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E N G I N E E R I N G

Self-supervised AI for decoding and designing 
disordered metamaterials
Min Shen1, Ke Liu2*, Sheng Mao1*, Chiara Daraio3

Disordered microstructures are key to the distinct multifunctional properties of many natural materials. However, 
understanding the relationship between their microstructures and physical functions remains formidable, hinder-
ing engineering applications. Here, we introduce a physics-guided, self-supervised artificial intelligence (AI) 
framework called generative networks for disordered metamaterials (GNDM), trained on a progressively expand-
ing dataset starting from a few initial samples. We integrate a formula writing module in the training process of 
neural networks to enforce the identification of the most selective set of hidden geometric invariants that dictate 
bulk properties. By inversely solving the formulae, GNDM manipulate disordered geometric features to extrapo-
late property space and design previously unknown structures via its generator module, validated by experi-
ments. GNDM offers an all-in-one AI framework that closes the loop of feature extraction, property prediction, 
formula writing, and inverse design, unraveling the regulative role of disorder, a critical challenge in the study of 
metamaterials with complex microstructures.

INTRODUCTION
Natural materials—such as wood (1), sea sponge ridges (2), turtle 
shells (3), coral (4) (Fig. 1A), and human bones (5)—often feature 
complex microstructures (6), characterized by their disorderedness, 
nonuniformity, and aperiodicity. These microstructures are the re-
sult of evolutionary processes to achieve certain optimal functions, 
such as body support (7), tissue remodeling, and stress shielding. In 
engineering, fueled by the ability to fabricate fine structures with the 
advent of additive manufacturing, metamaterials are created to ex-
ploit complex microstructures for unusual properties (8–11). How-
ever, their microstructures are mostly ordered and periodic, as 
reported in electromagnetics (12, 13), acoustics (14, 15), batteries 
(16), and robotics (17, 18). This is in stark contrast to many biologi-
cally derived materials observed in nature, which are both function-
ally efficient and structurally disordered. These observations suggest 
that incorporating randomness into the design of metamaterials 
could offer yet-unexplored advantages. For instance, structural ir-
regularities can increase a material’s resilience to defects, allowing it 
to mitigate strong stress concentrations or symmetry-breaking fail-
ures (19, 20). Moreover, these irregularities can lead to unique me-
chanical properties, including unconventional stiffness-to-weight 
scaling (21), increased failure resistance (9, 10), stress modulation 
(22), and tunable negative Poisson’s ratios (23). However, the inves-
tigation of disordered materials remains in its nascent stage, with 
limited studies aiming to understand their structure-property rela-
tionships and design principles (24–26). This is because convention-
al descriptors of geometries cannot effectively describe disordered 
microstructures in a meaningful way (27). These challenges under-
line the importance of developing models that define geometric char-
acteristics of disordered microstructures and connect them with 
bulk material properties.

The rapid development of artificial intelligence (AI) offers a great 
opportunity to address this challenge (28–33). Disordered micro-
structures can be essentially described by certain high-dimensional 
probability distributions (34,  35) and AI models, particularly deep 
generative models that are well known for their efficiency in approxi-
mating complex, high-dimensional distributions. For example, gen-
erative adversarial networks (GANs) have been used to decrease the 
computational cost of topology optimization on large datasets (36, 37), 
while variational autoencodes have been used for structure recon-
struction (38). Here, we propose a physics-guided, self-supervised, 
scalable framework, which we call generative networks for disordered 
metamaterial (GNDM, pronounced as “Gundam”), to learn property-
structure relationships and design new disordered metamaterials with 
desired properties. GNDM relies only on an unlabeled training set of 
data representing material microstructures and physical simulation 
tools, without the need for convoluted pre- and postprocessing. The 
framework models microstructures as a collection of small voxels, 
with each voxel representing one type of constituent material. Because 
we are dealing with nondeterministic, disordered microstructures, we 
assume that these microstructures can be generated by drawing ran-
dom samples from a probability distribution characterized by a set of 
parameters {�M} . These parameters shall characterize the geometric 
features of arbitrary-disordered microstructures. The corresponding 
material properties are also random variables whose probability dis-
tribution is governed by parameters {�P} . The core of this work is to 
use a series of neural networks (39–41) in conjunction with a formula 
writing module to establish a direct, reliable, and interpretable con-
nection between {�M} and {�P} (Fig. 1A). Understanding this rela-
tionship between structures and properties offers a framework for 
efficient structural design of new materials.

Unlike traditional methods that use deterministic description for 
both structures and properties, our approach is better suited for dis-
ordered microstructures by treating both as random variables gov-
erned by distribution parameters. This probabilistic framework 
enables direct modeling of uncertainty and captures the intrinsic 
variability of disordered structures. Based on this framework, the 
hidden structure-property relationship is uncovered through the 
direct connection between {�M} and {�P} by the formula writing 
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module, which provides feedback to the feature extractor network 
to accurately identify the key geometric features out of many possi-
bilities that dictate mechanical properties. Furthermore, targeting 
at material property {�P} , we can inversely calculate the associated 
{�M} to sample new designs that are both creative and consistent 
with the learned distribution.

