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GRAPHICAL ABSTRACT

PUBLIC SUMMARY
■   Targeted peptides tackle undruggable targets but face in vivo instability.

■   Peptide design shifts from empirical screening to artificial intelligence (AI).

■   Generative AI creates novel sequences, bypassing limits of natural databases.

■   Integrating AI with physics validation accelerates clinical peptide development.
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Targeted peptide therapeutics offer a potent solution for undruggable intra-
cellular  targets  yet  their  clinical  translation  remains  hampered  by  poor
membrane permeability  and metabolic  instability.  The integration of  high-
performance  computing  and  artificial  intelligence  is  currently  driving  a
fundamental transition from empirical screening to rational de novo design.
This  review  moves  beyond  a  conventional  enumeration  of  tools  to
construct  a  strategic  framework  that  integrates  physics-based  validation
with generative deep learning. We critically analyze the synergistic applica-
tion  of  molecular  dynamics  and  docking  for  thermodynamic  verification
while  simultaneously  evaluating  how  diffusion  models  and  protein
language  models  accelerate  the  exploration  of  vast  chemical  spaces.  By
delineating  a  closed-loop  workflow  that  incorporates  pharmacokinetic
constraints  into  generative  algorithms  this  review  not  only  synthesizes
current advancements  but  also  provides  a  strategic  roadmap  for  seam-
lessly  integrating  generative  AI  with  physics-based  validation,  thereby
accelerating  the  transition  of  computationally  designed  peptides  from  in
silico blueprints to viable clinical candidates.

 INTRODUCTION
Peptides  occupy  a  unique  therapeutic  niche,  effectively  bridging  the  gap

between traditional small-molecule drugs and complex biologics. Chemically
defined as chains of  2 to 50 amino acid residues,  peptides possess distinct
advantages over  small  molecules  due  to  their  physical  interaction  capabili-
ties.  While  small  molecules  are  typically  rigid  and  require  deep  cavities  for
effective binding,  peptides exhibit  high conformational  flexibility  and a larger
interfacial surface area (400-1000 Å2). This characteristic enables peptides to
selectively bind to flat, broad biological interfaces that lack the deep pockets
required  by  small  molecules,  thereby  addressing  targets  previously  deemed
"undruggable".1-4 For  example,  peptides  have  shown  superior  performance
over  conventional  small  molecules  in  targeting  intracellular  protein-protein
interaction  (PPI)  networks.5 Furthermore,  peptide  therapeutics  often  offer
benefits such  as  enhanced  tissue  penetration,  potentially  lower  immuno-
genicity, and  reduced  manufacturing  costs  compared  to  monoclonal  anti-
bodies,2,3,6,7 although  realizing  these  advantages  depends  on  specific
sequence modifications and formulation considerations. The clinical utility of
peptides is  exemplified by the success of  GLP-1 receptor  agonists,  such as
Liraglutide and Semaglutide. By revolutionizing treatments for metabolic and
cardiovascular diseases, these therapies have firmly established peptides as
a cornerstone of the modern pharmaceutical industry.8-11

Although  peptides  offer  exciting  possibilities  for  treatment,  their  clinical
application  is  constrained  by  distinct  pharmacokinetic  barriers  (Figure  1).12

The core  issue lies  in  their  flexible  and changing molecular  structure,  which
makes them  highly  vulnerable  to  destruction  inside  the  body.  Once  intro-
duced into the bloodstream, these molecules are quickly targeted and broken
down  by  enzymes  such  as  DPP-IV.  This  rapid  neutralization  significantly
shortens their  active  lifespan,  making  it  difficult  to  maintain  effective  thera-
peutic levels in patients.13,14 Furthermore,  peptides face a rapid exit  from the
body through the kidneys. Their relatively small size allows them to be filtered
from the  bloodstream  with  high  efficiency,  leading  to  extremely  brief  func-

tional  lifespans—often measuring just  a  few minutes.  This  quick elimination
creates  a  major  therapeutic  hurdle,  as  it  becomes  difficult  to  sustain  the
steady drug levels required to effectively treat the patient.15,16 Peptides' inher-
ent hydrophilicity and large molecular size further restrict their ability to cross
biological  membranes,  creating substantial  bioavailability challenges for oral
formulations.3,17,18 To address these drugability  obstacles,  traditional  medici-
nal chemistry  strategies  have  predominantly  relied  on  empirical  modifica-
tions,  such  as  introducing  conformational  constraints  through  backbone
cyclization,  preventing  enzymatic  cleavage  by  incorporating  non-natural
amino acids, or extending circulation time via PEGylation.2,19-22 However, these
trial-and-error  approaches are not only time-consuming and labor-intensive
but also struggle to efficiently optimize the delicate balance between peptide
activity,  stability,  and  membrane  permeability  within  the  vast  sequence
space.23

With  the  rapid  advancement  of  high-performance  computing  and  the
exponential  accumulation  of  structural  biology  data,  the  drug  discovery
paradigm is  undergoing a  profound transformation driven by computational
science.24 Molecular modeling techniques have evolved from serving as mere
experimental  aids  to  becoming  the  core  engine  of  rational  drug  design.  We
are witnessing a shift from random screening to rational design, grounded in
physicochemical principles  and  powered  by  artificial  intelligence  (AI)  tech-
nologies.25-27 Homology modeling  and  molecular  docking  enable  the  predic-
tion of peptide-protein binding interactions at the atomic level, while molecu-
lar  dynamics  (MD)  simulations  introduce  the  temporal  dimension,  revealing
the dynamic folding pathways and conformational ensembles of peptides in
physiological  environments.  AI-driven  technologies,  such  as  AlphaFold  and
Protein Language  Models  (PLMs),  have  overcome  the  limitations  of  tradi-
tional  methods  in  predicting  flexible  peptide  structures.14 The deep  integra-
tion of these cutting-edge technologies has not only significantly accelerated
the  discovery  of  lead  compounds  but  also  provided  novel  approaches  to
addressing challenges such as peptide conformational  instability  and trans-
membrane delivery. This paper systematically traces the evolutionary trajec-
tory  of  these  techniques,  with  a  focus  on  how computational  strategies  are
empowering the end-to-end design of targeted peptide therapeutics (Figure 2).

 MAINSTREAM  MOLECULAR  MODELING  METHODS  IN  TARGETED
PEPTIDE DISCOVERY

The field  of  peptide  drug  discovery  has  evolved  from  a  reliance  on  tradi-
tional  trial-and-error  screening  to  a  systematic,  rational  design  process
(Figure 3).25,28-30 This transformation is powered by three foundational model-
ing  techniques:  homology  modeling,  molecular  docking,  and  molecular
dynamics (MD) simulations. As highlighted by Mondal et al.  and Geng et al.,
leveraging these computational tools allows the field to move beyond simple
guesswork and  visualize  peptide  behavior  at  the  atomic  level.  These  meth-
ods allow scientists  to  accurately  predict  how a  peptide  will  fold,  assess its
stability  in real-time,  and calculate exactly  how tightly  it  will  bind to a target
protein.30,31 Ultimately,  this  structural  insight  enables the precise engineering
of  lead  sequences,  ensuring  high-affinity  targeting  before  physical  testing
even begins.

 

 

th
e-

 n
no

va
t o

n-
dr

ug
d 

sc
ov

er
y

REVIEW    Pharmacology       

34  　　　The Innovation Drug Discovery 1(1): 100009, April 16, 2026 www.the-innovation.org/the-innovation-drugdiscovery

mailto:huxiaoying1127@163.com
mailto:wangml1240@163.com
mailto:huxiaoying1127@163.com
mailto:wangml1240@163.com
https://doi.org/10.59717/j.xinn-drugdisc.2026.100009
https://doi.org/10.59717/j.xinn-drugdisc.2026.100009
https://doi.org/10.59717/j.xinn-drugdisc.2026.100009
https://creativecommons.org/licenses/by/4.0/
https://www.the-innovation.org/the-innovation-drugdiscovery
https://www.the-innovation.org/the-innovation-drugdiscovery
https://www.the-innovation.org/the-innovation-drugdiscovery
https://www.the-innovation.org/the-innovation-drugdiscovery
https://www.the-innovation.org/the-innovation-drugdiscovery
https://www.the-innovation.org/the-innovation-drugdiscovery
https://www.the-innovation.org/the-innovation-drugdiscovery


 Homology modeling
Homology  modeling  exploits  the  fundamental  evolutionary  tenet  that

proteins or peptides sharing sequence similarity generally fold into compara-
ble  three-dimensional  structures.  Muhammed  and  Aki-Yalcin  explicitly  note
that this correlation allows for the prediction of unknown target architectures
using established templates, rendering the technique indispensable for visu-
alizing  targets  where  experimental  structural  data  remain  elusive.32 In  the
specific context of targeted peptide discovery, this approach serves not only
to  complement  target  protein  structures  but  also  to  reconstruct  bioactive
peptide  conformations  derived  from  natural  ligands  or  functional
fragments.33,34 The  conventional  workflow  encompasses  template  selection,
sequence alignment,  and  model  refinement,32,35-37 where  predictive  accuracy
is intrinsically linked to template quality and sequence identity.38 Specifically,
when  the  sequence  identity  between  the  target  and  template  exceeds  30%,
the  reliability  of  backbone  conformations  and  structural  motifs  improves
significantly.39,40 Beyond  static  structural  prediction,  current  methodologies
have  evolved  to  elucidate  how  structural  features  drive  biological  function.
Anighoro posits  that  integrating  these  computational  models  with  experi-
mental  data  facilitates  the  identification  of  specific  structural  attributes
governing  activity,  thereby  guiding  the  rational  optimization  of  peptide
sequences.41 However,  challenges  persist  in  modeling  highly  flexible  loop
regions  or  disordered  domains37,42where  the  nonlinear  relationship  between
sequence  divergence  and  structural  deviation  necessitates  rigorous  model
validation and multi-model comparison.43

Furthermore, homology modeling has established itself  as a critical  strat-
egy for  modulating protein-protein  interactions (PPIs)  by  addressing targets
previously deemed undruggable. Grounded in the competitive peptide design
logic,44 this approach models the complex of a target protein with its natural
binding  partner  to  extract  interfacial  peptide  segments  as  structural
templates.  By  systematically  characterizing  the  binding  interface  to  identify
hot spot residues contributing disproportionately to binding free energy,  this
integrated workflow enables the precise mapping of flat biological interfaces.
A  prominent  application  of  this  utility  is  observed  in  the  design  of  inhibitors
for  the  MDM2/MDMX  and  BCL-2  families  where  computational  modeling
successfully  guided the transformation of  natural  fragments into high-affin-
ity inhibitors through the optimization of key interfacial interactions.45

 Molecular docking
Molecular  docking  functions  as  a  pivotal  mechanism  for  deciphering

peptide-protein  recognition  patterns  by  simulating  binding  conformations
and quantifying interaction strengths to provide structural insight for screen-
ing and optimization.30,46,47 Unlike small-molecule ligands, peptides possess a

vastly  expanded  conformational  space  due  to
the inherent flexibility of both their main and side
chains,  imposing  significant  demands  on  the
sampling  capabilities  of  docking  algorithms.48

To  accurately  reflect  interactions  in  biological
systems, modern  methodologies  have  tran-
scended static rigid-body assumptions to incor-
porate  multi-conformation  sampling  and  multi-
pose binding  concepts.  This  shift  acknowl-
edges  that  binding  is  a  dynamic  equilibrium
process  governed  by  multiple  energetically
favorable  conformations  rather  than  a  singular
structural event.49-51

Specific  docking  strategies  encompass
template-based, local,  and  global  search  proto-

cols whose  applicability  depends  on  the  availability  of  prior  structural  infor-
mation.52-54 Traditional small-molecule docking programs often exhibit limita-
tions  when  handling  longer  peptide  segments  as  they  fail  to  effectively
capture  backbone  rearrangements  and  induced-fit  effects.49 This  deficiency
has driven the development of  specialized algorithms explicitly  optimized to
account for peptide chain flexibility and receptor side-chain adjustments.50,51

Numerous  studies  demonstrate  that  these  advanced  tools  not  only  explain
experimentally observed inhibitory activity and selectivity but also identify key
hydrogen-bond networks and hydrophobic anchors, thereby providing explicit
structural guidance for subsequent sequence modification and conformation-
constrained design (Table S1).55

The  selection  of  molecular  docking  algorithms  fundamentally  reflects  a
trade-off between sampling exhaustiveness and atomic resolution (Figure 4).
Global docking tools generally prioritize exploring the entire protein surface to
locate potential  binding sites but often resort to coarse-grained models that
may  overlook  subtle  induced-fit  changes.50,56,65 Conversely,  local  refinement
tools  provide  high-resolution  atomic  details  but  are  prone  to  entrapment  in
local  energy  minima  if  the  initial  pose  deviates  significantly  from  the  native
state.60 Addressing this dichotomy,  Ciemny et  al.  advocate for  a hierarchical
docking  strategy  wherein  coarse-grained  global  algorithms  are  initially
employed  to  capture  binding  hotspots,  followed  by  high-precision  local
refinement to optimize interfacial atomic contacts.54 Furthermore, for unique
topologies  such  as  cyclic  peptides,  standard  algorithms  often  fail  to  handle
backbone  constraints  effectively,  necessitating  specialized  tools  like
AutoDock  CrankPep.58 Tucker  and  colleagues  exemplified  the  translational
impact of  such advanced sampling methodologies through the discovery of
the oral PCSK9 inhibitor MK-0616, where computational analysis guided the
rigidification of a macrocyclic scaffold to distinctively combine high potency
with intestinal permeability.75

The  core  challenges  in  peptide-protein  docking  primarily  involve  handling
flexibility,  adapting  scoring  functions,  and  dealing  with  the  uncertainty  of
binding sites.50,54,74,76-78 Peptides,  which typically lack stable conformations in
their  free  state,  often  undergo  substantial  rearrangements  of  their  main
chains or side chains during binding. Similarly, protein receptors may experi-
ence induced  conformational  changes.  This  bidirectional  flexibility  signifi-
cantly  complicates  conformation  sampling,  rendering  traditional  rigid-body
docking  methods  inadequate  for  accurately  capturing  key  interaction
patterns.79-81 To  address  this,  some  approaches  incorporate  induced-fit  or
conformation-selection models, which, when combined with receptor confor-
mation  ensembles,  enhance  the  biological  plausibility  of  the  predictions.82

Representing  a  paradigm  shift  in  handling  this  conformational  complexity,
emerging  AI-native  diffusion  frameworks  such  as  RAPiDock83 have demon-
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Figure 1.  Overview  of  Peptide  Therapeutics This
figure  summarizes  peptides'  characteristics  as
intermediates between small molecules and biolog-
ics; their advantages in targeting hard-to-drug inter-
faces and high tissue penetration; and their pharma-
cokinetic  challenges  including  rapid  enzymatic
degradation,  renal  clearance,  and  poor  membrane
permeability.
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strated  the  capability  to  efficiently  navigate  high-dimensional energy  land-
scapes.  Unlike  traditional  sampling  methods  that  may  struggle  with  local
minima, these generative models progressively denoise random coordinates
to  identify  high-quality binding  poses,  thereby  serving  as  a  robust  comple-
ment  to  physics-based  refinement  protocols.  Additionally,  cluster  analysis
has become  increasingly  crucial  for  interpreting  docking  results.  By  struc-
turally  clustering  a  large  number  of  docked  conformations,  it  allows  for  the
identification of the most representative binding patterns, thereby minimizing
the impact of noise conformations on the interpretation of results.84

 Molecular dynamics simulations
Building  on  docking  predictions,  molecular

dynamics  (MD)  simulations  offer  a  temporal
perspective to further assess the stability  and
dynamic  behavior  of  peptide-protein
systems.85 By solving the atomic equations of
motion under  classical  force fields,  MD simu-
lations  capture  the  evolution  of  molecular
systems in  solvent  environments,  a  capability
that,  as  demonstrated  by  Jephthah  et  al.,
allows  for  the  direct  observation  of  peptide
folding, conformational  changes,  and  interac-
tions over time.86 Unlike static docking models,
MD  accounts  for  atomic-scale  flexibility,
solvent  effects,  and  thermal  fluctuations,
providing  significant  advantages  in  revealing
binding  stability  and  interaction  persistence.87

In  peptide  drug  design,  MD  is  extensively
applied to  evaluate  the  conformational  stabil-

ity of candidate sequences, analyze the preservation of key interactions, and
compare the impact of various modifications on system dynamics. Lau et al.
utilized  molecular  dynamics  simulations  to  facilitate  the  engineering  of
Semaglutide, explicitly  verifying  that  the  hydrophilic  linker  possessed  suffi-
cient  flexibility  to  accommodate  albumin  binding  without  disrupting  the
pivotal interactions between the GLP-1 moiety and its receptor. This dynamic
validation  ensured  that  the  pharmacokinetic  extension  strategy  did  not
compromise  therapeutic  efficacy.11 With  advancements  in  computational
resources and algorithmic efficiency, MD simulations now encompass larger
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Figure 2.  Integrated  AI  and  physics-based work-
flow  for  targeted  peptide  drug  design This  closed-
loop  synergizes  generative  AI  models,  physics-
based  validation,  and  wet-lab experimental  feed-
back  to  iteratively  refine  candidates  and  accelerate
therapeutic discovery.

 
 

 

Figure 3.  Workflow illustrating the transition from traditional trial-and-error to rational peptide drug design The traditional approach (A) relies on inefficient physical screening
of  random  peptide  libraries,  often  yielding  high  failure  rates.  The  rational  design  process  (B)  leverages  computational  modeling  tools:  Homology  Modeling  to  predict  folding,
Molecular  Docking  to  calculate  binding  tightness  (affinity),  and Molecular  Dynamics  (MD)  simulations  to  assess  real-time atomic  stability.  This  in  silico  optimization  enables
precise engineering of lead sequences, ensuring high-affinity targeting before physical testing begins (C).
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systems  and  longer  timescales,  facilitating  a  deeper  exploration  of  the
complex conformational space of peptides.88,89

The  choice  of  solvent  models  and  force  field  parameters  is  critical  in
peptide  molecular  dynamics  simulations.  Explicit  solvent  models  provide  a
more  accurate  representation  of  hydrogen  bond  networks  and  hydration
effects  but  at  the  cost  of  higher  computational  demands.90 In  contrast,
implicit  solvent  models  offer  greater  computational  efficiency,  though  they
may sacrifice precision in capturing fine-scale interactions.91

Beyond the trade-offs between solvent accuracy and computational cost, a
persistent  challenge  in  peptide  simulations  involves  effectively  traversing
rough energy landscapes populated by numerous local  minima. To mitigate
these  sampling  limitations,  enhanced  sampling  techniques  such  as  Replica
Exchange  Molecular  Dynamics  (REMD)  and  hybrid  hierarchical  strategies
combining Accelerated Molecular Dynamics (aMD) with metadynamics have
gained prominence. REMD facilitates the traversal of energy barriers through
the  utilization  of  multiple  temperature  replicas,  a  capability  that  has  been
effectively  demonstrated  in  the  structural  characterization  of  amyloid
peptides.92 Similarly,  hybrid  approaches  enhance  predictive  accuracy  by
employing aMD for rapid conformational scanning alongside metadynamics
for precise free energy estimation.93 Furthermore, Weber et al. demonstrated
that  the  integration  of  Machine  Learning  (ML)  algorithms  effectively  guides
molecular  dynamics  simulations  to  efficiently  explore  key  conformational
regions and accelerate convergence,  thereby addressing the complexities of
high-dimensional conformational sampling and rare transition events.94

 STRUCTURE  MODELING  IN  MACHINE  LEARNING  AND  TARGETED
PEPTIDE DISCOVERY

As peptide drug design evolves from experience-based methods to  data-
driven approaches, artificial intelligence (AI) technologies are emerging as key
enablers that bridge sequence, structure, and function spaces.95 Unlike tradi-
tional molecular  modeling  techniques  relying  on  explicit  physical  assump-
tions and computationally expensive energy functions, machine learning (ML)
and  deep  learning  (DL)  methods  identify  underlying  patterns  from  existing

peptide and  biological  activity  data.  This  inte-
gration  enhances  predictive  efficiency  and
design scalability  while  marking  a  transforma-
tive  shift  in  the  peptide  discovery  process.  AI
methodologies  in  peptide  discovery  can  be
broadly categorized into two distinct functional
streams:  predictive  models  for  determining
structure  and  function,  and  generative  models
for  creating  novel  sequences  to  fulfill  specific
therapeutic criteria (Figure 5).96,97

 Predictive  AI:  from  sequence  to  structure
and function

Predictive  models  primarily  focus  on  the
accurate  mapping  of  peptide  sequences  to
their  three-dimensional  conformations  and
biological  activities.  While  traditional  methods
trained  on  functional  annotations  established
the  groundwork,  the  advent  of  AlphaFold  has
revolutionized structural insight by offering high-
precision  predictions.  AlphaFold  employs
evolutionary  information via  multiple  sequence
alignments  and  attention  mechanisms  to
capture  long-range  residue  correlations.33 This
capability  is  particularly  powerful  for  modeling
peptide-protein  complexes  and  assessing
potential binding modes, effectively addressing
the  challenge  of  induced-fit  conformational

changes that often confound traditional docking algorithms.98,99 By providing
near-experimental  accuracy,  AlphaFold  serves  as  a  rigorous  structural
validator for candidate sequences derived from biological screening.

Complementing  the  high-precision  capabilities  of  alignment-based meth-
ods, emerging protein language models such as ESMFold represent a signifi-
cant  leap  in  computational  efficiency.  Unlike  AlphaFold  which  relies  on
computationally intensive multiple sequence alignments,  ESMFold leverages
vast  sequence  databases  to  predict  structures  directly  from  single
sequences.100 This architecture offers a speed advantage of up to an order of
magnitude,  making  it  uniquely  reliable  for  high-throughput  screening
campaigns where  millions  of  candidate  peptides  must  be  evaluated rapidly.
Consequently,  a tiered predictive strategy has emerged in which ESMFold is
utilized  for  rapid  large-scale  filtration  while  AlphaFold  is  reserved  for  the
detailed structural refinement of top-ranking candidates.101

To navigate this diverse methodological landscape, a critical comparison of
these  foundational  technologies  reveals  distinct  trade-offs between  predic-
tive accuracy, computational scalability, and the ability to capture conforma-
tional  heterogeneity  (Table  1).  Although  evolutionary  algorithms  like
AlphaFold have achieved breakthrough accuracy in structure prediction, their
reliance on multiple sequence alignment data constitutes an intrinsic bottle-
neck that  leads to  significantly  reduced confidence when modeling de novo
designed  artificial  sequences  or  orphan  peptides  lacking  homologous
data.33,98 Protein language models circumvent this limitation by learning deep
grammatical  patterns  of  amino acid  sequences to  achieve  millisecond-level
inference  speeds,  making  ESMFold  an  ideal  choice  for  screening  ultra-large
sequence libraries despite a slight compromise in accuracy for low-complex-
ity  sequences.100 Cordoves-Delgado  and  García-Jacas  emphasize  that  one
must  weigh  screening  throughput  against  structural  detail,  suggesting  the
utilization  of  language  models  for  preliminary  screening  tasks  involving
millions  of  molecules  while  reserving  AlphaFold  for  the  lead  optimization
phase  where  its  ability  to  precisely  characterize  interfacial  steric  hindrance
remains  irreplaceable.101 A  rational  computational  pipeline  should  flexibly
switch between these approaches according to the specific requirements of
the project stage.
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Figure 4.  Classification  of  strategies  and
commonly  used  tools  for  peptide-protein molecu-
lar docking
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 Generative AI: de novo design and space exploration
To  navigate  the  rapidly  evolving  landscape  of  generative  peptide  design,

this  review  proposes  a  classification  framework  based  on  the  primary  data
modality  driving  the  generative  process.  Specifically,  these  categories  are
differentiated  by  the  nature  of  the  input  representation  ranging  from  one-
dimensional  sequences  to  three-dimensional  coordinates,  the  underlying
optimization objective  such as maximizing chemical  diversity  versus ensur-
ing  geometric  complementarity,  and  whether  the  model  explicitly  generates
spatial structures or latent sequence embeddings.106,107 This framework cate-
gorizes  methodologies  into  sequence  generation  prioritization,  structure
generation prioritization, and sequence-structure co-optimization. To provide
an actionable roadmap for computational design, a systematic evaluation of
these  generative  frameworks  reveals  critical  distinctions  in  operational
requirements,  topological  constraints,  and  open-source  accessibility  (Table
2). The  paradigm  emphasizing  sequence  generation  prioritizes  the  explo-
ration of sequence space to identify novel motifs with desired physicochemi-
cal properties. Representative models such as Variational Autoencoders and
Generative  Adversarial  Networks  operate  by  mapping  discrete  amino  acid
sequences into a continuous latent space.106,108 By sampling from this mani-
fold,  these  models  generate  diverse  candidates  ranging  from  antimicrobial
peptides to cell-penetrating peptides that expand beyond the diversity found
in natural  databases.  This  approach  proves  particularly  effective  for  func-
tional  peptides  where  the  three-dimensional  structure  is  dynamic  or  less
strictly defined.

Addressing  the  geometric  constraints  of  high-affinity  binding,  frontier
frameworks  such  as  RFdiffusion  and  the  recently  developed  RFdiffusion3
have  revolutionized  the  field  by  treating  the  binding  pocket  of  the  target
protein as a conditional input to generate peptide backbones de novo.107,117 By
treating the binding pocket of the target protein as a conditional input, these
models prioritize geometric complementarity. They function by progressively
denoising random coordinates to create backbones that precisely match the
target interface.  This  approach  marks  a  decisive  shift  for  targeting  undrug-
gable  sites  such  as  flat  protein-protein  interaction  surfaces  where  precise
structural  matching  is  prerequisite  to  binding.  Cao  et  al.  demonstrated  the
translational  efficacy of  this  paradigm by rapidly  developing de novo SARS-
CoV-2  miniprotein  inhibitors  which  achieved  picomolar  affinity  in  months.
This computational strategy successfully bypassed the lengthy affinity matu-
ration  process  inherent  to  traditional  antibody  discovery  and  validated  the
capability  of  generative  models  to  accelerate  therapeutic  response.118

Expanding  this  landscape,  emerging  all-to-all  interaction  design  paradigms
exemplified by ODesign have begun to address the complexities of dynamic
coupling.109 By unifying multimodal  biomolecular  interactions within a single

generative  framework  rather  than  treating  the  target  as  a  static  constraint,
these approaches signify  a  rapid evolution toward multi-modal and interac-
tion-aware generative  models  that  capture  the  reciprocal  structural  adapta-
tions between peptides and their targets.

Despite  the  transformative  potential  of  these  tools,  a  significant  gap
remains  between  in  silico  generation  and  wet-lab synthesizability.  Translat-
ing theoretically  perfect  backbones  into  physically  viable  molecules  repre-
sents  the  most  critical  bottleneck  in  generative  design.  Current  diffusion
models, while adept at satisfying geometric constraints, are prone to "struc-
tural  hallucination".107 This  phenomenon  occurs  when  the  model  generates
backbones  that  are  geometrically  complementary  to  the  target  but  violate
fundamental physicochemical principles required for stability.

Specifically, these hallucinated scaffolds often exhibit orphaned secondary
structures,  lack  valid  hydrophobic  cores,  or  introduce  excessive  solvent-
exposed hydrophobic surface areas. Consequently, although these computa-
tionally predicted designs may achieve high confidence scores or theoretical
affinity  in  evaluations,  they  frequently  fail  in  experimental  validation  due  to
aggregation,  poor  solubility,  or  the  inability  to  adopt  a  stable  folded  state  in
solution.  Therefore,  as demonstrated by Dauparas et  al.,114 sequence recov-
ery tools like ProteinMPNN serve not merely as a method to solve the inverse
folding  problem  but  as  essential  filters  connecting  geometric  design  with
chemical reality.

 ADMET and developability assessment
While  generative  artificial  intelligence  models  and  structural  predictors

have revolutionized the optimization of target affinity,  high binding affinity in
silico does not inherently translate to in vivo therapeutic efficacy. The clinical
attrition of peptide drug candidates is predominantly driven by poor absorp-
tion,  distribution,  metabolism,  excretion,  and  toxicity  profiles,  including  rapid
proteolytic degradation and membrane impermeability. This translational gap
is  particularly  pronounced  for  linear  peptides.  Lacking  the  conformational
constraints  of  cyclic  counterparts,  novel  linear  scaffolds  generated  de  novo
are highly susceptible to enzymatic cleavage and often struggle to cross lipid
bilayers. Integrating property prediction directly into the computational design
pipeline is imperative.

Recent advancements in machine learning and deep learning have estab-
lished robust  sequence  based  and  graph  based  models  capable  of  accu-
rately predicting key peptide developability metrics prior to physical synthesis.
To address the challenge of undruggable intracellular targets, predictive tools
identify  and design sequence motifs  that  facilitate  membrane translocation.
Sequence based models and machine learning frameworks, such as CellPPD
and MLCPP,  leverage extensive  datasets  of  known translocating sequences
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Figure 5.  AI-driven workflow for peptide discovery (A) Predictive models map peptide sequences to structures. (B) Generative models enable de novo design based on target
constraints. (C) An integrated closed-loop synergizes these streams through iterative generation, evaluation, and refinement to produce optimized therapeutics.
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to  extract  physicochemical  features  that  govern  cellular  uptake.119,120 The
rapid clearance of peptides necessitates accurate in silico predictions of their
pharmacokinetic  lifespan.  Emerging  artificial  intelligence  tools  like  PlifePred
focus  on  predicting  sequence  specific  half  lives  in  biological  matrices  and
identifying  specific  protease  cleavage  sites.121 Preventing  adverse  immune
responses  and  off  target  toxicity  is  another  fundamental  developability
constraint. Classifiers such as ToxinPred utilize support vector machines and
quantitative  structure  toxicity  relationship  modeling  to  predict  hemolytic
activity  and  general  toxicity  based  on  amino  acid  composition  and  specific
dipeptide frequencies.122

Relying  solely  on  sequence  based  property  predictors  can  occasionally
yield false positives, particularly for highly novel linear scaffolds that venture

into  unexplored  chemical  spaces.  State  of  the  art  computational  workflows
integrate these one dimensional sequence predictors with three dimensional
structural  and  dynamic  validation.  Once  a  candidate  sequence  passes  the
initial  screening,  predictive structural  models like AlphaFold are employed to
visualize  the  solvent  accessible  surface  area  and  map  the  electrostatic
potential  of  predicted  protease  cleavage  sites.  Physics  based  evaluations
using molecular dynamics simulation engines like GROMACS provide a rigor-
ous  validation  tier.123 By simulating  the  peptide  in  an  explicit  aqueous  envi-
ronment, temporal metrics such as the Root Mean Square Deviation and the
radius  of  gyration  can  be  systematically  tracked.  This  dynamic  analysis
crucially distinguishes between physically stable linear sequences and those
prone to rapid structural collapse or aggregation in physiological conditions.
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Table 1.  Common AI methods for predicting peptide 3D structures using sequence information

Tool Synopsis Availability Dynamic & Multi-Conformation
Support Scope & Constraint Handling

AlphaFold33,98 Alignment-based deep learning
model capable of high-accuracy
protein and peptide structure
prediction; adapted for cyclic
peptides and supports
predictions from single
sequences.

AlphaFold Server is freely available
for non-commercial research;
Code available at
https://github.com/google-
deepmind/alphafold; AlphaFold 3
code is downloadable for
academic use, with training
weights available upon request.

Primarily predicts a single
static structure. However,
advanced protocols like AF-
Cluster utilize MSA clustering
to unlock the prediction of
multiple conformations and
alternative states.

Scope: Monomer and
Complex.
Constraints: Native linear
support; cyclic peptides
require specialized inputs or
AlphaFold 3.

ColabFoldv
1.5.5102

A user-friendly interface
implementing AlphaFold
technology that allows batch
predictions of structures in a
single session.

A web server-like interface
implemented as a Google Colab
notebook utilizing AlphaFold2
models, with open-source code
available at
https://github.com/sokrypton/Col
abFold, supporting both local
installation and deployment on
HPC clusters.

Supports MSA subsampling
and random seeding to sample
structural diversity, allowing for
the generation of
conformational ensembles
beyond a single folded state.

Scope: Monomer and
Complex.
Constraints: Primarily linear;
supports cyclic constraints
via custom formatting.

Highfold v1.0103 AlphaFold implementation
designed for predicting cyclic
peptides and complexes,
incorporating constraints like
head-to-tail connections and
disulfide bridges.

HighFold utilizes AlphaFold2
models for local deployment, with
code available on GitHub at
https://github.com/hongliangduan
/HighFold, and a cyclic design
example provided at
https://github.com/sokrypton/Col
abDesign/blob/main/af/examples
/af_cyc_design.ipynb.

Static/Constraint-based.
Focuses on refining a single,
high-confidence cyclic
conformation rather than
exploring dynamic ensembles.

Scope: Monomer and
Complex.
Constraints: Explicit support
for cyclic constraints
including head-to-tail
cyclization and disulfide
bridges.

AfCycDesign104 AlphaFold implementation
optimized for the rapid, accurate
prediction and design of cyclic
peptide monomers, addressing
limitations of insufficient training
data.

Implemented within the
ColabDesign framework utilizing
AlphaFold, this tool is accessible
via Neurosnap or Google Colab
without local installation, with
source code available at
https://github.com/sokrypton/Col
abDesign/blob/main/af/examples
/af_cyc_design.ipynb.

Optimized for generating a
specific, stable scaffold design
rather than capturing
conformational flexibility.

Scope: Monomer only.
Constraints: Specialized for
head-to-tail cyclic
monomers.

ESMFold-2101 A deep learning model built on
Meta AI’s ESM-2 PLM that
predicts 3D structures directly
from amino acid sequences
without relying on extensive
homology or alignments.

Available as an open-source
standalone package requiring no
commercial license, with code and
pre-trained weights on GitHub at
https://github.com/facebookresea
rch/esm and API access via
BioLM.ai.

Designed for ultra-fast
prediction of a deterministic
static structure; lacks the MSA-
based diversity mechanisms
used for multi-conformation
sampling.

Scope: Monomer.
Constraints: Strictly linear;
no native cyclic support.

PepFlow105 Trained on peptides of 15 or
fewer residues, this deep-
learning model predicts dynamic
folding patterns based on energy
landscapes, accurately
recapitulating structures and
experimental ensembles at a
fraction of the time required by
traditional approaches.

Available as a GitLab repository
with code and documentation at
https://gitlab.com/oabdin/pepflow
.

Explicitly designed to predict
dynamic folding pathways and
recapitulate experimental
conformational ensembles,
capturing peptide flexibility.

Scope: Monomer.
Constraints: Linear peptides.
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Table 2.  Comprehensive summary of mainstream generative AI frameworks for peptide design and inverse folding

Tool Primary Function /
Modality Input Requirements Applicable Scenarios & Topological Constraints

Open-Source
Availability (GitHub
Links)

RFdiffusion107 De novo Structure
Generation (Diffusion)

Target protein 3D
structure; defined
binding pocket or motif
(optional).

Scenarios: High-affinity target-conditioned binder
design.

Constraints: Originally optimized for rigid mini-
proteins. When migrating the algorithm to linear
peptide generation, backbones often require rigorous
MD validation to prevent unfolding in solution.

github.com/RosettaCom
mons/RFdiffusion

ODesign109 Multimodal
Biomolecular Interaction
Design

Target constraints; multi-
state or multimodal
biomolecular data.

Scenarios: Dynamic all-to-all biomolecular
interaction design, capturing reciprocal structural
adaptations during binding.

Constraints: Represents an emerging paradigm for
multi-state coupling; highly valuable for modeling the
induced-fit mechanisms often observed when linear
peptides bind to targets.

https://odesign.lglab.ac.
cn

BindCraft110 Automated Binder
Design Pipeline

Target protein structure;
binding site coordinates

Scenarios: An end-to-end automated pipeline
integrating RFdiffusion and ProteinMPNN to
streamline in silico design.

Constraints: Significantly lowers the barrier to entry
for generating linear and structurally constrained
binders, providing built-in confidence filtering.

https://github.com/mart
inpacesa/BindCraft

PepMLM111 Target-Aware Peptide
Generation (Masked
Language Model)

Target protein sequence
or representation.

Scenarios: Direct sequence-to-sequence generation
of target-binding peptides, completely bypassing 3D
structure dependency.

Constraints: Exceptionally suited for generating
highly flexible linear peptides where structure-based
models struggle, though the output lacks explicit
spatial binding poses prior to docking validation.

https://github.com/prog
rammablebio/pepmlm

ProGen2 /
ProtGPT2112

1D Sequence Generation
(Protein LLMs)

Starting sequence
prompt; desired
properties (e.g., family,
function).

Scenarios: Unconditional or property-guided
generation of sequence spaces.

Constraints: Operates exclusively in 1D sequence
space. Generated linear sequences often lack defined
3D geometry and require subsequent structure
prediction.

https://github.com/sale
sforce/progen

EvoDiff113 Sequence-based
Generation (Discrete
Diffusion)

Protein/peptide
sequence lengths;
partial sequence
contexts.

Scenarios: Generation directly in sequence space,
bypassing the need for 3D structural templates.

Constraints: Particularly advantageous for
intrinsically disordered regions and flexible linear
peptides that lack defined 3D geometries.

https://github.com/micr
osoft/evodiff

ProteinMPNN114 Inverse Folding
(Structure to Sequence)

3D backbone
coordinates generated
by diffusion models.

Scenarios: Crucial sequence recovery step.
Translates theoretical geometries into physically
viable sequences.

Constraints: Natively operates on the 20 canonical
amino acids; requires customized retraining to
accurately recover sequences with non-natural
modifications.

https://github.com/dau
paras/ProteinMPNN

ESM-IF1115 Inverse Folding
(Structure to Sequence)

3D backbone
coordinates.

Scenarios: A powerful alternative to ProteinMPNN,
leveraging the ESM language model architecture for
sequence recovery.

Constraints: Highly robust for diverse backbone
geometries, though similarly restricted to standard
amino acid representations.

github.com/facebookres
earch/esm

LigandMPNN116 Generalized Inverse
Folding

3D backbone
coordinates; spatial
coordinates of ligands
or modified residues.

Scenarios: Advanced sequence recovery explicitly
conditioned on non-protein atoms.

Constraints: Overcomes traditional limitations by
allowing sequence design in the presence of non-
canonical amino acids, metals, and small molecules.

https://github.com/dau
paras/LigandMPNN
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Filtering  out  candidates  with  unfavorable  pharmacokinetic  traits  early  in  the
pipeline serves  as  an  essential  checkpoint  that  ensures  downstream  opti-
mization efforts are focused exclusively on viable, drug-like candidates.

 The closed-loop integration
The  synergy  between  predictive  and  generative  models  establishes  a

robust  end-to-end  design  framework  that  optimizes  therapeutic  potential.
This  workflow  typically  begins  with  the  generation  of  high-quality  peptide
backbones  using  diffusion  models,  followed  by  the  application  of  graph
neural network tools like ProteinMPNN to perform the inverse folding step.114

ProteinMPNN  accurately  translates  the  generated  three-dimensional back-
bones into specific amino acid sequences that are physically capable of fold-
ing  into  the  designed  structures.  This  structural-to-sequence  translation
ensures that the geometric intent of the generative model is preserved in the
final chemical composition of the peptide.

Following  sequence  recovery,  predictive  tools  like  AlphaFold  or  structure-
aware  machine  learning  models  act  as  critical  filters  to  evaluate  structural
confidence and interface plausibility within a generation-evaluation-feedback
optimization loop.124,125 Rather than directly calculating thermodynamic bind-
ing  affinity,  these  models  utilize  confidence  metrics  such  as  the  Predicted
Aligned Error (PAE) and interface predicted Template Modeling score (ipTM)
as  rapid  proxies  to  rank  potential  binders  prior  to  rigorous  physics-based
validation.  In  this  iterative  process,  the  predicted  structural  confidence  and
interface  quality  scores  are  fed  back  to  the  generative  model  to  refine  the
search  space  and  adjust  distribution  parameters.  This  active  learning
approach gradually focuses the model on regions of the chemical space with
optimal  binding  interfaces,  thereby  reducing  the  rate  of  false  positives.
Crucially,  to  ensure  clinical  translatability,  this  loop  must  transcend  simple
affinity  optimization by embedding sequence- and structure-based property
predictors  to  enforce  pharmacokinetic  and  developability  constraints  via  a
multi-objective  optimization  strategy.97 This  framework  employs  hard  rule-
based  filters  for  the  immediate  binary  rejection  of  generated  sequences
violating essential physicochemical thresholds, such as excessive molecular
weight  or  high  aggregation  propensity  scores,  alongside  multi-objective
reward functions that expand the scoring metric in active learning iterations
to include terms for solubility, proteolytic stability, and membrane permeabil-
ity proxies.124 Moreover, negative design signals derived from AI-driven devel-
opability  profiling  are  incorporated  to  explicitly  penalize  features  associated
with  immunogenicity  or  metabolic  toxicity,  effectively  guiding the generative
distribution  away  from  valid  but  undruggable  chemical  spaces.114 This inte-
grated  workflow  explicitly  incorporates  three-dimensional  conformational
information  to  significantly  improve  the  specificity  and  success  rate  of
targeted  peptide  therapeutics  compared  to  traditional  random  screening
methods.97

 AI modeling of peptides with non-Canonical amino acids
Overcoming the limitations imposed by the twenty canonical  amino acids

represents a critical frontier in peptide drug design. The incorporation of non
canonical amino  acids  provides  an  essential  strategy  for  enhancing  prote-
olytic stability,  modulating binding affinity,  and engineering specific physico-
chemical properties. The reliance of current artificial intelligence frameworks
on databases predominantly composed of natural proteins creates a signifi-
cant bottleneck for the computational modeling of these chemically modified
sequences.

A systematic evaluation of state of the art predictive tools reveals varying
degrees  of  support  for  non  canonical  residues.  Traditional  deep  learning
models,  including  AlphaFold2  and  ESMFold,  are  intrinsically  constrained  by
their  training  on  the  standard  twenty  amino  acid  alphabet,  rendering  them
largely  incapable  of  directly  predicting  conformations  containing  unnatural
side  chains  or  D-amino  acids.  While  physics  based  suites  like  Rosetta
accommodate  these  modifications,  they  require  computationally  expensive
manual  parameterization  for  each  novel  residue.  The  recent  introduction  of
AlphaFold 3 signifies a major computational advancement, natively support-
ing a broad spectrum of modified residues and non standard ligands through
generalized all atom representations rather than strict residue level tokeniza-
tion.126

In  the  realm  of  generative  artificial  intelligence,  protein  language  models

encounter fundamental tokenization limitations. Because these models utilize
a  predefined  discrete  vocabulary  corresponding  to  canonical  amino  acids,
incorporating  non  standard  residues  disrupts  the  learned  grammatical
patterns.  Addressing  this  limitation  necessitates  innovative  representational
strategies. One immediate  approach involves  expanding  the  model  vocabu-
lary and fine tuning pre trained networks on customized datasets containing
non standard  tokens.  Alternatively,  shifting  from  residue  based  representa-
tions to generalized chemical string formats, such as the Simplified Molecu-
lar  Input  Line  Entry  System  or  Self  Referencing  Embedded  Strings,  allows
language  models  to  process  peptides  as  arbitrary  chemical  graphs  rather
than  restricted  amino  acid  chains.127 Furthermore,  emerging  continuous
space  generative  frameworks  bypass  one  dimensional  tokenization  entirely.
By generating three dimensional all atom coordinates directly via flow match-
ing  or  atomistic  diffusion  paradigms,  these  structure  based  approaches
inherently accommodate the geometric and chemical diversity of non canon-
ical  amino  acids,  seamlessly  integrating  them  into  the  de  novo  design
pipeline.105

 Strategic  implementation  and  methodological  constraints  of  AI
paradigms

The  effective  application  of  artificial  intelligence  in  peptide  therapeutics
necessitates  a  nuanced  understanding  of  the  intrinsic  trade-off  between
computational  throughput  and  structural  resolution  characterizing  distinct
algorithmic architectures. Protein language models including ESMFold priori-
tize inference speed to facilitate the extensive filtration of massive sequence
libraries  while  evolutionary-based  platforms  such  as  AlphaFold  provide  the
high-fidelity  atomic  coordinates  essential  for  lead  optimization  despite  their
reliance  on  multiple  sequence  alignments.100,101 This dependence  on  evolu-
tionary history restricts the utility of alignment-based methods when model-
ing  orphan  peptides  or de  novo designed  sequences  that  lack  homologous
templates in existing databases.33,98 Generative diffusion frameworks excel in
constructing geometric  complementarity  against  undruggable  protein  inter-
faces yet frequently yield thermodynamically unstable backbones that require
rigorous  physical  validation  to  eliminate  these  structural  hallucinations.107,114

Practically,  identifying  these  artifacts  requires  a  hierarchical  "validation
ladder"  to  ensure  resource  efficiency.  The  initial  tier  involves  quick  energy
minimization or relaxation, where candidates exhibiting severe steric clashes
or  highly  unfavorable  energy  scores  quantified  by  standard  metrics  like
Rosetta energy units are immediately discarded.118 Surviving designs subse-
quently  undergo  short-timescale  molecular  dynamics  simulations  ranging
from  10  to  50  nanoseconds,  where  concrete  failure  criteria  including  rapid
structural collapse, high Root Mean Square Deviation (RMSD) fluctuations, or
the  disintegration  of  designed  hydrogen-bond  networks  serve  as  reliable
proxies  for  thermodynamic  instability.86 Only  sequences  demonstrating
robust conformational  persistence  across  these  stages  warrant  advance-
ment  to  computationally  intensive  free  energy  calculations  or  wet-lab
synthesis. A  robust  discovery  pipeline  consequently  demands the  hierarchi-
cal integration of these diverse methodologies where rapid generative explo-
ration  precedes  high-precision structural  refinement  to  successfully  recon-
cile geometric novelty with biological feasibility.97,124

 CLINICAL  TRANSLATION  CASES  OF  COMPUTATIONALLY  DESIGNED
PEPTIDES

The  translatability  of  computational  design  strategies  from  theoretical
concepts to clinical utility is powerfully illustrated by the rational engineering
of  Semaglutide.  The  natural  GLP-1  backbone  suffers  from  rapid  enzymatic
degradation and renal clearance which necessitated a shift beyond empirical
chemical  modification.  Computational  structural  analysis  guided the precise
substitution of  amino acids and the incorporation of  a  C18 fatty  acid  diacid
via a hydrophilic spacer. This design strategy induces a depot effect through
reversible  albumin  binding  while  maintaining  a  specific  linker  geometry  that
avoids  steric  interference  with  the  receptor  active  site.  The  success  of
Semaglutide demonstrates  that  pharmacokinetic  properties  can  be  engi-
neered  as  intrinsic  structural  features  rather  than  relying  on  retrospective
chemical adaptations.11,128,129

The  development  of  the  macrocyclic  PCSK9  inhibitor  MK-0616  extends
rational  design  into  the  challenging  domain  of  oral  bioavailability  for  large
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biologic-like peptides. Inhibiting flat protein-protein interaction surfaces typi-
cally demands molecular sizes that exceed the limits of intestinal permeabil-
ity.  Computational  rigidification  of  the  macrocyclic  scaffold  reconciled  this
conflict  by locking the peptide into a  bioactive conformation.  This  structural
constraint  minimizes  the  entropic  penalty  of  binding  and  optimizes
intramolecular  hydrogen  bonding  to  shield  polar  groups  during  membrane

transit.  This case validates a design paradigm where structural  rigidification
decouples molecular weight from bioavailability to enable the oral delivery of
intracellular therapeutics.75,130,131

Advancements in computational power have facilitated a transition toward
de novo generation as demonstrated by the rapid development of SARS-CoV-
2 miniprotein inhibitors. Generative algorithms addressed the urgent need for
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Figure 6.  Evolution of computational peptide drug design paradigms and the multi-level translational validation framework This figure reveals the evolution of design strate-
gies, from rational engineering to generative AI, and illustrates the necessary multi-stage filtering process required to bridge computational predictions with successful clinical
translation.
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therapeutics  by  designing  synthetic  scaffolds  based  solely  on  geometric
complementarity  to  the  viral  Spike  protein.  These  computational  designs
achieved picomolar affinity and potent neutralization in animal models within
months by creating rigid interfaces that precisely match the target topogra-
phy.  This  achievement  highlights  the  emergence of  a  compute-first discov-
ery  model  where  high-affinity  therapeutics  are  generated  on  demand  to
address  emerging  biological  threats  with  unprecedented  speed  and
precision.107,118

Despite  these  transformative  successes,  the  translation  of  computational
blueprints  into  clinical  realities  frequently  confronts  the  divergence  between
theoretical  predictions and experimental  behavior.  A primary obstacle lies in
the  synthetic  feasibility  of de  novo designed  sequences  where  generative
models  focusing  exclusively  on  geometric  complementarity  often  introduce
excessive  hydrophobic  surface  areas  or  aggregation-prone  motifs  that
preclude successful chemical synthesis and aqueous solubility.107,114 Further-
more, high binding affinity validated in silico does not inherently translate to in
vivo therapeutic efficacy as computational optimization often neglects crucial
pharmacokinetic  parameters  such  as  proteolytic  susceptibility  and  renal
clearance rates which dictate the biological half-life of the final candidate.12,13

The rigorous bridging of this translational gap necessitates the incorporation
of explicit solubility constraints and negative design filters during the genera-
tive  phase  to  ensure  that  the  resultant  molecules  possess  both  structural
integrity and drug-like physicochemical properties appropriate for physiologi-
cal environments(Figure 6).114

 DISCUSSION AND CONCLUSIONS
The  landscape  of  peptide  drug  discovery  is  undergoing  a  fundamental

transformation  driven  by  artificial  intelligence  technologies  including
AlphaFold  and  protein  language  models.  AlphaFold  has  effectively  resolved
the  sequence-to-structure  prediction  challenge,  while  generative  AI  tools
such  as  RFdiffusion  revolutionize  the  rational  design  pipeline  from  target
identification to  drug  candidate  generation.  These  advancements  substan-
tially expand the exploration of peptide conformational space and enable the
precise  targeting  of  sites  previously  deemed  intractable,  which  marks  a
definitive  paradigm  shift  in  peptide  research  from  traditional  discovery  to
innovative creation.

Traditional  strategies  grounded  in  homology  modeling  and  molecular
docking  have  historically  underpinned  rational  design;  yet,  their  dependence
on homologous templates and limited sampling efficiency restricts their util-
ity when targeting dynamic undruggable interfaces. Generative artificial intel-
ligence  transcends  these  boundaries  by  exploring  vast  chemical  spaces  to
identify novel scaffolds, while molecular dynamics simulations remain essen-
tial  for  providing  the  thermodynamic  validation  and  atomic-level  resolution
that statistical  models  alone  cannot  guarantee.  An  optimal  discovery  archi-
tecture  therefore  integrates  these  paradigms,  where  AI-driven  generation
precedes  physics-based  refinement  to  reconcile  computational  speed  with
biological accuracy.

Translating  high-affinity  peptide  binders  into  clinical  drugs  continues  to
face substantial  impediments despite significant advances in computational
design. Current peptide therapeutics often rely on complex chemical modifi-
cations like non-natural amino acid substitutions and backbone cyclization to
circumvent  inherent  issues  involving  metabolic  instability  and  poor
membrane permeability. A critical limitation remains that most existing deep
generative models are trained primarily on natural amino acid systems, which
excel  at  designing  binding  scaffolds  with  high  geometric  compatibility  but
struggle  to  incorporate  non-standard  chemical  modifications  or  predict  in
vivo  pharmacokinetic  properties.  Emerging  computational  strategies  are
increasingly  integrating  specific  modification  constraints  directly  into  the
design process to  address this  disparity.  Recent  advancements in  structure
prediction tools such as HighFold now support the explicit modeling of cyclic
constraints  including  disulfide  bridges  and  head-to-tail  cyclization,  which
enables the accurate prediction of constrained peptide geometries.

Furthermore,  a critical  frontier for the next generation of peptide design is
the expansion of the chemical vocabulary beyond the standard twenty natu-
ral amino acids. Current generative models remain largely confined to natural
backbones which limits their  ability to address key developability challenges
such  as  rapid  proteolytic  degradation  and  poor  membrane  permeability.

Future  frameworks  must  explicitly  incorporate  non-canonical  amino  acids
and diverse  chemical  modifications  into  the  generative  process.  By  extend-
ing the design space to include these chemically modified building blocks, AI
models  will  be  better  equipped  to  directly  optimize  intrinsic  stability  and
bioavailability thereby bridging the gap between computational hits and clini-
cal drug candidates.

Finally, the next generation of computational design necessitates the inte-
gration of Explainable Artificial Intelligence to elucidate the specific structural
features driving predictive outcomes, thereby providing mechanistic insights
into  the  underlying  structure-activity relationships.  Furthermore,  the  evolu-
tion of these predictive frameworks relies on the advancement of Multimodal
Data  Fusion  strategies  that  synergize  one-dimensional sequence  informa-
tion with three-dimensional  geometric  data and wet-lab functional  readouts
to  construct  robust  models  capable  of  accurately  navigating  the  complex
fitness landscape of  peptide therapeutics.  This convergence of  interpretable
algorithmic  logic  with  comprehensive  biological  data  integration  holds  the
potential  to  overcome  the  critical  barrier  between  computational  screening
and clinical application, thereby accelerating the development of precise and
translatable targeted peptide drugs.
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