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Abstract  
The  pig  (Sus  scrofa)  is  both  an  economically  important  livestock  species  and  a  valuable  biomedical  model  .  Its  genome  bears  regulatory

 features  shaped  by  domestication  and  selection  that  are  often  poorly  captured  by  genomic  language  models  (gLMs)  trained  on  human  or

 model  organism  data.  To  address  these  challenges,  we  developed  Porcine  MutBERT,  a  suite  of  lightweight  gLMs  with  86  million  parameters

 that  employs  a  probabilistic  masking  strategy  targeting  evolutionarily  informative  single-nucleotide  polymorphisms.  This  design  captures

 population-specific  variation  while  reducing  computational  cost.  We  further  propose  PorcineBench,  a  benchmark  that  evaluates  gLM  per-

 formance  across  porcine  functional  genomics  tasks,  including  chromatin  accessibility  (ATAC-seq),  CTCF  binding,  and  histone  modifications

 (H3K27ac,  H3K4me1,  and  H3K27me3).  Results  show  that  Porcine  MutBERT  family  achieves  highly  competitive  performance  on  PorcineBench

 relative  to  substantially  larger  models,  while  providing  an  explicitly  porcine-adapted  alternative  for  downstream  functional  genomics  in

 pigs.  These  findings  underscore  the  advantages  of  species-adapted,  efficient  architectures  in  agricultural  genomics  and  demonstrate that

 compact  gLMs  can  expand  accessibility  and  impact  in  resource-constrained  settings.  The  code  and  data  are  available  at  https://github.com/
ai4nucleome/pigmutbert.
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Introduction 

The  pig  (Sus  scrofa)  is  a  crucial  livestock  species  [ 1]  with  signifi-

 cant  agricultural  and  biomedical  relevance  [ 2].  The  pig’s  genome  has

 undergone  complex  selective  pressures  during  domestication,  result-

 ing  in  a  genomic  architecture  that  is  distinct  from  that  of  humans

 and  other  model  organisms  [ 3].  Therefore,  understanding  its  genome

 is  vital  to  advancing  agricultural  productivity,  disease  control,  and

 biomedical  research,  particularly  in  areas  such  as  organ  transplan-

 tation.  Traditional  experimental  approaches  are  resource-intensive,

 limited  by  sample  size,  and  often  constrained  in  coverage,  motivating

 the  development  of  computational  methods  that  can  efficiently  infer

 functional  genomic  features.
 

Genomic  language  models  (gLMs)  offer  a  promising  alternative  by

 efficiently  predicting  gene  expression  and  other  phenotypic  features.

 Through  self-supervised  learning  on  large  genomic  datasets,  gLMs  can
 

capture  rich  sequence  representations  that  enable  accurate  predic-

 tions,  thus  significantly  reducing  both  the  time  and  cost  associated

 with  experimental  approaches  [ 4,  5].  Although  several  prominent

 gLMs,  such  as  DNABERT  [ 6],  DNABERT-2  [ 7],  HyenaDNA  [ 8], DNAGPT

 [ 9],  GENA-LM  [ 10],  EVO  [ 11],  and  Nucleotide  Transformer  (NT)  [ 12]

 have  achieved  strong  results  across  functional  genomic  tasks  [ 13,  14],

 they  are  trained  primarily  on  data  from  humans  or  models  and  often

 contain  billions  of  parameters.  Consequently,  their  applicability  to

 non-model  species  such  as  pigs  is  limited,  and  their  high  computa-

 tional  demands  hinder  practical  deployment  in  agricultural  genomics.
 

To  address  these  challenges,  we  developed  Porcine  MutBERT,  a

 suite  of  lightweight  gLMs  specifically  designed  for  pig  genomes.  All

 the  Porcine  MutBERT  models  contain  86  million  parameters,  making

 it  computationally  efficient  and  deployable  on  standard  hardware.

 Unlike  traditional  random  masking  strategies,  Porcine  MutBERT-Var
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Figure  1  Overview  of  Porcine  MutBERT.  (a)  Porcine  MutBERT  architecture.  The  input  data  consist  of  two  sources.  Pig-Ref  is  derived  from  the  Sscrofa11.1
 reference  assembly,  while  Pig-Var  includes  sequences  from  40  pig  samples. Both  datasets  contain  ∼ 2.7  billion  base  pairs.  We  trained  the  model  using
 a  masked  language  modeling  (MLM)  approach,  where  prediction  is  conditioned  on  the  provided  labels,  and  the  pretraining  objective  is  to  minimize
 the  cross-entropy  loss  over  the  masked  positions.  In  the  variant  representation,  the  nucleotide  entries  with  non-zero  probabilities  correspond  to  the
 reference  and  alternative  alleles,  respectively.  (b)  The  process  of  constructing  PorcineBench.  The  details  of  five  steps  are  in  section  3.6. (c)  Fine-tuning
 strategy.  We  used  a  supervised  approach  on  PorcineBench.  

employs  a  probabilistic,  mutation-informed  masking  strategy  [ 15]

 that  prioritizes  evolutionarily  informative  single-nucleotide  polymor-

 phisms  derived  from  population  genomics  data.  This  design  enables

 the  model  to  capture  regulatory  dependencies  shaped  by  selection

 pressures,  enhancing  its  ability  to  decode  functional  non-coding  ele-

 ments  and  predict  genomic  activity.
 

Furthermore,  we  established  PorcineBench,  a  comprehensive

 benchmarking  suite  covering  key  functional  genomics  tasks,  including

 chromatin  accessibility  (ATAC-seq),  CTCF  binding,  and  histone  modi-

 fications  (H3K27ac,  H3K4me1,  and  H3K27me3).  Comparative  results

 show  that  Porcine  MutBERT  family  achieves  competitive  performance

 against  larger  human-trained  models  and  recently  developed  cross-

 species  gLMs.  These  results  establish  that  a  compact,  evolution-

 informed  architecture  can  serve  as  a  powerful  tool  for  functional

 genomic  prediction  in  pigs,  advancing  the  genomic  foundation  for

 precision  breeding,  and  agricultural  biotechnology.
 

