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Abstract  
Single-cell  RNA  sequencing  data  rely  heavily  on  dimensionality  reduction  methods  to  uncover  underlying  structures  and  patterns.

 Nonlinear  dimensionality-reduction  methods  such  as  uniform  manifold  approximation  and  t-distributed  stochastic  neighbor  embedding

 have  been  routinely  used  for  this  task.  However,  gene  expression  data  alone  often  fails  to  capture  and  identify  changes  in  cellular  pathways,

 protein  complexes,  and  TF-targets,  which  are  more  enlightening  at  the  regulation  level.  To  address  this  limitation,  we  present  PVAED,  a

 dimensionality  reduction  framework  that  integrates  biological  prior  knowledge  into  a  variational  autoencoder (VAE)  and  further  refines  its

 latent  embeddings  with  a  diffusion-based  denoising  module.  In  addition,  we  incorporate  a  neighborhood-preserving  loss  term  to  ensure

 local  similarity  among  cells  in  the  reduced  space.  Across  multiple  benchmarks,  PVAED  achieves  an  average  43%  improvement  in  low-

 dimensional  cell  representation compared  to  standard  VAEs  (evaluated  across  seven  clustering  metrics)  and  delivers  a  34%  (44%)  gain  in

 projection  quality  relative  to  classical  or  VAE-based  approaches  in  terms  of  global  (local)  structure  preservation.  Beyond  performance,

 PVAED  offers  improved  interpretability  through  its  prior-based  encoder  design,  enabling  prioritization  and  modeling  of  interpretable

 biological  variables  as  hypergraphs.  This  framework  facilitates  the  identification  of  critical  regulatory  factors  associated  with  disease

 pathology  and  could  also  be  utilized  to  predict  potentially  related  genes  for  known  pathways.  Finally,  we  demonstrate  the  utility  of  PVAED

 by  revealing  pre-committed  neuronal  subpopulations  in  the  differentiation  of  migrating  neurons  within  the  mammalian  cerebral  cortex.
 

Keywords  scRNA-seq,  dimension  reduction,  prior  knowledge, VAE  model,  diffusion  model  

•  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •  •

Introduction 

The  advent  of  single-cell  RNA  sequencing  (scRNA-seq)  has  fundamen-

 tally  transformed  our  capacity  to  characterize  cellular  states,  offering

 unprecedented  resolution to  dissect  the  heterogeneity  inherent  in  bio-

 logical  systems  [ 1].  This  technology  provides  a  systematic  and  precise

 window into  organismal  development  and  function  [ 2,  3],  generating

 vast  datasets  that  demand  sophisticated computational  frameworks

 for  interpretation.  Among  these,  deep  generative  models,  particularly

 variational  autoencoders  (VAEs),  have  emerged  as  powerful  tools  for

 analyzing  complex  transcriptomic  patterns  [ 4]. Notable  implementa-

 tions  such  as  scVI  [ 5],  scGen  [ 6],  LDVAE  [ 7],  and  scVAE  [ 8]  leverage

 the  flexible  architectural  design  of  VAEs  to address  core  challenges

 in  scRNA-seq  analysis,  including  dimensionality  reduction  [ 9,  10],

 clustering  [ 11– 13],  and  the  identification  of  rare  cell  types  [ 14].  Despite

 their  impressive  performance  in  dedicated  modeling  tasks,  canonical

 VAEs  often  function  as  “black  boxes,”  lacking  interpretability  and

 failing  to  provide  biologically  meaningful  latent  representations.  For

 instance,  while  scGen  can  extract  latent  perturbation  vectors,  these
 

cannot  be  directly  mapped  to  variations  in  specific  gene  modules  or

 regulatory  programs.
 

A  central  challenge  in  transcriptomic  analysis  lies  in  balancing

 the  capacity  to  handle  noisy,  high-dimensional  molecular  measure-

 ments  with  the  imperative  to  yield  actionable  biological  insights.  To

 truly  understand  the  mechanisms  driving  cellular  state  changes,  it

 is  essential  to  move  beyond  correlative  patterns  and  quantify  the

 underlying  biological  processes.  Cellular  pathways  exemplify  such

 mechanisms;  their  structure  is  largely  conserved,  but  their  dynamic

 activity  dictates  cellular  phenotype  and  behavior.  Consequently,  inte-

 grating  prior  knowledge  of  pathways  and  other  molecular  interactions

 has  become  a  promising  strategy  to  enhance  model  interpretability.

 Several  models  have  pioneered  this  integration.  DCell  [ 15]  employs  a

 deep  neural  network  structured  around  hierarchical  Gene  Ontology

 (GO)  [ 16],  annotations,  guiding  supervised  learning  for  genotype-

 to-phenotype  predictions.  Its  interpretability  stems  from  analyzing

 the  activation  of  neurons  representing  specific  cellular subsystems.

 However,  this  approach  is confined  to  supervised  settings.  The  scLVM
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model  [ 17]  uses  a  Bayesian  framework  to  incorporate  prior  knowledge

 of  cell-cycle  stages  from  GO,  enabling  the  discovery  of  hidden  cell

 subpopulations.  While  interpretable,  its  computational  cost  and  lack

 of  out-of-sample  inference  limit  its  broad  application.  More  recently,

 the  Multilevel-GNN  model  [ 18]  hierarchically  integrated  multi-omics

 data  with  biological  priors  like  gene  regulatory  networks,  using  expla-

 nation  algorithms  to  identify  critical  regulatory  factors  in  disease.  In

 the  VAE  domain,  VEGA  [ 19]  integrates  pathway  information  from  GO

 and  Reactome  [ 20]  into  its  latent  space  and  decoder  construction.

 Yet,  its  sparse,  single-layer  decoder  may  constrain  generalizability

 and  robustness. Similarly,  siVAE  [ 21]  enhances  interpretability  for

 downstream  tasks  via  a  specialized  regularization  term  but  falls  short

 in  providing  meaningful  biological  insights  during  the  critical  stage  of

 embedding  visualization.
 

Concurrently,  latent  diffusion  models  (LDMs)  [ 22]  have  demon-

 strated  state-of-the-art  performance  in  generative  tasks  across  image,

 audio,  and  video  domains  [ 23].  Compared  to  VAEs,  LDMs  offer  more

 stable  training  dynamics  and  superior  conditional  generation  capabil-

 ities  [ 24].  Their  potential  is  now  being  explored  in  genomics.  For  exam-

 ple,  scDiffusion  [ 25]  combines  diffusion  models  with  foundation  mod-

 els  to  generate  high-quality scRNA-seq  data  under  controlled  condi-

 tions,  simulating  continuous  developmental  trajectories.  ChromoGen

 [ 26]  employs  a  diffusion  approach  to  predict  single-cell  3D  chromatin

 conformations,  and  stDiff  [ 27]  imputes  spatial  transcriptomics  data  by

 leveraging  scRNA-seq  relationships  during  its  denoising  process.
 

