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Abstract  Large  language  models  (LLMs)  have
transformed  natural  language  processing  with  their
improved  performance  compared  with  previous
methods  and  have  shown  great  potential  to  be  adopted
in  other  fields.  The  sequential  nature  of  genomics  data,
such  as  deoxyribonucleic  acid  (DNA),  ribonucleic  acid
(RNA),  and  proteins,  makes  it  akin  to  human  natural
language, supporting the application of LLMs. Currently,
LLMs  have  only  been  applied  to  genomic  research  for
about  four  years  but  have  already  achieved  significant
advances  in  many challenging  and important  problems.
This  review summarizes  the recent  progress  of  applying
LLMs  in  genomic  research,  including  developing
biological  foundation  models  for  protein,  DNA,  and
RNA,  as  well  as  specialized  models  for  interaction
prediction,  single-cell  analysis,  and  structure  prediction.
The  review  discusses  the  challenges  and  potentials  of
adopting  new  advancements  in  LLMs  for  genomic
applications  and  proposes  several  practical  projects  for
integrating LLMs into genomics teaching and learning.
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1   Brief Overview of Large Language
Models

Language models  are  machine learning models  trained
to  analyze  statistics  and  probabilities  of  words  in
phrases  and  sentences.  In  2017,  transformer
architecture  with  the  self-attention  mechanism  was
proposed (Vaswani et al., 2017). Based on this work, an
encoder-only transformer model,  bidirectional encoder
representation  from  transformers  (BERT),  was

introduced  by  researchers  at  Google  and  achieved  an
unprecedented  level  over  previous  state-of-the-art
methods  in  the  natural  language  processing  field
(Devlin et al.,  2019).  Moreover,  the two-step paradigm,
pre-training  and  fine-tuning,  is  established,  in  which
models are usually trained on an unlabeled large dataset
and  then  trained  on  a  task-specific  small  dataset  for
different  downstream  tasks.  With  the  help  of  this
innovative  paradigm,  many  new  models  have  been
developed,  including  bidirectional  and  auto-regressive
transformers  (BART),  generative  pre-trained  transfor-
mer (GPT) series products, and XLNet.

Researchers find that the performance of those
pre-trained  language  models  can  be  improved  by
scaling the model size and dataset volume (Kaplan et al.,
2020).  Moreover,  it  indicates  that  large-size  language
models  can  obtain  more  abilities  in  solving  complex
tasks  without  model  architecture  optimization  (Wei
et  al.,  2022).  Therefore,  language  models  with  many
parameters  trained  on  a  huge  amount  of  data,  termed
LLMs,  have  received  increasing  attention  and  shown
great potential in many areas (Shanahan, 2024).

These  LLMs  can  be  classified  into  four
mainstream  architectures,  including  encoder‒decoder
architecture,  decoder-only  architecture,  encoder-only,
and  state  space  models  (SSMs).  First,  the
encoder‒decoder  architecture,  the  canonical
transformer model,  consists of two major components,
an encoder and a decoder. The encoder takes the input
sequence  and  generates  latent  space  representations.
The decoder takes the encoded input and predicts target
sequences autoregressively. The BART and transferring
text-to-text  transformer  (T5)  are  representative
encoder‒decoder  models.  Second,  in  the  decoder-only
architecture,  input  and output  tokens are  processed by
stacked  decoder  layers  incorporating  masked  multi-
head  attention  blocks.  Decoder-only  architecture  is
well-suited for generation tasks, and the success of GPT
demonstrated  its  capabilities  for  tasks  like  sequence
generation  and  missing  word  prediction.  Many  LLMs
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adopted  this  architecture,  including  GPT-series,
bigscience  large  open-science  open-access  multilingual
language  model  (BLOOM),  open  pre-trained  transfor-
mers  (OPT),  pathways  language  model  (PaLM),  and
LLM  meta  AI  (LLaMA).  Third,  the  encoder-only
architecture only consists of stacked encoder layers and
is not auto-regressive. This architecture provides better
performance  in  classification  tasks  like  sentimental
analysis. BERT is an example of encoder-only architec-
ture.  Fourth,  SSMs  have  been  proposed  to  enhance
efficiency  and  deal  with  long  inputs.  Comparing  with
conventional LLMs with self-attention mechanisms that
have  the  quadratic  computational  complexity  of
O(N2D)  in  which N is  token numbers  and D is  feature
dimensions, SSMs can generate outputs recursively like
recurrent  neural  networks  (RNNs),  which  makes  the
decoding  process  faster  for  only  one  previous  state
should  be  visited.  However,  computational  efficiency
comes  at  the  cost  of  inferior  performance  compared
with  transformer.  Mamba,  retentive  networks,  and
Hyena are representative of SSMs architectures.

Many forms of biological data, including DNA,
RNA,  protein  sequences,  expression  profiles,  chemical
compounds,  and  interaction  networks,  can  be
interpreted  as  a  language-like  symbolic  framework  in
which  vocabulary  is  combined  with  certain  grammar
and  produces  contextual  meaning.  LLMs  are
introduced  to  facilitate  the  understanding  of  these
systems.  Applying  LLMs  in  genomics  is  growing
rapidly,  as Figure  1 summarizes  some  important
foundation models by timeline. 

2   Foundation Models for Genomic
Research

 

2.1 |    Generalized LLMs in Natural
Language for Assisting Genomic
Research

The  human  knowledge  of  the  biological  field  is
 

Figure 1    A  brief  timeline  of  major  LLMs in  genomics  for  DNA,  RNA,  and protein  languages.  DNA:  deoxyribonucleic  acid,
RNA: ribonucleic acid, GPN: genomic pre-trained network, RiNALMo: ribonucleic acid language model, RNA-MSM: multiple
sequence  alignment-based  RNA  language  model,  BERT:  bidirectional  encoder  representation  from  transformers,  RNA-FM:
RNA foundation model, ESM: evolutionary scale modelling, LC-PLM: long-context protein language model, ProtGPT: protein
generative pre-trained transformer.
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published through research papers, technical blogs, and
textbooks.  Natural  language  models  trained  as
generalized  dialogue  models,  such  as  GPT-4  (OpenAI
et al.,  2024)  and  LLaMA  (Touvron  et al.,  2023),  are
based  on  a  vast  of  available  corpora,  including  this
biological knowledge. 

2.1.1 LLMs for Interactive Dialogue

Generalized  foundation  models  have  shown  surprising
capabilities  in  answering  medical  and  biological
questions  with  proper  prompt  engineering  (Nori  et al.,
2023).  The  models  outperform  fine-tuned  specific-
purpose  dialogue  models  like  Med-PaLM2  in  several
tasks,  like  parsing  research  papers,  synthesizing
sophisticated  knowledge,  and  making  inferences  in  a
given  context  (Singhal  et al.,  2023).  Genomic
researchers frequently encounter unfamiliar concepts in
navigating  genomic  literature,  such  as  new  algorithms
for  researchers  with  genetics,  or  specific  genes  and
pathways  for  researchers  with  a  bioinformatics
background.  LLMs  can  reason  across  given  reference
papers, distil information about specific concepts into a
refined  description,  and  reduce  the  time  needed  for
looking up references (Simon et al., 2024).

