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Active metamaterials exhibit unique and tunable functionalities by
altering their shape and material properties in response to external
stimuli. While this enables the creation of material systems that can
respond to dynamically changing environments, it also necessitates
the development of innovative computational strategies for active
metamaterial design. Recent advancements in computational algo-
rithms, such as physics-based optimization techniques and artificial
intelligence, have offered new opportunities and attracted signifi-
cant interest in the field. In this perspective, we examine how
these advancements are shaping the development of metamaterial
systems. First, we discuss the different levels of complexity for meta-
material design, categorized by the material system (passive versus
active) and design approach (forward prediction versus inverse
design). We then provide an overview of recent efforts aimed at
overcoming the challenges presented by design problems of
increasing difficulty. Finally, current limitations and possible
future directions for the field are discussed, emphasizing the impor-
tance of active property tuning and multifunctionality. This article
is expected to provide a comprehensive overview of the current
computational landscape, offer insights into emerging strategies
for active metamaterial design, and guide future research toward
more programmable, multifunctional material systems.
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1 Introduction

Metamaterials are a class of engineered materials with a periodic
structure composed of repeating unit cells, designed to exhibit
unique physical properties not found in natural materials. Conven-
tional metamaterial systems usually possess a fixed structure and
correspondingly, fixed properties. This greatly limits their applica-
bility in dynamically changing environments that demand tunable
functionalities. To overcome this limitation, active metamaterials
have emerged as an exciting research area, as they offer tunable
properties that can be adjusted through either structural reconfigura-
tion or local property tuning under external stimuli, including
mechanical [1], thermal [2], magnetic [3], and electrical [4] actua-
tion. For instance, the shape of active metamaterials has been recon-
figured in response to programmed mechanical loads [1,5,6]. The
resulting deformation is subsequently harnessed to control the
systems’ wave propagation behavior. Similarly, magnetically actu-
ated metamaterials have demonstrated tunable mechanical proper-
ties, enabled by the structural reconfiguration resulting from an
applied magnetic field [3,7]. The variety of geometric configura-
tions, available materials, and actuation methods results in a vast
design space with great potential. However, navigating this
complex landscape to achieve specific functions remains a signifi-
cant challenge.

Until recently, active metamaterial design has largely relied on
experience-driven and iterative methods. These approaches typi-
cally involve a trial-and-error process in which metamaterials are
first constructed and then analyzed to obtain their properties and
functionalities. While widely used, this approach is inherently inef-
ficient and limits the possibility of directly designing active meta-
materials to achieve target behaviors. Encouragingly, recent
advances in computational design tools and artificial intelligence
(AI) have opened new pathways for more efficient and systematic
exploration of the active metamaterial design space. These emerg-
ing technologies offer a promising framework for the direct creation
of active metamaterial systems tailored to exhibit desired properties
and functions.

In this perspective article, we review and discuss two broad cat-
egories of metamaterial design strategies: physics-based design
optimization and non-physics-based inverse design methods.
Physics-based approaches include but are not limited to, finite
element analysis (FEA) and topology optimization. FEA utilizes
governing equations and boundary conditions to evaluate the struc-
ture’s properties or its response to external stimuli. For example,
structural FEA has been used to predict how liquid crystal
elastomer metamaterials change shape in response to temperature
variations [2]. Structural FEA has also been applied to model
how metamaterials reconfigure when exposed to magnetic fields
that trigger shape change, resulting in a shift in the material’s effec-
tive stiffness that is also predicted by FEA [3]. However, FEA can
be computationally expensive and time-consuming, particularly
when applied in trial-and-error design workflows. As a result,
FEA is often used to build intuition about material behavior or to
generate datasets for more advanced design algorithms. Topology
optimization is another physics-informed approach that systemati-
cally optimizes the distribution of a material by explicitly incorpo-
rating physical laws and constraints into the optimization process to
minimize an objective function. For instance, optimization has been
applied to design magnetically actuated kirigami metamaterials by
minimizing the energy of their deployed states [8]. This physics-
based approach ensures that equilibrium conditions are met,
enabling the design of structures that deform to stable target
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configurations. While topology optimization provides a more effi-
cient means of exploring the design space compared to brute-force
methods, it is still limited by high computational costs, especially
when dealing with large design spaces, or systems governed by
complex, non-linear equations. In contrast, Al methods, such as
machine learning (ML), enable metamaterial design without requiring
explicit knowledge of the underlying physics. ML models are trained
on large datasets to learn patterns and perform specific tasks, allowing
the identification of complex trends that may otherwise be difficult to
capture through conventional techniques. In this perspective article,
we provide a comprehensive overview of these different strategies
for metamaterial design. In Sec. 2, we explore the increasing com-
plexity of metamaterial design problems, processing from the
forward prediction of passive metamaterials, the inverse design of
passive metamaterials, the forward prediction of active metamaterials,
to the inverse design of active metamaterials. In Sec. 3, we outline
key challenges and exciting future directions for the field.