For instance, we demonstrate that we can effectively expand the 
range of material properties within the dataset by more than 60%, 
including Young’s modulus, surface area, and the direction of maxi-
mum stiffness. By depositing these designs in an expanded dataset, 
we can retrain the model to preserve its performance across this 
broader spectrum of properties.

RESULTS
GNDM’S architecture
The GNDM consists of four neural network modules, physical simulation 
tools, and a (phenomenological) formula writing module (Fig. 2A). 
The physical simulation tools are responsible for computing material 

properties based on microstructures, which include several image-
based algorithms, such as calculating the effective Young’s modulus by finite 
element method (FEM) and the relative surface area by march-
ing cube algorithms.

The four neural network modules include a generator, a discrim-
inator, a feature extractor, and an observer. The generator network 
produces designs of material microstructures and eventually serves 
as the tool for designing materials with desired properties (Fig. 1, C 
and D). The discriminator measures the similarity of the training 
material samples and the generated material samples. For detailed 
architectures of the generator and discriminator, see fig. S1. The fea-
ture extractor is responsible for extracting the parameters {�M} from 
the generated microstructures, which describe the probability dis-
tribution of the geometric features of material microstructures. The 
observer targets another set of parameters {�P} , which describes the 
probability distribution of material properties. In practice, we have 
found that simply treating the {�P} as the mean of the material prop-
erties’ distribution P is sufficient for characterizing their probability 
distributions. The observer is a differentiable surrogate model of the 
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Fig. 1. Overview of the GNDM. (A) Heterogeneous and disordered microstructures of coral fibers, which result from incremental growth during biomineralization (4). The 
distributions of these microstructures’ geometric features fM can be characterized by the parameter {�M} , while the distributions of properties fP arising from these micro-
structures can be described by the parameter {�P} . The relationship between these two distributions is unveiled by GNDM. (B) Schematic of the workflow. GNDM takes a 
set of base materials and a physical simulation algorithm as input and outputs the microstructure with desired properties by learning the relationship between geometric 
features and properties. (C) Inverse design process with target properties. The input geometric feature parameters are obtained by solving phenomenological formula. 
Then, these parameters are fed into the generator, which produces a structure that meets the specified requirements. (D) GNDM generates coherent designs that occupy 
arbitrary space regardless of the geometric size of the training samples.
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physical simulation tools, which is responsible for providing the gen-
erator with the gradient information from the probability distribu-
tion of material properties—it can also be used to accelerate the 
calculation of material properties. The formula writing module aims 
to summarize the relationship between the {�M} and {�P} by estab-
lishing an interpretable mapping between the probability distribu-
tions of disordered geometries and material properties. This is 
implemented by relating {�M} and {�P} by some closed-form, phe-
nomenological equations. The fitting error ( LF ) is then fed back to 
the neural networks to force the feature extractor to identify geomet-
ric features that are more relevant to the concerned properties.

To capture the geometric features of materials in the dataset, we 
decompose the input of the generator into two parts, the incom-
pressible input noise templates, and the latent codes c that aim at 
representing the parameters αM . By maximizing the mutual infor-
mation between latent codes c and the generator’s distribution (41), 
the framework extracts disentangled geometric representations in a 
physics-guided, self-supervised manner. To do so, we use the feature 
extractor to approximate the true posterior probability of the latent 
codes c . Consequently, the latent codes c , serving as specialized geo-
metric parameters, determine the material geometric features. The 
input noise templates consist of multidimensional random values, 
introducing stochastic variations into the final disordered micro-
structural designs.

The main objective of the GNDM is to automatically learn the 
structure-property relationship of disordered microstructures from 
a small dataset and design material microstructures for an expanded 
property space. The generated materials are then fed into the dis-
criminator, the observer, and the feature extractor, each providing 
feedback to the generator. This feedback loop allows the generator to 
follow the similarity constraint, the disentangled representation con-
straint, and the physical constraint, all at once. It is vital to fine-tune 
the extra hyperparameters of the constraint coefficients to balance 
GNDM’s performance trade-off, enabling the generator to produce 
desired materials while maintaining the efficiency of latent codes and 
accuracy of the phenomenological formula.

