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HIGHLIGHTS GRAPHICAL ABSTRACT

« A novel class of modular metamaterials Lego-style modules
with customizable stress—strain curves
was proposed.

» Deep learning models accelerate the
property prediction and inverse design
of the modular metamaterials.

« Inversely designed sample was validated
using experiment and simulation.
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ARTICLE INFO ABSTRACT
Keywords: Modular mechanical metamaterials offer unique opportunities for programmable and reconfigurable function-
Mechanical metamaterial ality through simple geometric rearrangements. Inspired by the modularity of Lego blocks, we propose a new
Deep learnipg class of modular metamaterials composed of three standardized modules—linear, yielding-like, and snap-through
Inverse design buckling elements—that can be assembled into two- and three-dimensional grids to realize diverse nonlinear

Nonlinear mechanical property

. stress—strain responses. To accelerate design and optimization, we integrate deep learning (DL) with the metama-
Modular material

terial design process. A convolutional neural network-based predictor rapidly estimates the stress-strain curves
of given modular configurations, achieving a prediction accuracy of R*> > 0.999. Furthermore, a conditional
variational autoencoder-based inverse designer enables the automatic generation of modular configurations that
match target stress—strain curves, demonstrating high fidelity (R?> ~ 0.97). The proposed DL framework allows
rapid, scalable, and reprogrammable design of nonlinear mechanical responses without exhaustive simulations
or manual tuning. This study establishes a universal, data-driven strategy for the inverse design of modular meta-
materials, paving the way toward intelligent, reconfigurable material systems for applications in soft robotics and
adaptive structures.
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1. Introduction

Mechanical metamaterials, composed of periodically arranged build-
ing blocks, are artificially engineered materials whose exceptional prop-
erties and functions arise from their microstructures and constituent
materials [1-5]. By precisely tailoring the type, connectivity, and spatial
arrangement of their structural elements, metamaterials can exhibit per-
formance far surpassing that of their base materials. Notable examples
include ultralight and ultrastiff lattices [6,7], auxetic metamaterials with
negative Poisson’s ratios [8-10], multistable metamaterials with recon-
figurable shapes [11,12], origami- and kirigami-inspired architectures
with deployable geometries [13,14], and stimuli-responsive metamate-
rials capable of in situ adaptation to external environments [2,15,16].
These unique properties and functionalities have enabled the deploy-
ment of metamaterials in a wide range of applications, including robotics
[17,18], impact-absorbing and wearable devices [19,20], actuators
[21], tissue engineering [22,23], and mechanical computing [24,25].

Particularly, nonlinear mechanical responses have attracted signifi-
cant attention, as controlling such responses under large deformations
can unlock advanced functionalities in emerging fields such as force
transmission and soft robotics [17]. For instance, metamaterials with
tailored stress—strain behaviors can emulate the nonlinear actuation
mechanisms found in natural systems such as the Venus flytrap and
mantis shrimp, enabling rapid motion and energy release through
snap-through instabilities [26,27]. In mechanical metamaterials, these
nonlinear responses often arise from complex physical mechanisms
including mechanical instabilities (e.g., buckling) and frictional self-
contact [28,29]. Although computational approaches such as the finite
element method (FEM) can be employed to explore the design and
property spaces of metamaterials, their high computational cost poses
a major bottleneck for automatic material discovery targeting desired
properties or nonlinear behaviors—a process commonly referred to as
inverse design [30].

Recent advancements in deep learning (DL) have revolutionized
the design and discovery of mechanical metamaterials [1,31]. For
instance, the effective properties of metamaterials can be accurately pre-
dicted using multilayer perceptrons (MLPs) [32,33] and convolutional
neural networks (CNNs) [34]. Conditional deep generative models—
such as generative adversarial networks (GANs) [35,36], variational
autoencoders (VAEs) [37], and diffusion models [38,39]—enable the
inverse design of metamaterials with target properties. Such data-
driven inverse design frameworks can significantly reduce reliance
on human intuition and experience, eliminating the need for inef-
ficient trial-and-error procedures. Recent studies have demonstrated
the potential of Al-driven approaches for the inverse design of meta-
materials with nonlinear mechanical responses, including conditional
diffusion models [38] and autoregressive graph-based frameworks [40].
However, the metamaterials generated by these approaches are typi-
cally bulky microstructures, which limit their manufacturability and
reconfigurability compared with modular architectures. Modular
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metamaterials—composed of repeating, interchangeable building blocks
or structural elements—can be mass-produced using conventional or
additive manufacturing techniques and subsequently assembled and
reconfigured into diverse architectures. The modularity of mechan-
ical metamaterials significantly enhances manufacturability by stan-
dardizing building blocks and decoupling geometric complexity from
fabrication.

