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ABSTRACT

Architected cellular materials are a class of artificial materials with cellular architecture-
dependent properties. Typically, designing cellular architectures paves the way to generate
architected cellular materials with specific properties. However, most previous studies have
primarily focused on a forward design strategy, wherein a geometry is generated using
computer-aided design modeling, and its properties are investigated experimentally or via
simulations. In this study, we developed an inverse design framework for a disordered archi-
tected cellular material (Voronoi lattices) using deep learning. This inverse design framework is
a three-dimensional conditional generative adversarial network (3D-CGAN) trained based on
supervised learning using a dataset consisting of voxelized Voronoi lattices and their corre-
sponding relative densities and Young’s moduli. A well-trained 3D-CGAN adopts variational
sampling to generate multiple distinct Voronoi lattices with the target relative density and
Young'’s modulus. Consequently, the mechanical properties of the 3D-CGAN generated
Voronoi lattices are validated through uniaxial compression tests and finite element simula-
tions. The inverse design framework demonstrates potential for use in bone implants, where
scaffold implants can be automatically generated with the target relative density and Young’s
modulus.
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HIGHLIGHTS

® Aninverse design framework for 3D Voxelized geometries using a 3D conditional generative
adversarial network (3D-CGAN) is proposed.

® The trained 3D-CGAN is capable of generating 3D Voronoi lattices with the desired target
relative density and Young’s modulus.

® The mechanical properties of 3D-CGAN generated Voronoi lattices were experimentally and
numerically validated.
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1. Introduction I . -~ ‘ .
17], facilitating their description as ‘metamaterials’.

Architected cellular materials are composed of cellular
architectures designed within specific spatial arrange-
ments [1-5]. Tailoring their microstructures offers
a new architectural degree of freedom, which surpasses
that of their constituent materials and results in the
realization of unprecedented properties. Typical archi-
tected cellular materials include lattice materials with
ultrahigh stiffness-to-weight ratios [6-8], negative
Poisson’s ratio metamaterials [9-11], architected mate-
rials with shape reconfigurability [12,13], and metama-
terials with programmable mechanical responses [14-

More importantly, recent advances in additive manu-
facturing have enabled the fabrication of complicated
structures using multimaterials [18,19], shape memory
polymers [20-22], and magnetic materials [23,24].
Thus, the rational design of architected cellular materi-
als makes them promising candidates for soft robotics
[18,23-25], actuators [16,17,26], soft electronics [27,28],
tissue engineering [29-32], and electrochemical energy
storage and conversion [33,34].

Over the last few decades, extensive efforts have
been dedicated to the design of new architected
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cellular materials to achieve characteristics such as
programable mechanical responses [14-17], novel
deformation mechanisms [12,13,35,36], and theoreti-
cal stiffness and strength limits [6-8,37]. Notably,
most of these studies have adopted the forward design,
that is, a structure is designed based on computational
modeling methods, and its effective properties are
explored using time-consuming simulations and/or
experiments. Using such forward design methods,
models can be generated via mathematical modeling
[10,31,32], Boolean and lofting operations [7-9,12,13],
and topology optimization [38,39]. However, this
requires experienced designers and extensive trial-
and-error efforts to achieve the desired properties.
Consequently, the forward design approach hinders
practical applications to some extent. For instance, in
tissue engineering, bone implants should be chosen to
mimic damaged bones in terms of their biocompat-
ibility, relative density (i.e. the volume fraction of solid
part), and stiffness [29-32,40]. In such situations, the
desired approach is the inverse design method, based
on which implants can be designed and generated
according to target properties and specific
requirements.

In recent years, deep learning algorithms have been
exploited to handle these inverse design challenges
[11,41-50]. However, the direct generation of pixel-
based representative volume elements — which take
advantage of variational autoencoders and generative
adversarial networks (GANs) — focuses primarily on
two-dimensional geometries [11,44-47]. Although the
inverse design of three-dimensional (3D) geometries
has been successfully accomplished in some studies,
the associated neural networks are always combined
with additional modeling processes [41-43]. For
example, in a recent study on the inverse design of
truss metamaterials, the neural network was trained to
output elementary lattices from existing datasets and
their tessellations, which could be used to generate
new truss metamaterials via geometric transforma-
tions [43]. In another study on the inverse design of
spinodoid metamaterials, the neural network was
trained to output design parameters that could be
used to generate a topology via the linear Cahn -
Hilliard model [41]. Notably, these studies adopted
an indirect approach to generate such complex geo-
metries: the trained neural networks generated mod-
eling parameters that could be used to create
geometries based on additional modeling procedures.
Here, by contrast, we employ the GAN to directly
generate 3D voxel-based representative volume ele-
ments (RVEs) (i.e. voxelized Voronoi lattices) without
the need for an additional modeling process. Voronoi
lattices are disordered architected materials; the irre-
gularity not only makes their morphology similar to
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that of bones but also broadens their diversity in terms
of the stiffness and strength for a given relative
porosity.