2 Increasing Complexity of the Metamaterial Design

2.1 Passive Versus Active Metamaterials. Passive metama-
terials refer to metamaterials that possess a fixed structural config-
uration and, consequently, fixed properties that cannot be altered
after fabrication. For instance, auxetic metamaterials [9,10]
exhibit the unique property of a negative Poisson’s ratio.
However, the Poisson’s ratio is intrinsically tied to the unit cell
geometry, making it a fixed material property once the design is
set. The unit cells that compose metamaterial systems have a
wide design space encompassing their structural configuration
and material composition. Even in passive systems, navigating
this design space to achieve target properties and functions is non-
trivial. For example, it has been demonstrated that a wide range of
Poisson’s ratios can be achieved by adjusting the unit cell geometry
and material composition of passive metamaterials [9]. To effi-
ciently navigate the large number of material configurations, an
Al-guided algorithm is employed to create structures that meet spe-
cific design requirements, such as auxeticity, while avoiding time-
consuming trial-and-error processes.

However, the inherent rigidity of passive metamaterials ultimately
limits their application in environments that demand adaptive or
tunable functionalities. To overcome this, active metamaterials
with tunable properties have emerged as a promising research
area. Unlike passive systems, active metamaterials can change
their properties post-fabrication in response to external stimuli,
allowing them to adapt to dynamically changing environments.
For example, active metamaterials with tunable thermal
conductivity have been used to create devices that regulate heat
flow in changing external thermal fields, enabled by programming
the metamaterial’s conductivity in response to changes in tempera-
ture [11]. Figure 1 provides a conceptual overview of active metama-
terial design. Figure 1(a) shows various actuation mechanisms,
including mechanical [1], thermal [2], magnetic [3], and electrical
[4] stimuli that enable metamaterial tunability. These actuation
modes alter structural configurations or local material properties,
dynamically modifying the metamaterial’s functionality.
Figure 1(b) shows how structural reconfiguration is harnessed to
enable diverse behaviors, including programmable mechanical prop-
erties [7], wave manipulation [5,6,12], and locomotion [13].

In active metamaterials, functions and the transition between dif-
ferent functional states are governed by shape and property recon-
figuration upon stimulation. Unlike passive systems whose design
only concerns the initial unit cell geometry and material type,
design for active metamaterials requires consideration of how
these features can be actively tuned using external stimuli. This
results in a significantly expanded design space. For example,
magneto-mechanical metamaterials have demonstrated the ability
to provide both waveguide and vibration isolation behavior
within a single system, enabled by selectively actuating specific
unit cells [14]. In such systems, wave propagation behavior
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depends not only on the metamaterial’s unit cell geometry and
material composition but also on the global configuration modu-
lated through actuation. While active metamaterials possess the
advantage of reconfigurable and programmable functionalities,
their design process is inherently more complex. It must account
for shape reconfiguration, property tuning, and their coupling to
achieve desired tunable behavior.