The concept of modularity has been explored in reconfigurable meta-
materials based on discrete elements such as lattices and multistable unit
cells. Traditionally, modular metamaterials are composed of periodic,
unified unit cells [41,42], which can be employed to demonstrate robust,
collective, and automated assembly and reconfiguration of large-scale
structures [43]. Further, motorized unit cells have been incorporated
into modular swarm robotic systems to enable autonomous locomo-
tion and extreme shape-morphing versatility [44]. This modularity is
particularly advantageous in unstructured environments for adaptable
robotics. Expanding the diversity of module types further allows the de-
sign of multimodal, multistable, and reprogrammable machines [45],
and large-scale design databases have been leveraged to automatically
mine extreme mechanical properties [46]. In this work, in contrast to
these prior approaches, we standardize metamaterial modules and ex-
plicitly decouple the nonlinear responses of individual unit cells, thereby
simplifying fabrication and enabling more efficient and scalable au-
tomated assembly. The three standardized modules with decoupled
nonlinear responses enable a broader design space compared to their
unified, homogeneous counterparts.

Inspired by the modularity of Lego blocks, we propose a new class
of modular metamaterials composed of three types of structural mod-
ules, whose design is accelerated by DL (Fig. 1). The configurations of
these modular metamaterials with customizable nonlinear stress—strain
responses can be automatically generated through a deep-learning-based
inverse design framework. Specifically, we designed two-dimensional
(2D) and three-dimensional (3D) structural modules exhibiting three
characteristic stress-strain behaviors—linear, yielding-like (with a
plateau region in the stress-strain curve formed by ligament bending),
and snap-through buckling—to establish a broad design space. We then
constructed 2D and 3D labeled datasets of modular metamaterials with
various configurations using FEM simulations. Based on the datasets,
CNN-based predictors were trained to predict stress—strain curves, and
conditional VAE-based inverse designers were developed to generate
modular configurations that achieve target stress—strain responses.

2. Results and discussion
2.1. Lego-inspired modules

The proposed modular metamaterials are inspired by Lego bricks,
where each brick serves as a standardized, reusable module that can be
connected in countless configurations through simple geometric rules
(studs and holes). The same set of bricks can construct a car, a castle,
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Fig. 1. Overview of the proposed framework. Modular metamaterials, reconfigurable through standardized building modules, exhibit diverse nonlinear stress-strain
responses. Deep learning models are utilized for rapid stress—strain curve prediction and inverse design of modular configurations. The resulting metamaterials are
physically assembled from 3D-printed modules according to the generated grid configurations.
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Fig. 2. Designs of 2D and 3D modules for modular metamaterials. Each module exhibits a distinctive mechanical response—linear, yielding-like, or snap-through

buckling—and the modules can be assembled via node joints.

or a robot—merely by rearranging them. Following this concept, we
designed three standardized modules for both 2D and 3D metamateri-
als. Each 2D or 3D module exhibits a distinctive mechanical response,
including linear, yielding-like, and snap-through buckling behaviors
(Fig. 2 and Fig. S1). These modules are assembled into 2D or 3D grids
via node joints, where the protruding tenons at the ends of the modules
fit snugly into the mortises of the joints. The resulting modular metama-
terials inherit Lego’s geometric reconfigurability, enabling customizable
and reprogrammable macroscopic behaviors through the rearrangement
of the microstructural modules. To ensure that the stress—strain curves of
the three modules remain within comparable magnitudes, we employed
different 3D-printable materials: a hard rubber-like material (incom-
pressible neo-Hookean hyperelastic model, E = 85 MPa) for the linear
module; a soft rubber-like material (incompressible neo-Hookean hy-
perelastic model, E = 3.35 MPa) for the yielding-like and snap-through
buckling modules; and a rigid resin (elastic model, E = 1.6 GPa, v = 0.23)
for the node joints.

