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GRAPHICAL ABSTRACT

PUBLIC SUMMARY
■   Generative AI is reshaping molecule design across drug discovery, materials science, and synthetic biology.

■   The  central  dogma  framework  organizes  AI  methods  for  DNA,  RNA,  proteins,  drug-like  small  molecules,  glycans,
lipids, and biomaterials.

■   Key advances, challenges, and future directions in AI-driven molecular engineering are systematically reviewed.
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Artificial Intelligence (AI), particularly Generative AI (GenAI), has revolution-
ized molecule design by enabling the creation of novel and complex molec-
ular structures, advancing drug discovery, materials science, and synthetic
biology.  This  survey  provides  a  comprehensive  exploration  of  AI-driven
molecule  design,  categorized  within  and  beyond  the  central  dogma  of
molecular  biology.  We  first  introduce  the  foundational  concepts  of  GenAI,
focusing on architectures such as Variational Autoencoders (VAEs), Gener-
ative  Adversarial  Networks  (GANs),  and  Diffusion  Models  (DMs),  which
underpin  molecular  design  applications.  Then,  we  examine  how  GenAI
facilitates molecule design within the central dogma, addressing DNA, RNA,
and protein  design.  Beyond the  central  dogma,  we explore  applications  in
designing  small  molecules,  lipids,  glycans,  and  other  biomaterials.  Finally,
we conclude by discussing current challenges, emerging trends, and poten-
tial future directions for GenAI in molecule design. Overall, this survey aims
to  equip  researchers  with  a  thorough understanding  of  this  rapidly-evolv-
ing  field  and  inspire  novel  developments  and  breakthroughs  in  GenAI  for
molecule design.

 INTRODUCTION
The  design  of  molecules  plays  a  pivotal  role  in  advancing  fields  such  as

drug discovery,1, 2 materials science,3 and synthetic biology.4 Different types of
molecules,  including  DNAs,  RNAs,  proteins,  small  molecules,  lipids,  glycans,
and biomaterials, serve as the foundation of these fields. For example, in drug
discovery,  small  molecules are engineered to interact  with biological  targets
with  high  specificity  and  precision,  while  proteins  and  RNA  molecules  are
increasingly  utilized  as  therapeutic  agents.5–8 In  materials  science,  novel
molecular  structures  are  essential  for  developing  functional  materials  with
specific properties.9 These diverse applications highlight the immense impor-
tance of molecule design across scientific and industrial domains.

GenAI  has  emerged  as  a  powerful  tool  for  molecule  design,  enabling  the
creation of novel and complex molecular structures.10, 11 AI methods can effi-
ciently navigate vast  chemical  and biological  spaces,  automating the explo-
ration and optimization of molecular properties. Recent advances in AI archi-
tectures, such as VAEs, GANs, and DMs, have significantly enhanced our abil-
ity to design molecules with desired functionalities and predict their interac-
tions with biological or material systems.12, 13

Molecule design strategies can be broadly classified into three categories:
sequence-based design, structure-based design, and sequence-structure co-
design.14–16 Sequence-based  design  focuses  on  generating  molecular
sequences,  such  as  DNA,  RNA,  or  protein  sequences,17–20 that  align  with
specific functional requirements. Structure-based design emphasizes gener-

ating  or  optimizing  3D  molecular  structures  to  achieve  specific  binding  or
stability  properties.21,22 Sequence-structure  co-design  integrates  both
sequence  and  structural  information,  enabling  a  more  holistic  approach  to
molecular engineering.23, 24 These strategies, while distinct, often benefit from
integration, especially when combined with AI methods to enhance efficiency
and precision.

Despite  these  advancements,  AI-driven  molecule  design  faces  several
challenges. Effectively exploring vast molecular spaces remains a significant
scalability challenge  for  many  AI  models,  leading  to  incomplete  or  subopti-
mal results.  The accuracy of current models in predicting molecular proper-
ties and interactions remains limited, particularly for complex systems where
experimental data is scarce.25,26 Moreover, the interpretability of AI-generated
molecules and their designs often poses a barrier to adoption in experimen-
tal  workflows.27,28 Future  directions  in  this  field  include  the  development  of
more  interpretable  and  efficient  AI  models,  better  integration  of  domain
knowledge (e.g., chemical rules or biological constraints), and multi-objective
optimization  to  balance  trade-offs  between  molecular  properties.29,30 Addi-
tionally, incorporating feedback loops between AI and experimental validation
can  further  enhance  the  reliability  and  practical  impact  of  AI-designed
molecules.

Unlike existing surveys that often focus on specific types of molecules31–38

or  methodologies,39–42 this  survey  covers  a  broader  scope,  addressing  both
biological  macromolecules  such  as  DNAs,  RNAs,  and  proteins,  and  other
molecular  types  such  as  drug-like  small  molecules,  glycans,  lipids,  and
biomaterials. For the molecules within the central dogma, we focus on the AI-
driven design and optimization of DNA regulatory elements, RNA sequences
(such  as  RNA  inverse  folding  and  mRNA  sequence  optimization),  and  both
sequences and structures for proteins. For the molecules beyond the central
dogma, we discuss AI methods for generating drug-like small molecules that
bind to specific targets (e.g., proteins, DNAs, or RNAs) or meet desired prop-
erty  criteria,  as  well  as  AI-assisted  property  prediction  and  structure  design
for glycans,  lipids,  and biomaterials.  Lastly,  we highlight  the  latest  advance-
ments in GenAI techniques and their impact on molecular design.

 GENERATIVE AI
GenAI models  aim  to  support  data  synthesis  by  linking  conceptual  theo-

ries with observed data43 and have been applied to various modalities,  such
as image,44 text,45 graph,46 voice,47 as well as sequential data,48 topology data49

and  tabular  data.50 Focusing  on  molecule  design,  generative  models  are
increasingly pivotal for the generation of novel molecules with specific func-
tionalities and attributes through the study and simulation of complex molec-
ular structures and properties. This section presents an overview of generative
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methodologies  and offers  a  systematic  review of  contemporary  techniques.
We present a tree figure to illustrate the landscape of the included methods in
Figure  1.  To  aid  non-AI  readers,  we  provide  brief  definitions  of  key  terms in
Table  1.  Early  energy-based  models  (EBMs)  helped  researchers  understand
complex  distributions,  leading  to  the  idea  of  encoding  information  in  lower-
dimensional spaces  via  autoencoders  (AEs).  This  notion  naturally  transi-
tioned into adversarial training methods in GANs, further pushing the bound-
aries in generating realistic data.  Building on these advances,  DMs emerged
as  a  novel  approach  to  iteratively  refine  data  from  pure  noise  to  detailed
outputs.  Besides  those  above,  flow-based approaches  (which  utilize  invert-
ible architectures and exact likelihood computation) do not fit neatly into the
evolutionary progression described above. Instead, they represent a comple-
mentary, independent  branch  of  generative  modeling  that  addresses  chal-
lenges and offers distinct advantages, such as tractable likelihoods. Recently,
autoregressive modeling has become one of the most influential  paradigms
in natural language processing and GenAI. Together, these approaches form
the foundation of modern GenAI, each offering unique perspectives and tech-
nical solutions for biomolecule design across diverse domains.

 Energy-based approaches
EBMs  have  gained  significant  attention  for  their  ability  to  model  complex

data  distributions  (e.g.,51). Boltzmann Machines  (BMs)  and  Restricted  Boltz-
mann Machines52 (RBM) are  among the  earliest  EBMs,  employing  networks
of  symmetrically  connected  visible  and  hidden  units.  Deep  Belief  Networks
(DBNs)53 stack multiple layers of RBMs to capture more complex hierarchical
features.  They  model  the  probability  distribution  of  data  through  an  energy
function  optimized  using  techniques  such  as  contrastive  divergence,  which
makes them particularly suited for pattern recognition and generative modeling
tasks  due  to  their  capacity  to  capture  intricate  dependencies  within  data.
Building  upon  traditional  BMs,  Deep  Structured  Energy-Based  Models
(DSEBMs)  enhance  this  framework  by  incorporating  deep  architectures  to

represent  energy  functions,  thereby  capturing  more  complex,  high-dimen-
sional data distributions.54, 55 Similarly, the Variational Energy-Based Residual
Architecture  (VERA)  integrates  variational  inference  with  residual  structures
to  achieve more stable  and efficient  training processes.  The use of  residual
connections  in  VERA  helps  mitigate  the  vanishing  gradient  problem  often
encountered in deep networks.

xTypically, EBMs assign an unnormalized probability to each configuration 
using an energy function:

pΘ(x) =
1
ZΘ

exp(−EΘ(x)), (1)

EΘ(x) Θ
ZΘ =

r
exp(−EΘ(x))dx

x∼ pdata(x)

where  is  the  learnable  energy  function  parameterized  by ,  and
 is the partition function that normalizes the probability

distribution.  The  training  objective  is  typically  to  maximize  the  likelihood  of
real data samples , equivalently minimizing the negative log-likeli-
hood:

min
Θ

Ex∼pdata [EΘ(x)]+ logZΘ, (2)

The gradient of the log-likelihood with respect to the model parameters is:

∇ΘlogpΘ(x) =−∇ΘEΘ(x)+Ex′∼pΘ(x′) [∇ΘEΘ(x′)] , (3)

pΘ(x)

x′

where the first term is the gradient for real data, and the second term requires
sampling  from  the  model  distribution.  Since  direct  sampling  from  is
generally intractable, EBMs often employ Markov Chain Monte Carlo (MCMC)
methods  such  as  Langevin  dynamics  to  draw  approximate  samples.56 The
iterative Langevin sampling procedure for generating a sample  is:

zi+1 = zi−
ε
2

∇zEΘ(zi)+ηi, ηi ∼N(0,ε), (4)

z0 εwhere  is initialized randomly (e.g., from a Gaussian),  is the step size, and

L f

 

Figure 1.  Landscape of GenAI Methodologies.
 

Table 1.  Descriptions of technical terms in representative generative model frameworks.

Model Class Key Term Description

Energy-Based
Model Energy Function A function that assigns a scalar energy (score) to each possible configuration; lower energy corresponds to

higher probability.

VAE Variational Inference
A probabilistic framework that learns to encode data into a latent distribution (rather than fixed points) and
decode back to data space, optimizing the evidence lower bound (ELBO) to balance reconstruction accuracy and
regularization.

Flow-based
Model

Invertible
Transformation

A sequence of bijective (invertible) mappings that allow exact transformation between data space and latent
space, enabling exact likelihood computation.

GAN Discriminator A neural network that tries to distinguish between real data and data generated by the generator, driving
adversarial learning.

DM Diffusion Process A generative process that gradually adds noise to data (forward process), and then learns to reverse this process
step by step to generate new samples (backward process).

Autoregressive
Model

Conditional
Probability

The probability of the next token or data point is modeled given its preceding context, enabling sequential
generation.
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x′ = zt+1 t
x′

 after  steps. This process is illustrated in Figure 2A. In summary, the
generative process of an EBM consists of sampling  by iteratively updating
latent  variables  using  the  gradient  of  the  energy  function,  which  guides  the
samples towards regions of lower energy (higher probability):

x′ = zt+1, where zi+1 = zi−
ε
2

∇EΘ(zi)+ηi. (5)

This  approach  allows  EBMs  to  flexibly  model  complex  data  distributions,
with the learned energy landscape governing both inference and generation.

Beyond  these  architectural  advancements,  several  studies  have  applied
EBMs  to de  novo molecular  generation  and  property  optimization.  For
instance,  GraphEBM57 learns  an  energy  function  over  molecular  graphs  and
employs Langevin dynamics to sample graphs with low energy. By reducing
the energy of molecules that exhibit desired properties, GraphEBM facilitates
goal-directed  generation.  In  a  related  approach,  MolEBM58 combines  a  VAE
with a latent-space EBM prior,  where the EBM jointly models molecules and
their properties in a low-dimensional latent space, enabling efficient sampling
of molecules that meet specified property constraints. Nevertheless, training
EBMs  remains  a  notoriously  challenging  problem.  These  models  require
approximating the partition function or its gradient—often via sampling meth-
ods—which can be computationally expensive and slow to mix.  Additionally,
ensuring training stability is difficult; if the energy landscape is poorly learned,
generated samples may concentrate on a few modes or even collapse.

 Variational autoencoder approaches
AEs have played a pivotal role in dimensionality reduction and representa-

tion  learning.59 Originally  introduced  by  Hinton  and  Salakhutdinov,60 these
neural network architectures are designed to learn efficient representations of
input  data  by  compressing  the  inputs  into  a  latent  space  and  subsequently
reconstructing  them.  This  process  captures  essential  data  patterns  while
reducing dimensionality.

Θe Θd

x z
z

An AE consists of an encoder network  and a decoder network .  The
encoder  compresses  the  input  into  a  latent  representation ,  while  the
decoder reconstructs the input from :

z= Θe(x), x′ = Θd(z) (6)

x z x′

x x′

where  is a real sample,  is the latent code, and  is the reconstructed (or
generated) sample. The standard AE is trained by minimizing the reconstruc-
tion error between  and :

min
Θe ,Θd

Ex∼pdata [∥x−Θd(Θe(x))∥2] (7)

qΘe(z|x) pΘd(x|z)

Standard AEs  are  primarily  used  for  dimensionality  reduction  and  repre-
sentation  learning  rather  than  generation.  Their  deterministic  mapping
ensures stable reconstructions but does not provide explicit generative capa-
bility.  As  shown  in Figure  2B,  VAEs61 extend  AEs  with  a  probabilistic  latent
space,  enabling  sampling  and  generative  applications.  Specifically,  the
encoder outputs a distribution , and the decoder defines . The
VAE is trained by maximizing the ELBO:

max
Θe ,Θd

Ex∼pdata

[
Ez∼qΘe (z|x)

[logpΘd(x|z)]−KL(qΘe(z|x) ∥ p(z))
]

(8)

p(z)
z p(z)

where  is  a  chosen  prior,  and  the  KL  divergence  regularizes  the  latent
space. For generation, a latent vector  is sampled from the prior , and a
new sample is generated by decoding:

x′ = Θd(z), z∼ p(z) (9)

Variational  inference  allows  VAEs  to  capture  complex  data  distributions,
significantly improving generative performance.

Building upon VAEs, two representative extensions highlight different direc-
tions of improvement. Conditional Variational Autoencoders (CVAEs)62 extend
VAEs by incorporating conditional variables, which enables controlled or on-
demand generation through side information such as class labels or molecu-
lar properties. Ladder Variational Autoencoders (LVAEs),63 on the other hand,
introduce a hierarchy of latent variables to capture multi-scale data features,
thereby enhancing the expressiveness of latent representations and improv-
ing  scalability  on  complex  datasets.  Together,  these  variants  illustrate  how
VAE-based approaches can be adapted either for conditional control over the
generative process or for richer hierarchical latent structure. Another influen-

 

 

 

z0 ∇EΘ(zt)
x′ x z Θe x′

Θd fΘ f−1
Θ x z

Θg x′ z Θd

x0 → xt

x1,x2, . . . ,xn
<sos> <eos>

Figure 2.  Taxonomy of GenAI Models (A) EBMs: Sequential refinement process starting from random noise , iteratively updating through energy function gradients  to
generate  samples .  (B)  VAEs:  Encoder-decoder  architecture  mapping  real  samples  to  latent  space  through encoder ,  then  reconstructing  to  generated  samples  via
decoder . (C) Flow-based Models: Bijective transformation using flow function  and its inverse  to map between real samples  and latent space , enabling exact likeli-
hood computation.  (D) GANs: Adversarial  framework where generator  produces samples  from latent space ,  competing against discriminator  that distinguishes real
from generated samples. (E) DMs: Dual-process framework with forward process progressively adding noise to real samples ( ) and backward process learning to denoise
and  generate  samples  through  reverse  trajectory.  (F)  Autoregressive  Models:  Sequential  generation  architecture  producing  tokens  conditioned  on  previous  tokens,
using special tokens  and  to mark sequence boundaries.
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tial extension is the -VAE,64 which introduces a tunable weight  on the KL-
divergence  term  in  the  ELBO.  By  enforcing  stronger  regularization  on  the
latent distribution, -VAE encourages disentangled representations, making it
a  widely  adopted  framework  for  interpretable  and  controllable  generative
modeling. The applicability of VAE-based approaches has been broadened to
various  fields,  including  the  synthesis  of  complex  data  such  as  molecular
structures65 and 3D objects.66 For  instance,  one pioneering study67 trained a
VAE on  molecular  SMILES strings,  mapping  each  molecule  to  a  continuous
latent  vector.  This  continuous  latent  space  facilitated  interpolation  between
molecules  and  enabled  gradient-based  optimization.  Moreover,  Grammar
VAE68 incorporated chemical grammar rules directly into the decoder, ensur-
ing  that  any  latent  point  produces  a  syntactically  valid  SMILES  string.  This
approach not only increased the fraction of valid molecules but also resulted
in a smoother latent space.

Nonetheless,  the  quality  of  the  latent  space  is  crucial.  Optimization  paths
may traverse invalid regions or encounter "dead zones"—areas that decode to
non-viable  structures.  Integrating  more  intricate  chemical  constraints,  such
as  specific  functional  groups  or  synthetic  feasibility  considerations,  directly
within the latent space remains challenging.

 Flow-based approaches
Flow-based generative models have emerged as a powerful class of prob-

abilistic models for learning complex distributions,  primarily due to their  use
of invertible transformations that enable exact likelihood computation.

fΘ : x→ z x ∈ RD z ∈ RD

fΘ Θ
f−1
Θ : z→ x

As depicted in Figure 2C, a flow-based model defines an invertible mapping
 between  the  data  space  and  a  latent  space .  The

transformation  is  parameterized  by  neural  networks  with  parameters .
The inverse mapping  allows for exact and efficient sampling. The
change-of-variables formula  enables  exact  computation  of  the  data  likeli-
hood as follows:

logp(x) = logpz(z)+ log
∣∣∣∣det∂ fΘ(x)

∂x

∣∣∣∣ , where z= fΘ(x) (10)

pz

x

Here,  is the prior distribution in latent space (typically a standard Gaus-
sian),  and the Jacobian determinant  accounts for  the volume change under
the transformation. The model is trained by maximizing the log-likelihood of
observed data samples :

max
Θ

Ex∼pdata [logp(x)] (11)

z pzFor  the  generation,  a  latent  variable  is  first  sampled  from  the  prior ,
then mapped to the data space using the inverse flow:

x′ = f−1
Θ (z), z∼ pz (12)

x′This invertible structure guarantees that every generated sample  is valid
under the model, and allows for efficient and exact density estimation as well
as sampling.