The total loss L for training is defined as L = λ
G
L
G
+ λ

D
L
D
+ λ

I
L
I
+ 

λ
O
L
O
+ λ

F
L
F
 , where each λi denotes the weight assigned to different 

loss components. LG and LD denote the losses of the generator and 
discriminator in Wasserstein GAN with gradient penalty (WGAN-GP) 
(40), respectively. The loss LI represents the variational lower bound 
of the mutual information between a small subset of the latent vari-
ables and the observation. The loss LO represents the mean square 
error (MSE) loss for optimizing the observer, and LF represents the 
MSE loss of the predicted properties obtained from the observer and 
that from the phenomenological formula (for additional details on the 
loss function, refer to Materials and Methods). To provide the gen-
erator with precise gradients on the target properties, encompassing 
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Fig. 2. Detailed network architectures of the GNDM. (A) Illustration of the workflow of GNDM. The flow of information for calculating different losses is represented by 
different colored arrows. The red arrows represent the workflow for maximizing mutual information to extract a parameterization of relevant geometric features for ex-
pected material properties. The yellow arrows represent the classic WGAN-GP (40) workflow, optimizing the generator and discriminator to generate realistic samples. The 
bottle green arrows demonstrate the fitting-loss workflow, aiming to establish the relationship between material properties and extract principal geometric features that 
determine bulk material properties. The pale green arrows illustrate the optimization workflow for the observer. (B) Latent code input mechanism in the generator for a 
three-parameter case. The input latent code is fed into the network from various layers using conditional batch normalization, implemented either via a fully connected 
layer or periodic transformation (in the case of periodic latent code). BN, batch normalization; MLP, multilayer perceptron. (C) Latent code information output mechanism 
in the feature extractor for a three-parameter case. Combined with the position of the latent code input layer, the latent code information is restored through the fully 
connected layers, which followed by the corresponding layers of the CNN network.
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both the training microstructures and the generated ones, the GNDM 
relies on a closed-loop that integrates the simulation tools into the 
pipeline, rather than using a pretrained network to obtain material 
properties. Note that in our framework, simulation tools are inte-
grated into the pipeline to provide internal supervision signals, rather 
than external human-annotated labels.

For better convergence, we use a multistage optimization process 
to train the GNDM. In the first stage, we only optimize the genera-
tor network, the discriminator network, and the observer. The cor-
responding loss is L1 = λGLG + λDLD + λOLO . This stage focuses on 
the basic generative capability of the generator and the prediction 
capability of the observer. In the following stage, we incorporate the 
training of the feature extractor network, and the loss function is 
then updated as L2 = L1 + λILI . This encourages the framework to 
acquire an interpretable representation of the structure-property re-
lationship. Last, in the main stage, we optimize the phenomenologi-
cal formula based on the loss function L using fixed point methods. 
Because we extract the interpretable geometric features in stage 2, 
the optimization of the coefficients of the phenomenological for-
mula has a better convergence than directly putting together all of 
the loss.

Establishing interpretable structure-property relationship
The spatial characteristics of the disordered structures are deter-
mined by the parameters {�M} . Note that {�M} does not determine 
the geometry of particular microstructures; instead, it characterizes 
the probability distribution that generates the disordered microstruc-
tures. In other words, each microstructural design of the disordered 
metamaterial is regarded as a sample drawn from the probability dis-
tribution defined by {�M} . To achieve better disentanglement and 
interpretability with multiscale information, we extract geometric 
features at different levels with the help of convolutional neural net-
works (CNNs), which are well-known for capturing information at 
various scales, with deeper layers capable of extracting more intricate 
details. The corresponding material properties of a particular micro-
structure can be computed by the physical simulation tool. Rather 
than focusing on the deterministic values of a particular micro-
structure, we also treat the material properties in a statistical sense. 
Although the final generated materials have different spatial arrange-
ments for the same input geometric parameters {�M} , their proper-
ties follow the probability distribution defined by material property 
parameters {�P}.

To establish a predictive and interpretable connection between 
geometric features and material properties, we seek to characterize 
the relationship between {�M} and {�P} in closed-form equations by 
incorporating the formula writing module. We approximate this 
complex relationship by a phenomenological formula projected as 
polynomials with a finite number of terms. The magnitude of each 
coefficient essentially explains how important the geometric feature 
is to the corresponding material property. The optimization process 
for both the generator and the phenomenological formula follows a 
fixed-point algorithm, where we iteratively optimize the generator 
using the phenomenological formula and refine the phenomenologi-
cal formula based on the properties of the generated materials. This 
approach serves for three main purposes: First, the phenomenologi-
cal formula elucidates the connection between the distribution of 
geometry and material properties and presents it in an interpretable 
way and thus uncovers the regulative role of disorder in dictating 
material properties. In the optimized phenomenological formula 

representation, the polynomial coefficients are the bridge between 
the distribution of material properties and the distribution of geo-
metric features. Each coefficient quantifies how strongly a latent code 
contributes to the physical property. Accordingly, larger absolute val-
ues indicate stronger correlation between the material property to 
the corresponding geometric feature, while smaller absolute values 
indicate weaker influence. Second, the loss term LF can be seen as a 
physics-informed constraint on the generator that helps to identify 
the set of geometric features that are most relevant to the target prop-
erties. Last but not least, by inversely solving this formula, the gen-
erator can be guided to manipulate the disordered microstructures 
to achieve target properties. This feature is vital to expand the mate-
rial property space and to inverse design, which we shall discuss in 
the following text.