2.2 Forward Prediction Versus Inverse Design. Metamater-
ial design problems fall into two categories: forward prediction and
inverse design. In forward prediction, the objective is to determine
the functional response of a metamaterial system given a known set
of design parameters. Physics-based methods, such as structural
FEA, are commonly employed for this purpose. For example,
FEA is used to obtain the deformation of active materials in
response to thermal [2,15] and magnetic [3,14] actuation. The
resulting property modes corresponding to these deformations,
such as changes in stiffness [3] or wave propagation behavior
[14], can also be predicted by FEA. While FEA can accurately
predict metamaterial behaviors, it is computationally expensive
and time-consuming, particularly for systems with complex geom-
etries. As a result, FEA is often used to generate training data for
more efficient optimization and ML algorithms. Compared to
manual trial-and-error methods, this hybrid approach provides a
more streamlined and scalable design process. ML, in particular,
has been proven as an effective strategy to accelerate forward pre-
diction. Because ML models do not require explicit knowledge of
the underlying physics, they can uncover complex, non-linear rela-
tionships between design parameters and resulting functionalities
that may be difficult to model analytically. For example, deep resid-
ual networks (ResNet) have been applied to predict the global strain
in 3D-printed magneto-mechanical metamaterials [16]. Here, the
ResNet is trained on FEA-generated data and subsequently used
to replace FEA 1in the algorithm’s forward prediction phase, signif-
icantly reducing computational cost.

In comparison, inverse design aims to determine the metamaterial
configuration required to achieve a specified functionality. This is
often a more desirable yet more complex problem, as it allows mate-
rials to be tailored directly for specific applications. Unlike forward
prediction, where a single material configuration leads to a unique
behavior, inverse problems are often non-unique, as one functional-
ity can be produced by multiple material configurations. For
example, Jiang et al. investigated both forward and inverse design
approaches to tailor elastic wave behavior in metamaterials [17].
They showed that forward prediction of the dispersion relation,
which characterizes how different wavelengths propagate through
a material, is straightforward as each material configuration
uniquely determines its dispersion relation. For the inverse
design, they employed a generative adversarial network (GAN) to
generate metamaterial configurations that achieve target dispersion
relations, showing that within a given tolerance, multiple material
configurations can satisfy the same target functionality. This non-
uniqueness poses challenges for inverse design algorithms, as
they may struggle to converge on an optimal solution when multiple
viable configurations exist.

Several approaches have been developed to address the chal-
lenges of inverse design. Optimization algorithms have been used
to systematically explore the metamaterial design space, adjusting
material parameters until the target functionality is met. For
example, genetic algorithms (GA) start with an initial set of meta-
material candidates, selecting the top-performing designs and gen-
erating new material systems through crossover (combining
elements of the top-performing designs) and mutation (incorporat-
ing random changes). This is repeated over many generations
until a metamaterial candidate with the desired functionality, such
as target loading curves [18] or target transmission spectra [19], is
found. However, as the design space grows in size and complexity,
traditional optimization methods become less effective. Al algo-
rithms, which do not require explicit knowledge of the systems’
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Fig.1 Overview of active metamaterial design. (a) Different stimuli for active metamaterial actuation, including (i) mechanical [1],
(ii) thermal [2], (iii) magnetic [3], and (iv) electrical [4]. (b) Functionalities resulting from the actuated shape change, including (i)
programmable mechanical properties [7], (ii) electromagnetic [12], (iii) acoustic [5], and (iv) elastic [6] wave propagation, and (v)
motion [13]. (c) Examples of additional design parameters and specific functionalities within active metamaterial design.

underlying physics, are better able to capture these non-linear rela-
tionships. ML algorithms such as neural networks (NN) are often
employed as surrogate models in optimization [16,18-21]. The
properties predicted by a NN are used by optimization algorithms
to find metamaterial parameters that correspond to a target function-
ality. For example, Wang et al. used a NN to predict the loading
curves of mechanical metamaterials [18]. These predictions then
guided a GA to rapidly identify high-performance candidates,
thereby accelerating the inverse design process. More advanced
architectures, such as tandem neural networks (TNN), where multi-
ple NN are employed sequentially, can further improve inverse
design outcomes [22-24]. In a TNN framework, an inverse NN
(i-NN) is paired with a pre-trained forward NN (f-NN). The i-NN
generates candidate design parameters, while the f-NN evaluates
the resulting functionality. The output is compared with the target
functionality, and the error is minimized during training. This
approach leverages the relative simplicity of forward prediction to
enhance inverse design. For example, Alderete et al. applied this
method to kirigami metamaterials, using an f-NN to predict defor-
mation from cut geometry and an i-NN to infer cut geometry
from target deformation angles [24]. Although inverse design pre-
sents more challenges than forward prediction, its ability to
produce materials with customized, application-specific functional-
ities makes it a central goal in metamaterial research. Ongoing
advances in Al and computational design tools provide a promising
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route to address these design challenges and unlock new capabilities
in metamaterial engineering.