The  main  drawback  of  the  LLMs as  a  research
consultant is their tendency to make up false facts, such
as  referring  to  non-existent  papers  and  generating
persuading  texts  with  factual  errors.  This  is  a  well-
known  limitation  in  the  generative  language  model,
named hallucination  (Ji  et al.,  2023).  Multiple  prompt-
engineering  approaches  can  be  used  to  reduce
hallucination  by  requiring  the  model  to  generate  its
step-by-step reasoning procedure (Kojima et al.,  2023),
take  multiple  reasoning  paths  (Wang  et al.,  2023),  and
perform  self-correction  with  the  external  data  source
(Gou  et al.,  2024).  Reducing  model  temperature  and
providing  reference  paper  directly  to  the  model  can
reduce  hallucination.  Even  with  these  approaches,
however,  manual  fact-checking  is  still  needed  for  any
information generated by the model. 

2.1.2 LLMs for Code Generation

Natural  language  models  have  been  proven  to  have
great  potential  to  write  codes  (Chen  et al.,  2021).
Considering  the  vast  range  of  bioinformatics  software
packages,  it  is  time-consuming  for  a  researcher  to
understand  new  software  packages  in  genomics
research,  especially  those  restricted  to  field-specific
usage.  In  a  recent  evaluation  for  bioinformatics
programming  (Tang  et al.,  2024),  GPT-4  solved  over
60% of  Java  programming  problems  and  over  55% of
Python  programming  problems  in  bioinformatics,
showing  that  generalized  natural  language  models

owned knowledge of bioinformatics software and could
invoke  them  correctly.  With  these  capabilities,  LLMs
can be used to generate code snippets with annotations
and  code  contexts,  identify  bugs  in  the  programming,
and generate potential fixes as suggestions (Majdoub &
Charrada, 2024). LLMs are required to explain existing
code  to  help  researchers  understand  complex  scripts
and adapt  to  a  new algorithm.  These  features  of  LLMs
boost  coding  productivity  and  allow  genomic
researchers to focus more on interpreting the biological
meaning of the data.

In the chemistry field, LLMs have been used to
manipulate  existing  software  and  natural  language
interfaces  (Bran  et al.,  2024).  For  genomics  and
bioinformatics,  pre-prints are aiming at similar targets,
such as BioMANIA (Dong et al., 2023). These tools are
not widely used in genomics research but still suggest a
promising  approach  to  make  complex  genomics  tools
accessible to a broader scientific community. 

2.1.3 Ethical Concerns of LLMs for Research Assistance

Some  users  might  consider  LLMs  with  interactive
capability  as  creatures  capable  of  thinking.  Genomic
researchers  using  LLMs  for  research  assistance  should
be reminded that LLMs are network models trained on
the  objective  of  predicting  the  next  token,  which  is
different from humans and affects the biases in training
datasets  (Shanahan,  2024).  The  tendency  to  anthropo-
morphize  LLMs  is  dangerous,  as  it  leads  to
overestimation  of  the  capability  and  reliability  of
language  models,  misconceptions  of  biological
information, and academic misconduct.

There are two main threats to the vulnerability
of  LLMs,  input  attacks  and  training  data  extraction
attacks.  First,  prompt  injection  is  used  to  hijack  the
output  of  LLMs,  in  which  hackers  use  malicious  input
to  make  the  model  disinform  other  users.  Unlike
chatbots  powered  by  LLMs  deployed  to  social  media
platforms,  most  LLM  research  assistants  use
independent  context  for  each  conversation.  This
difference limits  the risk of  prompt injection for LLMs
used  for  research  assistance.  Second,  training  data
extraction  attacks  are  more  dangerous  for  LLMs  fine-
tuned on biological data, especially for those fine-tuned
on  clinical  data.  In  this  attacking  method,  hackers  use
malicious  input  to  make  the  model  directly  provide
verbatim text sequences from training data. To address
this  issue,  de-identification  should  be  properly
performed  on  the  training  dataset  to  avoid  the  threat
fundamentally. 

2.2 |    Generalized LLMs for Biological
Data Analysis

Compared  with  natural  language  models  trained  to
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generate text sequences, biological language foundation
models are trained with sequential biological data, such
as sequences of biomolecules and serializable biological
data.  LLMs  are  trained  to  process  different  modalities
and  applied  to  a  variety  of  fields  in  genomic  research.
The  key  difference  between  generalized  foundation
methods  and  former  deep-learning-based  methods  is
training  strategy.  The  former  deep-learning-based
methods  rely  on  supervised  learning  on  large  labelled
datasets.  While  genomics  research  generates  a  huge
amount  of  unlabeled  data,  foundation  models  use  the
masked  language  modelling  approach  and  allow  the
model  to  learn  the  inherent  grammar  from  vast
amounts  of  unlabeled  data  and  to  be  fine-tuned  with
fewer  labelled  data  for  specific  tasks.  These  functions
show  a  major  advantage  over  former  supervised
learning approaches (Simon et al., 2024). 

2.2.1 Foundation Models for Protein Sequences

Deep  learning  methods  have  been  applied  successfully
in  protein  research,  especially  in  protein  structure  and
function prediction (Sapoval et al., 2022). Methods, like
AlphaFold,  have  changed  the  paradigm  of  protein
research  (Jumper  et al.,  2021),  and  DeepGO  has
improved  ontology  classification  compared  with
traditional methods, like finding similar sequences with
known functions using the basic local alignment search
tool  (Kulmanov  et  al.,  2018).  However,  most  of  those
methods are based on multiple sequence alignment, and
pre-trained language models have only been applied to
build protein foundation models recently. Though most
of  these  models  are  initially  designed  for  specific
purposes,  they  are  proven  to  be  reliable  foundation
models.

ProGen-series  models  are  focused  on  protein
sequence  generation  initially,  but  are  widely  used  as
foundation  models  for  downstream  tasks.  ProGen  has
been pre-trained on 280 million raw protein sequences
and fine-tuned with control  tags  for  protein properties
to  generate  unique  proteins  containing  required
sequences  and  tags  (Madani  et al.,  2023).  The  model
contains  1.2  billion  trainable  parameters.  ProGen2
provides  a  model  family  for  different  infrastructures
and  increases  the  maximum  scale  to  6.4  billion
parameters  (Nijkamp  et al.,  2023).  Aside  from  being
fine-tuned  to  tasks  like  ProGen,  ProGen2  are  pre-
trained  on  natural  antibodies,  called  ProGen2  with  an
observed  antibody  space  database  (ProGen2-OAS)
(Olsen  et al.,  2022).  It  is  an  antibody-specific  base
model  and  is  used  to  design  antibodies  with  protein
aggregation propensity and solubility.