Despite  these  parallel  advances,  a  synergistic  integration  of  VAEs

 and  diffusion  models  for  single-cell  analysis  remains  largely  unex-

 plored.  Such  a  combination  holds  the  promise  of  dual  benefits:  the

 robust  latent  representation  learning  of  VAEs  coupled  with  the  pow-

 erful  denoising  and  generative  fidelity  of  diffusion  models.  Our  work

 addresses  this  gap.  We  propose  a  framework  where  a  pretrained  VAE

 learns  unified  representations  of  gene  expression  data,  establishing

 a  bridge  between  the  original  and  latent  spaces.  A  diffusion  model

 then  acts  as  a  denoising  module  to  refine  these  latent  embeddings,

 simultaneously  enhancing  data  quality  for  generation  and  producing

 superior  low-dimensional  representations  for  downstream  analytical

 tasks  like  clustering  and  visualization.
 

However,  purely  data-driven  architectures,  even  sophisticated

 ones,  often  overlook  the  rich  tapestry  of  biological  knowledge  accu-

 mulated  over  decades.  To  overcome  these  limitations,  we  introduce

 PVAED,  a  prior-informed  interpretable  VAE  model  integrated  with  a

 diffusion  model  for  effective  single-cell  transcriptome  dimensionality

 reduction  and  analysis. Unlike  standard  black-box  models,  PVAED

 incorporates  curated  biological  knowledge,  including  pathways  from

 Kyoto  Encyclopedia  of  Genes  and  Genomes  (KEGG)  database  [ 28],

 protein  complexes  from  Comprehensive  Resource  of  Mammalian

 protein  complexes  (CORUM)  database  [ 29],  transcription  factor-target

 interactions  from  hTFtarget  [ 30],  and  gene  interactions  from  Reactome

 [ 20].  This  is  achieved  by  structurally  embedding  pathways,  protein

 complexes,  and  transcription  factors  as  neuron  nodes  in  both  the

 encoder  and  decoder,  resulting  in  a  biologically  constrained,  sparse

 architecture.  To  further  enhance  representation  quality,  the  latent

 space  of  the  VAE  is  refined  via  a  diffusion  model.  Our  training  regimen

 involves  an  initial  separate  pretraining  phase  on  large-scale  datasets

 to  learn  complex  gene  interactions,  akin  to  approaches  in  scGPT  [ 31],

 scFoundation  [ 32],  and  Geneformer  [ 33],  followed  by  a  joint  fine-

 tuning  of  the  VAE  and  diffusion  models  on  specific  tissue  data.
 

Crucially,  the  interpretability  of  PVAED  is  achieved  by  analyzing  the

 trained  weights  of  the  prior-based  neuron  nodes,  which  we  model
 

as  a  hypergraph—a  suitable  formalism  for  characterizing  complex

 prior  relationships.  This  allows  us  to  identify  critical  regulatory  factors

 that  shape  the  latent  space  and  reveal  their  changes  during  patholog-

 ical  progression,  as  we  demonstrate  in  lung  cancer  and  Alzheimer’s

 disease.  Furthermore,  we  utilize  PVAED’s  latent  representations  to

 uncover  pre-committed  neuronal  subpopulations  during  mammalian

 cerebral  cortex  development,  showcasing  its  broad  applicability  for

 delivering  mechanistic  insights  from  genomic  data.
 

Materials  and  methods  

The  architectural  design  of  PVAED  is  guided  by  three  fundamental

 principles  that  address  these  challenges:  (i)  systematic  integration

 of  curated  biological  prior  knowledge,  (ii)  leveraging  the  data  com-

 pression  capabilities  of  variational  autoencoder  frameworks,  and  (iii)

 exploiting  the  denoising  properties  of  diffusion  models.  This  tripartite

 framework  enables  PVAED  to  simultaneously  accomplish  dimension-

 ality  reduction  of  single-cell  transcriptomic  data,  provide  interpretable

 identification  of  key  regulatory  factors,  and  facilitate  discovery  of

 novel  cellular  subpopulations.  Specifically,  we  incorporate  structured

 biological  prior  knowledge  into  the  VAE  architecture  to  generate  bio-

 logically  informed  cell  embeddings  while  establishing  a  principled

 approach  for  model  interpretability  in  deep  learning  frameworks.

 The  diffusion  model  component  subsequently  refines  these  embed-

 dings  through  iterative  denoising,  yielding  robust  low-dimensional

 representations  optimized  for  downstream  analytical  tasks  and  data

 visualization.  Next,  we  introduce  the  methods  corresponding  to  the

 design  of  PVAED.
 

Prior  knowledge  informed  architectural  design  of
 PVAED  

PVAED  integrates  prior  knowledge  of  gene–gene  interactions,

 transcription  factor  regulons,  and  protein  complexes  directly  into

 its  VAE  through a  dedicated  prior  encoder  module.  This  ensures

 that  the  derived  low-dimensional  cell  embeddings  are  biologically

 grounded.  The  PVAED  framework  operates  in  two  stages  (  Fig.  1).  First,

 in  a  pretraining  phase,  the  VAE  and  a  denoising  diffusion  probabilistic

 model  (DDPM)  are  trained  simultaneously  on  multiple  single-cell

 datasets  to  learn  generalizable  features.  The  VAE  encodes  cells  into  a

 latent  space,  which  the  DDPM  refines  through  a  forward  noising  and

 reverse  denoising  process  to  produce  robust  representations.  Second,

 in  a  joint  fine-tuning  phase,  the  entire  model  is  trained  end-to-end

 on  a  specific  task,  adapting  the  pretrained  parameters  to  particular

 biological  questions.
 

The  refined  embeddings  generated  by  PVAED  serve  as  powerful

 features  for  diverse  downstream  analyses  (  Fig.  1).  These  include  cell

 type  annotation,  visualization,  and  clustering,  where  the  denoised

 representations  yield  clearer  separation  of  cell  states.  Furthermore,

 PVAED  facilitates the  identification  of  key  regulatory  drivers  in  com-

 parative  tasks,  such  as  contrasting  diseased  and  normal  tissues. A

 key  advantage  of  our  model  is  its  interpretability:  the  trained  prior

 encoder  allows  top-ranked  prior  nodes  to  be  modeled  as  a  hypergraph,

 revealing  the  underlying  biological  programs.  Finally,  PVAED’s  low-

 dimensional  projections  are  highly  effective  for  identifying  subtle  cell

 subpopulations,  the  distinct  identities  of  which  can  be  validated  by

 differential  gene  expression  analysis.
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Figure  1  PVAED  model  schematic.  (a)  The  basic  framework  of  PVAED  model  comprising  a  VAE  model  and  a  diffusion  model.  After  pretraining,  the  model
 undergoes  joint  fine-tuning  with  task-specific  new  data.  (b)  The  detailed  construction  of  PVAED.  Prior  information  regarding  pathways,  TF-targets,  and
 protein  complexes  is  integrated  by  modeling  them  as  nodes  within  the  encoder  layer.  Prior  information  of  pathways,  TF-targets  and  protein  complexes
 are  integrated  as  nodes  in  encoder  layers.  The  connections  between  two  encoder  layers  are  sparsely  connected  informed  by  the  gene–gene  regulation
 or  gene-prior  object  constituent  relation.  (c)  Low-dim  cell  embeddings  from  PVAED  could  be  used  for  cell  clustering  task.  (d)  PVAED  could  be  conducted
 for  pathology-related  comparison  task  and  then  for  interpretability  task  based  on  the  trained  prior  encoder  by  hypergraph  model.  (e)  PVAED  could  be
 instrumental  in  cell  subpopulation  discovery,  uncovering  subtle,  pre-committed  cellular  subgroups.  