2.3 The Spectrum of the Metamaterial Design Complexity.
The complexity of metamaterial design problems varies depending
on both the material system and the design approach. This spectrum
of complexity is summarized in Fig. 2, which outlines four catego-
ries of design problems in order of increasing complexity: (a)
forward prediction of passive metamaterials; (b) inverse design of
passive metamaterials; (c) forward prediction of active metamater-
ials; and (d) inverse design of active metamaterials. The following
sections detail the existing studies, current challenges, and future
opportunities within each category.

2.3.1 Forward Prediction of Passive Metamaterials. This cat-
egory is the least complex among the four, due to its limited number
of design parameters and the presence of unique solutions. The
forward prediction of passive systems forms the foundation for
more complex and advanced design problems. ML has proven
highly effective in accelerating the prediction of key functionalities,
such as deformation [10], mechanical properties [9,25,27], and
wave propagation behaviors [28,29]. For instance, Gu et al. used
NN s to predict the toughness and strength of 2D composite materi-
als [25]. Trained on FEA data, their model provided rapid and
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accurate predictions at a fraction of the computational cost of FEA.
Similarly, Zhang et al. employed ML to predict wave propagation
characteristics in elastic metamaterials [28], achieving much
faster results compared to FEA simulations. Additionally, the
computational efficiency provided by ML enables the exhaustive
exploration of configuration libraries. However, this requires a suf-
ficiently small design space. For metamaterials with more complex
geometries and higher-dimensional design spaces, brute-force pre-
diction becomes computationally infeasible, requiring alternative
design methodologies to address these problems.

2.3.2 Inverse Design of Passive Metamaterials. As discussed
in Sec. 2.2, inverse design introduces non-uniqueness into the solu-
tion space, leading to increased complexity. The design goal is to
identify a configuration that exhibits a desired response, such as
specific wave propagation behavior [17,22,30-34] or targeted
mechanical properties [18,23,35,36]. For example, data-driven
topology optimization has been used to design mechanical metama-
terial cloaks that enable elastic waves to propagate around voids
with minimal distortion [33]. By tiling unit cells from a precom-
puted database, optimal designs are found so that the void
becomes indistinguishable from its homogeneous surroundings.
This strategy of inversely designing metamaterials from a prede-
fined set of unit cells limits the size of the design space, reducing
the number of possible configurations and enabling faster conver-
gence of the optimization algorithm. However, larger design
spaces have been demonstrated to improve the metamaterial perfor-
mance. For example, given a design target of maximized natural fre-
quency, Wang et al. demonstrated that expanding the variety of unit
cells in the optimization process enables the design of composites
that achieve higher natural frequencies [34]. This shows that large
design spaces offer greater potential for increased metamaterial pro-
grammability and functionality, which simultaneously demands
more efficient inverse design methods. Additionally, the difficulty
within inverse design varies depending on the target objective. In
the context of wave propagation in metamaterials, functional behav-
iors are often characterized by bandgaps and their corresponding
widths. One common objective of inverse design is the generation
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of structures with bandgaps at target frequency ranges [17,22,32].
Both topology optimization and ML have also been used to maxi-
mize the bandgap width [30,31] of passive metamaterials.
However, designing functionalities within specific frequency
ranges is more challenging, making inverse design more complex
than cases where the goal is simply to maximize a given function-
ality. Nevertheless, the ability to address both types of design objec-
tives is critical. For instance, tailoring metamaterial bandgaps to
specific frequency ranges enables the development of systems for
targeted vibration isolation applications such as attenuating
seismic waves to protect buildings during earthquakes [37].
Given that the vibrations from earthquakes can span a range of
frequencies, maximizing the bandgap width of these systems can
subsequently enhance their performance. Therefore, to fully
harness the potential of metamaterials, inverse design algorithms
must be capable of navigating large design spaces while accommo-
dating diverse design objectives.

2.3.3 Forward Prediction of the Active Metamaterials. As
detailed in Sec. 2.1, by introducing tunability through external
stimuli, active metamaterials drastically expand the number of
design parameters and exhibit stimulus-dependent behaviors. This
further increases the complexity of the design problem. Physics-
based models, such as FEA, are often employed to predict a mate-
rial’s response to an external stimulus and its resulting shape recon-
figuration for property tuning. For instance, Sim et al. used
structural FEA to model the deformation of magneto-mechanical
metamaterials under localized magnetic fields [14], followed by
additional simulations to analyze the elastic wave propagation in
the metamaterial across different shape configurations. However,
FEA can be computationally expensive, especially when evaluating
active systems that possess many tunable parameters. In contrast,
ML has shown superior computational efficiency when accounting
for stimulus-dependent behavior. For example, Tang et al. used a
neural network to predict how thermally responsive composites
deform at different temperatures, achieving faster results compared
to traditional FEA [38]. While passive metamaterials rely on the
forward prediction of fixed functionalities, active systems introduce
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additional complexity by requiring the prediction of tunable proper-
ties in response to varying stimuli. Addressing the design chal-
lenges of active metamaterials thus demands efficient methods
that incorporate and extend physics-based models for forward pre-
diction. Such approaches are crucial for systematically linking
changes in material properties and functions to the underlying meta-
material reconfiguration.

2.3.4 Inverse Design of Active Metamaterials. This category
represents the highest level of complexity, as it combines non-
unique solutions with a greatly expanded design space. Unlike
passive metamaterial systems, the inverse design of active metama-
terials needs to account for stimuli-dependent behavior and struc-
tural reconfigurability. Take magneto-mechanical metamaterials
as an example: parameters such as the magnetization distribution
and applied magnetic field, arising from the system’s responsive-
ness to external stimuli, must be optimized in addition to the geom-
etry and material composition [8,39]. For instance, Wang et al.
implemented a physics-aware model to design magnetically actu-
ated kirigami metamaterials, simultaneously optimizing the cuts

Journal of Applied Mechanics

and magnetization distribution to create structures that deform to
target configurations depending on the applied magnetic field [8].
Advanced manufacturing techniques, such as 4D printing, which
extends 3D printing by introducing time as a dimension, further
expand the design space of active systems. While these advance-
ments open opportunities for highly programmable systems, they
also demand efficient inverse design algorithms capable of navigat-
ing vast, multidimensional design spaces to achieve tunable target
functionalities [40].

Compared to forward prediction, the inverse design of active
metamaterials is further complicated by the presence of non-unique
solutions. To simplify these problems and make them more tracta-
ble, constraints are often placed on the design space, similar to the
inverse design of passive systems. For instance, this strategy is
employed for 4D printed metamaterials by fixing the geometry,
effectively removing it as a design parameter. The material distribu-
tion within this fixed geometry is then designed to achieve target
deformations in response to thermal [15,20,21] or magnetic
stimuli [13,16]. While this approach narrows the design space
and accelerates algorithms’ convergence, it concurrently sacrifices
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metamaterial programmability. Given the complexity of these
systems, current efforts in inverse design have primarily focused
on achieving target shape changes, which are often more straight-
forward to implement due to their direct coupling with external
stimuli. Optimization and ML algorithms have been employed in
the inverse design of active materials that achieve target deforma-
tions in response to mechanical [24,41], thermal [15,20,21,26],
and magnetic stimuli [8,13,16,39,42]. However, these studies typi-
cally do not address the tunable functionalities associated with such
deformations, such as global stiffness or wave propagation beha-
vior, which are critical for many applications. While inverse
design for active property tuning presents additional challenges,
its ability to directly design metamaterials for target applications
offers many opportunities. These opportunities are further delin-
eated in Sec. 3, Perspectives.