The evolutionary scale modelling (ESM) series,
on  the  contrary,  initially  focused  on  structure
prediction and proved to be a reliable foundation model

for  other  downstream  tasks.  Compared  with  ProGen
series  models,  ESM  series  models  show  more  rapid
growth  in  scale.  ESM-1b  is  the  first  published  ESM
series  model,  which  has  about  650  million  parameters
and is pre-trained on 86 billion amino acids across 250
million  protein  sequences  (Rives  et al.,  2021).  ESM-2
provides  a  model  family  with  different  scales,  with  the
largest  model  using  15  billion  parameters  and  an
improved  dataset  sampled  across  UniRef50  and
UniRef90,  and  contains  about  65  million  protein
sequences  (Lin  et al.,  2023).  ESM-3  further  pushes  the
largest model scale to 98 billion parameters and is pre-
trained  on  2.78  billion  nature  protein  sequences  plus
0.37 billion synthetic sequences (Hayes et al., 2025).

ESM models  were  initially  applied  to  structure
prediction.  As  language  models  learn  the  evolutionary
patterns  in  similar  proteins,  these  models  in  the  ESM
series do not need multiple sequence alignment (MSA)
data  for  accurate  predictions.  ESMFold,  a  model  based
on  ESM-2  fine-tuned  for  structure  prediction  on
sequences  with MSA,  is  60 times faster  compared with
AlphaFold2  with  minor  accuracy  loss.  On  sequences
without MSA, ESMFold shows superior accuracy. These
features  make it  a  promising tool  in genomic research,
especially  in  metagenomic  research,  with  many
unknown  proteins  with  minimal  known  structures  as
reference.  ESMFold  is  used  to  construct  the  ESM
metagenomic  atlas  and  provides  structure  prediction
for  617  million  metagenomic  proteins.  Moreover,  the
ESM model series also serves as a foundation model for
other  downstream  tasks.  BioLLMNet  uses  ESM-2  for
RNA-protein  interaction  prediction  (Tahmid  et al.,
2024a), and GLM uses ESM-2 for protein co-regulation
prediction  (Hwang  et al.,  2024).  There  are  also
approaches to fine-tune ESM-2 to multiple downstream
tasks,  such  as  protein  stability  and  subcellular  location
(Schmirler et al., 2024). 

2.2.2 Foundation Models for DNA Sequences

DNA  and  RNA  have  lower  information  density  than
protein, as nucleotide sequences are four-letter encoded
compared  with  20-letter  encoded  protein  sequences.
This  is  a  main  challenge  in  building  nucleotide
foundation models, requiring a larger network scale and
more  complexity.  Compared  with  protein  models,  the
development of DNA and RNA foundation models has
just recently started.

Like protein foundation models,  DNA founda-
tion models (DNA-FMs) are designed to overcome the
limitations of former deep learning models, such as the
limitation  of  annotated  data  and  low  efficiency  in
adapting  to  different  tasks  by  transfer  learning.  In  this
review, the nucleotide transformer, a recent foundation
model  pre-trained  on  DNA  sequences,  is  taken  as  an
example (Dalla-Torre et al., 2024).
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The nucleotide transformer is constructed with
the  transformer  architecture  inspired  by  LLMs  like
BERT and GPT, with nucleotide sequences as sentences
and 6-mer motifs as words. This architecture allows the
model  to  process  DNA  sequences  by  considering  the
context  of  each  nucleotide.  Like  other  foundation
models, this model is pre-trained by learning to predict
masked  nucleotides  within  a  sequence,  forcing  it  to
understand  the  underlying  grammar  and  context  of
genomic information.

Four  language  models  with  different  model
scales and training datasets are built to understand how
these  differences  can  influence  the  models’ ability  to
learn  generalizable  genomic  information.  Generally,
models with larger parameter scales and larger training
datasets  will  outperform  smaller  models  in  most
downstream  tasks.  The  nucleotide  transformer  2.5b
multi-species  model  is  the  largest  model  of  the  four
models  and  has  outperformed  other  models  in  most
tasks.  Moreover,  the  model  trained  on  sequences  from
multispecies  has  outperformed  models  trained  on
sequences  only  from  the  human  genome,  even  on
specific tasks on the human genome. This suggests that
the  model  can  learn  from  the  evolutionary  diversity
across  different  species  and  allow  it  to  identify  and
focus  on  conserved  fundamental  features  for  their
functional  importance.  Generally,  DNA-FMs  can
benefit  from  larger  parameter  scales  and  more  diverse
training  datasets,  similar  to  natural  language  models.
These FMs show great potential for LLM applications in
genomics research.

The  nucleotide  transformer  has  been  fine-
tuned  and  tested  on  different  downstream  tasks  for
genomic  research.  It  shows  strong  performance  in
molecular  phenotype  prediction,  such  as  splice  site
prediction,  identification  of  promoters  and  enhancers,
and  characterization  of  histone  modifications.  This
model can achieve high accuracy with few labelled data.
Adding  data  from  other  species  helps  to  increase
accuracy  and  makes  the  FM  valuable  for  less-
characterized  genomic  features  and  non-model
organisms.  It  has  been  demonstrated  to  be  a  powerful
tool  for  the  prediction  of  genetic  variant  effects.  The
model matches and outperforms the existing supervised
models on this task, shows a great advance in zero-shot
samples,  and  has  the  potential  for  application  in
unannotated  organisms.  The  nucleotide  transformer’s
attention  head  shows  good  alignment  with  important
genomic elements,  such as transcription factor binding
sites, and suggests that the attention map can be further
parsed  to  discover  novel  regulatory  elements  or  find
uncharacterized known regulatory elements.

Evo  is  a  recent  DNA-FM  using  a  different
approach (Nguyen et al., 2024). The model is based on a
new  architecture  called  Hyena,  a  state-space  model
using  long  convolution  filters  instead  of  transformers

(Poli  et al.,  2023).  As  the  convolution  filters  are  much
faster than transformers to process long token context,
Evo  can  extend  the  context  length  to  131,072  tokens,
compared  with  1,000  tokens  for  the  nucleotide
transformer. The extended context range allows Evo to
discover  long-range  interactions  in  the  genome  and
extract  deeper  information  from  the  sequence.  Evo
designs DNA sequences on a genomic scale and is fine-
tuned  to  zero-shot  tasks,  like  predicting  mutational
effects on protein and non-coding RNA functions. 