In this study, we developed a deep-learning-driven
inverse design framework for the direct generation of
3D voxelized architected cellular materials with user-
defined relative densities (p) and Young’s moduli (E).
The adopted inverse design framework is a 3D condi-
tional GAN (3D-CGAN) based on volumetric convo-
lutional neural networks. The 3D-CGAN was trained
using a dataset consisting of 10,000 3D Voronoi lat-
tices and their labels (p and E). The lattices were
derived from the Voronoi tessellation, and their
Young’s moduli were calculated using a numerical
homogenization algorithm. The trained 3D-CGAN
used the target relative density and Young’s modulus
as the inputs, and it output the corresponding 3D
voxelized Voronoi lattices. The mechanical properties
of the generated Voronoi lattices were verified using
uniaxial compression tests and finite element method
(FEM) simulations.

2. Methods
2.1. Dataset preparation

Figure la shows the process of generating 3D Voronoi
lattices for dataset preparation. First, a random seed of
27 3D coordinate points was created using Mitchell’s
best-candidate algorithm [51]. Note that the algorithm
generates coordinate points with a regular distribu-
tion. Thereafter, a Voronoi diagram was plotted using
Laguerre — Voronoi tessellation with a 3D periodic
boundary condition. The periodic condition was
implemented. The seeds were generated in 3 X 3 x 3
unit cells and the center unit cell was defined as an
RVE. The same approach was employed for 2D design
in our previous study [17]. The Voronoi skeleton was
derived from the polyhedral meshes of the Voronoi
diagram. It should be noted that nodal connectivity,
which refers to the total number of ligaments con-
nected to a node, has a considerable impact on the
stiffness of architected materials [52]. For example,
ordered architected materials with nodal connectiv-
ities of 3, 4, 6, and 8 are significantly different in terms
of their Young’s modulus, yield strength, and
Poisson’s ratio [52]. Changing the nodal connectivity
may increase the diversity of Young’s modulus for
Voronoi lattices with the same relative density.
Therefore, to extend the border of the available data
space, 0-30% of the edges in the polyhedral meshes
were deleted randomly to change the nodal connectiv-
ity. Consequently, 30% was chosen to maintain the
isotropy of the Voronoi lattices while extending the
boundary of the available data space. Note that if this
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Figure 1. Dataset preparation. (a) Process of the dataset preparation: the geometry of a voxelized Voronoi lattice was generated
using Voronoi tessellation and its Young's modulus was calculated using the homogenization method. (b) Dataset consisting of
10,000 datapoints where each datapoint was composed of a geometry (a 3D voxel array with a shape of [64, 64, 64]), its relative
density, and Young’s modulus. The data space was compared with several typical architected materials, including Gyroid, Schwarz

Diamond, Schwarz Primitive, and Schoen IWP lattices, and octet and isotropic trusses [37,52].

value is too large, the Voronoi lattices will become
anisotropic. Also, the appearance frequency of each
node keeps over 1 to prevent single element connec-
tivity when randomly deleting edges. Additionally,
a periodic boundary condition was applied in this
process to ensure the periodicity of the generated
Voronoi lattices. Finally, a triply periodic Voronoi
lattice was generated after a specific thickness was
assigned to the edges of the polyhedral meshes. For
deep learning, each Voronoi lattice was voxelized into
a 3D voxel array (A,) with a shape of [64, 64, 64]. To
investigate the lower volume fraction applicability
limit, the relative density of a Voronoi skeleton was
reduced. The Voronoi skeleton was voxelized with
decreasing relative densities, and the result revealed
that the voxelized Voronoi lattice became discrete if

303 403 503

p=0.075

p=0.115

Voxel number

the relative density was less than 0.045 (Figure 2a).
Considering a margin, the minimum relative density
of the Voronoi lattices was set to 0.1. The modeling
process was implemented using a Python code, and
the Laguerre — Voronoi tessellation was based on the
Python package MicroStructPy [53].