Prior  variational  autoencoders 

In  PVAED  model,  prior  VAE  is  designed  extending  the  canonical  VAE

 framework  by  integrating  biological  prior  information  into  the  fun-

 damental  structure.  We  briefly  review  canonical  VAE  in  S1  part  of

 Supplementary  materials.  Here,  we  focus  on  how  we  integrate  priors

 in  the  VAE  structure. 

The  encoder  and  decoder  structures  in  canonical  VAEs  typically

 consist  of  fully  connected  neural  networks. To  leverage  well-

 established  biological  priors  such  as  pathway  memberships,  protein

 complexes,  transcription  factor-target  relationships, and  gene  inter-

 actions,  we  re-engineer  the  encoder  and  decoder  architectures  by

 incorporating  structured  sparse  connections.  Specifically,  we  add  a
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gene  layer  and  a  prior  layer  as  hidden  layers  following  the  input  gene

 expression  layer,  where  neuronal  nodes  in  the  gene  layer  represent

 individual  genes  and  neuronal  nodes  in  the  prior  layer  represent

 pathways,  complexes,  and  transcription  factors.  Nodes  in  the  gene

 layer  are  connected  to  nodes  in  the  input  gene  expression  layer

 according  to  gene  relationships  from  Reactome  [ 20].  Meanwhile,

 nodes  in  the  prior  layer  are  explicitly  connected  to  nodes  in  the  gene

 layer  based  on  curated  prior  databases.
 

The  input  of  input  layer  is  gene  expression  data  X  ∈  R  n×m
 ,  n is  the

 cell  number  and  m is  the  gene/neuron  node  number,  each  neuron  in

 this  layer  represents  a  gene’s  normalized  expression.
 

The  second  layer  is  gene  layer  with  the  same  number  of  neurons  as

 the  input  layer,  the  node  in  this  layer  connects  with  the  node  in  the

 input  layer  if  they  are  related  in  Reactome  database.  The  propagation

 from  the  input  layer  to  this  layer  is  formed  as:  

H
 gene  =  σ

 (
 X  •  ( I  +  A  )  •  W

 gene
 )

 (1)

 where  A  ∈  (  0,  1  ) m×m
 is  the  adjacency  matrix  of  the  input  layer  and  the

 gene  layer,  where  A
 ij  =  1  if  gene  node  i in  the  input  layer  is  interacted

 with  gene  node  j  in  gene  layer.  W
 gene  is  a  trainable  weight  matrix  with

 the  subscript  gene  meaning  current  gene  layer.
 

The  third  layer  is  prior  layer  composed  of  pathway  nodes  K
 pathway  ,

 complex  nodes  K
 complex  and  TF  nodes  K

 TF  .  The  node  in  this  layer

 connects  with  the  node  in  the  gene  layer  if  the  gene  node  is  in  the

 prior  item.  Take  pathway  item  for  example,  gene  node  i connects  to

 pathway  node  j  if  i  ∈  pathway  j  .  The  incidence  matrix  of  this  layer  is

 M  ∈  (  0,  1  ) G×K
 ,  where  K  =  K

 pathway  +  K  complex  +  K  TF  and  the  activation

 is  formed  as: 

H
 prior  =  σ

 (
 H

 gene  •  M  •  W
 prior

 )
 (2)

 W
 prior  is  a  trainable  weight  matrix  with  the  subscript  prior  meaning

 current  prior  layer.  Specifically,  K
 pathway  nodes  represent  individual

 pathways  obtained  from  the  KEGG  collections.  K
 complex  denotes

 protein  complex  nodes  curated  from  the  CORUM  database.  K
 TF  nodes

 denote  transcription  factors  derived  from  hTFtarget  database.  Each

 node  is  connected  to  its  member  genes  in  the  second  (gene)  layer.

 This  design  enables  the  model  to  integrate  pathway,  protein  complex,

 and  TF  level  regulatory  information  in  a  structured  and  interpretable

 manner. 

The  latent  layer  μ  and  σ  are  the  same  as  canonical  VAEs  and  has  h 

neurons  respectively,  h is  the  dimension  of  latent  space.  The  nodes  in

 latent  layer  are  fully  connected  with prior  layer.  The  sample  layer  z  

has  h neurons  sampling  from  the  latent  layer  μ  and  σ  : 

z  ∼  N
 (

 μ
 (

 X  ,  H
 prior

 )
 ,  σ

 (
 μ

 (
 X  ,  H

 prior

 ))
 (3)

 

Overall,  the  input  layer  of  the  encoder  receives  the  gene  expression

 data.  The  second  layer  (gene  layer)  has  the  same  number  of  nodes

 as  the  input  layer,  and  each  node  is  connected  to  its  upstream  gene

 only  if  a  regulatory  relationship  is  supported  by  curated  databases.

 The  third  layer  (prior  layer)  integrates  pathway,  protein  complex,  and

 transcription  factor  nodes,  allowing  both  expression-driven  and  bio-

 logically  constrained  representations.  The  other  layers  construct  the

 decoder  part  with  same  but  reversed  structure  as  above  introduced. 

Denoising  diffusion  probabilistic  models 

DDPM  [ 34]  is  a  latent-variable  model  consisting  of  a  forward  noising

 process  that  gradually  destroys  the  structure  of  the  original  data  and
 

a  reverse  denoising  process  that  learns  to  recover  the  original  data

 from  the  noisy  input.  The  detailed  description  is  shown  in  the  S2  part

 of  Supplementary  materials.  In  our  work,  DDPM  is  utilized  to  further

 denoise  the  latent  embeddings  from  previous  VAE  latent  space  in  the

 denoising  process,  resulting  in  refined  embeddings  for  downstream

 analysis  tasks.  Meanwhile,  we  explore  the  optimal  choice  of  back

 sample  step  in  the  denoising  process  on  all  the  involved  datasets  as

 shown  in  Figure  S1– S2. 