Materials  and  methods  

MutBERT  architecture  

As  shown  in  Fig.  1a,  we  used  MutBERT  [ 15]  to  train  a  masked  language

 model  based  on  Pig  data.  MutBERT  is  based  on  the  Transformer

 architecture  [ 16],  specifically  designed  as  an  encoder-only  model,  and

 incorporates  several  key  innovations  such  as  RoPE  [ 17]  and  flash

 attention  [ 18]  to  effectively  capture  genomic  sequence  features.  The

 architecture  is  composed  of  86  million  trainable  parameters  and

 designed  to  process  genomic  sequences  represented  probabilistically,

 as  opposed  to  traditional  one-hot  encoding.  Unlike  models  that  use

 overlapping  k-mers,  MutBERT  tokenizes  DNA  sequences  using  sin-

 gle  nucleotide.  The  input  sequences  are  tokenized  into  individual

 nucleotides  (A,  T,  C,  G),  with  additional  special  tokens  for  handling

 ambiguous  nucleotides  (N)  and  other  sequence-specific  information.

 The  model  processes  input  sequences  consisting  of  512  tokens,  includ-

 ing  two  special  tokens  ([CLS],  [SEP])  for  classification  tasks. Each

 token  is  mapped  to  a  768-D  embedding  space  via  an  embedding

 layer.  These  embeddings  are  then  augmented  with  rotary  positional

 encodings  to  capture  the  relative  positions  of  nucleotides  within  the

 input  sequence,  which  is  crucial  for  learning  long-range  dependencies

 in genomic  sequences.  In  summary,  the  architecture  of  MutBERT  is  tai-

 lored  for  genomic  sequences,  leveraging  Transformer-based  attention

 mechanisms  to  learn  contextual  representations  from  DNA  sequences.

 The  model’s  capacity  to  process  flexible  length  contexts  and  capture
 

Table  1  Pretraining  dataset.  The  four  rows  represent  the  splitting
 dataset,  the  number  of  base  pairs,  the  number  of  SNVs,  and  the  range
 of  probabilities  in  the  datasets,  respectively.
 

.  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .
Pig-Ref  Pig-Var 

Split Train  (M)  Test  (M)  Train  (M)  Test  (M)  
.  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .

Total  bp  2349 56 2349 56 
No.  SNVs  0 0 42 1.3 
Prob.  of  SNV 0  or  1 0  or  1 [0.0125, 0.9875] [0.0125,  0.9875] 
.  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .

variation  across  the  genome  makes  it  well  suited  for  tasks  in  functional

 genomics  and  population-based  studies.
 

Models  and  pretraining  dataset 

For  the  pretraining  of  our  porcine  genomic  models,  we  use  two

 primary  datasets:  Pig-Ref  and  Pig-Var.  The datasets  used  for  training

 are  summarized  in  Table  1.  The  overall  preprocessing  steps  followed

 a  similar  approach  to  the  one  used  in  MutBERT,  where  we  handled  the

 genomic  sequences  by  focusing  on  continuous  stretches  of  DNA  with

 a  minimum  sequence  length  of  510  base  pairs,  ensuring  high-quality

 inputs  for  our  models.  Unless  otherwise  specified,  Porcine  MutBERT

 refers  to  the  Porcine  MutBERT  family,  which  includes  two  models:

 Porcine  MutBERT-Ref  and  Porcine  MutBERT-Var. 

Por  cine  MutBERT-Ref  
The  reference  genome  for  pigs  was  obtained  from  the  NCBI  RefSeq

 database  [ 19].  This  dataset  includes  20  chromosomes  in  total,  with

 sequences  from  chromosomes  1–18,  X,  and  Y.  We  used  chromosome

 18  for  the  validation  set  and  the  remaining  chromosomes  (1–17,  X,

 and  Y)  for  training.  The  total  base  pairs  (bp)  for  these  20  chromo-

 somes  are  estimated  to  be  ∼ 2.7  billion  bp,  with  the  specifics  of  each

 chromosome’s  length  derived  from  the  RefSeq  data.  These  sequences

 were  processed  by  removing  regions  containing  ambiguous  bases  (N)

 and  assembling  continuous  sequences  of  at  least  510  bp.  Adjacent

 sequences  without  N  bases  were  concatenated  using  a  special  sepa-

 rator  token  [SEP],  resulting  in  a  sequence  with  length  of  L ,  where  L 

is  the  length  of  the  sequence  after  padding.  This  sequence  was  then

 converted  into  a  one-hot  encoding  matrix,  with  a  shape  of  9  ×  L ,
 where  9  is  the  vocabulary  size,  including  four  canonical  nucleotides
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A,  T,  C,  G,  and  five  special  tokens  [PAD],  [CLS],  [SEP],  [UNK],  and

 [MASK].
 

Por  cine  MutBERT-Var  
For  the  mutation  dataset,  we  selected  40  different  pig  samples,  includ-

 ing  both  wild  and  domesticated  ones  [ 20].  Raw  sequencing  data  from

 these  samples  were  aligned  to  the  reference  genome,  and  variant  call

 format  (VCF)  files  were  generated.  These  VCF  files  contain  the  informa-

 tion  necessary  to  derive  mutation  probabilities  at  each  genomic  locus.

 The  mutation  probabilities  were  integrated  into  the  same  9  ×  L matrix

 format  as  the  reference  sequences,  but  for  each  base,  the  matrix  was

 modified  according  to the  probability  of  each  possible  nucleotide  (A,  T,

 C,  G)  at  that  locus,  as  indicated  in  the  VCF  data.  This  allows  us  to  capture

 the  population-specific  and  breed-specific  variations in  the  porcine

 genome.  Detailed  metadata  for  all  selected  samples  are  provided  in

 Supplementary  Table  S1.
 

Pretraining  strategy 

We  followed  self-supervised  recipe  of  MutBERT  and  pretrained  with

 an  MLM  objective.  The  masking  policy  is  identical  to  MutBERT:  for

 each  input,  we  first  prioritize  loci  that  harbor  variants  in  the  mutation-

 aware  inputs  when  constructing  the  mask  set,  and  only  then  backfill

 with  non-variant  positions as  needed  to  meet  the  target  mask  budget.

 Optimizer  uses  AdamW  [ 21]  with  β
 1  =  0.9  ,  β

 2  =  0.99  and  weight  decay

 equals  to  0.01.  Pretraining  was  carried  out  with  a  sequence  length  of

 512  tokens  and  an  effective  batch  size  of  one  million  tokens  for  200

 000  update  steps,  resulting  in  the  model  training  on  a  total  of  200

 billion  tokens.  We  adopted  a  custom  learning  rate  (lr)  schedule  with

 10  000  linear  warmup  steps  from  an  initial  lr  of  1e-8  to  a  peak  of  2e-

 4,  followed  by  cosine  decay  back  to  1e-8  over  the  remaining  steps.