Expanding the material property space via iterative 
deposit-retrain in an automatic manner
Continuous variation of material microstructures will result in con-
tinuous variation of material properties. In GNDM, this will be re-
flected by a gradual change in the latent code. By designing materials 
that extrapolate new geometric features, we obtain materials with ex-
panded material properties through creative combinations of spatial 
patterns. By leveraging the advantage of disentangled and interpreta-
ble geometric feature variations, we can interpolate and extrapolate 
the geometric features to design materials with relevant properties in 
an expanded, continuous property space. This is achieved by interpo-
lating and extrapolating the learned parameters of the probability 
distributions of the geometric features, i.e., the latent codes, and by 
retraining the network with the new dataset enriched by the newly 
generated microstructures with out-of-domain properties.

As the discriminator is learned from the initial dataset, it lacks the 
capability to discern the data generated by the extrapolated latent 
codes. To address this issue, we propose a previously unidentified 
deposit-retrain method (Fig. 1B) to expand the design space. First, 
we generate new materials by extrapolating the latent codes. Then, 
the material properties of these generated materials are calculated 
via the physical simulation tools. If the material properties are outside the 
property space of the previous dataset, they are deposited into a new, 
expanded dataset. Last, we retrain the networks on the new datasets 
while keeping the phenomenological formula fixed. The input latent 
codes of the generator are reconfigured to recognize the new geo-
metric features of the generated materials. This process allows us to 
generate materials that reasonably follow the learned phenomeno-
logical formula. The retraining procedure substantially enhanced the 
preservation of the learned relationship between the probability dis-
tribution of the geometric features and the material properties, as 
evidenced in Fig. 3C. Using this approach, we can efficiently explore 
the entire design space of disordered structures with physical con-
straints, offering means to explore the disordered metamaterial de-
signs comprehensively and systematically.

Generating disordered microstructures
Now that we have established the relationship between probability 
distributions of geometric features and material properties, we pro-
ceed to construct an efficient design process (Fig. 1C). As a first step, 
we inversely solve the phenomenological formula to obtain the in-
put latent codes c that meet the target mean properties. Then, the 
latent codes are fed to the generator to yield the desired microstruc-
tures. Our approach is scale-free, i.e., it can be used for the design of 
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spatially varying materials with arbitrary sizes, without the need to 
address interface matching issues between regions with different local 
properties (42, 43). As demonstrated in Fig. 1D, to produce structures 
with different sizes, we can simply alter the size of the corresponding 
input noise template and the latent code. These structures can be seen 
as a mosaic composed of numerous generated microstructures, each 
of which shares the same geometric size as the ones in the dataset and 
is generated using the same generator parameters. In the generator, 
the upsampling interpolation ensures coherent local structures. In 
addition, by fine-tuning the local input latent codes, this approach 
can also be applied to generate functionally graded materials (figs. 
S8 to S10). Such an approach holds great potential for hierarchical 
design (44–46) and the engineering of functionally graded materi-
als (34, 47).

GNDM’S performance on disordered 
two-phase metamaterials
To validate the effectiveness of GNDM, we conduct tests on a data-
set of two-dimensional (2D) disordered metamaterials with vary-
ing volume fractions. We adopt a random-field description of the 

materials, with the interface between the phases defined by contours 
of Gaussian random field (GRF) (27, 34). For details, see Materials 
and Methods.

We define a single geometric parameter c1 (i.e., the latent code) to 
describe the probability distribution of geometric features. Our ob-
jective is to design materials with target Young’s modulus. The simu-
lation tools include FEM to calculate the effective Young’s modulus 
for a given piece of input material. This geometric parameter turns 
out to be strongly associated with the relative fraction of the two 
material phases, which is consistent with what has been found in the 
literature (48).

The results of our numerical experiments are shown in Fig. 3 (A 
to C). By changing the latent code c1 , apparent variations in the spa-
tial patterns of the material microstructures can be observed, directly 
associated with the relative fraction of the two materials. The auto-
matically found latent code plays a pivotal role in determining the 
mean Young’s modulus of the generated materials. In Fig. 3 (A and 
C), we also present the generated materials in the extrapolated prop-
erty space. These materials inherit the probability distribution of the 
geometric feature learned from the initial dataset yet exhibit material 
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Fig. 3. Examples in 2D and 3D for a single pair of materialproperty and geometric feature. (A) Generated 2D samples with random noise templates and gradual changes 
in latent codes. (B) Comparison between the Young’s moduli (normalized by Ehard , the Young’s modulus of the hard material) predicted by the phenomenological formula and 
FEM for generated interpolated samples within the range of the given dataset. This includes results of the directional Young’s modulus at a typical point. (C) Comparison be-
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between the elastic moduli predicted by the phenomenological formula and FEM, including the directional Young’s modulus at a selected point.
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properties that fall outside the range of the dataset. After retrain-
ing, we ensure that the mean Young’s modulus relates to the extrapo-
lated latent code following the optimized phenomenological formula.

