*> more than
ColabFold.'"!

Recent models such as ESM3>> and xT-Fold,'° a PSP model
using xTrimoPGLM, have significantly outperformed existing
methods like ESMFold. ESM3 generates higher quality structures
than ESMFold even with smaller models, suggesting that multi-
modal representations are important for PSP. However, PSP
methods using MSA like AlphaFold series still remain more
powerful than those using only pLMs, and further research in this
area is anticipated.

In antibody structure prediction, accurately predicting CDR
loop structures is a major challenge, and several PSP methods
using antibody LMs have been proposed.>*®22% Nevertheless,
predicting the CDR H3 loop, which is most important for antigen
recognition, remains a significant challenge.?*®

Protein design

Generating protein sequences with desired functions is an
important challenge in protein engineering. In therapeutic
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research, it can be useful for rational design of antibody drugs'?®
and development of universal vaccines that suppress the genera-
tion of immune escape mutations.”>° Gasser et al.>*>° combined
autoregressive Transformers and VAEs for vaccine and therapeutic
protein design. Verkuilet al.?*® used ESM-2 to generate sequences
in two scenarios, fixed backbone design and free generation, suc-
cessfully generating novel protein sequences with low similarity to
known sequences that were also soluble. pLMs are beginning to
succeed in designing proteins with desired functions that differ
from known sequences. For example, sequences designed by
ProGen fine-tuned on the lysozyme family were confirmed by
biochemical experiments to have enzyme activity comparable to
known natural proteins.*! More recently, ESM3 successfully
designed a novel protein called esmGFP without model fine-
tuning, which has only 58 % sequence identity with known natu-
ral green fluorescent proteins (GFP) but is equally bright.>> This
was achieved by starting with prompts for the minimal set of
sequence and structure information near the chromophore for-
mation site from a template protein, and performing iterative joint
optimization of sequence and structure tokens called chain of
thought.

Drug—target interaction prediction

In small molecule drug discovery, predicting drug—target in-
teractions is important for improving the efficiency and success
rate. This enables the identification of targets for drugs, screening
of candidate compounds that could bind to specific targets,>*! and
drug repositioning.>*> pLMs help by predicting drug—protein in-
teractions from sequence information alone, useful when struc-
tural information cannot be utilized or when exploring vast
combinations of drugs and proteins. TransformerCPI>**> used pro-
tein representations through word2vec. Then, Trans-
formerCPI2.0>** performed compound—protein interaction
prediction using protein representations from TAPE-BERT. DLM-
DTI?*! developed a drug—target interaction prediction method
utilizing two modality language models: a chemical language
model’*®> and a pLM. Additionally, sequence-based binding site
prediction methods?*°?*® have lower computational cost and
wider applicability, but face challenges in accuracy and inter-
pretability due to the lack of structural information.>*° Other
interesting pLMs applications for small molecule include detection
of potential binding sites?*° and prediction of allosteric sites.”!

Applications in various domains

Finally, we overview models for predicting various physical
properties and functions of proteins. Flamholz et al. demonstrated
the effectiveness of pLMs for annotating viral protein families.?>?
They trained classifiers using embeddings generated by pLMs for
distant viral proteins that were difficult to annotate using tradi-
tional homology search-based methods.

Signal peptides (SPs) are short amino acid sequences essential
for protein subcellular localization and secretion, and their accu-
rate prediction is important for protein function analysis. SignalP
6.0>> is an SP prediction model combining ProtTrans?® with
conditional random field (CRF),”>* enabling prediction of all five SP
types, whereas previous research could only predict specific SP
types. Furthermore, Zeng et al?>®> proposed an SP prediction
framework based on LoRA, and it outperformed both SignalP 6.0
and full fine-tuning of ESM-2.

Various physical properties of proteins are being predicted
using pLMs. IDP-BERT® is a model for predicting the physical
properties of intrinsically disordered proteins (IDPs). Using Prot-
BERT (the BERT model of ProtTrans) as a backbone, it was trained

on IDP sequences from the DisProt>°%?” database to predict IDP
properties such as structural, dynamic, and thermodynamic
characteristics. PeptideBERT®! is a BERT-based LM specialized for
peptide property prediction. Using ProtBERT as a backbone, it was
fine-tuned for predicting important peptide properties such as
hemolytic activity, solubility, and non-adhesiveness. PeptideBERT
showed excellent performance particularly in predicting hemo-
lytic activity and non-adhesiveness. Kim et al.?*® proposed
GPCR-BERT, in which ProtBERT was fine-tuned with 254 class A G-
protein coupled receptor (GPCR) sequences collected from the
GPCRdb database?* to analyze motif sequences of GPCRs.

Other applications exist, including repertoire analysis, >*260~263
antimicrobial peptides,?®4?5> solubility of proteins expressed in
E. coli/’%® thermal stability,”®” allergens,’®® 2’ and protein—
protein interaction prediction,”’"*’? but these are omitted due to
space constraints.

Challenges of pLMs in therapeutic applications

Finally, to transform pLMs from basic research tools into tech-
nologies that contribute to the actual prevention, diagnosis, and
treatment of diseases, several important requirements must be
met. First, biological validity and interpretability are essential. For
researchers to trust model predictions, it must be possible to
provide biological explanations of how the model's predictions
relate to disease mechanisms. Second, showing high performance
on general benchmarks alone is insufficient; rigorous validation
with disease-specific data is required. It is necessary to verify that
models remain robust and accurate when applied to real-world
data, such as disease-specific datasets or patient data, despite
potential biases in training data. Third, the lack of supervised data
in therapeutic research poses another significant challenge. PEFT
approaches have only recently gained recognition in pLM research
and represent a key technology for successful clinical applications.
Fourth, the development of multimodal pLMs that integrate
diverse information sources is important. Currently, research uti-
lizing individual information sources such as sequence, structure,
and co-evolutionary information is progressing, but multimodal
approaches that comprehensively utilize these are still in their
early stages. More comprehensive protein understanding derived
from diverse information sources could solve the fundamental
data shortage in therapeutic research. By addressing these chal-
lenges, pLMs could become more practically useful for drug dis-
covery and therapeutic research.

Conclusion

This article provided an overview of pLMs from fundamentals
to the latest applications, explaining how representations of
evolutionary, structural, and functional information acquired
through large-scale pretraining of sequence data contribute to
performance improvements in various protein-related tasks.
Looking at the overview, there seem to be mainly two directions in
recent research approaches for pLMs as pretrained models. One
involves efforts to expand model parameters and datasets,
following the success in NLP° by pretraining larger pLMs according
to scaling laws>>'241%0 or incorporating information from different
data sources beyond amino acid sequence information. On the
other hand, learning LMs with domain-specific datasets,'*
exploring alternative architectures to Transformers,*®7%71.7477 and
parameter-efficient pretraining®®*’ or fine-tuning'®>?!" ap-
proaches aimed at specialized domains or optimizing computa-
tional efficiency are also flourishing. The development through
these approaches in pLM research is expected to continue in the
future. In either case, for pLMs to perform sufficiently well in
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downstream tasks, high-quality labeled training data related to
the task and utilization of domain knowledge are important.

pLMs have emerged as powerful tools that unlock the language

of life - proteins - enabling structure prediction, novel protein
design, and prediction of mutational effects and functions. In the
future, as pLM research addresses challenges such as computa-
tional efficiency, data shortage, and interpretability, significant
advances in drug discovery processes and personalized medicine
are expected.
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