The linear module, characterized by a spring-like geometry, de-
forms primarily through elastic compression of its elements, resulting
in a linear stress—strain response. The yielding-like module, composed
of slender ligaments, deforms mainly via ligament bending and ex-
hibits a stress—strain curve with an initial linear region followed by a
plateau. The snap-through buckling module, consisting of a three-bar
structure, deforms through snap-through instabilities of the bars, pro-
ducing a stress-strain curve with a linear region followed by a sudden
jump. Furthermore, the stiffness of each module can be tuned by ad-
justing its thickness, thereby expanding the design space of the modular
metamaterial system (Figs. S2-S4). For the 2D dataset prepared with a
fixed module thickness of 2 mm, the design space can be extended to a
much larger set of stress—strain responses by introducing multiple thick-
ness levels (e.g., 1, 2, and 3 mm). For instance, modular metamaterials
exhibiting multi-stage stress—strain behavior can be realized by com-
bining buckling modules with different thicknesses. However, because
each metamaterial is represented by a 7 x 7 grid containing 24 ligament
modules and 16 node modules, the number of possible configurations

increases exponentially—from 324 to 9?*—which dramatically raises the
computational cost of both dataset generation and deep learning model
training. The deep learning framework proposed in this work can also
be easily applied to the extended dataset by tuning the input and output
layers of neural networks and retraining them using the new dataset.

2.2. Stress—strain curve prediction

To accelerate the discovery of modular metamaterials, we devel-
oped a CNN-based predictor for the stress—strain curve prediction of
2D modular systems. The CNN was trained on a labeled dataset com-
prising 60,000 modular metamaterials with distinct configurations and
their corresponding stress—strain curves, which were obtained through
FEM simulations. Each metamaterial configuration was represented as a
7x7 grid containing 24 ligament modules and 16 node modules (Fig. 1),
where the grid values denote different module types (Fig. 3(b)). The
2D CNN-based predictor consists of three convolutional blocks—each
including convolutional, batch normalization, and dropout layers—
followed by global average pooling and an MLP composed of three dense
layers (Fig. 3(a)). The model takes a batch of 7 x 7 grid representa-
tions as input and outputs predicted stress—strain curves in the form
of a 1D sequence of 21 stress values corresponding to uniformly sam-
pled strain levels up to € = 0.2. After training, the predictor achieved
ultrahigh accuracy with R? > 0.999, as illustrated in Fig. 3(c), where 16
randomly selected metamaterial configurations were evaluated. These
results confirm that the proposed CNN predictor can rapidly and accu-
rately estimate the stress—strain behavior of modular metamaterials—at
a computational cost of less than one second per sample—significantly
faster than conventional FEM simulations. Moreover, the framework
can be readily extended to metamaterials with arbitrary grid sizes and
configurations.

To further demonstrate the robustness and generality of the CNN-
based predictor, we developed a 3D predictor based on a 3D CNN to
predict the stress—strain curves of 3D modular metamaterials. A labeled
3D dataset was constructed, in which each modular metamaterial was
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Fig. 3. Prediction of stress—strain curves for 2D modular metamaterials using a CNN-based predictor. (a) Architecture of the 2D CNN predictor. (b) 2D modular
representations. (c) Representative predicted stress—strain curves obtained from the trained 2D predictor.

generated by randomly assembling 3D modules into a 5 x 5 x 5 grid
and subsequently analyzed using FEM simulations to obtain its stress—
strain curve. The dataset consisted of 60,000 samples, each represented
by a 5 x5 x 5 grid containing 54 ligament modules and 27 node mod-
ules (Fig. S5). The 3D CNN-based predictor adopts a similar architecture
to its 2D counterpart, with the convolutional and global average pool-
ing layers replaced by their 3D analogues (Fig. 4(a)). It takes a batch
of 5 x5 x5 grid representations as input and outputs predicted stress—
strain curves in the form of 1D sequences. Trained on the 3D dataset,
the predictor achieved ultrahigh prediction accuracy with R? > 0.999,
as illustrated in Fig. 4(c), where 16 randomly selected metamaterial
configurations were evaluated. These results confirm that the 3D predic-
tor can accurately and efficiently evaluate the stress—strain responses of
modular metamaterials, demonstrating that the CNN-based framework
is universally applicable to modular metamaterials represented by grid
architectures.

2.3. Inverse design

Inverse design of modular metamaterials enables the automatic dis-
covery of optimal module arrangements to achieve target mechanical
properties or behaviors. Instead of relying on trial-and-error assembly,
DL-based inverse design establishes a mapping from desired macro-
scopic responses to the discrete combinations of modules that produce
them—allowing rapid, scalable, and reprogrammable material design.
Here, we demonstrate the feasibility of DL for the inverse design of
modular metamaterials by proposing an inverse designer based on a
conditional VAE (Fig. 5(a)). The conditional VAE consists of an encoder
and a decoder. The encoder compresses metamaterial grids and their
corresponding stress—strain curves into a latent space, and the decoder
reconstructs or generates metamaterial grids conditioned on both the la-
tent variables and the target stress—strain curves. During inference, the
target stress—strain curve is embedded using an MLP and concatenated
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Fig. 4. Prediction of stress—strain curves for 3D modular metamaterials using a 3D CNN-based predictor. (a) Architecture of the 3D CNN predictor. (b) 3D modular
representations. (c) Representative predicted stress—strain curves obtained from the trained 3D predictor.

with a randomly sampled latent vector, which is then passed to the
decoder to generate candidate metamaterial grids. A pretrained CNN-
based predictor is appended after the conditional VAE to evaluate the
stress-strain curves of the generated metamaterials. This setup enables a
generate-and-rank strategy, where multiple candidates are generated by
the conditional VAE and the top-scoring samples are selected as optimal
designs according to the R? values of their stress—strain curves.