To further illustrate the GNDM’s workflow in disentangling mul-
tiple disordered geometric features, we conduct tests on an enriched 
dataset of materials with skewed microstructures and anisotropic 
properties. Our objective is to design materials with multiple target 
properties, including stiffness (i.e., Young’s modulus), porosity (i.e., 
relative surface area), and anisotropy (i.e., the direction of maxi-
mum stiffness). These three critical physical properties have broad 
applications in a variety of fields. For instance, they play a crucial 
role in aerospace engineering, geoscience, and biological engineer-
ing (30, 49).

For these multifunctional designs, we keep two of the three latent 
codes c1 to c3 constant and only change one of them. The results 
in Fig. 4 (A to C) show the variations of microstructures when c1 , c2 , 
and c3 are chosen as the varying latent codes, respectively. According 
to our observations, the geometric features associated with c1 are 
related to the relative proportion of the two constituent materials, 
those of c2 determine the interfacial area, and those of c3 capture the 
features related to the anisotropy of the materials. The probability 
distributions for each pair of properties are shown in fig. S2. To 
more demonstrate the specific geometric feature of the microstruc-
ture that controlled by c1, c2 , and c3, Fig. 4D presents 2D latent re-
sponse maps depicting the evolution of microstructural geometry as 
two latent dimensions vary simultaneously.

The coefficients in the phenomenological formula quantify the 
influence of the geometric features on specific material properties. 
According to the value of the coefficients (fully detailed in the Sup-
plementary Materials), the features extracted from c1 are primarily 
related to the maximum modulus of elasticity, while c2 predomi-
nantly affects the relative surface area. The directional features ex-
tracted by c3 determine the principal directions of the elasticity tensor.

The generated materials with extrapolated latent codes are dem-
onstrated in the second row of each subfigure in Fig. 4. When keep-
ing the other two latent codes fixed, expanding c1 leads to a substantial 
exploration of the range of the maximum elastic modulus, while 
expanding c2 primarily explores the range of the contour length. Our 
exploration method performs well even with angularly periodic 
geometric features. Although our training dataset only covers a 120° 
range of variation, we can complement the remaining 60°. By using 
the periodic nature of angles, we can generate continuous angle in-
formation for any value of latent code. The generated results for 
varying latent codes are shown in movie S1. Consequently, as shown 
in Fig. 5A, the latent code space is mapped to the property space. 
The gamut of properties exhibited by the generated materials not 
only nearly covers that of the dataset but also obviously expands the 
property space. This enables us to design materials with characteris-
tics beyond those in the dataset and explore a broader material space.

To further validate the design capabilities of GNDM, we fabricate 
selected materials with designed microstructures via 3D printing, 
and then measure experimentally the Young’s moduli and the principal 
orientations of the printed samples (fig. S3). Details of the fabrica-
tion and measurement procedures are provided in the Supplemen-
tary Materials. We also conduct direct FE simulations over the same 
samples. We selected 10 geometric parameter sets within the ex-
panded parameter range, aiming to cover the broadened spectrum 
of material properties in our design space. Five microstructure real-
izations were generated for each parameter set to account for the 

stochastic variability in the design process. For each microstructure, 
mechanical tests were conducted in both the transverse and longitu-
dinal directions, with three identical specimens printed and tested 
for each direction. Comprehensive descriptions of the experimental 
procedures and experiment results data are provided in table S1. The 
markers in Fig. 5B refer to the target material properties and the 
corresponding properties measured through experiments and FEM. 
The color of the central points of each marker represents the value of 
relative surface area. Despite the inherent randomness in the micro-
structures, materials generated using the same set of parameters ex-
hibit similar material properties that closely align with the expected 
properties. This implies that the material properties are indeed as-
sociated with hidden invariant geometric features of the disordered 
microstructures, which have been successfully found by the GNDM. 
In Fig. 5 (C and D), we present the comparison between experimen-
tal measurements and target properties. The measurements closely 
follow the targets, with R2(coefficient of determination) = 0.897 for 
normalized stiffness E∕Ehard and R2 = 0.963 for rotation θ . The larger 
scatter observed in E∕Ehard indicates that stiffness is more sensitive 
than rotation to fabrication imperfections, boundary condition mis-
matches during testing, and intrinsic material variability, whereas θ 
is reproduced robustly across specimens. In addition, fig. S4 provides 
a detailed comparison of FEM predictions with both the target and 
experimental data. FEM predictions closely reproduce the targets 
for both metrics, indicating that the observed discrepancies between 
experimental measurements and target values stem from two sourc-
es: the stochastic variability inherent in the material design and er-
rors introduced during the experimental process. Since the relative 
surface area is not easily measurable in experiments, we directly 
compute it using the algorithm to calculate these results. The simu-
lations follow the targets with moderate fidelity, yielding R2 = 0.744. 
While a small number of experimental groups exhibit larger devia-
tions from the target values, which reduces the overall accuracy, the 
majority of the data show good agreement with the designed targets.