2.2.3 Foundation Model for RNA Sequences

Building an RNA-FM is more complex than building a
DNA  model.  RNAs  are  flexible  molecules  with
numerous  possible  secondary  and  tertiary  structures,
and  different  RNA  types  have  different  interaction
mechanisms  with  other  molecules  (Holbrook,  2005).
An early approach in 2022 has proposed an RNA-FM, a
BERT-based  RNA-FM  pre-trained  on  23  million  non-
coding RNA sequences (Chen et al., 2022). Though this
RNA-FM  performed  well  on  non-coding  RNA
classification,  its  performance  in  some  downstream
tasks,  like  RNA‒RNA  interaction  and  RNA  secondary
structure prediction,  has  not  been improved compared
to former deep learning methods. There are also several
models  like  RNA‒BERT  using  the  BERT  model  as  an
RNA  embedding  approach  for  downstream  tasks
(Akiyama & Sakakibara, 2022). In 2024, RNAErnie was
introduced  with  motif-aware  pre-training  and  type-
guided  fine-tuning  (Wang  et  al.,  2024a).  This  review
takes RNAErnie as an example for introduction.

For  motif  awareness  in  pretraining,  RNAErnie
is  based  on  enhanced  representation  through  the
knowledge  integration  (ERNIE)  model  (Sun  et al.,
2019). A major difference between ERNIE and BERT is
the masking strategy. BERT masks each token with the
same probability, while ERNIE uses prior knowledge to
propose  a  multi-level  masking  strategy.  In  the  first
learning stage, ERNIE uses a similar masking method to
BERT.  In  the  second  learning  stage,  ERNIE  masks
continuous phrases as small groups of words together as
a conceptual unit,  instead of single tokens. In the third
learning  stage,  ERNIE  masks  continuous  entities  in
which  words  contain  an  abstract  concept  and  an
existing  entity,  shorter  than  phrases,  instead  of  single
tokens. In this way, the model can learn richer semantic
information.  RNAErnie  uses  this  feature  to  extract
knowledge  from  the  subsequence  and  motif  levels.  In
the  base  learning  stage,  15% of  the  bases  are  masked
randomly  for  unsupervised  learning.  In  the
subsequence  learning  stage,  the  bases  are  masked
randomly  and  continuously  with  lengths  ranging  from
4 base pairs (bp) to 8 bp. In the motif stage, motifs from
ATtRACT  and  SpliceAid  (Giudice  et al.,  2016; Piva
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et al.,  2012),  combined with some of the most frequent
motifs from the whole dataset, are recognized randomly
and  masked  continuously.  With  this  pre-training
strategy,  RNAErnie can learn context-related functions
of  nucleobases  without  direct  usage  of  the  known
motifs in embedding.

For  type-guidance  in  fine-tuning,  RNAErnie
uses a stacking strategy. RNAErnie is trained to predict
the  possible  RNA  type,  like  mRNA  and  lnRNA,  as  a
special  ending  token.  In  fine-tuning  for  downstream
tasks, the downstream head has different sub-networks
for  each  RNA  type.  These  sub-networks  share  some
parameters  for  type-unrelated  RNA  information.  The
modes  predict  the  top-k possible  RNA  types  which
means  the  top k most  probable  options,  and k sub-
networks  take  parallel  inputs  simultaneously.  The
outputs  of  these  sub-networks  are  further  ensembled
with  the  RNA  type  possibility  as  output  weight.  With
this  fine-tuning  strategy,  RNAErnie  can  adapt  to  the
distributional  differences  and  function  differences
between different RNA types, which helps downstream
tasks.

RNAErnie  has  been  adapted  to  RNA sequence
classification,  RNA‒RNA  interaction  prediction,  and
RNA  secondary  structure  prediction.  In  all  these
downstream  tasks,  RNAErnie  surpasses  existing
methods,  including  former  foundation  models  like
RNA-FM,  which  proves  its  ability  to  learn  robust  and
generalizable representations of RNA sequences.

Recently,  a  preprint  has  proposed  DGRNA,  a
new  RNA-FM  trained  on  a  larger  set  with  100  million
RNA  sequences  compared  to  23  million  used  by
RNAErnie  and  a  state-space-based  language  model
Mamba-2  (Yuan  et al.,  2024).  Compared  with
RNAErnie,  Yuan  et al.  (2024)  showed  major
improvements  in  various  downstream  tasks  without
specific  adaption  to  RNA  features.  The  ongoing
development  of  LLMs  has  great  potential  to  further
enhance biological foundation models. 

2.2.4 FMs for Specific Research Fields

Though  FMs  can  be  enhanced  by  the  larger  scale  and
diversity  in  pre-training  datasets,  some  research  fields
still  need  task-specific  datasets  for  model  training  for
better  results.  For  example,  the  language  model  for
decoding  untranslated  regions  (UTR-LM)  is  an  FM
specifically pre-trained on 5′ untranslated region (UTR)
sequences from multiple species (Chu et al., 2024). This
model targets the regulatory function of the 5′ UTR and
is fine-tuned to multiple regulation-related downstream
tasks,  such  as  predicting  ribosome  loading,  mRNA
expression  level,  and  internal  ribosome  entry  site.  The
UTR-LM performs well in these downstream tasks and
outperforms  generalized  models  like  RNA-FM.  For

RNA  splicing,  SpliceBERT  is  unsupervised  pre-trained
on  primary  RNA  sequences  and  uses  the  masking
training approach similar to other BERT-based models.
The extracted hidden state from encoder layers shows a
clear distinction between conserved and non-conserved
sites.  Moreover,  FM  can  capture  evolutionary
conservation. SpliceBert is further fine-tuned to predict
RNA splicing  site  prediction and shows improvements
compared to the RNA-FM (Chen et al., 2024a).

There  are  also  works  using  methods  like
generalized  models  but  focusing  on  a  specific
downstream  task.  The  genomic  pre-trained  network
(GPN)  is  unsupervised  pre-trained  on  genomic
sequences,  similar  to  other  DNA-FMs.  The
unsupervised  clustering  of  contextual  embedding  has
shown  the  ability  to  predict  different  genomic  regions
through  the  sequence  and  indicates  that  the  FM  has
learned  the  structure  of  the  genome  (Benegas  et al.,
2023).  However,  GPN  focuses  on  variant  effect
prediction,  and  there  is  a  major  difference  between
GPN and other generalized models. GPN uses a BERT-
like structure, but has replaced transformer blocks with
convolutional blocks and is trained on a smaller dataset
for  faster  training  speed.  Training  weights  of  repeat
sequences  are  optimized  carefully  for  the  model  to
achieve better performance in variant effect prediction.

Currently,  FMs  trained  with  specialized
training  datasets  and  generalized  datasets  are  both
advancing  rapidly.  Specialized  models  often  show
improvements  in  specific  downstream  tasks,  but  in
most cases,  the improvements are minor.  For example,
SpliceBERT  achieves  an  F1  score  of  0.957  in  zebrafish
splice  site  prediction,  while  RNA-FM,  a  generalized
model  focusing  more  on  non-coding  RNA,  achieves
0.937.  A  recent  evaluation  of  DNA  language  models
also  shows that  FMs specifically  trained on the  human
genome have no significant  advantages  compared with
models trained on benchmarks of mammalian genomic
data and multi-species genomes, including bacteria and
fungi,  in  performance  evaluation  on  benchmarks  of
mammalian  genomic  data  (Patel  et  al.,  2024).
Generalized models, generally, benefit from a larger and
more  diverse  dataset  for  pre-training.  For  sequences
with specific biological regulation pathways, specialized
models  outperform  generalized  models  with  fewer
computational requirements. 