The Young’s moduli of the generated 3D Voronoi
lattices were calculated using a numerical homogeni-
zation method, as detailed in past studies [54-56].
That is, the input argument was a 3D voxel array
consisting of 0 and 1, where 1 indicates a solid, and 0
indicates a void. The Young’s modulus and Poisson’s
ratio of the constitutive materials were set as 1.6 GPa
and 0.23, respectively, corresponding to the material
parameters of a 3D-printed resin. Periodic boundary

conditions were then applied during the
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Figure 2. Assessing modeling, numerical homogenization algorithm, and FEM simulation. (a) Voxelizing Voronoi lattice with
different relative densities. (b) Computational accuracy and cost of the numerical homogenization algorithm. The Voronoi lattice
was voxelized into 3D voxel arrays with different shapes. (c) Effect of the RVE size on the computational accuracy of FEM
simulations. The Voronoi lattice was modeled with different RVE sizes, where n x n x n RVE means an RVE consisting of n x n x n
unit cell numbers.
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homogenization process. The homogenized constitu-
tive matrix CH could be solved by obtaining the ele-
ment displacements and global displacement field, as
follows:

where |V| denotes the total volume of the cube
domain, X(()(E)i) denotes the element displacement, XE;))

denotes the displacement field obtained from the glo-
bal stiffness equation, and k, denotes the element
stiffness matrix. Following iterations for all six load
cases (three compressions along the x, y, and z axes,
and three shearing loads), the effective 6 x 6 elasticity
matrix C! was obtained. The directional dependence
of the Young’s modulus of a typical Voronoi lattice is
shown in Figure 1, where the shape of the surface
contour is close to a sphere, thus indicating the
approximate isotropic stiffness of the Voronoi lattice.
Consequently, the effective Young’s modulus can be
obtained using isotropic approximation, where the
complete 6 x 6 elasticity matrix is matched with the
matrix for the isotropic symmetry class. It should be
noted that the effective Poisson’s ratio can also be
calculated using the elasticity matrix. The accuracy of
the Poisson’s ratio computed by the numerical homo-
genization method in our previous work [11]. Because
the Voronoi lattices were approximated as voxel arrays
rather than beam-based architected materials, we con-
ducted a convergence study according to the number
of voxels and computational cost. A Voronoi lattice
(p = 0.115) was voxelized into 3D voxel arrays with
different shape from [20,20,20] to [80,80,80]. The
Young’s moduli of such 3D voxel arrays were calcu-
lated using the numerical homogenization method.
The calculated Young’s moduli and computational
cost are compared in Figure 2b. From the figure, it
can be observed that the Young’s modulus converges
with the increase in the number of voxels, and the
value remains constant when the number of voxels is
greater than [50, 50, 50]. Further, the computational
cost (code execution time on a MacBook with M1
chip) increases exponentially with the number of vox-
els. Therefore, with regard to the computational accu-
racy and cost, Voronoi lattices were voxelized into 3D
voxel arrays with a shape of [64, 64, 64], which corre-
sponds to 64° eight-node hexahedral elements in the
numerical homogenization method.

The relative density (p) refers to the proportion of
the solid part in a Voronoi lattice and can be calcu-
lated as follows:

24 @)
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Figure 1b shows the data space of material properties
for 10,000 generated Voronoi lattices in terms of the
p-E relationship, where the darker region indicates
a higher concentration of datapoints. The material
property space was compared with that of typical
architected materials [37,52]. Notably, the relationship
between p — E does not follow the classical scaling
laws of the Gibson — Ashby model (E*/E, = ap®,
where E* denotes the effective Young’s modulus, E,
denotes the Young’s modulus of the constituent mate-
rial, and a and b are constants) [57]. By contrast, the
data space of p and E covers a wider range, exhibiting
a ribbon pattern. This implies that neural networks
can be trained to generate Voronoi lattices with cor-
responding properties inside the ribbon-shaped data
space. Overall, the training dataset comprises 10,000
datapoints, where each datapoint consists of
a Voronoi lattice and its corresponding p and E.

In the numerical homogenization method, numer-
ous unit cells are considered based on a mathematical
operation [58]. However, the number of unit cells is
very limited in an experimental validation. Therefore,
the effect of the number of RVE units on stress — strain
curve at finite strain was investigated for a comparison
with the corresponding experiment as shown in
Figure 2c. The results are addressed in Section 2.4.

2.2. 3D conditional generative adversarial
network

The neural network architecture yields two main out-
puts that are necessary for the inverse design of
mechanical metamaterials: the modeling parameters,
which can be used to generate geometries with addi-
tional modeling processes [41-43], and the geometries
in the form of pixels or voxels [11,46,47,59,60]. The
straightforward generation of geometries can speed up
the inverse design process and directly visualize geo-
metries. The variational autoencoder (VAE) and
GANs are the most commonly used neural network
architectures  for straightforward generation
[47,59,60]. In the VAE, an encoder learns to represent
input data (e.g. geometry or modeling parameters)
efficiently, and a decoder tries to reconstruct the data
using the internal representations and the learned
weights, making it an ideal data compression engine.
By contrast, the GAN is trained in an adversarial feed-
back loop to generate realistic geometries, adopting
variational sampling to generate distinct geometries
[11,46]. Consequently, the GAN may be superior to
the VAE in terms of the generation performance. We
compare relevant studies using different network
architectures for the inverse design of mechanical
metamaterials in Table 1.