To evaluate the distribution of designed materials corresponding 
to the 10 selected parameter sets and the influence of sample size on 
material properties, we generated 500 realizations for each set and 
computed their effective properties using numerical simulations (see 
figs. S6 and S7). It is worth noting that since our model learns the 
distribution information of geometric features, the influence of ran-
domness on material properties tends to decrease as the sample size 
increases. To test this assertion, we numerically computed results 
for microstructural samples of increasing size: 64 × 64, 128 × 128, 
and 256 × 256. Figure S5C presents the deviations from the target 
properties for each parameter set across the three resolutions, along 
with the standard deviation shown as error bars. It is evident that as 
the microstructure size increases, the SD decreases, indicating that 
the extracted geometric parameters reliably capture the statistical dis-
tribution of the material features. Although the specific microstructure 
realizations are stochastic, the overall material properties converge 
toward the predicted values as the system size increases, and the fluc-
tuations become smaller.

For instance, we demonstrate how a disordered microstructure 
can exhibit different material properties in distinct regions. This ca-
pability is highlighted by designing a “cat” structure that deforms 
when compressed at various points, such as the “tail,” “legs,” and 
“head” (Fig. 5, E and F). Specifically, the cat’s head was designed to 
be relatively soft, while the back was made stiff. The belly and legs 
were constructed using a functionally graded material that gradually 
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increases in stiffness from bottom to top. In addition, the tail was 
designed as an anisotropic material, aligned along its length.

To enable a broader range of applications, we extend GNDM to 
comprehend and design 3D disordered metamaterials. This can be 
done by replacing the 2D CNN with a 3D CNN for all four neural 
network modules, i.e., the generator, discriminator, feature extrac-
tor, and observer. The physical simulation tools must be adapted 
for 3D systems. Similar to the 2D case with a single pair of material 

property and geometric feature, we also use a single latent code to 
characterize the relationship of the pair. The results are shown in 
Fig. 3 (D and E). Here, we set Young’s modulus as the primary prop-
erty of interest. Consistent with the observations from the 2D case, 
we found that Young’s modulus is strongly correlated with the rela-
tive proportions of the two constituent materials. This example 
demonstrates that our model can be effectively applied to a broader 
range of real-world scenarios.

Interpolated 
samples

Extrapolated 
samples

1.6
c
1

0 1.6
c
3

1.1–0.6
c
2

Phenomenological 
formula

D

B

A

–0.2

C

Fig. 4. Geometric feature extraction and inverse design considering three different material properties concurrently. The samples are generated with gradually 
changing interpolated and extrapolated latent codes. The maximum Young’s modulus (normalized by Ehard , the Young’s modulus of the hard material), RSA (the relative 
surface area), and θ (the orientation of the maximum modulus) of these samples are calculated by the physical module and predicted by the phenomenological formula. 
(A) Results for varying c1 and fixed c2 = 0.47 and c3 = 0.52 . (B) Results for varying c2 and fixed c1 = 0.63 and c3 = 0.19 . (C) Results for varying c3 and fixed c1 = 0.69 and 
c2 = 0.56 . (D) Latent-space atlas of generated microstructures. Representative microstructures sampled by sweeping pairs of latent coordinates 

(

c1, c2, c3

)

 . Each grid 
shows a 2D slice through the 3D latent space with the remaining coordinate held fixed at its median value: left, c1 − c2 ; middle, c2 − c3 ; right, c1 − c3 . Color bars indicate 
the value ranges of each coordinate.
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RS