PVAED  loss  function  

The  standard  VAE  loss  function  consists  of  two  primary  components:  a

 reconstruction  loss  that  ensures  accurate  data  generation,  and  a  Kull-

 back–Leibler  (KL)  divergence  term  that  regularizes  the  latent  space  to

 approximate  Gaussian  distribution. However,  this  formulation  does

 not  explicitly  constrain  the  preservation  of  local  geometric  structure

 in  the  latent  space,  which  may  result  in  distorted  latent  representa-

 tions  where  semantically  similar  inputs  are  not  mapped  to  nearby

 points,  thereby  undermining  the  interpretability  and  utility  of  the

 learned  embeddings.  Trustworthiness  [ 35]  is  a  quantitative indicator

 in  evaluating  how  well  the  structure  preservation  is  in  projection

 space.  Consequently,  we  enhance  VAEs  with  trustworthiness  metric

 that  could  guide  and  constrain  the  preservation  of  local  similarities

 during  the  encoding  process  by  integrating  trustworthiness  into  the

 VAE  loss  function  with  a  weight  factor  λ as  follows:  

∼
 L

 VAE  ( x;  θ  ,  φ  )  =  ∥ ∥  ˆ x  −  x  ∥ ∥ 2  +  β  •  KL
 (

 q  (  z|x;  θ  )  |  ∣ ∣  p  ( z )  )  −  λT  (k  )  (4)

 T  (k  )  =  1  −  2
N  •  k  ( 2N  −  3k  −  1  )

 ∑
 N

 i=1

 ∑
 j∈U

 k  (i)

 (
 r

 (
 i,  j

 )
 −  k  )  (5)

 where  
∥
 ∥

 ˆ
 x  −  x  ∥ ∥  2  is  the  reconstruction  loss  between  the  original  cell

 profile  x  and  restructured  profile  ˆ x  ,  KL
 (

 q  (  z|x;  θ  )  |  ∣ ∣  p  ( z )  ) is  the  KL

 divergence,  which  measures  the  discrepancy  between  the  approxi-

 mate  posterior  distribution  q  (  z|x;  θ  )  and  the  prior  distribution  p  ( z  )  ,
 acting  as  a  regularization  component  that  encourages  the  learned

 latent  distribution  to  remain  close  to  the  chosen  prior,  typically  a

 standard  normal  distribution  N  (  0,  I  ) .  N  is  the  total  number  of  single

 cells,  k  is  the  top  k  considered  closest  neighbors  for  a  cell,  U
 k  (i)  is

 the  set  of  cells  that  are  among  the  k  nearest  neighbors  of  target  cell

 i in  the  reduced  space  but  not  in  the  original  space,  and  r
 (

 i,  j
 )

 is  the

 rank  of  cell  j  in  the  original  space’s  neighborhood  of  cell  i .  2/N  •
 k

 (
 2N  −  3k  −  1  ) scales  the  trustworthiness  values  between  zero  and

 one,  where  one  indicates  perfect  preservation  of  local  neighborhoods

 and  zero  indicates  that  neighborhoods  are  completely  disrupted.
 

After  training  the  prior  VAEs,  we  obtain  the  original  cell  embedding

 x
 0  as  the  start  of  DDPM,  then  x

 0  becomes  a  noised  embedding  x
 T  after

 the  forward  process.  Finally,  the  loss  of  PVAED  becomes:  

L
 scPVAED  =

 ∼
 L

 VAE  (  x;  θ  ,  φ  )  +  L
 DDPM  #(6)  (6)

 L
 DDPM  is  described  in  the  S2  part  of  Supplementary  materials.

 

Random  walk  on  PVAED  encoder-based  hypergraph 

Generally,  a  hypergraph  is  a  generalization  of  a  graph  in  which  an

 edge,  termed  a  hyperedge,  can  connect  any  number  of  vertices  (two

 or  more)  representing  the  collective  relationship  or  group  interaction

 between  a  group  of  nodes.  In  this  work,  in  order  to  explore  multi-

 way  relationships  among  gene  sets,  we  construct  a  hypergraph  model,

 where  prior  neurons  like  pathways  are  represented  as  hyperedges
 

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag259#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag259#supplementary-data
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and  genes  associated  with  pathways  are  represented  as  nodes.  More

 specifically,  after  model  training,  each  prior  node  (representing  bio-

 logical  entities  such  as  pathways,  transcription  factors,  or  protein

 complexes)  acquires  an  optimized  weight  parameter,  reflecting  its

 regulatory  contribution  to  latent  representation  learning.  In  the  case

 of  pathways,  we  denote  these  trained  weights  as  w
 pathway  .  The  inter-

 pretability  analysis  proceeds  as  follows:
 

Firstly,  we  extract  the  matrix  of  learned  prior  weights  w
 pathway   from

 the  encoder  and  pick  the  top  K  ranked  pathways.
 

Then,  using  the  curated  incidence  matrix  M  ∈  { 0,  1
 }

 K  ×K
 ,  which

 results  from  the  gene  membership  of  the  corresponding  pathway

 items.  Pathways  are  connected  if  they  share  at  least  one  same  gene.
 

Finally,  a  hypergraph  is  constructed  based  on  M  ,  in  which  prior

 nodes  act  as  hyperedges  and  their  associated  genes  act  as  vertices.

 On  this  hypergraph,  we  perform  random-walk  and  spectral  clustering

 analysis  to  identify  key  regulatory  hubs  and  to  predict  potential  gene

 associations  contributing  to  disease-relevant  processes.
 

Detailed  description  is  in  part  S3  of  Supplementary  materials.
 

Clustering  metrics 

In  this  work,  in  order  to  explore  the  quality  of  dimensionality

 reduction,  we  cluster  the  data  using  the  latent  embeddings  of  PVAED

 and  make  use  of  some  classic  metrics,  including  Adjusted  Rand  Index

 (ARI),  Mutual  Information  (MI),  Normalized  Mutual  Information

 (NMI),  Adjusted  Mutual  Information  (AMI),  V-measure,  Completeness,

 and  Homogeneity.  Briefly,  ARI  assesses  the  overall  agreement  in

 pairwise  sample  assignments  between  two  clustering  results.  MI

 quantifies  the  mutual  dependency  between  the  two  clusterings,

 measuring  how  much  knowing  one  reduces  uncertainty  about  the

 other.  NMI  normalizes  MI  to  a  0–1  scale,  making  it  comparable

 across  different  datasets  and  numbers  of  clusters.  AMI  is  a  chance-

 corrected  version  of  MI.  The  V-measure  is the  harmonic  mean  of

 two  complementary  metrics:  Homogeneity,  which  requires  that  each

 cluster  contains  only  members  of  a  single  class,  and  Completeness,

 which  requires  that  all  members  of  a  given  class  are  assigned  to  the

 same  cluster.  The  detailed  formulations  are  presented  in  part  S4  of

 Supplementary  materials.
 

Projection  quality  metrics 

Shepard  goodness  (SG)  [ 36]  and  mean  relative  rank  error  (MRRE)

 [ 37]  metrics  are  employed  to  assess  the  reliability  of  dimensionality

 reduction  methods  in  preserving  the  global  and  local  structures

 of  high-dimensional  data,  respectively.  Shepard  goodness  is  a

 nonparametric  measure  that  quantifies  how  well  pairwise  distances

 among  data  points  are  preserved  when  mapped  from  the  original

 high-dimensional  space  to  a  lower-dimensional  embedding,  and  a

 higher  SG  value  indicates  a  more  faithful  global  projection.  In  contrast,

 MRRE  captures  distortions  in  neighborhood  ranking  that  occur

 during  the  projection  process,  where  a  lower  MRRE  value  reflects

 better  preservation  of  local  neighborhood  relationships.  Accordingly,

 Shepard  goodness  can  be  regarded  as  a  global  metric  evaluating

 overall  geometric  consistency,  whereas  MRRE  serves  as  a  local  metric

 quantifying  neighborhood  retention.  These  two  complementary

 metrics  are  particularly  useful  in  scRNA-seq  analyses  to  ensure  that

 biologically  meaningful  similarities,  such  as  shared  cell-type  identities

 or  gene  co-expression  patterns,  are  maintained  after  dimensionality
 

reduction,  which  is  essential  for  accurate  downstream  interpretation.