3 Perspectives

3.1 Extending Inverse Design Beyond Shape Reconfiguration
to Active Property Tuning. Current inverse design efforts for
active metamaterials primarily focus on achieving target shape
reconfigurations by tuning the system’s geometry and material prop-
erties under applied stimuli. However, the functionality provided by
shape configuration is of greater interest than the shape change itself.
These problems become hierarchical when the goal shifts to achiev-
ing specific functionalities enabled by shape change. For example,
bandgaps demonstrate how geometry directly relates to a material’s
functionality as the wave propagation through a periodic structure
depends on its unit cell shape. By properly designing reconfigurable
unit cells, waves can be reflected or blocked at certain frequencies,
resulting in the formation of bandgaps. Thus, designing tunable
bandgaps at specific frequency ranges through inverse design
involves multiple layers of physics. It not only requires identifying
the shape configuration that enables the desired wave propagation
behavior but also designing the actuation parameters needed to
realize that configuration. However, when designing for target
functionalities, simplifications such as decoupling shape change
from function are often introduced to make the design problem
more manageable. For example, Zhang et al. used topology opti-
mization to design metamaterials with a negative coefficient of
thermal expansion and phononic bandgap properties [43].
While the material actively changes shape in response to
thermal stimuli, its bandgap function remains passive, being pro-
grammed by fixed geometric parameters rather than dynamic
shape reconfiguration. Similarly, Bao et al. used topology optimi-
zation to design metamaterials with a target Poisson’s ratio and
desired bandgap range [44]. Although the material is reconfigur-
able under mechanical loads, its bandgap range remains fixed,
depending on the inclusion of local resonators as opposed to
shape change. While these approaches simplify design by avoid-
ing hierarchical complexity, they also lack the ability to create
systems with dynamically programmable bandgap functionali-
ties, relying on fixed parameters and lacking integration
between actuation and function.

New design methodologies are needed to address these highly
complex, hierarchical problems. Combining optimization with
Al-guided strategies provides a promising path forward, leveraging
both physics-based models and data. For instance, physics-
informed neural networks (PINNs), which embed governing equa-
tions into ML algorithms, have been successfully demonstrated in
the inverse design of electromagnetic metamaterials for cloaking
applications [45,46]. Although these systems are passive, their
design involves complex, non-linear relationships well suited to
PINNSs, which can jointly solve forward and inverse problems and
handle otherwise intractable partial differential equations [47].
Additionally, PINNs perform well with limited data availability, a
key advantage in active metamaterial design where expansive
design spaces make data acquisition challenging. Moreover, incor-
porating governing equations into Al-guided design has the poten-
tial to address the multiple levels of physics present in hierarchical
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design problems. For instance, PINNs have been employed for
forward prediction in electroconvection problems, simultaneously
considering mass, momentum, cation/anion transport, and electro-
static fields [48]. Compared to traditional methods, PINNs offer
enhanced capability for analyzing coupled, non-linear multiphysics
systems. Extending such algorithms to active metamaterial design
could help capture the interdependencies between the shape
change and tunable functionality. While inverse design methods
for achieving target deformations in active metamaterials are well
established, research on tuning functionality in response to shape
change remains limited. Addressing this gap by considering multi-
ple levels of physics would enable the development of novel mate-
rial systems capable of dynamically adapting to their environments.

3.2 Creating Multifunctional Metamaterial Systems. As
outlined in Sec. 2.3, metamaterial design problems can be classified
into four categories based on the nature of the material system
(passive versus active) and the design objective (forward versus
inverse). Alternatively, these problems can be categorized by the
number of design parameters and target functionalities involved
(Fig. 3(a)): (1) one parameter targeting one functionality, (2) multi-
ple parameters targeting one functionality, (3) one parameter target-
ing multiple functionalities, and (4) multiple parameters targeting
multiple functionalities. A majority of current research falls into
the first two categories, primarily focusing on identifying the
optimal design parameter(s) to achieve a single desired functional-
ity, a task that is already challenging due to the large design space.
Beyond this, developing design strategies for multifunctional mate-
rial systems is critically needed but remains largely underexplored
due to the inherent complexity of simultaneously targeting multiple
and often interdependent functionalities; the increased dimensional-
ity of the design space; and the lack of computational tools capable
of efficiently handling coupled multiphysics interactions and
dynamic tunability.