Soft

Hard
Gradient 

Young’s modulus

Directional 
anisotropy

B

A

C

E F

D

Fig. 5. Experimental validation of disordered materials generated by GNDM. (A) Mapping from the geometric feature parameter space to the property space. A 
comparison of the coverage range of properties between the generated materials and the materials in the initial dataset within the property space. (B) Results showing 
the coverage of properties by different parameter sets. Each point cloud in a given color corresponds to a specific parameter set. Scatter plots show sample properties 
calculated by the simulation tools and those measured by experiments. The color of the center indicates the relative surface area. (C and D) Relative maximum Young’s 
modulus and anisotropic direction θ of target properties versus experiment validation. Cat deformation under compression, owing to its heterogeneous microstructures. 
(E) 3D printed structure before compression. The zoomed-in views show the different regions with different functions. (F) Structure during compression. The arrows show 
the direction of loading. R2, coefficient of determination.
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DISCUSSION
The results presented in this study demonstrate the remarkable ca-
pability of the GNDM in understanding the intricate property-
structure relationship of disordered metamaterials. Leveraging the 
concept of self-supervised learning together with necessary, mini-
mal predefined processing and physics-informed priors, our model 
effectively captures the geometric features of disordered microstruc-
tures, extracts their distribution parameters (i.e., the invariance), 
and establishes phenomenological formulae to relate them to the 
distribution parameters of material properties. To reduce the di-
mension of the design space of disordered metamaterials, conven-
tional approaches impose artificial geometric restrictions, such as 
periodicity or symmetry. However, our model achieves the desired 
properties without any restriction on the material microstructures, 
thanks to the power of artificial intelligence. Nevertheless, the au-
tonomy of GNDM lies in its ability to automatically find geometric 
descriptors that are not manually annotated and to uncover quanti-
tative structure-property relationships through phenomenological 
formulae. The interpretability of the latent space primarily results 
from unsupervised extraction via mutual-information maximiza-
tion. Hierarchical injection was adopted to better disentangle geo-
metric features across different scales, and this strategy is generally 
applicable to different material systems and network architectures. 
While certain inductive elements, such as periodic encodings, were 
introduced to capture orientation-related features, they serve as 
practical adjustments to the inherent limitations of CNN architec-
tures rather than as methodological constraints of the framework. 
In the future, we will devote ourselves to explore other types of AI 
architectures, like graph neural networks that can have better per-
formance on aspects such as rotational invariance to further mini-
mize the level of human engineering and preprocessing, so that a 
higher level of autonomy can be achieved. The proposed model 
holds substantial promise for two crucial applications. First, it en-
ables us to gain insights into the intricate relationship between the 
geometric features and their resulting properties. By comprehend-
ing these relationships, it enhances our understanding of the mate-
rial behavior of nonperiodic, disordered metamaterials. Second, the 
discovered relationship between the probability distributions of the 
geometric features and the material properties opens up previously 
unidentified avenues for the design of disordered microstructures 
toward desired material properties using sampling.

First, we emphasize that GNDM is, in principle, applicable to a 
broad class of disordered materials. This generality stems from the 
fact that our approach processes the geometry directly from images 
using neural networks, without imposing any artificial geometric 
constraints such as periodicity or symmetry. To verify this, we con-
ducted additional tests on circular inclusion-type microstructures 
(fig. S11). GNDM successfully learned to capture the inclusion frac-
tion and correlated it with the effective stiffness. Moreover, GNDM 
is not limited to only two materials; it can be generalized to handle 
multiphase disordered materials. To generalize to a K-phase system, 
we modify the final layer to output a K-dimensional vector per pixel, 
z =

(

z
1
, z

2
,… , zK

)

 , which is transformed via a softmax function into 
a valid probability distribution over the K phases. The predicted ma-
terial phase at each pixel is then assigned to the phase with the high-
est probability, and the standard cross-entropy loss is used during 
training. Only the material input and the simulation tools need to be 
adjusted for the multiphase setting, while the remaining compo-
nents of the GNDM framework remain unchanged. In the future, 

GNDM could be applied to complex biological materials, such as 
wood and bone, concerning multiphysics responses. It is also pos-
sible to incorporate state-of-the-art neural network architectures 
and simulation tools. In addition, the phenomenological formula, 
which in this work is represented as polynomials, can be expanded 
to more complex forms, thus extending its applicability to multiple 
physical properties, such as fracture resistance, negative refraction, 
thermal conductivity, etc.

MATERIALS AND METHODS
Dataset
The dataset consists of 1000 2D disordered microstructural images for 
the single-parameter case and 1500 images for the three-parameter 
case. A set of GRFs are used to mathematically characterize the spatial 
patterns of these materials. Specifically, for a 2D domain D ⊂ ℝ

2 , we 
prescribe a (real-valued) random field for each point in that domain, 
i.e., {Z(x): x ∈ D} . The value of this field can be described by the fol-
lowing vector of random variables Z =

[

Z
(

x
1

)

,Z
(

x
2

)

,… ,Z
(

x
N

)]T ,  
where x

1
,…, x

N
∈ D.

For each x ∈ D , Z(x) is a random variable. We define the mean 
function μ(x) = �[Z(x)] and the covariance function

Suppose D = [0, 1] × [0, 1] and divide D into n1 × n2 rectangular 
elements. Select N = n1 × n2 sample points by taking the mid-points 
of the rectangular elements and arranging them in lexicographical 
order. A GRF is a second-order field, such that the vector of ran-
dom variables follows the multivariate Gaussian distribution for 
any x

1
,… , x

N
∈ D . For single-parameter isotropic GRF, the vector 

Z follows a normal distribution and N(μ,C) the covariance function 
C(x, y) is chosen so that

with

where k, n ∈ ℕ,m, l ∈ ℝ+ , and p =
(

p1, p2
)

∈ ℝ
2 . Here, we take 

the value for k = 1,n = 2, m = 10
−3
, and l = 10

4 . The final images 
for the single parameter are constructed by performing a lever cut 
through Z at a threshold value z1 . Such a cut delineates an interface 
that defines the hard phase and soft phase. The hard phase is defined 
by the region where Z < z1 , while the soft phase is defined by the 
region where Z > z1.