In this study, the inverse design of 3D architected
cellular materials was implemented using a novel
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Table 1. Comparison of neural networks for the inverse design of mechanical metamaterials.

Number of
Neural training Relative
Input Output Geometry type  network type datapoints R-square  error MSE  Reference
Stiffness tensor Modeling 3D spinodoid Multi-layer 19,170  0.999 [41]
parameters metamaterials perceptron
Stiffness tensor Modeling 3D truss Multi-layer 3,000,000 0.986 [43]
parameters metamaterials perceptron
Elastic modulus and relative density Modeling 2D honeycomb, Multi-layer 53,000 0.05% [48]
parameters square, and re- perceptron
entrant star-
shaped lattices
Stress—strain curve 16 binary 2D checkerboard- Multi-layer 16,576 0.00031 [45]
representation shape non- perceptron
of geometric uniform cellular
infills materials
Filter radius, volume fraction, and 128 x 128 pixels 2D metamaterials Variational 25,000 0.009 [47]
a design objective (maximum bulk autoen
modulus, maximum shear modulus, coders
or minimum Poisson’s ratio).
Young's modulus and Poisson’s ratio 256 x 256 pixels 2D auxetic Generative 100,000 0.014 [
metamaterials adversarial
network
Relative density and Young’s modulus 64 X 64 x 64 3D disordered 3D 10,000 0.01 This work
voxels voxelized Generative
lattices adversarial
network
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for the relative density and Young's modulus.
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framework: 3D-CGAN. The 3D-CGAN was trained to
generate 3D voxels of Voronoi lattices from
a probabilistic space with a given label (i.e. p and E)
by leveraging recent advances in controllable GANs
and volumetric convolutional networks [61-64]. The
3D-CGAN had a structure similar to that of the neural
network used in our previous study, wherein 2D auxe-
tic metamaterials were generated using a CGAN [11].
In this study, we improved the neural network (3D-
CGAN) and enhanced its ability to generate 3D geo-
metries according to the target properties. The 3D-
CGAN comprised three modules: a generator,
a discriminator, and a calculator, which were trained
by an adversarial process. Notably, the generator
learns to generate 3D voxelized Voronoi lattices that
mimic the geometries of the real Voronoi lattices from
the dataset. The discriminator learns to distinguish
real Voronoi lattices (from dataset) from fakes (gen-
erated by the generator), and it thus helps generate
realistic Voronoi lattices. The calculator learns to pre-
dict p and E of given Voronoi lattices, and it thus helps
the generator spawn Voronoi lattices with the desired
target properties.

Figure 3a shows the framework of the 3D-CGAN.
The training process is based on supervised learn-
ing. While training, the generator progressively
becomes better at creating Voronoi lattices that
look real and exhibit the desired target properties,
whereas the discriminator becomes better at distin-
guishing between real and fake Voronoi lattices. The
process attains equilibrium when the generator can
perfectly deceive the discriminator. The 3D-CGAN
has the ability to generate a batch of 3D voxelized
Voronoi lattices for a given label (p and E) after
being trained using 10,000 datapoints. The detailed
information of the 3D-CGAN is discussed in
Appendix A. Overall, the three primary advantages
of the 3D-CGAN are as follows: first, compared with
traditional heuristic criteria (e.g. the genetic algo-
rithm), the use of an adversarial criterion speeds up
the inverse design process and enables the generator

(a)
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to capture the object structure implicitly; second,
the generator establishes the modeling process
from a 1D probabilistic space to the 3D space of
objects, without the use of an additional modeling
process; and third, the calculator serves as an inde-
pendent module that helps the discriminator avoid
overfitting.

2.3. Uniaxial compression tests

The mechanical properties of the 3D-CGAN generated
Voronoi lattices were first investigated using uniaxial
compression tests. Notably, to obtain the stiffness of
these generated Voronoi lattices, 3D printing technol-
ogy is ideal, which allows the fabrication of such com-
plex models. To print models without supporting
components, while providing smooth surface finishing,
we used a stereolithography 3D printer (Form 3,
Formlabs, USA) with a photopolymer resin (clear
resin, Formlabs, USA). The photopolymer resin is
a typical plastic material with a Young’s modulus,
Poisson’s ratio, and yield strength of 1.6 GPa, 0.23,
and 38 MPa, respectively [65]. The 3D-printed models
had dimensions of 40 mm X 40 mm X 40 mm and
comprised an RVE of 3 X 3 X 3 unit cells, which were
selected to represent such types of periodic porous
materials in terms of mechanical testing [52]. These
models were exported as standard tessellation language
(STL) format files and then sliced through PreForm
before being sent for 3D printing. The printing para-
meters were set as follows: a layer thickness of 0.05 mm
and an operating temperature of 33°C with no support
structures. To remove the residual resin from the sur-
face, these samples were washed with isopropanol after
3D printing. Thereafter, a post-curing process was
implemented on these samples at 60°C for 30 min
using Form Cure (Formlabs, USA). Figure 4a shows
the representative 3D-printed samples before and after
surface smoothing.