Optimization algorithms have been employed to design multi-
functional passive metamaterials, such as cloaks for both electromag-
netic and acoustic waves [49]. However, these systems typically
possess fixed architectures and lack the capability to adapt to chang-
ing environments. For instance, multifunctional cloaks are often
designed for a specific operating wavelength [49], limiting their appli-
cability in real-world settings where any change in the environment,
such as a vibrational disturbance, would require a redesign of the
entire system. While recent studies have proposed inverse design
strategies for active multifunctional metamaterials [43,44,50],
these systems remain limited in their ability to realize interdepen-
dent, tunable multifunctionalities. For example, Wang et al. used
topology optimization to design thermomechanical metamaterials
with a target Poisson’s ratio and coefficient of thermal expansion
[50]. Although shape reconfiguration is utilized to achieve thermal
expansion, the Poisson ratio remains fixed, indicating that the
reconfigurability is not fully exploited to enable coupled, tunable
functionalities.

Active metamaterials that utilize multiple parameters to target
multiple tunable functionalities hold the greatest potential for mate-
rial programmability. However, this approach is the most challeng-
ing due to the high dimensionality of the design space and the
complex, coupled multiphysics interactions involved. Figure 3(b)
illustrates an example of a magnetically actuated metamaterial,
demonstrating the mapping between design parameters and target
functionalities. In these systems, the design parameters include
the metamaterial geometry, magnetization distribution, and the
applied magnetic field, while possible target functionalities
include, but are not limited to, shape change, wave propagation
bandgaps, and global stiffness. The design problem can be catego-
rized into four levels: (1) one parameter targeting one functionality:
in this case, the geometry alone is optimized to achieve a single
functionality, most commonly shape change, representing the sim-
plest design problem; (2) multiple parameters targeting one func-
tionality: this approach expands the design space by considering
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how magnetization distributions and applied magnetic fields influ-
ence shape change, leading to a more diverse set of metamaterial
candidates and increased programmability; (3) one parameter tar-
geting multiple functionalities: the design problem becomes hierar-
chical with this approach, using geometry to target multiple
functionalities, such as global stiffness and elastic bandgaps, that
are enabled by shape change; (4) multiple parameters targeting
multiple functionalities: this approach results in the most advanced
and innovative metamaterial systems, where geometry, magnetiza-
tion distribution, and the applied magnetic field are co-designed to
create a material capable of adapting to dynamic changes in shape,
loading conditions, and wave propagation requirements. A similar
mapping of design parameters to functionalities is also illustrated
for a thermally actuated metamaterial system in Fig. 3(c).
However, designing metamaterials that tailor multiple parameters
to achieve desired tunable multifunctionalities remains a significant
challenge in practice. Building upon the computational strategies
outlined above, especially leveraging the advantages of Al-guided
design, is essential in realizing the next generation of active, multi-
functional, metamaterials.

4 Conclusion

In conclusion, this perspective highlights the growing importance
of computational algorithms in metamaterial design. First, we group
design problems into four categories based on the material system
(passive versus active) and design strategy (forward prediction
versus inverse design). The increasing complexity of design
problems, particularly the reconfigurability provided by active
systems and the presence of non-unique solutions in inverse
design, demands advanced strategies that go beyond traditional
trial-and-error approaches. By reviewing recent works that encom-
pass these four categories and a variety of computational methods,
we provide an in-depth discussion on how different algorithms can
be leveraged to navigate the metamaterial design space more effi-
ciently. Furthermore, we highlight possible directions for future
research, emphasizing the development of algorithms that can
tackle coupled multiphysics problems, enabling the design of hierar-
chical and multifunctional metamaterial systems. Notwithstanding
ongoing challenges, the integration of physics-based approaches,
such as FEA and topology optimization, with Al holds the potential
to revolutionize metamaterial design. Although AI has garnered
significant interest, its application to the field of metamaterials is
still in its infancy. Much remains to be explored in terms of develop-
ing novel design strategies to enhance programmability, target
tunable (multi)functionality, and broaden the scope of metamaterial
applications.
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