In the case of a three-parameter GRF, anisotropy is introduced 
by assigning distinct scales to different directions in the covariance 
function. This is achieved by redefining the function γ(p) as

where θ represents the orientation of anisotropy and l1 , l2 are the 
scale factors in the principal orientations. To enhance the continuity 
of the hard phase, the final images for three-parameter cases are 
generated by implementing two-level cuts through Z at threshold 

C(x, y)=Cov
[

Z(x),Z(y)
]

=�
{[

Z(x)−μ(x)
][

Z(y)−μ(y)
]}

,x, y∈D (1)

C(x, y) = ∫
ℝ

2

e−2πi p⋅(x−y)γ(p)dp (2)

γ(p) =

(

m+
p2k
1
+p2k

2

l

)−n

(3)

γ(p) =

[

m+

(

p1cosθ+p2sinθ
)2

l1
+

(

−p1sinθ+p2cosθ
)2

l2

]−2

(4)
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values z1 and z2 , where z1 < z2 . The hard phase is defined within the 
region where z1 < Z < z2 , while the remaining region represents the 
soft phase.

Loss for GNDM
The generator and the discriminator adopt the same losses as de-
fined in the WGAN-GP (40), with their architectures detailed in the 
Supplementary Materials. We need to determine the dimensionality 
of the latent code in advance. The feature extractor, inspired by the 
DCGAN discriminator, encompasses a latent code output mecha-
nism shown in Fig. 2, whose output dimension matches the pre-
defined latent code dimension. The observer net is built upon the 
ResNet architecture, and the number of output variables is contin-
gent on the properties under consideration.

To tackle the training difficulties associated with GANs, we adopt 
the WGAN-GP (40) approach. We optimize the generator and dis-
criminator networks using the objective function W

(

ℙr,ℙg

)

 with a 
gradient penalty. Here, W

(

ℙr,ℙg

)

 is an efficient approximation of 
the Wasserstein distance, which quantifies the proximity between 
the generator’s distribution and the data distribution (40). The gra-
dient penalty is integrated into the discriminator to enforce the 
Lipschitz constraint, thereby bolstering the stability and convergence 
of the training process. The generator loss function is defined as

The discriminator loss function is defined as

where G is defined as the generator, D is defined as the discrimi-
nator, and Q is defined as the feature extractor; x can be viewed as 
x ∼ ℙr ; ℙx̂ is defined as sampling uniformly along straight lines be-
tween pairs of points sampled from the data distribution ℙr and the 
generator distribution ℙg.

To automatically extract the probability distribution of geomet-
ric feature parameters of materials, we draw inspiration from Info-
GAN (41). We integrate a lower bound on mutual information into 
our model to facilitate the learning of geometrically interpretable 
and disentangled features of the materials. The mutual information 
I[c;G(z, c)] is maximized by maximizing the lower bound LI(G,Q) , 
given by

Here, H(c) represents the entropy of c.
The observer is optimized using real physical data from both the 

dataset samples and the generated samples with MSE loss

Here, O represents the observer, and S corresponds to the simu-
lation tools. Furthermore, in the process of optimizing the coeffi-
cients of the phenomenological formula and the generator, the 
objective is to minimize the following MSE loss LF

where F represents the phenomenological formula.

Calculation of material properties
The effective Young’s modulus of the materials was calculated using 
the FEM based on asymptotic homogenization. For the FEM calcu-
lation, we first converted image pixels into a corresponding mesh 
structure using linear quadrilateral elements. We only consider the 
elastic behavior of the microstructures here. Based on asymptotic 
homogenization, the macroscopic behavior of the heterogeneous 
material can be determined by solving a corresponding cell problem 
(see the Supplementary Materials for details), assuming an infinite 
tiling of identical structures with periodic boundary conditions. The 
cell problem is then solved by FEM by converting the corresponding 
governing equation into the form of Ku = f  . Once the effective 
elastic tensor is determined, the orientation of the principal tensile 
modulus was obtained by rotating the coordinate system, and the 
orientation of the principal modulus was calculated. See the Supple-
mentary Material for details. The relative surface area is computed 
using the OpenCV library.

Supplementary Materials
The PDF file includes:
Supplementary Text
Table S1
Figs. S1 to S11
Legends for movies S1 and S2
References

Other Supplementary Material for this manuscript includes the following:
Movies S1 and S2
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