 Unlike  adversarial  or  contrastive  learning  approaches  that  depend  on

 complex  auxiliary networks  or  carefully  curated  positive  and  negative

 sample  pairs,  SG  and  MRRE  provide  a  computationally  efficient  and

 theoretically  grounded  means  to  evaluate  and  enforce  both  global  and

 local  structural  consistency.  The  detailed  description  is  in  part  S5  of

 Supplementary  materials. 

Results  

PVAED  achieves  superior  dimensionality reduction
 through  integration  of  biological  priors  and

 diffusion-based  denoising  

The  accurate  recovery  of  intrinsic  biological  features  from  single-

 cell  RNA  sequencing  data  is  essential  for  robust  downstream  inter-

 pretation.  We  first  establish  the  model’s  performance  on  the  well-

 known  PBMC  3k  dataset,  where  PVAED  generates  embeddings  with

 enhanced  population  separation.  The  model  clearly  delineates  tran-

 scriptionally  similar  subsets,  such  as  FCGR3A  +  and  CD14  +  monocytes,

 and  formed  a  compact,  distinct  B  cell  cluster,  demonstrating  a  fine-

 grained  resolution superior  to  standard  UMAP  and  naïve  VAE  (  Fig.  2a).

 We  further demonstrate  the  specific  advantage  of  the  diffusion  process

 in  preserving  complex  local  structures  by  extending  our  visualization

 analysis  to  the  large-scale  GSE204684  dataset  [ 38].  As  shown  in  Fig.  2b,

 the  diffusion  module  significantly  enhances  the  representation  of

 continuous  subtypes:  whereas  PVAE  fragments  IN-fetal  and  OPC  cells

 into  disjointed  clusters,  PVAED  preserves  their  local  cohesion  and

 better  maintains  biological  continuity.
 

Incorporating  a  trustworthiness  loss  for  local  structure  preservation

 improves  clustering  metrics  by  35.24%  over  the  baseline  VAE,  out-

 performing  a  graph-based  L2  norm  loss  (27.41%  improvement),  and

 is  thus  adopted  in  PVAED  (  Fig.  2c).  Systematic  benchmarking  across

 seven  clustering  metrics  shows  that  integrating  biological  priors  in

 PVAE  yields a  32.27%  average  improvement  over  naïve  VAE.  The

 ablation  experiment  on  DDPM  in  PVAED  model  shows  that  adding  the

 diffusion  module  in  PVAED  further  increases  performance,  achieving

 a  43.16%  overall  gain  over  naïve  VAE  and  an  8.39%  improvement  over

 PVAE  (  Fig.  2d).
 

Ablation  studies  on  prior  sources  reveals  that  integrated  multi-prior

 modeling  performed  best.  Among  individual  priors,  pathway  infor-

 mation  contributes  most  (35.05%  average  improvement),  followed  by

 transcription  factor  targets  (32.59%)  and  protein  complexes  (32.34%),

 underscoring  the  value  of  diverse  biological  knowledge  (  Fig.  2e).
 

Comprehensive  benchmarking  of  clustering  metrics  across  seven

 datasets  shows  that  PVAED  achieves  the  highest  average  performance

 across  all  clustering  measures  (∼11%  improvement  over  standard

 UMAP,  ∼15%  improvement  over  siVAE,  and  ∼7%  improvement  over

 VEGA,  Fig.  2f).  Furthermore,  PVAED  outperforms established  meth-

 ods  across  seven  datasets  in  projection  quality  on  2-dim  projection,

 improving  average  Shepard  goodness  by  39.89%  over  standard  UMAP,

 30.99%  over  siVAE,  and  30.45%  over  VEGA,  and  enhancing  MRRE  by

 47.62%,  55.26%,  and  30.52%,  respectively  (  Fig.  2g  and  h).  Additionally,

 we  provide  the  projection  quality  on  latent  embeddings  of  all  methods

 in  Table  S1  in  Supplementary  materials,  where  PVAED  also  shows  best

 performance.  These  results  confirm  PVAED  as a  robust  framework

 that  effectively  leverages  biological  knowledge  and  diffusion-based

 refinement  for  interpretable  single-cell  analysis.
 

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag259#supplementary-data
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Figure  2  Evaluation  and  benchmark  of  PVAED.  (a)  The  visualization  of  different  methods  on  PBMC  3k  data,  including  standard  UMAP,  naïve  VAE,
 PVAE,  and  PVAED.  (b)  The  visualization  of  PVAE  and  PVAED  on  large-scale  dataset  of  GSE204684 about  developing  cerebral  cortex  to  reveal  the
 visualization  contribution  of  the  diffusion  module.  PVAED  preserves  better  maintained  local  structure  of  EN-fetal  and  OPC  cell  types.  (c)  Incorporation
 of  trustworthiness  loss  term  yields  better  clustering  results  than  naïve  VAE  and  graph  loss  term.  (d)  Ablation  study  underscores  the  synergistic  effect
 of  prior  integration  and  diffusion.  (e)  Ablation  study  demonstrates  that  the  combination  of  all  three  kinds  of  prior  information  leads  to  the  best  overall
 performance.  (f)  The  benchmark  of  PVAED  with  standard  UMAP  and  the  other  two  existing  VAE-like  models  on  clustering  metrics  across  seven  different
 datasets.  (g,  h)  The  benchmark  results  on  projection  metrics  of  Shepard  goodness  and  MRRE  across  all  datasets.  
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All  experiments  were  performed  on  an  NVIDIA  H100  GPU  with

 80  GB  of  HBM3  memory.  The  PVAED  model  was  optimized  using  a

 mean  squared  error  (MSE)  reconstruction  loss,  with  the  weighting

 factor  of  trustworthiness  term  λ  set  to  1.  In  the  fine-tuning  process,  we

 use  the  intersection  of  task-specific  data  and  pretrained  large  dataset.

 For  the  single-cell  RNA-seq  dataset  comprising  10  804  cells  and  11  160

 genes,  the  model  was  trained  with  a  100-dimensional  latent  space.  The

 pretraining  phase,  conducted  for  80  epochs,  required  ∼585  seconds

 including  30  s  diffusion  time.  This  was  followed  by  a  fine-tuning  phase

 of  60  epochs,  which  was  completed  in  ∼400  seconds  including  21  s

 diffusion  time.  When  the  genes  were  filtered  to  5000,  the  pretraining

 and  fine-tuning  time  was  reduced  to  350  s  and  270  s,  respectively.

 The  diffusion  module  operates  only  in  the  100-dimensional  VAE  latent

 space,  each  diffusion  epoch  requires  just  0.3–0.4  seconds,  and  its  cost

 is  independent  of  input  size,  which  ensures  the  scalability  of  PVAED

 for  large  atlases  (  Fig.  S4  in  Supplementary  materials).
 