The inverse designer was trained using the aforementioned 2D la-
beled dataset. For each inference, 16 candidate designs were generated
for a given target stress-strain curve, and the four top-scoring sam-
ples were selected based on their R? values (Fig. 5(b),(c)). Fig. 5(b)
compares three target stress—strain curves with those of the generated
metamaterials, showing excellent agreement (R> ~ 0.98). Although
slightly lower than the accuracy of the forward predictor, the high R?
value demonstrates that the inverse designer can successfully generate
modular metamaterials whose stress—strain responses closely match the
specified targets.

We further extended the inverse designer to 3D modular metamate-
rials by replacing the convolutional layers in the conditional VAE with
their 3D counterparts (Fig. 6(a)). The 3D inverse designer was trained
using the 3D labeled dataset and evaluated with the pretrained 3D pre-
dictor. For reference, four top-scoring samples were generated for three
representative target stress—strain curves (Fig. 6(b),(c)). Similar to the
2D case, the generated 3D modular metamaterials reproduced the tar-
get stress—strain curves with high fidelity (R* ~ 0.97), confirming that
the proposed conditional VAE-based framework is robust and generaliz-
able for the inverse design of modular metamaterials with arbitrary grid
architectures.

2.4. Experiment validation

To demonstrate the capability of the inverse designer for practical
prototyping, we generated a top-scoring 2D metamaterial correspond-
ing to a target stress—strain curve using the trained 2D inverse designer.
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inverse-designed metamaterials.

Based on the resulting grid configuration, we then assembled a mod-
ular metamaterial using 3D-printed Lego-style modules (Fig. 7(a),(b)).
The modular metamaterial was manually assembled into a 7 x 7 grid,
where the protruding tenons on the ends of the ligament modules in-
terlock with the mortises of the node joints. The mechanical response
of the assembled metamaterial was subsequently investigated through
uniaxial compression testing. Fig. 7(c) shows the sequence of progres-
sive deformation configurations obtained experimentally, together with
FEM simulations. The results exhibit good agreement in deformation
patterns between experiment and simulation, confirming the robust-
ness of the FEM model. The stress—strain curves from experiment and
simulation are also compared with the target curve (Fig. 7(a)), show-
ing close correspondence. Given the agreement between experiment
and simulation, we further performed more validations for different
curves (e.g., monotonic hardening, negative stiffness, and multi-stage
plateau) through FEM simulations, as shown in Figure S10. These

results demonstrate that the framework can robustly generate modu-
lar configurations matching diverse nonlinear target responses. Overall,
these results validate the reliability of the inverse designer in achiev-
ing modular metamaterials with target mechanical behaviors, high-
lighting its potential for practical applications such as soft robotic
components.

3. Conclusion

In conclusion, we propose a new class of modular metamaterials
inspired by Lego blocks. The versatility of the designed modules enables
the assembly of metamaterials with targeted nonlinear mechanical
responses. Their intrinsic reconfigurability allows customizable and
reprogrammable macroscopic behaviors to be achieved simply by
rearranging microstructural modules. Moreover, the 3D-printable
modules can be assembled into complex 3D configurations, offering a
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the inverse-designed metamaterials.

simpler and more robust fabrication route compared to conventional
monolithic 3D-printed metamaterials. The design process is accelerated
by DL, where a CNN-based predictor and a conditional VAE-based
inverse designer are employed for property prediction and inverse
design, respectively. These models enable the rapid generation of
optimal modular metamaterials with customizable stress-strain re-
sponses through a generate-and-rank strategy, with a high fidelity of
R? ~ 0.98 for 2D inverse design and R? ~ 0.97 for 3D inverse design. The
framework can further evolve into a more interactive and physically
consistent design paradigm by integrating large language models [47]
and physics-informed machine learning [48].