 To  construct  inputs,  we  used  random  sampling  over  the  prepared

 9  ×  L matrices.  At  each  step,  we  sampled  a  start  index  uniformly

 at  random  and  extract  a  510-token  contiguous  window.  We  then

 prepended  [CLS] and  appended  [SEP]  to  form  a  512-token  sequence

 for  the  model.  Because  the  corpus  was  built  by  concatenating  non-

 N  contigs  with  a  [SEP]  delimiter,  any  randomly  sampled  510-token

 window  that  contains  an  internal  [SEP]  (i.e.  would  span  discontigu-

 ous  genomic  fragments)  was  discarded  and  resampled  to  ensure  all

 training  sequences  were  truly  contiguous  in  the  underlying  genome.
 

Alternative  models 

We  benchmarked  Porcine  MutBERT  against  five  widely  used  genomic

 foundation  model  families,  as  shown  in  Table  2.  We  note  architecture

 traits,  parameter  scale,  and  whether  porcine  sequences  were  included

 during  pretraining.
 

DNABERT-2 
DNABERT-2  replaces  k-mer  tokenization  with  Byte  Pair  Encoding

 (BPE)  [ 22]  and  removes  the  hard  context  limit  by  adopting  ALiBi  [ 23]

 positional  biases.  Additionally,  it  also  integrates  flash  attention  for

 efficiency.  The  official  paper  reports  evaluation  on  inputs  up  to  10k  bp

 on  GUE/GUE+  tasks  and  emphasizes  efficiency  at  117  M  parameters

 for  a  common  checkpoint.  Pretraining  was  performed  on  a  multi-

 species  corpus  (135  species)  without  S.  scrofa.
 

Nucleotide  Transformer  (NT-v1)  
NT-v1  introduced  large-scale,  multi-species  datasets  spanning  850

 genomes  for  pretraining  with  6-mer  tokenization  and  models
 

ranging  from  500  million  to  2.5  billion  parameters.  It  can  process  DNA

 sequences  up  to  1000  tokens  (6  kb).  The  released  NT-v1  multi-species

 checkpoints  did  not  include  porcine-specific  pretraining.
 

Nucleotide  Transformer  (NT-v2)  
NT-v2  focuses  on  parameter-efficient  variants from  50  million  to

 500  million  parameters  and  updates  the  stack  with  RoPE  positional

 embeddings  and  swiGLU  activations  [ 24].  The  500  M  multi-species

 model  was  pretrained  on  850  genomes,  using  900  billion  tokens  in

 total.  The  model  can  support  input  length  up  to  2048  tokens  (12  kb).  As

 with  the  first  generation,  the  public  NT-v2  multi-species  checkpoints

 had  no  porcine-specific  data  for  pretraining.
 

MutBERT  family 
The  original  MutBERT  series  (MutBERT,  MutBERT-Human-Ref,  and

 MutBERT-Multi)  used  an  86  M  encoder-only  architecture  with

 character-level  tokens  and  a  probabilistic genome  input.  MutBERT

 and  MutBERT-Human-Ref  were  pretrained  exclusively on  the  1000

 Genomes  Project  [ 25]  and  the  human  reference  genome,  while

 MutBERT-Multi  was  pretrained  on  multi-species  alignments  anchored

 to  human  [ 26].  There  was  no  porcine  pretraining  in  these  human-

 centric  checkpoints.
 

GENA-LM  
It  is  a  transformer-based  foundational  DNA  language  model  series

 designed  for  long-sequence  genomics  and  cross-species  generaliza-

 tion.  GENA-LM  family  comprises  numerous  variants  and  was  pre-

 trained  on  a  corpus  exceeding  one  trillion  bp  derived  from  human

 and  multispecies  genomes  utilizing BPE  tokenization.  This  model

 integrates  the  architectures  of  BERT  [ 27]  and  BigBird  [ 28],  incorpo-

 rating  sparse  attention  mechanisms,  and  is  further  augmented  with  a

 recurrent  memory  mechanism  to  facilitate  the  processing  of  contexts

 extending  to  36  000  bp.  For  benchmarking  purposes,  the  gena-lm-

 bert-base-t2t-multi  model  was  selected,  as  its  released  weights  include

 sequences  from  porcine  genomes  during  the  pretraining  phase.
 

Genomics-FM  
Genomics-FM  is  a  genomics  foundation  model  trained  on  large-scale

 multi-species  genomic  data,  including  S.  scrofa.  We  included  it  as  an

 additional  baseline  because  it  is  one  of  the  few  published  models  with

 porcine  sequences  in  pretraining.  For  fair  comparison,  we  evaluated

 Genomics-FM  under  the  same  downstream  fine-tuning  protocol  as  the

 other  models  on  PorcineBench.
 

Fine-tuning  strategy 

We  adopted  a  unified  protocol  across  all  21  downstream  tasks  and

 vary  only  the  adaptation  regime  by  model  scale.  We  performed

 full-parameter  fine  tuning  for  all  models.  The  fine-tuning  process

 is  shown  in  Fig.  1c.  Optimization  uses  AdamW,  and  the  learning  rate

 increases  linearly  from  0  to  3e-5  over  the  first  50  steps  and  then

 decreases  linearly  to  0  for  the  remainder  of  training.  Fine-tuning

 runs  for  three  epochs  with  a  mini-batch  size  of  32.  All  other  hyper-

 parameters,  schedules,  and  data  splits  across  different  models  are

 the  same.  As  the  MutBERT  family  was  pretrained  with  a  512-token

 context,  tasks  that  require  longer  context,  specifically  the  histone

 mark  prediction  task,  used  a  1024-bp  sequence  during  fine  tuning

 and  evaluation.  We  realize  this  extension  through  RoPE-based  length

 extrapolation.
 

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag319#supplementary-data


4 | Briefings in Bioinformatics, 2026, Vol. 27, Issue 3          

Table  2  The  statistics  and  performance  of  each  model.  The  four  columns  represent  the  number  of  model  parameters,  species  in  pretraining,  the
 number  of  being  top-1  among  all  the  models,  and  the  average  Matthews  correlation  coefficient  (MCC)  scores  on  the  21  datasets  of  the  PorcineBench,
 respectively.
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Model  Params.  Species  No.  Top-1 Ave.  scores  
.  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .

DNABERT-2 117  M  135  Multi  species 1 50.94 
GenomicsFM  117  M  1160  Multi  species  (with  S.  scr  ofa) 1 50.60 
GENA-LM 110  M  312  Multi  species  (with  S.  scr  ofa) 0 44.85 
MutBERT-Human-Ref  86  M  Homo  sapiens 0 48.61 
MutBERT  86  M  H.  sapiens 0 48.76 
MutBERT-Multi  86  M  100  Multi  species 0 48.75 
NTv1-500  M-1000G  480  M  H.  sapiens 0 41.20 
NTv1-500  M-Human-Ref  480  M  H.  sapiens 0 39.43 
NTv2-50  M-Multi  56  M  850  Multi  species 0 45.58 
NTv2-100  M-Multi  98  M  850  Multi  species 0 48.19 
NTv2-250  M-Multi  235  M  850  Multi  species 0 50.46 
NTv2-500  M-Multi  498  M  850  Multi  species 7 52.01 
Porcine  MutBERT-Var  86  M  S.  scr  ofa 4 51.56
Porcine  MutBERT-Ref  86  M  S.  scr  ofa 8 51.49 
.  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .
Bold  values  indicate  the  highest  values,  and  underlined  values  indicate  the  second-highest  values.  

Porcine  benchmark  

In  this  section,  we  detail  each  benchmark  task  and  its  corresponding

 dataset,  with  key  statistics  provided  in  Table  3.  The  whole  pipeline  can

 be  found  in  Fig.  1b.  The  processed  BED  files  containing  peak  regions

 of  ATAC-seq,  CTCF  binding  sites,  enhancer  and  promoter  predictions,

 as  well  as  data  for  three  histone  marks  (H3K27ac,  H3K27me3,  and

 H3K4me1)  were  obtained  from  a  publicly  available  dataset  [ 29].  The

 enhancer  and  promoter  benchmarks  were  constructed  directly  from

 released  pig  chromatin-state  annotation  BED  files,  and  the  annotations

 were  produced  with  a  15-state  model.  Following  the  source  annotation

 [ 29],  we  mapped  E1  (TssA)  to  promoter  and  E6  (EnhA)  to  enhancer.  All

 regulatory  assays  were  ingested  from  compressed  BED  files  aligned

 to  the  S.  scrofa11.1  assembly.  GSM  accessions  in  file  names  were

 preserved  to  maintain  sample-level  provenance.  We  used  Adipose,

 Cerebellum,  Lung  for  CTCF,  and  Cortex,  Muscle,  and  Liver  for  the

 remaining  tasks  to  ensure  adequate  samples.  Across  tasks,  processing

 follows  a  shared  blueprint  with  task-specific  window  sizes:  (i)  positive

 sampling.  We  centered  each  positive  interval  on  its  midpoint  and

 expanded  symmetrically  to  the  target  length.  After  that,  we  required

 the  expanded  window  to  be  completely  contained  within  the  original

 interval.  We  discarded  any  window  whose  extracted  sequence  con-

 tains  N.  In  addition,  we  computed  the  counts  of  G  and  C  (GC  content)

 and  recorded  the  chromosome  for  subsequent  matching.  (ii)  Negative

 sampling.  We  drew  10-folds  as  many  non-overlapping,  fixed-length

 negatives  with  bedtools  [ 30]  constrained  to  the  same  genome  build.

 Similar  to  methods  of  constructing  positive  samples,  we  extracted

 sequences  for  all  negatives  and  applied  the  same  N-free  and  GC  com-

 putations.  (iii)  Matching.  We  established  one-to-one  positive–negative

 pairs  by  prioritizing  same  chromosome,  identical  GC  matches,  then

 relaxing  GC  to  ±1 and  ±2 ,  and  finally  allowing  cross-chromosome

 matches  with  GC  priorities  (0,  ±1 ).  (iv)  Splitting.  In  the  last  step,  we  split

 pairs  into  train,  validation  and  test  sets  in  an  8:1:1  ratio,  then  flattened

 and  shuffled  so  that  each  split  is  perfectly  class  balanced.
 

Chr  omatin  pr  ofiles  pr  ediction  
The  focus  on  open  chromatin  aligns  with  the  observation  that  adaptive

 regions  in  pigs  are  strongly  enriched  in  ATAC  Islands  and  enhancer
 

Table  3  Overview  of  PorcineBench.  
.  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .
Task  Tissue Length  Train  Val Test 
.  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .

ATAC  Cortex 500 50  000 6250 6250 
Muscle 500 50  000 6250 6250 
Liver 500 50  000 6250 6250 

CTCF Adipose  500 13  994 1750 1750 
Cerebellum 500 18  970 2372 2372 
Lung  500 28  120 3514 3516 

Enhancer  Cortex 400 50  000 6250 6250 
Muscle 400 46  804 5850 5852 
Liver 400 28  208 3526 3628 

Promoter Cortex 400 11  542 1442 1444 
Muscle 400 15  008 1876 1878 
Liver 400 10  932 1366 1368 

H3K27ac  Cortex 1000 28  728 3592 3592 
Muscle 1000 26  304 3288 3288 
Liver 1000 15  376 1922 1922 

H3K27me3 Cortex 1000 50  000 6250 6250 
Muscle 1000 50  000 6250 6250 
Liver 1000 25  704 3214 3214 

H3K4me1 Cortex 1000 29  294 3662 3662 
Muscle 1000 8498 1062 1064 
Liver 1000 42  808 5352 5352 

.  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .

states.  Positive  samples  were  drawn  from  BED  files  corresponding

 to  open-chromatin  peaks.  For  each  peak,  we  took the  midpoint  and

 expanded  − 250/+249  to  500  bp,  enforcing  full  containment  within

 the  peak  interval.  GC  content  and  chromosome  were  recorded  per

 retained  window.  Negatives  were  generated  at  10  times  with  fixed

 length  500  bp  and  matched  one-to-one  as  described.  For  each  tissue,

 final  subsets  were  produced  by  an  8:1:1  pair-wise  split  and  class

 balancing,  including  50  000,  6250,  6250  samples  in  the  training,  vali-

 dation,  and  testing  sets,  respectively.
 

CTCF  binding  site  pr  ediction  
CTCF  binding  sites  were  compiled  from  GSM-labeled  BEDs  on  S.

 scrofa11.1,  providing  peak  coordinates  for  insulator-like  elements.  We

 centered  each  peak  and  expanded  to  500  bp.  As  a  result,  we  achieved

 a  dataset  with  17  494,  23  714,  and  35  150  samples  for  the  tissue  of
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Adipose,  Cerebellum,  and  Lung,  respectively.  The  datasets  was  then

 partitioned  with  the  same  ratio  as  ATAC  at  the  pair  level  and  flattened

 to  balanced  splits.
 