After 3D-printing fabrication, the mechanical
properties of these samples were examined through

(b)

Lo

Figure 4. Visualization of Voronoi lattices. (a) Representative 3D-printed samples before (top) and after (bottom) surface

smoothing. (b) Representative mesh used in the FEM simulations.
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uniaxial compression tests using a motorized test
stand (AGXplus-10kN, Shimadzu, Japan). The static
compression tests were performed at a vertically con-
stant speed of 10 mm/min, following the ASTM stan-
dard D695-15. The compression strain was set to 0.15,
which is adequate to achieve elastic deformation of
these samples. The deformation processes were
recorded using a high-speed camera placed in front
of the samples. The effective Young’s moduli were
calculated by linearly fitting the initial linear region
of the recorded stress — strain curves.

2.4. Finite element method simulations

The deformation behavior was visually examined using
FEM simulations. The deformation problem under
a finite strain was analyzed using a nonlinear FEM
simulation, where periodic boundary conditions were
applied on a periodic microstructure. The detailed pro-
cess of implementing the displacement and stress equa-
tions has been discussed in our previous reports [59,66].
FEM simulations were performed using a commercial
FEM simulation platform (COMSOL Multiphysics
Ver. 5.6, COMSOL, Sweden). The constitutive model
was a plastic material model with a Young’s modulus,
Poisson’s ratio, and yield strength of 1.6 GPa, 0.23, and
38 MPa, respectively, corresponding to the mechanical
properties of the clear resin used in the experiments.
Nonlinear uniaxial compression simulations were per-
formed according to the periodic boundary conditions,
accompanied by a parametric sweep of the z-axis dis-
placement. The stop condition was set when the com-
pression strain was 0.15. The models were built using
approximately 3 x 10° second-order tetrahedral solid
elements, and a typical meshed model is shown in
Figure 4b. The effective Young’s moduli were also
extracted from the stress — strain curves.

In the experiments, uniaxial compression deforma-
tion was imposed to 3D-printed samples composed of
3 X 3 x 3 RVE units. To ensure the validity of the
experiments, the effect of number of RVE units was
investigated. Here, we computed the large deforma-
tion behavior of a Voronoi lattice (the same Voronoi
lattice in Figure 2b with a voxel array of [64, 64, 64]) in
the uniaxial compression test with different number of
RVE units using FEM simulations. The stress - strain
curves obtained from the FEM simulations are shown
in Figure 2c. The figure shows that the stress - strain
curves converge as the RVE size increases. It should be
noted that the stress — strain curve ofal x 1 x 1 RVE
with periodic condition fits with those of larger RVE
sizes (e.g. 3 x 3 x 3), demonstrating that the experi-
ments correspond to numerical simulations of an RVE
with periodic conditions.
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3. Results and discussion
3.1. Training results

The performance of the 3D-CGAN can be evaluated
based on the similarity and stability of the training
results. Here, similarity refers to the agreement
between input labels (targets p and E) and output
labels (p and E of the generated structures). We
evaluated the similarity using a risk function, that
is, the mean squared error (MSE) of the sum of p
and E:

MSE =13 ((p,=p) + (B—B)") )

where #n denotes the total number of labels sampled
from the available p — E data space. To reduce the
error, n was set to 1024 at each generation. p
denotes the input relative density, p denotes the
output relative density, E denotes the input
Young’s modulus, and E denotes the output
Young’s modulus. To stabilize the training process,
the relative density and Young’s modulus were
normalized to the range 0-1. A smaller MSE indi-
cates better similarity between the input and output
labels, as well as better performance of the 3D-
GAN.

The stability refers to a stable training process.
In the 3D-CGAN, the generator and discriminator
models were trained simultaneously, with the goal
of finding a Nash equilibrium between the two
models. Consequently, the training process aims
to find an equilibrium between two forces rather
than a minimum. The stability can be quantita-
tively evaluated in terms of the discriminator
and generator losses (see Appendix A for the
definition).