3   Other Applications in Genomic
Analysis

Besides tasks with sequential inputs that can be adopted
with  fine-tuning  of  FMs,  there  are  other  applications
requiring further modifications to the model  structure.
Interaction  prediction  needs  multi-modal  capability,
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while single-cell  omics data are not sequential natively.
Some new approaches  in  structure  prediction combine
the language model and diffusion model. 

3.1 |    Specialized Model for RNA‒RNA
and Protein‒RNA Interaction
Prediction

The interactions between RNA and other biomolecules
play  important  roles  in  regulating  different  biological
procedures.  Multiple  techniques  have  been  used  to
decipher  such  interactions,  like  RNA in  situ
conformation  sequencing  (RIC-seq)  for  RNA‒RNA
interaction  (Ye  et al.,  2024)  and  cross-linking  and
immunoprecipitation  coupled  with  sequencing  for
RNA‒protein interaction (Lin & Miles, 2019). With the
vast  volume  of  omics  data  generated  by  these
techniques,  there  are  approaches  with  deep  learning
methods to predict these interactions and reveal hidden
interaction  patterns.  Some  of  the  approaches  used  a
simple  convolution  neural  network  (CNN)  (Pan  &
Shen,  2018),  while  others  used  a  combination  of  CNN
and  recurrent  networks  (Grønning  et al.,  2020).
Interaction prediction of RNA with other biomolecules
is a challenging task for language models, as most FMs
are  pre-trained  to  understand  the  biological
information in a single sequence.

This review takes BioLLMNet as an example of
applying LLMs to RNA interaction prediction (Tahmid
et al.,  2024a).  BioLLMNet  utilizes  a  multimodal
approach  by  using  different  language  model  encoders
for  different  biomolecules.  In  the  BioLLMNet
architecture,  RNA  sequences  are  encoded  by  BiRNA-
BERT  (Tahmid  et al.,  2024b),  protein  sequences  are
encoded  by  ESM-2  (Lin  et al.,  2023),  and  small
molecules are encoded by Mole-BERT (Xia et al., 2023).
For  each  interaction  combination,  the  output  of  the
RNA language model is transformed with a multi-layer
perceptron  (MLP)  to  align  the  feature  space  with  the
other language model’s output, and a gated weight MLP
is  used  to  perform  a  weighted  average  of  two  aligned
embeddings,  followed  by  a  multi-layer  MLP  as  a  final
prediction  head  to  predict  the  interaction.  By  using
LLMs  as  embedding  encoders,  BioLLMNet  can  avoid
using  predefined  features,  like  sequence  motifs,  and
capture  more  information with  pre-trained foundation
models.  With  this  strategy,  BioLLMNet  combines
multi-modal  features  and  outperforms  former  deep-
learning-based methods on interaction prediction tasks. 

3.2 |    Specialized Model for Single-Cell
Data Analyses

Single-cell omics is an important approach in genomics
research.  This  approach  reveals  cell-specific  features
obscured  in  bulk  sequencing,  crucial  for  cell  fate

determination,  cell‒cell  interaction,  immunology,  and
oncology. However, single-cell omics data are a unique
data  type  compared  with  DNA,  RNA,  and  protein
sequences,  as these data are not natively sequential.  To
address  this  issue  and  utilize  the  language  model  on
single-cell  data  processing,  researchers  use  different
approaches, such as converting gene expression levels to
a sorted gene list in text format or using the embedding
of expressing genes as words.

Cell  type  annotation  is  one  of  the  most
important  tasks  in  single-cell  data  processing.
Traditional  methods  often  rely  on  the  expression  level
of  predefined  marker  genes  which  struggle  with
technical  noise,  batch  effects,  and  sparsity  (Tung et al.,
2017),  and  are  not  effective  for  poorly  characterized
cells (Clarke et al., 2021).

Smaller  transformer  models  are  initially  used
on  cell  annotation  tasks.  TransCluster  and  CIForm
apply supervised training on annotated scRNA-seq data
and  show  superior  performance  compared  with
traditional methods (Song et al., 2022; Xu et al., 2023a).
Moreover,  scTransSort  applies  a  self-attention  model
trained  with  unlabeled  gene  embedding  for  cell  type
annotation and reduces  the  need for  manually  labelled
features or reference sequencing data (Jiao et al., 2023).
The  transformer  for  one-stop  interpretable  cell-type
annotation  introduces  an  interpretable  approach  using
a  multi-head  self-attention  model,  annotates  cell  types
using biological pathways and regulations, and provides
insights  into  the  biological  character  of  different  cell
types (Chen et al., 2023).

Several  LLMs  have  promising  results  on  this
task. The single-cell BERT applies the BERT model pre-
trained  on  a  massive  single-cell  RNA  sequencing
dataset in an unsupervised approach to learning general
gene-gene  interactions,  and  transfers  to  the  cell  type
annotation  task  with  specific  single-cell  RNA
sequencing  data  in  a  supervised  approach  (Yang  et  al.,
2022).  Recently,  larger  models  trained  on  human
language  have  also  been  used  on  cell-type  annotation
tasks.  GPTCelltype  used  GPT-4,  a  general-purpose
LLM  on  cell  type  annotation  (Hou  &  Ji,  2024).  The
model  converts  the  gene  expression  list  and  marker
gene list into readable text format and uses the language
model  directly  for  cell  type  annotation.  Though  the
output  of  GPTCelltype  is  still  affected  by  AI
hallucination  and  human  involvement  is  needed  for
prompt  engineering,  GPTCelltype  still  reveals  that
general-purpose  language  models  trained  on  human
language  can  handle  biological  data  correctly  without
transfer  training  and  potentially  reduce  the  need  for
specialized expertise and re-training cost.

Beyond  cell  type  annotation,  LLMs  are  also
used  for  downstream  analysis.  The  ScRAT  aims  at  the
challenge  of  connecting  single-cell  RNA  sequencing
data  with  phenotype  differences,  such  as  different
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diseases  (Mao  et al.,  2024).  A  multi-head  attention
encoder  network  is  used  to  aggregate  sample  cell
embeddings from each sample and identify crucial cells
for  each  phenotype  without  predefined  annotation.
This  method  enables  researchers  to  uncover  novel
relationships between specific cell transcriptomic status
and  phenotypes.  STGRNS  is  designed  to  infer  gene
regulatory  networks  from  single-cell  RNA  sequencing
data (Xu et al., 2023b). STGRNS uses a gene expression
motif  technique  to  convert  gene  pairs  into  contiguous
sub-vectors  for  transformer  encoder  input,  improve
inference  accuracy,  and  outperform  traditional
methods. There are also algorithms for other tasks, such
as  iSEEEK  for  multi-dataset  integration  (Shen  et al.,
2022).  Geneformer  is  a  context-aware  attention-based
model  pre-trained  on  single-cell  RNA sequencing  data
for fundamental purposes (Theodoris et al., 2023). With
further transfer learning, Geneformer can be fine-tuned
towards multiple tasks with limited task-specific data.

There  are  two  approaches  are  applied  to
enhance  further  the  potential  of  LLMs  in  single-cell
data  processing.  The  first  approach  is  to  train  a
fundamental  multi-purpose  language  model  on  single-
cell  data  to  decipher  the  cells’ language.  The  cell  pre-
trained language model (cellPLM) is an early approach
to  treat  genes  as  tokens  and  cells  as  sentences  and
outperforms  former  models  in  diverse  downstream
tasks  (Wen  et al.,  2023).  In  2024,  single-cell  GPT
(scGPT)  was  published  as  a  generative  pre-trained
transformer  model,  was  trained  on  a  larger  dataset  of
over  33  million  cells,  and  could  be  optimized  for
multiple  downstream  tasks  (Cui  et al.,  2024).  Recently,
the  single-cell  foundation  (scFoundation),  an  even
larger  foundation  model  with  over  100  million
parameters  trained  on  over  50  million  single-cell  RNA
sequencing  profiles  covering  about  20,000  genes  (Hao
et al.,  2024).  The  model  achieves  state-of-the-art
performance  in  multiple  downstream  analysis  tasks,
including  cell  type  annotation,  gene  relationship,  drug
response, and gene module inference.

The second approach is to “translate” biological
information  to  text  embedding  and  improve  the
performance  of  foundation  models  trained  with  texts.
Cell2Sentence  (C2S)  is  a  method  to  translate  gene
expression  data  into  cell  sentences  and  provides  a
method  to  adapt  any  language  models  to  a  single-cell
context directly (Levine et al., 2023).

The C2S generates  valid  gene expression levels
based on input cell types and predicts accurate cell types
from given expression levels.  On the contrary, GenePT
parsed  the  description  texts  with  a  language  from  the
National  Center  for  Biotechnology  Information  to
generate text embedding for genes, and composed gene
embedding  by  expression  level  for  a  cell  embedding
(Chen  &  Zou,  2023).  With  a  much  simpler  approach,
GenePT achieves similar performance on tasks like gene

classification  and  cell  type  annotation  compared  with
models trained on biological datasets. The combination
of  two  approaches,  like  single-cell  Mulan,  represents
cells  as  structured  cell  sentences,  further  trains  the
language  model  on  single-cell  RNA  sequencing  data
translated  into  sentences,  and  performs  different
downstream  tasks  guided  by  task-specific  prompts
(Chen et al., 2024a). 

3.3 |    Specialized Model for
Biomolecular Structure Prediction

Biomolecular  structure  prediction  has  been  advanced
by  applying  deep  learning  methods.  Tools,  like
AlphaFold  and  RoseTTAFold,  have  achieved  near-
experimental  accuracy  in  protein  structure  prediction,
and  methods,  like  MXfold2  and  SPOT-RNA2,  show
significant  improvements  in  prediction  accuracy  over
traditional  methods  (Baek  et al.,  2021; Jumper  et al.,
2021; Sato et al., 2021; Singh et al., 2021).

LLMs  are  recently  applied  in  biomolecular
structure  prediction.  Some  early  approaches  utilize  a
transformer  attention  map  unsupervised  trained  on
protein  sequences  to  predict  protein  contacts,  which
shows  that  the  language  model  can  learn  structural
information (Rao et al., 2020). Rivers et al. (2021) scaled
language  models  to  86  billion  amino  acids  across  250
million  protein  sequences,  which  allowed  models  to
learn  further  sequence  representation  and  contained
information  about  secondary  structure  prediction  as
well  as  mutational  effect  prediction.  In  2022,  larger
models  combining  the  Transformer-XL  architecture
and T5 language encoder model were applied to protein
sequences.  ProtTrans  surpassed  state-of-the-art
methods  without  requiring  multiple  sequence
alignment  data  in  secondary  structure  prediction  and
implied that large language models had a high potential
for  the  language  of  protein  (Elnaggar  et al.,  2022).  To
further apply an LLM to atomic-resolution 3D structure
prediction,  ESMFold  brings  a  sequence-to-structure
predictor  based  on  an  LLM  scaled  up  to  15  billion
parameters.  Compared  to  existing  alignment-based
methods, ESMFold achieved comparable accuracy with
significantly  higher  computation  speed  and  enabled
structure  predictions  on  more  than  600  million
metagenomic proteins (Lin et al., 2023).

Applying LLMs to nucleotide acid structure is a
more recent but developing rapidly field. Early language
models, like BERT, have been used to create RNA FMs
like RNA-FM (Chen et al., 2022), but its performance in
structure  prediction  shows  limitations  compared  with
smaller  models  like  SPOT-RNA2  tested  in  multiple
sequence alignment-based RNA language model (RNA-
MSM) paper. The main challenge compared to proteins
is  the  lower  information  density  of  four-letter  coded
DNA  and  RNA  sequences  compared  with  20-letter
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codec  protein  sequences.  To  address  this  issue,  RNA-
MSM  used  an  unsupervised  multiple  sequence
alignment-based  approach  to  find  homologous
sequences  in  less  conserved  RNA  sequences  (Zhang
et al.,  2024). The attention maps and embeddings from
RNA-MSM  contain  significant  structural  information,
which  allows  the  model  to  be  fine-tuned  for
downstream  tasks  like  predicting  2D  base  pairing
probabilities and 1D solvent accessibilities, and achieve
superior  performance  compared  with  existing  state-of-
the-art  methods.  As  another  approach,  RNAformer
designed  a  scalable  axial-attention-based  model  to
predict  secondary  structure  from  RNA  sequence
directly  (Franke  et al.,  2024).  RNAformer  employed  a
homology-aware  data  pipeline  to  overcome  the
homology  bias  in  training  data  and  testing  data  and
achieves  state-of-the-art  performance  on  RNA
secondary structure prediction without the need for any
reference sequence.

Another method to overcome the difficulties in
RNA-FMs is to train larger models over larger datasets.
RiNALMo is a ribonucleic acid language model recently
published  on  arXiv  and  has  trained  650  million
parameters over 36 million non-coding RNA sequences
from  multiple  datasets.  RiNALMo  overcame  the
limitations  of  existing  deep  learning  methods  in
generalizing  unseen  RNA  families  in  RNA  secondary
structure  prediction  and  suggested  a  promising  future
for  LLMs  in  revealing  hidden  information  within
nucleotide  acid  sequences.  Another  recent  preprint
method,  RhoFold  +,  demonstrated  using  a  LLM  for
single-chain  RNA  3D  structure  prediction  (Shen  et al.,
2024). RhoFold + offered a fully automated end-to-end
pipeline  and  showed  superior  performance  over
existing methods.

Some  recent  approaches,  like  AlphaFold3  and
RoseTTAFold  all-atom,  utilized  the  diffusion  model  to
increase  performance  on  complex  tasks,  such  as
biomolecular  interaction  and  small  molecule  binding
(Abramson  et al.,  2024; Krishna  et al.,  2024).  Diffusion
models  contained  transformer  blocks  for  prompt
processing  but  were  typically  pre-trained  to  denoise
data  iteratively,  unlike  language  models  pre-trained  to
predict  the  next  token  in  a  sequence.  There  were  also
approaches  to  combine  the  diffusion  model  with  the
language  model,  such  as  diffusion  protein  language
model-2  (DPLM-2)  (Wang  et al.,  2024b).  DPLM-2
employed  a  multimodal  diffusion  protein  language
model,  combined  structure  and  sequence  information
in  the  same backbone model,  used  separated  tokenizer
and output heads for structure and sequence,  and thus
enabled  multimodal  applications,  such  as  predicting
sequence  from  structure,  protein  function  embedding,
and  designing  protein  with  specific  structure  and
sequence. 

4   Discussion

The  review  represents  a  brief  review  of  the  expanding
usage  of  LLMs  in  genomics  research,  including
commonly  used  biological  FMs  like  ESM-2  and  RNA-
FM,  specific-target  models  like  GPN,  and  adaptors  for
natural  language  models  to  handle  biological  data  like
C2S. 

4.1 |    Summary of Representative FMs

As  shown  in Table  1,  the  review  summarized
representative  FMs  on  their  architectures,  parameters,
and unique features. The advantages and disadvantages
of  different  architectures  could  be  case-specific
depending  on  different  training  strategies  and  data
engineering approaches. 

4.2 |    Data Augmentation Strategy of
LLMs in Genomics

For most FMs, the simple strategy to pre-train language
models  on unlabeled sequence data and then fine-tune
them on specific tasks already works well. This strategy
is  applied  broadly  in  most  natural  language  models.
Data  augmentation  is  a  commonly  used  training
strategy  in  neural  network  models.  For  biological
language  models,  random mutation  is  one  of  the  most
commonly  used  methods  in  genomic  data.  This
approach selects  some tokens  from the  input  sequence
dataset  randomly  and  replaces  them  with  selected
tokens.  For  example,  RNAErnie  uses  this  data
augmentation  following  a  former  approach  used  in
UFold  (Fu  et al.,  2022),  which  mutates  randomly
20%–30% of  nucleotides  in  RNA  and  uses  Contrafold
to generate ground truth labels for these sequences (Do
et al., 2006).

However,  LLMs  generally  use  simpler
augmentation  approaches  compared  with  former
smaller  natural  language  processing  models  which
apply  a  combination  of  paraphrasing,  noising,  and
sampling  to  generate  augmented  data  with  high
diversity (Li et al., 2022). While GPT-3, a representative
LLM, only used corpora replacements, LLaMA does not
use  data  augmentation.  Similarly,  biological  language
models  also  used  fewer  augmentation  approaches,  the
nucleotide transformer only uses random augmentation
in smaller datasets and skips augmentation on the 1,000
genome  dataset,  as  the  added  noise  has  a  different
pattern  from  the  natural  mutation  in  the  genome.  A
possible  hypothesis  for  this  phenomenon  is  the  pre-
training strategy. Pre-training of LLMs does not require
labelled  data  and  allows  the  vast  dataset  of  human
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language or biological sequencing data to be used as the
training  set.  LLaMA  uses  a  dataset  containing  1.4
trillion  tokens,  and  most  of  the  training  data  are  only
utilized  once  during  training.  While  smaller  models
often  apply  the  same  training  data  in  supervised
learning  for  hundreds  of  epochs.  Large  and  diverged
datasets  might  have  decreased  the  importance  of  data
augmentation.

Evo2,  one  of  the  most  recent  FMs,  uses  data
augmentation  in  another  way  (Brixi  et al.,  2025).
Instead  of  increasing  diversity  through  random
mutations, Evo2 uses data augmentation to attach extra
information  to  sequences,  like  adding  additional
starting sequences to mRNA and adding gap sequences

around  exons.  The  additional  information  helps  Evo2
to  improve  performance  compared  to  former  models
and  reveals  a  new  strategy  of  data  engineering  for
biological language models. 

4.3 |    Challenges and Potentials for
LLMs in Genomics

A  major  challenge  of  biological  LLMs  is  the  intrinsic
difference between biological data and human language,
which  acquires  great  achievements  in  natural  language
models  inaccessible to biological  language models.  The
latest  progress  in  natural  language  models,  like
DeepSeek-R1,  focuses  on  reasoning  and  reinforcing

 

Table 1    Comparison of representative FMs

Model type Model Architecture Parameters of the FMs Features

DNA models DNABERT (2021) Encoder-only
transformer

89 million Early application of LLM on DNA sequence

DNABERT-2 (2024) Encoder-only
transformer

117 million Lower resource requirements compared with nucleotide transformer

Nucleotide transformer
(2024)

Encoder-only
transformer

2.5 billion Better performance with larger model and multi-species data

HyenaDNA (2023) Decoder-only Hyena 1.6 million Similar performance with nucleotide transformer using fewer parameters

Evo (2024) Decoder-only striped
Hyena

7 billion Extended context length, up to 131 kilobytes and improved performance
in sequence generation significantly

Evo2 (2025) Decoder-only striped
Hyena2

40 billion Further extended context length, up to 1 million base pair

RNA models RNA-FM (2022) Encoder-only
transformer

23 million Mainly focusing on the 3D structure of non-coding RNA and adapting to
other downstream tasks

SpliceBERT (2024) Encoder-only
transformer

19.4 million Focusing on RNA splicing

RNA-MSM (2024) Encoder-only
transformer

96.5 million Based on aligning homologous sequences and adapting to multiple
downstream tasks

RNAErnie (2024) Encoder-only
transformer

105 million Generalized RNA FM for different types of RNA and adapted well to
different downstream tasks

RiNALMo (2024) Encoder-only
transformer

650 million Focusing on non-coding RNA

RhoFold + (2024) Based on RNA-FM / RNA 3D structure prediction

Protein
models

ESM-1b (2020) Encoder-only
transformer

650 million Mainly focusing on learning evolution information for protein
generation

ESM-2 (2023) Encoder-only
transformer

15 billion Improved in architecture and scale and better performed on multiple
tasks

ESM-3 (2025) Encoder-only
transformer

98 billion Enabled guided protein generation with user prompts

ProGen (2023) Decoder-only
transformer

1.2 billion Focusing on generating homologous proteins of known protein family

ProGen2 (2023) Decoder-only
transformer

6.4 billion Increased model scale and better performance in novel protein
generation and fitness prediction