While this work focuses on the inverse design of modular meta-
materials targeting uniaxial stress-strain responses, it demonstrates

the feasibility of employing DL to accelerate metamaterial discovery.
Future studies can extend this framework to the inverse design of
anisotropic mechanical responses in multiple directions and to broader
design spaces encompassing modules with diverse mechanical behav-
iors. Incorporating active materials that respond to environmental
stimuli such as temperature, light, or magnetic fields may further
embed intelligence within the metamaterial itself, paving the way to-
ward intelligent materials [17,49]. When combined with autonomous
robotic assembly and reassembly, such reprogrammable and reconfig-
urable modular metamaterial systems promise versatility, robustness,
and cost efficiency through scalability, reuse, and generality—unlocking
new opportunities in aerospace structures, exploration, and adaptive
engineering systems [43].
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Fig. 7. Demonstration of the inverse designer for modular metamaterial design and fabrication. (a) Generation of a modular metamaterial using the 2D inverse
designer given a target stress—strain curve, followed by prototype assembly. (b) Photographs of 3D-printed Lego-style modules used for experimental assembly. (c)
Comparison of the nonlinear mechanical responses obtained from uniaxial compression testing and FEM simulation.

4. Experimental section
4.1. Dataset preparation

Two datasets were prepared for the DL training of 2D and 3D mod-
ular metamaterials, respectively. For the 2D dataset, we generated N =
60,000 modular metamaterials with random 7 x 7 grid configurations
composed of three basic ligament modules. The corresponding stress—
strain curves were obtained through FEM simulations using COMSOL
Multiphysics (version 6.2, COMSOL, Sweden). The simulations followed
a representative volume element (RVE) approach [50,51], in which a
perturbation displacement field was solved under prescribed macro-
scopic strain or stress modes. In the simulations, a hard rubber-like
material (incompressible neo-Hookean hyperelastic model, E = 85 MPa)
was used for the linear module, a soft rubber-like material (incompress-
ible neo-Hookean hyperelastic model, E = 3.35 MPa) was used for the
yielding-like and snap-through buckling modules, and a rigid resin (elas-
tic model, E = 1.6 GPa, v = 0.23) was used for the node joints, all of
which correspond to 3D-printable materials. Because of the low den-
sity of the hollow microstructures, self-weight effects were neglected. A
macroscopic uniaxial compressive stress was applied to each RVE until
a strain of ¢ = 0.2 in the vertical direction was reached, yielding the
macroscopic stress—strain curves. In the labeled 2D dataset, each data
point consists of a grid representation x (a 7 X 7 matrix composed of
integers 0, 1, 2, and 3 corresponding to node and ligament modules)
and its corresponding stress-strain curve y, denoted as S = {x,y} ,Ii 1
Fig. S3 shows the distribution of stress—strain curves in the 2D dataset.
Similarly, a 3D dataset was prepared using the same procedure, where
the grid representation x has a shape of 5 x 5 x 5. Fig. S4 visualizes the
distribution of stress—strain curves for the 3D dataset.

4.2. Deep learning implementation

All deep learning models were implemented in TensorFlow (version
2.12.0) and trained on a single NVIDIA RTX A6000 graphics card (48 GB
GPU memory) running on a Linux system. The software environment
was configured with Python 3.10 and CUDA 11.8. Model training was

performed using the Adam optimizer with a learning rate of 1 x 1074,
and the dataset was split into training and validation sets with a 0.8/0.2
ratio. Details of the model architectures and training procedures are
provided in the Supporting Information. The complete codebase, in-
cluding model definitions and training scripts, is publicly available at:
https://github.com/xyzheng-ut/Legometa.

4.3. Mechanical testing

Prototypes of the modular metamaterials were fabricated by as-
sembling 3D-printed modules. To suppress out-of-plane buckling, the
prototypes were 3D-printed with a thickness of 10 mm, which is suf-
ficient to prevent global out-of-plane instability during compression
testing. The node joints, linear modules, and yielding-like and snap-
through buckling modules were fabricated using a clear resin (Clear
Resin V4, Formlabs, USA), flexible thermoplastic polyurethane (TPU)
powder (Ultrasint TPUO1, BASF SE, Germany), and elastic TPU pow-
der (Elastollan, BASF SE, Germany), respectively—corresponding to
the material models used in the FEM simulations. The modular meta-
materials were manually assembled from these printed components.
Uniaxial compression tests were conducted using a motorized test stand
(ETM104C-10kN, Shenzhen Wance Testing Equipment Co., Ltd., China)
to evaluate the mechanical properties of the assembled structures. The
deformation rate was set to 0.5 mm/min, with the test terminated at
a compressive strain of 0.2. The deformation processes were recorded
using a high-speed camera capturing the front view, and stress-strain
curves were obtained from the measured load and displacement data.
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