Figure 3b displays the MSE and loss versus the
training epoch using 10,000 datapoints. The MSE
curve consists of two stages: the MSE decreases
initially before gradually converging and finally
attains a minimum at approximately 0.01 after
epoch 50. This shows that the 3D-CGAN can be
trained to converge after finite epochs. The low
value of the MSE shows that the trained 3D-
CGAN has learned to generate Voronoi lattices
with a target p and E. The loss curves show the
typical pattern of a reliable GAN training proce-
dure, that is, both losses are slightly erratic early in
the run before stabilizing after approximately 50
epochs. The losses converge to a stable equilibrium,
proving the stability of the training process. The
convergence of the MSE and losses demonstrates
the robustness of the 3D-CGAN and the stability of
the training process.
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3.2. Inverse design of architected cellular
materials

Given that the training results were robust and stable,
we managed to exploit the trained 3D-CGAN for the
controllable generation of Voronoi lattices. The
inverse design adhered to the following procedure:
the 3D-CGAN received a label (p and E) and then
yielded several voxelized Voronoi lattices with the
target p and E. To demonstrate the flexibility of the
trained 3D-CGAN, Voronoi lattices were generated
with target labels randomly selected from the p-E
data space. Figure 3c compares the input labels (tar-
gets p and E) and output labels (p and E of the gener-
ated structures) of 1024 randomly generated Voronoi
lattices. Each coordinate of the scatter corresponds to
an input p or E and the output p or E. The difference
between the input and output labels can be evaluated
by linearly fitting these scatters (X = Y). As shown in
Figure 3c, these scatters converge to the bisection line,
forming a narrow region. The distributions of the
user-input and 3D-CGAN-output values are also com-
pared in Figure 3c. The mean values of the user-input
and 3D-CGAN-output relative densities are 0.3068
and 0.3165, and the variances of the user-input and
3D-CGAN-output relative densities are 0.0132 and
0.0123, respectively. The mean values of the user-
input and CGAN-output Young’s moduli are 125.1
and 123.5 MPa, and the variances of the user-input
and CGAN-output Young’s moduli are 10332 and
10117 MPa, respectively. This indicates that the
trained 3D-CGAN has learned to generate Voronoi
lattices with the target p and E. In addition, these
results also prove the successful implementation of
controllable inverse design, making it unique from
the forward design method, where Voronoi lattices
are generated by Voronoi tessellation without assigned
p and E.

400 ® Inside property space
350 Outside property space

Property space of the
150 real architectures

Young's modulus, E [MPa]
3
o

Outside property space of
the real architectures

0.1 0.2 0.3 0.4 0.5
Relative density, p

Figure 5. Properties of the 3D-CGAN-generated Voronoi lat-
tices covering the relative density-Young's modulus relation-
ship map. Blue dots represent properties of 3D-CGAN-
generated Voronoi lattices that were generated by inputting
target properties inside the data space, and the orange dots
represent those generated by inputting target properties out-
side the data space.
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To entirely explore the capability and applicability of
the 3D-CGAN, we compared the data spaces of the real
Voronoi lattices and those of the 3D-CGAN-generated
Voronoi lattices in the relative density — Young’s mod-
ulus relationship map in Figure 5. We first input the
target properties inside the data space of the real
Voronoi lattices to the 3D-CGAN, and we then plotted
the properties of the 3D-CGAN-generated Voronoi
lattices in Figure 5. The data space of the real Voronoi
lattices refers to the ribbon region in the relative den-
sity — Young’s modulus relationship map in Figure 1b.
It can be observed that the properties of the 3D-CGAN-
generated Voronoi lattices can occupy the data space,
further demonstrating that the 3D-CGAN possesses the
ability to generate Voronoi lattices with properties akin
to the dataset. To explore the capability of generating
Voronoi lattices with properties outside the dataset, we
tried to input target properties outside the data space of
the real Voronoi lattices. The results revealed that the
trained 3D-CGAN can barely generate Voronoi lattices
with properties outside the data space but approaching
the border of the property space, as shown in Figure 5.
This can be attributed to the training target of the 3D-
CGAN: the 3D-CGAN was trained to learn to generate
Voronoi lattices that not only look real but also have the
target properties. To achieve the target properties, the
3D-CGAN learned to deceive the calculator that was
initially trained with the data space of the real Voronoi
lattices. Consequently, it was difficult for the 3D-CGAN
to generate Voronoi lattices in the whitespace beyond
the data space.