Enhancer  annotation 
The  emphasis  on  enhancer  prediction  is  motivated  by  the  porcine  evi-

 dence  that  candidate  adaptive  signals  are  particularly  concentrated  in

 enhancer  and  open-chromatin  contexts.  Positive  samples  of  Enhancer

 aggregated  across  enhancer  subclasses  were  curated  from  the  porcine

 multi-tissue  chromatin  state  BEDs  on  S.  scrofa11.1.  We  constructed

 400  bp  windows  by  midpoint  expansion  − 200/+199  bp  within  each

 enhancer  interval  and  applied  the  N-free  filter.  Negative  samples  of

 length  400  bp  were  matched  using  the  GC  content  and  chromosome.

 After  an  8:1:1  pair-wise  split,  class-balanced  splits  were  obtained  by

 flattening  and  shuffling.  Finally,  we  achieved  a  dataset  with  62  500,  58

 506,  and  35  362  instances  for  the  tissue  of  Cortex,  Muscle,  and  Liver,

 respectively.
 

Pr  omoter  pr  ediction  
The  promoter  state  definitions  and  tissue  modules  follow  the  porcine

 annotation  schema  used  throughout  this  work.  Promoter-proximal

 positives  were  sourced  from  promoter  states.  Windows  of  400  bp  were

 derived  by  midpoint  expansion  − 200/+199  bp  while  requiring  full

 containment  and  N-free  status.  We  achieved  a  dataset  with  14  428,

 18  762,  and  13  666  samples  for  three  tissues,  respectively.  A  ratio  of

 8:1:1  was  applied  to  split  the  dataset,  resulting  in  training,  validation,

 and  test  set  for  fine-tuning.
 

Histone  modification  pr  ediction  
For  each  mark,  ChIP-seq  peak  BEDs  on  S.  scrofa11.1  were  used  to

 define  positives  per  tissue. We  centered  each  peak  and  expanded

 − 500/+499  bp  to  a  window  of  1000  bp,  enforcing  complete  con-

 tainment.  Negatives  samples  were  also  matched  by  the  GC  content

 and  chromosome  policy.  After  an  8:1:1  pair-wise  split,  we  produced

 balanced  splits  by  flattening  and  shuffling,  resulting  in  88  012  samples

 for  H3K27ac,  157  132  samples  for  H3K27me3  and  100  754  samples  for

 H3K4me1. 

Hardware  

Model  pretraining  was  carried  out  using  NVIDIA  L20  accelerators,

 specifically  a  machine  containing  four  devices.  Since  the  model  was

 able  to  fit  on  a  single  L20  device,  pretraining  was  carried  out  in  a

 data  parallel  fashion  where  model  parameters  were  replicated  and

 the  effective  batch  sharded  across  the  four  devices  with  subsequent

 gradient  accumulation.  We  trained  for  a  total  of  ∼ 7  days.
 

Results  

Pretraining  convergence  

To  assess  whether  the  porcine  models  were  sufficiently  trained,  we

 monitored  the  training  and  evaluation  losses  throughout  the  full

 pretraining  run.  As  shown  in  Fig.  2,  both  Porcine  MutBERT-Ref  and

 Porcine  MutBERT-Var  exhibit  rapid  loss  reduction  in  the  early  stage

 and  gradually  approach  a  stable  plateau  toward  the  end  of  training,

 indicating  clear  convergence  after  200k  update  steps.
 

After  pretraining,  Porcine  MutBERT-Ref  reached  a  final  training  loss

 of  0.935  and  an  evaluation  loss  of  0.985,  whereas  Porcine  MutBERT-

 Var  achieved  lower  final  losses  of  0.893  and  0.931,  respectively.  These
 

Figure  2  Pretraining  loss  convergence  curves  of  Porcine  MutBERT.  (a)
 Training  loss  of  Porcine  MutBERT-Ref  and  Porcine  MutBERT-Var  during
 pretraining.  (b)  Evaluation loss  of  Porcine  MutBERT-Ref  and  Porcine
 MutBERT-Var  during  pretraining.  The  x-axis  shows  the  number  of  training
 tokens  in  billions. 

results  suggest  that  both  models  were  sufficiently  trained,  and  that

 the  variant-aware  model  achieved  better  language  modeling  perfor-

 mance  than  the  reference-only  model.

 

Overall  performance  

As  shown  in  Tables  4  and  5,  on  PorcineBench,  the  macro-averaged

 MCC  [ 31]  leaderboard  places  NTv2-500M-Multi  first  (52.01),  with

 Porcine  MutBERT-Var  (51.56),  and  Porcine  MutBERT-Ref  (51.49)

 close  behind.  Additional  robustness  analyses  are  provided  in

 Supplementary  Tables  S3–S8,  including  chromosome-held-out  eval-

 uation,  five-fold  fine-tuning  results, and  paired  statistical  tests.

 These  supplementary  analyses  show  that  the  main  conclusions  are

 broadly  stable  beyond  the  default  random  split.  Table  2  summarizes

 the  top-1  counts  across  tasks. Porcine  MutBERT-Ref  achieves  the

 most  wins,  leading  on  8  of  21  tasks,  followed  by  NTv2-500M-Multi

 with  7  of  21.  Porcine  MutBERT-Var  ranks  next  with  4  of  21,  while

 DNABERT2  and  Genomics-FM  each  lead  on  1  of  21  tasks.  In  all,

 Porcine  MutBERT  family  achieves  top  results  in  12  of  21  tasks.  These

 results  indicate  that  a  compact,  species-adapted  encoder  with  86  M

 parameters  attains  competitive  performance  while  covering  a  broad

 swath  of  tasks,  thereby  achieving  a  favorable  accuracy-scale  balance

 when  compared  with  larger  generalist  baselines  and  pig-relevant

 multi-species  baselines.  The  small  gap  to  NTv2-500M-Multi  suggests

 residual  benefits  from  model  size,  but  the  proximity  of  porcine  models

 highlights  their  efficiency,  despite  a  six  times  parameter  difference.  A

 detailed  runtime  and  resource  comparison  with  NTv2-500M-Multi  is

 provided  in  Supplementary  Table  S2.
 