Among  these,  RealNVP69 introduced a  seminal  approach  for  density  esti-
mation  with  invertible  neural  networks.  By  employing  affine  coupling  layers,
RealNVP facilitates efficient computation of both forward and inverse trans-
formations,  thereby  allowing  for  exact  likelihood  evaluation  and  practical
generative  modeling.  Building  on  RealNVP,  Glow70 integrates  invertible  1×1
convolutions  to  mix  latent  dimensions  more  effectively  while  preserving  the
model’s  reversible  structure.  This  innovation  enhances  expressiveness  and
improves  the  learning  of  complex,  high-dimensional distributions.  Further-
more,  FFJORD71 extends  the  flow-based  framework  to  continuous-time
dynamics through neural ordinary differential equations (ODEs). This contin-
uous  formulation  offers  greater  flexibility  for  modeling  distributions  and
capturing  complex  changes  in  the  data  manifold,  albeit  with  increased
computational overhead due to the requirements of numerical integration.

The  success  of  flow-based  models  in  text,  image,  and  video  generation
highlights  their  ability  to  capture  complex,  high-dimensional  distributions.
Their potential for molecule design arises from structural analogies between
tasks.  For  example,  generating  molecular  sequences  parallels  natural
language  generation,  where  both  involve  modeling  discrete  sequential  data.
Similarly,  generating  molecular  structures  corresponds  to  graph  generation,

as  molecules  can  be  represented  as  nodes  and  edges  in  a  graph.  For
instance,  GraphNVP72 adapts  the  flow-based approach to  molecular  graphs
by learning a continuous latent  space for  molecular  structures,  enabling the
generation  of  diverse  and  chemically  valid  small  molecules.  Additionally,
extending  these  methods  to  larger  biomolecular  systems,  the  Proteina
model73 employs conditional  generation  techniques  to  design  protein  back-
bones.  By  conditioning  on  structural  features  such  as  fold  type,  Proteina
facilitates controlled de novo protein design.

In  summary,  flow-based models  provide  an  elegant  probabilistic  frame-
work with exact likelihood evaluation and efficient sampling. Their extensions
to  molecular  graphs  and  protein  sequences  highlight  their  versatility  for
molecular  design,  although  challenges  such  as  scalability  and  domain-
specific constraints remain active research directions.

 Generative adversarial network
GANs74 have revolutionized image synthesis through an adversarial frame-

work that enables the creation of highly realistic images.

Θg

Θd z
pz

x∼ pdata

x′ = Θg(z)

Figure  2D provides  an  illustration  of  the  original  GAN  framework,75 which
could be formulated as a two-player minimax game between a generator 
and a discriminator , where the generator learns to map samples  from a
prior distribution  (e.g., Gaussian noise) to the data space, and the discrimi-
nator aims to distinguish between real data samples  and generated
samples . Formally, the objective function is given as:

min
Θg

max
Θd

V(Θd,Θg) = Ex∼pdata [logΘd(x)]+Ez∼pz [log(1−Θd(Θg(z)))] (13)

Θd(x) x
Θg(z)

Θd

Θg Θd

log(1−Θd(Θg(z)))
logΘd(Θg(z))

z∼ pz

x′ = Θg(z)
Θg

Here,  represents the probability that  is a real sample rather than a
fake one. The generator  seeks to produce samples that can "fool"  the
discriminator,  while  the  discriminator  tries  to  maximize  its  accuracy.
During training,  and  are updated alternately: the discriminator is trained
to maximize the likelihood of correctly identifying real and generated samples,
while the generator is trained to minimize , or equivalently,
to  maximize  for  better  gradients.75 Once  training  converges,
generation  is  performed by  sampling  a  latent  variable  and  passing  it
through  the  generator  to  obtain  a  new  sample: .  In  molecular
generation,  can be designed to output molecular graphs, SMILES strings,
or  protein  sequences,  depending  on  the  task.  Building  upon  the  original
framework,  Conditional  GANs  (CGANs)76 marked  a  pivotal  milestone  by
conditioning  the  generation  process  on  auxiliary  information  such  as  class
labels.  This  innovation  transformed  GANs  from  purely  random  generators
into  controllable  generative  models,  thereby  enabling  on-demand  sample
generation  in  both  vision  and  molecule  design.  Beyond  CGANs,  numerous
specialized variants have emerged. For instance, LapGAN77 employs a Lapla-
cian pyramid structure to enhance image super-resolution, refining images in
a  coarse-to-fine  manner  by  progressively  predicting  high-frequency  details.
AnyCostGAN78 addresses the high computational costs of large-scale GANs
(e.g.,  StyleGAN279)  by  offering  flexible  computation  with  variable  resolutions
and  channel  configurations,  thus  balancing  efficiency  with  output  quality.
Rather than a linear evolution, these developments illustrate diverse adapta-
tion  directions:  CGANs  emphasize  controllability,  LapGANs  improve  high-
resolution synthesis, and AnyCostGANs enhance computational scalability.

These  advancements  have  also  been  extended  to  molecular  generation,
where molecular graphs or sequences are treated analogously to images. For
instance, MolGAN80 generates molecular graphs—comprising node and edge
features—using a  generator  network,  with  a  discriminator  network  distin-
guishing  generated  graphs  from  real  ones.  In  the  domain  of  larger
biomolecules,  GANs  have  been  applied  to  protein  design.  ProteinGAN81 is  a
notable  example  that  trains  on  natural  protein  sequences;  its  generator
produces amino acid sequences, while the discriminator guides the model to
generate sequences that are indistinguishable from genuine proteins.

Despite  these sophisticated techniques,  GAN training remains notoriously
unstable—a challenge that  persists in molecular  applications.  However,  with
innovations  such  as  improved  objective  functions  (e.g.,  WGAN  and  energy-
based  GANs)  and  enhanced  graph  representations,  GANs  continue  to  be
explored  for  tasks  requiring  high-realism  sample  generation,  particularly
where valid syntax is assured and the primary challenge is to capture func-
tional diversity.
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 Diffusion approaches
DMs82 have emerged as powerful generative frameworks characterized by

a  stepwise  noise  reduction  process  that  transforms  random  noise  into
coherent  data  samples.  As  depicted  in Figure  2E,  classic  DMs83, 84 define  a
forward  process  that  gradually  adds  Gaussian  noise  to  the  data,  which  can
be defined as:

q(xt|x0) =N(xt;
√
αtx0,(1−αt)I), (14)

x0 xt t αtwhere  is the original real sample,  is the noisy sample at step , and  is
a noise schedule. More generally, the diffusion process can be described by a
stochastic differential equation (SDE):

dx= f(x, t)dt+g(t)dw, (15)

f(x, t) g(t) dw

∇xt logq(xt)

Ex0, t,xt

[
λ(t) |∇xtlogq(xt|x0)−sθ(xt, t)|

2
]
, sθ

where  and  control  the  drift  and  diffusion,  and  denotes  the
Wiener process85 (i.e., standard Brownian motion). The reverse process, used
for  generation,  is  learned  by  estimating  the  score  function .  For
instance,  score  matching84 minimizes  the  difference  between  the  true  and
estimated  gradients  of  the  data  distribution,  typically  through  the  following
objective:  where  is  a  neural
network to parameterize the score function.

While early approaches enable flexible and high-quality sample generation,
they  typically  require  significant  computational  resources  due  to  the  many
steps involved. Latent Diffusion Models (LDMs)86 mitigate this computational
burden  by  performing  the  diffusion  process  in  a  compressed  latent  space
rather  than  in  pixel  space.  This  approach  reduces  computational  load  and
accelerates  the  generation  process  while  maintaining  high  output  quality.
More  recently,  Stable  Diffusion  387 has  further  refined  the  latent  diffusion
framework  by  optimizing  model  architecture  and  training  methods  to
enhance  speed  and  scalability,  thereby  enabling  real-time  image  synthesis
and  editing.  For  molecular  generation,  DMs  have  also  shown  promise  in
generating both small and large molecules. An early example in chemistry is
GraphDiffusion,88 which  introduced  a  score-based  generative  model  for
molecular  graphs.  GraphDiffusion  demonstrated  that  DMs  can  generate
molecular  graphs  with  quality  on  par  with  or  even  superior  to  that  of  GANs
and VAEs on common datasets, marking the first use of continuous diffusion
for  graph  generation.  Subsequent  advances  include  the  E(3)-equivariant
diffusion  model  (EDM),89 which  diffuses  both  atom  coordinates  (continuous
3D positions) and atom types. EDM employs a Euclidean symmetry-equivari-
ant  network  to  learn  the  reverse  process,  enabling  the  high-quality genera-
tion of molecules with accurate 3D geometries and achieving state-of-the-art
results in producing stable molecular conformations.

In summary, DMs tend to generate high-quality, diverse samples by explicitly
learning the underlying data distribution via denoising score matching.  They
are less prone to mode collapse than GANs and can better cover the breadth
of  molecular  space.  However,  a  notable  drawback  is  their  computational
intensity,  as  generating  a  single  molecule  typically  requires  tens  or  even
hundreds  of  denoising  steps,  making  them  considerably  slower  than  one-
shot generation methods.

 Autoregressive approaches
Autoregressive  models90, 91 are a  cornerstone  of  modern  generative  artifi-

cial  intelligence,  forming  the  theoretical  backbone  for  recent  breakthroughs
such  as  Large  Language  Models  (LLMs)  and  other  foundation  models.  The
foundation for  most  contemporary  autoregressive  models  is  the  Trans-
former architecture.92 Its self-attention mechanism allows the model to weigh
the importance of different tokens in the input sequence, enabling the capture
of  long-range  dependencies  far  more  effectively  than  previous  recurrent
architectures.

The introduction of the Transformer92 paved the way for a series of power-
ful autoregressive models. The Generative Pre-Training (GPT) family, starting
with  GPT,93 established the paradigm of  large-scale  unsupervised pre-train-
ing for language understanding. While its contemporary, bidirectional encoder
representation from transformers (BERT),94 also belongs to the Transformer
family,  it  is  a  bidirectional  auto-encoding model  designed for  understanding
tasks,  not  sequential  generation.  The  subsequent  releases  of  GPT-245 and
especially GPT-3,95 with its unprecedented scale of over 175 billion parameters,

demonstrated emergent "few-shot" and "zero-shot" learning capabilities. This
lineage  continued  to  evolve  with  GPT-496 and  GPT-4o,97 which  integrated
strong  multimodal  capabilities  for  processing  and  generating  text,  images,
and  audio.  Other  significant  models  like  XLNet98 sought  to  combine  the
strengths  of  autoregressive  (GPT-like)  and  auto-encoding  (BERT-like)
models, while GLM99 introduced an innovative "autoregressive blank infilling"
objective.  The  open-source  community  has  also  been  pivotal,  with  releases
like Meta's OPT100 and LLaMA series,101, 102 which have democratized access
to powerful large models.

Θ
x= (x1,x2, . . . ,xT)

Figure  2F  depicts  the  generation  process  of  the  autoregressive  model.
Mathematically,  an  autoregressive  model  parameterized  by  models  the
joint  probability  distribution  of  a  sequence  of  tokens  by
factorizing it into a product of conditional probabilities:

P(x;Θ) =
T

∏
t=1

P(xt|x1, . . . ,xt−1;Θ) (16)

L(Θ)

The model is trained by maximizing the log-likelihood of a training dataset,
which  corresponds  to  minimizing  the  negative  log-likelihood  loss  function

:

L(Θ) =−
N

∑
i=1

logP(xi;Θ) =−
N

∑
i=1

Ti

∑
t=1

logP(xt
i |x<t

i ;Θ) (17)

xt P(·|x1, . . . ,xt−1;Θ)

During inference, a new sequence is generated step-by-step. Starting with
an initial prompt (or a start-of-sequence token), the model samples the next
token  from  the  conditional  probability  distribution .  This
newly generated token is  then appended to the sequence and fed back into
the  model  to  generate  the  subsequent  token,  repeating  until  an  end-of-
sequence token is produced or a predefined length is reached.

From  an  AI  for  biomolecule  design  perspective,  autoregressive  models
have  been  successfully  applied  to  generate  chemical  structures,  protein
sequences,  and  reaction  pathways  by  treating  molecular  representations
(such as SMILES strings) as token sequences.25 This enables the generation
of novel molecules with desired properties, driven by the expressive power of
large-scale autoregressive Transformers.  Despite  their  success,  autoregres-
sive models have notable limitations. They typically require massive amounts
of  data  and  computational  resources  for  effective  training,  which  can  be  a
bottleneck in domains with limited annotated data. Additionally,  the sequen-
tial generation process can be slow, and the models may struggle with long-
term dependencies beyond their context window.

 Summary
The diverse GenAI technologies discussed above—EBMs, AEs, flow-based

models, GANs, DM, and autoregressive models—each offer distinct capabili-
ties for molecular design, with complementary strengths and limitations that
make them suitable for different applications. Table 2 provides a systematic
comparison across four key performance dimensions. DMs achieve the high-
est generation quality and diversity, establishing them as the current state-of-
the-art despite computational speed limitations.89 VAEs demonstrate excep-
tional  speed  and  stability  with  fair  generation  quality,  making  them  highly
practical  for  molecular  property  optimization.67 Flow-based  models  excel  in
training stability while maintaining good quality and diversity through invert-
ible transformations,72 but face speed constraints due to architectural limita-
tions.  GANs  achieve  good  generation  quality  with  excellent  speed,  enabling
rapid  high-fidelity  sampling,80 yet  suffer  from  training  instability  that  limits
practical deployment. EBMs provide good quality and diversity with theoreti-
cal flexibility  for  complex  distribution  modeling,  but  computational  bottle-
necks due to  MCMC sampling limit  their  practical  application.56 Autoregres-
sive  models  offer  balanced  performance  across  all  dimensions,  providing
reliable and controllable generation leveraging advances in LLMs.25

To better understand the practical implementation and evolution of GenAI
technologies in molecular design, we categorize their application progress into
six  progressive  stages  reflecting  AI's  increasing  sophistication.  Stage  1
(Prediction-Assisted)  uses  AI  models  as  predictive  tools  for  human-driven
design through property prediction. Stage 2 (Optimization-Guided) leverages AI
optimization  to  guide  modification  of  existing  structures.  Stage  3  (Partial
Generative) introduces generative capabilities for creating molecular fragments.
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Stage  4  (Unconditional  Generative)  achieves  complete  molecule  generation
with  autonomous  capacity  but  lacks  targeted  control.  Stage  5  (Conditional
Generative) enables constraint-based generation for targeted design accord-
ing  to  specific  requirements.  Stage  6  (Autonomous  Design)  represents  the
ultimate  goal  of  intelligent,  interpretable  creation  and  optimization  under
complex  multi-objective  constraints. Table  3 meticulously  outlines  the
progress  of  key  molecular  design  tasks—including DNA,  RNA,  protein,  small
molecules,  glycans and lipids,  and biomaterials—across different AI  applica-
tion stages (from prediction-assisted to conditional generative, etc.).

This staged framework not only reflects the progressive enhancement of AI
technological  capabilities  but  also  reveals  the  evolutionary  transition  from
auxiliary  tools  to  intelligent  design  agents.  Ensuring  chemical  validity,
synthetic  feasibility,  and  interpretability  of  generated  molecules  remains  a
critical  hurdle,  while  multi-objective  optimization  of  properties  like  biological
activity  and  toxicity  adds  further  complexity.  These  challenges  highlight  the
ongoing  need  for  innovation  to  enhance  the  utility,  reliability,  and  practical
application  of  GenAI  in  molecular  design.  In  the  following  sections,  we  will
explore  how  these  stages  manifest  across  different  biomolecular
domains—DNA,  RNA,  proteins,  and  other  molecules—and  discuss  the
substantial challenges they face within each application context.

 DNA DESIGN
DNA  design  focuses  on  the  design  and  optimization  of  DNA  regulatory

elements,  which  are  specific  DNA  sequences  with  regulatory  functions  and
play  a  crucial  role  in  gene  expression  regulation  and  cellular  differentiation
processes. Promoters  initiate  transcription  with  tunable  strength  and speci-
ficity.  Enhancers  amplify  gene  expression  through  long-range  chromatin
interactions. Additional  elements  include  terminators  that  control  transcrip-
tion cessation, silencers that suppress expression, and insulators that estab-
lish  genomic  boundaries.  Effective  design  requires  integrating  sequence
pattern  recognition  with  mechanistic  understanding  of  protein-DNA interac-
tions,  chromatin  structure,  and  regulatory  networks.  Recent  advances  in
GenAI  have  transformed  regulatory  DNA  design,  enabling  the  creation  of
functional  sequences  with  desired  properties  through  data-driven  learning
from natural regulatory elements.103–105

As  shown  in Figure  3A,  cis-acting  DNA  elements  provide  sequence-level
control  of  transcription,  while  trans-acting factors,  which  include  transcrip-
tion factors (TFs) and other regulatory proteins, regulate through protein-DNA
interactions. This dual perspective highlights that AI-driven DNA design must
consider both intrinsic sequence features and extrinsic regulatory proteins to
achieve precise control of gene expression.

 Promoter design
A promoter is a crucial DNA region that initiates gene transcription, with its

sequence activity  directly  dictating  the  level  of  gene  expression.  Conse-
quently, designing  synthetic  promoters  with  desired  strengths  is  a  corner-
stone  of  synthetic  biology.  While  early  computational  efforts  focused  on
predicting the activity of existing sequences, the advent of GenAI has shifted
the  paradigm  towards  the de  novo design  of  entirely  new  promoter
sequences. This  evolution  has  been  marked  by  the  application  of  increas-
ingly sophisticated generative models,  each with distinct characteristics and
capabilities.106–109

GANs were among the first deep learning models applied to this challenge.
While standard GANs can suffer from training instability and mode collapse,

variants  like  Wasserstein  GANs  (WGANs)  have  been  developed  to  address
these  limitations.  In  a  seminal  work,  Wang  et  al.106 proposed  a  framework
using a WGAN to learn the sequence features of natural E. coli promoters and
generate novel,  functional  sequences.  Building  on  this  foundation,  subse-
quent research like DeepSEED110 has leveraged CGANs for more controllable
design,  enabling  users  to  specify  core  elements  (e.g.,  transcription  factor
binding sites) while generating compatible flanking sequences through expert-
guided  generative  modeling.  VAEs  represent  another  class  of  generative
models for this task, with frameworks like that of Seo et al.111 combining VAE-
based  sequence  generation  with  convolutional  neural  network  (CNN)-based
strength prediction to establish the effective 'generator-predictor' pipeline.

More  recently,  DMs  have  emerged  as  a  powerful  alternative  due  to  their
training stability  and high-quality  sample  generation.  These models  learn  to
reverse  a  gradual  noising  process,  iteratively  refining  random  noise  into
coherent sequences. Representative works include PromoterDiff,107 Lin et al.'s
diffusion-based  framework,112 and  D3,103 a  score-entropy  discrete  diffusion
model operating directly in nucleotide space that produces sequences nearly
indistinguishable  from  natural  DNA.  Complementing  this  trend,  transfer
learning approaches like PromoGen113 leverage pre-trained language models,
enabling functional promoter generation for understudied organisms through
multi-species pre-training followed by species-specific fine-tuning.

Modern  approaches  increasingly  employ  hybrid  systems  that  integrate
generative  and  predictive  components.  In  these  architectures,  generative
models  explore  sequence  space  while  predictive  models  (typically  CNNs)
serve  as in  silico filters,  evaluating candidates  for  desired properties.114 This
synergy  achieves  efficient  exploration  of  sequence  space  by  prioritizing
sequences  that  balance  novelty  with  functional  potential.  Platforms  like
GPro108 standardize  these  workflows,  making  advanced  design  capabilities
accessible to the broader research community.

 Enhancer design
An enhancer is a regulatory DNA sequence that can boost gene transcrip-

tion from a distance by binding TFs and forming chromatin loops to contact
target  promoters,  regardless  of  its  position  or  orientation.  These  regulatory
elements  play  crucial  roles  in  cell-type-specific  and  developmental  stage-
specific  gene  activation.273 The de  novo design  of  enhancers  with  desired
activity  and  specificity  is  therefore  a  central  goal  in  synthetic  biology  and
gene  therapy.  Initial  deep  learning  applications  in  this  domain  leveraged
predictive models as in silico oracles to guide sequence design. For instance,
DeepSTARR employed a CNN to screen billions of random sequences, identi-
fying  synthetic  enhancers  matching  the  activity  of  strong  native  variants.115

While  groundbreaking,  this  random  screening  approach  explores  the  vast
design space inefficiently.  Subsequent  works  pursued more  directed strate-
gies.  DREAM116 coupled  predictive  modeling  with  genetic  algorithms,  while
others  employed  deep  learning-guided in  silico evolution  for  more  effective
sequence  space  navigation.274 A  key  advancement  in  this  oracle-guided
paradigm is the iterative design cycle, where models are retrained on experi-
mentally  validated  synthetic  data,  leading  to  progressively  superior  designs
with enhanced cell-type specificity, as demonstrated by Yin et al.117

In order to address the limitations of local optima in iterative optimization,
recent approaches employ generative models that learn the underlying distri-
bution of functional enhancers directly. These models generate novel, diverse,
and  biologically  plausible  sequences  from  scratch,  offering  a  fundamentally
different  design  approach.  Recent  architectures  span  long-context autore-
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Table 2.  Comparative analysis of GenAI approaches for biomolecule design. Rating scale: - (Poor), + (Fair), ++ (Good), +++ (Excellent).

Model Quality Speed Stability Diversity Key Strength Main Limitation

Energy-Based ++ - + ++ Flexible distributions Slow MCMC sampling

VAE + +++ +++ + Stable & interpretable Latent space quality

Flow-Based ++ + +++ ++ Exact likelihood Architecture constraints

GAN ++ +++ - + High-fidelity samples Training instability

Diffusion +++ - ++ +++ State-of-the-art quality Multi-step sampling

Autoregressive ++ + ++ ++ Sequential control Element-wise generation
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Table 3.  Summary of AI applications in key biomolecule design tasks.

Category Design TaskAI Application
Stage Representative Models Key Contribution & Evaluation

DNA

Promoter Stage 5
Wang et al.,106 DeepSEED,110 Seo et al.,111 PromoterDiff,107

Lin et al.,112 D3,103 PromoGen,113 Wang et al.,114 GPro.108

Achieved de novo design of functional promoter
sequences with statistical characteristics highly
similar to natural promoters.

Enhancer Stage 5
DeepSTARR,115 DREAM,116 Yin et al.,117 GENERator,104 D3,103

TACO,118 DRAKES.119

Achieved de novo design and optimization of
enhancer sequences with cell-type specificity, with
activity comparable to or exceeding natural variants.

Terminator Stage 3 iTerm-PseKNC,120 DISA,121 Li et al..122
Advanced AI application from activity prediction to
generative design, with high termination efficiency
of generated sequences verified by experiments.

Silencer Stage 1 SilencerDB,123 SilenceREIN.124

Provides key information for subsequent functional
validation and assisted design by accurately
identifying candidate silencer elements from
complex data.

Insulator Stage 1 No mature representative design models yet.
Primarily established the functional dependency on
3D chromatin structure, pointing the direction for
future assisted design.

TFs Stage 1 DeepTFactor,125 Liu et al.,126 CellCall,127 Alerasool et al.128,
Primarily established the functional dependency on
3D chromatin structure, pointing the direction for
future assisted design.

RNA

RNA inverse
folding Stage 5

gRNAde,129 RhoDesign,130 Li et al.,131 Runge,132

RiboDiffusion.133

Achieved de novo sequence design for functional
RNAs (e.g., ribozymes, riboswitches), enabling them
to fold into specific functional structures.

mRNA
sequence
optimization

Stage 5
GEMORNA,134 GenerRNA,135 RNAtranslator,136 RNA-BAnG,137

EvoFlow-RNA,138 RNACG,139 Castillo et al..140

Achieved comprehensive optimization and
generation of mRNA sequences (covering UTRs and
coding regions) to enhance their stability and
protein expression efficiency.

RNA
structures
generation

Stage 5 RNAFlow.141
Advanced AI application from predicting folded
structures of existing RNAs to the de novo design of
novel 3D RNA structures with desired functions.

Protein

Antibody
design Stage 5

ESM-1v,142 RFdiffusion,143 Parkinson et al.,144 Mason et
al.,145 Makowski et al.,146 Shanehsazzadeh et al.,147 Shanker
et al.,148 GUIDE,149 PALM-H3,150 Ig-VAE.151

Achieved affinity optimization and de novo design of
antibodies against specific tumor or pathogen
epitopes.

Peptide
design Stage 5

AMPlify,152 AMP-BERT,153 Losin et al.,154 Sharma et al.,155–156

Teimouri et al.,157 Vishnepolsky et al.,158 Sharma et al.,155

Losin et al.,154 Salem et al.,159 Ansari et al.,160–161 Salem et
al.,159 Ferrell et al.,162 Van et al.,163 Buehler et al.,164

HydrAMP,165 CLaSS,166 GFlowNets,167 Gin et al.,168 Szymczak
et al.,169 Hoffman et al,170 Liu et al.,171 AOPAnOxPePred,172

AnOxPP,173 Hesamzadeh et al.,174 AntiCP,175 ACP-DL,176

ACPred-LAF,177 xDeep-AcPEP,178 xACP-MLC,179

ACPScanner,180 DUO-ACP,181 Grisoni,182 GANDALF.183

Achieved the prediction, optimization, and
generation of peptide sequences with specific
biological activities (e.g., antimicrobial, anticancer).

Enzyme
design Stage 5

Dou,184 Russ et al.,185 Yeh,186 TurboPETase,187 Cui et al.,188

crawshaw et al.,189 ProteinGAN,81 MutCompute,190 Lauko et
al..191

Achieved significant enhancement of the catalytic
efficiency of existing enzymes and successfully
designed de novo enzyme molecules with novel
folds and catalytic functions.

Drug-like
small
molecule

Protein-
guided Stage 5

Grechishnikova et al.,192 Alphadrug,193 DeepTarget,194

CDGCN,195 PCMol,196 LiGAN,197 DESERT,198 EGCM,199 GAT-
VAE,200 CProMG,201 Flag,202 DrugGPS,203 Targetdiff,204

DecompDiff,205 DeepICL,16 NCIDiff.206

Achieved de novo design of molecules for specific
protein binding pockets, successfully advancing an
AI-designed drug candidate to clinical trials.

Nucleic acid-
guided Stage 1

RNAPosers,207 AnnapuRNA,208 Haga et al.,209 Szulc et al.,210

Krishnan et al.,211 Grimberg et al..212

Provides informational support for rational drug
design by predicting small molecule binding modes
and affinities to nucleic acid targets.

Ligand-
guided
molecule

Stage 5

Segler et al.,213 TSMMG,214 3DSMILES-GPT,215 Sc2Mol,216

TGM-DLM,217 JT-VAE,218 MolGAN,80 GraphAF,219

GraphXForm,220 DiGress,221 HGLDM,222 SyCo,223 EDM,89

GeoLDM,224 MolDiff,225 MD3MD,226 MLPS,227 MCMG,228

TANGO,229 SSVAE,230.

Achieved the exploration of vast chemical space to
generate novel molecules with chemical validity and
specific optimization objectives.

Molecular
modificationStage 3

DeLinker,231 SyntaLinker,232 SyntaLinker-Hybrid,233

3DLinker,234 Graph-GMVAE,235 DeepHop,236 DiffHop,237

DeepFrag,238 DEVELOP,239 STRIFE,240 D3FG,241 JT-
VAE,218MoFlow,242 GCPN,243 GA-DNN.244

Achieved fine-grained modification of existing lead
compounds (e.g., scaffold hopping, fragment
replacement) to optimize their druggability.
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gressive  transformers,  such  as  GENERator,104 discrete  DMs  like  D3,  which
operate  directly  in  nucleotide  space,103 and  simulation-free  frameworks,
including  Dirichlet  Flow  Matching.275 These  approaches  excel  at  capturing
complex  sequence  grammar,  enabling  comprehensive  exploration  of  the
functional enhancer space.

Generative  models  can  be  fine-tuned  with  reinforcement  learning  (RL)  to
optimize enhancer  design,  balancing  biological  realism  with  targeted  perfor-
mance  goals.  TACO  exemplifies  this  strategy  by  applying  RL  to  enhance
autoregressive  models  for  enhancer  design,118 while  DRAKES  optimizes
discrete DMs for similar enhancer generation tasks.119 These enhancer design
methods demonstrate how GenAI can both replicate and improve upon natural
regulatory elements, enabling controlled therapeutic applications.

 Other DNA regulatory elements
Beyond promoters and enhancers, computational approaches are extending

to diverse regulatory elements with varying degrees of AI integration. Termi-

R2

nators  represent  the  most  advanced  area,  progressing  from  prediction
models like iTerm-PseKNC120 and design frameworks such as DISA121 to true
generative  approaches.  Li  et  al.122 demonstrated  comprehensive de  novo
design by combining strength prediction (  = 0.72) with WGAN-GP genera-
tion, achieving 72% experimental success with >90% termination efficiency.

Silencers and insulators remain primarily in prediction phases despite their
regulatory  importance.  Silencer  identification  has  evolved  from  chromatin-
based  approaches276 to  machine  learning  methods277 and  deep  learning
models,  such  as  SilencerDB,123 as  well  as  multi-modal  approaches  like
SilenceREIN.124 Insulators  present  greater  challenges  due  to  context-depen-
dent  CTCF-mediated  functions278 and  three-dimensional chromatin  organi-
zation requirements.105

TFs  occupy  a  distinct  computational  space  as  protein  regulators  rather
than DNA sequences.  Current  AI  applications focus on functional  prediction
through  tools  like  DeepTFactor,125 clinical  applications,126 and  systems-level
analysis  via  approaches  like  CellCall.127 Structural  methods  leveraging

L f

Table 3. (Continued)
 

Category Design
Task

AI Application
Stage Representative Models Key Contribution & Evaluation

Glycans &
Lipids

Glycans Stage 1
GlyNet,245 SweetTalk,246 glyBERT,247 SweetNet,248

DeepGlyco,249 CandyCrunch.250

Provides a basis for functional validation and
subsequent assisted design by predicting glycan
biological activities and elucidating their complex
structures.

Lipids Stage 5
Han et al.,251 Mak et al.,252 LipidCCS,253 adapted Synthesis-
DAGs.254

Advanced AI application from property prediction
to the de novo generative design of synthesizable
lipids, achieving iterative optimization for specific
functions like mRNA delivery efficiency.

Biomaterials

Hydrogels Stage 5

Soleimani et al.,255 Karaoglu et al.,256 Wang et al.,257-258

Khalvandi et al.,259 Zheng et al.,260 Islamkulov et al.,261

Boztepe et al.,262 AI-HTPCSS,263 Liu et al.,264 Umar et al.,265

Qiu et al.266 Cadamuro et al..267

Achieved a full loop from predicting key properties
(e.g., swelling, mechanical behavior) to the inverse
design of functional structures.

Other
Polymers &
Metals

Stage 1
Epa et al.,268 Kwaria et al.,269 Rostam et al.,270 Wu et al.,271

Chang et al.,272

Provides guidance for material screening and
optimization design by predicting the biological
effects of polymers and key properties of metal
alloys.

 

Figure 3.  Design of  biomolecules within the central  dogma (A)  DNA design encompasses regulatory  elements (enhancers,  promoters,  terminators)  and trans-acting factors,
enabling  expression  prediction  and  sequence  generation.  (B)  RNA  design  spans  sequence-level  optimization  (mRNA  optimization,  inverse  folding)  and  structure-level  tasks
(structure prediction and generation).  (C) Protein design strategies range from sequence-based (sequence-only design,  inverse folding) to structure-based approaches (back-
bone design, sequence-structure co-design), with applications in antibodies, enzymes, and peptides.
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AlphaFold2 predictions enable the discovery of novel interactions,128 although
the rational  design  of  synthetic  TFs  remains  limited,  representing  a  signifi-
cant frontier for future AI-driven protein design approaches.

 Summary
GenAI  has  initiated  a  technological  revolution  in  DNA  regulatory  element

design, achieving breakthrough progress in  promoter  and enhancer  genera-
tion while revealing significant opportunities for broader applications. Current
successes  demonstrate  AI's  capability  to  create  functional  regulatory
sequences  with  desired  properties  through  learning  from  massive  genomic
datasets.  However,  substantial  challenges  persist  for  other  regulatory
elements,  including  terminators,  silencers,  and  insulators,  primarily  due  to
limited  high-quality  training  data  and  incomplete  understanding  of  their
context-dependent  mechanisms.277 These  elements  often  rely  on  complex
three-dimensional chromatin interactions,115 making their regulatory patterns
difficult to capture with existing algorithms. Additionally, practical constraints,
including synthesis feasibility, sequence compatibility, and experimental vali-
dation bottlenecks,  currently  limit  the translation from computational  design
to functional implementation.

The future potential of GenAI in DNA regulation extends far beyond current
capabilities. Multi-element collaborative design promises tissue-specific gene
switches  for  precision  medicine,  environmentally  responsive  regulatory
networks for adaptive cellular systems, and cross-species universal elements
for  biotechnology  applications.  Most  transformatively,  GenAI  may  enable
"fully artificial  genome"  design  through  coordinated  optimization  of  thou-
sands  of  regulatory  elements,  creating  synthetic  biological  systems  with
unprecedented functionality.  Realizing  these  applications  requires  address-
ing  three  critical  challenges:  establishing  comprehensive  multi-omics
databases spanning diverse regulatory elements, developing next-generation
algorithms  incorporating  biophysical  constraints  and  chromatin  dynamics,
and creating high-throughput synthesis-validation platforms for rapid design
iteration. With  advancing  laboratory  automation  and  DNA  synthesis  tech-
nologies,  GenAI  is  positioned  to  achieve  end-to-end  optimization  from
element design to system construction within the next decade, driving trans-
formative innovations across precision medicine,  sustainable  biotechnology,
and biological manufacturing.

 RNA DESIGN
RNA molecules are fundamental to life, playing pivotal roles in gene regula-

tion, catalysis, and the transfer of genetic information.279-281 The integration of
AI into RNA research has marked the beginning of a transformative era,282–283

driving  remarkable  progress  in  analyzing  RNA  sequences,  structures,  and
functions.284-286 This  synergy  is  revolutionizing  our  understanding  of  RNA's
diverse  roles  and  accelerating  the  design  of  RNA  molecules  with  tailored
complexity.

While early AI applications focused on predicting RNA properties,  the field
is  undergoing  a  significant  paradigm  shift  towards  generative  approaches.
This  evolution  is  crucial,  as  GenAI  offers  the  ability  to  design  entirely  novel
RNA  molecules de  novo,  rather  than  merely  optimizing  existing  ones.
Although this  area  is  still  maturing,  GenAI  has  already  demonstrated  enor-
mous potential in tasks such as RNA inverse folding and functional sequence
optimization,129,133,287-289 opening new  avenues  for  creating  novel  RNA  thera-
peutics,  gene therapy vectors,  and synthetic biology tools.140,290–291 Figure 3B
outlines the  two pillars  of  AI-driven RNA design:  sequence-level  tasks,  such
as  RNA  Inverse  Folding  and  mRNA  optimization,  and  structure-level chal-
lenges,  spanning from prediction to structure design. This section examines
the application of GenAI in RNA design, tracing the evolution from predictive
methods to the forefront of generative models, and discussing the significant
clinical and ethical implications of this technology.

 Generative design of RNA sequences
 RNA  inverse  folding. RNA inverse  folding  presents  a  fundamental  chal-

lenge in computational biology: navigating the vast sequence space to iden-
tify candidates that satisfy both structural  and functional  constraints.  Tradi-
tional methods relying on thermodynamic models and heuristic optimization,
such as adaptive walks in the Vienna RNA package292 and stochastic search
in  INFO-RNA,293 established the  foundation  but  suffer  from  limited  explo-

ration of sequence space and susceptibility to local  optima. The emergence
of  GenAI  has  fundamentally  shifted  this  landscape,  introducing  distinct
methodological approaches that differ not only in their algorithms but also in
their  fundamental  assumptions about how structure-sequence relationships
should  be  learned  and  applied.  Early  machine  learning  attempts,  such  as
RNAsynth, utilized constraint learning approaches.289 However, contemporary
GenAI  methods  exhibit  fundamental  differences  in  their  design  principles
across multiple key dimensions.

First,  approaches  vary  significantly  in  how  they  represent  RNA  structure:
while  methods  operating  in  2D  secondary  structure  space  (like  constraint-
based  frameworks)  offer  computational  efficiency,  geometric  deep  learning
approaches  such  as  gRNAde  process  full  3D  complexity  through  graph
neural  networks,129 providing  better  handling  of  long-range  interactions  but
requiring higher computational resources and quality structural data. Second,
learning  strategies  exhibit  a  clear  trade-off  between  pure  data-driven
approaches, such as RhoDesign, which utilize large-scale structural datasets
for  end-to-end  learning,130 and  physics-informed  methods  that  incorporate
biological  constraints—the  former  may  suffer  from  dataset  biases.  At  the
same  time,  the  latter  faces  increased  model  complexity.  Third,  generation
approaches  differ  in  their  optimization  strategy:  single-step mapping  meth-
ods  prioritize  computational  speed,  while  iterative  refinement  methods,
including  RL  frameworks131–132 and  DMs  like  RiboDiffusion,133 enable  more
thorough  sequence  space  exploration  through  multi-step  optimization  but
face  challenges  in  training  stability  and  computational  cost.  These  GenAI
advances  have  enabled  significant  progress  in  designing  complex
riboswitches  and  RNA  sensors,294–295 yet  important  challenges  remain  in
handling complex  tertiary  interactions,  particularly  pseudoknots,  and  ensur-
ing biological functionality beyond structural conformity. Future progress will
likely  require  hybrid  approaches  that  combine  the  strengths  of  different
methods while addressing their respective limitations through better integra-
tion of biological knowledge, structural information, and generative modeling
techniques.

 mRNA  sequence  optimization  for  therapeutics. mRNA sequence  opti-
mization has become a key frontier in biotechnology, with applications rang-
ing from enhancing protein expression to developing mRNA-based therapeu-
tics.140,290–291 Initially, progress was driven by predictive models that aimed to
understand  existing  relationships  between  sequences  and  functions.
Machine learning  algorithms  revealed  key  determinants  of  translation  effi-
ciency,296 while  deep  learning  architectures  optimized  specific  components
like  5'UTRs  for  improved  mRNA  delivery  and  ribosome  loading.297 These
approaches  also  revolutionized  coding  sequence  optimization,  surpassing
traditional codon optimization techniques298 and enabling direct prediction of
protein  expression  levels  from  nucleotide  sequences.299 Integrated algo-
rithms can now optimize multiple mRNA components simultaneously based on
target  protein  sequences.300 However,  the  inherent  limitation  of  predictive
approaches—their  dependence  on  existing  sequence  variations—has  driven
the field toward generative methods capable of creating entirely novel mRNA
designs.

The transition  to  generative  mRNA  design  has  revealed  distinct  method-
ological  approaches that  differ  in  their  core  design strategies.  Data-efficient
methods focus on leveraging evolutionary patterns within RNA families, such
as  approaches  that  integrate  alignment  and  secondary  structure
information.301 In  contrast,  comprehensive  generative  frameworks,  like
GEMORNA, attempt to design both coding and untranslated regions simulta-
neously  for  enhanced  translation  capabilities.134 Foundational  language
models represent another strategy, with approaches like GenerRNA providing
broad  pre-training  followed  by  task-specific  fine-tuning,135 which  contrasts
with  direct  translation  methods  like  RNAtranslator,  which  frame  mRNA
design  as  protein-to-RNA  sequence  mapping.136 Recent  innovations  have
also introduced novel generation architectures, including biologically inspired
bidirectional  approaches  in  RNA-BAnG137 and  motif  scaffolding  through
masked DMs in  EvoFlow-RNA.138 Flow-matching methods,  such as RNACG,
offer  alternative  generative  paradigms  that  combine  sequence  generation
with attribute prediction.139 While these advances have significantly enhanced
our  ability  to  design  mRNA  with  desired  expression  profiles,  stability,  and
regulatory  properties,140 challenges  remain  in  balancing  multiple  competing
objectives  and  ensuring  reliable  translation  of  computational  predictions  to
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experimental performance. The field's continued progress will depend on the
better integration of biological constraints with generative capabilities and the
development of more robust validation frameworks for designed sequences.

 From structure prediction to generative design
RNA structure design represents a rapidly evolving frontier where AI appli-

cations  are  transitioning  from  traditional  predictive  approaches  toward
generative  design  capabilities.  Traditional  approaches  for  predicting  RNA
secondary and tertiary structures have evolved from thermodynamic models,
such  as  mFold302 and  UNAFold,303 to  sophisticated  AI-driven  methods  that
significantly improve accuracy and handle complex structural features. Deep
learning has transformed both secondary structure prediction through meth-
ods like MXfold2304 and UFold,305 which can handle complex motifs including
pseudoknots, and tertiary structure prediction via approaches like RhoFold306

that  achieve  sub-4  Å  accuracy  by  adapting  insights  from  protein  folding
breakthroughs. However,  these predictive  advances,  while  crucial  for  under-
standing existing  RNA  structures,  fundamentally  address  the  forward  prob-
lem of  determining what  structure a  given sequence will  form.  The ultimate
challenge, however, lies in moving beyond prediction to the generative design
of  entirely  novel  RNA structures  with  desired  functional  properties—a capa-
bility that requires generative approaches capable of creating unprecedented
structural architectures.

The  emerging  landscape  of  generative  RNA  structure  design  reveals
distinct  methodological  approaches that  differ  fundamentally  in  their  design
philosophy  and  technical  implementation.  Direct  generative  approaches  like
RNAgrail  employ  DMs  for  3D  structure  prediction,307 while  integrated  co-
design methods such as RNAFlow leverage flow matching to simultaneously
generate  sequences  and  structures,  particularly  for  conditional  tasks  like
protein-binding  aptamer  design.308 RNAFlow's  innovation  lies  in  integrating
pre-trained  structure  prediction  networks  (RoseTTAFold2NA141)  with  inverse
folding models within its generative loop, enabling design without costly fine-
tuning while capturing RNA's conformational flexibility—a critical aspect often
overlooked in static design approaches. Alternatively, hybrid strategies exem-
plified by Transformer-based sgRNA library generation followed by AlphaFold
3's structural filtering demonstrate how generative sequence models can be
effectively  combined  with  cutting-edge  structure  prediction  tools  for  high-
throughput functional screening.309 Each approach faces distinct challenges:
direct  generative  methods  must  ensure  the  physical  feasibility  of  designed
structures,  co-design  methods  must  balance  competing  sequence  and
structural  objectives,  while  hybrid  approaches  require  careful  integration  of
disparate model architectures. As the field matures, the critical challenge will
be moving  beyond  static  structural  design  toward  creating  dynamic,  func-
tionally adaptive RNA molecules that can respond to cellular environments—a
capability  that  will  likely  require  novel  generative  frameworks  integrating
structural  prediction,  conformational  sampling,  and  functional  optimization
within unified design pipelines.

 Summary
GenAI  methods  are  beginning  to  make  significant  strides  in  RNA  design,

with  clear  promise  in  RNA  inverse  folding  and  sequence  optimization.
However, the field is still in its infancy. A key challenge lies in bridging the gap
between  sequence,  structure,  and  function.  The  limited  availability  of  high-
quality  experimental  data  hinders  the  development  of  robust  generative
models, and the experimental validation of designed RNAs remains a bottle-
neck. Future progress will depend on developing generative models that can
design  molecules  based  on  functional  requirements,  not  just  structural
templates.

The  translation  of  these  AI-designed  molecules  into  clinical  applications,
especially  for  RNA  therapeutics  and  vaccines,  is  a  critical  goal.  The  rapid
development  of  COVID-19 vaccines  highlighted  the  potential  of  computa-
tional  approaches,310 and  the  next  wave  of  therapies  for  cancer  and  rare
genetic diseases will increasingly rely on AI to co-optimize for potency, stabil-
ity, and safety.311 However, the successful clinical adoption of these advanced
therapies  hinges  on  overcoming  significant  biological  barriers,  such  as
targeted  delivery  and  minimizing  immunogenicity,312–313 which are  them-
selves complex design problems for AI to solve.

Finally,  the  increasing  power  of  GenAI  in  biology  necessitates  urgent  and

thoughtful  consideration of  the  associated ethical  and security  implications.
The use of patient data to train models requires robust privacy frameworks,314

and developers  must  actively  work  to  mitigate  algorithmic  biases  to  ensure
that  new  therapies  do  not  widen  existing  health  disparities.315 Furthermore,
the "dual-use" nature of this technology—where tools for designing therapeu-
tics  could  be  misused to  create  biothreats—poses a  serious  security  risk.316

Proactive governance,  international  collaboration,  and a  culture  of  responsi-
bility within  the  scientific  community  are  essential  to  navigate  these  chal-
lenges and ensure that the transformative power of AI-driven RNA design is
harnessed safely and equitably for the benefit of humanity.

 PROTEIN DESIGN
Proteins are the "machines of life" within organisms, playing a crucial role

in nearly all life processes such as transcription, translation, signal transduc-
tion, and cell  cycle regulation.317-319 Natural proteins encode their amino acid
sequences in  a  highly  economical  and  precise  manner,  and  they  sponta-
neously  fold  into  specific  three-dimensional  structures  to  achieve  their
biological  activity.  Exploring  the  relationship  between  protein  structure  and
function  has  been  a  focus  of  fundamental  medical  and  biological  research
over  the  past  few  decades.320-324 As  research  into  protein  function  deepens
and practical applications expand, natural proteins are no longer able to meet
the growing demands of  humanity.  The modification and design of  proteins
have  shifted  from  relying  on  random  mutations  and  directed  evolution  of
natural  proteins  to  rational  design  and  even de  novo design  of  entirely  new
proteins  with  specific  functions.325-327 In  the  field  of  protein  design,  recent
years  have  seen  a  gradual  shift  in  design  methods  from  scoring  functions
based  on  physicochemical  principles  to  strategies  utilizing  deep
learning.325,328-333 Based on the input and output modalities, these deep learn-
ing approaches can be broadly classified into four paradigms: sequence-only
design, inverse folding, backbone design, and sequence-structure co-design,
as summarized in Figure 3C. In this section, we review state-of-the-art deep
learning approaches for protein design, categorized into three areas based on
specific protein types: (A) antibody design; (B) peptide design; and (C) enzyme
design.

 Antibody design
Antibodies,  also  known  as  immunoglobulins  (Ig),  are  essential  proteins

produced by B lymphocytes in response to antigens or haptens. They play a
crucial  role  in  the  immune  system  by  reversibly  and  specifically  binding  to
corresponding  antigens  to  form  antigen-antibody  complexes,  enabling  the
recognition of foreign or self-antigens during adaptive immune responses. In
particular, monoclonal  antibodies  (mAbs)  are  highly  homogeneous  antibod-
ies  derived  from  single  B  lymphocyte  or  hybridoma  cell  clones,  targeting
specific  antigenic  epitopes.  These  antibodies,  predominantly  based  on  the
IgG  framework,  have  high  specificity,  long  half-life,  and  minimal  off-target
toxicity, making them valuable as therapeutic macromolecules. The develop-
ment  of  monoclonal  antibodies  has  become  a  cornerstone  in  therapeutic
research,  especially  due  to  their  broad  market  potential  and  diverse  clinical
applications.

Traditional  methods  for  developing  antibodies  are  labor-intensive  and
costly,  which  restricts  their  scalability  and  broader  application.  To  address
this, AI  techniques  are  being  increasingly  adopted  to  optimize  existing  anti-
bodies  and  generate  new  ones  targeting  specific  epitopes,  combining
computational approaches with wet-lab techniques. Recent advances include
sequence-based  and  structural  approaches  for  antibody  optimization  and
design. For instance, Hie et al.142 employed a protein language model (ESM-
1v)  to  introduce  mutations  improving  the  affinities  of  antibodies  targeting
pathogens like influenza A, Ebola virus, and coronaviruses. Similarly, Bennett
et  al.143 fine-tuned the RFdiffusion model  using thousands of  experimentally
determined antigen-antibody complexes, enabling the design of thousands of
antibodies, including nanobodies, against diverse bacterial and viral antigens
with atomic-level precision.

Monoclonal antibodies have shown remarkable potential in treating cancer
and  infectious  diseases.  Anti-tumor  monoclonal  antibodies  are  designed  to
target specific proteins involved in tumor growth and immune evasion, such
as  Her2  and  PD-L1,  forming  the  basis  of  several  cancer  therapies.  Against
pathogens, antibodies  are  engineered  to  recognize  and  neutralize  key  anti-
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genic sites, such as the hemagglutinin of influenza viruses, the spike protein
RBD  of  coronaviruses,  and  the  F  protein  of  RSV.  We  introduce  various  AI
techniques proposed for  antibody design against  tumors  and pathogens as
follows.

 Antibody against tumor. Monoclonal antibody drugs for cancer were first
approved for marketing (the FDA approved Rituximab on November 26, 1997,
and it was the world's first marketed anti-tumor monoclonal antibody), which
has  always  been  a  hot  spot  in  the  development  of  monoclonal  antibody
drugs. According to their different targets, antibodies can be divided into anti-
bodies  targeting  tumor-related  molecules  (such  as  VEGF,  CD20,  HER2  and
EGFR) and antibodies targeting immune checkpoint inhibitors (such as PD-L1
and PD-1).

AU-007  is  an  anti-IL-2  antibody  designed  by  Biolojic  and  is  in  clinical
trials.334–335 Based  on  the  known  structural  information  of  the  IL-2  trimer
receptor  complex,  Biolojic  first  used  machine  learning  algorithms  to  screen
for  reasonable  template  antibodies  in  the  antigen-antibody  complex
database.  Although the  template  antibody  cannot  bind  to  IL-2,  the  machine
learning algorithm predicts that it is complementary to the surface structure
of  IL-2,  suggesting  that  the  template  antibody  has  the  potential  for  further
development.  Next,  Biolojic  used  a  machine  learning  model  to  recommend
key  residue  sites,  and  employed  a  focused  library  to  train  a  point  mutation
prediction model to obtain a recommended mutation combination consisting
of three mutations. Finally, Biolojic used multiple machine learning models for
antibody humanization and screening for stability and yield.

Parkinson  et  al.144 developed  a  sequence–label  model  to  predict  yeast
display affinities  based  on  sequence  embeddings  pretrained  on  native  anti-
body  sequences.  The  model  was  then  used  to  optimize  atezolizumab  for
binding  to  programmed  cell  death  ligand  1  (PD-L1).  Mason  et  al.145 devel-
oped  a  discriminative  sequence-label  CNN  by  training  on  deep  mutational
scan  labels.  It  simultaneously  leads  to  a  marginal  improvement  in
trastuzumab’s  affinity  for  HER2  while  also  considering  viscosity,  solubility,
and  immunogenicity.  Makowski  et  al.146 improved  binding  to  the  kinase  c-
MET by training a discriminative sequence–label model on a mutational scan
of emibetuzumab.

These works mainly aim to enhance the features of existing antibodies. For
specific  antibodies,  wet  experiments  are  required  to  determine  labels  for
training models,  and phage-display selection and other techniques are used
to screen candidate antibodies with high throughput. Some works are linked
to the de novo generation of antibody sequences,  such as Shanehsazzadeh
et al.,147 who generated new heavy-chain CDRs in a model conditioned on an
existing  antibody–antigen  structure  (trastuzumab–human  HER2)  and  light-
chain CDR sequences from a known antibody (trastuzumab).

 Antibody  against  pathogens. Immune  and  infectious  diseases  are  the
second  largest  field  of  monoclonal  antibody  drug  development.  The
pandemic of SARS-CoV-2 has made the research and design of SARS-CoV-2
neutralizing antibodies a popular research topic. Due to the continuous emer-
gence  of  SARS-CoV-2  mutants,  the  design  of  corresponding  binding  and
neutralizing antibodies has also become the cornerstone of many deep learning
algorithms.

Shanker  et  al.148 used  a  structure-informed  protein  language  model  to
predict  high-fitness  sequences  constrained  by  the  known  structure  of  the
antibody or antibody-antigen complex.  The authors screened about 30 vari-
ants of two therapeutic clinical antibodies used to treat severe acute respira-
tory syndrome coronavirus 2 (SARS-CoV-2) infection. Up to 25-fold improve-
ment  was  achieved  in  neutralization  and  37-fold  improvement  in  affinity
against antibody-escaped viral variants of concern BQ.1.1 and XBB.1.5.

Desautels  et  al.149 designed a  generative  unconstrained  intelligent  engi-
neering  platform  (GUIDE) - a  combination  of  high-performance  computing,
molecular simulation, and deep learning, which can jointly optimize the bind-
ing affinity for multiple antigen targets, as well as other key properties (such
as  thermal  stability).  Within  3  weeks,  the  computing  platform  repaired  the
activity of the antibody COV2-2130 against the SARS-CoV-2 Omicron variant.

A pre-trained antibody generative LLM (PALM-H3) for the de novo genera-
tion of artificial antibodies heavy chain complementarity-determining region 3
(CDRH3)  with  desired  binding  specificity  for  SARS-CoV-2  antigens  was
proposed by He et al..150 Additionally, the authors developed a high-precision
model called A2Binder that predicts binding specificity and affinity by pairing

antigen epitope sequences with antibody sequences.
Due to the high mutation rates in SARS-CoV-2, antibodies could lose their

binding affinity. Although not designed from scratch, it is also challenging to
design  a  high-affinity  antibody  against  the  mutant  strain  from  a  maternal
antibody  that  binds  weakly  or  does  not  bind  at  all.  The  above  work  saves
resources and labor by simulating calculations instead of a wet experiment. It is
worth  mentioning  that  Ig-VAE151 was  used  to  generate  a  single-domain
binder to the ACE2 epitope of the SARS-CoV-2 receptor binding domain (RBD).

 Peptide design
Polypeptides are  molecules formed from two or  more amino acids linked

by  peptide  bonds.  In  living  organisms,  peptides  play  a  variety  of  key  roles,
such as  hormones (e.g.,  insulin  and growth  hormone),  enzymes,  antibodies,
and  other  biologically  active  moleculesred.  They  are  involved  in  regulating
many  physiological  and  metabolic  processes  in  living  organisms,  offering
numerous  benefits,  including  minimized  side  effects,  high  specificity,  high
efficacy, high  bioactivity,  and  resistance  to  the  development  of  drug  resis-
tance. To date, more than 100 peptides are on the market for the treatment of
various  diseases  such  as  cancer,  diabetes,  osteoporosis,  multiple  sclerosis,
HIV  infection,  and  chronic  pain.  The  traditional  methods  for  designing  and
synthesizing peptides primarily include chemical synthesis and biosynthesis.
Among  these,  chemical  synthesis  methods,  such  as  Solid-Phase  Peptide
Synthesis (SPPS), have been widely employed. However, traditional methods
still  face  some  limitations  in  peptide  design  and  synthesis,  which  require
much time and economic costs.

AI  has  rapidly  evolved  in  recent  years,  and  computer-aided  drug  design
incorporating AI algorithms can overcome the difficulties and barriers associ-
ated  with  conventional  drug  research  and  screening.  The  development  of
therapeutic  peptides,  particularly  antimicrobial  and  anticancer  peptides,
utilizes  AI  algorithms,  including  deep  learning  and  conventional  machine
learning-based  algorithms.  By  applying  AI  tools  to  support  peptide  drug
development,  drug  screening  can  be  performed  quickly  and  efficiently,
thereby significantly reducing the time and cost associated with the process.
Recent  reviews  on  peptide  discovery  cover  the  principles  of  both  traditional
machine  learning  and  AI-based  approaches.  Deep  learning  methods  are
being  gradually  applied  to  optimize  existing  peptides  and  peptides  against
specific  targets,  resulting  in  a  new  paradigm  that  combines  computational
methods with wet lab techniques.

 Antimicrobial peptide. Antimicrobial peptides (AMPs) offer alternatives to
conventional  antibiotics  as  promising  agents  for  anti-microbial drug  resis-
tance.  AMPs  are  short  amino  acid  sequences  (usually  between  6  and  50
residues  in  length)  with  an  overall  positive  charge  and  a  large  number  of
hydrophobic  amino  acids  that  kill  various  bacteria,  viruses  and  fungi  by
disrupting the membranes,  specific target binding,  immunomodulation,  anti-
biofilm activity,  and interference with metabolic processes to kill  a variety of
bacteria, viruses, and fungi,336-338 AMPs have a variety of properties including
activity, toxicity, stability, and synergy.

AI models have been developed to predict the properties of AMP discovery
and development, including antimicrobial activity, toxicity, stability, cell pene-
tration, and mechanism of action. AMP classification is a method to broadly
categorize peptides as AMPs or non-AMPs. For example, AMPlify,152 which is
a  bi-directional  Long  Short-Term  Memory  (LSTM)  model  with  an  additional
mechanism  of  multiple  heads  of  attention.  AMP-BERT,153 a  bi-directional
encoder  representation  of  protein  sequences  model  pre-trained  on  protein
sequences,  uses  mainly  deep  learning  to  automatically  obtain  descriptive
features for classification.

Depending on the construction of the dataset, antimicrobial activity prediction
methods  can  provide  predictions  for  specific  genera,154, 155 species157 or
strains.158 More  generally,  microbe-specific  strain  (MSS)  prediction
methods155, 158 predict  the  activity  of  a  given  peptide  bacterial  strain  pair.
These methods utilize genomic information about the strains, including simi-
larities between strains and oligonucleotide composition. An activity compar-
ison  method  was  introduced  by  Losin  and  Veltri,154 who  devised  a  model
employing  a  Siamese  neural  network,  which  predicts  the  MIC  difference  for
each antimicrobial peptide pair. There are also many proposed toxic/nontoxic
or hemolytic/nonhemolytic classifiers for peptides.156, 159–161 In a recent study,
Salem et al.159 used transfer learning to first identify secreted peptides using a
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LLM and then fine-tuned it for hemolytic activity classification.
One  traditional  approach  to  discovering  AMPs  is  to  scan  a  given  peptide

database  using  a  discriminator.  Similar  approaches  are  still  being  explored
today,  e.g.,  through  exhaustive  screening  of  large  peptide  libraries,  or  by
mining  peptides  from  macrogenomic  data.  Alternatively,  recent  studies  aim
to  discover  AMPs  using  GenAI.  In  unconstrained  generation,  peptides  are
freely sampled from an ab initio model. In contrast, analog generation gener-
ates analogs using a given peptide as a prototype. Analog generation can be
performed  in  single  or  multiple  steps,  with  more  steps  producing  peptides
that  may  be  more  optimized  but  less  similar  to  the  prototype.  In  order  to
obtain  peptides  with  desired  AMP  properties,  it  is  necessary  to  control  the
generation  process  based  on  these  properties.  Controllable  properties  of
peptides  include  AMP,  activity,  toxicity,  microbial  target,  target  mechanism,
hydrophobicity,  secondary  structure,  and  sequence  length.  Controlled  AMP
generation  was  obtained  by  discriminator-guided  filtering,  pure  learning,
latent space sampling, conditional generation, and optimized generation.

μ

≥ μ

Conditional  generation  models  are  equipped  with  additional  variables
corresponding to conditions such as selected AMP properties and are trained
to  generate  samples  that  satisfy  these  conditions.  Conditional  generators
include  GAN-based162, 163 and  GNN164 models.  We  recently  proposed
HydrAMP,165 a  conditional  VAE model  optimized for  both unconstrained and
analog  generation  of  AMPs.  HydrAMP  uniquely  enables  temperature-
controlled exploration of peptide variants, generating analogs with enhanced
activity  (e.g.,  Hydraganan-1  with  MIC  =  2 g/mL  against E.  coli)  or  inactive
derivatives from non-AMP prototypes. Wet-lab validation confirmed that 75%
of selected peptides exhibited low toxicity (HC50 512 g/mL), while main-
taining potent activity against drug-resistant strains, demonstrating its utility
in  rational  AMP  design.  Das  et  al166 developed  a  conditional  latent  space
sampling (CLaSS)  approach,  where  attribute  classifiers  guided  the  genera-
tion of AMPs under dual constraints of antibacterial activity and low toxicity,
yielding potent candidates Y112 and FK13.

μ
α μ

Optimized  generative  models  aim  to  modify  a  given  query  peptide  to
improve its performance. AMP design employs state-of-the-art optimization
algorithms  such  as  Bayesian  optimization168 or  multi-objective  evolutionary
algorithms.169 However,  emerging  AI-driven  approaches  combine  generative
models  with  optimization  steps.  For  example,  Hoffman et  al170 introduced  a
zero-order  optimization  model  based  on  gradient  descent  to  convert  toxic
peptides  into  non-toxic  peptides  while  maintaining  antimicrobial  properties.
The method  achieved  rapid  success  within  just  two  iterative  cycles:  experi-
mentally  validated  peptides  (e.g.,  1-7  and  2-5)  demonstrated  enhanced
antimicrobial  activity  (with  MIC  values  as  low  as  1.56 M  against E.  coli
DH5 )  and  minimal  hemolytic  toxicity  (>200 M  HC50).  In  a  binary  VAE,171

the distance of each peptide from the Pareto front was scored by non-domi-
nant  ordering,  and  then  the  predicted  scores  were  optimized  by  quantum
annealing.  As  a  proof-of-concept,  the  model  was  used  to  optimize  easily
computable properties such as charge, density, instability index, and Borman
index.  Finally,  Jain  et  al167 proposed  an  active  learning  algorithm  utilizing
cognitive  uncertainty  estimation  and  GFlowNets  as  a  generator  of  multiple
candidate active peptides.

 Antioxidant peptide. Low concentrations of free radicals play a crucial role
in various human biological functions, including apoptosis and protein phos-
phorylation  processes.  However,  excess  free  radicals  in  the  body  are  often
associated  with  diseases  such  as  Alzheimer's  disease,  cancer  and  other
chronic diseases. Therefore, it is crucial to discover safe, efficient and readily
available antioxidants to prevent the harmful effects of free radicals on cells
or to  mitigate  their  negative  effects.  Antioxidant  peptides  are  protein  frag-
ments with specialized structures that help fight oxidative stress in the body.
Antioxidant peptides are a class of natural bioactive peptides that have been
widely studied in recent years. As a kind of natural antioxidant with relatively
simple  structure,  easy  absorption,  good  stability  and  no  immunoreactivity,
antioxidant peptides not only have strong antioxidant activity,  but also other
health  benefits  such  as  lowering  blood  pressure  and  anticancer,  which  are
attracting  more  and  more  attention  in  the  field  of  food  and  medicinal
nutraceuticals.

In  quantitative  structure-activity  relationship  (QSAR)  studies  of  peptide
bioactivity,  machine  learning  techniques  have  been  effectively  applied  for
feature  selection  and  model  development.  Deep  learning-based  QSAR  tools

AnOxPePred  and  AnOxPP  were  developed  for  the  prediction  and  design  of
antioxidant  peptides.  AOPAnOxPePred172 is  a  method  for  predicting  the
antioxidant  properties  of  peptides  using  deep  learning.  The  tool  combines
various  machine  learning  and  deep  learning  algorithms  to  achieve  efficient
identification of antioxidant peptides by feature extraction and model training
on  protein  sequences.  AnOxPP,173 on  the  other  hand,  predicts  antioxidant
peptides using bi-directional LSTM neural networks.

Unconstrained generative  machine learning models  provide an alternative
to  traditional  methods  for  the  rapid  discovery  of  antioxidant  peptides  with
desired  functionality.  Hesamzadeh  et  al.174 developed  the  first  generative
model based on recurrent neural networks (RNNs) for the ab initio design of
novel  AOPs.  Experimental  validation  through  DPPH  and  hemolysis  assays
confirmed that  peptides like GP12 exhibit  potent  antioxidant  activity  without
hemolytic  effects.  Molecular  dynamics  (MD)  simulations  further  elucidated
their interaction mechanisms with the Keap1 protein.

 Anticancer  peptide. Anti-cancer  peptides  (ACPs)  are  a  class  of  short
peptides  with  anti-tumor  activity,  usually  consisting  of  2-50  amino  acid
residues, with a relative molecular mass of 50-5,000. In terms of amino acid
composition, ACPs are rich in positively charged lysine, arginine, and histidine,
as well as hydrophobic leucine, which can endow ACPs with cationic proper-
ties and hydrophobicity. ACPs exhibit a variety of anti-cancer properties, such
as inducing apoptosis of cancer cells, inhibiting angiogenesis, and preventing
cancer  cell  proliferation  and  migration.  Anticancer  peptides  work  through
various mechanisms, including binding to cancer cell membrane receptors or
intracellular  targets,  activating  apoptotic  pathways,  and  disrupting  the
metabolic  and  growth  environments  of  cancer  cells,  thus  realizing  effective
killing of cancer cells.

By  analyzing  the  amino  acid  sequence  of  a  specific  peptide  to  predict
whether  it  has  anticancer  properties,  AntiCP,175 as  the  first  computational
method for identifying ACP, employs three hand-crafted features in a support
vector  machine  (SVM)  model.  The  emergence  of  deep  learning  techniques
has greatly improved the accuracy and efficiency of prediction. For example,
ACP-DL176 uses a  LSTM model  to  extract  features from peptide sequences.
ACPred-LAF177 developed  a  deep  learning  method  based  on  a  transformer
encoder with learnable and adaptive embedding.

An equally critical aspect is the prediction of which cancer types ACPs can
effectively  target.  These  predictions  are  critical  for  customizing  the  use  of
ACPs  in  cancer  treatment,  allowing  therapies  to  be  specifically  designed
based  on  the  unique  characteristics  of  the  cancer.  xDeep-AcPEP178 used
multitask learning in a CNN framework to predict IC50 values for ACPs in six
different tissues. xACP-MLC179 used a two-tiered prediction model,  including
one  for  identification  and  another  for  type  classification.  Each  model  is
trained  on  a  different  dataset  but  shares  the  same  architecture.
ACPScanner180 proposed  a  two-level  prediction  framework  that  utilizes  pre-
trained protein models, protein secondary structure predictions, and physico-
chemical properties to represent features. LightGBM and GAT algorithms are
employed  to  learn  from  these  features  and  subsequently  combine  their
results  to  improve  prediction  accuracy.  DUO-ACP181 utilizes  pre-trained
protein models to generate amino acid features, achieving the best results to
date on this multi-label classification problem.

α
In  one  study,  an  RNN  model  of  a  LSTM  unit  was  trained  with  10,000

sequences of amphiphilic peptides assumed to be -helical cations, and then
fine-tuned on 26 ACPs known to have anticancer activity through a transfer
learning approach.182 The optimized model generated 1,000 novel amino acid
sequences, 98%  of  which  were  unique.  Of  the  12  peptides  tested  syntheti-
cally, 10 exhibited activity against breast cancer MCF7 cells and 6 were able
to  kill  cancer  cells  highly  selectively  without  affecting  human  erythrocytes.
This study demonstrated the ability of deep generative modeling to implicitly
extract  design  rules  from  known  ACPs  and  design  completely  new  ACPs
from scratch without explicit structure-activity relationship information.

Another  study  proposed  a  GAN-based  GANDALF  peptide  design  system
aimed at generating peptides against specific protein targets.183 Unlike exist-
ing  GAN  methods  that  can  only  generate  small  molecules,  GANDALF  uses
two networks to generate peptide sequences and structures separately,  and
incorporates  active  atoms  and  other  data  to  generate  complete  peptide
structures  and  predict  peptide  binding  affinities  to  targets.  In  this  study,  a
variety of peptides were generated for three targets, PD-1, PDL-1 and CTLA-4,
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and  the  best  peptides  generated  were  found  to  have  comparable  binding
affinities and three-dimensional binding aptitude to the FDA-approved drugs,
as  well  as  unique  sequences.  This  work  demonstrates  the  potential  of  the
deep  generation  model  in  designing  ACPs  with  favorable  bioactivity  and
structural features.

 Enzyme design
Enzyme engineering and de novo enzyme design have emerged as break-

through  research  domains,  transforming  our  understanding  and  application
of biomolecular functions.339-341 In particular, various AI techniques have been
applied not only to enhance the functionality of  existing enzymes more effi-
ciently but also to design novel enzymes with specific catalytic activities.342-344

According  to  the  International  Enzyme  Commission  (IEC),  enzymes  can  be
classified into  seven major  categories  based on the nature  of  their  catalytic
reactions,345 namely,  oxidoreductases,  transferases,  hydrolases,  lyases,
isomerases, ligases, and translocases. It is worth noting that certain enzyme
classes remain underexplored,  with no AI  techniques yet  developed for  their
design  or  optimization.  In  the  following,  we  provide  a  brief  overview  of  AI-
driven approaches successfully applied to specific enzyme classes, including
oxidoreductases, hydrolases, and lyases.

 Oxidoreductases. In recent years, there have been some advances in the
de novo design of enzymes with specific functions, though successful cases
remain rare. For example, the Baker group designed a beta-barrel protein184 to
achieve  the  luminescent  function  of  green  fluorescent  protein  (GFP).
However,  this  design  still  requires  manual  insertion  of  chromophore
molecules into  the  barrel  structure  to  achieve  luminescence,  and  the  lumi-
nescence intensity  is  weaker  than that  of  wild-type GFP.  William P.  Russ et
al.185 used the Potts model from statistical physics to learn the co-evolution-
ary information of  amino acids at  different  sites in  multiple  sequence align-
ments  (MSA)  and  combined  this  with  Monte  Carlo  sampling  to  generate  a
batch of catalytic branched-chain isomerases.  In 2021,  Donatas Repecka et
al.81 utilized  a  generative  adversarial  neural  network,  ProteinGAN,  to  design
and screen malate dehydrogenases with up to more than 100 site mutations,
demonstrating  catalytic  functions  similar  to  those  of  the  wild-type  protein.
Approximately  24%  of  all  designed  sequences  exhibited  good  solubility  and
biocatalytic  activity.  The  Kemp  elimination  reaction,  which  converts
benzisoxazole  to  salicylonitrile,  is  a  crucial  reaction  for  studying  carbon-
proton transfer. AI-assisted screening completed the directed evolution of the
Kemp elimination enzyme in the laboratory.346 The evolved enzyme HG3.17 is
the most efficient Kemp elimination enzyme, with a catalytic efficiency 1000
times  higher  than  the  initially  designed  HG3,  reaching  the  level  of  natural
enzymes. This high efficiency stems from the effective synergy between the
dual catalytic groups Asp127 and Gln50, which stabilize the negative charge
of the reaction intermediate and optimize substrate binding at the active site.
Crystallographic and NMR spectroscopy studies revealed that  during evolu-
tion, HG3.17 adjusted protein backbone conformations, reduced non-produc-
tive conformations, and enhanced catalytic efficiency. These findings suggest
that by improving design protocols and explicitly sampling backbone confor-
mations,  more  efficient  catalyst  sequences  can  be  predicted.  A  milestone
study  by  the  Baker  group  in  2023  designed  an  artificial  luciferase.186 They
developed a deep learning-based family-wide hallucination method to gener-
ate a large number of protein structures with diverse pocket shapes, thereby
designing  luciferases  capable  of  catalyzing  the  chemiluminescent  oxidation
of  the  luciferin  substrates  diphenylterazine  and  2-deoxycoelenterazine.  One
small,  thermally  stable  enzyme  exhibited  catalytic  efficiency  towards  DTZ
nearly  equivalent  to  natural  luciferase,  but  with  significantly  improved
substrate  specificity.  Another  notable  example  is  the  AI-guided discovery  of
an  alternative  oxidoreductase  from Sphingobium sp.  CSO  (SsCSO),  which
catalyzes the transformation of 4-vinylguaiacol to vanillin. Identified using the
CataPro  platform,  SsCSO  showed  an  activity  19.53  times  higher  than  the
initial  candidate  enzyme,  and  further  optimization  through  computational
mutagenesis  led  to  a  3.34-fold  increase  in  activity  compared  to  the  wild-
type.347

 Hydrolases. The Alper team190 utilized the MutCompute, a structure-based
CNN,  to  identify  single-point  mutations  in  10  PET  hydrolases,  with  eight
mutations  experimentally  validated  to  enhance  enzyme  functionality.
Through screening and combination,  the team developed a  five-site  mutant

that  can  completely  degrade  most  PET  products  within  one  week.  Assisted
by  AI,  enzyme  engineering  has  become  more  cost-effective  and  time-effi-
cient compared to traditional directed evolution. More recently, in a landmark
study published in 2025, Baker and colleagues191 computationally designed a
series of novel serine hydrolases with entirely new protein folds. By integrat-
ing the generative diffusion model RFdiffusion with the active-site preorgani-
zation  assessment  tool  PLACER,  the  team  overcame  key  challenges  in
modeling multi-step catalytic mechanisms. The resulting synthetic enzymes
exhibited  catalytic  efficiencies  approaching  those  of  natural  hydrolases,
representing  a  major  step  forward  in  the de  novo creation  of  functional
biocatalysts. Bian Wu's group also made significant advances in PET hydro-
lase  engineering  by  applying  a  greedy  accumulated  strategy  (GRAPE)  to
guide the rational design of high-performance PET-degrading enzymes. Their
optimized  variant,  TurboPETase,  achieved  nearly  complete  degradation  of
industrial PET waste under high-solid conditions.187 This work demonstrates
the effectiveness of  AI-guided iterative design in  developing biocatalysts  for
plastic  degradation.  In  parallel,  Liang  Hong  and  collaborators  leveraged
protein  language  models  and  generative  diffusion  frameworks  such  as
CPDiffusion to  design synthetic  nucleases and hydrolase-like  enzymes with
programmable substrate preferences. Their work emphasizes the potential of
large-scale sequence  generation  and  conditioning  to  expand  enzyme  func-
tionality across unexplored sequence space.188

 Lyases. Additionally,  the  combination  of  computational  design  and
directed evolution has successfully developed efficient catalysts for bimolec-
ular  aldol  condensation  and  Diels-Alder  reactions.189 RA95.5-8F  is  the  most
active  aldolase  to  date,  generated  through  ultra-high-throughput  screening,
with catalytic  capabilities  comparable  to  natural  aldolases.  During evolution,
the catalytic site shifted from the initially designed Lys210 to the more reac-
tive Lys83,  forming a complex catalytic center that illustrates the role of the
Lys-Tyr-Asn-Tyr tetrad and the designed hydrophobic pocket. This discovery
highlights  the  powerful  potential  of  combining  computational  design  with
experimental screening in the evolution of enzymes.

Overall,  structure-based de  novo protein  design  methods  are  innovative
and novel. However, the success rate is low, often requiring high-throughput
screening  of  vast  design  libraries  to  identify  positive  sequences,  a  process
that is limited by both the demands of high-throughput experimentation and
the  constraints  of  oligonucleotide  synthesis  technology.  This  ultimately
makes it challenging to design and synthesize protein sequences longer than
200 amino acids.

 Summary
Over  the  past  few  decades,  research  has  focused  on  understanding  the

relationship  between  protein  structure  and  function.  With  the  increasing
demand for proteins with novel functions, de novo protein design has gained
significant  attention.  Deep  learning  has  revolutionized  protein  design,  with
applications  in  antibody,  peptide,  and  enzyme  design.  However,  AI-driven
protein  generation  faces  significant  challenges.  AI-designed  proteins  may
bind effectively to targets but fail  to achieve the desired biological functions,
and  generative  models  sometimes  produce  non-natural  structures  that
violate  biophysical  principles.  Complex  structures,  such  as  transmembrane
proteins,  remain  challenging  to  design,  and  some AI-generated  proteins  are
difficult to synthesize using current techniques.

Beyond  these  technical  hurdles,  the  clinical  translation  of  AI-designed
proteins presents distinct challenges. The rapid advancement of this technol-
ogy raises  significant  biosafety  concerns,  as  the  capability  to  computation-
ally generate novel biological agents could potentially be misused for harmful
purposes.348 At  the  therapeutic  level,  while  these  designed  biologics  show
exceptional  targeting  capabilities  for  oncology  and  genetic  disorders,  their
clinical  validation  faces  unprecedented  regulatory  uncertainties.  Current
approval frameworks lack established guidelines for evaluating computation-
ally  generated  proteins,  particularly  regarding  long-term  safety  assessment
and quality control standards for AI-predicted molecular properties. Further-
more, the specialized computational infrastructure and expertise required for
developing,  manufacturing,  and  monitoring  these  therapies  may  create
significant  accessibility  barriers,  potentially  limiting  their  benefits  to  well-
resourced  healthcare  systems.349 Addressing  these  multifaceted  challenges
will require not only integrating robust biophysical constraints into AI models
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but  also  developing  comprehensive  regulatory  frameworks  and  ensuring
equitable  distribution  mechanisms to  realize  the  full  therapeutic  potential  of
this transformative technology.350

 DRUG-LIKE SMALL MOLECULE
This section specifically addresses the design of drug-like small molecules

for  therapeutic  applications,  distinguishing  them  from  other  molecular
classes  like  glycans  and  lipids,  which  are  discussed  later.  Drug-like  small
molecule  design  techniques  aim  to  develop  specific  molecules  that  bind  to
biological targets while exhibiting desired properties. These techniques often
rely on the structural information of biological molecules, such as DNA, RNA,
or proteins. Once the structural information of a biological molecule has been
obtained through techniques such as X-ray crystallography, NMR analysis, or
generative algorithms, these biological targets can serve as a foundation for
rational molecule design.351–352

From the methodology perspective, drug-like small molecule design can be
categorized  into  three  approaches:  traditional  small  molecule  design
approaches,  including  high-throughput  screening,  molecular  docking,  virtual
screening,  and  MD  simulations,  are  often  time-consuming  and  labor-inten-
sive.353 Beyond  the  traditional  approaches,  the  advent  of  generative  models
has  catalyzed  explosive  growth  in  small  molecule  design  applications  by
implicitly  searching  larger  chemical  spaces.354 Structure-based  approaches
analyze biological  targets  (DNAs,  RNAs,  proteins)  to  identify  binding regions
for  lipophilic  or  polar  groups,351 with  protein-guided  design  being  the  most
common.  Besides,  ligand-based  approaches  design  new  molecules  by
analyzing the properties of known active compounds, specifically when target
structures are unavailable. As illustrated in Figure 4A, these AI-driven strate-
gies are broadly categorized into ligand-based approaches, encompassing de

novo design  and  modification,  and  structure-based  approaches,  which  are
guided by targets like proteins and nucleic acids. In the following section, we
will  focus on two GenAI-based approaches, i.e.,  structure-based and ligand-
based, and then dive deeper into their characteristics.

 Structure-based drug-like small molecule design
Advances in structural biology enable detailed 3D analysis of biomolecule-

ligand interactions, facilitating structure-based molecular design. Proteins are
primary drug  targets,  including  enzymes,  receptors,  ion  channels,  trans-
porters,  and  kinases.355-359 Nucleic  acids,  crucial  for  genetic  processes  and
catalysis, represent  additional  therapeutic  targets,  offering  potential  treat-
ments  for  viral  diseases  and  cancers  through  disruption  of  gene
expression.360

 Protein-guided drug-like small molecules design. Most drugs exert their
effects  by  interacting  with  specific  protein  targets.  Understanding  the
complex characteristics of target proteins enables better design of drug-like
molecules  that  can  bind  to  them,  thereby  increasing  the  efficiency  of  drug
discovery.  Structure-based drug design utilizes information about  the target
protein  to  guide drug molecule  design.  It  analyzes the structural  features of
proteins,  such  as  the  active  sites  and  binding  pockets,  to  design  small
molecule  compounds  that  can  tightly  bind  to  and  modulate  their  function.
Protein-guided  molecular  design  methods  can  be  categorized  into  whole-
structure-guided generation and binding site-guided generation based on the
the specificity of the protein information utilized.

Whole  structure-guided generation  designs  potential  ligands by  analyzing
complete  protein  structures  without  requiring  prior  knowledge  of  specific
binding  sites.  This  method  is  suitable  for  cases  where  binding  sites  are
unknown  or  difficult  to  identify,  thereby  expanding  possibilities  for  drug
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Figure 4.  Design of  biomolecules beyond the central  dogma (A)  Drug-like small  molecule design encompasses structure-based approaches guided by protein,  DNA,  or  RNA
targets,  and ligand-based approaches including de  novo design (1D sequence,  2D graph,  3D structure)  and modification strategies  (linker  design,  scaffold  hopping,  fragment
replacement). (B) Glycans and lipids design involves property prediction (immunogenicity, protein binding, pathogenic interactions, disease associations) and structure design for
ionizable lipids, liposome drug carriers, and glycolipid biomarkers. (C) Biomaterials design integrates property prediction (swelling, biocompatibility, protein adsorption, etc.) with
structural design across polymeric, metallic, and ceramic materials.
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discovery. For  instance,  Grechishnikova  et.  al  ingeniously  utilized  a  Trans-
former  model  to  "translate"  protein  sequences  into  small  molecule
sequences.192 Alphadrug193 builds upon the Transformer model,  combining it
with  Monte  Carlo  tree  search  algorithms  to  generate  molecules  with  high
binding affinity. DeepTarget194 employs a VAE to encode and decode molecu-
lar sequences for generation while using protein sequence representations as
constraints to obtain molecules with high binding affinity. CDGCN195 designed
a conditional generation model based on graph convolutional networks, using
the  input  protein  sequence  as  a  condition  and  generating  novel  molecular
graphs  through  a  sequential  decoding  scheme.  PCMol196 leverages  protein
embeddings from  AlphaFold2  to  guide  a  Transformer  model  in  autoregres-
sively generating SMILES strings for target-binding molecules. However, this
approach faces two main challenges: processing complete protein structural
data requires intensive computation, and the generated molecules may bind
anywhere  on  the  protein,  requiring  additional  screening  to  determine  likely
binding modes.

Unlike  whole  structure-guided  generation,  binding  site-guided  generation
methods utilize detailed information about specific binding sites on proteins
to  guide  molecular  design.  With  advancements  in  structural  biology  and
computational  chemistry,  binding  site-guided  generation  methods  have
evolved  from  simple  surface  matching  to  complex  multi-scale  modeling
processes.  Pocket  surface-based  generation  methods  use  binding  pocket
geometry  to  guide  molecular  design.  The  core  concept  is  to  generate
molecules that match the pocket shape, increasing protein-binding probabil-
ity.  LiGAN197 uses  GANs  to  generate  3D  ligand  shapes  complementary  to
protein  pockets,  converting  them  to  SMILES  through  a  shape  description
network. DESERT198 first sketches molecular shapes based on pocket geom-
etry,  then  generates  fitting  molecules  using  a  pre-trained  generative  model.
While  pocket  surface  shape-based  generation  methods  effectively  capture
geometric features for spatial compatibility, they may overlook crucial chemi-
cal properties needed for strong binding affinity.

The  atom  or  amino  acid-based  generation  within  the  pocket  is  a  more
refined binding site-directed molecular design method. Compared to methods
that only use surface shape information, this approach considers the specific
types,  positions,  and  chemical  properties  of  atoms  or  amino  acids  in  the
binding site, thereby generating molecules with stronger interactions with the
protein. EGCM199 represents the 3D information of the pocket using the sorted
eigenvalues of the coarse-grained Coulomb matrix (EGCM) of binding pocket
atoms,  then  uses  this  as  conditional  input  to  a  conditional  recurrent  neural
network  (cRNN)  to  generate  molecules.  GAT-VAE200 constructs  a  residue
graph of the pocket, learns structural features of the pocket through a graph
attention model-based AE, then concatenates these with molecular features
as interaction features, ultimately inputting them into a conditional decoder to
generate  target  molecules.  CProMG201 separately  encodes  the  atomic-level
and  amino  acid-level  structural  information  of  the  protein  pocket  and  fuses
them to  obtain  3D features  of  the  complex  protein  structure.  It  then utilizes
multi-head  interaction  attention  to  calculate  key  interactions  between  small
molecules  and  proteins,  finally  conditionally  generating  new  molecules  with
specific properties in  an autoregressive manner,  conditioned on these inter-
actions. Flag202 is a conditional generation method that generates molecules
one motif  at  a  time,  using the protein  binding site  as the condition for  each
iteration. Each iteration generates a new motif for the ligand molecule, even-
tually producing a complete ligand molecule. DrugGPS203 considers that simi-
lar  subpockets  can  often  bind  the  same  molecular  fragments.  It  first
constructs  a  global  interaction  graph  of  subpocket  and  molecular  fragment
nodes,  using  this  as  prior  knowledge  input  to  the  model.  It  then  iteratively
generates  molecular  fragments  along  with  connection  sites  and  torsion
angles between fragments, resulting in the 3D structure of the molecule.

These methods consider  the  structural  information of  the  binding pocket,
but  they  cannot  determine  the  binding  pose  of  the  generated  molecules
within the pocket. With the development of geometric deep learning and DMs,
an  increasing  number  of  methods  can  directly  generate  3D  coordinates  of
molecules.  Targetdiff204 achieves  protein  target-aware  molecular  design  by
using  DMs,  which  learn  a  joint  generation  process  for  continuous  atomic
coordinates  and  discrete  atom  types  through  SE(3)  equivariant  networks.
DecompDiff205 divides molecules into scaffolds and arms based on the different
roles of atoms in the molecule. Scaffolds are responsible for positioning the

molecule  in  the  binding  region,  while  arms  contact  the  target  to  increase
binding affinity.  Based on this assumption,  DecompDiff  designs a heteroge-
neous graph diffusion model with a decomposition prior for arms and scaf-
folds, capable of simultaneously diffusing and generating atomic coordinates,
atom  types,  and  bond  types.  To  better  learn  the  binding  patterns  between
proteins  and  small  molecules,  some  methods  explicitly  utilize  interaction
information to generate small molecules. DeepICL16 proposes an interaction-
aware 3D molecule generation framework, achieving interaction-guided drug
design by leveraging universal patterns of protein-ligand interactions as prior
knowledge.  NCIDiff,206 based  on  a  diffusion  model,  simultaneously  denoises
the non-covalent interaction types of protein-ligand edges and the 3D graph
of ligand molecules. It emphasizes learning universal patterns of protein and
ligand binding, generating ligands with more reliable NCIs.

A compelling case in point is the discovery of Rentosertib (INS018-055) by
Insilico Medicine.361 Their AI-driven workflow began with the identification of
TNIK as a novel target for Idiopathic Pulmonary Fibrosis (IPF). Based on the
TNIK protein structure, their generative chemistry platform, Chemistry42, then
performed de  novo design of  novel  inhibitors  while  simultaneously  optimiz-
ing  for  binding  affinity,  selectivity,  and  pharmacokinetic  properties.  This
process  yielded  the  clinical  candidate  Rentosertib,  which  has  since
progressed  to  Phase  II  trials.  This  achievement  powerfully  validates  that
structure-based GenAI can effectively translate a novel target into a clinical-
stage  therapeutic,  demonstrating  its  capability  to  efficiently  produce  drug
candidates of significant clinical value.

 Nucleic  acid-guided  drug-like  small  molecules  design. Nucleic  acids
have  been  confirmed  as  molecular  targets  for  numerous  clinical  anticancer
chemotherapeutics.360 Targeting nucleic acids with drug-like small molecules
offers opportunities to modulate various cellular processes, particularly those
associated  with  "undruggable"  protein  targets.362 However,  unlike  proteins,
nucleic  acid  targets,  including  RNAs  and  DNAs,  have  received  much  less
attention  in  the  structure-based  drug-like  small  molecule  design  field.  This
limited  attention  is  likely  due  to  the  challenges  associated  with  the  specific
recognition  of  nucleic  acids  by  small  molecules  and  the  lack  of  structural
information  on  nucleic  acid-small  molecule  complexes.360 As  mentioned
earlier,  over  the  past  decades,  various  methods  have  been  developed  to
predict and design complex nucleic acid structures. These methods have laid
the groundwork for nucleic acid-based small molecule design.

RNAs, traditionally viewed as an intermediary between DNAs and proteins,
have  been  extensively  validated  as  a  therapeutic  target.363 Functional  RNA
forms  structured  binding  pockets  for  small  molecules,  as  demonstrated  by
riboswitches that small molecule ligands can selectively bind to control gene
expression.355 Many  antibiotics  bind  directly  to  ribosomal  RNA  through  this
mechanism.  While  traditional  design  methods  include  fluorescence-based
and  FRET-based  approaches,363 AI-driven  design  of  RNA-targeted  small
molecules has been limited to virtual screening and binding prediction. DNA-
targeted small molecule design has been relatively sparse due to the limited
availability  of  well-characterized DNA structures.  Unlike proteins,  DNAs typi-
cally  lack  structured  binding  pockets,  with  small  molecules  targeting  DNA
through intercalation,  alkylation,  and DNA crosslinking.364 Through molecular
docking  and  simulations,  AI-based  methods  can  predict  small-molecule
binding modes with DNAs.

Building on protein-targeted AI techniques, AI methods have been adapted
for  nucleic  acid-targeted  small  molecule  design.  A  key  challenge  in  RNA
targeting is the inaccuracy of scoring functions in predicting small  molecule
binding conformations.365 To address this,  various AI approaches have been
developed,  including  RNAPosers206 using  random  forest  classifiers,  and
AnnapuRNA208 employing  neural  networks  for  pose  scoring.  Haga  et
al.209applied  GNN  architectures  to  identify  compounds  targeting  miR-21.  In
industry  applications,  Merck366 developed  an  ML-informed  RNA-focused
library  comprising  approximately  3,800  compounds,  resulting  in  higher  hit
rates compared to conventional libraries.

AI  methods  have  also  been  used  to  predict  the  binding  affinity  of  small
molecules  to  nucleic  acid  targets.  These  methods  not  only  provide  binding
affinity  data  but  also  offer  insights  into  other  aspects  of  the  binding  event,
aiding in hit-to-molecular modification. Szulc et al.210 used molecular finger-
prints  to  characterize  small  molecules  and  assessed  the  affinity  prediction
performance of 15 ML algorithms, finding that CatBoost, extremely randomized
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trees, and light gradient boosting models performed best in predicting ligand
binding. Krishnan et al.211 developed a multivariate linear regression model to
predict  the  binding  affinities  of  small  molecules  to  six  RNA  subtypes  and
conducted Shapley additive explanations analysis to quantify  feature contri-
butions to model predictions.

Grimberg and colleagues advanced the exploration of  chemical  space for
RNA targets by designing small molecules with greater potency and selectiv-
ity.212 The  group  trained  a  Lasso  regression  model  on  a  dataset  containing
molecular descriptors of 791 small molecules featuring the 2-phenylthiazole
moiety  and  their  binding  affinities  for  hairpin  91.  This  model  identified  key
features  predictive  of  RNA  binding  affinity.  They  also  employed  a  decision
tree model to classify small molecules as binding or non-binding and deter-
mined the critical descriptors for RNA binding. Additionally, they used a CNN
to analyze unique geometrical patterns in small molecule structures, based on
their  SMILES  representation  and  molecular  images.  Insights  from  these
approaches led the group to design ten molecules containing the 2-phenylth-
iazole  moiety,  four  of  which  were  identified  as  potent  inhibitors  of  the  RNA
target.

 Ligand-based drug-like small molecule design
Ligand-based drug-like small molecule design can be categorized into two

approaches: de  novo design,  which  entails  creating  entirely  new  molecular
structures  to  explore  uncharted  chemical  space,  or  molecular  modification,
which  focuses  on  modifying  existing  compounds  to  enhance  their  efficacy,
selectivity, pharmacokinetics, and safety. In cases where the target structure
is unknown or difficult to obtain, analyzing active molecules known to interact
with  the  target  can  facilitate  the  design  of  new  molecules  with  similar  or
improved activity, thereby enhancing the efficiency of drug discovery. Ligand-
based  molecular  generation  utilizes  information  from  known  active
molecules  to  guide  drug  design.  It  can  be  divided  into  two  main  directions:
structure-reasonable  molecule  generation  and  multi-objective  controllable
generation.

 De  novo design. Structure-reasonable molecule  generation  is  a  funda-
mental  task in  ligand-directed molecular  design,  with the goal  of  generating
molecules  that  are  chemically  structurally  sound  and  easily  synthesizable.
The challenge of this task lies in exploring a sufficiently large chemical space
to discover novel molecular structures while ensuring the reasonableness of
these structures.

1D  molecular  generation  linearizes  molecular  structures  into  SMILES
strings,  a representation that naturally lends itself  to the adoption of mature
techniques  from  Natural  Language  Processing  (NLP).  Early  methods
predominantly  employed  RNNs  and  their  variants.213 However,  the  superior
Transformer architecture has now become the mainstream choice, owing to
its  powerful  ability  to  capture  long-range dependencies.  Within  this  frame-
work, the application of LLMs is particularly noteworthy and has catalyzed a
diverse  array  of  generation  strategies.  For  instance,  TSMMG214 employs  a
novel teacher-student paradigm, trained on massive text-molecule pair data,
which enables the LLM to  translate  complex natural  language prompts into
target  molecules  directly.  Other  work  has  focused  on  enriching  the  1D
sequence  with  additional  dimensions  of  information.  3DSMILES-GPT,215 for
example,  unifies  a  molecule's  2D  (SMILES)  and  3D  (atomic  coordinates)
information  into  a  single  sequence,  autoregressively  generating  molecules
with precise spatial conformations via a Transformer decoder. Diverging from
end-to-end  generation,  stepwise  strategies  have  also  shown  immense
potential.  Sc2Mol216 ingeniously  combines  different  architectures:  it  first
generates a  core molecular  scaffold  using a VAE.  Then it  employs a Trans-
former model  to  "decorate"  this  scaffold  with functional  groups,  achieving a
modular and fine-grained construction of molecular structures. Concurrently,
DMs  have  been  introduced  to  this  domain  for  their  high-quality  generation
capabilities. A representative model,  TGM-DLM,217 adopts a two-stage diffu-
sion  process:  the  first  stage  generates  a  draft  SMILES  string  guided  by  the
text,  while  the  second  stage  uses  a  dedicated  correction  network  to  rectify
invalid sequences, thereby significantly improving the chemical validity of the
generated molecules.

2D  molecular  generation  represents  molecules  as  graphs,  a  format  that
more  naturally  reflects  their  actual  topological  structure.  To  achieve  high-
fidelity graph generation, the field has adapted and extended various classic

model  architectures.  Seminal  early  works include JT-VAE,218 which operates
on  a  tree  of  valid  chemical  substructures  to  ensure  chemical  validity;
MolGAN,80 which  applies  adversarial  learning  to  the  graph's  adjacency  and
feature matrices; and autoregressive models like GraphAF,219 which construct
molecular  graphs  through  a  sequence  of  ordered  decisions.  Following  the
tremendous  success  of  the  attention  mechanism,  its  principles  have  been
adapted  for  graph  data.  GraphXForm,220 for  example,  iteratively  adds  atoms
and  bonds  to  a  dynamically  growing  subgraph  to  construct  the  molecule.
Currently,  DMs  have  become  a  research  hotspot  in  graph  generation.
DiGress221 directly  learns  to  reverse  the  noising  of  node  and  edge  types  on
discrete  graph  data.  To  tackle  more  complex  structures,  HGLDM222 intro-
duces  a  hierarchical  diffusion  process  that  denoises  synchronously  across
multiple  levels  of  abstraction  (e.g.,  atoms,  graphs),  substantially  enhancing
the model's ability to capture intricate architectures. Furthermore, the SyCo223

model explores the use of cross-dimensional information: it first generates a
coarse 2D structural sketch as a prior, learns its corresponding 3D geometry
using an equivariant neural network, and finally leverages this valuable spatial
information to guide the generation of a higher-fidelity 2D molecular graph.

3D  structure  generation,  which  directly  constructs  atomic  coordinates  in
three-dimensional space, is one of the most challenging yet promising fron-
tiers  in  drug design.  DMs have emerged as the predominant  technology for
this  task.  For  instance,  EDM,89 an  equivariant  diffusion  model,  innovatively
designs  a  specialized  noising  scheme  for  the  multimodal  features  of
molecules—discrete  atomic  types  and  continuous  coordinates—and  adjusts
input feature scales to enhance training stability. To avoid complex modeling
of different variables, GeoLDM224 employs an encoder to map molecules into
a  geometric  latent  space  composed  of  invariant  scalars  and  equivariant
vectors,  where  the  diffusion  process  is  then  performed,  simplifying  the
modeling challenge. A common pitfall of traditional DMs is generating atoms
without considering chemical bonds, leading to structural inconsistencies. To
address this, MolDiff225 pioneers the co-diffusion of atoms and bonds, explic-
itly modeling their interdependencies to ensure the chemical rationality of the
molecules  generated.  To  incorporate  more  physical  priors,  MD3MD226

decomposes  molecules  into  multi-scale  graphs  and  assigns  different
weights  to  inter-atomic  interactions  at  various  scales  to  guide  the  diffusion
process, making the generation more constrained by physical laws.

Multi-objective  controlled  generation  is  a  key  task  in  LBDD,  aiming  to
create molecules that simultaneously satisfy multiple design criteria, such as
high activity,  specific  physicochemical  properties,  a  favorable  pharmacoki-
netic  profile  (Absorption,  Distribution,  Metabolism,  Excretion,  and  Toxicity -
ADMET), and low toxicity. In this context, some new methods focus on opti-
mizing  the  decision-making  process  itself.  For  example,  MLPS227 does  not
seek a single optimal solution but instead learns a direct mapping from user
preferences to the entire Pareto front, thereby providing decision-makers with
a comprehensive  and queryable  set  of  optimal  solutions.  In  terms of  model
implementation, MCMG228 was a pioneer in using a conditional Transformer,
fine-tuned with knowledge distillation and RL, to achieve multi-objective opti-
mization  for  properties  like  quantitative  estimate  of  drug-likeness  (QED),
synthetic  accessibility  (SA),  and activity.  To more precisely  control  synthetic
feasibility,  TANGO229 designed  a  novel  reward  function  that,  in  conjunction
with  a  retrosynthesis  prediction  tool  (Syntheseus),  guides  the  model  to
generate molecules composed of a predefined set of building blocks, funda-
mentally  enhancing  synthesizability.  SSVAE230 designed  a  semi-supervised
VAE  that  combines  RL  with  the  MGA  toxicity  prediction  model  to  generate
low-toxicity  molecules.  Although  preliminary  exploration  has  been  made  in
the  low-toxic  molecular  generation  model,  they  also  face  the  challenge  of
complexity and uncertainty of toxicity prediction. ADMET (Absorption,  Distri-
bution,  Metabolism,  Excretion,  and  Toxicity)  property-controlled  small
molecule  generation  is  a  crucial  and  emerging  research  direction  in  drug
design.  Although  there  are  currently  no  mature  generative  models  that
directly  control  ADMET properties,  this  direction is  of  significant  importance
and has the potential to bring revolutionary changes to drug discovery.

 Molecular  modification. De novo design generates new molecular struc-
tures from scratch to explore novel chemical spaces for therapeutic agents.
In  contrast,  molecular  modification  improves  existing  compounds  by
enhancing  their  efficacy,  selectivity,  and  pharmacokinetics.  The  molecular
modification process can be classified into three main subtasks: linker design
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for  optimizing  fragment  connections,  scaffold  hopping  for  core  structure
replacement, and fragment replacement for improving binding interactions.367

Linker  design  is  crucial  in  molecular  modification,  where  low  molecular
weight  fragments  with  weak  binding  affinity  but  strong  interactions  with
protein  pockets  are  connected.367 Recent  generative  models  have  advanced
this  field  significantly.  DeLinker231 uses  a  VAE  to  learn  fragment  and  linker
distributions,  while  SyntaLinker232 employs  a  Transformer  architecture  to
generate linkers by translating fragmented molecules into SMILES format. Its
successor,  SyntaLinker-Hybrid,233 introduces  fragment  hybridization.
3DLinker234 further  advances  the  field  by  incorporating  equivariant  neural
networks to consider geometric configurations during linker generation.

Scaffold hopping involves replacing the core structure, or scaffold, of a lead
compound while retaining its functional activity. This strategy is employed to
explore different  chemical  backbones  that  might  offer  better  pharmacologi-
cal  profiles,  reduce  off-target  effects,  or  bypass  existing  patent  restrictions.
Graph-GMVAE235 enables  scaffold  sampling  across  three  scales  using  a
multivariate  Gaussian  distribution.  DeepHop236 treats  scaffold  hopping  as  a
translation task, generating molecules with similar 3D structures but different
2D  scaffolds.  DiffHop237 advances  this  field  by  incorporating  interaction-
awareness and improving generation precision in both structure and activity.

Fragment  replacement  involves  the  optimization  of  lead  compounds  by
replacing or  growing  fragments  to  enhance  binding  affinity  and  fill  unoccu-
pied spaces within the protein pocket. DeepFrag238 approaches this as a clas-
sification task, selecting fragments from a library. DEVELOP239 uses a VAE to
eliminate  library  dependency  and  incorporates  CNN-extracted pharma-
cophore information.  STRIFE240 extends this by using fragment-based phar-
macophore  models.  D3FG241 advances  the  field  through  SO(3)  diffusion
architecture, predicting fragment positions while preserving physical proper-
ties like symmetry and rotation.

Additionally, some studies guide the modification of existing molecules by
constraining specific  properties  to  generate  molecules  with  desired  charac-
teristics.  Certain  research  focuses  on  searching  for  target  molecules  within
the  latent  space  learned  by  encoder-decoder  models,  guided  by  property
predictors.  JT-VAE218 decomposes  molecules  into  junction  trees  and  uses
gradient ascent in latent space to improve property scores. MoFlow,242 a flow-
based model,  generates molecular  bonds and similarly  optimizes properties
through gradient  ascent.  Alternative  approaches  use  RL  or  genetic  algo-
rithms. GCPN243 frames generation as a Markov decision process with validity
and  adversarial  rewards,  while  GA-DNN244 combines  property  scores  and

discriminator scores in genetic algorithms to optimize molecules.
Currently, a  targeted  therapy  for  diffuse  gastric  cancer,  SIGX1094,  devel-

oped through AI screening and optimization, has entered Phase I clinical trials
(NCT06739291). As  a  dual  FAK/SRC  inhibitor,  SIGX1094  was  rapidly  identi-
fied from millions of compounds via an AI platform, with its chemical struc-
ture further optimized by AI models to enhance binding affinity. The FDA has
granted it  Orphan  Drug  Designation  and  Fast  Track  Designation.  This  mile-
stone  marks  the  critical  transition  of  AI-driven  molecular  modification  from
laboratory research to clinical application.

 Summary
Drug-like small molecule design faces significant challenges despite recent

advances201,204,215,217,225 in AI-driven approaches. Although structure-based and
ligand-based  methods  have  shown  promise,  achieving  optimal  molecular
properties  remains  complex  due  to  the  dynamic  nature  of  biomolecular
targets and limited high-quality  training data.  The field particularly  struggles
with  simultaneously  optimizing  multiple  parameters,  including  efficacy,
ADMET  properties,  and  synthesis  feasibility.  This  challenge  is  evident  in
developing  antibody-drug  conjugates  and  fluorescent  probes,  where
molecules must  maintain  both  target  specificity  and  desired  physicochemi-
cal  properties.  Moreover,  the  gap  between  computational  predictions  and
experimental  validation  creates  a  bottleneck  in  translating  AI-generated
candidates into practical applications. Current AI approaches also often lack
interpretability in their decision-making process, limiting our ability to design
drug-like molecules for  novel  targets or  mechanisms rationally.  These chal-
lenges underscore the importance of developing integrated approaches that
combine  AI  with  experimental  validation  and  mechanistic  understanding  to
advance  drug-like  small  molecule  design  across  therapeutic  and  diagnostic
applications.

The design of functional biomolecules, from DNA and RNA to proteins and
drug-like small molecules, follows a systematic AI-driven workflow that inte-
grates computational prediction with experimental validation (Figure 5).  This
workflow consists of two main phases: a training phase that develops robust
generative and predictive models from public and experimental datasets, and
a  design  and  validation  phase  that  systematically  progresses  from  defining
design objectives through candidate generation, in silico screening, and wet-
lab  validation  to  produce  functional  biomolecules.  This  integrated  approach
provides a unified framework for  addressing the unique challenges encoun-
tered across different biomolecular design applications.

 

 

 

Figure 5.  A general workflow for designing functional biomolecules using GenAI models.
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 GLYCANS AND LIPIDS
Glycans and lipids  are  essential  biomolecules  that  serve  critical  functions

in biological systems. Glycans serve as the primary energy source for organ-
isms,  fueling  various  metabolic  processes,  including  glycolysis  and  cellular
respiration.  In  contrast,  lipids  serve  as  highly  efficient  energy  storage
molecules because of their high energy density. Beyond their roles in energy
metabolism,  lipids  participate  in  various  physiological  processes,  which
include signal  transduction,  organ  protection,  and  thermal  insulation.  More-
over,  both glycans and lipids constitute fundamental components of cellular
structures.  While  glycans  help  form  cell  walls  in  plants  and  bacteria,  lipids
serve  as  the  main  components  of  cell  membranes  to  maintain  their  fluidity
and stability.  These  essential  functions  demonstrate  that  glycans  and lipids
are indispensable for maintaining physiological balance and ensuring normal
function in living organisms.  However,  natural  glycans and lipids,  biomacro-
molecules often face structural and functional limitations, which necessitate
innovative design strategies to enhance their  potential  applications and effi-
ciency.

To address the urgent need, AI has emerged as a powerful tool in glycoin-
formatics  and  lipidomics,  enabling  advanced  structural  analysis,  property
prediction, and molecular optimization. Despite its promise, the application of
AI  in  the de  novo design of  glycans  and  lipids  has  been  a  significant  chal-
lenge,  largely  due  to  limited  data  availability  and  the  complexity  of  these
biomolecules.  However,  recent  breakthroughs  are  beginning  to  directly
address these hurdles, with deep generative models emerging as a powerful
new approach for the direct, bottom-up design of synthesizable lipids.

As illustrated in Figure 4B,  this section provides an overview of  current  AI
techniques  for  predicting  the  properties  of  glycans  and  lipids  (including
immunogenicity, protein binding,  pathogenic interactions,  and disease asso-
ciations),  as  well  as  AI-driven  structure  optimization  approaches  (featuring
ionizable lipid design, optimized liposome drug carriers, and disease-associ-
ated glycolipid biomarkers). By addressing these challenges, AI-driven meth-
ods  hold  the  potential  to  revolutionize  the  field  of  glyco-lipid biomacro-
molecule design.

 Property prediction
AI techniques have been widely used to predict the physicochemical prop-

erties,  biological  activities,  and  interaction  characteristics  of  glycans  and
lipids.  With  the  predicted  properties,  scientists  design  and  synthesize
glycans/lipids molecules with specific functions, reducing the cost of experi-
ments and increasing the success rate.

α

Current  AI  models  approach  glycan  sequence  analysis  through  different
perspectives:  feature  lists  (e.g.,  GlyNet245),  biological  languages  (e.g.,
SweetTalk246 and glyBERT247),  or  molecular graphs (e.g.,  SweetNet248).  These
models incorporate adaptations to address the branched, nonlinear structure
of glycans, resulting in significant improvements in prediction accuracy. The
scope of  glycan  property  prediction  encompasses  multiple  aspects,  includ-
ing glycan  type  identification,  classification,  immunogenic  potential  assess-
ment,  and  determination  of  associations  with  bacterial  pathogenicity.246,248

Through  these  trained  models,  researchers  can  predict  properties  of  novel
glycans  and  identify  crucial  motifs,  such  as  the  human-like  glycan  patterns
that  pathogenic E.  coli strains  use  for  molecular  mimicry.  Furthermore,
researchers have implemented machine learning to examine the relationship
between clinical  characteristics  and glycans in  cancer  patients.368 The tech-
nology has also enabled the prediction of -fetoprotein (AFP)-negative hepa-
tocellular carcinoma through glycan fingerprint analysis.369

AI techniques extend beyond glycan analysis to contribute significantly  to
lipid  property  prediction.  In  a  groundbreaking  study,  Han  et  al.251 combined
machine learning with molecular modeling to predict crucial liposome formu-
lation parameters. These parameters include size, polydispersity index (PDI),
zeta potential, and encapsulation efficiency. Their research revealed that drug
molecules  with  specific  characteristics - optimal  solubility  (logS),  molecular
complexity, and XLogP3 values - serve as ideal candidates for highly efficient
liposome preparation. In the field of metabolic lipid synthesis, AI has provided
valuable insights into regulatory mechanisms. At the University of New South
Wales, researchers  utilized  AI  to  map  key  interactions  and  regulatory  path-
ways,252 leading  to  the  discovery  of  potential  biomarkers  and  drug  targets
associated with metabolic diseases. The continuous advancement of AI technology

promises to further expand its applications in lipid metabolism research, with
significant  implications  for  precision  medicine  and  understanding  disease
mechanism.

 Structure analysis and design
Accurate structural information helps understand the interactions between

glycosphingolipids  and  other  biomolecules  (such  as  proteins  and  nucleic
acids),  revealing  their  specific  roles  in  cellular  signal  transduction,  immune
response, and cell recognition. Understanding the architecture of glycosphin-
golipids  can  yield  valuable  scientific  knowledge  for  the  design  of  drugs,  the
diagnosis  and  treatment  of  diseases,  and  the  formulation  of  vaccines,  thus
propelling advances in biomedical and biotechnological fields.

AI  methods  have  evolved  to  provide  sophisticated  approaches  analyzing
and  predicting  the  structures  of  glycan  and  lipid  molecules.  DeepGlyco249

addresses the complexity of non-linear glycan structures by predicting frag-
ment  spectra  of  intact  glycopeptides.  This  model  integrates  tree-structured
LSTMs for glycan modeling with graph neural networks to capture fragmen-
tation pathways, thereby enhancing explainability and improving the discrimi-
nation  of  glycan  structural  isomers.  CandyCrunch250 employs  a  two-step
approach:  initially  training a  dilated residual  neural  network  using annotated
MS/MS spectra, followed by glycan structure prediction from raw liquid chro-
matography–MS/MS data. For lipid analysis, LipidCCS253 implements support
vector  regression  (SVR)  to  achieve  accurate  predictions  of  collision  cross-
section (CCS) values. The method optimizes molecular descriptors to capture
subtle  structural  variations  among lipids,  thus  facilitating  their  identification.
Beyond  these  specialized  tools,  AlphaFold's  framework  shows  potential  for
expansion to predict both glycan and lipid structures,  offering new possibili-
ties for understanding their functions and molecular interactions.