To demonstrate the benefits of the 3D-CGAN in
terms of the computational cost and accuracy, we
compared the generation processes of the inverse
and forward designs. The inverse design was imple-
mented using the trained 3D-CGAN to generate
a given number of geometries with a target property
(p = 0.3 and E = 90 MPa). The code execution time
was measured according to the computational cost.

e
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Figure 6. Computational cost and accuracy of the inverse
design by 3D-CGAN and forward design. The computational
cost was determined using the CPU time of code execution,
and the accuracy was measured using the MSE based on the
target property and the property of the generated geometries.
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For the forward design, it is clear that one can directly
generate a large number of geometries using Voronoi
tessellation and calculate their properties, and then
select the desired geometries with target properties.
The computational cost of the forward design was
determined using the code execution time required
for running the Voronoi tessellation and numerical
homogenization. All codes were run on a MacBook
with an M1 chip. Figure 6 compares the computa-
tional costs between the inverse and forward designs.
The results show that the time require to execute the
forward design on a central processing unit (CPU) is
greater than that required for an inverse design based
on the trained 3D-CGAN by a factor of 1000. For
example, generating 128 Voronoi lattices 3D-CGAN
requires approximately 5 x 10* s using the forward
design but only 53 s using 3D-CGAN, which is sig-
nificantly faster than that required to generate opti-
mized 3D geometries using Solid Isotropic Material
with Penalization (SIMP) topology optimization
[67,68]. It is clear that topology optimization can

Real Voronoi lattices
(from dataset)

3D-CGAN-generated
Voronoi lattices
(voxelized)

After NURMS process
(smoothed)

Relative density

(input) 0.1 0.2
Relative density 0.1109 0.2097
(output)

Young’s modulus

(input), [MPa] 2 e
Young’s modulus

(output), [MPal 5.438 31.32
Young’s modulus

(voxelized samples of 5.912 23.13
experiments), [MPa]

Young’s modulus

(smoothed samples of 6.351 25.31
experiments), [MPa]

Young’s modulus 4.555 26.47

(simulation), [MPa]
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generate an optimized 2D geometry in a short time.
However, a longer time is required to generate a batch
of optimized 3D geometries using topology optimiza-
tion than that required by the 3D-CGAN [69]. In
addition, when multiple constraints (e.g. Young’s
modulus, Poisson’s ratio, yield strength, and porosity)
are required in topology optimization, the computa-
tional cost may be rapidly increased. However, the
time can barely change for the 3D-CGAN because
only the labels of the training dataset are to be
replaced. We also calculated the MSE using the target
property and the property of the generated geometries.
The results show that the MSE of the 3D-CGAN-
generated lattices is approximately 0.1, which is better
than that for the forward design of randomly direct
generation (around 0.21) (Figure 6).

To visualize the training results clearly, Figure 7 com-
pares several real Voronoi lattices (generated using
Voronoi tessellation) and 3D-CGAN-generated Voronoi
lattices. Similar to real Voronoi lattices, these voxelized
Voronoi lattices have a ligament-channel bicontinuous

0.3 0.4 0.5
0.3043 0.4052 0.4899
70 160 250
73.12 167.3 246.8
83.12 176.1 283.6
84.13 177.8 284.1
68.34 163.0 242.0

Figure 7. 3D-CGAN generated Voronoi lattices with different relative densities and Young’s moduli before and after surface
smoothing. The relative densities and Young's moduli were validated through experiments and simulations.
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network. Additionally, the input and output relative den-
sities and Young’s moduli show significant agreement,
further demonstrating that the 3D-CGAN can generate
Voronoi lattices with the target p and E. It should be noted
that a few isolated voxel clusters could be found in some
3D-CGAN-generated Voronoi lattices, which can be
attributed to the transposed convolution layers in the
generator that are provided with random noise as an
input. These isolated voxel clusters can be removed by
filtering the isolated voxels after generation. The 3D-
CGAN is trained in an adversarial feedback loop to gen-
erate realistic geometries, which indicates that the 3D-
CGAN-generated Voronoi lattices appear realistic. As
the 3D-CGAN-generated Voronoi lattices are generated
from random noise, these Voronoi lattices are similar but
distinct from the real geometries and themselves. In addi-
tion, for bone implant application, we smoothed the sur-
face of the generated Voronoi lattices using the non-
uniform rational mesh smooth (NURMS) method
Figure 7).

3.3. Validation via experiments and simulations

We further validated the mechanical properties and
deformation behaviors of the 3D-CGAN generated
Voronoi lattices using uniaxial compression tests.
Figure 8a displays a generated Voronoi lattice after
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surface smoothing, showing a gradual deformation
under a progressive compression strain. This suggests
that some local fractures appeared under compressive
loading (the red circles in Figure 8a). The ligament
crack can be attributed to the local stress concentra-
tion owing to the geometrical irregularity and brittle-
ness of the 3D-printed resin. These local fractures
contribute to the sudden drop in the stress - strain
curve compared to that obtained from the experimen-
tal compressive test (Figure 8b). This result suggests
that the 3D-printed resin is not a suitable material for
applications in scaffolds because of its brittleness,
which is one of the reasons why many bone implants
are fabricated with alloys [29,32,70,71].