ProtBERT (2022) Encoder-only
transformer

16 million Generalized protein foundation model requiring minimal resources

ProtGPT2 (2022) Decoder-only
transformer

738 million Mainly focusing on de novo protein generation

Notes. DNA: deoxyribonucleic acid, BERT: bidirectional encoder representation from transformers, LLM: large language model, RNA-FM: RNA foundation model, RNA-
MSM: multiple sequence alignment-based RNA language model, RiNALMo: riboNucleic acid language model, ESM: evolutionary scale modelling, ProtGPT: protein
generative pre-trained transformer.
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learning  and  leads  to  a  great  improvement  compared
with  former  models  (DeepSeek-AI  et al.,  2025).  The
reasoning  feature  of  LLMs uses  prompt  engineering  to
let  the  model  generate  a  thinking  procedure  in  the
natural  language before generating the final  result,  and
the  contexts  generated  in  this  procedure  effectively
increase  the  quality  of  the  result.  Reinforcement
learning  uses  existing  exams  and  leverages  prompt
engineering  to  let  the  model  generate  formatted
answers.  As  natural  language  is  used  in  raising
questions,  thinking,  and  answering  with  easily
accessible training data, this strategy is very effective in
natural  language  models.  However,  transferring
thinking  progress  and  reinforcement  learning  to  the
biological  language  model  can  be  a  challenging  task.
The thinking procedure of the biological data sequence
is  unclear  and  may  not  be  describable  with  the
biological  sequence  itself.  Reinforcement  learning  on
biological data is also affected by the lower data quality
compared  with  exam  questions.  As  a  result,  recent
progress  in  LLMs can be  natural-language  specific  and
is not effectively transferred to biological data.

Improvements  in  biological  data  encoding and
the  development  of  biological  data-specific  prompt-
engineering  methods  help  to  address  this  problem.
Currently, FMs for single-cell data analysis focus on this
area early, as single-cell data is not originally sequential.
In  the  future,  data  encoding  and  prompt  engineering
will be crucial in biological LLMs for other fields.

Another major limitation of LLMs is their rapid
growth  on  scale,  which  results  in  the  growth  of
computational  resource  requirements.  Models  with
billions  of  parameters  are  untrainable  for  most
researchers  and  limit  the  progression  of  FM  pre-
training  to  a  few  corporations.  Fine-tuned  models  are
unaffordable  for  many  laboratories.  Most  researchers
perform  inference  with  large  models  or  use  the  results
generated  by  these  large  models.  However,  for  some
specific  downstream  tasks  like  perturbation  response
(Wenteler  et al.,  2024),  models  need  to  be  trained  or
fine-tuned on specific high-quality datasets to capture a
stable  understanding  of  biological  information.  Some
recent  research  articles  address  this  limitation  by
releasing multiple models with different sizes and allow
researchers  with  accessible  computational  resources  to
fine-tune the model for specific purposes. 

4.4 |    Integration of LLMs into the
Genomics Course

Integrating  LLMs  into  the  genomics  course  facilitates
students  to  better  understand  and  apply  genomic
knowledge.  Introducing  the  basics  and  advances  of
LLMs  related  to  genomics  in  classroom  teaching  is
encouraged.  More  importantly,  the  review  proposes
eight  practical  projects  using  LLMs  to  enhance  the
learning  experience  in  genomics,  including  sequence

generation,  gene  annotation  tasks,  protein  sequence
tasks,  protein  mutation  effect  prediction,  protein
structure  tasks,  RNA  structure  prediction,  single-cell
tasks, and epigenomics tasks.

First,  for  sequence  generation,  the  student’s
experiment is arranged using DNA language models to
generate  a  group  of  DNA  sequences  from  a  given
prompt initial sequence and then cluster specific motifs
from  the  generated  sequences.  The  web  service
provided  by  the  Arc  Institute  is  used  in  this  project,
which provides the Evo DNA model for DNA sequence
generating and scoring.

Second,  for  the  gene  annotation  tasks,  the
student’s  experiment  is  arranged  by  deploying  a  DNA
language  model,  annotating  a  genomic  sequence,  and
comparing  the  annotation  with  Ensembl  gene
annotation. DNABERT is a model suitable for this task,
as  it  is  relatively  small  and  deployable  on  most
computers.

Third, for protein sequence tasks, the student’s
experiment  is  arranged  to  utilize  a  protein  language
model  to  generate  embeddings  for  a  group  of  protein
sequences  from  different  protein  families  and  then
cluster these embeddings for protein classification. The
application  programming  interface  (API)  of  the  EMS3
protein model provided by Facebook is suitable for this
task.

Fourth,  for  protein  mutation  effect  prediction,
the student’s experiment is arranged by adding random
mutation to different positions of the protein and then
measuring  the  distance  of  embedding  of  a  protein
language  model  from  the  original  protein  to  the
mutated  one.  This  experiment  aims  at  gaining  deep
insights  into the importance of  each amino acid to  the
overall  protein  function  using  the  ESMC  API
mentioned above.

Fifth,  for  protein  structure  tasks,  the  student’s
experiment  is  arranged  by  predicting  protein  structure
with  AlphaFold3  and  ESMC  using  their  public  web
service, followed by comparing predictions with the real
structure.  A  further  experiment  is  arranged  by
measuring the deviation of the two methods in different
protein types.

Sixth,  for  RNA  structure  prediction,  the
student’s  experiment  is  arranged  using  an  RNA
language model to predict the 3D structures of a group
of  RNA  sequences  with  known  structures.  The
predictions  will  be  compared  with  the  ground truth  to
find  the  differences  for  different  types  of  RNAs.
RhoFold  +,  based  on  RNA-FM,  is  a  smaller  and
deployable model for this experiment.

Seventh,  for  single-cell  tasks,  the  student’s
experiment  applies  single-cell  GPT  data  analysis.  For
this  task,  the  Superbio  team  has  provided  single-cell
GPT  as  three  web  applications,  including  reference
mapping,  cell  annotation  fine-tuning,  and  gene
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regulatory  network  inference.  The  student  experiment
is  arranged  to  deploy  and  fine-tune  single-cell  GPT
locally.  However,  it  requires  a  modern  graphic
processing unit to run effectively.

Eighth,  for  epigenomics  tasks,  the  student’s
experiment utilizes an LLM to find methylation-related
sites  and  a  specific  motif  related  to  DNA  methylation.
The Mulan-Methyl model is provided by the University
of  Tubingen  as  a  web  service  for  finding  methylation-
related sites.

An  increasing  number  of  LLMs  will  be
developed in genomics, and utilizing these LLMs in the
classroom  can  help  students  better  to  learn  genomics
while  also  helping  them to  recognize  the  potential  and
limitations of existing tools. 
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