AI-driven  optimization  of  glycans  and  lipids  has  enabled  significant
advances  across  multiple  domains.  Key  applications  include  the de  novo
design  of  ionizable  lipids  for  mRNA  delivery  systems,  optimized  liposome
drug  carriers  with  machine  learning-predicted  formulation  parameters  such
as  size,  polydispersity,  and  encapsulation  efficiency,251,370 and the  identifica-
tion of disease-associated glycolipid biomarkers through integrated analysis
of  metabolic  gene  signatures.371 These  AI-driven  approaches  enable  the
creation  of  highly  targeted  and  efficient  compounds  that  address  specific
clinical  needs,  advancing  innovations  in  disease  treatment  and  prevention
strategies.

While researchers  have  primarily  relied  on  traditional  chemical  and  enzy-
matic  synthesis  for  designing  lipids,  recent  studies254 have  extended  the
application of AI from structural analysis to de novo generative design. A key
example is the development of an adapted Synthesis-DAGs model,254 a deep
generative framework specifically for creating novel ionizable lipids, which are
critical  components  of  mRNA  delivery  systems.  A  core  innovation  of  this
model is its ability to address synthesizability by co-generating a molecule's
structure  along  with  its  corresponding  synthesis  pathway,  represented  as  a
directed  acyclic  graph  (DAG).  By  training  on  a  custom-built  dataset  of  over
70,000 synthesis paths derived from accessible building blocks and integrat-
ing  an  advanced  reaction  predictor,  the  model  achieved  an  83.4%  success
rate  in  generating  valid  ionizable  lipids.  Furthermore,  it  was  demonstrated
that  the  model  can  be  iteratively  optimized  toward  specific  objectives,  such
as  enhancing  mRNA  transfection  efficiency.  This  work  represents  a  critical
step toward automated, goal-oriented lipid molecular design.

 Summary
The prediction of glycan and lipid molecular properties and their structural

design  presents  significant  technical  challenges  that  continue  to  engage
researchers.  Despite  the  development  of  sophisticated  algorithms,  this  field
requires further innovation and systematic exploration. The structural design
of  these  biomolecules  is  particularly  crucial,  given  their  fundamental  role  in
optimizing human health outcomes. Current progress faces limitations due to
the scarcity of high-quality experimental data, but this has also spurred inno-
vative strategies, such as constructing domain-specific synthesis databases
to train specialized generative models for lipid design, thus turning a key limi-
tation  into  an  opportunity  for  advancement.  As  comprehensive  databases
and resources become increasingly available, the structural design of glycans
and lipids is emerging as a critical research frontier, promising transformative
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breakthroughs in medicine and biotechnology.

 BIOMATERIALS
Biomaterials are materials designed to interact with biological systems for

the  replacement,  repair,  or  regeneration  of  tissues  and  organs.  They  play  a
crucial  role in advancing biomedical  engineering,  as they are foundational in
applications  such  as  medical  devices,  tissue  engineering,  and  drug  delivery
systems.372–373 Biomaterials are broadly classified into three main categories:
polymers,  metals,  and  ceramics.  Among  these,  metal-based  biomaterials
hold  the  largest  commercial  market  share,  while  ceramics  follow  closely
behind.  However,  polymer-based  materials  represent  the  fastest-growing
sector due to their versatility and adaptability. To meet clinical needs, bioma-
terials  must  exhibit  excellent  biocompatibility,  mechanical  properties,  and
degradability.374 AI technology offers a dual approach to biomaterial develop-
ment: predictive modeling of material properties (e.g., swelling behavior, gela-
tion time, biocompatibility, and Young's modulus) and structural design opti-
mization across polymeric, metallic, and ceramic biomaterials (Figure 4C).375

 AI-assisted prediction of biomaterial properties
AI  techniques  have  been  extensively  applied  to  predict  the  properties  of

biomaterials,  enabling  efficient  and  accurate  prediction  of  critical  properties
such as mechanical performance, biocompatibility, and degradation behavior.
Polymeric biomaterials, particularly hydrogels, have received the most atten-
tion. Soleimani et al. used the artificial neural network-salp swarm algorithm
(ANN-SSA)  to  analyze  swelling  characteristics,255 while  Islamkulov  et  al.
developed an ANN-based tool for predicting swelling behavior of cross-linked
hydrogels.261 Boztepe  et  al.  compared  ANN,  LS-SVM,  and  SVR  models  for
simulating swelling performance of  pH- and temperature-responsive hydro-
gels,  demonstrating  that  ANN  achieved  the  best  predictive  performance.262

Karaoglu  et  al.  used  ANN  to  predict  stiffness  and  gelation  time  of  GelMA
hydrogels,256 Wang  et  al.  employed  back-propagation  neural  networks  to
predict  swelling  states  of  temperature-responsive  hydrogels,257-258 Khalvandi
et  al.  used  deep  neural  networks  to  predict  compressive  stress-strain
responses,259 and  Zheng  et  al.  applied  hierarchical  convolutional  LSTM  to
predict fracture behavior.260 Beyond hydrogels, Epa et al. linked polymer prop-
erties  to  biological  effects  such  as  cell  adhesion,268 Kwaria  et  al.  predicted
protein  adsorption  on  self-assembled  monolayers,269 and  Rostam  et  al.
modeled  immune-guiding  polymers  to  predict  foreign  body  responses.270 In
the domain of metallic biomaterials, Wu et al. developed ANN models to iden-
tify low-modulus titanium alloys suitable for  bone implants,271 and Chang et
al. predicted compositions of high-entropy alloys to optimize hardness.272

 AI-driven structural design of biomaterials

β

Various AI methods have been applied to design and optimize biomaterials.
Hydrogel design has received the most attention among polymeric biomate-
rials. Chen et al. proposed an AI-assisted high-throughput screening system
(AI-HTPCSS) that integrates a programmable pneumatic extrusion bioprinter
with  AI-assisted  image  analysis  for  efficient  screening  of  printing
conditions.263 Liu  et  al.  developed  a  deep  learning-based  approach  using
GANs  for  designing  superfiber-reinforced  hydrogel  composite  structures
optimized for specific mechanical performance.264 Umar et al. combined DFT
calculations  with  machine  learning  to  design  sodium alginate-based hydro-
gels for pollutant adsorption.265 Qiu et al. integrated BPNN and multi-popula-
tion genetic algorithms to rapidly design hydrogel-based metamaterials with
targeted  negative  hydration  expansion  effects.266 Cadamuro  et  al.267 devel-
oped  a  neural  network  model  for  designing  extracellular  matrix-mimicking
hydrogels with custom rheological properties, accurately predicting formula-
tions based on target storage and loss modulus.  Machine learning has also
been  extended  to  metallic  and  ceramic  biomaterials.  Xu  et  al.376 combined
physical  metallurgical  models  with  XGBoost  algorithm  to  design -type
medical  titanium  alloys  with  low  elastic  modulus  in  the  Ti-Mo-Nb-Zr-Sn
system,  achieving  experimental  elastic  moduli  of  37–43  GPa  that  closely
match natural bone. Horikawa et al.377 utilized machine learning to construct
models  that  estimate  the  bone-forming  ability  of  porous  hydroxyapatite
ceramics from fabrication conditions, enabling inverse analysis-based material
design with experimentally validated biological responses.

 Summary
AI has been widely adopted in biomaterial research, though most applica-

tions to date focus on property prediction rather than direct de novo design.
Existing  AI  methods  for  biomaterial  design  remain  relatively  conventional,
often relying on standard optimization frameworks rather  than cutting-edge
generative AI techniques.

The application of GenAI in biomaterials remains significantly underdevel-
oped compared  to  other  molecular  design  domains,  stemming from funda-
mental challenges including the complexity of multi-scale properties, the lack
of  large standardized datasets,  and the diversity  of  material  representations
across polymers, metals, and ceramics. To unlock the full potential of GenAI
for  biomaterial  design,  future  efforts  should  focus  on  creating  standardized
high-quality datasets and improving AI model interpretability, paving the way
for breakthroughs in biomedical engineering.

 FUTURE DIRECTIONS
AI-driven molecule  design has made significant  strides,  particularly  in  the

generation  of  protein  structures  and  small  molecules.  Advances  in  GenAI
models,  such  as  GANs  and  deep  learning  architectures,  have  enabled  the
exploration  of  vast  chemical  spaces  and  the  design  of  molecules  with
specific  properties.  These  models  have  shown  promise  in  tasks  like  drug
discovery,  protein  engineering,  and  the  generation  of  novel  biomolecules.
However, despite  these  advancements,  the  field  still  faces  substantial  chal-
lenges from the perspectives of data, AI models and evaluation.

From a data-centric perspective, lack of sufficient high-quality data would
constrain  the  models'  learning  capacity  and  limit  the  diversity  of  generated
molecules. Proprietary data from pharmaceutical companies, which includes
small  molecule  structures  and  protein  interaction  data,  is  often  confidential,
restricting  the  learning  scope  of  AI  models.  Public  datasets,  while  available,
suffer  from  inconsistent  annotations  and  limited  structural  diversity,  which
can  lead  to  biased  or  incomplete  training.  These  limitations  hinder  the
model's  ability  to  learn  general  chemical  rules  and  generate  diverse,  high-
quality molecules.

From a model-centric perspective, several issues persist. Training stability
and  efficiency  remain  significant  concerns,  with  models  like  GANs  being
prone to mode collapse, which reduces the diversity of generated molecules.
Deep generative models also demand considerable computational resources,
making them less accessible. Furthermore, ensuring the chemical validity and
synthetic feasibility of generated molecules is a critical challenge, as models
may  produce  compounds  that  violate  fundamental  chemical  rules  or  are
impractical to synthesize. The interpretability of these models are also limited,
making it difficult to fine-tune specific molecular attributes or understand the
reasoning behind generated outputs.

Evaluating  the  quality  and  utility  of  AI-generated  molecules  presents  its
own set of challenges. There is a lack of standardized metrics for assessing
the novelty, quality, and practical applicability of generated molecules, making
it difficult  to  compare  different  models  or  approaches.  Experimental  valida-
tion,  while  essential,  is  costly  and  time-consuming, slowing  down the  itera-
tive improvement of models. Moreover, ensuring the trustworthiness and reli-
ability of generated molecules is critical, as models may produce compounds
that are chemically invalid, synthetically infeasible, or even unsafe.

We discussed the challenges for AI-driven molecule design from the above
three  perspectives.  Next,  we  propose  future  research  directions  to  address
these challenges and advance the field further.

 Data-efficient AI for molecule design
The development of data-efficient AI models is crucial for molecule design,

as  high-quality  molecular  datasets  are  often  limited,  expensive  to  obtain,  or
proprietary.  Current  AI  models  rely  heavily  on  large  datasets,  but  real-world
molecular  discovery  often  involves  small  or  noisy  datasets.  To  address  this
limitation,  data-efficient  AI  approaches,378 such  as  few-shot  learning,  self-
supervised  learning,  and  transfer  learning,  can  be  leveraged  to  enhance  the
model’s ability to generalize from limited data.

One promising direction is the application of self-supervised learning tech-
niques  that  extract  meaningful  representations  from  unlabeled  molecular
data.  Methods  such  as  masked  molecular  modeling,  contrastive  learning,
knowledge  distillation,  and  graph-based  pretraining  allow  models  to  learn
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underlying  molecular  structures  without  extensive  labeled  datasets.  In  a
recent study,379 an end-to-end AI-guided few-shot inverse design framework
leverages  graph  grammar  knowledge  distillation  to  explore  novel  polymer
structures with desired properties. By distilling and recombining graph gram-
mar fragments from limited polymer data, the framework efficiently restricts
the high-dimensional polymer space, enabling the identification of 83 antimi-
crobial  candidates  from  just  86  initial  polymers.  Additionally,  integrating
domain  knowledge—such  as  chemical  heuristics  and  bioactivity
patterns—into generative models can further improve data efficiency. Finally,
few-shot  learning frameworks can be designed to  adapt  to  novel  molecular
tasks using only a small number of labeled samples, making AI models more
practical to drug discovery, material design, and other real-world applications.

Beyond traditional self-supervised learning approaches, recent advances in
molecular representation learning offer concrete pathways for data efficiency.
Masked  molecular  modeling  techniques,  such  as  masked  atom  prediction
where models learn to predict randomly masked atoms in molecular graphs,
can  extract  meaningful  representations  from  unlabeled  data.  Multi-scale
diffusion  approaches  like  HGLDM222 demonstrate  how  hierarchical  diffusion
processes  can  denoise  simultaneously  across  multiple  levels  of  molecular
abstraction  (atoms,  functional  groups,  and  complete  molecules),  enabling
efficient learning from limited data by leveraging structural hierarchies. Addi-
tionally,  cross-dimensional  information  transfer,  as  exemplified  by  the  SyCo
model,223 provides  a  concrete  framework  where  coarse  2D  structural
sketches serve as priors for 3D geometry learning, which then guides higher-
fidelity  2D  molecular  graph  generation—effectively  amplifying  the  utility  of
limited training data through multi-modal learning.

 Foundation models for molecule design
Foundation  models  have  demonstrated  success  in  natural  language

processing  and  computer  vision,  and  their  extension  to  molecule  design
holds  great  promise.  A  foundation  model  for  molecular  generation  and
prediction  can  be  trained  on  diverse  chemical  and  biological  datasets,
enabling  generalization  across  multiple  downstream  tasks  such  as  drug
discovery, material synthesis, protein engineering, etc.

These  models  can  benefit  from  multi-modal  learning,  where  molecular
data  from  various  sources—such  as  SMILES  strings,  molecular  graphs,  3D
structures,  and  experimental  bioassays—are  integrated  to  create  a  more
comprehensive representation of chemical space. Transformer-based archi-
tectures,  large-scale  pretraining,  and  fine-tuning  strategies  will  be  essential
for  building  robust  foundation  models  that  can  generate  novel  molecules,
predict  their  properties,  and  optimize  them  for  specific  applications.  For
example,  ChemFM,380 a  large  foundation  model  specifically  developed  for
chemicals, can significantly enhance the properties of generated molecules in
conditional  molecular  generation tasks.  In  addition,  few-shot  fine-tuning the
foundation  models381-383 for  downstream  prediction  and  generation  tasks  is
also  well  aligned  with  our  above  data-efficient  AI  for  molecule  generation.
Lastly, RL-based optimization loops can be integrated to refine the generated
molecules based on synthetic feasibility, bioactivity, and safety constraints.

 Physics/Chemistry-informed AI for molecule design
Incorporating  physical  and  chemical  principles  into  AI-driven  molecule

design can enhance model reliability and interpretability. Current deep learn-
ing  methods  often  lack  explicit  knowledge  of  molecular  physics,  leading  to
the  generation  of  molecules  that  may  be  chemically  invalid  or  synthetically
infeasible.  To  mitigate  these  issues,  hybrid  AI  approaches  that  integrate
physics-based simulations, quantum mechanics, and MD with deep learning
can provide more accurate predictions.

Several  physics-informed  architectures  have  emerged  for  molecular
design.  Co-diffusion  frameworks,  such  as  MolDiff,225 explicitly  model  the
interdependencies between  atoms  and  chemical  bonds  during  the  genera-
tion process, ensuring structural consistency that traditional atom-only DMs
often  violate.  Multi-scale  interaction  weighting,  implemented  in  MD3MD,226

decomposes  molecules  into  multi-scale  graphs  and  assigns  different
weights to inter-atomic interactions at various scales, effectively incorporat-
ing  physical  constraints  into  the  diffusion  process.  Specialized  noising
schemes for multimodal features, as demonstrated by EDM,89 provide equiv-
ariant DMs that handle both discrete atomic types and continuous coordinates

while adjusting input feature scales for enhanced training stability.  Addition-
ally,  retrosynthesis-guided  generation,  exemplified  by  TANGO,229 integrates
synthesis  prediction  tools  directly  into  the  reward  function,  fundamentally
constraining generation to synthetically  feasible molecules by limiting build-
ing blocks to predefined sets.

 Ethics in AI-driven molecule design
As  AI-driven  molecule  design  progresses,  ethical  considerations  must  be

prioritized to ensure responsible and safe applications. The ability to generate
novel molecules, including bioactive compounds and materials with unknown
effects,  raises  concerns  about  misuse,  such  as  the  design  of  harmful
chemicals or bioweapons. To address these risks, AI models must incorporate
safeguards, such as controlled access to molecular generation tools,  ethical
review processes, and transparency in model outputs.

Bias and fairness in molecular datasets also pose challenges, as AI models
trained  on  biased  data  may  overlook  certain  molecular  properties  or  fail  to
generalize  across  diverse  chemical  spaces.  Ensuring  dataset  diversity  and
implementing  bias-mitigation techniques  will  be  critical  to  developing  equi-
table  AI-driven molecular  design  systems.  Furthermore,  regulatory  frame-
works must be established to monitor AI-generated molecules, particularly in
pharmaceutical  applications,  to  prevent  unintended  consequences  and
ensure compliance with safety standards.

 CONCLUSIONS
AI-driven molecule  design  has  revolutionized  the  discovery  and  develop-

ment  of  novel  molecules  across  various  scientific  fields,  including  drug
discovery,  material  science,  and synthetic  biology.  This  survey  has  explored
the  application  of  GenAI  techniques  within  and  beyond  the  central  dogma,
covering the design of DNAs, RNAs, proteins, small molecules, lipids, glycans,
and  biomaterials.  Despite  significant  advancements,  several  challenges
remain, including data scarcity,  model  interpretability,  and experimental  vali-
dation.  Addressing  these  issues  requires  interdisciplinary  collaboration
among  AI  researchers,  chemists,  and  biologists  to  refine  existing  methods
and develop new frameworks.  Future research should emphasize improving
data  efficiency,  leveraging  foundation  models,  incorporating  physics-
informed  AI,  and  establishing  ethical  safeguards  to  ensure  responsible  AI-
driven molecular innovation. In summary,  AI  has the potential  to fundamen-
tally reshape molecule design by accelerating discovery processes, improving
accuracy,  and  uncovering  novel  molecular  structures  that  were  previously
inaccessible.  With  continued  advancements,  AI-driven  approaches  would
play a pivotal role in pushing the boundaries of molecular science and trans-
forming the future of biotechnology and therapeutic development.
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