However, the aim of using the 3D-printed resin in
this study was to validate the stiffness. Consequently,
the Young’s modulus of each sample was calculated
from the linear elastic region of the stress — strain
curves. The 3D-CGAN generated Voronoi lattices
before and after the NURMS smoothing process
were prepared and evaluated using compression
tests. The calculated Young’s moduli of these samples
are compared in Figure 7. Although a sample becomes
slightly stiffer after surface smoothing (no more than
10%), the Young’s moduli calculated from the linear
elastic regions showed a significant agreement with
the target values, demonstrating the accuracy of the
trained 3D-CGAN (Figure 7b). The results prove that

O nouwmwouwm
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0.10 0.15

Engineering strain, €

Figure 8. Deformation behavior of a 3D-CGAN generated Voronoi lattice. (a) FEM simulation and experimental results of the
Voronoi lattice deforming under increasing compressive strain. (b) Stress—strain curves obtained from FEM simulations and
uniaxial compression tests. The sudden drop in stress during compression corresponds to the local fractures appearing in the 3D-

printed sample.
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the NURMS method can be combined with a CNN to
generate smoothed geometries with target stiffnesses.

The mechanical properties were validated using
FEM simulations. Compared with a 3D-printed sample
consisting of 3 x 3 X 3 unit cells, the geometry in the
FEM simulation had only one unit cell owing to the
application of periodic conditions. Figure 8a shows the
progressively deformed configurations of the smoothed
Voronoi lattice. This demonstrates that the stress is
concentrated in the middle regions of the ligaments,
as well as the contact region of the surfaces. Moreover,
based on a comparison between the experimental and
simulation results, the stress — strain curves in the
linear elastic region showed a significant agreement,
demonstrating that the use of FEM simulations was
a robust approach to predict the stiffness of such archi-
tected materials. Additionally, it is striking to note that
the Young’s moduli obtained from the experimental
and simulation results were close to the target values,
further proving that the trained 3D-CGAN demon-
strates powerful capacity for the inverse design of
Voronoi lattices.

4. Conclusions

Herein, we developed a deep learning framework for
the inverse design of voxelized Voronoi lattices.
A 3D-CGAN neural network was trained using
10,000 randomly created Voronoi lattices and their
labels (relative density and Young’s modulus), based
on supervised learning. The trained 3D-CGAN was
capable of rapidly generating 3D Voronoi lattices
with the desired target relative density and Young’s
modulus. Thus, this study demonstrates the potential
application of Voronoi lattices in tissue engineering,
where artificial scaffolds can be inversely generated
using a given target relative density and Young’s
modulus. We expect the scope of this study to be
extended to the inverse design of architected cellular
materials with other target properties by replacing
the labels - for example, diffusivity, permeability,
and conductivity - for the sake of energy storage
and conservation [33,72,73]. Finally, although we
only focused on a typical geometry (Voronoi lattices)
in this study, the proposed approach has the potential
to combine other geometries created using other
methods, such as triply periodic minimal surfaces,
spinodal architectures, and foams [30,31,64], to
enable the inverse design of architected cellular mate-
rials inside and outside the material property
space [57].

Acknowledgments

The authors acknowledge the experimental assistance
provided by Dr. Sigian Wang.

X. ZHENG et al.

Disclosure statement

No potential conflict of interest was reported by the authors.

Funding

This research was supported by a Grant-in-Aid for JSPS
Fellows DC2 (Grant Number 22J11202) and the Core
Research for Evolutional Science and Technology (CREST)
program “Revolution material development by fusion of
strong experiments with theory/data science” of the Japan
Science and Technology Agency (JST), Japan, under Grant
JPMJCR19]J3.

ORCID
Xiaoyang Zheng (1) http://orcid.org/0000-0003-1452-5855
Ta-Te Chen (1) http://orcid.org/0000-0002-0553-4736

Xiaoyu Jiang
Masanobu Naito
Tkumu Watanabe

http://orcid.org/0000-0001-9693-3152
http://orcid.org/0000-0001-7198-819X
http://orcid.org/0000-0002-7693-1675

References

[1] XiaX, Spadaccini CM, Greer JR. Responsive materials
architected in space and time. Nature Rev Mater.
2022;7(9):683-701.

[2] Schaedler TA, Carter WB. Architected cellular
materials. Annu Rev Mater Res. 2016;46(1):187-210.

[3] Bauer J, Meza LR, Schaedler TA, et al. Nanolattices:
an emerging class of mechanical metamaterials. Adv
Mater. 2017;29(40):1701850. DOI:10.1002/adma.
201701850

[4] Cai P, Wang C, Gao H, et al. Mechanomaterials:
a rational deployment of forces and geometries in
programming functional materials. Adv Mater.
2021;33(46):2007977. DOI:10.1002/adma.202007977

[5] Zhang W, