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ABSTRACT
Inverse design of functional materials—using target performance to guide optimal parameters—provides a powerful alternative
to traditional forward methods, especially for complex, high-dimensional problems. Advances in machine learning (ML) enhance
its feasibility through fast surrogate modeling, efficient design-space exploration, and direct mapping from desired properties
to material solutions. This review presents a unified overview of ML-driven inverse design methodologies, covering topology
optimization, direct inverse mapping, and hybrid frameworks. We analyze keyMLmodels, optimization algorithms, and adaptive
schemes that tackle challenges including data scarcity and coupled physical constraints. Focusing on diverse functional materials,
we highlight and illustrate how ML-based inverse design is accelerating innovation across diverse classes of materials by rapid
generation of microstructures and geometries tailored to specific functionalities, including mechanical and architected materials,
acoustic and thermal metamaterials, optical materials, energy functional materials, biomedical and chemical materials. Finally,
we outline key challenges and future directions toward autonomous, physics-integrated, and generative pipelines for advanced
functional materials. This review aims to provide a unified foundation for ML-based inverse design and to guide the development
of intelligent discovery pipelines for advanced materials.
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Introduction

raditional design of engineering functional materials typically
ollows a forward process (Figure 1: blue part): an initial con-
iguration, often based on empirical knowledge or designer
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intuition, is evaluated and iteratively refined using physics-based
simulations until the desired performance criteria are satisfied
[1–5]. However, compared to inverse design, forward design
suffers from several limitations, including heavy reliance on
designer knowledge and intuition, high computational costs, a
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FIGURE 1 Overview of functional materials design methodologies and application domains in engineering.
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endency to converge to local rather than global optima, and
ifficulties in handling high-dimensional and complex design
roblems [6, 7]. In contrast, inverse design offers an alternative
ethodology [8, 9]. Rather than starting from a predefined
tructure, it begins with a specification of the target performance
r functional objectives and seeks to determine the optimal
hysical configuration that satisfies these requirements (Figure 1:
reen part). This performance-driven strategy enables the system-
tic exploration of non-intuitive, mechanical metamaterials with
nergy absorption properties [10], alloy with high-strength char-
cteristics [11], energy structure with high conversion efficiency
nd high energy density [12], high-performance solutions—such
s ultra-broadband acoustic metamaterials [13] and photonic
rystals with tailored light-manipulation properties [14, 15]—that
re often inaccessible through conventional design methods.

owever, the practical realization of inverse design has some
ignificant, inherent challenges. The computational cost of
avigating vast, high-dimensional design spaces using iterative
igh-fidelity simulations is often prohibitive [16–18]. Another
roblem is that multiple distinct designs can satisfy the same
erformance target, and it is sensitive, where small changes
n the desired performance necessitate radically different solu-
ions [19–21]. Furthermore, generating sufficient high-quality
of 68
and high-dimensional data (design-performance pairs) to explore
these complex spaces is costly and time-consuming, while
incorporating real-world constraints like manufacturability and
multi-physics interactions adds further layers of complexity and
uncertainty [22, 23]. These challenges historically hinder the
development of complex inverse design.

The use of machine learning in inverse design has significantly
advanced the inverse design (Figure 1: yellow part), offering
practical tools to address longstanding challenges such as high
computational cost, complex design spaces, and limited data
availability [24–31]. By learning the relationship between design
inputs and performance outputs from data, ML models can
provide fast approximations to traditional simulations, reducing
the time needed for design evaluation and enabling more effi-
cient optimization [32]. In addition to improving computational
efficiency, ML methods help manage problems related to high-
dimensional input and output spaces. Generative models—such
as Variational Autoencoders (VAEs) and Generative Adversarial
Networks (GANs)—can reduce the size of the design space or
identify feasible design regions, allowing optimization algorithms
to work more effectively. Recent models like diffusion-based
and transformer-based networks also show promise in capturing
complex patterns in design data [33]. To address data scarcity,
Advanced Functional Materials, 2026

tive C
om

m
ons L

icense



s
r
l
l
s
t
p
c
i
c
s
i
T
t
f
m

A
a
u
f
a
a
t
d
p
o
a
i
f

H
c
s
t
a
l
t
a
t

T
t
a
o
c
a
a
s
a
a
n
d
a
m
o
c
p
d
a

A

 16163028, 0, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/adfm

.75070 by L
iuchao Jin - U

niversity O
f C

alifornia, L
os A

ngeles , W
iley O

nline L
ibrary on [09/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
re
everal approaches have been developed. Physics-informed neu-
al networks (PINNs) incorporate known physical laws into the
earning process, improving accuracy even when training data is
imited.Multi-fidelitymodeling combines low-cost, low-accuracy
imulationswithmore accurate but expensive data sources, while
ransfer learning andmeta-learning use information from related
roblems to improve learning efficiency. Active learningmethods
an further reduce data requirements by selecting the most
nformative samples to evaluate [34]. In some cases, ML models
an learn to directly map target performance specifications to
uitable design parameters, providing a more direct route for
nverse design that does not rely on iterative optimization.
hese approaches are especially effective when integrated with
raditional physics-based methods, combining the speed and
lexibility of ML with the accuracy and reliability of established
odeling techniques [35].

lthough machine learning-driven inverse design has been
pplied across a wide range of engineering disciplines, its
nderlying strategies and guiding principles share a common
oundation. At its core, the inverse design process—whether
pplied to mechanical structures, optical devices, or biomedical
nd chemical materials—relies on learning or approximating
he mapping from desired performance targets back to feasible
esign configurations. Across various applications, similar com-
onents are commonly adopted, including surrogate modeling,
ptimization under constraints, dimensionality reduction, and
daptation to data availability. Despite differences in specific
mplementations and domain requirements, the methodological
ramework remains largely unified.

owever, most current research remains focused within dis-
iplinary boundaries, with limited cross-referencing between
ubfields [36]. This has led to the repeated development of similar
echniques, such as types and frameworks of machine learning,
nd the design of optimization algorithms, without a shared
anguage or comparative analysis. A comprehensive synthesis is
herefore essential to understand how these methods are being
dapted to different problem settings, and to identify the core
echniques that can be transferred or generalized across domains.

his review aims to fill this gap by presenting a unified perspec-
ive on ML-based inverse design. Rather than treating individual
pplications in isolation, we emphasize the common method-
logical framework that underpins inverse design across diverse
lasses of functional materials. We structure the discussion
round core strategies—including topology-optimization-based
pproaches, direct inverse mapping, and hybrid forward-inverse
chemes—and analyze how different machine learning models
nd optimization algorithms operate under varying data regimes
nd design-space dimensionalities. Furthermore, we highlight
ot only the methodological consistency of ML-driven inverse
esign but also its ability to accelerate the discovery, optimization,
nd multifunctional integration of mechanical, acoustic, ther-
al, optical, energy, civil, electrical, biomedical, chemical, and
ther emerging functional materials. Finally, we identify the key
hallenges that persist in this rapidly evolving field and outline
romising directions for future research, aiming to guide the
evelopment of next-generation inverse design frameworks for
dvanced functional materials.
dvanced Functional Materials, 2026
2 From Classical to Machine Learning-Enabled
Inverse Design

In this section, we review and summarize the technological
advancements in inverse design, along with commonly used
machine learningmodels,methods, and optimization algorithms,
aiming to provide readers with a comprehensive, clear, and con-
crete framework for inverse design. In Section 2.1, we primarily
discuss the development of inverse design methodologies. In
Section 2.2, we summarize the frequently employed machine
learning models and methods in inverse design. In Section 2.3,
we summarize the optimization techniques commonly applied
in inverse design. In Section 2.4, based on the commonly used
machine learning models, methods and optimization methods
in inverse design, we summarize three inverse design processes
based on machine learning.

2.1 Evolution of Inverse Design

The inverse engineering ofmaterials has undergone a progressive
evolution from traditional manual methods to modern ML-
driven intelligent processes. In traditional inverse engineering
methodologies, physical experimentation, empirical analysis,
and trial-and-error processes were predominantly employed
for design optimization, but these approaches suffered from
inherent limitations, including low procedural efficiency, high
experimental costs, and inadequate capability for handling com-
plex systems [37]. With the rapid advancement of numerical
computational methods, they are widely used for simulating
or validating experimental results. When a target outcome is
inversely designed, its performance can be evaluated through
high-fidelity numerical simulations. Numerical computational
methods include the finite element method (FEM) [38], the
finite difference time domain (FDTD) [39, 40], the finite inte-
gration technique (FIT) [41], the finite volume method (FVM)
[42, 43], and the discrete element method (DEM) [44, 45] as
shown in Table 1. Numerical calculation methods primarily
rely on solving partial differential equations (PDEs) to simulate
physical field distributions (e.g., mechanical equations to stress-
strain models [38], Maxwell’s equations to electromagnetic fields
[39, 40]). Numerical calculation methods primarily rely on solv-
ing partial differential equations to simulate the distribution of
physical fields. In electromagnetic simulations, Kanyee et al. [40]
applied the FDTDmethod to forward-model the propagation and
scattering of electromagnetic waves. This approach discretizes
the continuous Maxwell’s equations into difference equations in
time and space, and iteratively solves for updated field compo-
nents at grid points. For stress–strain modeling, Marcal & King
[38] employed the FEM to perform incremental elastoplastic
analysis of two-dimensional stress systems. By incorporating the
Prandtl–Reuss equations and the Von Mises yield criterion to
establish stress–strain relationships, equilibrium equations were
solved iteratively, simulating the progressive expansion of plas-
tic zones. These advancements in numerical techniques have
enabled the simulation of physical properties during the material
design process.

With the increasing maturity of optimization algorithms such
as gradient descent and Newton’s method, their application in
3 of 68
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TABLE 1 Numerical methods in inverse design applications.

Methods Applications Advantages Limitations

FEM [38, 46–48] Structural mechanics,
fluid dynamics,

electromagnetic analysis,
thermodynamics,

biomedical engineering

- Complex geometry handling

- Parameter inversion capability

- Intuitive field variable visualization
(e.g., stress, temperature)

- Mesh sensitivity (accuracy heavily
depends on mesh quality)

FDTD [39, 40, 49–51] Optics (metasurfaces),
biomedical engineering,
electromagnetic analysis
(design of electromagnetic

compatibility,
metamaterials)

- Time-domain electromagnetic tran-
sient simulation

- Broadband analysis capability

- Parallel computing compatibility

- The requirement for the refinement
of the grid structure

FIT [41] Electromagnetic analysis
(electromagnetic

compatibility, particle
accelerators)

- Electromagnetic conservation
property

- High-frequency domain precision

- Structured grid dependency

- Complex geometry limitation

FVM [42, 43, 52, 53] Fluid dynamics
(aerodynamic design),
thermal management

(layout optimization, heat
pipe design)

- Conservation law adaptability (e.g.,
hyperbolic, mass, momentum,
energy)

- Discretization scheme complexity

- Numerical diffusion susceptibility

DEM [44, 45, 54] Multibody dynamics
(granular systems),

biomedical engineering
(structural interaction
analysis, drug delivery)

- Discontinuousmediamodeling (e.g.,
particle interactions, multiscale
adaptation)

- Mesh-free formulation

- High computational cost (large par-
ticle systems)

- Parameter sensitivity (e.g., friction
coefficients, restitution)
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tructural design has deepened, demonstrating notable optimiza-
ion outcomes. Through systematic iterative updates of design
ariables, these methods can effectively determine sensitivity
elationships between various structural responses—such as
isplacement, stress, and temperature fields—and target perfor-
ance, thereby guiding adjustments in structural morphology
nd parameters. For instance, in gradient-based optimization,
he adjoint variable method is commonly employed to efficiently
ompute sensitivity coefficients, avoiding repeated forward com-
utations and significantly enhancing the efficiency of the
ptimization process [55]. When addressing design problems
ith complex boundary conditions, gradient-based algorithms
an achieve inverse design of intricate structures, such as porous
ooling channels, by minimizing objective functions like tem-
erature error or stress overrun, ensuring that results satisfy
ractical engineering constraints [56]. It is evident that the
dvent of gradient-based optimization algorithms has introduced
irectional guidance into structural optimization, laying the
roundwork for subsequent optimization strategies in functional
aterial design.

ubsequently, in 1997, Professor Olson introduced the concept of
materials by design [57],” advocating an inverse design approach
ollowing the closed-loop of “performance–properties–structure–
rocess.” This means first defining the desired end performance
f a product, then employing optimization algorithms (e.g.,
opology optimization, evolutionary algorithms) and computa-
ional models (physical or machine learning models) to inversely
esign material structures across multiple scales, from micro to
of 68
macro. This concept has led to a series of new inverse design
methods based on optimization algorithms and computational
models. For instance, in multi-material topology optimization
in inverse design, Bendsøe et al. [58] applied the SIMP model
to inverse topology optimization design, proposing a topology
optimization method based on material interpolation schemes,
including the SIMP model and inverse homogenization. The
SIMP model suppressed intermediate densities via density vari-
ables and penalty factors, driving the design toward a binary (0-1)
distribution to generate clear topological structures. Through
inverse design of periodic microstructures, the effective proper-
ties were matched to the target interpolation model, enabling
precise control of material volume fractions in multi-material
designs. Later, the development of global search algorithms, such
as evolutionary algorithms and particle swarm optimization, has
addressed challenges in material structure optimization, includ-
ing discrete design spaces, discontinuities, and the difficulty of
balancing kinematic stability. Early research often integrated
global optimization algorithms with multidisciplinary theories
for the inverse design of material structures. For example, in the
inverse design of photonic crystal devices, multiple scattering
theory was combined with the genetic algorithm (GA), where
GA was used to adjust binary parameters to optimize device
performance [59]. Subsequently, the particle swarm optimization
(PSO) algorithm was also applied to assist in the design and
optimization of functional material structures. For instance, in
multidimensional crystal structure design, PSO can serve as a
global search algorithm to efficiently identify silicon phases with
targeted electronic bandgap properties [60].
Advanced Functional Materials, 2026

ative C
om

m
ons L

icense



Engineering 
Design

Machine Learning-
Enabled Inverse Design

Numerical 
Computation 
Method

Experience and 
Intuition

Gradient 
Descent
1986

BFGS
1985

① Topology Optimization 
 Based Inverse Design

② Data-Driven Direct 
Inverse Design

③ Forward-Inverse  
 Hybrid Design

Diffusion 
Model
2023

Transformer 
2024

Early Engineering 
Design Methods

SVM
2013

Adam
2019

GAN/RL
2017

CNN/GNN
2020

Population-Based 
Optimization Algorithm ML-Neural Network

Gradient-Based 
Optimization Algorithm

SIMP
1999

NSGA-II
2011

Genetic 
Algorithms
2006

MLP
2011

PSO
2013

RNN/VAE
2018

FIGURE 2 The development history of inverse design in the field of engineering. From the initial trial-and-error approach to the current three
machine learning-based inverse design methods.
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urrently, numerical computation methods, optimization algo-
ithms, and topology optimization techniques have been exten-
ively applied to inverse structural design across multiple engi-
eering disciplines. In numerous works, these approaches are
ynergistically integrated to achieve comprehensive solutions
39, 61–65]. Nelson et al. [63] adopted a topology optimization
ramework combined with adjoint sensitivity analysis for plas-
onic nanostructure inverse design, utilizing gradient descent
lgorithms to iteratively update design variables until conver-
ence. Their methodology produces a trapping potential that is
.95 times greater than previous representative studies on algo-
ithm designed. Thillaithevan et al. [64] implemented the SIMP
ethod for material distribution interpolation during inverse
esign of periodic microstructures. This approach incorporated
bjective functionswith intermediate density penalty constraints,
mployed FEM for automatic computation of objective function
nd constraint sensitivities, and integrated gradient-based opti-
ization algorithms to progressively adjust penalty factors and
rojection parameters. The SIMP method significantly improved
esign binarization. Zeng et al. [66] developed a GA-based
opology optimization framework for inverse design of energy-
bsorbingmetamaterials with target stress-strain curves, success-
ully achieving structure-property mapping with minimal error.
dditionally, Cui et al. [65] proposed an intelligent design system
or material topology inverse design, enabling users to input
arget elastic parameters (e.g., effective elastic modulus, Pois-
on’s ratio) and directly generate compliant structures through
ntegration of PSO with moving morphable component topology
ptimization. While these methodologies remain highly effective
nd crucial in contemporary research, significant potential for
ethodological advancement persists.

s the complexity of material design continues to increase, tradi-
ional numerical computational methods have shown limitations
n efficiency when dealing with intricate material systems. In
onventional topology optimization, gradient-based sensitivity
dvanced Functional Materials, 2026
analysis also suffers from high computational cost and difficulty
in providing accurate optimization directions [66, 67]. Moreover,
as the design dimensionality rises, such methods struggle to
generate comprehensive structural datasets, leading to deviations
in predicted structural performance. Consequently, researchers
start to base material design on big data, exemplified by the
Integrated Computational Materials Engineering approach sup-
ported by the Materials Genome, as proposed by Xiong and
Olson [68]. Its core lies in the multi-scale, interdisciplinary
integrated design following the processing-structure-property-
performance paradigm, enabling rational material design and
development. Later, to achieve lower-cost and more efficient
inverse material design, researchers have turned to vast material
structure databases to train machine learning models. These
models serve as surrogates for expensive physics-based sim-
ulations, accelerating forward prediction of structure-property
relationships (e.g., Multilayer Perceptron (MLP) [69], Support
Vector Machine (SVM) [70], Reinforcement Learning [71], Recur-
rent Neural Network (RNN) [72], Convolutional Neural Network
(CNN) [73], and Graph Neural Network (GNN) [74]). On the
other hand, by training generative models to directly invert the
“structure-property” mapping, truly efficient inverse design is
realized (e.g., GAN [71], VAE [75]). Emerging machine learning
models such as Diffusion models [76] and Transformer models
[77] are now demonstrating strong potential in inverse material
design. ML-based inverse design methods have been widely
applied across various fields, including mechanical engineer-
ing [78–81], energy systems [82, 83], civil and architectural
engineering [84], optics and electromagnetics [85–88], materials
science [89–92], and biomedical engineering [93–96]. These ML-
based approaches can be broadly categorized into three strategic
paradigms: topology optimization-based inverse design, pure
inverse design, and forward-inverse hybrid design. In summary,
the evolution of design methodologies from simple to com-
plex, high-dimensional engineering problems is summarized in
Figure 2.
5 of 68
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.2 Machine Learning Models andMethods in
nverse Design

achine learning models and methods serve distinct roles
n inverse design, which can broadly be categorized into
wo primary functions. First, machine learning models serve
s inverse solvers to directly output inverse design results,
hereby accelerating the efficiency of inverse design [73, 97–
9]. Notably, generative models, owing to their high generative
fficiency, can effectively expand the dataset [100]. Second,
achine learning models can act as performance predictors
o replace traditional mathematical solvers such as numerical
imulations and sensitivity calculations, enabling rapid per-
ormance prediction and result validation [101, 102]. When
ombined with active learning methods, these models signifi-
antly enhance their own quality [103]. From this analysis, it
s evident that machine learning models are pivotal for inverse
esign. Therefore, in this section, we conduct a systematic
lassification of machine learning models based on learning
atterns, categorizing them into supervised learning, unsuper-
ised learning, semi-supervised learning, and reinforcement
earning.

upervised learning typically relies on labeled datasets for
odel training [104, 105]. For classification, SVMs and Nearest
eighbor classifiers are quintessential supervised models. In
nverse design, machine learning models are commonly used
or prediction, generation, and optimization, leveraging their
igh predictive accuracy and computational efficiency [106].
nsupervised learning focuses on identifying underlying patterns
n unlabeled data. Without explicit guidance, training such
odels is significantlymore challenging than supervised learning
107]. It is precisely this autonomous learning capability, however,
hat enables unsupervised models to discover novel patterns
rom data more effectively than supervised models [76]. Semi-
upervised models represent a combination of supervised and
nsupervised learning, typically utilizing a small amount of
abeled data alongside abundant unlabeled data. This approach
itigates data scarcity [108] and enhances either generative
odel diversity or proxy model robustness via self-supervised
retraining. Reinforcement learning is a strategy for learning
ynamic decisions through environmental interaction [109]. It
mbeds reward mechanisms to optimize design parameters,
liminating the need for labeled data. RL excels at resolvingmulti-
bjective trade-offs and enables dynamic adaptive optimization.
able 2 summarizes commonly used machine learning models
n inverse design, classified according to four learning patterns,
nd further analyzes their advantages and disadvantages based
n existing research.

.3 Optimization Algorithms in Inverse Design

ptimization algorithms play a pivotal role in inverse design,
ot only broadening the scope of addressable problems but
lso enhancing design efficiency. Overall, these can be classified
nto five uses. First, optimization algorithms are employed to
teratively optimize network model parameters, i.e., adjusting
esign parameters to match target performance. Second, they
acilitate structural generation and topology optimization. Third,
hese algorithms address multi-objective collaborative optimiza-
of 68
tion [133]. Fourth, optimization algorithms impose constraints
or penalties in inverse design processes, ensuring that design
parameters satisfy physical limitations while achieving optimal
performance. Lastly, they enable adaptive adjustment of design
schemes in dynamically changing environments or through real-
time feedback mechanisms. The choice of optimization method
directly influences design efficiency and result reliability. Based
on the differences in algorithmic principles and implementation
mechanisms, mainstream optimization methods can be system-
atically classified into the following five categories: gradient-
based optimization algorithms, population-based optimization
algorithms, probability-model-based optimization algorithms,
physics-based optimization algorithms, and reinforcement learn-
ing algorithms.

Basic gradient methods adjust design parameters using gradient
information to approach aminimum in inverse design [134], prov-
ing efficient and intuitive for convex optimization. Incorporating
enhancements like adaptive learning rates or regularization,
such as Adam, enables adaptation to sparse data [135] and
high-dimensional non-convex optimization [125]. Within topol-
ogy optimization, the SIMP method iteratively derives optimal
structures by leveraging gradients of the objective function with
respect to design variables.

Population-based optimization algorithms locate global optima
through iterative information exchange among individuals.
Based on distinct core mechanisms, they fall into two cate-
gories: evolutionary algorithms, simulating biological evolution
via cycles of mutation, selection, and recombination [136],
and swarm intelligence algorithms, mimicking collective ani-
mal behavior by emphasizing collaborative interactions among
individuals [137].

Probability-model-based optimization leverages prior knowledge
and historical data to construct surrogate models predicting
performance distributions in unexplored regions. By integrating
acquisition functions, it efficiently locates global optima. In
inverse design, this approach significantly reduces reliance on
costly experiments or simulations, particularly for multivariate,
high-dimensional nonlinear problems [138].

Physics-guided optimization algorithms achieve optimal struc-
tural performance through physically driven design variable
adjustment. For instance, Bidirectional Evolutionary Structural
Optimization adjusts member thickness based on von Mises
stress distribution within lattice struts, progressively enhancing
structural stiffness and lightweighting [139].

RL optimization enables agents to autonomously learn opti-
mal policies by interacting with an environment to maximize
cumulative rewards. Algorithms like DQN and Proximal Policy
Optimization (PPO) utilize neural networks to approximate value
or policy functions, employing experience replay and target
networks to stabilize training. This approach exhibits particular
strength in handling high-dimensional non-convex spaces and
dynamic constraints [132, 140].

In Table 3, we summarize the five types of optimization algo-
rithms described above, encompassing common optimization
algorithms currently used in inverse design.
Advanced Functional Materials, 2026
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TABLE 2 Common machine learning models and methods for inverse design of functional materials.

Category
Model and
method Advantage Disadvantage Refs.

Supervised-
Learning

SVM - Suitable for small sample
datasets

- Avoids dependence on activa-
tion functions

- Kernel functions can handle
non-linear relationships

- Unsuitable for large-scale data

- Sensitive to kernel function selection

[73]

Random Forest - Ensemble mechanism
improves model robustness

- Handles mixed-type datasets

- Unsuitable for very small sample
data

- Limited extrapolation capability

[110–112]

MLP - Suitable for continuous numer-
ical data

- Suitable for high-dimensional
input-output mapping

- Lack of feature extraction capability

- Requirement for large amounts of
data

[113, 114]

CNN - Efficient local feature extrac-
tion

- Suitable for processing 1D
sequence data, 2D image data,
3D voxel data

- Weak sequential data processing
capability

- Unsuitable for unstructured data

[106, 115]

GNN - Suitable for data with graph
structures

- GNN can progressively analyze
structural information through
multiple layers

- Unsuitable for datasets without
structural relationships

- High model complexity, difficult
hyperparameter tuning

[45, 116]

RNN - Strong sequence feature extrac-
tion capability

- Suitable for variable-length
sequence data

- Strong capability in capturing
sequence dependencies

- Highly sensitive to sequence order [72]

Long Short-Term
Memory (LSTM)

- Suitable for sequence data with
sequential dependencies

- Stronger capability in process-
ing long sequences

- Improves temporal modeling
performance

- Difficult to handle extremely long
sequences

- Computation cannot be parallelized

[117]

Conditional VAE
(cVAE)

- Diverse design samples genera-
tion

- Suitable for data with explicit
conditional information

- Generated results can be blurry

- Relationship between latent space
and physical properties is unclear

[118, 119]

Conditional GAN
(cGAN)

- Adversarial training enhances
generation quality

- Suitable for data with explicit
conditional information

- Unstable training

- Long training time

- Risk of mode collapse

[120, 121]

(Continues)

Advanced Functional Materials, 2026 7 of 68

 16163028, 0, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/adfm

.75070 by L
iuchao Jin - U

niversity O
f C

alifornia, L
os A

ngeles , W
iley O

nline L
ibrary on [09/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



TABLE 2 (Continued)

Category
Model and
method Advantage Disadvantage Refs.

Supervised
Transformer

Model

- High parallel computing effi-
ciency

- Suitable for processing multi-
modal data

- Self-attention mechanism cap-
tures long-range dependencies

- Requirement for large amounts of
high-quality data

- Reliance on positional encoding to
add sequential information

[77, 117]

Unsupervised
Learning

VAE - Continuous latent space facili-
tates integrationwith optimiza-
tion algorithms

- Suitable for high-dimensional
data with underlying low-
dimensional structures

- Generated samples may lack sharp-
ness

- KL divergence trade-off can be diffi-
cult

[113, 122]

GAN - Highly realistic data generation

- Suitable to handle “one-to-
many” mapping problems

- Risk of mode collapse

- Not suitable for high-precision tasks

[123, 124]

Diffusion Model - Suitable for high-dimensional
data

- Multi-step iterative denoising
avoids mode collapse

- Probabilistic generation
solves “one-to-many” inverse
problems

- Slow sampling, unsuitable for rapid
iterative design needs

- Not suitable for low-dimensional
data

[76, 98,
106,

125–129]

Semi-Supervised
Learning

Semi-Supervised
VAE

- Utilizing unlabeled data can
improve model generalization

- Latent space optimized
jointly by unsupervised and
supervised parts

- Unsuitable for datasets where dis-
tribution of unlabeled data differs
significantly from labeled data

- Noise from unlabeled data can affect
latent space construction

[130, 131]

Semi-Supervised
GAN

- Utilizing unlabeled data can
help model capture material
features

- Adversarial training avoids
overfitting to unlabeled data

- Difficult to handle mixed features
with discrete and constrained types

- Model may learn irrelevant features

[108]

Reinforcement
Learning

Deep Q-Network
(DQN)

- DQN autonomously explores
design space through interac-
tion with the environment

- Experience replay breaks
temporal correlations in data,
improving training stability

- Cumulative rewards allow opti-
mization of long-term goals

- Long interaction time with the envi-
ronment

- DQN can only output one action,
making it less flexible than genera-
tive models

[132]
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.4 Workflows of Machine Learning-Enabled
nverse Design

ased on a systematic review of the development of inverse
esign, along with machine learning models and optimiza-
of 68
tion algorithms, we further focus on the current architecture
of ML-based inverse design workflows. With the deepening
application of data-driven methods in materials and struc-
tural design, three representative processes of inverse design
have emerged: topology optimization-based inverse design,
Advanced Functional Materials, 2026
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TABLE 3 Commonly used optimization algorithms for inverse design.

Category Subclass Algorithm
Fundamental
principle Function Refs.

Gradient-Based Basic Gradient
Method

GD Iterative
parameter update
along the gradient

of the loss
function

Minimization of
the loss function

[103, 141–144]

Improved
Gradient Method

Stochastic
Gradient Descent

(SGD)

Parameter update
using gradients
computed from
randomly

sampled data

Acceleration of
large-scale data

training

[145]

Adjoint Method Transformation of
gradient

computation into
solving adjoint
equations

Significant
reduction in
computational
cost for complex
optimization
problems

[146, 147]

Adaptive Moment
Estimation
(Adam)

Dynamic
parameter
adjustment
combining

momentum and
adaptive learning

rates

High-dimensional
parameter

optimization;
automatic

adjustment of
update magnitude

[67, 72, 106, 115,
117, 118, 124, 125,
135, 138, 143,
148–159]

Adam with
Weight Decay
(AdamW)

Decoupling of
weight decay from

parameter
updates

Prevention of
overfitting;
enhanced

generalization
capability

[77, 98, 126, 143,
160, 161]

Limited Memory
BFGS (L-BFGS)

Iterative
parameter update

using
quasi-Newton

methods within a
bounded region

Avoidance of
divergence or
local optima

[45, 143, 154, 156]

Moving
Asymptotes

Method (MMA)

Sequential
adjustment of
movable

asymptotes to
approximate the
original problem

Balance of
convergence and
robustness;
avoidance of
oscillation or
premature local

optima

[102, 162]

Adaptive Gradient
Algorithm
(Adagrad)

Adaptive learning
rate adjustment;
larger updates for
sparse features

Sparse data
optimization

[143]

Nesterov-
accelerated Adam

(Nadam)

Combination of
Nesterov

momentum and
Adam’s adaptive
learning rates

Accelerated
convergence;
reduced
oscillation

[143]

Root Mean Square
Propagation
(RMSprop)

Learning rate
adjustment via
exponentially

weighted averages

Optimization of
non-stationary

objective
functions

[124, 143]

(Continues)
Advanced Functional Materials, 2026 9 of 68
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TABLE 3 (Continued)

Category Subclass Algorithm
Fundamental
principle Function Refs.

Material Density
Distribution
based Method

SIMP Association of
material density
with physical
properties via

penalty functions;
suppression of
intermediate
densities

Efficient handling
of complex

material layout;
elimination of
gray-scale

intermediates;
ensuring

manufacturability

[64, 127, 162]

Population-Based Evolutionary GA Emulates natural
selection via
crossover,

mutation, and
selection

Global search for
multi-

objective/nonlinear
problems

[133, 144, 146,
163–165]

Differential
Evolution (DE)

Generation of
new individuals

via vector
differential
mutation

Continuous space
global

optimization

[122, 166, 167]

NSGA-II Multi-objective
optimization via
non-dominated
sorting, crowding
distance, and

elitism

Solution of
multi-objective
optimization
problems

[133, 168]

Swarm
Intelligence

PSO Simulates
collective

behavior of bird
flocks for
information
sharing

Fast convergence
in continuous
optimization

[65, 113, 166, 169,
170]

ABC Simulation of
honeybee foraging
division of labor
and cooperation

Strong global
search with
delayed

convergence

[73]

Simulated
Annealing (SA)

Probabilistic
acceptance of
suboptimal

solutions with
temperature
scheduling

Escapes local
optima in
multimodal
landscapes

[171]

Quantum
Annealing

Leverages
quantum

tunneling to
bypass energy

barriers

Tunneling effect
enables rapid
sampling from

complex quantum
probability

distributions for
efficient training
of high-quality

models

[171]

(Continues)

10 of 68 Advanced Functional Materials, 2026

 16163028, 0, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/adfm

.75070 by L
iuchao Jin - U

niversity O
f C

alifornia, L
os A

ngeles , W
iley O

nline L
ibrary on [09/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



TABLE 3 (Continued)

Category Subclass Algorithm
Fundamental
principle Function Refs.

Probability
Model-Based

Model-Based
Sequential
Optimization

Bayesian
Optimization

Modeling of the
objective function

(e.g., using
Gaussian
Processes);
sequential
optimization
guided by the
surrogate model

Suitable for
high-cost
black-box

functions and
hyperparameter

tuning

[138, 163]

Sampling-Based
Probability
Distribution
Update

Cross-Entropy
Method (CEM)

Optimization of
importance

sampling density;
re-estimation
using elite
samples

Significant
reduction in
computation
required for

estimating small
probabilities

[172]

Physics-Based Material Addi-
tion/Subtraction

Bidirectional
Evolutionary
Structural

Optimization

Dynamic material
distribution

adjustment driven
by objective and

constraint
functions

Performance
enhancement;
lightweight

design; complex
geometry
adaptation;
multi-scale
compatibility

[139, 173]

Physical Field
Modeling

Level Set Method Implicit definition
of material

distribution via a
continuous

level-set function

Direct boundary
control;

multi-parameter
co-optimization

[174, 175]

Reinforce-ment
Learning

Policy Gradient
Methods

PPO Clipped objective
function and
adaptive KL
divergence

penalty to limit
policy changes

Enhanced
training stability

for
high-dimensional,

non-convex
design spaces

[132]

Q-Factor
Optimization

Q-Learning Stepwise Q-value
error correction
converging to the
optimal policy

Global optimum
exploration via
stochastic policy
using only reward

signals;
adaptation to

dynamic complex
scenarios

[140]
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ata-driven direct inverse design, and forward-inverse hybrid
esign. Beyond establishing mapping mechanisms from per-
ormance targets to structural parameters, these frameworks
undamentally differ in their typical failure modes, suitability
nder different data–physics regimes, and trade-offs among data
fficiency, physical consistency, and computational scalability
Table 4). This section therefore not only elaborates on their core
ogic and implementation pathways but also critically compares
heir limitations and regime-dependent applicability, aiming to
rovide a decision-guiding framework for selecting appropriate
trategies in practical engineering contexts.
dvanced Functional Materials, 2026
2.4.1 Topology Optimization based Inverse Design

Inverse design via topology optimization is a design method-
ology that inversely derives the optimal topological structure
from target performance by adjusting material distribution and
structural topological morphology [98, 162, 176, 177]. Its core lies
in iteratively evolving to find optimal parameter designs through
topology-evolved structures combined with physical models and
optimization algorithms, as illustrated in Figure 3a. Topology
optimization for inverse design is grounded in explicit physical
formulations, establishing clear relationships between design and
11 of 68
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TABLE 4 Three commonly-used inverse design processes.

Inverse design
strategy

Topology optimization
based inverse design

Data-driven direct inverse
design Forward-inverse hybrid design

Core operational
principle

Topology evolution-based
structural optimization

Direct
performance-to-parameter

mapping

Alternating forward-inverse
iterative optimization

Physical
embedding
mechanism
(constraint
formalism)

Explicit material distribution
constraints (e.g., SIMP

method)

Implicit data-driven
constraints

Explicit physics-based constraints
(e.g., FEM)

Functional role of
machine learning

Auxiliary sensitivity analysis
and structural generation

Core inverse solver Optimization acceleration,
performance prediction,
parameter correction

Functional role of
optimization
algorithms

Structural distribution
generation

Inverse solver optimization
and optimal structure

screening

Forward prediction model
optimization and inverse

generation model refinement
Characteristic
outputs

Continuum topology
configurations

Non-intuitive innovative
configurations

Parametric geometric models

Topology 
Optimization 

Algorithm

Physical Model

Sensitivity Analysis /
Machine Learning 
Surrogate Model

Implicit Data-Driven 
Constraints

Physical 
Verification

Performance 
Parameters

Design 
Parameters

Candidate Design 
Parameters Set

Design 
Parameters

Performance 
Parameters

Verification
Yes No

O
ptim

ize 
P

aram
eters

Fr
ee

ze
 

P
ar
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s

U
pdate 

P
aram

eter s
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FIGURE 3 Three inverse design processes. (a) The typical process of topology optimization based inverse design. (b) The typical process of data-
driven direct inverse design. (c) The typical process of forward-inverse hybrid design.
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istribution, thereby enabling precise inverse design. However,
opology optimization typically suffers from high computational
ost due to repeated large-scale numerical simulations, and its
calability becomes a limiting factor in high-resolution 3D or
ulti-physics coupled problems. Moreover, it is less suitable in
egimes where governing physics is uncertain or where differen-
iable formulations are unavailable. For instance,Hammond et al.
178] employed photonic topology optimization for the inverse
esign of photonic devices. They imposed constraints onmaterial
roperties using the Lorentz–Drude model and restricted the
ielectric response of intermediate densities through material
onstitutive relations, ensuring physical consistency. Addition-
2 of 68
ally, Han et al. [162] developed an inverse design framework
based on the heat diffusion equation to generate 3D sequen-
tial metamaterials with extreme stiffness. By treating candidate
microstructures as heat sources and adjusting the non-uniform
thermal diffusion coefficient field, they generated dynamic tem-
perature fields, fromwhich continuousmicrostructure sequences
were extracted via isothermal surfaces.

Machine learning serves as an acceleration tool in topology
optimization inverse design to address efficiency bottlenecks in
large-scale and high-complexity problems. While surrogate-
assisted topology optimization improves computational
Advanced Functional Materials, 2026
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fficiency, approximation errors introduced by learned sensitivity
odels may accumulate during iterative updates, potentially
eading to suboptimal or physically inconsistent solutions if not
arefully validated. Chi et al. [179] integrated machine learning
odels into a general topology optimization framework, where
deep neural network (DNN) was trained to learn the mapping
rom design variables and coarse-network strain information
o sensitivities, replacing traditional FEM-based sensitivity
olutions. For the 3D cantilever beam design problem, the
tandardmethod took 25,455 s, while theML framework required
nly 6,069 s. Furthermore, Kudela et al. [176] developed an inverse
esign approach integrating deep learning models with GA to
ptimize the topological configuration of phononic crystals.
his method efficiently generated optimal geometries guided
y target performance metrics, such as bandgap characteristics
Figure 4a). Numerous case studies demonstrate that the
urrogate model significantly enhances design efficiency
nd consistently produces topologies with tailored bandgap
roperties. Another approach to enhancing efficiency in topology
ptimization via ML is directly establishing mappings between
oarse and fine structures [180]. For instance, Napier et al.
180] employed an ANN to conduct topological optimization,
here initial designs generated by conventional topology
ptimization algorithms were fed into a trained ANN model.
xperiments showed that although compliance and volume
rrors increased slightly, this method saved approximately 85% of
he time, reduced fuzzy transition layers, and produced clearer
oundaries.

achine learning can also directly generate structures [182] and
xpand datasets when data quantity or quality is insufficient [98].
his is because existing methods often fail to ensure complete
oundary consistency of microstructures, leading to insufficient
onnectivity and compromised mechanical performance. Feng
t al. [98] noted that even with data diversity expanded via shape
erturbation and filtering, the dataset struggled to cover the full
ange of elastic moduli in microstructure design. They trained
diffusion model to generate high-quality novel samples and
djusted the dataset through active learning strategies, effectively
nhancing the coverage of the elastic tensor space. The trained
iffusion model produced microstructures with extremely high
uality, achieving an 𝑅2 of 0.994 and a boundarymatching degree
f 0.998 with target values.

.4.2 Data-Driven Direct Inverse Design

he core concept of a data-driven direct inverse design approach
ies in constructing an end-to-end inverse solver that directly
stablishes a mapping from target performance to design param-
ters [73, 76, 115, 148]. Compared to forward-inverse hybrid
pproaches and topology optimization-based inverse design, this
ethod avoid the need for time-consuming iterative optimization
nd numerical computations. However, this efficiency gain is
chieved at the cost of heavy dependence on large, high-quality
abeled datasets. In data-scarce or poorly characterized physical
ystems, purely data-driven inverse solvers may exhibit unstable
eneralization, mode collapse (in generative settings), or non-
hysical outputs. It operates on the premise that a sufficiently
rained model can learn the intrinsic, complex mapping rela-
ionships from massive datasets and directly generate structures
dvanced Functional Materials, 2026
satisfying the target performance. Such a premise implicitly
assumes adequate coverage of the design space; when extrapola-
tion beyond the training distribution is required, direct inverse
models often fail due to ill-posedness or non-uniqueness of
the inverse mapping. The core workflow of this framework is
illustrated in Figure 3b. The specific implementation methods
primarily fall into three categories: direct mapping/supervised
inversion, direct generation via generative models, and latent
space optimization.

Direct Mapping/Supervised Inversion refers to using supervised
learning algorithms to directly learn the mapping from perfor-
mance to design. Once trained, the model can rapidly output
design parameters based on performance requirements without
intermediate optimization steps. For instance, Shi et al. [73]
employed a combination of CNN, autoencoder, and optimized
SVM to perform inverse design of metasurface structures. By
leveraging the structure-performance correspondence within
the dataset, the thoroughly trained model learned the intrin-
sic relationship between them, enabling direct generation of
the metasurface structure matrix from target electromagnetic
performance. CST simulations confirmed that its reflection coef-
ficients closely matched the targets. Additionally, He et al. [148]
developed and trained a neural network to directly generate
metasurface structural parameters based on target properties.
Testing showed the model could accurately produce the required
arrangement radii within a target bandgap width range in just
0.05 s.

The direct generative modeling approach emphasizes the use
of conditional generative models to produce designs from per-
formance specifications. These models learn the distribution of
the design space and generate novel, diverse design samples.
This method is not only suitable for creative or exploratory
tasks, but conditional generative models can also effectively
incorporate performance constraints to create designs that meet
requirements. For example, Bastek andKochmann [76] addressed
the lack of physical interpretability in direct mapping for meta-
material design. They innovatively employed a diffusionmodel to
learn themapping froma target stress-strain curve to the full-field
stress distribution. The final structure satisfying the target nonlin-
ear mechanical response was then extracted directly by analyzing
the displacement field. This two-step process effectively functions
as an inverse network for direct mapping (Figure 4b), likewise
eliminating the need for explicit optimization or iterative tuning.
Validation on 100 randomly generated designs showed a resulting
response error of 6.98% in finite element verification.

Latent space optimization addresses the inherent limitations
of generative models, such as incomplete representations and
information loss in the latent space, by employing optimization
algorithms to refine the design process. This approach involves
three key steps: first, mapping designs to a low-dimensional
latent space via generative models; second, performing optimiza-
tion within this latent space using methods such as gradient
descent, Bayesian optimization, evolutionary algorithms, or rein-
forcement learning; and finally, decoding the optimized latent
representations into physical designs. For instance, Peng et al.
[183] integrated a generative architecture design with a multi-
objective active learning loop, forming a framework capable of
generating microstructure materials with bone-matching elastic
13 of 68
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a
Topology Optimization - GA

b

c

Sampled 2D Gaussian 
Random Field

Binary Thresholding Sequential Mirroring

Applied Displacement FE Simulation Stress-strain Response

Training Dataset 

FIGURE 4 Illustrations of three inverse design processes. (a) An inverse design framework integrating deep learning models with GA for
optimizing the topology of phononic crystals. It involves using the FEM to acquire a labeled dataset, training a deep learning model, and subsequently
coupling the trainedmodel with a genetic algorithm for rapid topological optimization of phononic crystal structures (Reproducedwith permission [176].
Copyright 2023, Elsevier.) (b) The process begins with dataset generation for model training, involving random sampling, mirroring, and FEM to obtain
compressive strain data. A fully-trained diffusion model iteratively reconstructs a full-field stress distribution sequence from high-speed noise. The final
binary structure is then extracted and directly output by analyzing the displacement field derived from the generated stress distribution (Reproduced
with permission [76]. Copyright 2023, Springer Nature.) (c) A forward-inverse hybrid design framework. This approach first generates fracture-resistant
mechanical metamaterials with ideal stress-strain curves via FEM-based machine learning, followed by a comparison and analysis of the simulated,
experimental, and predicted stress-strain responses, and concludes with application-oriented experimental validation (Reproduced with permission
[181]. Copyright 2024, Wiley-VCH).
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odulus. The former employed a 3D convolutional autoencoder
s the generative model, where an encoder mapped high-
imensional porosity matrices (3 × 3 × 3) into 8-dimensional
atent vectors, and a decoder reconstructed the original porosity
atrices from these vectors. The latter component performed
ulti-objective active learning optimization within the latent
pace, efficiently searching for design points that satisfy both
onstraints and optimization objectives while iteratively refining
he model using FEM feedback. The optimized latent vec-
ors were subsequently decoded into porosity matrices, which
inally guided the geometric generation of Gyroid triply periodic
inimal surface structures.

otably, in the data-driven direct inverse design, both the effi-
iency and accuracy are largely determined by the performance
f the inverse solver. This creates a fundamental trade-off: while
ata-driven direct inversion offers superior inference speed and
calability once trained, it sacrifices physical interpretability and
ay struggle in safety-critical or regulation-sensitive applications
here explicit constraint satisfaction is mandatory. Therefore,
ts effective training becomes a critical step in this process. This
rimarily involves two aspects: one is how to optimize the inverse
olver during training. For example, Shi et al. [73] used the
rtificial Bee Colony (ABC) algorithm to automatically optimize
he kernel parameters and penalty factors of the SVM during
odel training, effectively reducing errors caused by manual
arameter tuning. The other aspect requires sufficient high-
uality training datasets. For example, Gao et al. [115] established
comprehensive acoustic sink database (79,730 entries) within
he 0–5 kHz frequency range using the transfer matrix method.
he dataset was uniformly distributed and covered a broad range
f acoustic performance. When inputting a 5,000-dimensional
coustic absorption curve into the model, it directly predicted the
orresponding geometric parameters and the errors were all less
han ±0.2.

.4.3 Forward-Inverse Hybrid Design

he core logic of forward-inverse joint inverse design lies in
he alternating iteration of forward prediction and inverse infer-
nce (Figure 3c), achieving closed-loop optimization between
esign parameters and target performance [97, 101, 141, 171, 181,
84, 185]. Distinct from traditional data-driven direct inverse
esign, this framework not only incorporates a forward perfor-
ance prediction mechanism to guide structural updates but
lso integrates multiple machine learning strategies to enhance
esign efficiency and realizability. By explicitly retaining a
orward validation loop, hybrid frameworks improve physical
eliability and mitigate inverse non-uniqueness; however, they
eintroduce iterative optimization overhead, resulting in inter-
ediate computational cost between topology optimization and
irect inversion. Based on this concept, current mainstream
mplementation pathways can be categorized into three types.
hese variants differ in their balance between gradient avail-
bility, model complexity, and exploration capability, making
hem suitable for different scales of design spaces and lev-
ls of physics knowledge. First, coupling forward surrogate
odels with external optimization algorithms or inverse mod-
ls. Second, incorporating physics-informed and differentiable
ethods to enable end-to-end gradient propagation. Third, for-
dvanced Functional Materials, 2026
mulating the design process as a sequential decision-making
problem and optimizing strategies through reinforcement learn-
ing.

The core of integrating forward surrogate models with inverse
models or optimization methods lies in employing surrogate
models (e.g., feedforward neural networks [10, 97, 101, 171,
181, 185], residual networks [8, 141], kernel ridge regression
[184]) for rapid performance prediction, combined with inverse
models (e.g., generative models) to produce optimal designs
or optimization algorithms (e.g., genetic algorithms, Bayesian
optimization) to search for optimal solutions. For example,
Ha et al. [97] established a tandem framework of a forward
neural network and an inverse generative network to design
structural parameters that meet target stress-strain curves. The
generative model generated candidate design parameters from
the target curves, while the forward model replaced conventional
simulations, enabling the mechanical behavior of candidate
designs to be evaluated within seconds. Similarly, Chai et al.
[181] established an ML pipeline comprising inverse and forward
networks for inverse designing flexiblemechanicalmetamaterials
with specific stress-strain responses (Figure 4c). The inverse
network generated multiple candidate parameters, and the for-
ward network predicted their performances to select the optimal
solution with minimal error, improving overall efficiency by 50%.
Furthermore, the integration of forward surrogate models with
optimization methods also demonstrates broad applicability. For
example, Jin et al. [8] combined a forward prediction model
(ResNet) with genetic algorithms for inverse designing complex
4D-printed structures. The forward model accurately mapped
material distribution to structural deformation, enabling efficient
iterative optimization via evolutionary algorithms. Additionally,
Hossain et al. [186] employed a supervised learning model
to establish interpretable mathematical relationships between
the creep rupture of superalloys and key parameters such as
stress, temperature, chemical composition, and stoichiometry.
By further integrating an evolutionary algorithm, they inversely
identified the optimal chemical compositions under given stress–
temperature conditions, effectively enhancing the creep life of
Alloy 617.

Physics-informed and differentiable approaches emphasize
embedding physical principles or differentiable simulations
into machine learning models to enhance physical consistency
and optimization efficiency. Such methods are particularly
advantageous in data-scarce yet physically well-understood
systems, where governing equations are available but
experimental data are limited. By transforming conventional
“black-box” neural networks into physically interpretable “white-
box” or “grey-box” frameworks, the entire optimization process
becomes continuous and differentiable, enabling gradient-
based optimization through backpropagation. This allows
efficient computation of gradients of loss functions with respect
to design parameters. For high-dimensional design spaces,
gradient-based optimization algorithms significantly outperform
gradient-free methods in computational efficiency. Nevertheless,
their performance deteriorates when governing equations are
incomplete, highly stiff, or computationally expensive to
differentiate, limiting applicability in poorly characterized or
strongly discontinuous systems. Besides, conventional PINNs
often struggle with convergence due to data biases, particularly
15 of 68
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FIGURE 5 Problems encountered in inverse design and the corre-
sponding solutions.
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n photonic material design. To address this, the Multiscale
hysics-Informed Neural Network (MscalePINN) has been
ntroduced, offering enhanced capability in capturing multiscale
nformation. For instance, Rigant et al. [187] successfully
mployed MscalePINN as a solver, where multiple sub-networks
rocessed input signals at different frequencies. This approach
ccurately and efficiently reconstructed the effective permittivity
istribution, thereby advancing the design of photonic materials
ith disordered ensemble structures.

equential decision-based methods typically employ reinforce-
ent learning to dynamically adjust design parameters through
nvironmental interaction, enabling effective solutions for multi-
bjective trade-offs and dynamic optimization. This approach
onstitutes a stepwise decision-making process rather than a one-
hotmapping or optimization.Within this framework, the design
bject is treated as an “environment,” modifications to design
arameters are regarded as “actions,” and environmental feed-
ack provides “rewards” to evaluate design performance. While
einforcement learning excels in sequential and multi-objective
ecision problems, it typically requires extensive exploration and
arge numbers of environment interactions, making it computa-
ionally expensive and potentially unstable in high-dimensional
ontinuous design spaces. The ultimate goal is for the agent
o learn a policy that maximizes cumulative rewards through
ulti-step decisions. For instance, Li et al. [132] integrated the
QN and PPO algorithms, optimizing the Q–factor via a reward
unction, ultimately designing a photonic crystal laser cavity
hose performance surpassed that achieved by human expert
anual optimization by nearly four times.

Adaptive Strategies of Inverse Design

n Section 2, we review the evolution of inverse design tech-
ologies and summarize the machine models, methodologies,
ptimization algorithms, and mainstream strategies employed
n inverse design. Subsequently, we discuss the selection cri-
eria for appropriate models and optimization methods under
arying conditions, with a focus on addressing challenges such
s limited data availability and high-dimensional parameter
paces. By synthesizing commonly used approaches, we aim
o provide readers with practical design insights and solutions
Figure 5).

.1 Sufficient Data with Low-Dimensional
arameters

hen sufficient and well-distributed data are available alongside
low-dimensional parametric structure of the design target, the
nverse network can be adequately trained to enhance model
omplexity and generate precise design parameters. For instance,
n acoustics research, Zhang et al. [142] trained a multilayer ANN
nverse model using a dataset of 20,000 structure-acoustic per-
ormance pairs. Although the parameter dimensionality was not
xtremely low, the training set comprehensively covered diverse
arameter combinations. The well-trained inverse model gener-
ted 500 structural designs in only 4 s. Moreover, the extensive
ata improved the model’s extrapolation capability: even when
ested beyond the training domain, it maintained high predictive
6 of 68
accuracy (with 99.6% of samples achieving MSE < 0.0001) and
spontaneously generated designs with superior performance.

3.2 Scarcity in Data Volume

In ML-based inverse design, two common scenarios of data
scarcity are often encountered: insufficiency in data quantity and
deficiencies in data quality. Insufficient data quantity primarily
refers to an inadequate total number of samples for model
training or a shortage of data samples in the target domain. On
the other hand, deficiencies in data quality pertain to issues in
the accuracy, completeness, or signal-to-noise ratio of existing
data-such as excessive noise, mislabeling, or incomplete key
feature information, which results in a scarcity of high-fidelity
data. Another manifestation of poor data quality is low diversity,
characterized by homogeneous data. Currently, in ML-driven
inverse design, several strategies can effectively address these
challenges (Figure 6). In the following sections, we will delve into
these strategies in detail.

3.2.1 Limited Data Quantity

In practical research, data scarcity is a common challenge,
including insufficient data in the target domain and a lack of
labeled data. The issue of limited data in the target domain
arises from difficulties in real-world data acquisition, which
compromises the generalization ability of trained models in
the target domain. Regarding data labeling, the need for time-
consuming and costly numerical simulations to annotate large-
scale unlabeled data hasmotivated research into training effective
models with reduced reliance on labeled data. In such data-scarce
scenarios,meta-learning, transfer learning, and physics-informed
neural networks have been employed to address these challenges
(Figure 6).
Advanced Functional Materials, 2026
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FIGURE 6 The blue and red regions correspond to the two scenarios of insufficient data quantity and their respective resolution strategies.
When data in the target domain is scarce, meta-learning and transfer learning can be employed; whereas for limited labeled data, PINNs offer a
viable solution. The yellow and green areas represent the two manifestations of deficient data quality and corresponding mitigation approaches. In
cases where high-fidelity data is insufficient, multi-fidelity modeling serves as an effective strategy; for inadequate data coverage, data augmentation
techniques—including noise injection, geometric transformations, and generative models—can be applied.
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.2.1.1 Meta-Learning. Meta-learning involves acquiring
ross-task general knowledge from multiple related tasks, with
he core objective of enabling models to learn the “method of
earning” from data, thereby enhancing learning efficiency and
daptability to new tasks. As Figure 6 illustrated, the objective of
eta-learning is to acquire a universal “similarity comparison”
r “rapid adaptation” mechanism. When classifying new tasks,
he model can effectively process them with limited samples
y leveraging previously acquired methodological principles.
n essence, meta-learning optimizes the model’s “adaptation
rocess” rather than directly transferring specific knowledge
188]. Morrison and Ma [143] investigated the tuning effects of
eta-learning on machine learning optimizers for nanophotonic
nverse design tasks. Their meta-learning strategy aimed to
nable optimizers to learn how to adjust hyperparameters (e.g.,
earning rate) during iterations to better address the current task.
fter systematically comparing 24 optimizers, they found that
eta-learning significantly improved performance for specific
ptimizers: AdaGrad and RMSProp showed an average desired
erformance improvement of 0.05–0.1 in mode separators and
.1–0.2 inwavelengthmultiplexer, approaching the level ofAdam.
dvanced Functional Materials, 2026
In the context of small sample sizes, Ma et al. [189] proposed an
inverse design approach for composite materials incorporating
meta-learning strategies, which optimized the dielectric proper-
ties of additive-manufactured polymer composites by integrating
material composition, structural design, and process parameters.
The study combined theoretical models with machine learning
(few-shot learning combined with model-agnostic meta-learning
algorithm) to achieve precise predictions of dielectric constant
and loss tangent. By leveraging meta-learning to initialize model
parameters, the approach enabled the model to rapidly adapt
to new structure-process combinations within 5–10 samples per
task. Themodel demonstrated strong generalization capability on
the test set, achieving an 𝑅2 of 0.986 for dielectric constant and
0.976 for loss tangent.

3.2.1.2 Transfer Learning. Unlike meta-learning, transfer
learning addresses the issue of insufficient data in the target
domain by leveraging knowledge from the source domain [144].
As Figure 6 illustrated, transferring the parameters from the
source model (Model 1), obtained by solving the source task,
into the target model (Model 2) makes it possible to effectively
17 of 68
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ddress the target task without requiring extensive data. Cur-
ently, transfer learning has emerged as a new framework in
eep learning-basedmachine learning [104, 144, 149, 152, 153, 163],
nabling pre-trainedmodels to share experiences and parameters
ith new tasks, thus eliminating the need for extensive retraining
ith massive additional data. Zhu et al. [149] highlighted that
raditional deep learning methods require enormous datasets
o achieve high accuracy in meta-atom phase prediction tasks;
therwise, models severely overfit, with accuracy remaining
round only 10%. They employed a transfer learning strategy
sing a pre-trained GoogLeNet-Inception-V3 model, drastically
educing data requirements (from the conventional tens of mil-
ions to 20,000) to directly establish an accurate mapping from
hase distributions tometasurface structural parameters. Given a
esired 2D phase profile, this approach automatically generated
he entire pattern of functional metasurfaces rapidly, achieving
n accuracy of 89%. In the optical field, where data collection
or optical materials is costly, transfer learning strategies are
idely adopted [104, 144, 163]. Dong et al. [163], when inversely
esigning composite metal oxide optical materials, noted that
ertain element groups in their database had only 51 samples.
hey transferred the parameters of a fully trained model1 to an
rchitecturally identical model2, then fine-tuned the parameters
y continuing training on the small dataset specific to the target
lemental combination. This adapted the model2 to the charac-
eristics of the target domain. Experiments demonstrated that
he model using transfer learning (𝑅2 = 0.9947) demonstrated
uperior performance compared to the model without transfer
earning (𝑅2 = 0.9295).

.2.1.3 PINNs. To address the issue of insufficient labeled
ata, another approach is to explicitly incorporate physical equa-
ions to reduce reliance on them. In data-scarce but physically
ell-understood systems, physics-constrained optimization may
e more suitable than purely data-driven models. By integrating
overning equations into the learning process, models do not
eed to infer fundamental physical laws from limited data but
nstead inherit a feasible solution space defined by established
heoretical principles (Figure 6). Furthermore, when reliable
overning equations are available, physical models themselves
an serve as high-fidelity simulators to generate synthetic or
seudo-labeled data, thereby alleviating data scarcity while
nhancing interpretability and convergence stability [35, 154–156,
90]. Wiecha et al. [35] pointed out that PINNs is a deep learning
pproach that solves PDEs by directly embedding physical equa-
ions into the loss function. Unlike traditional data-driven neural
etworks, PINNs do not require pre-generated large-scale train-
ng datasets. Instead, they are trained under constraints imposed
y physical equations (such as the Helmholtz equation or wave
quation), enabling high-precision modeling even with limited
ata. For example, in the design of optical invisibility cloaks [154],
he network optimizes the dielectric permittivity distribution
o satisfy the wave equation solutions under specific boundary
onditions. Lu et al.’s [156] hard-constraint PINNs eliminated
he need for massive datasets generated by traditional numerical
olvers. By directly embedding physical equations (e.g., PDE
esiduals, volume constraints) as loss functions during training,
ard-constraint PINNs demonstrated performance comparable
o traditional numerical methods. In their optical holography
xperiments for light field distribution,without relying on labeled
8 of 68
data, the optimized objective values ranged from 0.0517 to 0.0528,
with losses reduced to the order of 10−5.

3.2.2 Low Data Quality

Another manifestation of data inadequacy lies in quality deficits,
characterized by a lack of high-fidelity data and insufficient
data diversity. Regarding data accuracy, high-precision data are
typically obtained from high-accuracy experimental instruments
or high-fidelity numerical simulations, whereas low-fidelity data
often originate from historical databases or rapid approximate
models. These two types of data exhibit systematic deviations.
The research challenge stems from the high cost associated
with acquiring high-fidelity data [149], making the effective
utilization of low-fidelity data crucial. In terms of inadequate data
coverage, trained models tend to exhibit limited generalization
capability [191] and poor extrapolation performance [192], which
represents a critical issue that must be addressed. In such data
quality-constrained scenarios, multi-fidelity modeling and data
augmentation strategies have been employed to mitigate and
resolve these challenges (Figure 6).

3.2.2.1 Multi-Fidelity Modeling Approaches. Multi-
fidelity modeling, a technique commonly used to handle
heterogeneous data, aims to reduce computational costs and
enhance model performance through collaborative optimization
of low-cost low-fidelity data and high-accuracy high-fidelity data.
This method typically employs multi-fidelity models combined
with transfer learning and active learning strategies in the design
workflow (Figure 6). Specifically, the low-fidelity model is used
to perform a global exploration of the entire design space, quickly
screening multiple promising candidate designs. Subsequently,
the high-fidelity model is activated only in the vicinity of these
promising candidates for local refinement and validation.
In fields characterized by complex microstructures, such as
lattice material design and photonic material design, high-
fidelity simulations are often time-consuming and expensive,
whereas low-fidelity models can be trained rapidly. Multi-fidelity
modeling thus effectively addresses the scarcity of high-fidelity
data relative to the abundance of low-fidelity data. For example,
Grbčić et al. [166] adopted a multi-fidelity ensemble framework
for the inverse design of photonic surfaces, which incorporated
a low-fidelity model for rapid screening of the potential solution
space and a high-fidelitymodel for fine optimization in promising
regions. This integrated approach not only significantly reduces
the overall computational burden but also demonstrates superior
performance in terms of both root mean square error (RMSE)
and design novelty compared to single-fidelity models and deep
learning generative models.

3.2.2.2 DataAugmentation. Physics-based numerical sim-
ulations provide an effective approach for dataset expansion.
Table 1 summarizes common numerical calculation methods,
among which FDTD, FEM, and FIT are most widely applied
in inverse design. These methods have been integrated into
professional simulation tools, including multi-physics platforms
(COMSOL Multiphysics, ANSYS), electromagnetic simulation
tools (Lumerical FDTD, CST Studio Suite), and structural anal-
ysis software (Abaqus, LS-DYNA) [130, 149]. Although sim-
ulation tools can effectively compensate for the shortage of
Advanced Functional Materials, 2026
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xperimental data, they suffer from high computational costs and
ime consumption, often failing to fully cover the design space
nd carrying risks of discrepancies with experimental results. To
nhance data generation efficiency, data augmentation methods
re required, including generating newdata throughnoise pertur-
ation and geometric transformation based on existing datasets;
sing generative models to create targeted new data consistent
ith physical laws; and applying active learning to select themost
nformative data points.

n machine learning, noise perturbation refers to a technique
hat generates new samples with statistical variability by adding
andom perturbations to original data. This technique essentially
imulates real-world phenomena such as sensor errors, illu-
ination fluctuations, or environmental disturbances through
ontrolled random corruption [193]. Geometric transformations
enerate new samples with variations in viewpoint, pose, or
cale by applying affine or non-rigid deformations to the spatial
tructure of data [181, 194]. It simulates physical phenomena like
hanges in observation angle or object deformation. For instance,
n clinical chest X-ray image processing [195], moderate geo-
etric variations efficiently simulate clinically plausible minor
ositioning or equipment angle deviations, yielding new image
ata. Images are common data in topology optimization design.
egarding image data augmentation,Wang et al. [193] categorized
hree modes: individual, multiple, and population augmentation.
n material design, individual augmentation is predominantly
mployed, modifying pixel values or spatial structures through
echniques such as pixel erasure and geometric transformations.
or instance, in the inverse design of 2D compliant mechanisms,
orte et al. [194] employed geometric transformations for individ-
al augmentation. The initial samples generated via FEM were
ugmented through rotation and mirroring, resulting in 180,000
ata points. The neural network trained on this augmented data
chieves 89.2% binary design accuracy in testing.

owever, conventional noise perturbation and geometric trans-
ormation techniques exhibit limitations. Simple noise addition
nd transformations often fail to capture the complex data
istribution of real-world tasks or introduce novel informa-
ion and intricate features. Generative networks offer distinct
dvantages in addressing these issues. Specifically, conditional
enerative networks-such as cGANs [100, 120, 121, 196, 197]
nd cVAEs [118, 197]-not only synthesize novel samples but
lso generate samples with specific attributes while ensuring
uthenticity (Figure 6). Jain et al. proposed three GAN variants
100]: deep convolutional GAN, auxiliary classifier GAN, and
nformation-theoretic GAN. Utilizing auxiliary classifier GAN
ith class labels, they generated synthetic images labeled with six
urface defect categories (e.g., inclusions, scratches), expanding
he training set from 5,400 to 9,000 images. A CNN classifier
rained on this augmented dataset achieves 92.78% accuracy,
ignificantly outperforming one trained using traditional geo-
etric augmentation (90.28%). To address the time-intensive
ature of super-resolution fluorescence microscopy and limited
bservable polydisperse nanoparticles, Azad et al. [118] proposed
electing representative samples and training a deep generative
odel (cVAE). By incorporating temperature conditions into the
atent space, their model generated microgel samples at arbitrary
emperatures, covering ranges beyond the original experiments
r supplementing statistical data. Extensive experimental evalua-
dvanced Functional Materials, 2026
tion confirmed that the generatedmicrogel samples closelymatch
actual data, and demonstrating extrapolation capability.

Generative models represent a viable choice when dealing with
insufficient quantities of both existing and novel samples. How-
ever, for scenarios characterized by a large volume of samples
with inadequate quality (i.e., heterogeneous information con-
tent), active learning strategies emerge as a superior solution [165,
198]. The core principle of active learning involves researchers
predicting sample performance through simulations or forward
predictive neural networks, followed by screening high-quality
samples to augment the training dataset. Currently, active learn-
ing strategies are primarily categorized into three types: the
pool-based scenario, stream-based scenario, and query synthesis
scenario. In the pool-based scenario, specific strategies such as
uncertainty sampling or diversity sampling are employed to select
the most informative samples from an unlabeled data pool for
annotation requests. The stream-based scenario involves data
input as a continuous stream, where the model must make
immediate decisions on whether to request annotation for each
incoming sample, typically based on predefined thresholds to
assess informativeness. In the query synthesis scenario, although
an unlabeled data pool is also provided, the active learning
strategy does not select samples from this pool for querying;
instead, it generates new samples autonomously for annotation.

Kim et al. [165] proposed a materials design framework based on
the query synthesis approach, leveraging GA and the forward-
predictive capability of DNNs for data augmentation. Their
method employed a hyper-heuristic GA to generate approx-
imately 4 × 104 candidate microstructures. The optimal can-
didates were selected and replicated to form an augmented
dataset. Experimental results demonstrated that under this active
learning framework, adding only 366 new stiffness data points
and 424 new strength data points sufficed to approach the
global optimum. The optimized composite stiffness neared the
theoretical limit.

3.3 High-Dimensional Scenarios

In ML-based inverse design, two distinct high-dimensional sce-
narios are frequently encountered: high-dimensional inputs and
high-dimensional design spaces. The distinction between them
lies in that the former refers to the complexity of input data
dimensions, whereas the latter denotes the complexity of param-
eters to be designed. Although both involve high-dimensional
problems, their focal points differ: the former emphasizes the
complexity of input features, with challenges primarily centered
on enhancing model robustness and computational efficiency;
the latter highlights the high dimensionality of design degrees
of freedom, with difficulties arising from efficiently exploring
optimal parameters.

3.3.1 High-Dimensional Input

With the increasing complexity of requirements, researchers
need to encode material or structural features/properties into
high-dimensional vectors (such as composition, lattice parame-
ters, topological characteristics, etc.) as inputs. However, these
19 of 68
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FIGURE 7 A schematic illustration of dimensionality reduction for high-dimension input data using either PCA or an AE. (a) PCA-
based dimension reduction for high-dimensional input data requires optimization guided by the objective function. (b) Dimension reduction of
high-dimensional input data is achieved through AE.
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igh-dimensional inputs are often intractable, thus necessitat-
ng dimensionality reduction processing. Here, we summarize
wo dimensionality reduction techniques—principal component
nalysis (PCA) and Autoencoder (AE)—both of which effec-
ively reduce data dimensionality and mitigate complexity while
reserving essential information (Figure 7). Forward models, in
ontrast, do not face challenges with high-dimensional inputs
uring training: even when the dimension of design variables
inputs) far exceeds that of performance (outputs), a sufficiently
rained forward model can still respond quickly.

.3.1.1 PCA Dimension Reduction. The core idea of PCA
s to project the original high-dimensional data onto a new
et of mutually orthogonal low-dimensional coordinate axes
hrough a linear transformation [199]. By sorting eigenvalues in
escending order and selecting the top principal components
ased on cumulative variance contribution ratio, the original
ata can be projected onto these selected components to obtain
low-dimensional representation, thereby achieving dimension
eduction (Figure 7a). In inverse design, PCA enables data com-
ression and simplification, effectively preserving the primary
haracteristics of the data, and plays a crucial role in handling
igh-dimensional input parameters. For example, in the work
y Zhou et al. [200] on the inverse design of bulk metallic
0 of 68
glasses using unsupervised generative models, supervised evalu-
ation was incorporated to assess the glass-forming ability of the
generated compositions-a strategy termed forward-inverse com-
bined inverse design. Within this forward supervised evaluation
framework, PCA and kernel smoothing function estimation were
employed to visualize the distributions of both the original and
generated data. The Wasserstein distance was then used to quan-
tify the discrepancy between these distributions. Specifically,
PCA effectively reduced the high-dimensional original literature
data and generated data to a two-dimensional space, which
not only facilitated clear visualization but also enabled robust
quantitative assessment. Further, Wang et al. [125] applied PCA
for dimensionality reduction on high-dimensional inputs while
using diffusionmodels for the inverse design of energy-absorbing
metamaterial microstructures. They successfully reduced the
number of principal components from nearly 100 to 15, while
still covering 99.98% of the variance. As a classical dimensionality
reduction technique, PCA played a pivotal role in inverse design
by effectively addressing the complexities arising from high-
dimensional parameter inputs. It operated by projecting the
original high-dimensional data into a lower-dimensional space
through a linear transformation, thereby preserving the domi-
nant data characteristics and significantly enhancing both the
computational efficiency and predictive accuracy of the model.
Advanced Functional Materials, 2026
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.3.1.2 AE Dimension Reduction. AE and its variants
VAE, cVAE) can reduce the dimensionality of high-dimensional
esign parameters through their special encoder-decoder archi-
ectures (Figure 7b). For example, in the inverse design of
etasurfaces, Naseri et al. [113] utilized a VAE to compress
igh-dimensional metasurface physical structures (such as scat-
erer shapes and interlayer coupling parameters) into a low-
imensional continuous latent space (8 dimensions). Within
his latent space, PSO was employed to find the optimal latent
ariables. The optimized latent variableswere then converted into
hysical structures via the decoder, outputting parameters such as
catterer shapes and interlayer dielectric thicknesses to obtain the
hysical design of the optimal electromagnetic metasurface.

ubsequently, researchers integrated conditional control into
AEs, using target properties as conditional variables fed along-
ide input data into the encoder and decoder. This enables finer
ontrol over the generation process [113, 157, 158, 164, 201–203].
or example, Tang et al. [201] proposed an adversarial conditional
AE (A-cVAE)model for inverse design of nanophotonic devices.
heir model mapped the 400-dimensional parameter space of
he device into a low-dimensional latent space via CVAE. By
ampling latent variables and combining adversarial training
ith active learning, it generated novel designs achieving an
verage figure of merit of 0.901. In a similar vein, some studies
ave further extended VAE applications across domains. In
bsorber design, Li et al. [157] developed an enhanced cVAE
or metamaterial absorber inverse design. Their encoder utilized
D convolutional layers and residual blocks to extract local
eatures from absorption spectra, sampling a 20-dimensional
atent variable. The decoder reconstructed absorption spectra via
ully connected layers and nonlinear activation, achieving high
onsistency between fabricated prototypes and simulations.

.3.1.3 Forward Model-Guided Optimization. Current
esearch has explored inverse design using forward models with
igh-dimensional inputs [204, 205]. When the input dimension is
uch higher than the output dimension, forwardmodels can still
rain reliable mapping relationships, though they face challenges
n optimizing network parameters. The use of appropriate algo-
ithms, such as backpropagation, can significantly enhance the
fficiency of parameter optimization. In nanophotonic inverse
esign, when the number of parameters increases (e.g., involving
to 10 dielectric layers), traditional numerical optimizationmeth-
ds (such as interior-point methods) are prone to local minima
nd exhibit exponentially increasing computational complexity.
o address this, Peurifoy et al. [204] directly trained a fully
onnected feedforward neural network to learn the complex
apping between the thickness of each shell layer in 8-layer shell
anophotons and their scattering spectra. The network took layer
hicknesses as inputs and outputted candidate scattering spectra
n the 400–800 wavelength range. Backpropagation algorithm
as used to optimize input parameters until the minimum error
ith the target spectrum was achieved, solving the complex
onlinear mapping problem in nanophotonics.

.3.2 High-Dimensional Design Space

or complex inverse design problems, the challenge lies in the
uge design space, which may involve continuous distributions
dvanced Functional Materials, 2026
of material compositions or topological diversity of structures
(Figure 8: blue part). However, the information in initial training
datasets often fails to encompass the input-output relationships
across the entire design space. Even with sufficient experimental
data, under increasingly complex experimental conditions,model
complexity far exceeds data volume, leading to sparse data
representation. For example, in chemistry, datasets typically
range from tens of thousands to hundreds of thousands, yet they
still fail to cover the enormous chemical design space [135]. The
model is unable to adequately capture underlying patterns. It only
remembers the noise in the training set or specific samples, but
has extremely poor generalization ability for the performance of
new targets. Methods employing forward modeling networks for
inverse design also face certain issues: as demands grow more
complex, the parameters of fully connected networks increase
dramatically [10]. Therefore, addressing high-dimensional design
spaces hinges on improving search efficiency, narrowing the
search scope, and efficiently approximating target performance.
In this section, we summarize several approaches (Figure 8), such
as leveraging advanced optimization algorithms (e.g., NSGA-
II) and utilizing active learning to enhance data coverage.
Additionally, advanced neural network models, including GNNs,
Diffusion Models, and Transfer Models, can effectively tackle
complex high-dimensional design challenges.

3.3.2.1 A Combined Generative-Predictive-
Optimization Framework. As mentioned in Section 2.4.3, the
forward-inverse hybrid design framework is now widely applied.
Specifically, it establishes a closed-loop process of generation-
prediction-optimization-feedback-regeneration. This enables the
search to actively and adaptively focus on promising regions
rather than relying on passive random trials. Moreover, the
generative network can inherently embed fundamental physical
constraints and symmetries, ensuring the physical feasibility of
proposed designs. Thus, this framework is particularly suitable
for complex problems within high-dimensional design spaces.
Early on, facing the multi-component combinatorial space
on the order of 1013 in inorganic material design, Dan et al.
[135] proposed a model assisted by Wasserstein GANs (WGAN)
and AEs. By integrating Adam optimization with the forward
model ElemNet to predict the formation energy and bandgap of
generated materials, this approach efficiently produced a large
number of valid and novel samples. Experiments demonstrated
that the chemical validity of the generated samples is 77 times
higher than that of enumeration methods, with a novelty
rate of 92.53% among 2 million generated samples. Based on
the combination of the forward-inverse hybrid model and an
optimization algorithm with extensive search performance,
high-dimensional design space problems can be handled more
effectively. Brzin and Brojan [124] tackled the large design space
encompassing material, geometric, and actuation parameters
for the inverse design of soft, deformable composite beams.
They employed a GAN architecture combined with a forward
simulator network, RMSprop optimization, and a joint loss
function. This framework achieves RMSE between the deformed
beams and target shapes (e.g., circle, wave) ranging from
0.65 × 10−3 to 6.47 × 10−3 mm−1. Generating 10,000 design
parameter sets required only 0.8 s.

3.3.2.2 Active Learning Strategy. As previously noted,
active learning strategies enhance dataset quality by proactively
21 of 68
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FIGURE 8 Complex problems, such as those involving metasurface, metastructure, nano-optical device, and material atomic combination, often
present challenges due to high dimension. These challenges can be effectivelymitigated by employing optimization algorithms (e.g., NSGA-II), strategies
like active and reinforcement learning, as well as models including GNN, Transformer model, and Diffusion model.
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electing high-value samples for annotation, primarily aimed at
ddressing the cost and time constraints of labeling training data
ithin high-dimensional design spaces. For inverse design in
uch spaces, a third active learning approach involves generating
amples via a generative network, subsequently filtering high-
erformance candidates from this pool. These selected samples
re incorporated into subsequent training rounds (Figure 8),
vercoming conventional data limitations and improving model
eneralization [103, 122, 201]. Nanophotonics exemplifies a field
haracterized by a high-dimensional design space. Early work
y Tang et al. [201] highlighted the need for extensive training
ata when using cVAE for inverse design of nanopatterned inte-
rated photonic devices. Traditional methods like Direct Binary
earch yielded limited optimized data, insufficient for complex
eometric parameters and broad optical responses, prompting
heir adoption of active learning. Their initial A-cVAE, trained
n 15,000 samples, generated 1,000 continuous-variable hole-size
atterns. High-performance samples were selected and added
o the training set (totaling 16,000 samples), boosting model
erformance. Results showed the figure of merit improved from
.888 (A-cVAE without active learning) to 0.901 (A-cVAE with
ctive learning). Singh et al. [122] proposed an active learning-
ased framework to address the large-scale design space problem
n nanophotonics. By iteratively labeling and expanding the
raining dataset, they trained models for subsequent inverse
2 of 68
design. The experimental results showed that the model trained
on the actively sampled dataset (44,000 samples) achieves amean
squared error (MSE) of 0.007 on a test set of 20,000 samples,
which is significantly lower than theMSE of 0.011 obtained by the
model trained on a randomly sampled dataset (200,000 samples).

3.3.2.3 PINNs. As previously mentioned, PINNs reduce
reliance on extensive labeled data by embedding physical laws.
Concurrently, physical constraints decompose high-dimensional
spaces into physics-governed low-dimensional manifolds or,
combined with governing differential equations, provide direc-
tional guidance for the optimization process. These mechanisms
enhance the feasibility of inverse design by stabilizing training
within high-dimensional parameter spaces, narrowing the search
domain, and preventing physically meaningless solutions [156,
206]. In metasurface design research, Xu et al. [206] also devel-
oped a physics-informed inverse design method for multi-bit
programmable terahertz metasurfaces. Physics-guided learning
first trained a residual MLP to establish a forward mapping
from geometric to modal parameters, achieving convergence
2.5 times faster than conventional MLPs in high-dimensional
parameter space. By incorporating physical constraints (e.g.,
periodicity and liquid crystal layer thickness) into the loss
function, 500 high-quality candidate structures were generated
within 10 s. Comparative MSE analysis demonstrated that the
Advanced Functional Materials, 2026
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hysics-informed inverse design method achieves over a 50%
eduction in error compared to a physics-agnostic Residual MLP.

.3.2.4 GNN. GNNs, with their efficient search perfor-
ance and targeted search capabilities, are also well-suited for
his high-dimensional design scenario. It models materials or
tructures as graph representations based on topological relation-
hips (e.g., lattice structures), and updates graph data through
hierarchical abstraction process from local to global scales,
ffectively capturing both local and global features to facilitate
ubsequent predictive classification (Figure 8). For example,
ddressing the challenge of the enormous atomic configuration
pace in glassmaterials due to the disorder andhigh complexity of
heir amorphous structures, Wang and Zhang [116] used GNNs to
irectly target plastic resistance, screening for metastable struc-
ures with superior performance. This “performance-oriented”
trategy avoided ineffective searches on irrelevant configurations,
ignificantly narrowing the design space to be explored. Exper-
ments demonstrated that the strong predictive performance of
NNs greatly enhances generalization ability, maintaining high
ccuracy (0.741) across different quenching rates.

.3.2.5 Reinforcement Learning. Reinforcement learning
nteracts directly with simulation environments to explore high-
imensional parameter spaces without requiring pre-training
ata. As the strategy learns from rewards obtained by execut-
ng specific actions in certain states (Figure 8), decisions are
ade in sequence using the Markov decision process. Li et al.
132] dynamically explored optimal solutions within the high-
imensional design space of photonic crystal laser cavities using
eep RL (combining DQN and PPO algorithms). The DQN and
PO algorithms proved highly efficient for high-dimensional
pace exploration. DQN enhanced stability and avoided relearn-
ng through “experience replay”, while PPO prevented training
ivergence by limiting the magnitude of policy updates. Through
ultiple training rounds, the policy network gradually optimized
he design parameters. Results demonstrated that after 152 hours
f training (versus 1.5 months for human experts), the designed
ong nanocavity achieves a Q-factor of 5.04 × 107. This repre-
ented a 17-fold improvement over the initial value andwas nearly
our times higher than the result (1.3 × 107) achieved through
anual optimization by human experts.

.3.2.6 Transformer Model. The Transformer model, ini-
ially proposed by Vaswani et al. [207], abandons conventional
ecurrent and CNNs. It employs self-attention and multi-head
ttention mechanisms to achieve efficient parallel computa-
ion and long-range dependency modeling. In high-dimensional
nverse design spaces, Transformers leverage encoder-decoder
rchitectures with attention mechanisms to effectively address
omplex structural parameters through structured sequence
epresentation, enhanced attention mechanisms, flexible archi-
ectural design, and efficient training strategies (Figure 8). This
pproach has established Transformers as state-of-the-art frame-
orks for inverse design in materials science and acoustics
77, 117, 161, 208].

or superconductor inverse design requiring exploration of infi-
ite atomic configurations, Choudhary [77] developed AtomGPT,
Transformer-based pretrained model for generative atomic
esign. They converted material structures and properties from
dvanced Functional Materials, 2026
the JARVIS-DFT database into standardized textual descriptions
via ChemNLP, enabling efficient exploration in high-dimensional
text space. With minimal low-rank matrix fine-tuning and
batch training using cross-entropy loss with AdamW opti-
mizer, AtomGPT generated structure-compliant text. The results
demonstrated that AtomGPT consistently yields lower RMSE
for generated structures than Crystal Diffusional VAE (CDVAE)
across various datasets.

Addressing vast chemical spaces in multi-property solid-state
material design, Chen et al. proposed a generative Trans-
former framework [161]. Crystalline structures were encoded
as SLICES (Simplified Line-Input Crystal-Encoding System)
strings concatenated with target properties. The Transformer
predicted subsequent tokens during training via Adam opti-
mization, enabling property-specified structure generation. Gen-
erated structures exhibit exceptional diversity-spanning hexag-
onal, orthorhombic, monoclinic, and triclinic systems with 31
elements-demonstrating robust generalization.

Chen et al. [117] introduced a Transformer-based inverse
design model for rapid development of multilayer micro-
perforated panels with target sound absorption. Their frame-
work encodes target spectra into latent features via Trans-
former encoders, while decoders autoregressively generate layer
parameters through multi-head cross-attention. Bidirectional
LSTMs validated spectral matching, enabling global optimiza-
tion in high-dimensional parameter spaces. Even within a 60-
dimensional high-dimensional design space, the model-designed
micro-perforated panel demonstrated excellent sound absorp-
tion performance, achieving absorption coefficients of 98.03% at
500 Hz and 97.94% at 1,000 Hz.

3.3.2.7 Diffusion Model. Diffusion models have demon-
strated remarkable generative capacity in inverse design, owing
to their ability to learn complex distributions within high-
dimensional design spaces through a Markov chain process of
forward noise addition and reverse denoising [209]. This enables
efficient exploration of vast solution spaces. By incorporating
conditional inputs (e.g., target properties, physical constraints) to
guide the inverse generation process, they establish strong corre-
lations between high-dimensional design parameters and target
performance, mitigating local optima entrapment (Figure 8).
Compared to GANs, diffusion models offer superior generation
stability and sample diversity. They naturally handle one-to-many
mapping problems, supporting the inverse derivation of diverse
structural designs from performance targets. Particularly effec-
tive in complex, high-dimensional domains like materials and
lattices [76, 98, 106, 125–129], they effectively balance generation
precisionwith design space coverage. Conventional GANs exhibit
instability in metasurface inverse design, primarily due to imbal-
anced adversarial trainingwhere one network dominates, leading
to failure. Furthermore, methods like Wasserstein GANs and
SLMGANsuffer fromgenerating structurally ambiguous outputs-
a consequence of unstable adversarial convergence. To address
these limitations, Zhang et al. [128] proposed MetaDiffusion,
a diffusion probabilistic model-based approach for metasurface
inverse design. In the forward process, Gaussian noise was
incrementally added to the original meta-atom structure 𝑥0 via
Markov transitions, ultimately yielding Gaussian noise 𝑥𝑇 . For
the inverse process, a neural network was trained to approximate
23 of 68
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he denoising trajectory, learning to reconstruct the original
tructure from noise 𝑥𝑇 . Post-training, the model iteratively
enerated target meta-atom structures 𝑥′𝑇 starting from 𝑥𝑇 .
xperimental results demonstrated that diffusion models excel
n high-dimensional design spaces, significantly outperforming
ther generative models.

imultaneously, to address the susceptibility of GANs and VAEs
o minor noise perturbations when designing microstructures for
pecified material responses, Vlassis and Sun [106] introduced
Denoising Diffusion Probabilistic Model. This model utilized
mbedded feature vectors of target properties to guide the diffu-
ion generation process. Compared to GANs, the forward noise-
dding and inverse gradual denoising diffusion process ensured
nhanced training stability and greater performance scalability as
ata volume increases. From 2.112 generated candidate samples,
CNN filtered 512 high-accuracy samples within seconds. These
amples exhibit finite element validation errors below 5% and
uccessfully generated non-training set topologies (e.g., the letter
twin”), demonstrating the model’s generalization capability in
igh-dimensional spaces. In the field of inverse design for lattice
tructure topology optimization, Zhang et al. [127] combined a
iffusion model with a regression surrogate model to overcome
he inefficiency and limited diversity of traditional topology
ptimization methods within complex, high-dimensional design
paces. During generation, the trained diffusion model incorpo-
ated target property conditions to produce geometric param-
ters. Gradients computed by the regression surrogate model
ere then used to adjust the generation direction, approximating
he target properties. Consequently, the hybrid lattice structures
enerated by this diffusion model exhibit superior performance,
ith significantly enhanced generalization capabilities compared
o the state-of-the-art IH-GAN model.

Inverse Design of Functional Materials via
achine Learning

n section 3, we presented methodologies and strategies for
L-based inverse design in engineering problems, addressing
ata volume variations and two high-dimensional scenarios.
his section provides a comprehensive overview of mainstream
pplications of ML-based inverse design for functional materials
n engineering domains. These case studies demonstrate the
ffectiveness of the aforementionedmethodologies and strategies
cross various fields and for different problems, offering readers
lear design guidelines.

.1 Mechanical Engineering

echanical functional materials encompass the design, synthe-
is, analysis, and control of materials and structures with targeted
echanical or multifunctional properties. The growing demand
or performance-driven design and novel functionalities renders
raditional, iterative development approaches insufficient, often
ailing to achieve optimal material architectures. In contrast,
achine learning-based inverse design strategies enable the
fficient discovery and rational design of mechanical functional
aterials with specific, pre-defined performance requirements
210, 211].
4 of 68
4.1.1 Energy Absorption

Mechanical materials with energy-absorbing properties are capa-
ble of effectively dissipating, storing, or transforming input
mechanical energy through their specific microstructures or
deformation mechanisms, thereby mitigating impacts or damp-
ening vibrations [212–221]. Conventional design approaches for
such materials exhibit inherent limitations [222]. First, topology
optimization methods for novel energy-absorbing materials are
constrained by multiple geometric parameters, leading to high
design dimensionality. Second, difficulty in balancing multi-
objective optimization trade-offs such as impact resistance and
energy absorption performances. ML-based inverse design meth-
ods are increasingly employed to develop mechanical materials
with tailored energy absorption properties, exemplified by re-
entrant structures [212, 223], honeycombs [224–227], and shell-
based lattice structures [10, 213, 228, 229].

To address the effects of multiple geometric parameters in
the topology optimization of energy-absorbing materials, the
forward-inverse hybrid design framework provides an effective
solution, particularly through the integration of machine learn-
ing models with search algorithms. For instance, Chang et al.
[223] proposed a machine learning model integrating a back-
propagation neural network (BPNN) with a GA to inversely
design mechanical metamaterials with prescribed Poisson’s ratio.
This approach efficiently addressed the problem arising from
the complex nonlinear coupling between multiple geometric
parameters and mechanical properties. The BPNN established
an end-to-end forward mapping, and the optimal combination of
parameters was rapidly identified through the framework, yield-
ing a Poisson’s ratio of 1.7105 × 10−10. Notably, the resulting struc-
ture exhibits a pronounced zero Poisson’s ratio effect under both
tensile and compressive deformation. Similarly, Deng et al. [212]
proposed an inverse design methodology that integrated neural
networks with an evolution strategy to create mechanical meta-
materials. To handle the high-dimensional geometric parameters,
they first employed PCA to reduce the dimensionality of the
stress-strain curves. Subsequently, a neural network was trained
to achieve efficient parameter–property mapping (Figure 9a).
After iterative optimization, themechanicalmetamaterials gener-
ated by this framework exhibit excellent energy absorption perfor-
mance (Figure 9b), with a maximum absorption efficiency of 94%
(Figure 9c).

Regarding the challenge of balancing multi-objective optimiza-
tion in the design of energy-absorbing mechanical materials,
the use of improved multi-objective search algorithms offers
an effective solution. For example, Li et al. [215] integrated
ANN with GA for the inverse design of energy-absorbing meta-
material structures and multi-objective optimization. A fully
trained ANN enabled the GA to perform iterative optimiza-
tion (Figure 9d). This approach endowed the metamaterial
architecture with enhanced plateau stress, stiffness, and reusabil-
ity. The optimal geometric parameters were output once the
MSE fell below a threshold, followed by the fabrication of
physical structures via 3D printing (Figure 9e). In experimen-
tal tests assessing practical energy absorption and protective
performance, the thermoplastic polyurethane structure suc-
cessfully absorbed the impact energy, leaving the egg intact
(Figure 9f).
Advanced Functional Materials, 2026
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FIGURE 9 Inverse design of structures with energy absorption. (a) The process of the proposed inverse design algorithm based on neural
accelerated evolution strategy (Reproduced with permission [212]. Copyright 2022, Wiley-VCH.) (b) Optimized energy-absorbing structure (Structure iv)
obtained via inverse design, showing numerical and experimental snapshots at a compressive strain of −0.1. Colors in the numerical snapshot represent
local quadrilateral rotations (Reproduced with permission [212]. Copyright 2022, Wiley-VCH.) (c) Drop-weight impact test on Structure iv results in a
rebound height of 2.5 cm, indicating an energy absorption efficiency of 94% (Reproduced with permission [212]. Copyright 2022,Wiley-VCH.) (d) Inverse
design framework integrating ANN and GA. The GA generates multiple sets of geometric parameters, while the ANN predicts the stress response for
each candidate design (Reproduced with permission [215]. Copyright 2025, American Chemical Society) (e) Fabricated specimen via ANN-GA-based
inverse design, presenting a 3D-printed energy-absorbing structure made of thermoplastic polyurethane material (Reproduced with permission [215].
Copyright 2025, American Chemical Society) (f) Inverse-designed thermoplastic polyurethane lattice protective structure with a thickness of 1.8 mm
successfully prevents egg damage in impact tests (Reproduced with permission [215]. Copyright 2025, American Chemical Society).
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verall, the forward-inverse hybrid design framework, partic-
larly through the combination of forward predictive models
nd global search algorithms, proves to be suitable for the
esign of mechanical materials with energy-absorbing fea-
ures. Data-driven machine learning models directly corre-
ate structural parameters with target properties (e.g., specific
oisson’s ratio, impact resistance, and high energy absorp-
ion), enabling efficient and rapid prediction. Combined with
ptimization algorithms (e.g., GA, NSGA-II), they efficiently
andle multi-solution optimization and multi-objective trade-
ffs, enabling global optimal parameter searches. This signifi-
antly shortens the design cycle for complex energy-absorbing
tructures, allowing rapid inverse design of structures like
e-entrant angles, petal-shaped honeycombs, and shell-based
attices.

.1.2 High-Strength Materials

s a key enabler for breakthroughs in the structural per-
ormance of engineering components, high-strength material
ystems primarily encompass categories such as advanced high-
trength steels, reinforced composites, specialty alloys, and lattice
etamaterials. These materials have demonstrated important
oles in aerospace [230], automotive engineering [231, 232], and
igh-end equipment [233], with their core advantages lying in
nhancing structural load-bearing efficiency and service safety
hrough superior strength, stiffness, and damage tolerance. How-
ver, traditional design approaches still face several prominent
imitations in the development of components using these high-
trength materials [231, 234, 235]. First, for novel materials,
he structure-property relationship is complex, and the design
arameter space is high-dimensional and nonintuitive. Second,
erformance objectives such as high strength, high toughness,
ightweight, and impact resistance are often mutually constrain-
ng, making it difficult for traditional methods to identify a
lobally optimal balance. Third, for traditional materials like
lloys, the final properties are determined collectively bymultiple
lemental compositions and processing techniques such as heat
reatment, whose interactions constitute a vast and discontinuous
esign space. In this context, ML-based inverse design offers a
ovel pathway for the multi-objective co-optimization of high-
trength materials.

powerful solution to address the challenges posed by the
omplex structure–property relationships, high-dimensional and
on-intuitive design spaces of mechanical metamaterials is the
ntegration of machine learning with evolutionary algorithms.
aurizi et al. [205] presented an inverse designmethod usingML
nd GA. The framework arranged fundamental truss units into
acrostructures (Figure 10a). ADNNandGA iteratively searched
he high-dimensional design space, yielding 12 high-performance
andidate structures. Experimental results showed the ML-
esigned structures have 30%–90% higher buckling strength than
onventional grid structures. In quasi-static compression tests on
D-printed specimens (Figure 10b), the ML-designed structures
xhibit approximately 15% higher average load-bearing capacity
han sponge-inspired 𝛽-structures.

he trade-offs among multiple performance objectives—such
s high strength, lightweight, and impact resistance—present
6 of 68
another significant hurdle in novel mechanical materials.
To navigate these conflicting goals, numerous studies have
employed ML-based forward-inverse hybrid design frameworks
with remarkable success. For instance, Challapalli et al. [236] pro-
posed an inverse ML framework combining GANs and forward
regression models. The entire process involved manufacturing
datasets, machine learning inverse design, and additivemanufac-
turing experimental verification (Figure 10c). After screening and
iterative optimization, the generated lightweight lattice structures
exhibit a 40%–120% increase in compressive strength compared to
the original octet-truss sandwich structure, achieving bothweight
reduction and high strength. For composite lattice materials,
Ha et al. [97] proposed an ML framework based on a forward-
inverse co-design strategy for rapid development of lightweight,
high-strength materials (Figure 10d). Inputting target compres-
sive stress-strain curves and physical constraints allowed the
model to rapidly generate candidate structures, predict mechan-
ical responses, and select the optimum. Incorporating gradient
parameters into theML pipeline further enhanced the strength of
the generated composite lattices. Drop tests showed reductions of
approximately 30% in measured acceleration and approximately
25% in impact potential energy.

For traditional materials such as alloys, their final properties
are determined collectively by multiple elemental compositions
and processing techniques like heat treatment. Their inter-
actions constitute a vast and discontinuous design space. To
address the inefficiency of conventional design methods for
high-strength alloys and the difficulty of balancing multiple
elemental compositions, ML-based inverse design frameworks
offer a new strategy for developing and optimizing high-strength
alloys. First, machine learning models are utilized to assist
in predicting the properties of alloy materials. For instance,
Bhat et al. [237] developed a multi-objective ML-based inverse
design method for Al alloys, rapidly predicting compositions and
processing conditions meeting specific mechanical properties. A
multi-objective random forest regressor simultaneously predicted
properties. When targeting 600 MPa tensile strength, the model
predicted 7 wt% Zn concentration, consistent with actual 7xxx
series alloy trends. This ML-assisted optimization strategy is also
applicable to the design of new alloys (e.g., Haynes 282 [238],
Alloy 617 [186], gradient alloys [11]). For instance, Wang et al. [11]
proposed a forward-inverse hybrid design framework to develop
high-performance functionally graded alloys. The framework
employed a GA to automatically identify the most critical feature
combinations–from composition, phase constitution, and ther-
modynamic characteristics–for property prediction. A machine
learning model was subsequently built for property prediction
and composition optimization. The design results demonstrated
that the framework successfully identified an alloy with an
optimal combination of properties at a composition of 90 wt.%
P91 and 10 wt.% 740H, achieving impressive yield and tensile
strengths of 873 MPa and 1086 MPa, respectively. Second, gener-
ative models are directly employed to synthesize alloy materials.
Kim et al. [239] employed a diffusion model in inverse designing
7xxx series Al alloys to achieve the desired ultimate tensile
strength (UTS). Data preprocessing used UTS × EL (elongation)
to balance strength and toughness. As noted previously, diffusion
models demonstrated strong generative capabilities. Thus, the
generated data sufficiently covered design spaces beyond the
original domain. Results showed generated data closely matched
Advanced Functional Materials, 2026
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FIGURE 10 Inverse design of structures with lightweight and high-strength characteristics. (a) Eight fundamental truss elements with
distinct topologies/geometries assembled non-uniformly into larger units (Reproduced with permission [205]. Copyright 2022, Springer Nature.) (b)
Architectures of ML-designed (red and blue) and sponge-inspired (yellow) structures. Deformation states of the three printed specimens at 3.3% strain.
Normalized experimental and numerical stress-strain curves for symmetric inverse-designed, bioinspired, and conventional grid structures (Reproduced
with permission [205]. Copyright 2022, Springer Nature.) (c) A Framework for Inverse Design of Lattice Unit Cells. Required properties are input into
pre-trained GAN and regression models, yielding an optimal set of unit cells meeting specified constraints. Subsequent numerical and experimental
validation demonstrates close alignment, confirming the practical feasibility of the ML-inversed lattice structures (Reproduced with permission [236].
Copyright 2021, Elsevier.) (d) Generative machine learning workflow for inverse design of composite lattice materials. Target uniaxial compression
behavior, encoded as curve features, serves as input to the inverse prediction module generating candidate designs. These designs undergo forward
validation to estimate their mechanical response. Each response is compared against target curves to identify the optimal design (Reproduced with
permission [97]. Copyright 2023, Springer Nature).

t
r

I
h
h

A

 16163028, 0, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/adfm

.75070 by L
iuchao Jin - U

niversity O
f C

alifornia, L
os A

ngeles , W
iley O

nline L
ibrary on [09/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
rea
he original data distribution, with the highest designed UTS
eaching 784 MPa.

n summary, the core advantage of ML-based inverse design for
igh-strength structures lies in its ability to efficiently explore
igh-dimensional, complex material design spaces, achieving
dvanced Functional Materials, 2026
multi-objective optimization. The forward-inverse hybrid strat-
egy encompasses approaches that combine generative models
with forward prediction models, as well as those that integrate
forward prediction models with global optimization algorithms.
Another approach is the purely data-driven direct generation
strategy, exemplified by diffusion models that autonomously
27 of 68
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roduce novel and non-intuitive material configurations. These
pproaches have been successfully applied to designing mechan-
cal metamaterials and lightweight high-strength alloys, yielding
ubstantial improvements in key metrics such as compressive
trength, buckling resistance, recovery stress and load-bearing
apacity, overcoming traditional limitations in performance trade
offs, cost control, empirical dependence, and manufacturability.

.1.3 Deployable Structures

eployable structures represent a specialized category of engi-
eering design, capable of transforming from a compact, folded
tate into a predetermined, stable functional configuration
hrough controlled deployment motions. A key feature of such
tructures is their generally repeatable and controllable deploy-
ent process, often achieved via mechanical strategies such as
irigami and origami-inspired architectures [240–245]. However,
he design methodologies for traditional deployable structures
ace several key challenges. First, the geometric patterns,material
roperties, and manufacturing parameters of kirigami/origami
tructures form a high-dimensional design space. Second, the
apping between the target three-dimensional geometries of
eployable materials and their two-dimensional initial design
arameters is highly nonlinear and non-intuitive. Currently, the
achine learning-based framework for the inverse design of
eployable structures not only effectively enables complex and
nnovative design requirements but also significantly enhances
esign efficiency.

o address the challenge of the ultrahigh-dimensional design
pace formed by the geometric patterns, material properties,
nd manufacturing parameters of kirigami/origami structural
aterials, a generative model-based design framework-such as
AEs and GANs-can be employed. Both types of generative
odels are capable of effectively handling high-dimensional
esign spaces. For instance,Ma et al. [246] employed a framework
ombining a VAE and Bayesian optimization for the inverse
esign of kirigami structures. The VAE mapped 64 × 64 binary
mages into a low-dimensional latent space, while Bayesian opti-
ization iteratively searched for optimal parameters (Figure 11a).
xperimental and simulation results for five target shapes (three
f which are shown in Figure 11b) showed structural similarity
ndex values around 0.9, confirming the reliability and feasibility
f the method. Brzin et al. [247] proposed a GAN-based inverse
esign framework for self-folding soft kirigami composites. The
ramework consisted of three neural network components: a
enerator, a critic, and a simulator (Figure 11c). The latter two
erved as dual-loss constraints to ensure the physical feasibility of
enerated parameters. Faced with a high-dimensional parameter
pace (over 4096 dimensions), they reduced the search space
y mirror symmetry. Subsequently, GAN collaboration was used
o augment the dataset. Experimental results on inverse design
or target shapes (Figure 11d) showed structural similarity gen-
rally above 0.86, demonstrating the method’s feasibility and
eneralization capability.

eyond the challenge of a high-dimensional parameter space,
more fundamental obstacle lies in establishing the highly
onlinear and non-intuitive mapping between a desired three-
imensional deployed geometry and its two-dimensional initial
8 of 68
design parameters. A purely forward design approach is com-
putationally prohibitive for rapid exploration. Consequently, a
forward-inverse hybrid design framework has become a prevalent
strategy in related fields, enabling a more direct and efficient
pathway from target function to physical design. In the field
of biomedicine, Truong-Quoc et al. [248] employed a DNA-
origami-based GNN (DGNN) to generate DNA sequences that
fold into a given target 3D shape. In this framework (Figure 11e),
the DGNN rapidly predicted the three-dimensional equilibrium
conformation (in about 1 s) for eachmutant design. After iterative
optimization, the final DNA origami design (Figure 11f) was
obtained. Atomic force microscopy imaging confirmed that the
DNA origami self-assembled into the expected helical structure,
with peak positions matching predictions. In the aerospace
sector, this framework is equally applicable for designing origami
structures. Zhang et al. [249] proposed aML-based inverse design
method for deployable cylindrical composite shells used in solar
sail structures. By combining a radial basis function neural
network with a multi-island GA, their approach directly inferred
geometric parameters from target performance (winding radius),
avoiding blind trial-and-error iterations. The results demon-
strated that the prototype’s winding radius closely matched the
target value, with an average error of only 4.65%.

In summary, within the field of deployable structures, the
key advantage of ML-based inverse design lies in its ability
to overcome the limitations of conventional methods. It effi-
ciently handles high-dimensional parameter spaces and highly
nonlinear problems by directly learning parameter distributions
or establishing mappings between targets and design variables.
This approach significantly reduces the need for blind trial-
and-error and iterative optimization, thereby greatly enhancing
design efficiency. Moreover, it excels in ensuring design accuracy,
achieving close alignment with target configurations-whether for
self-stretching shapes in kirigami composites or complex folded
structures in origami-while maintaining errors at a low level.

4.1.4 Adaptive Structures

Adaptive structural materials, capable of dynamically altering
their shape, properties, or functions in response to external
stimuli, are central to next-generation intelligent mechanical
systems. 3D printing (additive manufacturing) provides a foun-
dational platform for fabricating their complex architectures
[250–256], while 4D printing further introduces a temporal
dimension by incorporating stimuli-responsive materials (e.g., to
light, heat, or magnetic fields), enabling predetermined shape
morphing or functional evolution and thus serving as a key
enabling technology for such adaptive structures [257–259]. These
materials and structures demonstrate transformative potential in
fields such as aerospace and soft robotics. However, conventional
design approaches face significant limitations when applied to
adaptive structures [260–262]. First, conventional approaches are
often ineffective in handling the forward prediction of non–
rectangular or irregular geometries–such as wrinkled surfaces,
masks, or hand–shaped structures–where forward prediction
using normal numerical calculation methods. Second, multi–
material systems consist of numerousmaterial units with distinct
response properties, requiring simultaneous coordination of
material distribution, geometric topology, and stimulus–response
Advanced Functional Materials, 2026
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FIGURE 11 Applications of machine learning-based inverse design in deployable structures. (a) Data-driven design and optimization pipeline for
soft kirigami composites. A Bayesian optimization loop iteratively searches for the optimal combination of kirigami pattern variables, size, and pre-
stretch (Reproduced with permission [246]. Copyright 2024, Wiley-VCH.) (b) 3D structures inversely designed using a framework integrating VAE and
Bayesian optimization, showing representative shapes (pringle, peanut, and flower) (Reproducedwith permission [246]. Copyright 2024Wiley-VCH.) (c)
Architecture of the inverse design framework based onGenerator, Critic, and Simulator (Reproducedwith permission [247]. Copyright 2025, Elsevier.) (d)
Inverse design results for various target shapes, including dome, flower, and peanut shell (Reproduced with permission [247]. Copyright 2025, Elsevier.)
(e) Inverse design and optimization workflow. The GA generates mutant designs from a reference structure by evaluating the error between predicted
and target shapes. A DGNN predicts the conformation of each mutant at every iteration (Reproduced with permission [248]. Copyright 2024, Springer
Nature) (f) Optimized DNA origami structures, illustrating a helical structure and a curved structure (Reproduced with permission [248]. Copyright
2024, Springer Nature).
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arameters [263, 264]. This results in an extremely large search
pace, which complicates the optimization process. Within this
ontext, ML-based inverse design offers a novel pathway to
vercome these bottlenecks [265].

ddressing the limitation that traditional numerical methods
ace in handling non-rectangular shapes and high-dimensional
esign parameters within adaptive materials design. Sun et al.
266] proposed an inverse design framework integrating RNN
nd sequential subdomain optimization in the design of active
omposites. Subsequently, for active composites in 4D printing,
oxel-based composites consist of multiple material units with
istinct responsive properties. The distribution of these materials
o achieve targeted shape morphing constitutes a complex opti-
ization problem (Figure 12a), involving intricate data mapping
nd a significantly expanded design space. Sun et al. [141]
urther developed an inverse design strategy combining ML, GD,
nd EA (Figure 12b). ML-GD or ML-EA optimizes all voxels,
hile ML-EA further refines regions with large local errors. The
nversely designed developable surfaces achieve highly matched
oxel distributions. For non-uniform shapes, such as crumpled
aper and masks, the inversely generated structures also exhibit
igh conformity with scanned targets. In addition, Jin et al. [8]
ntroduced an ML-driven method combining ResNet and EA
Figure 12c). ResNet replaced FEA for forward prediction, directly
orecasting complex hierarchical structure behavior. Experimen-
al results demonstrated that EA-generatedmaterial distributions
chieves highmatching between simulated deformations and tar-
et curves in both fixed and random design domains. Successful
pening/closing motion of a printed hand-shaped structure upon
eating validates the method’s practical feasibility (Figure 12d).

ulti-material systems integrate a vast array of material con-
tituents, each exhibiting distinct stimulus-responsive character-
stics. The design of such systems necessitates the simultaneous
oordination of material distribution, geometrical topology, and
timulus-response parameters. As highlighted by Chen and Gu
103], the design space for rigid-flexible composite material
ystems can encompass up to 2128 design variables, illustrating the
xtraordinary complexity inherent in these systems. In response,
hey proposed a forward–inverse hybrid design framework based
n a generative deep neural network (Figure 12e), allowing
fficient discovery of material and structural configurations
ith superior adaptive properties (Figure 12f). Experimental
esults demonstrated that after multiple iterations, the maximum
oughness of the composite system increased from 61.01 to
18.05. Another example is the design of hydrogel materials
ith autonomous deformation properties, Wang et al. [267]
roposed the deep learning-progressive evolutionary algorithm
ramework (DL-PEA: Figure 12g). In this work, DL provides
fficient and high-precision deformation prediction, while PEA
mploys an optimization strategy to swiftly search for optimal
aterial distributions. Experimental validation via physical 4D
rinting demonstrated high consistency between actual and
redicted deformations (Figure 12h), robustly confirming the
easibility and reliability of this machine learning-based inverse
esign framework.

n summary, within the design of adaptive structural materials,
hether addressing performance prediction for non–rectangular
nd irregular geometries (e.g., wrinkled surfaces, masks, hand–
0 of 68
shaped structures) or the simultaneous coordination of mate-
rial distribution, geometric topology, and stimulus–responsive
parameters, the forward–inverse hybrid design framework has
proven to be highly effective. Case studies further demonstrate
that such approaches enable inverse design that achieves target
deformations or functionalities with high fidelity across various
stimuli–responsive scenarios, including water–induced defor-
mation and thermal actuation. These findings underscore that
ML–based inverse design, with its integrated capabilities in for-
ward prediction and inverse optimization, offers an efficient and
reliable solution for meeting complex engineering requirements
such asmulti–stimuli responsiveness,multiscale structuring, and
dynamic functional evolution.

4.2 Energy Engineering

The global energy sector is undergoing a paradigm shift toward
clean and low-carbon sources to address pressing concerns of
energy security and environmental sustainability. While renew-
ables such as solar, wind, and hydropower are rapidly displacing
fossil fuels to curb oil dependence and carbon emissions,
their large-scale integration faces persistent technical bottle-
necks across the energy chain. These include limited conversion
efficiency, insufficient storage capacity and safety issues, as
well as grid instability caused by intermittent supply. Within
this framework, ML offers a transformative pathway toward
smart energy systems. ML supports data-driven discovery and
design of high-performance energy functional materials, along
with multi-objective optimization of complex system parameters,
thereby improving overall efficiency and operational stability.
For example, generative models and reinforcement learning
can accelerate the development of novel photovoltaic materials,
optimize wind farm layouts, predict battery lifespan, and enable
real-time intelligent control of energy flows. Such approaches
avoid traditional costly trial-and-error experiments and simula-
tions, shortening research and development cycles and propelling
renewable technologies toward higher performance and lower
cost [268, 269].

4.2.1 Energy Capture

Energy capture refers to harvesting ambient energies (e.g.,
mechanical vibration, thermal, light) and converting them into
electricity, such as hybrid nanogenerators [270–272] and piezo-
electric energy harvester [273, 274], etc. Energy capture devices
are widely used in low-power electronics [270, 275] to replace
batteries. However, significant challenges remain. First, critical
factors lead to input dimension explosion, rendering conven-
tional searchmethods ineffective. Second, precisemulti-objective
performance matching is difficult; for instance, complex trade-
offs exist among parameters such as piezoelectric strain constant
and Young’s modulus, bandgap and formation energy, and light
absorption and carrier recombination, hindering simultaneous
optimization. Third, the energy conversion efficiency of energy
harvestingmaterials is constrained by structural optical/electrical
losses, including reflection losses in planar configurations, non-
uniform absorption layer thickness, and carrier recombination.
Fourth, these materials suffer from performance degradation
under continuous thermal, optical, or electrical fields, failing to
Advanced Functional Materials, 2026
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FIGURE 12 Schematic of the inverse design process and corresponding outcomes in adaptive printing. (a) Overview of ML-driven
voxel-level inverse design for a 4D-printed active composite plate (Reproduced with permission [141]. (Copyright 2024, Springer Nature.)
(b) Forward shape prediction via machine learning and inverse design of material distribution via ML optimization, enabling voxel-level
optimization for 4D printing of active composite plates (Reproduced with permission [141]. Copyright 2024, Springer Nature.) (c) Inverse
optimization design flow for a 4D-printed hierarchical structure with a hand shape (Reproduced with permission [8]. Copyright 2024, Elsevier.)
(d) Demonstration of the printed part after optimizedmaterial allocation (Reproducedwith permission [8]. Copyright 2024, Elsevier.) (e) Framework of a
generative deep neural network (Reproduced with permission [103]. Copyright 2020 Chen et al., Published byWiley-VCH.) (f) Inverse design generated
after three rounds of iteration (Reproduced with permission [103]. Copyright 2020 Chen et al., Published by Wiley-VCH.) (g) Schematic of rapid inverse
design for 4D-printed voxelated composite structures (Reproduced with permission [267]. Copyright 2025, Wiley-VCH.) (h) Example of inverse design
from a hand-drawn curve (Reproduced with permission [267]. Copyright 2025, Wiley-VCH).
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eet service life requirements. Fifth, high-performancematerials
uch as lead-based perovskites contain toxic elements, restricting
heir practical application and large-scale deployment. Conse-
uently, machine learning has been introduced to overcome the
ottlenecks in energy harvesting technology.

o address the challenge of input dimension explosion, deep
earning frameworks have been introduced in this field. This
pproach is advantageous due to its capacity to manage
igh-dimensional inputs, enabling efficient inverse generation
nd performance matching. For instance, to tackle the high-
imensional input problem posed by metasurface patterns, Liu
t al. [276] employed a CNN-GA-based inverse design framework
o develop an adaptively tunable digitally coded metasurface.
he CNN-GA effectively handles the dimensionality challenge,
ielding a digitally coded metasurface capable of efficient elec-
romagnetic energy harvesting. Additionally, Liu et al. utilized
radial basis function (RBF) neural network architecture to
emonstrated the feasibility of replacing an optimized single
ulti-source system with a combined multi-source system for
nergy scavenging. In the case of input dimension explosion
rising from multi-component materials, the integration of
hysics-informed models is essential to thoroughly analyze the
nfluence of diverse material properties. Taking the triboelectric
anogenerator (TENG) as an example–a device that harvests
mbient mechanical energy through contact electrification to
ower electronic systems–Jiao et al. [277] proposed a physics-
nformed AI-driven inverse design method to optimize TENG
erformance. By designing triboelectric conductive materials
nd metamaterials, and subsequently integrating material and
tructural designs via physics-informed AI, manufacturable
ENG components are generated, leading to enhanced energy
onversion efficiency and voltage stability.

nother significant challenge in the development of energy har-
estingmaterials lies in preciselymatchingmultiple performance
argets, where generative models offer an effective solution
y directly producing the corresponding structural parameters
rom given multi–objective specifications. For example, the c–
AE, through its encoder-decoder architecture, learns complex
onlinear mappings between performance goals and structural
arameterswithin a low–dimensional latent space, thereby avoid-
ng the inefficiency of conventional trial–and–error approaches.
n the development of piezoelectric metamaterials, Liu et al.
138] introduced an ML–based inverse design framework and
valuated three deep learningmodels—cVAE, cGAN, andMLP—
o inversely generate hybrid triple periodic minimal surface
H–TPMS) architectures. This enabled precise alignment of target
iezoelectric strain constants and Young’s moduli. Among the
odels, cVAE achieves the highest accuracy, attaining 98.92%
atching precision for the piezoelectric constant, thereby ensur-
ng efficient mechanical–to–electrical energy conversion in the
esigned H–TPMS. Notably, this forward-inverse hybrid design
ramework is also suitable to address this challenge, as it achieves
recise matching by combining a forward model that maps struc-
ural parameters to material properties with an inverse algorithm
ormulti-objective optimization, thereby synergistically resolving
onflicts among performance metrics. Cai et al. [278] proposed
design framework (Figure 13a) to address the challenge of
imultaneously optimizing multiple performance metrics—such
s bandgap, voltage, and current—where complex trade-offs
2 of 68
often hinder synchronous improvement. The forward model
established a mapping relationship amongmaterial composition,
energy level alignment, and photovoltaic performance. In the
inverse stage, GA and Bayesian optimization were employed to
inversely search for the optimal Sn/Pb ratio. The framework
ultimately predicted an optimal Sn ratio of 0.624, corresponding
to a power conversion efficiency of 18.23%.

Beyond multi-objective matching, structural optical and elec-
trical losses impose fundamental limitations on energy conver-
sion efficiency. These losses–including reflection losses, non-
uniform absorption layer thickness, and carrier recombination–
necessitate meticulous structural optimization of energy har-
vesting materials. Perovskite crystal structures have emerged as
promising electrode materials owing to their tunable composi-
tion and architecture, high electrical conductivity, and superior
catalytic activity [12, 278–282]. Li et al. [12] employed a cascade
neural network to inversely predict the pyramidal optical struc-
ture parameters of perovskite solar cells based on target power
conversion efficiency (PCE) (Figure 13b). Their inverse-designed
pyramidal architecture, compared to planar counterparts, enables
multiple light reflections that substantially reduce reflection
losses, thereby significantly enhancing PCE (Figures 13c and
13d). Experimentally, the pyramidal FAPbI3 perovskite solar cell
incorporating the optically optimized parameters achieves a PCE
of 28.4%, approaching the theoretical limit of 33%.

Material durability under operational stress presents yet another
critical consideration, as sustained thermal, optical, or electrical
exposure typically degrades performance over time. Optimiza-
tion of material composition or structure is therefore essential
to mitigate such degradation. In perovskite materials, certain
hole-transporting molecule (HTM) motifs—such as those incor-
porating triphenylamine, heterocycles, or fluorine substituents—
exhibit the capability to passivate surface defects, thereby
suppressing non–radiative recombination and reducing defect–
assisted degradation under thermal or photoexcitation. In this
context, Wu and Zhang [279] developed a closed–loop inverse
design framework to inversely derive the optimal HTM structure
from target performance specifications (Figure 13e). Through
multiple iterative cycles, the optimizedHTMyielded a substantial
improvement in average PCE (Figure 13f), with a peak value of
26.2% (certified 25.9%). Furthermore, this architecture exhibits
robust stability, retaining 80% of its initial performance after over
1,000 h of continuous illumination at 65◦C.

Environmental concerns associated with high-performance
materials, particularly the toxicity of lead-based perovskites,
represent an equally important challenge that must be addressed
for practical deployment. The primary strategy involves reducing
the content of toxic elements, especially lead, while maintaining
desirable photovoltaic properties. Kim et al. [282] adopted a B-site
multi-alloying approach, partially substituting Pb with elements
including Sn, Ge, Cd, Hg, and Zn to reconstitute the material
composition. They developed an inverse design framework that
integrates density functional theory (DFT) with ML. Within
this framework, a crystal graph convolutional neural network
takes unrelaxed crystal structures as input and predicts three key
properties of the relaxed structures. Ultimately identifying two
high-performance photovoltaic materials, CsGe0.3125Sn0.6875I3
and CsGe0.0625Pb0.3125Sn0.625Br3, which effectively exhibit reduced
Advanced Functional Materials, 2026
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FIGURE 13 Inverse design processes and results for energy capture materials. (a) A forward-inverse hybrid method for designing perovskite
materials withmultiple performance targets (Reproducedwith permission [278]. Copyright 2022 Cai, Springer Nature.) (b) Integration of neural network
modelswith high-throughput computational simulations, forming a framework for the inverse design (Reproducedwith permission [12]. Copyright 2024,
American Chemical Society.) (c) Structure and parameters of pyramid PSCs (Reproduced with permission [12]. Copyright 2024, American Chemical
Society.) (d) Statistical PCE of pyramid PSCs under the ℎ𝐹𝑇𝑂 dimension (Reproducedwith permission [12]. Copyright 2024, American Chemical Society.)
(e) Descriptors of hole-transporting materials and device parameters were used to train the model (Reproduced with permission [279]. Copyright 2024,
TheAmericanAssociation for theAdvancement of Science.) (f) Two iteration rounds showing rising average PCE; optimalmolecular structure achieving
26.23% PCE aftermultiple iterations (Reproducedwith permission [279]. Copyright 2024, TheAmericanAssociation for theAdvancement of Science.) (g)
A model framework for the performance prediction and inverse design of lead-free substitute materials (Reproduced with permission [280]. Copyright
2022, Springer Nature.) (h) The PF-GBT model demonstrated consistently lower MAE values compared to traditional perovskite descriptor-based
machine learning models (Reproduced with permission [280]. Copyright 2022, Springer Nature).
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ead content. Furthermore, in the study of lead-free alternatives,
nand et al. [280] proposed a forward–inverse hybrid design
ramework based on persistent functions (Figure 13g). This
ramework integrated gradient boosting tree models to establish
tructure–property relationships, enabling high-accuracy
rediction of bandgaps for lead-free substitute materials such as
sGeX3. Experimental results demonstrated that the PH-GBT
odel (the model combined persistent functions-based features
ith gradient boosting tree models) achieves significantly lower
ean absolute error (MAE) in bandgap prediction compared
o traditional descriptor-based models (Figure 13h), validating
he effectiveness of this approach for the efficient screening of
ead-free perovskites.

n summary, ML-based inverse design demonstrates remarkable
dvantages and unique functionalities in the field of high-
fficiency energy harvesting. Not only does it handle high-
imensional inputs and complex design spaces-as exemplified by
he CNN-GA framework successfully processing binary-encoded
atrices to achieve broadband and multi-angle efficient elec-
romagnetic energy capture via self-adaptive metasurfaces-but it
lso integrates physical principles and design requirements to
recisely match performance with structure. For instance, the
VAE model achieves 98.92% accuracy in matching piezoelectric
onstants for inverse generation of piezoelectric metamaterials,
hile physics-informed optimization of triboelectric nanogen-
rator significantly enhances energy conversion efficiency and
oltage stability. Moreover, this approach considerably short-
ns development cycles; ANN-based design of solar absorbers
educes the process to hours, while simultaneously enhanc-
ng performance (e.g., perovskite solar cells approaching the
heoretical PCE limit) and addressing practical issues such as
oxicity and stability. This offers a novel and powerful design
aradigm for advancing efficient and practical energy harvesting
echnologies.

.2.2 Energy Storage and Release

ower batteries hold a pivotal position in energy engineering.
istinguished from traditional lead-acid and nickel-cadmium
atteries, their defining characteristics are rooted in new materi-
ls, novel chemical systems, and innovative structures, designed
o meet the core demands of modern and future energy systems
or high energy density, high power density, long cycle life,
nhanced safety, and low cost. Currently, power batteries are
idely used in industries like new energy vehicles and large-scale
ower grids [283]. However, their engineering applications face
imitations [284, 285]. First, traditional homogeneous porous elec-
rodes suffer from sluggish ion transport and substantial voltage
rop at high charge rates. Second, the synergistic optimization of
ulti-objective electrochemical performance remains challeng-
ng, as energy storage materials must simultaneously satisfy mul-
iple mutually constrained performance metrics. Third, crystal
tructure prediction and lattice stability regulation are hindered
y the lack of prior structural knowledge in the development
f novel cathode materials. ML-based inverse design methods
re now being applied to power battery development [286],
ffering novel frameworks for energy storage and release tech-
ologies and significantly improving performance, as detailed
elow.
4 of 68

a

To address severe performance degradation in Li-ion batteries
caused by slow ion transport in homogeneous porous electrodes
and high voltage drops at high charging rates, the construction of
novel electrode materials is imperative. Sui et al. [287] employed
a deep learning-driven inverse design framework (Figure 14a)
to develop a bio-inspired vascularized porous electrode. An
ANN learned the parameter-performance mapping, enabling
precise prediction of charging curves and identification of optimal
structures based on requirements (Figure 14b). The experiment
showed that at a current density of 3.2 C, the fully vascular-
ized battery has a capacity increase of 66% compared to the
homogeneous electrode. Due to low tortuosity and gradient
porosity, the bi-vascular full cell achieves a pulse charging time
of 22.98 s and higher capacity than a conventional uniform
cell (Figure 14c). Due to low tortuosity and gradient porosity,
the double vascular full-cell battery exhibits greater capacity
compared to conventional uniform batteries.

The design of multi-objective energy storage materials neces-
sitates the simultaneous satisfaction of multiple mutually con-
strained performance metrics–such as capacity, voltage, and
induced charge. However, the synergistic optimization of multi-
objective electrochemical performance remains a significant
challenge. To address this issue, Li et al. [289] proposed an
ML inverse design framework to derive MXene chemical com-
positions from target electrochemical properties (capacity, volt-
age, induced charge). Multi-objective random forest regression
predicted the properties, while multi-objective random forest
classification output the compositions. This method embedded
highly active ions while filtering out low-contribution elements.
The designed Li2M2C andMg

2
M2C (M = Sc, Ti, Cr) significantly

outperform conventional graphite anodes. Further, Duquesnoy
et al. [288] developed an ML-assisted inverse design framework
(Figure 14d) for optimizing Li-ion battery electrode manufactur-
ing. By integrating physics-based models for synthetic data gen-
eration, deterministic ML model, and multi-objective Bayesian
optimization, the strategy derived optimal manufacturing con-
ditions from target electrode performance. Quantitative results
showed synchronized maximization of density (2.4456 g∕cm3)
and active surface area (55.723%), enhancing volumetric energy
density. The multi-objective strategy prevented sacrificing other
metrics during single-property optimization (Figure 14e).

Regarding the challenges of blindness in crystal structure predic-
tion and the difficulty in regulating lattice stability, an integrated
design approach combining machine learning with search algo-
rithms can be employed. For instance,Wang et al. [290] employed
a framework combining a forward model, PSO, and universal
structure predictor-evolutionary xtallography. The evolutionary
xtallography predicts globally stable crystal structures from com-
position, eliminating experimental blindness. Results showed
smaller lattice parameter differences in Li/Ni@Ce-NCM than
Ce-NCM, indicating that moderate Li/Ni mixing suppresses
anisotropic lattice disorder, causing lattice expansion, thereby
stabilizing the lattice. The developed Ce-NCM material achieves
a Li+ diffusion rate nearly 80 times higher than the target value.

In summary, within the field of energy storage and release
structure optimization, the core advantage of ML-based inverse
design lies in its breakthrough beyond the limitations of tradi-
tional “parameter trial-and-error” approaches. By establishing
Advanced Functional Materials, 2026
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FIGURE 14 Inverse design process and results for structures with energy storage/release characteristics. (a) Workflow integrating forward deep
learning prediction with inverse design optimization (Reproduced with permission [287]. Copyright 2021, Wiley-VCH.) (b) Optimized geometries for
Scenario A and B (Reproduced with permission [287]. Copyright 2021, Wiley-VCH.) (c) Charging curve comparison between the double vascular
full-cell battery structure and U.S. Advanced Battery Consortium targets, alongside high-rate pulse charging profiles (Reproduced with permission
[287]. Copyright 2021, Wiley-VCH.) (d) Schematic of deterministic-assisted multi-objective electrode optimization (Reproduced with permission
[288]. Copyright 2023, Duquesnoy et al., Published by Elsevier.) (e) Radar chart comparing optimized electrode performance against extreme cases
(high-density case shown) from the synthetic dataset (Reproduced with permission [288]. Copyright 2023, Elsevier).
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ccurate mapping models between performance and parameters,
t enables direct derivation of optimal structures/parameters
rom target properties, significantly enhancing design efficiency
nd accuracy. Furthermore, this method exhibits robust multi-
bjective optimization capabilities, simultaneously balancing
ey indicators, thereby avoiding the trade-off issues inherent
n single-objective optimization. Evidently, ML-driven inverse
esign not only facilitates innovative design of complex architec-
ures but also allows precise inference of material compositions
nd manufacturing processes. It can even integrate with crystal
tructure prediction tools to achieve targeted modulation of
aterial microstructures.

.3 Acoustic Engineering

n the field of acoustic functional materials, the precise manipu-
ation of sound propagation paths, efficient absorption of acoustic
nergy, and effective blocking of harmful sound waves remain
undamental challenges. ML-based inverse design has emerged
s a powerful paradigm for the efficient and precise devel-
pment of acoustic structures tailored to specific performance
equirements. This perspective elaborates on the application of
L-driven inverse design across three key areas: sound propa-
ation, sound absorption, and sound blocking, highlighting its
ransformative potential for creating multifunctional acoustic
aterials.

.3.1 Sound Propagation

n engineering, sound propagation refers to the physical process
f energy transfer by acoustic waves through gaseous, liquid,
r solid media. The design of materials for controlling acoustic
ave propagation faces several challenges. First, the global
orrelation between complex geometric features and acoustic
erformance is difficult tomodel. Second, thematerial fabrication
rocess imposes stringent requirements on extreme physical
arameters, which are challenging to achievewith existingmanu-
acturing techniques. Therefore, researchers are developing novel
aterials for controlling acoustic wave propagation through
nverse design frameworks based on machine learning, such
s wide-bandgap acoustic topological devices [291], phononic
rystals [292–295], lattice metamaterials [296, 297], and acoustic
loaks [298].

he challenge of modeling global correlations between complex
eometrical features and acoustic properties stems from the
nherent difficulty in establishing intuitive mappings between
ntricate configurations and bandgap characteristics. This lim-
tation of traditional methods necessitates the development
f forward models that can construct end-to-end mappings
rom complex configurations to bandgap characteristics, thereby
nabling the inverse design of acoustic materials. Establishing
uch direct relationships is crucial for advancing the rational
esign of acoustic metamaterials with tailored bandgap proper-
ies. For example, Li et al. [291] employed a bidirectional ANN for
he inverse design of wide-bandgap acoustic topological devices.
he forward model directly outputs the bandgap width in an
nd-to-end manner, while the inverse model outputs the optimal
adius for a target bandgap width. Results demonstrated that the
6 of 68
inversely designed radius significantly enhances the unit cell’s
bandgap width. Finally, an acoustic splitter was designed using
this boundary state mode, exhibiting stable propagation even
with introduced defects and disordered structures. In addition,
to address themapping challenge between acoustic metamaterial
configurations and bandgap characteristics, Chen et al. [299]
proposed a new framework (Figure 15a). A forward prediction
model was established using random forests to map design
variables (e.g., geometric parameters) to acoustic responses (e.g.,
bandgap existence). By analyzing the tree structure, a likelihood
function for target satisfaction was then constructed, and new
designs were subsequently generated by sampling from this
likelihood distribution via Markov chain Monte Carlo methods.
Experimental results demonstrated that, with a sampling thresh-
old of 0.6, 100% of the generated designs satisfied the target
requirements. Moreover, the generated designs exhibit diversity
in both geometry and frequency response (Figure 15b), covering
the feasible design space more broadly than those obtained
through GA. Furthermore, Wan et al. [294] proposed an AE-
DNN hybrid architecture for inversely designing complex 2D
phononic crystals with irregular scatterers, enabling bandgap
tuning and Dirac dispersion. Plane waves maintained waveform
integrity while propagating through the PC structure, preserving
wavefront coherence even with inserted obstacles, verifying the
zero-refractive-index property.

Manufacturing challenges present another significant obstacle,
arising from stringent fabrication processes and extreme physical
parameter requirements. Conventional transformation acoustics
typically relies on heterogeneous, anisotropic, and extreme-
parameter materials, which are difficult to realize in prac-
tice. In the design optimization of acoustic cloaks, approaches
based on gradient [300] or topology optimization [301, 302]
have demonstrated limited effectiveness. By contrast, ML–based
inverse design provides a viable strategy to alleviate this issue.
For example, Ahmed et al. [298] proposed an inverse design
framework using deterministic and probabilistic deep learn-
ing models for broadband acoustic cloaks (Figure 15c). They
first modeled a four-layer concentric core–shell structure. Sub-
sequently, a fully connected neural network was established
and trained for forward prediction, followed by inverse model
design. They employed isotropic homogeneous material layers
without requiring negative refractive indices, near-zero moduli,
or anisotropic parameters. All design parameters are positive
real numbers, thus enabling direct implementation using con-
ventional acoustic materials. Finite element analysis confirmed
that the field distribution with the cloak resembled that without
any object, validating the cloak’s performance across a broad
spectrum.

In summary, in the field of acoustic engineering, ML–based
inverse design has yielded differentiated framework strategies to
tackle distinct bottlenecks. To address the challenges of com-
plex configurations and the lack of configuration–performance
mapping, forward models are employed to establish an end–
to–end mapping between the architectures of acoustic materials
and their acoustic properties. For the difficulty of fabricating
devices with extreme parameters, machine learning models
are further adopted to explore feasible material alternatives to
unconventional parameters, thus endowing acoustic materials
with manufacturability. These ML–enabled design frameworks
Advanced Functional Materials, 2026
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FIGURE 15 Schematic of the inverse design process for sound propagation structures and corresponding results. (a) A framework terms random-
forest-based interpretable generative inverse design (Reproduced with permission [299]. Copyright 2024, Wiley-VCH.) (b) Geometric parameters of five
designed structures and their corresponding dispersion relations; these designs are the most likely to satisfy the specified target bandgap. Among them,
only the fourth design fails to meet a small portion of the target bandgap, while the others fulfill the requirements (Reproduced with permission [299].
Copyright 2024, Wiley-VCH.) (c) Deep learning network framework for the inverse design of an acoustic invisibility cloak. Schematic of a core-shell
acoustic cloak and its spectral response (Reproduced with permission [298]. Copyright 2021, American Physical Society).
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ave evolved inverse design from single–performance prediction
o the collaborative solution of multiple constraints, providing a
eneralized technical route for the engineering implementation
f frontier acoustic technologies.
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4.3.2 Sound Absorption

Sound absorption refers to the process of capturing sound energy
via specific materials, structures, or devices, converting it into
37 of 68

ative C
om

m
ons L

icense



o
c
[
p
a
l
a
l
p
d
o
M
c
c
n
[

T
a
i
a
c
n
b
t
n
a
p
M
(
c
s
o
p
w
s
r
m
g
D
i
p
b
o
r
a
m
p
w
c
f

B
l
d
t
p
c
l
f
g

3

 16163028, 0, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/adfm

.75070 by L
iuchao Jin - U

niversity O
f C

alifornia, L
os A

ngeles , W
iley O

nline L
ibrary on [09/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
rea
ther energy forms to reduce reflection and transmission. Its
ore functions include mitigating environmental noise pollution
303, 304], improving indoor acoustic environments [305], and
rotecting equipment and structures [306]. Current conventional
pproaches to sound-absorbing structure design face the fol-
owing challenges [307, 308]. First, traditional design processes
re constrained by material constitutive models, posing chal-
enges in efficiently realizing compact, low-frequency, and high-
erformance sound-absorbing structures. Second, conventional
esign methods lack global search capability in multi-objective
ptimization, making them prone to falling into local optima.
L-based inverse design offers innovative breakthroughs for
reating sound-absorbing materials. Current researches include:
avity-typemetamaterials [142, 309], porous absorbers [310], reso-
ant absorbers [311], acoustic coatings [312], composite structures
117, 313–315], and metasurfaces [316].

he inherent limitation of traditional design framework, which
re strictly bound by material constitutive laws, presents a signif-
cant bottleneck in the development of compact, low-frequency,
nd high-performance sound-absorbing metastructures. Over-
oming this physical constraint necessitates the exploration of
ovel acoustic material configurations and compositions. ML-
ased inverse design frameworks have emerged as a powerful
ool to bypass these limitations, enabling the efficient discovery of
on-intuitive geometries. In the study of artificial porous sound-
bsorbing materials, Yan et al. [310] proposed a DNN forward
rediction and GA inverse optimization architecture to design
ulti-order Coiled-up Channels lined with Porous Material
MCCPM). In the frequency range of 300–900 Hz, each resonant
hamber contributes a distinct absorption peak. Through the
ynergistic interaction between porous materials and multi-
rder resonant cavities, enhanced dissipation is achieved. At the
eak frequency, enhanced viscous thermal dissipation occurs
ithin both the narrow necks and coiled channels. The average
ound absorption coefficient of the inversely designed MCCPM
eaches 0.81, significantly outperforming traditional foam or
icro-perforated panels. Furthermore, Cheng et al. [313] inte-
rated porous materials with Helmholtz resonators. Utilizing a
NN and an optimized deep autoencoder model, they achieved
nverse generation of structural geometries from target acoustic
roperties. The inversely designed unit structure enabled broad-
and filtering. Xiao et al. [316] addressed the inverse design
f a metasurface absorber comprising nine parallel Helmholtz
esonators. To further optimize performance, they integrated
n autoencoder-like network with a probabilistic model. This
odel generates multiple re-optimized solutions when fed initial
redicted parameters. Results demonstrated absorption band-
idth expansion from 300 to 530 Hz. Finite element simulations
onfirmed anMAE below 3.75% within the target frequency band
or the optimized absorber.

eyond the discovery of novel configurations, a critical chal-
enge lies in the multi-objective nature of practical absorber
esign, which must simultaneously optimize for sound absorp-
ion bandwidth, lightweight construction, and structural com-
actness. Conventional methods often lack the global search
apability required for such tasks, frequently converging on
ocal optima. This issue demands forward-inverse integrated
rameworks coupled with swarm intelligence algorithms for
lobal optimization. An illustrative example is the work of Zhou
8 of 68
et al. [314], who composited porous materials with double-
layer microperforated panels. Their bidirectional framework,
combining forward prediction and inverse generation networks,
enabled mapping between structural parameters and absorp-
tion curves (Figure 16a). NSGA-II multi-objective optimization
facilitated global search for Pareto-optimal solutions, avoiding
local optima while balancing absorption and lightweight design
(Figure 16b). The results showed that, compared with the
original structure, the average sound absorption coefficient of
the optimized structure has increased by 4.84%, and the total
mass has decreased by 18.98% (Figure 16c). Mahesh et al. [315]
developed a hybrid absorber by combining a microperforated
panel with four Helmholtz resonators featuring bent necks.
An invertible convolutional autoencoder network was set to
inversely design broadband low-frequency absorbers. Invertible
convolutional autoencoder network used only one-third of the
parameters of conventional DNNs, achieving < 4% average error
between predicted and target spectra. The microperforated panel
outperformed traditional multilayer structures in 200–315 Hz
absorption with 30% thickness reduction. On the other hand,
addressing the synergistic optimization of sound absorption
and energy absorption in shell-based lattice metamaterials, Hu
et al. [228] proposed a forward-inverse hybrid design framework
that integrated K-nearest neighbors (KNN), an ANN, and the
NSGA-II. In this framework, the ANN modeled the complex
structure–multi-objective property relationships (Figure 16d),
whileNSGA-II searched for Pareto-optimal solutions in the global
design space (Figure 16e), thereby avoiding the limitation of
traditional methods that tend to become trapped in local optima.
Experimental results demonstrated that the optimal structure
demonstrated an energy absorption capacity of 16.431 MJ∕m3,
with sound absorption coefficients of 0.975 at 1,400 Hz and 0.806
at 1,600 Hz (Figure 16f).

In summary, in the field of sound-absorbing structure design,ML-
based inverse design has broken through many limitations of tra-
ditional design methods while possessing strong multi-objective
optimization capabilities. Specifically, inverse design based on
machine learning can achieve end-to-end models that directly
infer structural parameters from target acoustic performance.
Furthermore, through a forward-inverse hybrid framework, it
can efficiently search for optimal solutions in high-dimensional
parameter spaces. By integrating various optimization algo-
rithms, it enables the rapid design of novel sound-absorbing struc-
tures that are difficult to achieve through traditional trial-and
-error methods, thereby realizing multi-objective optimization.

4.3.3 Sound Blocking

Sound insulation refers to blocking sound transmission paths
through physical structures or materials. Unlike sound absorp-
tion, its core mechanism involves reflection and blocking to
impede sound penetration across interfaces. Conventional mate-
rials and designs face limitations [317, 318]. First, traditional
sound insulation materials rely on increasing thickness or den-
sity to effectively block low-frequency sound waves, leading to
cumbersome structures and high costs. Second, conventional
approaches often sacrifice multi-physics collaborative optimiza-
tion capabilities—such as mechanical load-bearing and thermal
management—in the pursuit of acoustic performance. ML-based
Advanced Functional Materials, 2026
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FIGURE 16 Inverse design workflow and schematic results for sound-absorbing structures. (a) DNN framework model. Including the inverse
network structure model and the forward network structure model (Reproduced with permission [314]. Copyright 2025, Springer Nature.) (b) The
Pareto optimal solution set (Reproduced with permission [314]. Copyright 2025 Zhou et al., Published by Springer Nature.) (c) Comparison of the sound
absorption coefficient of the optimized structure with the original structure (Reproduced with permission [314]. Copyright 2025, Springer Nature.) (d)
A ANN model for predicting energy absorption capacity, and the updated ANN model after introducing the dropout strategy to prevent overfitting
issues (Reproduced with permission [228]. Copyright 2024, Taylor & Francis.) (e) The initial population and the distribution of data points after 20 loops
(Reproduced with permission [228]. Copyright 2024, Taylor & Francis.) (f) The most suitable shell-based lattice metamaterial for this multi-objective
optimization problem, as it shows high energy absorption capacity and a respectable sound absorption coefficient in 1,400 Hz (0.975) (Reproduced with
permission [228]. Copyright 2024, Taylor & Francis).
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nverse design now offers breakthroughs for sound-insulating
aterial structures, including cavity-based metamaterials [319],
ultilayered composites [320], and Helmholtz resonators [321].

o improve low-frequency insulation, Song et al. [320] proposed a
eep learning-based inverse design for laminated plate metama-
erials (LPAMs), stacking constrained-layer acoustic metamateri-
ls and absorbers (e.g., foam). This framework includes an inverse
esign module and a post-processing module (Figure 17a). Based
n three typical case studies, the inverse design framework was
mployed to develop single-layer, double-layer, and triple-layer
PAMs, respectively. The results demonstrated that all inversely
esigned structures meet the required specifications. The sound
ransmission loss (STL) of both single-layer and double-layer
PAMs showed strong agreement with the target STL, while
he STL of the triple-layer LPAM exceeds the target values
cross most frequency bands. These findings collectively vali-
ated the effectiveness and practical utility of the comprehensive
nverse design system for LPAMs. Sun et al. [321] employed a
NN to map acoustic targets (e.g., STL at specific frequencies)
o equivalent electrical parameters. These equivalent electrical
arameters were converted to geometric parameters via lumped-
arameter technique, enabling efficient, lightweight two-order
elmholtz resonators. Within this inverse framework, inputting
arget STL spectra outputs normalized equivalent electrical
arameters. The structure achieves high low-frequency (150–300
z) STL (18–25 dB peak) via resonance, with a centimeter-scale
hickness enabling significant weight reduction. Similarly, Fan
t al. [322] constructed an end-to-end model for the direct map-
ing from target broadband scattering spectra to the structural
arameters of lightweight multilayer core-shell configurations.
hey employed deterministic and probabilistic inverse neural
etworks to directly generate the geometric and material param-
ters satisfying the requirements for broadband superscattering
Figure 17b and 17c). Mechanistically, they demonstrated that
he designed structure achieves near-unity scattering responses
cross multiple scattering orders (Figure 17d). Experimentally,
he resulting superscatterer enables efficient sound insulation
ith transmission below 10% over a normalized frequency
ange of 0.856 to 1.404, corresponding to a relative band-
idth of 48.9%, and a reflection efficiency as high as 99.94%
Figure 17e).

nother critical requirement in practical applications is the syn-
rgistic optimization ofmulti-performance attributes. Zhang et al.
319] proposed a forward-inverse hybrid design framework for the
esign of multi-gradient cavity acoustic metamaterials (MCAM).
he modular, repeating units mitigate defect sensitivity, while
he hollow structure ensures lightweight and high-frequency
nsulation. An inverse design framework (DNN+PSO) enhanced
he broadband noise reduction capability, optimizing MCAM
sing STL as the objective function, while balancing acous-
ic, mechanical, and thermal performances. Impedance tube
ests confirmed a 10.6–17.4 dB average STL improvement over
xisting structures.

n summary, ML-based inverse design demonstrates notable
dvantages and unique functionalities in sound-insulating struc-
ures or materials design. Compared to conventional approaches,
t overcomes the limitations of traditional materials in low-
requency noise isolation, achieving high transmission loss in
0 of 68
frequency ranges such as 150–300 Hz through mechanisms like
resonance effects, while also addressing the challenge of balanc-
ing multiple performance criteria. The ML-enabled framework
facilitates efficient inverse optimization by combiningDNNswith
optimization algorithms, rapidly tailoring structures with objec-
tives such as transmission loss, thereby substantially enhancing
noise reduction performance.

4.4 Thermal Engineering

Thermal transport, the spontaneous migration of thermal energy
from high- to low-temperature regions, requires precise regu-
lation. This has become a central challenge for modern high-
power-density, miniaturized, and extreme-condition engineering
systems (e.g., chip cooling [323–325], battery thermal manage-
ment [326–328], efficient heat engines [329–331]) to achieve
performance breakthroughs and ensure safe operation. However,
traditional design method faces several bottlenecks: First, the
need to balance multiple performance metrics that are often
conflicting, such as the synergistic tailoring of thermal conductiv-
ity and radiative spectrum. Second, the limitation of traditional
thermal metamaterials, which suffer from functional fixedness
and are ill-suited for dynamically changing environments. Third,
the design of temperature field is intrinsically high-dimensional,
owing to its strong dependence on both heat source locations
and the spatial configuration of materials. To address these
challenges, ML-based inverse design has emerged as a revo-
lutionary paradigm for the development of thermal functional
materials. Current frontier research primarily focuses on three
directions: the design of thermal metamaterials [332–334], mate-
rials for radiative regulation [185, 334], and the co-design of
multifunctional composites and thermal layouts [190, 335].

The design of thermal functional materials often presents a
multi-objective optimization challenge. For instance, enhancing
the thermal conductivity of a material must be balanced with
the precise control of its radiative properties within specific
wavelength bands, all while ensuring no degradation in its overall
thermal management efficiency. To address such optimization
problems in thermal functional materials, Garcia-Esteban et al.
[332] proposed a neural network-based inverse design framework
incorporating transfer learning. By flexibly defining the loss func-
tion and leveraging efficient backpropagation optimization, the
neural network can rapidly identify optimal solutions that satisfy
multiple objectives within the complex design space of thermal
metamaterials. The optimized 8-layer hyperbolic metamaterial
achieves an enhanced thermal conductivity of up to 1.31 ×
105 W∕(m2 ⋅ K), enhancing heat transfer performance while
enabling tailored radiation control within specific wavelength
bands and maintaining overall thermal management efficiency.
In other aspects, considerations such as the trade-off between
color generation and radiative cooling performance also warrant
attention. Guan et al. [185] developed an ML-assisted inverse
method for designing transmissive colored radiative cooling
films. This provides flexibility in balancing cooling and col-
oration. A memetic algorithm optimized the top radiative layer,
while a joint forward-inverse network designed the bottom color
filter (Figure 18a). The optimized top layer exhibits enhanced
robustness, maintaining transmittance > 90% at incident angles
≤70◦ (Figure 18b). The transmissive colored radiative cooling film
Advanced Functional Materials, 2026

tive C
om

m
ons L

icense



FIGURE 17 Inverse design processes and results for sound-blocking structures. (a) Inverse designmodule to output the topology and parameters of
LPAMsaccording target STL. Thendiscriminate the unqualifiedLPAMby the post-processingmodule [320]. (b)Adeterministic inverse designmodel that
concatenates a pretrained forward neural network as a decoder predicts spectral responses (Reproduced with permission [322]. Copyright 2026, Wiley-
VCH.) (c) Probabilistic inverse design model, where the design parameter space is transformed into a latent space with a standard Gaussian distribution
(Reproduced with permission [322]. Copyright 2026, Wiley-VCH.) (d) The scattering amplitude spectra of a specific superscattering configuration
obtained through inverse design, shown across different scattering orders (Reproduced with permission [322]. Copyright 2026, Wiley-VCH.) (e) The
transmission efficiency spectrum ultimately obtained after optimizing the inter-scatterer spacing and periodicity using an optimization algorithm
(Reproduced with permission [322]. Copyright 2026, Wiley-VCH).
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FIGURE 18 Inverse design process and results for structures with heat transfer characteristics. (a) Overall design workflow for transmissive
colored radiative cooling films (Reproducedwith permission [185]. Copyright 2023, AmericanChemical Society.) (b) Schematic of the optimized selective
emitter (SE) (showing layer materials/thickness) and polar plots of spectrally averaged solar transmittance (blue, solid), SE long-wavelength infrared
emissivity (red, solid), and SE+Ag emissivity (red, dashed) versus incident angle (Reproducedwith permission [185]. Copyright 2023, AmericanChemical
Society.) (c) Schematic of the transmissive colored radiative cooling film comprising a top SE and bottom Ag − SiO𝑥 − Ag nanocavity-based color filter
(Reproduced with permission [185]. Copyright 2023, American Chemical Society.) (d) Schematic of the deep learning-assisted active metamaterial
(Reproduced with permission [336]. Copyright 2023, Wiley-VCH.) (e) Simulated response of the thermal-enhanced diffusion metamaterial; stable core
zone temperature gradient under rotating external thermal field (Reproduced with permission [336]. Copyright 2023, Wiley-VCH).
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electively transmits specific colors while reflecting infrared and
nused visible light, minimizing heat absorption (Figure 18c).

urthermore, most conventional thermal metamaterials are typ-
cally designed with fixed structures and operating conditions,
endering their functionalities locked-in post-fabrication and
ncapable of dynamic adjustment in response to environmental
ariations (e.g., fluctuations in ambient temperature or changes
n heat source direction). To address this limitation, Jin et al.
336] proposed a closed-loop intelligent system integrating an
nfrared camera, a pre-trained neural network, a stepper motor,
nd a bilayer thermalmaterial. In this system, the infrared camera
aptures real-time ambient temperature data around the meta-
aterial and inputs it into the pre-trained neural network, which
apidly computes the optimal rotational speed for the central
otating component. Subsequently, the stepper motor actuates
he rotation of the core component, thereby modulating the
ffective thermal conductivity and enabling automatic regulation
f the temperature gradientwithin the central region (Figure 18d).
his mechanism empowers the thermal material to adaptively
espond to changing environmental temperatures, maintaining
table thermal performance (Figure 18e).

he pathways and efficiencies of heat transfer are highly depen-
ent on the location of heat sources and the spatial configura-
ion of materials. However, addressing this issue often proves
hallenging to resolve through intuition or conventional physi-
al models, particularly within high-dimensional combinatorial
esign spaces, where the search process becomes exceptionally
ime-consuming. To overcome this problem, Sun et al. [190]
roposed the show attend and read model (SAR)-heat source
ayout inverse design framework, transforming heat source layout
nverse design into an image-to-sequence prediction problem.
sing temperature field images as input, SAR directly outputs
iscrete heat source location sequences. The framework achieves
00% prediction accuracy under temperature constraints. For
aterial configuration, Yang et al. [335] proposed an inverse
esign framework for composite layouts based on a transfer learn-
ng strategy. The framework is capable of outputting the layout
f a composite plate-heat source system according to the desired
emperature or stress field. By leveraging transfer learning, the
pproach achieves 100% accuracy in heat source prediction and
9.98% accuracy in composite plate constituent prediction with
nly a limited amount of data. The results demonstrated that the
verage time required for the inverse design of material layouts is
ignificantly reduced to 0.0284 s.

n summary, the ML-based inverse design framework offers a
ethodology that transcends traditional paradigms in the field
f thermal engineering. Confronted with the complex design
hallenges of thermal metamaterials and functional thermal
ystems, this framework not only effectively addresses issues
ntractable for conventional methods–such as navigating high-
imensional parameter spaces and achieving multi-objective
ynergistic optimization–thereby enabling the simultaneous real-
zation of enhanced thermal conductivity, radiative modulation,
nd color functionality. More importantly, by endowingmaterials
ith environmental perception and dynamic response capabili-
ies, it overcomes the inherent limitation of traditional thermal
etamaterials whose functionalities are fixed and unable to
dapt to dynamic environments. Furthermore, concerning the
dvanced Functional Materials, 2026
non-intuitive, high-dimensional design problem involving heat
source placement and material configuration, this inverse design
framework transforms the design process from iterative, trial-
and-error physical experimentation to data-driven, performance-
oriented optimization.

4.5 Optical Engineering

Optical functional materials are pivotal to advancing modern
technology, underpinning innovations in communications, pre-
cision manufacturing, medical diagnostics and therapy, as well
as consumer electronics and display systems. The drive toward
higher performance and miniaturization in optical materials
encounters considerable challenges. First, the design space for
optical structures is typically defined by a vast number of geomet-
ric parameters. Conventional search and optimization algorithms
often require numerous iterations, rendering them highly inef-
ficient. Second, the relationship between optical response and
geometric structure frequently exhibits a many-to-one mapping,
meaning multiple distinct structures can yield identical spectral
or functional characteristics, introducing uncertainty into the
inverse design process. Third, optical designmust satisfy physical
laws (e.g., Maxwell’s equations) and fabrication constraints.
Ignoring these limitations may result in generated structures
that cannot be practically fabricated or that fail to perform as
intended. Currently, ML-enabled inverse design presents a trans-
formative opportunity for engineering complex optical systems
and tailoring functional material properties [337–348].

The traditional search and optimization methods are relatively
inefficient when tasked with exploring the complex design space
of optical structures, necessitating the adoption ofmachine learn-
ing techniques such as surrogate modeling or direct generative
approaches. For instance, Peurifoy et al. [204] employed an ANN
for both light scattering simulation and inverse design of multi-
layer nanoparticles. Their inverse design framework comprised
two stages: anANNpredicting scattering spectra from layer thick-
ness inputs, followed by gradient descent for rapid convergence
to optimal geometries. This achieves precise single-wavelength
narrowband and broadband scattering, outperforming standard
gradient-free optimization methods by orders of magnitude in
speed. In addition, Tang et al. [201] introduced an A-cVAE
for designing a nanopatterned power splitter, incorporating an
adversarial block to isolate latent variables from conditional
parameters. An active learning strategy addressed limited data
coverage, enhancingmodel generalizability. An average improve-
ment of approximately 5% in the total transmission efficiency
was achieved for devices generated by A-cVAE; moreover, as this
generative model requires no additional electromagnetic simula-
tions, new designs can be generated almost instantaneously.

Another significant challenge in the inverse design of optical
materials is the many-to-one mapping problem, where mul-
tiple structural configurations yield similar optical responses.
To address this, generative models and bidirectional networks
have been employed to learn the complex relationships between
optical responses and structural parameters. For example, So et al.
[349] introduced a forward-inverse network for designing core-
shell nanoparticles. The model mastered the complex relation-
ship between spectral responses and structural parameters, rather
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han learning a simple one-to-one mapping. The experimental
esults demonstrated that even when provided with identical or
imilar target spectra, the model is capable of generating diverse
nd valid designs. When tasked with achieving spectrally isolated
agnetic dipole resonances or the spectral overlap of electric and
agnetic dipole resonances, the model successfully identified
ultiple structural solutions that satisfy the underlying physical
onstraints. For three-dimensional optical metamaterials, which
nherently exhibit a many-to-one mapping, Ma et al. [130] pro-
osed a generative model-based design framework (Figure 19a).
n this approach, the deep generative model consists of three
ub-models: a recognition model, a forward prediction model,
nd a generative model (Figure 19b). Following semi-supervised
raining, a generated structure was retained only if the spectral
rror between its simulated response and the target spectrum
as less than 0.2. Experimental validation demonstrated that,
hether targeting specific reflection spectra in metamaterials
r designing chiral mirrors, the model consistently generated a
ariety of geometrically distinct designs, all of which produced
imulated spectra in excellent agreement with the target.

nsuring that designed optical structures comply with physical
aws and fabrication constraints is equally critical. To this end,
esearchers have explicitly incorporated physical information and
eometric limitations into the design pipeline. For example, Liu
t al. [351] introduced a neural network-based inverse design
ramework comprising three components (a simulator, generator,
nd critic) to design metasurfaces with target spectral responses.
his model guides the generator’s exploration of feasible solu-
ion spaces by incorporating geometric and physical constraints
ia the critic, addressing the challenge of high-dimensional
esign freedom. Capable of handling multiple input spectra,
his approach significantly reduces the workload for complex
roblems requiring multiple metasurfaces or graded structures.
nother powerful strategy involves embedding physical con-
traints via reward functions in reinforcement learning. Park
t al. [350] introduced physics-informed reinforcement learning
PIRL) for the design of one-dimensional metasurface beam
eflectors (Figure 19c). In their approach, physics-informed pre-
raining was employed to guide the RL agent away from invalid
egions of the design space. Subsequently, the RL framework
ncorporated minimum feature size constraints via the reward
unction, thereby enforcing fabrication feasibility. By leveraging
eepQ-learning, the RL agent acquired the ability to pursue long-
erm rewards, endowing it with global optimization capabilities.
xperimental results demonstrated that, compared to other opti-
ization algorithms, PIRL achieves the fastest convergence and
ighest efficiency (Figure 19d), while simultaneously ensuring
hat the designed structures remained fabricable.

n summary, ML-based inverse design offers multidimensional
olutions to core challenges in optical engineering: it sub-
tantially reduces computational costs by efficiently exploring
igh-dimensional design spaces, addresses the non-uniqueness
nherent in inverse problems through generative models, sat-
sfies multiple performance metrics simultaneously via multi-
bjective optimization frameworks, and ensures practical utility
y incorporating physical and fabrication constraints. These
dvancements have not only propelled the development of
utting-edge fields such as nanophotonics, metamaterials, and
uantum optics, but have also laid a solid foundation for the
4 of 68
rapid and intelligent design of next-generation high-performance
optical devices.

4.6 Biomedical Engineering

Biomedical functional materials are intrinsically linked with
numerous engineering disciplines, encompassing the develop-
ment of novel pharmaceuticals, design of biomedical materials,
fabrication of biosensors, and beyond. This field is dedicated
to enhancing the precision, efficiency, and personalization
of healthcare—spanning prevention, diagnosis, therapy, and
rehabilitation—thereby playing a pivotal role in tackling contem-
porary medical challenges, prolonging life expectancy, and ele-
vating life quality. In recent years, machine learning has infused
new vitality into this field. Notably, inverse design strategies
powered by ML are reshaping traditional approaches to medical
material development, substantially accelerating research and
development processes, and opening new pathways for the
discovery and innovation of advanced functional materials.

4.6.1 Novel Drugs

The goal of drug development is to discover novel molecules
with specific chemical properties for disease treatment. Despite
advances in computational tools, designing safe and effective
novel molecular entities remains challenging. These challenges
can be summarized into several pervasive core issues. First, the
conventional drug discovery framework exhibits low exploration
efficiency and success rates when confronted with the vast
chemical space, resulting in limited innovation in the discov-
ered compounds. Second, in structure-based drug design, a key
challenge lies in designing small molecules capable of accurately
recognizing and binding to specific protein targets while avoiding
interactionswith non-target proteins. Third, fragment-based drug
discovery represents another important research pathway, but
designing appropriate linkers to connect two or more molecular
fragments presents significant difficulties. Currently, inverse
design strategies based on machine learning have made substan-
tial progress in drug molecular design, offering novel paradigms
for pharmaceutical research and development [90].

The exploration of the vast chemical space remains a funda-
mental bottleneck in traditional drug discovery, necessitating
a paradigm shift towards more efficient methodologies. In
response, ML-based inverse design frameworks have emerged as
powerful tools for de novo drug design. Numerous approaches
have been developed to design new drug molecules, including
RNNs [352–354], RL [355], and generative models such as VAEs
[75, 352, 355, 356], GANs [357], diffusion models [358, 359].
A notable example of this framework’s power is the work
by Zhavoronkov et al. [355], who integrated the VAE genera-
tive model, reinforcement learning, and tensor factorization—
a method termed generative tensorial reinforcement learning
(Figure 20a)—to rapidly design novel DDR1 kinase inhibitors.
They successfully mapped discrete molecular structures into a
continuous latent space by training a VAE model on multiple
datasets. RL was then applied within this latent space to explore
new molecules, guided by three self-organizing maps acting as
reward functions. Experimental validation demonstrated that two
Advanced Functional Materials, 2026
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FIGURE 19 The inverse design workflow and outcomes for optical materials. (a) The proposed deep generative model for metamaterial design
and characterization. The metamaterial design and optical response are encoded into a latent space with a predefined prior distribution, from which
the latent variables are sampled for inverse generation. The forward path is modeled as a deterministic prediction process (Reproduced with permission
[130]. Copyright 2019, Wiley-VCH.) (b) Architecture of the proposed deep generative model. Three submodels, the recognition model, the prediction
model, and the generation model, constitute the complete architecture (Reproduced with permission [130]. Copyright 2019, Wiley-VCH.) (c) Illustration
of agent-environment interaction in reinforcement learning, including definitions of state, action, and reward. The agent network is initialized with a
pre-trained network (Reproduced with permission [350]. Copyright 2024, De Gruyter.) (d) Performance comparison of physics-informed reinforcement
learning with other algorithms: physics-informed reinforcement learning based on U-Net achieves the highest deflection efficiency (blue) (Reproduced
with permission [350]. Copyright 2024, De Gruyter).

Advanced Functional Materials, 2026 45 of 68

 16163028, 0, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/adfm

.75070 by L
iuchao Jin - U

niversity O
f C

alifornia, L
os A

ngeles , W
iley O

nline L
ibrary on [09/04/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



FIGURE 20 An overview of the application of ML-based inverse design in drug development. (a) General workflow of Generative Tensorial
Reinforcement Learning for candidate compound design (Reproduced with permission [355]. Copyright 2019, Springer Nature) (b) Framework and
workflow of a diffusion model. Carbon, oxygen, and nitrogen atoms are represented in orange, red, and blue, respectively (Reproduced with permission
[358]. Copyright 2024, Springer Nature.) (c) Application of minimal noise followed by a series of denoising steps to explore variations of the initial
molecule. A new set of molecules is ranked by a predictor, and the process is repeated to select the highest-scoring candidates (Reproduced with
permission [358]. Copyright 2024, Springer Nature.) (d) Molecular linker generation process. A GNN computes linking size probabilities for input
fragments, and a fragment-conditioned equivariant diffusion model samples and denoises linker atoms (Reproduced with permission [359]. Copyright
2024, Springer Nature).
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ompounds exhibit potent inhibitory activity and high selec-
ivity; for instance, Compound 1 exhibits significantly greater
nhibitory activity against the DDR1 target than against DDR2.
otably, the entire process-from target identification to com-
ound design, synthesis, and validation-was completed in only
6 days, significantly shorter than the traditional multi-year drug
evelopment cycle.

ddressing the challenge of inversely designing ligandmolecules
hat bind with both high affinity and high selectivity to a
pecific protein target necessitates structure-based drug design,
hich in turn requires fully accounting for the three-dimensional
tructural constraints of the target protein. Schneuing et al. [358]
ntroduced an equivariant diffusion model named DiffSBDD
Structure-Based Drug Design) (Figure 20b). They employed two
rotein pocket conditioning strategies and representedmolecules
s graphs to enhance computational efficiency. Additionally, by
ixing certain atoms corresponding to known active substruc-
ures, the model generated the remaining structure. An iterative
noise-denoise” cycle coupled with a scoring function was used
o select optimal molecules (Figure 20c). The experimental
esults demonstrated optimized kinase inhibitor specificity. The
ocking score for the target kinase increased, reflecting enhanced
ffinity, while that for the off-target kinase decreased, indicating
mproved specificity.

urthermore, within the specific context of fragment-based drug
iscovery, a particularly intricate inverse design problem arises:
he automated and intelligent linkage of multiple molecular frag-
ents into complete, synthetically accessible drug candidates.
his task is especially challenging as it must be performed under
trict 3D steric and chemical compatibility constraints imposed
y the target protein’s binding site. ML-based inverse design
aradigms are now providing innovative solutions to this precise
hallenge. To address this issue, Igashov et al. [359] developed
iffLinker for inverse molecular linker design. Given the 3D
tructures of multiple disjoint fragments, a GNN first predicts
he probability distribution over linker atom counts. A denoising
iffusion probabilistic model then iteratively refines the linker
Figure 20d). The final denoised linker atoms combine with the
nput fragments to form a full molecule. Experimental results
howed that this method not only efficiently designs linkers
ut also overcomes limitations of conventional approaches—
uch as being restricted to connecting two fragments, inability
o autonomously determine linker atom count and attachment
oints, and disregard of 3D protein pocket constraints.

n summary, ML-based inverse design demonstrates significant
dvantages and unique functional characteristics in the field of
ovel drug development. In terms of advantages, it not only sub-
tantially shortens the research and development cycle but also
ignificantly enhances efficiency and success rates. By enabling
recise exploration of the chemical molecular design space, it
ffectively addresses the low screening efficiency and limited
nnovation associated with traditional methods in vast molecular
paces. Functionally, this design strategy centers on de novo
rug design and leverages various neural network frameworks-
uch as RL, VAEs, and diffusion models-to directionally gen-
rate novel lead compounds with desired pharmacological and
hysicochemical properties. It overcomes many limitations of
onventional approaches and exhibits superior performance in
dvanced Functional Materials, 2026
key metrics including synthetic accessibility and drug-likeness.
These attributes establish machine learning-based inverse design
as an efficient, precise, and innovative pathway for drug
discovery.

4.6.2 Medical Materials

In the field of biomedical engineering, medical materials refer
to natural or synthetic substances used to diagnose, treat, repair,
or replace human tissues and organs, or to enhance their
functions. These typically include orthopedic implants, cardio-
vascular stents, artificial heart valves, and tissue scaffolds. The
current traditional design methods present some issues: First,
medicalmaterials typically require amulti-objective performance
encompassing mechanical strength, biocompatibility, and other
properties, making design through trial and error inherently
inefficient. Second, patient-specific variability renders mass pro-
duction insufficient tomeet clinical needs, as traditionalmethods
struggle to rapidly generate personalized implants that conform
to specific anatomical structures and mechanical environments.
Third, certain application scenarios demand materials with spe-
cial properties that are inherently challenging to achieve through
conventional design, such as anisotropic mechanical behavior
and shapememory deployability. In response to these challenges,
ML-based inverse design exhibits unique advantages: starting
from predefined performance targets, it inversely deduces the
composition and structure of medical materials.

Medical materials are often required to simultaneously satisfy
multiple, and frequently conflicting, performance indicators.
For instance, orthopedic implants must possess an elastic mod-
ulus that closely matches that of natural bone to mitigate
stress shielding, while also exhibiting sufficiently high yield
strength to withstand physiological loads. To address this issue,
Peng et al. [183] proposed an active learning approach that
integrates generative models, 3D neural networks, and finite
element simulations for the multi-objective optimization (elastic
modulus, yield strength) of orthopedic implants (Figure 21a).
After dimensionality reduction of the porosity matrix via an
encoder, the design framework performs efficient exploration
of complex architectures within the latent space. Subsequently,
a decoder reconstructs the latent space vectors back into the
original porositymatrix (Figure 21b). Results showed a nearly 20%
increase in yield load and ultimate bearing capacity, indicating
enhanced mechanical support.

Orthopedic implants are intended to be implanted into the
human body to replace, support, or restore the function of
bones or joints [362]. Due to significant variations in individual
bone morphology, mass production alone is insufficient to meet
the needs of all patients in clinical practice. This challenge
necessitates the custom design of diverse orthopedic implants.
To address this issue, Jia et al. [363] introduced an ML and
topology optimization-based framework for inverse design of
orthopedic implants, which not only enables rapid prediction
of microstructure–property relationships but also facilitates the
automatic generation of spatially varying frequency distributions.
By inversely deducing microstructural parameters from stress
targets, they successfully designed patient-specific femoral scaf-
folds. The inverse-designed scaffold restricted micromotion at
47 of 68
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FIGURE 21 An overview of the application of ML-based inverse design in medical materials. (a) The framework and workflow of generative
architecture design and multi-objective active learning loop (Reproduced with permission [183]. Copyright 2023, Springer Nature.) (b) The generation
model for the target scaffold. The encoder takes the scaffold porosity matrix as input, and the decoder can serve as a generator for proposing new
scaffolds based on the learned latent sapce representation (Reproduced with permission [183]. Copyright 2023, Springer Nature.) (c) Inverse design
workflow for scaffolds based on BP neural network and GA (Reproduced with permission [360]. Copyright 2025, Elsevier.) (d) Comparison of Young’s
modulus surfaces between Type I and II bones and spinodoid bone scaffolds (Reproduced with permission [360]. Copyright 2025, Elsevier.) (e) Machine
learning-based inverse design process incorporating neural networks, evolutionary algorithms, and optimization design (Reproduced with permission
[361]. Copyright 2025, American Chemical Society).
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he fracture site to 0.3 mm, within the optimal range for bone
egeneration (0.2–1.0 mm).

or medical materials with specially tailored complex properties,
stablishing a general design framework is essential to provide
correct design rationale for the development of novel medical
aterials exhibiting such properties. Forward-inverse hybrid
esign frameworks are widely applied in this field. For instance,
ang et al. [360] proposed an inverse design strategy for aperiodic
orous structures (termed spinodoids) by integrating a forward
rediction model (BPNN) with a GA (Figure 21c). The BPNNwas
mbedded as a surrogate model within the GA to optimize the
esign parameters, minimizing the discrepancy between the nine
arget elastic constants of bone tissue and those predicted by the
PNN. The resulting spinodoid scaffolds (Type I and II) exhibit
ighly matched mechanical properties with the target bone. The
patial distribution of Young’s modulus (Figure 21d) demon-
trated close alignment between the scaffolds and natural bone,
ndicating comparable anisotropic behavior. Furthermore, in the
esign of medical thermal metamaterial implants, Jiao et al. [361]
ntegrated a BP neural network with an evolutionary algorithm
Figure 21e) to automatically determine microstructural param-
ters with bending stiffness as the target. The BPNN, trained on
xperimental data, accurately predicted the relationship between
arameters such as thickness and height and the resulting
ending stiffness. Subsequently, the evolutionary algorithm iter-
tively optimized these parameters. In the porcine tracheal stent
xperiment, the resulting stent’s strength increased by more than
21-fold, and its cross-sectional area increased by 223%, achieving
synergistic design of mechanical properties and shape memory
unctionality.

n summary, ML-based inverse design offers a systematic
olution to the three core, long-standing challenges in the
ield of medical materials. To address the problem of multi-
bjective performance optimization, machine learning mod-
ls, serving as efficient surrogates, can be integrated with
ctive learning or evolutionary algorithms to rapidly search
ast design spaces for optimal solutions that satisfy mutu-
lly conflicting performance indicators. In response to the
emand for personalization, inverse design frameworks enable
he derivation of microstructural parameters from patient-
pecific mechanical targets, facilitating the precise adaptation
f implant morphology and performance. For the realization of
pecially tailored complex properties, machine learning estab-
ishes high-dimensional structure-property mappings via surro-
ate models. When combined with optimization algorithms, this
pproach can uncover configurations and properties unattainable
hrough conventional methods, while simultaneously ensuring
anufacturability.

.6.3 Medical Sensors

ensors are characterized by their ability to convert target signals
nto readable outputs according to specific principles. Medical
ensors, in particular, refer to devices specifically designed to
easure, monitor, or diagnose physiological, biochemical, or
hysical parameters related to human health or disease states.
hese typically include physiological, biochemical, and physical
arameter sensors, among others. Designing high-performance,
dvanced Functional Materials, 2026
reliable, and practicalmedical sensors is highly challenging. First,
medical sensors often suffer from signal saturation and nonlin-
ear response, leading to compromised measurement accuracy.
Second, concerning sensor sensitivity, devices optimized through
conventional methods still exhibit insufficient responsiveness
to trace concentration variations. Third, the specificity and
selectivity of medical sensors remain challenging, as traditional
approaches are limited by their lack of precise predictive capa-
bilities regarding complexmolecular interactions. Currently, ML-
based inverse design offers an innovative pathway to overcome
these limitations.

In medical monitoring, flexible pressure sensors serve as core
components for health tracking and tactile feedback, requiring
highly linear responses across a broad pressure range. However,
conventional devices often suffer from signal saturation due to
structural limitations, leading to measurement distortion. To
address this issue, Liu et al. [364] proposed an inverse design
model based on machine learning. Their approach utilized a
small dataset to train a model that predicts optimal geomet-
ric parameter combinations for iontronic microstructures in
flexible pressure sensors, substantially enhancing design effi-
ciency (Figure 22a). The results demonstrated that the sensor
array designed using this model could output accurate total
pressure regardless of object placement, without the need for
calibration. This effectively achieves high linearity across a wide
pressure range, thereby addressing the issue of signal saturation.
(Figure 22b).

In biomedical detection, to address the challenge of insufficient
sensor response to minute concentration changes, ML-
based inverse design frameworks have been employed to
efficiently and accurately traverse and optimize sensor
structures. For instance, in malaria detection, Wekalao
et al. [365] applied machine learning to the inverse design
of terahertz metasurface biosensors. They trained an
extreme Gradient Boosting (XGBoost) regression model to
accurately and rapidly predict sensor absorption responses
under various design parameter combinations. This model
enabled efficient exploration of the vast design parameter
space and identification of optimal configurations, ultimately
facilitating the inverse design of a high-performance malaria
sensor. It can detect minute changes in Plasmodium
concentration, achieving a peak sensitivity of 429 GHzRIU−1,
a detection accuracy of 25.6, and a figure of merit of
10.989 RIU−1.

In response to the challenges of low specificity and selectivity
in biomedical sensors, it is essential to develop novel biosensors.
For instance, in the detection of chiral enantiomers, Zhang et al.
[119] proposed a deep learning-based inverse design strategy
for chiral metasurface biosensors. A forward screening network
(ResNet18) that rapidly evaluates whether the circular dichroism
of a metasurface structure meets requirements (Figure 22c), and
an inverse design network (cVAE) that generates metasurface
structural images corresponding to a target circular dichroism
response (Figure 22d). For experimental validation, the inversely
designed structure closely matched the target in center frequency
and lineshape (Figure 22e). In biosensing tests (Figure 22f),
the sensor enabled discrimination between D/L-glutamic acid
enantiomers at a concentration of 0.1 mg/mL, with a circular
49 of 68
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FIGURE 22 Anoverviewof the application ofML-based inverse design inmedical sensors. (a) Schematic of the inverse design for a flexible pressure
sensor. The left panel shows the common device structure of flexible pressure sensors. The right panel compares the time-consuming traditional forward
designwith the inverse design approach (Reproducedwith permission [364]. Copyright 2024, PNAS.) (b) Sumof signals fromall sensing units. The yellow
region displays the amplified response range of all sensing units, with an amplification factor of 49 (i.e., the number of sensing units) (Reproduced
with permission [364]. Copyright 2024, PNAS.) (c) Forward network based on the deep residual network ResNet18 (Reproduced with permission [119].
Copyright 2024, Wiley-VCH.) (d) Inverse network based on a conditional VAE (Reproduced with permission [119]. Copyright 2024, Wiley-VCH.) (e)
FSN simulation results of the inversely designed metasurface and FSN prediction results of the inversely designed metasurface (Reproduced with
permission [119]. Copyright 2024, Wiley-VCH.) (f) Inversely designed biosensor metasurface and schematic of the experimental procedure (Reproduced
with permission [119]. Copyright 2024, Wiley-VCH).
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ichroism value difference of approximately 0.05. The response
xhibits concentration dependence, endowing the sensor with
igh specificity and selectivity.

n summary, ML-based inverse design has overcome the limita-
ions of traditional approaches in the field of medical sensors. On
ne hand, models trained on small datasets or GANs effectively
ddress the issue of insufficient sample availability. On the other
and, ML models enable rapid performance prediction for vari-
us parameter combinations and efficient exploration of the vast
esign space, significantly enhancing development efficiency.
unctionally, ML-driven inverse design empowers medical sen-
orswith superior performance and enhanced detection accuracy.
t not only addresses specific shortcomings of conventional
ensors-such as signal saturation and low sensitivity-but also
mproves their specificity and selectivity. For instance, inversely
esigned chiral metasurface biosensors can accurately distin-
uish D/L enantiomers, while terahertz metasurface biosensors
etect minute changes in Plasmodium concentration. These
dvances substantially improve the practicality and reliability of
edical sensors in applications such as health monitoring and
isease diagnosis, offering an efficient and precise new pathway
or developing high-performance medical sensors.

.7 Chemical Engineering

he essence of chemical functional materials lies in control-
ing energy transfer and chemical reactions across molecular,
nit, and system scales. Translating laboratory innovations into
ractical applications not only generates material value but also
rives the pursuit of cleaner, more efficient, and sustainable
esource utilization to meet pressing global environmental and
nergy demands. In this review, we concentrate on two key
reas: the design and optimization of catalytic materials, and the
reatment of greenhouse gases. However, as sustainability goals
row increasingly complex, conventional design approaches-
ften reliant on trial-and-error and empirical knowledge-prove
nefficient and costly for exploring novel materials and optimiz-
ng multifaceted systems. Therefore, machine learning-assisted
nverse design offers significant potential for discovering and
enerating optimal material structures or process parameters to
ulfill these objectives.

.7.1 Catalysts Design and Optimization

atalysts play a central role in the chemical industry by enhanc-
ng reaction rates and process efficiency. Catalyst design relies
n understanding structure–property relationships, such as how
hysicochemical characteristics influence activity, selectivity, and
tability-to guide the development of novel catalysts. However,
raditional methods suffer from the following limitations. First,
he conventional trial-and-error approach is often constrained
y existing knowledge frameworks, leading to limited inno-
ation. Second, in high-dimensional complex chemical spaces,
raditional methods struggle to conduct comprehensive searches,
aking it difficult to precisely identify the most promising
atalysts. Third, catalyst design often requires balancing multiple
erformance indicators, such as high conversion rate and high
electivity, or high activity and long-term stability. Traditional
dvanced Functional Materials, 2026
single-objective optimization approaches fail to achieve the opti-
mal trade-off among these multiple performancemetrics. Inverse
design, driven by target performance metrics and facilitated by
machine learning, offers a promising alternative for deriving
optimal material structures [366].

To reduce the heavy reliance of traditional catalyst development
on empirical expertise, which restricts the ability to transcend
established knowledge frameworks, researchers have employed
neural networks to elucidate the relationships between material
structures and catalytic properties. This approach enables the
direct generation of novel material structures with targeted per-
formance ranges and has demonstrated significant innovation.
For instance, Kim et al. [367] proposed an improved GAN for
the design of porous materials such as zeolites. Rather than
modifying existing structures, they directed themodel to generate
new architectures directly from a target performance criterion–
specifically, an adsorption heat in the range of 18–22 kJ/mol.
This approach yielded six final structures, four of which fell
within the desired target range. The results demonstrated that
4 out of the 6 generated candidates successfully achieve the
targeted performance, offering a pioneering approach for directly
“creating” catalysts based on desired properties. Building upon
this concept, Mok and Back [368] introduced a Transformer-
basedmachine learningmodel (CatGPT) for the inverse design of
inorganic catalysts (Figure 23a). They encoded catalyst structures
as strings, enabling the model to learn the “language” of catalyst
structures. By inputting performance indicators such as target
adsorbates, CatGPT directly “generates” novel catalyst structures
in a manner analogous to writing a text. After fine-tuning on a
small dataset, the ten structures generated by the model were
all verified by DFT calculations to meet the high-activity criteria.
Importantly, all these generated structures represent novel binary
alloy combinations. In addition, Song et al. [369] proposed a
framework termed “Material Generation with Efficient Global
Chemical Space Search” (Figure 23b) for the design of electrocat-
alysts for CO2 reduction (CO2RR). This approach first employs a
crystal diffusion variational autoencoder (CDVAE) to efficiently
generate a diverse set of plausible catalyst surface structures from
the latent space. Subsequently, a supervised GNN combined with
a bird swarm algorithm accelerates the closed-loop search. Exper-
imental results demonstrated that five alloys generated by this
framework exhibit promising performance. Notably, both CuAl
and Pd5Sn2 alloys achieve a Faradaic efficiency of approximately
90% for CO2 electroreduction (Figure 23c and 23d), underscor-
ing the framework’s capability to discover high-performance
catalysts within the vast chemical space. These works demon-
strated that ML-based direct inverse generation frameworks have
transcended conventional trial-and-error approaches, possessing
unprecedented innovative capabilities.

The catalytic performance is not dictated by a single factor but
arises from the complex coupling of multiple variables, includ-
ing composition, structure, and external reaction conditions.
Traditional approaches are prone to becoming trapped in local
optima, thereby missing the globally optimal combinations. The
integration of machine learning with optimization algorithms
holds great promise in the design of chemical catalysts. For
instance, Li et al. [370] addressed the optimization of catalysts
for plastic waste pyrolysis by first employing a machine learn-
ing model (XGBoost) to learn from historical data, accurately
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FIGURE 23 The application of ML-based inverse design in catalysts design and optimization. (a) Workflow of the catalyst generation model,
including training, fine-tuning, and evaluation (Reproduced with permission [368]. Copyright 2024, American Chemical Society.) (b) The closed-loop
inverse design process, integrating CDVAE, supervised GNN, and bird swarm algorithm (Reproduced with permission [369]. Copyright 2025, Springer
Nature.) (c) The faradaic efficiencies towards CO2RR products under a range of applied potentials in 1 M KOH of CuAl alloys (Reproduced with
permission [369]. Copyright 2025, Springer Nature.) (d) The faradaic efficiencies towards CO2RR products under a range of applied potentials in 1
M KOH of Pd5Sn2 alloys (Reproduced with permission [369]. Copyright 2025, Springer Nature).
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stablishing the complex relationships among catalyst structure,
eaction conditions, and catalytic efficiency. Subsequently, they
ntegrated a PSO algorithm to inversely search for the optimal
olution within the entire variable space. This strategy not only
dentified highly efficient catalysts but also reduced the reaction
emperature by approximately 30% compared to conventional
ethods, significantly lowering energy consumption. This work
emonstrated a synergistic optimization of both the catalyst and
he reaction conditions. Similarly, Jiang et al. [371] adopted the
trategy of combining predictive models with optimization algo-
ithms in the design of inorganic catalysts for water treatment.
hey represented catalysts using four descriptors: cobalt atom
ount, metal diversity, oxygen atom count, and support type.
fter data collection, they trained a highly accurate AdaBoost
odel, which was combined with Sparrow Search Algorithm
SSA) to output optimal catalyst parameters. For instance, in
xperimental validation for norfloxacin degradation via a free
adical mechanism, SSA recommended Co3O4, achieving a 97%
emoval rate.

he integration of forward predictive models with multi-
bjective optimization algorithms proves highly effective for
chieving multi-objective optimization in catalyst design. For
O2 conversion catalysis, Chandana et al. [372] proposed inte-
rating a bayesian regularized artificial neural network with
SGA-II multi-objective optimization. This network served as
surrogate model, accurately predicting CO2 conversion and

ower olefin selectivity. Subsequently, NSGA-II was employed
o simultaneously maximize these two performance metrics.
he non-noble catalyst achieves 78.78% CO2 conversion and
9.36% lower olefin selectivity, with yield increasing from 36.75%
o 70.39%. The noble metal catalyst reached 73.78% conver-
ion and 94.72% selectivity, with yield rising from 19.53% to
9.8%. These results demonstrated that the synergy between
achine learning and optimization algorithms enables substan-
ial simultaneous improvements acrossmultiple key performance
ndicators.

n summary, for catalyst design and optimization, machine
earning-based inverse design offers a fundamental advantage
ver traditional approaches reliant on expert experience and trial-
nd-error. It overcomes key limitations-such as handlingmultiple
ariables, long development cycles, and limited innovation-
y efficiently deriving optimal catalyst structures and reaction
onditions from target performancemetrics, thereby significantly
ccelerating development and enhancing catalytic performance.
tilizing various models, including neural networks, GANs,
nd Transformers, combined with optimization algorithms (e.g.,
SO, SSA, NSGA-II, bird swarm algorithm), this approach
stablishes a closed-loop workflow from performance objectives
o structural design. It enables accurate learning of structure-
roperty relationships and high-performance prediction, direct
eneration of novel catalyst structures with specified properties
e.g., CDVAE generating high-quality alloy surfaces, catalyst gen-
rative pretrained transformer producing unprecedented binary
lloy combinations), and efficient navigation of vast chemical
paces to identify optimal solutions. These capabilities demon-
trate the transformative potential and application value of
achine learning-driven inverse design in catalyst research
nd development.
dvanced Functional Materials, 2026
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4.7.2 Greenhouse Gas Treatment

The issue of greenhouse effect has become increasingly severe,
emerging as a pressing global concern. In the field of chemistry,
researching effectivemethods for handling greenhouse gases is of
paramount importance. Current approaches primarily center on
three stages: adsorption (capture), conversion (utilization), and
sequestration. Currently, metal-organic frameworks (MOFs) are
being widely applied in the adsorption of greenhouse gases owing
to their high specific surface area, tunable pore structures, and
chemical properties. However, traditional methods for designing
MOFs have been challenging, particularly in precisely achieving
structures that meet specific performance targets and in effec-
tively conducting multi-objective optimization. In this context,
the introduction of machine learning for inverse design in this
field enables the efficient and accurate development of MOFs
tailored to target requirements.

To address the demand for precise design of materials with
specific target properties, machine learning-based inverse design
has demonstrated powerful directional capabilities. For instance,
Xin et al. [373] focused onmachine learning-based inverse design
of MOFs, but employed computational topology and natural
language processing to automatically generate MOF structures
and chemical descriptors. Machine learning models were then
used for multi-objective performance prediction and screening.
Ultimately, for various targets (e.g.,CO2 adsorption performance,
CH4 storage capacity, CO2 catalytic conversion), this inverse
design framework generated optimal MOFs that met the desired
performance expectations.

In response to the need for multi-objective trade-offs, ML-based
inverse design exhibits even more unique advantages. Park et al.
[374] proposed using deep reinforcement learning for the inverse
design of MOFs capable of directly capturing CO2 from the air.
Both the MOF generator and predictor architectures are based
on transformer (Figure 24a and 24b), with a reward function
evaluating the performance of generated MOFs. After three
rounds of reinforcement learning iterations, the performance of
the generatedMOFs improved significantly. For instance, theCO2

adsorption heat increased from 19.16 kJ∕mol to 33.52 kJ∕mol,
and CO2/H2O selectivity rose from 1.74 to 4.14, demonstrating
the success of this method in inverse designing target MOFs and
effectively optimizing their performance. The newly generated
dual-objective MOFs exhibit both high adsorption heat and high
selectivity (Figure 24c). Furthermore, Cleeton and Sarkisov [114]
employed anovel approach, deep dreaming strategies, to optimize
the organic linkers of MOFs by backpropagating gradient infor-
mation, driving the target properties toward predefined values.
They represented the three components ofMOFs (organic linkers,
inorganic nodes, and topology) as strings, integrating LSTM,
attentionmechanisms, andMLP for prediction. Through gradient
ascent, the input representations were iteratively refined to align
the predicted properties with the target values (Figure 24d). In
the multi-objective optimization of CO2 adsorption heat and
selectivity, the model successfully shifted the distribution toward
higher adsorption heat and improved selectivity.

In summary, the dual challenges faced by traditional methods in
designingMOFs–specifically, the difficulty in precisely achieving
53 of 68
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FIGURE 24 An overview of the application of ML-based inverse design in greenhouse gas treatment. (a) Architecture of the generator, comprising
a transformer encoder and decoder (Reproduced with permission [374]. Copyright 2024, Royal Society of Chemistry.) (b) The predictor, based on a
transformer encoder, takes the generator’s MOF representations as input and predicts target properties of interest (Reproduced with permission [374].
Copyright 2024, Royal Society of Chemistry.) (c) MOF structure generated by the inverse design framework, exhibiting high CO2/H2O selectivity
(>1) and moderately high CO2 adsorption heat (≈ 40 kJ ⋅ mol−1) (Reproduced with permission [374]. Copyright 2024, Royal Society of Chemistry.)
(d) Employing a deep dreaming approach for the inverse design of MOFs, the forward (training) phase involves an ML model learning to predict MOF
properties by adjusting weights and biases through standard forward and backpropagation procedures. In the inverse (dreaming) phase, feedforward
and backpropagation are similarly utilized to update edge encodings, thereby optimizing the MOF structure by minimizing the discrepancy between
the predicted properties of the initial MOF and specified target properties (Reproduced with permission [114]. Copyright 2025, Springer Nature).
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arget-specific properties and the inability to conduct effective
ulti-objective optimization–are precisely the context in which
achine learning-based inverse design proves its utility. By
eframing the design problem as a search of structural space
onstrained by performance targets, inverse design not only
fficiently generates customized materials that meet specific
etrics but also identifies global optima amidst complex multi-
bjective trade-offs. This provides a practicable pathway for the
n-demand development of high-performance materials in the
ield of greenhouse gas treatment.

.8 Other Applications

heML-based inverse design framework has been widely applied
n fields such as mechanical and energy engineering, and
lso demonstrates considerable research value and application
otential in the domain of functional materials for civil and
rchitectural engineering. As a fundamental sector closely tied
o human productivity and daily life, civil and architectural engi-
eering consistently emphasizes the safety, economy, durability,
nd functionality of structural materials. Introducing an ML-
riven inverse design framework into this field canhelp overcome
xisting technical bottlenecks and create targeted pathways for
nnovation in functional material systems.

n civil and architectural engineering, there is a growing need to
evelop advanced functional materials that simultaneously meet
ultiple performance objectives, such as balancing mechanical
trength, durability, cost efficiency, environmental sustainabil-
ty, and vibration isolation [375]. Traditional material design
pproaches are often limited by empirical knowledge and iter-
tive trial-and-error processes. Therefore, leveraging machine
earning for the inverse design of construction-related functional
aterials presents a promising direction. Many inverse design
aradigms from mechanical and acoustic engineering-such
s energy-absorbing metamaterials, sound-absorbing porous
edia, and thermally insulating composites-can be adapted
nd extended to civil engineering applications. Nevertheless,
umerous high-performance functional materials in this field
emain unexplored. For example, Brzin and Brojan [124] inte-
rated a GAN architecture into the inverse design of deformable
oft composite beams, overcoming computational challenges
n nonlinear multi-solution spaces. Their approach achieves a
esign speed of 0.8 s per 10,000 parameter sets with minimal
hape deviation, demonstrating suitability for smart deployable
tructures in adaptive bridges or buildings. This case highlights
he significant potential of ML-based inverse design in advancing
unctional materials for civil and architectural applications.

n summary, inverse design based onmachine learning offers dis-
inct advantages and functional capabilities in the development
f civil engineeringmaterials. Its strength lies in transcending the
imitations of conventional designmethodologies and knowledge
ystems, thereby substantially improving design efficiency and
aterial performance. Functionally, it enables powerful multi-
bjective optimization-whether balancing strength, durability,
ost, and environmental attributes of building materials, or
ailoring acoustic, thermal, and mechanical responses for spe-
ific applications. Through ML techniques such as GANs and
einforcement learning, this framework can learn latent patterns
dvanced Functional Materials, 2026
from data and generate novel material solutions. These capabil-
ities underscore its usability, importance, and broad application
potential in tackling complex material design challenges across
functional engineering domains.

5 Challenges and Prospects

5.1 Challenges

Despite the substantial progress in ML-driven inverse design,
several unresolved bottlenecks continue to impede its translation
from laboratory demonstrations to reliable real-world deploy-
ment and large-scale industrial adoption. These bottlenecks
primarily arise from four interconnected issues: the persistent
discrepancy between simulations and experimental observations,
the prohibitive cost and infrastructure demands of data acqui-
sition for complex systems, the lack of interpretability and
certifiable physical consistency inMLmodels, and the substantial
computational burden associated with training and deploying
advanced architectures. Unless systematically addressed, these
limitations restrict trust, reproducibility, certification, and inte-
gration into existing engineering workflows. This section there-
fore focuses on how these unresolved issues directly constrain
practical deployment, reliability, and regulatory acceptance in
real engineering environments.

One of the most pressing challenges is the inconsistency between
simulation data used for model training and real-world exper-
imental results. In practice, most ML-driven inverse design
pipelines rely heavily on synthetic data generated from physics-
based simulations, which, although controllable and scalable,
inevitably idealize material behavior, boundary conditions, and
fabrication tolerances. As a consequence, models that demon-
strate high predictive accuracy in silico often suffer performance
degradation when transferred to experimental or manufacturing
settings. This simulation–experiment gap constitutes a funda-
mental deployment bottleneck: even minor discrepancies in
material properties, geometric tolerances, or environmental noise
can invalidate optimized designs, thereby undermining confi-
dence in ML-generated solutions for high-precision domains
such as functional materials, photonics, and aerospace com-
ponents. In control-related applications, models trained under
idealized assumptions may fail to maintain robustness under
real-world disturbances, further limiting their readiness for
safety-critical deployment.

The second major challenge is the prohibitive cost and infras-
tructure requirements associated with data generation andmodel
training in complex, high-dimensional inverse design problems.
For many functional material systems, generating sufficiently
diverse and high-fidelity datasets requires extensive numerical
simulations or expensive experimental campaigns, which are
often beyond the reach of industrial timelines and budgets. This
data bottleneck directly constrains the scalability of supervised
and generative learning approaches in real-world settings. High-
dimensional design spaces further exacerbate sample inefficiency
and increase the risk of overfitting, limiting the reliability of
learned inverse mappings. Although dimensionality reduction,
transfer learning, and generative modeling provide partial miti-
gation, robust and industry-ready solutions for high-dimensional,
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ata-scarce environments remain largely unresolved. Further-
ore, the substantial computational resources required to train
nd maintain high-capacity architectures (e.g., diffusion models
r transformers) pose additional barriers to integration within
xisting industrial design pipelines, where computational effi-
iency, cost-effectiveness, and real-time responsiveness are essen-
ial.

hird, the interpretability and physical consistency of ML
odels represent critical bottlenecks for deployment in safety-
ritical, regulation-sensitive, or certification-intensive domains.
eep neural networks and other high-capacity models often
perate as opaque black boxes, providing limited transparency
egarding the causal or physics-governed relationships under-
ying the design–performance mapping. Such opacity hinders
rust among domain experts, complicates model validation,
nd makes it challenging to satisfy regulatory or certifica-
ion requirements that demand traceability and explainability.
oreover, without explicit physical constraints, ML-generated
esigns may violate conservation laws, manufacturability lim-
ts, or material feasibility constraints, which can render them
nsuitable for direct fabrication. Although PINNs and con-
trained optimization frameworks have been proposed to mit-
gate these issues, their scalability, robustness, and compat-
bility with complex high-dimensional inverse design tasks
emain insufficiently validated for widespread industrial adop-
ion.

n response to the aforementioned challenges, three core solution
athways can be identified:

irst, to address the discrepancies between simulation and
xperimental data while enhancing model trustworthiness, it is
ssential to develop learning frameworks that integrate physi-
al principles with experimental validation. These frameworks
mbed physical laws (e.g., conservation laws, material con-
traints) directly into neural network architectures and estab-
ish experimental feedback mechanisms to ensure model out-
uts align with physical principles. Implementation approaches
nclude: developing hybrid architectures that couple differen-
iable physics simulators with neural networks, constructing
raining loops incorporating real-time experimental validation,
nd formulating joint optimization objectives combining physical
onstraints with data-driven learning. Such frameworks not
nly improve model generalizability in real-world environments
ut also reduce reliance on massive datasets through physics-
onsistent regularization.

econd, to tackle data scarcity and high computational costs in
igh-dimensional design problems, a technical system empha-
izing data-efficient utilization and knowledge transfer should
e developed. This includes constructing foundational models
ia meta-learning for rapid adaptation to new tasks, employ-
ng multi-fidelity modeling to enable collaborative training
cross data of varying accuracy levels, and establishing cross-
aterial/cross-scale feature transfer mechanisms. By excavating
nderlying patterns in design spaces, these methods significantly
educe dependence on large annotated datasets for specific
cenarios, maintaining model performance under limited data
onditions while alleviating computational burdens in high-
imensional optimization.
6 of 68
Third, to overcome model opacity and address complex engi-
neering constraints, interactive design platforms integrating
human expertise must be established. Such systems incorporate
explainable AI techniques (e.g., attention mechanisms, sym-
bolic reasoning) to transparentize design decision processes,
develop real-time human-machine interfaces enabling domain
experts to inject physical intuition and empirical rules, and
create multi-objective trade-off analysis tools assisting engineers
in navigating high-dimensional Pareto fronts. This human-AI
symbiotic paradigm not only enhances the physical plausibility of
model outputs but also strengthens credibility and practicality in
engineering applications through visualized decision processes.

In summary, the continued advancement of ML-driven inverse
design hinges on addressing its current limitations through
interdisciplinary approaches that unify data-driven modeling,
physical insight, and computational efficiency. By confronting
these challenges, the field can progress toward creating intel-
ligent, adaptive, and deployable design tools that transcend
disciplinary boundaries and accelerate innovation across the
engineering sciences.

5.2 Prospects

The future of AI-driven inverse design will increasingly converge
with predictive multiscale materials design, shifting from ana-
lyzing correlations to uncovering hierarchical physical principles
across scales, thereby enabling the explainable and controllable
creation of optimal structures from molecules to macroscale
systems. Generative AI will actively invent novel materials and
devices rather than just searching existing options. This trans-
formation will be catalyzed by the integration of physics-based
modeling,multiscale simulation, and collaborativeAI ecosystems
that reason across composition-structure-property-performance
relationships beyond human intuition. Furthermore, the cou-
pling of AI-driven inverse design with advanced manufactur-
ing platforms–such as additive manufacturing and atomically
precise fabrication–will establish tightly integrated design-to-
manufacturing pipelines, enabling real-time design-verification-
fabrication loops that dramatically shorten innovation cycles.

First, future inverse design will transcend the current black-box
paradigm of input-output mapping. AI will move beyond merely
learning complex correlations between the design space and
performance targets, aiming instead to autonomously compress
and abstract the underlying physical laws or chemical principles
from massive design datasets. In this paradigm, inverse design
systems will not only generate optimal structures but also extract
transferable, multiscale design rules–bridging atomistic interac-
tions, microstructural organization, and macroscopic function-
ality. Consequently, inverse design will evolve into a scientific
discovery engine capable of revealing causal mechanisms that
link molecular architecture to system-level performance, thereby
transforming “materials by trial” into truly predictive “materials
by design.”

Second, with the maturation of generative AI, the core mech-
anism of inverse design will shift from screening for optimal
solutions within a vast design space to actively and direction-
ally creating unprecedented solutions. By leveraging generative
Advanced Functional Materials, 2026
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odels (e.g., diffusion models, generative adversarial networks)
n conjunction with quantum calculations, molecular dynamics,
nd continuum simulations, systems will be able to synthe-
ize novel molecules, crystal structures, hierarchical composites,
r metamaterial topologies that are consistent with physical
onstraints across scales. This will inaugurate a new era of
Generative Inverse Design,” in which composition, microstruc-
ure, processing parameters, and structural architecture are
o-optimized simultaneously, enabling on-demand creation of
igh-performance materials that are directly manufacturable.

hird, to overcome the limitations of human prior knowledge,
uture inverse design systems will adopt a multi-agent architec-
ure. Within this ecosystem, AI agents specializing in distinct
oles (e.g., atomistic simulation, microstructure modeling, pro-
ess optimization, manufacturing feasibility assessment, and
heoretical deduction) will collaboratively explore the design
pace acrossmultiple physical scales. Such systems can iteratively
ropose hypotheses, validate them through embedded physics
imulations, critique alternatives, and refine solutions in a closed-
oop reasoning framework. By integrating scholarship, physical
odeling, and data-driven inference, thesemulti-agent platforms
ay unlockmaterials and structures that transcend conventional
ntuition while remaining grounded in physical realizability.

inally, the convergence of AI-driven inverse design with digital
wins and intelligent manufacturing infrastructures will pro-
oundly reshape the paradigm of materials innovation. Inverse
esign systems will increasingly be embedded within cyber–
hysical platforms, where digital twins continuously integrate
eal-time sensor data, simulation updates, and predictive models
o guide material evolution throughout its life cycle. In this
etting, inverse design ceases to function as an isolated compu-
ational module and instead becomes an active component of
n intelligent design-to-manufacturing ecosystem. It can perceive
he environment in real-time, generate candidate designs (e.g.,
ew material molecules or optical structures), and perform
reliminary performance simulations and screening locally. By
oupling predictive modeling with additive manufacturing and
n-situ monitoring, such closed-loop systems can drastically
ompress the iteration cycle from digital concept to physical
ealization. Moreover, distributed intelligent networks–spanning
imulation platforms, manufacturing units, and experimental
acilities–will collectively form an innovation ecosystem inwhich
aterials can be conceived, validated, fabricated, and refined in
n integrated manner. This distributed yet coordinated intelli-
ence may ultimately democratize advanced inverse design capa-
ilities while maintaining the rigorous multiscale consistency
equired for industrial impact.

Conclusions

his work presents a comprehensive and systematic review
f machine learning–enabled inverse design, integrating frag-
ented advances across diverse functional material systems into
coherent methodological framework. Bymapping the evolution
rom topology-optimization-based strategies to data-driven direct
nversion and forward–inverse hybrid paradigms, and by analyz-
ng how machine learning models and optimization algorithms
dapt to variations in data availability, physical knowledge, and
dvanced Functional Materials, 2026
design-space dimensionality, this review clarifies not only the
technical landscape but also the underlying principles shaping
the field.

Across mechanical, acoustic, thermal, optical, energy-functional,
biomedical, catalytic, and other emerging multifunctional mate-
rials, we observe that methodological choices are intrinsically
coupled to physical mechanisms, combinatorial complexity, and
data regimes. Mechanical and acoustic systems often integrate
physics-based surrogates with global optimization to ensure
structural reliability. Optical and photonic materials leverage
deep generative models and differentiable optimization to navi-
gate high-dimensional, wave-governed design spaces. Chemical
and biomedical materials, characterized by vast compositional
possibilities and limited labeled data, increasingly rely on
conditional generation, active learning, Bayesian optimization,
and transformer- or diffusion-based architectures. Meanwhile,
physics-informed and differentiable frameworks offer particu-
lar advantages in data-scarce yet well-understood systems by
embedding governing equations directly into the learning and
optimization process.

Beyond methodological diversity, a deeper transformation is
underway. Machine learning–enabled inverse design is progres-
sively dissolving the traditional boundary between modeling,
optimization, and realization. As physics-based simulation, data-
driven intelligence, and advanced manufacturing technologies
converge, inverse design is evolving from an iterative computa-
tional tool into an integrated design-to-manufacturing paradigm.
In this emerging framework, target performance metrics serve
as inputs, and the outputs increasingly approach physically
consistent, fabrication-aware blueprints rather than abstract
numerical solutions.

Future progress will likely be driven by three converging
directions: tighter integration of physical constraints with gen-
erative AI, development of adaptive and interpretable models
that balance data efficiency with scalability, and the establish-
ment of closed-loop pipelines linking simulation, experiment,
and autonomous optimization. Rather than replacing domain
knowledge, machine learning acts as an amplifier of physical
reasoning, enabling exploration of design regions that would
remain inaccessible to intuition or brute-force enumeration.

Ultimately, ML-driven inverse design not only accelerates mate-
rials discovery but also redefines how functional materials are
conceived, validated, and realized. By unifying data, physics, and
computation within scalable optimization frameworks, it pro-
vides a foundation for predictive multiscale engineering–where
material functionality is no longer searched for, but systematically
constructed from specification to manufacturable implementa-
tion.
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