Dissecting  the  seven  task  families  clarifies  what  the  models  learn

 about  S.  scrofa  regulation  and  why  winners  shift.  For  ATAC-seq,  the

 models  pretrained  on  porcine  datasets  capture  these  signals  similarly,

 with  Porcine  MutBERT-Ref  sometimes  edging  due  to  deterministic
 

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag319#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag319#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag319#supplementary-data
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Table  4  The  first  part  of  the  results:  performance  of  seven  models  on  PorcineBench  using  MCC  metric.  The  bold  value  indicates  the  highest  scores
 across  all  the  models.  Avg.  MutBERT  denotes  the  average  score  across  MutBERT,  MutBERT-Human-Ref,  and  MutBERT-Multi.
 

.  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .
Task  DNABERT2 GENA-LM  MutBERT  MutBERT-

 Human-Ref  
MutBERT-
 Multi 

NTv1-500M-
 1000G 

NTv1-500M-
 Human-Ref  

Avg.
 MutBERT  
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ATAC_Cortex 43.18 41.04 42.87 43.64 42.22 34.50 33.69 42.91 
ATAC_Liver 39.70 39.41 39.60 39.14 39.49 31.52 31.59 39.41 
ATAC_Muscle  39.81 33.92 36.87 37.29 37.20 28.40 27.27 37.12 
Avg.  ATAC 40.90 38.12 39.78 40.02 39.64 31.47 30.85 39.81 
CTCF_Adipose  80.47 52.59 76.36 70.43 78.98 64.98 49.35 75.26 
CTCF_Cerebellum  74.75 56.72 66.53 64.21 69.28 60.31 46.87 66.67 
CTCF_Lung  33.27 26.33 28.39 29.87 29.98 25.04 20.56 29.41 
Avg.  CTCF 62.83 45.21 57.09 54.84 59.41 50.11 38.93 57.11 
Enhancer_Cortex  51.89 48.34 50.16 49.67 50.57 41.68 41.60 50.13 
Enhancer_Liver 48.06 42.57 45.29 45.34 46.43 38.61 39.86 45.69 
Enhancer_Muscle  38.99 34.43 36.01 36.90 36.84 27.72 25.80 36.58 
Avg.  Enhancer  46.31 41.78 43.82 43.97 44.61 36.00 35.75 44.13 
Promoter_Cortex 75.50 73.87 75.65 76.60 76.23 68.84 69.95 76.16 
Promoter_Liver 70.70 67.57 69.41 68.65 68.65 61.49 60.13 68.90 
Promoter_Muscle  69.25 64.67 67.38 67.85 67.91 59.86 63.33 67.71 
Avg.  Promoter 71.82 68.70 70.81 71.03 70.93 63.40 64.47 70.93 
H3K27ac_Cortex 61.48 59.02 61.24 60.95 59.36 55.32 53.75 60.52 
H3K27ac_Liver 52.45 47.41 53.81 52.94 49.68 46.45 43.61 52.14 
H3K27ac_Muscle 54.82 52.25 54.09 53.28 51.40 44.61 42.83 52.92 
Avg.  H3K27ac  56.25 52.89 56.38 55.72 53.48 48.79 46.73 55.19 
H3K27me3_Cortex 36.48 31.70 34.19 34.20 31.76 28.16 27.86 33.38 
H3K27me3_Liver 27.90 25.33 27.03 26.91 25.05 19.20 20.85 26.33 
H3K27me3_Muscle 34.40 31.27 32.01 31.42 32.58 26.57 25.93 32.00 
Avg.  H3K27me3 32.93 29.43 31.08 30.84 29.80 24.64 24.88 30.57 
H3K4me1_Cortex 52.88 46.24 48.90 51.43 49.49 39.11 38.88 49.94 
H3K4me1_Liver 39.00 33.11 38.64 36.48 38.73 29.75 28.76 37.95 
H3K4me1_Muscle 44.80 34.03 39.49 43.54 41.84 32.99 35.55 41.62 
Avg.  H3K4me1 45.56 37.79 42.34 43.82 43.35 33.95 34.40 43.17 
Average  50.94 44.85 48.76 48.61 48.75 41.20 39.43 48.70 
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targets.  In  the  meantime,  NTv2-500M-Multi  can  overtake  them  when

 extended  context  captures  distal  cooperative  patterns  beyond  the  512-

 token  pretraining  length.  For  CTCF,  the  samples  are  fewer  than  that  in

 ATAC  task.  For  instance,  the  training  set  of  Adipose  comprised  only  13

 994  samples  in  total,  corresponding  to  6997  positive  and  6997  negative

 samples.  Despite  this  limited  data  availability,  the  strongest  model

 varies  across  tissues,  but  Porcine  MutBERT-Var  still  remains  competi-

 tive,  especially  on  Lung.  In  contrast,  Porcine  MutBERT-Ref  exhibited

 considerable  variability  and  its  overall  performance  was  markedly

 lower  than  that  of  Porcine  MutBERT-Var.  Furthermore,  although  the

 sample  size  was  also  relatively  small,  all  models  achieved  compara-

 tively  high  scores  on  the  promoter  prediction  task,  suggesting  that  this

 task  is  intrinsically  less  challenging.  In  the  enhancer  prediction  task,

 models  pretrained  on  a  single  species  exhibited  similarly  comparable

 performance.  Specifically,  the  differences  within  the  MutBERT  family

 as  well  as  among  Porcine  MutBERT  variants  were  relatively  small.

 Within  this  context,  Porcine  MutBERT-Var  frequently  ranked  among

 the  strongest  models,  particularly  when  compared  against  the  first-

 generation  NT,  which  was  exclusively  trained  on  human  data.  For

 the  histone  modifications  prediction  task,  which  requires  sequence

 inputs  of  1000  bp,  the  MutBERT  family  models  had  to  rely  on  RoPE-

 based  length  extrapolation  to  accommodate  such  extended  sequences.

 Despite  this  challenge,  Porcine  MutBERT-Ref  consistently  achieved

 the  best  scores,  further  emphasizing  that  even  the  strongest  genomic

 language  models  remain  difficult  to  directly  extend  to  species  for

 which  they  were  not  explicitly  pretrained.
 

Across  all  families,  Porcine  MutBERT-Var  delivers  aggregate  per-

 formance  within  0.45  points  of  NTv2-500M-Multi  while  decisively
 

outperforming  GENA-LM,  DNABERT2,  and  Genomics-FM  on  the  over-

 all  average  score.  These  results  collectively  highlight  a  critical  limita-

 tion  of  current  genomic  language  models:  even  modern  gLMs  exhibit

 substantial  challenges  when  directly  transferred  to  species  outside

 their  pretraining  domain.  This  observation  underscores  the  impor-

 tance  of  developing  species-specific  pretraining  strategies  for  achiev-

 ing  robust  cross-species  generalization.
 

Comparison  with  models  trained  on  pigs 

In  this  section,  we  compared  Porcine  MutBERT  family  against  GENA-

 LM  and  Genomics-FM.  Under  the  unified  protocol,  both  Porcine

 MutBERT-Var  and  Porcine  MutBERT-Ref  exceeded  GENA-LM  and

 Genomics-FM  on  the  overall  macro  score,  as  shown  in  Table  2.  As

 illustrated  in  Tables  4  and  5,  the  results  on  PorcineBench  further

 emphasize  the  advantages  of  our  model  architecture  and  pretraining

 paradigm.  On  this  benchmark,  Porcine  MutBERT  family  achieved  the

 best  scores  in  18  of  21  sub-tasks  among  these  pig-relevant  models.

 Notably,  among  the  21  tasks  in  total,  GENA-LM  recorded  the  lowest

 score  on  20  of  21  sub-tasks,  suggesting  that  even  when  trained  with

 data  from  the  target  species,  existing  genomics  language  models

 may  fail  to  capture  sufficiently  robust  species-specific  regulatory

 knowledge,  thereby  limiting  their  applicability  in  downstream

 biological  scenarios.  Within  the  Porcine  MutBERT  family,  Porcine

 MutBERT-Ref  and  Porcine  MutBERT-Var  exhibited  a  complementary

 relationship:  Porcine  MutBERT-Ref  consistently  obtained  the  best

 scores  on  most  histone  modification  and  promoter  tasks,  whereas

 Porcine  MutBERT-Var  performed  better  on  several  CTCF  and  enhancer
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Table  5  The  second  part  of  the  results:  Performance  of  seven  Models  on  PorcineBench  Using  MCC  Metric.  The  bold  values  indicate  the  highest  scores
 across  all  the  models.  Avg.  Poricne  MutBERT  denotes  the  average  score  across  Porcine  MutBERT-Var  and  Porcine  MutBERT-Ref.
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Task  NTv2-50M-

 Multi 
NTv2-100M-
 Multi 

NTv2-250M-
 Multi 

NTv2-500M-
 Multi 

Genomics-
 FM  

Porcine
 MutBERT-Var 

Porcine
 MutBERT-Ref  

Avg.  Porcine
 MutBERT  

.  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .

ATAC_Cortex  41.11 42.12 42.98 44.23 42.64 43.68 43.93 43.81 
ATAC_Liver 35.62 37.79 39.72 41.18 40.87 41.57 42.08 41.83 
ATAC_Muscle  33.44 34.62 37.92 38.48 39.51 38.77 38.52 38.65 
Avg.  ATAC 36.72 38.18 40.21 41.30 41.01 41.34 41.51 41.43 
CTCF_Adipose  53.66 74.75 79.33 83.68 83.77 81.96 77.92 79.94 
CTCF_Cerebellum  66.97 70.55 72.44 76.92 76.39 73.15 67.06 70.11 
CTCF_Lung  27.89 34.70 34.08 35.32 34.15 35.33 30.34 32.84 
Avg.  CTCF 49.51 60.00 61.95 65.31 64.77 63.48 58.44 60.96 
Enhancer_Cortex  47.38 49.07 50.74 52.46 52.01 53.11 52.23 52.67 
Enhancer_Liver 43.58 44.71 49.52 50.78 50.26 50.58 46.86 48.72 
Enhancer_Muscle  32.88 34.09 36.76 40.22 25.96 36.02 38.84 37.43 
Avg.  Enhancer  41.28 42.62 45.67 47.82 42.74 46.57 45.98 46.27 
Promoter_Cortex 71.19 74.40 75.97 75.81 75.90 77.76 77.54 77.65 
Promoter_Liver 66.09 66.37 69.32 71.17 69.06 71.94 72.11 72.03 
Promoter_Muscle  64.89 64.80 67.76 67.97 69.85 69.47 71.40 70.44 
Avg.  Promoter 67.39 68.52 71.02 71.65 71.60 73.06 73.68 73.37 
H3K27ac_Cortex 57.88 59.08 61.35 61.42 61.53 63.22 62.67 62.95 
H3K27ac_Liver 51.46 51.85 51.82 52.64 53.13 54.63 56.30 55.47 
H3K27ac_Muscle 51.95 51.42 53.58 55.67 53.94 53.99 54.23 54.11 
Avg.  H3K27ac  53.76 54.12 55.58 56.58 56.20 57.28 57.73 57.51 
H3K27me3_Cortex 33.21 32.95 35.38 37.07 35.72 34.40 36.49 35.45 
H3K27me3_Liver 26.00 26.61 28.57 28.40 24.08 27.42 29.13 28.28 
H3K27me3_Muscle 30.44 31.36 34.96 37.49 35.37 36.28 35.97 36.13 
Avg.  H3K27me3 29.88 30.31 32.97 34.32 31.72 32.70 33.86 33.28 
H3K4me1_Cortex 47.79 51.63 51.75 53.28 53.47 54.30 55.22 54.76 
H3K4me1_Liver 34.75 37.97 39.13 41.31 40.73 41.04 42.65 41.85 
H3K4me1_Muscle 38.99 41.23 46.52 46.66 44.32 44.19 49.73 46.96 
Avg.  H3K4me1 40.51 43.61 45.80 47.08 46.17 46.51 49.20 47.86 
Average  45.58 48.19 50.46 52.01 50.60 51.56 51.49 51.52 
.  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .  .

tasks.  This  observation  highlights  that  solving  the  full  spectrum

 of  domain-specific  challenges  may  ultimately  require  leveraging

 multiple  task-specialized  models  rather  than  relying  on  a  single

 general-purpose  architecture.  Tables  4  and  5  also  summarize  the

 macro-averaged  results across  tissues for  each  task.  Among  all  other

 tasks,  the  Porcine  MutBERT  family  consistently  ranked  among  the  top-

 performing  models.  Of  particular  note,  on  the  promoter  annotation

 task,  which  is  intrinsically  less  challenging,  Porcine  MutBERT-Ref  still

 surpassed  GENA-LM  by  approximately  five  points  and  outperformed

 Genomics-FM  across  all  three  promoter  tissues,  demonstrating  a  clear,

 and  significant  performance  advantage.
 

Cross-species  transfer  under  matched  architecture  

Tables  4  and  5  compare  the  performance  of  the  Porcine  MutBERT

 family  and  the  original  MutBERT  family,  which  share  the  same  model

 architecture  but  differ  in  the  species  data  used  during  pretraining.

 As  summarized  in  Tables  4  and  5,  the  highest  average  score  achieved

 by  the  original  MutBERT  family  was  48.76  (MutBERT),  whereas  the

 Porcine  MutBERT  family  reached  a  higher  score  of  51.56  (Porcine

 MutBERT-Var).  Both  top-performing  models  rely  on  probabilistic

 genome  representations. The  Porcine  MutBERT  family  covered

 all  21  datasets,  with  Porcine  MutBERT-Ref  and  Porcine  MutBERT-

 Var  consistently  occupying  the  top  two  positions  across  all  tasks.

 These  findings  provide  compelling  evidence  that  modern  genomic

 language  models  cannot  be  directly  extended  across  species  to

 achieve  competitive  performance.  The  largest  discrepancy  appeared

 in  H3K4me1,  where  the  performance  gap  reached  5.38  points.
 

This  divergence  can  be  attributed  to  two  factors.  First,  the  Human-

 centric  MutBERT  family,  being  trained  mainly  on  human  data,

 failed  to  acquire  transferable  cross-species  knowledge.  Second,  the

 H3K4me1  task  contained  relatively  few  samples  in  Muscle  tissue,

 which  increased  the  reliance  on  few-shot  robustness.  Consequently,

 the  lack  of  both  cross-species  adaptability  and  few-shot  capability

 compounded  the  performance  difference.
 

Embedding  visualization 

To  gain  insight  into  what  Porcine  MutBERT  learns  across  layers,  we

 visualized  Porcine  MutBERT-Var  embeddings  of  held-out  promoter

 and  enhancer  sequences  using  t-SNE  (  Fig.  3).  In  the  early  layer,  the  two

 sequence  types  remain  substantially  mixed.  As  depth  increases,  their

 representations  become  progressively  more  structured,  and  by  the

 final  layer  promoter  and  enhancer  sequences  are  much  more  clearly

 separated.  This  qualitative  pattern  suggests  that  Porcine  MutBERT-

 Var  gradually  transforms  raw  porcine  sequence  inputs  into  higher-

 level  representations  that  capture  regulatory  distinctions  relevant  to

 promoter  and  enhancer  elements.  As  a  complementary  analysis,  the  in

 silico  mutation  results  are  provided  in  Supplementary  Figs  S1  and  S2.
 

Discussion  

In  this  work,  we  presented  two  species-adapted  porcine  models:

 Porcine  MutBERT-Var  and  Porcine  MutBERT-Ref  and  a  multi-

 omics  benchmark  (PorcineBench).  PorcineBench  contains  7  task

 families  across  6  tissues  in  total,  resulting  in  21  datasets.  On
 

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag319#supplementary-data
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Figure  3  Layer-wise  t-SNE  visualization  of  Porcine  MutBERT-Var  embeddings  for  held-out  promoter  and  enhancer  sequences  at  three  representative
 layers:  (a)  Layer  1,  (b)  Layer  6,  and  (c)  Layer  12. 

PorcineBench,  Porcine  MutBERT  family  secures  12/21  top-1  results

 and  remains  competitive  with  substantially  larger  generalist  models.

 By  contrast,  existing  gLMs  exhibited  limited  performance,  with

 even  state-of-the-art  models  excelling  only  on  a  small  subset  of

 tasks. 

PorcineBench  provides a  systematic  and  reliable  framework  for

 evaluating  future  pig-specific  models. The  benchmark  covers  seven

 tasks  and  six  tissues,  and  incorporates  strict  data  filtering  and  bal-

 ancing  strategies,  including  removal  of  ambiguous  sequences  con-

 taining  N,  as  well  as  samples  matching  by  chromosome  and  GC

 content.  Finally,  we  developed  a  five-step  pipeline  that  transforms

 raw  porcine  regulatory  element  data  into  fair  and  trustworthy  down-

 stream  datasets.  Leveraging  the  MutBERT  architecture  with  porcine-

 specific  pretraining,  the  Porcine  MutBERT  family  delivered  consis-

 tently  strong  results.  In  PorcineBench,  Porcine  MutBERT-Var  achieved

 an  average  MCC  of  51.56,  while  Porcine  MutBERT-Ref  reached  51.49.

 Remarkably,  despite  being  only  one-sixth  the  size  of  the  largest  500  M-

 parameter  model,  Porcine  MutBERT  narrowed  the  performance  gap

 to  within  0.45  points,  striking  an  optimal  balance  between  accuracy

 and  model  scale.  Although  NTv2-500M-Multi  remains  a  strong  gen-

 eralist  baseline,  Porcine  MutBERT  offers  a  more  favorable  practical

 tradeoff  for  porcine  applications  by  requiring  smaller  checkpoint

 storage  and  less  GPU  memory  while  maintaining  broadly  comparable

 speed.  These  findings  not  only  emphasize  the  effectiveness  of  the  Mut-

 BERT  architecture  but  also  highlight  the  superiority  of  species-specific

 pretraining.  Compared  with  models  exclusively  pretrained  on  single

 species,  Porcine  MutBERT  consistently  achieved  top  scores  across  all

 tasks. 

Conclusion  

Our  findings  highlight a  persistent  challenge  in  genomic  foundation

 modeling:  cross-species  generalization  remains  difficult.  The  pig

 genome  differs  from  human  and  other  commonly  used  model

 organisms  in  repetitive  content,  structural  variation,  and  breed-

 specific  regulatory  landscapes  shaped  by  domestication  and  selection.

 These  biological  differences,  in  conjunction  with  model  inductive

 biases  (e.g.  tokenization  granularity,  positional  encoding,  and  context

 length),  create  a  fundamental  mismatch  between  human  or  multi-

 species  pretraining  and  porcine  downstream  distributions.  This

 mismatch  explains  why  large-scale  human  or  multi-species  models

 fail  to  reliably  transfer  to  pigs  (S.  scrofa)  under  standardized

 evaluation. 

Key  Points 

• We  developed  Porcine  MutBERT,  a  suite  of  lightweight  genomic

 language  models  with  86  million  parameters  that  employs  a  prob-

 abilistic  masking  strategy  targeting  evolutionarily  information. 

• The  proposed  PorcineBench  is  a  comprehensive  evaluation  suite,

 spanning  seven  task  families  across  six  tissues,  with  balanced

 positive–negative  sampling  and  GC  content  matching. 

• Results  show  that  Porcine  MutBERT  models  achieve  highly  compet-

 itive  performance  on  PorcineBench. 
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