Interpretable  pathway-centric  master  regulator
 analysis  in  lung  adenocarcinoma  reveals  critical  gene

 sets  via  hypergraph  inference  

Lung  adenocarcinoma  (LUAD),  the  most  common  subtype  of  non-

 small  cell  lung  cancer  (NSCLC),  accounts  for  ∼40%  of  all  lung  cancer

 cases  [ 39].  To  decipher  the  dysregulated  transcriptional  programs  in

 LUAD,  we  apply  the  PVAED  framework  for  master  regulator  analysis

 and  critical  gene  set  prediction.  The  model  is  firstly  pretrained  on  the

 Human  Lung  Cell  Atlas  (HLCA),  then  fine-tuned  using  the  GSE131907

 dataset  [ 40],  which  includes  208  506  cells  from  normal  and  tumor  lung

 tissues  of  44  patients.
 

Visualization  of  the  learned  embeddings  reveals  distinct  cellular

 landscapes  in  normal  versus  tumor  samples  (  Fig.  3a).  PVAED  demon-

 strates  robust  performance  across  a  suite  of  clustering  metrics  (includ-

 ing  ARI  and  NMI)  in  both  normal  (  Fig.  3b)  and  tumor  (  Fig.  3c)  subsets.

 Furthermore,  when  compared  with  the  reference  projections  from  the

 original  study  (Kim  et  al.),  PVAED  yields  superior  embedding  fidelity,

 achieving  higher  scores  on  projection  quality  metrics  such  as  SG  and

 MRRE  (  Fig.  3d).
 

Leveraging  PVAED’s  interpretable  prior  layer,  we  analyze  pathway

 importance  shifts  between  conditions.  Tumor  samples  are  dominated

 by  oncogenic  pathways  (“Pathways  in  cancer  ”,  “MAPK”,  “Endocyto-

 sis”,  “PI3K-Akt”)  and  immune  activation  signals  (“Cytokine-cytokine

 receptor  interaction”,  “TNF  signaling”),  while  normal  tissue  empha-

 sized  homeostasis  pathways  (“Focal  adhesion”,  “Neuroactive  ligand–

 receptor  interaction”)  (  Fig.  3e).  Additionally,  ranking  genes  by  their

 influence  in  PVAED’s  regulation  layer  identified  the  top  50  tumor-

 associated  genes  (  Fig.  3f).  Functional  enrichment  confirms  their  sig-

 nificant  roles  in  cancer-relevant  pathways,  validating  the  model’s

 capacity  to  pinpoint  critical  regulatory  elements  in  LUAD  (  Fig.  3g).
 

Based  on  the  prioritized  pathways  in  normal  and  tumor  samples,

 we  construct  a  hypergraph  model  to  characterize  pathway-gene  rela-

 tionships  (  Fig.  3h).  Random  Walk  with  Restart  (RWR)  analysis  on  this

 hypergraph  prioritizes  key  regulatory  genes  in  the  tumor  context

 ( Fig.  3i),  with  4  out  of  the  top  5  candidates  (e.g.  RPA3,  DHAH3)  being

 literature-confirmed  in  lung  cancer  (  Fig.  3j,  left).  Spectral  clustering

 [ 41]  identifies  a  densely  connected  8-gene  community  representing

 core  components  of  the  MAPK/ERK  and  PI3K-Akt  oncogenic  path-

 ways  (  Fig.  3j,  right).  The  GO  Biological  Process  enrichment  analysis  of

 these  eight  identified  genes  reveals  four  lung  cancer-related  processes

 ( Fig.  3k),  among  which  EGFR  shows  the  most  significant  enrichment
 

and  is  well  known  to  be  associated  with  lung  tumorigenesis.  Further-

 more,  RWR  successfully  predicted  novel  gene  associations  for  the  HIF-

 1  signaling  pathway,  including  the  literature-confirmed  SOCS  gene

 family  [ 42]  ( Fig.  3l).
 

To  quantitatively  assess  the  reproducibility  and  stability  on  bio-

 logical  insights,  we  trained  PVAED  with  four  random  seeds  (0,  1,  10,

 1024)  on  the  GSE131907  dataset  and  compared  the  resulting  pathway

 ranking  vectors  across  runs.  The  Kendall’s  τ  rank  correlations  among

 all  pairs  of  runs  averaged  0.95  ±  0.03,  with  P  <  1e-129,  demonstrating

 highly  consistent  ranking  orders  (  Fig.  S5  in  Supplementary  materials).

 Moreover,  the  top  50  pathways  were  nearly  identical  across  runs,

 showing  98%  overlap  (49  of  50  pathways  shared  among  all  trials).

 These  results  confirm  that PVAED’s  interpretability  outputs  are  robust

 to  random  initialization, and  that  the  biological  conclusions  derived

 from  the  ranked  pathways  are  stable  and  reproducible.
 

Application  of  PVAED  interpretability  for  critical
 pathway  and  gene  identification in  Alzheimer’s

 disease  

Alzheimer’s  disease  (AD)  is  a  progressive  neurodegenerative  disorder

 presenting  with  both  amnestic  and  non-amnestic  cognitive deficits.

 While  single-cell  transcriptomics  has  opened  new  avenues  for  dissect-

 ing  cell-type-specific  dynamics  in  the  brain,  many  previous  studies

 have  been  constrained  by  limited  sample  sizes  and  technical  noise,

 often  missing  rare  AD-associated  cell  states  and  isoform-level  expres-

 sion  changes.  Here,  we  apply  the  PVAED  model  to  the  GSE212606

 dataset  [ 44],  comprising  118  240  single-cell  transcriptomes  from  AD

 and  wild-type  (WT)  human  brain  samples,  to  identify  pathology-

 related  regulatory  programs  and  candidate  genes.
 

We  first  visualize  cellular  organization  in  WT  and  AD  brains  using

 UMAP  embeddings  derived  from  PVAED  (  Fig.  4a).  PVAED  generates

 informative  embeddings  as  quantified  by  seven  clustering  metrics

 ( Fig.  4b  and  c).  PVAED  also  achieved  better  SG  score  and  better  MRRE

 score  than  Sziraki  et  al  .,  the  authors  who  released  the  dataset  [ 44]

 ( Fig.  4d).
 

Pathway  analysis  reveals  that  PVAED’s  pathway  prioritization  is  not

 biased  by  gene  set  size  (R  =  0.074,  P  =  .23),  confirming  the biological  rel-

 evance  of  identified  pathways  (  Fig.  4f).  AD  samples  specifically  show

 elevated  importance  of  “Polycomb  repressive  complex”  and  “mRNA

 surveillance  pathway”  both  mechanistically  linked  to  AD  pathobiology

 ( Fig.  4e).
 

From  PVAED’s  gene-regulation  layer,  we  extract  top-weighted

 genes,  all  10  of  which  are  validated  as  AD-relevant  by  ssREAD  database

 [ 45]  ( Fig.  4g).  Notably,  only  4  of  these  10  key  regulatory  genes  show

 significant  differential  expression  in  conventional  analysis  (  Fig.  4h),

 demonstrating  PVAED’s  unique  ability  to  identify  functionally  critical

 elements  that  escape  detection  by  standard  differential  expression

 methods. 

Biologically  informed  visualization of  cortical
 development  benefits  pre-committed  subpopulation

 discovery 

The  developing  mammalian  cerebral  cortex  exhibits  precisely  orches-

 trated  cellular  differentiation  and  diversification,  providing  an  ideal

 model  system  for  evaluating  the  PVAED  framework’s  ability  to  capture

 intrinsic  topological  structures  in  single-cell  data.  We  apply  PVAED

 to  the  GSE153164  dataset  [ 46],  which  comprehensively  profiles  all
 

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag259#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag259#supplementary-data
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Figure  3  Interpretability  of  PVAED  on  phenotype  related  regulation  analysis  for  lung  cancer.  (a)  UMAP  visualizations  of  human  normal  and  tumor
 samples  in  GSE139107 dataset  built  on  PVAED  latent  representations.  (b,  c)  The  quantification  of  clustering  metrics  on  normal  and  tumor  subsets
 shows  the  strong  performance  of  PVAED.  (d)  The  projection  quality  comparison  between  PVAED  and  the  original  data  provider’s  embeddings.  (e)  Top
 15  ranked  pathways  by  exploring  the  pathway  prior  nodes  in  the  prior  layer  of  PVAED  encoder.  (f,  g)  Top  50  ranked  genes  from  PVAED  encoder  and  the
 corresponding  enrichment  analysis  shows  important  pathways  associated  with  lung  cancer  highlighted  in  red.  (h)  Hypergraph  model  of  top-ranked
 pathways,  plotted  using  HNX  [ 43].  The  partial  zoom-in  visualization  showcases  the  construction  details  and  the  red  colored  genes  are  related  to  lung
 cancer.  (i)  RWR  is  performed  on  hypergraph  model.  Basically,  a  walker  randomly  chooses  an  incident  hyperedge  and  then  randomly  chooses  a  node
 in  the  hyperedge  with  a  probability  for  returning  to  the  original  node.  (j)  Left:  prioritized  lung  tumor–related  genes  ranked  according  to  the  predicted
 weights  obtained  from  the  RWR  process;  Right:  dominant  regulator  set  identified  from  the  hypergraph  by  spectral  clustering.  (k)  GO  biological  process
 enrichment  analysis  based  on  identified  eight  dominant  genes.  (l)  The  predicted  genes  that  could  be  potentially  associated  with  HIF-1  signaling  pathway
 by  RWR  on  hypergraph  model. 



Briefings in Bioinformatics, 2026, Vol. 27, Issue 3 | 9          

Figure  4  PVAED’s  interpretability  enables  the  identification  of  risk  pathways  and  genes  in  Alzheimer’s  disease.  (a)  UMAP  visualizations  of  GSE212606
 dataset  built  on  PVAED  latent  representations.  (b,  c)  The  clustering  metrics  for  both  WT  and  AD  samples.  (d)  Projection  quality  comparison  between
 the  original  data  provider’s  embeddings  and  PVAED.  (e)  Top  15  ranked  pathways  from  PVAED  encoder.  (f)  Pearson  correlation  between  pathway  prior
 node  weight  and  gene  count.  (g)  Top  10  weighted  genes  from  gene–gene  regulation  layer.  This  confirms  the  biological  relevance  and  existing  evidence
 for  these  identified  genes  in  the  context  of  AD.  (h)  Gene  expression  volcano  plot  for  top-ranked  genes  shows  that  genes  identified  by  PVAED  are  not  all
 significantly  up-  or  down-expressed,  which  means  they  will  not  be  discovered  by  general  analysis  pipeline.  

known  cell  types  and  differentiation  trajectories  in  the  developing

 mouse  cortex. 

The  model  identifies  four  previously  uncharacterized  subpopu-

 lations  of  migrating  excitatory  neurons  (sub_1  to  sub_4)  in  low-

 dimensional  embeddings  (  Fig.  5a),  achieving  good  results  on  clus-

 tering  metrics,  as  well  as  higher  SG  score  and  better  MRRE  score

 than  Di  Bella  et  al  .,  the  authors  of  the  original  dataset  [ 46]  (  Fig.  5b

and  c).  Meanwhile,  the  identified  subpopulations could  not  be  founded

 identified  by  standard  workflow  like  UMAP  (Supplementary  materials

 Fig.  S6).  Differential  expression  analysis  using  Scanpy  [ 47]  identifies

 distinct  molecular  signatures  for  each  subpopulation  and  the
 

top-ranked  genes  are  shown  in  Fig.  5d–f  by  the  test  statistic  scores

 with  filtering  thresholds  as  log2FC  >1  and  adjust P  value  <.05.  We

 also  provide  all  the  top  50  differential  expression  gene  lists of  subpop-

 ulations  as  Table  S2  in  Supplementary  materials.  The  Venn  diagram

 of  differential  gene  lists  illustrates  both  shared  and  unique  expression

 signatures  among  subpopulations  (  Fig.  5g).  Among  the  200  genes

 analyzed,  144  are  identified  as  subpopulation-specific,  underscoring

 transcriptional  heterogeneity  across  the  four  cell  groups.  The  heatmap

 based  on  differentially  expressed  genes  provide  detailed  views  of  gene

 expression  patterns  across  these  groups  (  Fig.  5h).  These  fundamental

 analyses  methods  consistently  indicate  that  there  were  differences
 

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag259#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag259#supplementary-data
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Figure  5  PVAED  facilitates  the  identification  of  pre-committed  cell  subpopulations.  (a)  UMAP  visualization  of  excitatory  neurons  in  the  GSE153164
 dataset  and  the  identified  four  subpopulations  of  migrating  neurons  based  on  PVAED  latent  embeddings.  (b)  Clustering  metrics  on  dataset.  (c)
 Projection  quality  comparison  of  SG  and  MRRE,  where  PVAED  shows  the  better  result.  (d–f)  Show  top-ranked  differentially  expressed  genes  of  the  four
 subpopulations  based  on  standard  Scanpy  analysis  pipeline.  (g)  Venn  diagrams  of  the  top  50  ranked  differential  expression  genes  of  the  subpopulations.
 (h)  Expression  heatmap  for  identified  subpopulations.  (i)  The  markers  of  cortical  layers  and  the  expression  significance  in  subpopulations.  (j)  Shows
 the  up  regulated  marker  genes  in  every  subpopulation.  (k)  GO  enrichment  analyses  of  sub_1  and  sub_2  are  conducted  based  on  the  top  50  ranked
 differentially  expressed  genes  by  scores  resulting  from  Scanpy  [ 47]  pipeline  (P  <  .05)  and  application  of  Enrichr  [ 48].  

between  these  cell  subpopulations,  inspiring  us  to  further  explore  the

 biological  significance  hidden  beneath  the  surface  of  visualization.
 

To  characterize  the  cellular  identity  of  the  identified  subpopula-

 tions,  we  analyze  the  expression  of  established  marker  genes  across
 

different  cortical  layers.  The  PVAED-identified  subpopulations show

 a  strong  correlation  with  specific  cortical  layer  markers,  including

 Cux2  (Layers  2/3),  Fezf2  (Layers  5/6),  and  the  immature  neuron

 marker  Neurog2  (  Fig.  5i  and  j).  Furthermore,  GO  enrichment  analysis
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of  the  top  50  differentially  expressed  genes,  conducted  by  Enrichr

 [ 48],  confirms  that  each  subpopulation  is  associated  with  biologically

 distinct  functional  terms.  For  instance,  the  sub_1  (Layer  2/3)  and  sub_2

 (Layer  5/6)  subpopulations exhibit  functional  profiles  consistent  with

 their  respective  cortical  identities  (  Fig.  5k).  Specifically,  sub_1  shows

 significant  enrichment  in  terms  related  to  neuronal  migration  and

 dynamic  cytoskeletal  reorganization  (highlighted  in  red),  suggesting

 an  active  state  of  positioning  and  structural  plasticity.  In  contrast,

 sub_2  is  characterized  by  terms  associated  with  advanced  neuronal

 differentiation  and  circuit  formation.  Enrichment  results for  sub_3

 and  sub_4  are  detailed  in  the  Figure  S3  of  Supplementary  Part

 S8.  These  functional  distinctions  validate  PVAED’s  ability  to  resolve

 developmentally  meaningful  cellular  states  and  provide  interpretable

 insights  into  cortical  development.
 

Discussion  

The  application  of  deep  generative  models  to  single-cell  omics  data

 continues  to  expand  rapidly.  Established  methods  such  as  scVI  [ 5]  and

 scArches  [ 49]  have  demonstrated  the  utility  of  VAEs  in  batch  correc-

 tion  and  cross-condition  transfer  learning,  enabling  robust  integra-

 tion  of  diverse  datasets.  More  recently,  foundation  models  including

 scGPT  [ 31],  scFoundation  [ 32],  and  Geneformer  [ 33]  have  leveraged

 transformer  architectures  and  large-scale  pretraining  to  learn  gen-

 eralizable  representations  from  millions  of  single-cell  profiles.  These

 approaches  position  deep  generative  models  not  only  as  analytical

 tools  but  also  as  reusable  backbones  adaptable  to  specific  biological

 tasks.  Concurrently,  diffusion-based  frameworks  such  as  scDiffusion

 [ 25]  and  stDiff  [ 27]  are  reshaping  trajectory  inference  and  spatial

 transcriptomic  imputation.  Integrating  structured  biological  knowl-

 edge  with  these  advanced  architectures  offers  a  promising  pathway

 to  enhance  both  accuracy  and  interpretability  in  single-cell  analysis,

 particularly  for  addressing  the  high  noise  and  sparsity  inherent  in

 transcriptomic  data.
 

Building  on  these  advances,  we  introduce  PVAED,  a  generative

 framework  that  synergistically  combines  VAEs  and  diffusion  mod-

 els  with  multi-scale  biological  priors,  including  transcription  factor–

 target  interactions,  signaling  pathway  annotations,  and  protein  com-

 plex  associations.  These  priors  are  embedded  into  the  VAE  encoder

 via  structured  sparse  connections,  guiding  the  model  to  learn  latent

 representations  consistent  with  established  molecular  mechanisms.

 A  subsequent  diffusion  module  further  refines  these  embeddings

 through  a  forward  noising  and  reverse  denoising  process,  substan-

 tially  improving  the  resolution  of  rare  cell  states  and  visualization

 fidelity.  Beyond  dimensionality  reduction,  PVAED  enables dynamic

 identification  of  key  regulators  during  cellular  differentiation  by  inter-

 preting  biologically  grounded  latent  variables,  such  as  pathways  net-

 works,  thereby  integrating  mechanistic  insight  with  computational

 performance.
 

A  key  advantage  of PVAED  is  its  flexibility  in  accommodating

 diverse  forms  and  quantities  of  prior  knowledge.  The  model

 adaptively  constructs  prior  nodes  during  encoding,  supporting  broad

 applicability  across  biological  contexts.  However,  on  ultra-large

 datasets,  PVAED  incurs non-trivial  computational  cost;  we  therefore

 recommend  its use  within  a  pretraining–fine-tuning  pipeline. By

 bridging  mechanistic  biology  with  generative  AI,  PVAED  offers  a

 scalable  and  interpretable  platform  for  therapeutic  target  discovery

 and  cross-species  data  alignment,  advancing  precision  analytics  in

 developmental  and  disease  contexts.
 

Looking  forward,  several  directions  offer  promising  extensions  to

 PVAED.  First,  the  framework  can  be  extended  to  multimodal  single-

 cell  data,  accommodating  the  rapid  growth  of  joint  profiling  tech-

 nologies.  Second,  rather  than  treating  priors  as  static  inputs,  future

 versions  could  incorporate  dynamic  knowledge  graph  embeddings

 that  encode  complex  relationships  among  genes,  pathways,  drugs,  and

 diseases,  enabling  richer  interpretability  and  cross-domain  inference.

 Lastly,  integration  with  existing  foundation  models  is  a  compelling

 direction;  initializing  PVAED’s  encoder  with  pretrained  embeddings

 from  models  like  scGPT  or  Geneformer  could  marry  general-purpose

 representation  learning  with  domain-aware  interpretability.
 

In  summary,  PVAED  represents  a  step  toward  a  new  paradigm

 in  single-cell  computational  biology,  one  that  unifies  domain-specific

 knowledge  with  state-of-the-art  generative  modeling.  As  the  field  tran-

 sitions  from  technical  benchmarking  to  clinical  translation,  we  expect

 that  interpretable,  scalable,  and  biologically  grounded  frameworks

 such  as  PVAED  will play  an  essential  role  in  bridging  machine  learning

 innovation  with  mechanistic  discovery.
 

Key  Points 

• Integration  of  biological  priors:  PVAED  incorporates  known  reg-

 ulatory  structures  (pathways,  protein  complexes,  and  TF–target

 networks)  into  a  variational  autoencoder  to  achieve  biologically

 meaningful  dimension  reduction  of  scRNA-seq  data. 

• Enhanced  latent representation:  a  diffusion-based  denoising  mod-

 ule  refines  VAE  embeddings,  while  a  neighborhood-preserving  loss

 item  maintains  local  cell  similarity, improving  the  quality  of  the

 reduced  space. 

• Superior  performance:  PVAED  outperforms  standard  VAE  and  clas-

 sical  nonlinear  dimension  reduction  methods  like  UMAP,  siVAE,  and

 VEGA,  achieving  roughly  43%  better  representation  result  and  34%

 (44%)  higher  projection  quality  across  benchmark  on  multiple  real

 datasets  in  terms  of  global  (local)  structure  preservation. 

• Interpretability  and  regulatory  insight:  through  its  prior  node-

 based  encoder  and  hypergraph  modeling,  PVAED  allows  inter-

 pretation  for  domain  regulatory  factors  identification  and  enables

 prediction  for  underlying  gene-pathway  associations  based  on

 disease-relevant  gene  hypergraph. 

• Biological  discovery:  application  of  PVAED  uncovers  pre-committed

 neuronal  subpopulations  during  cortical  neuron  differentiation,

 demonstrating  its  utility  in  revealing  hidden  cellular  heterogeneity. 
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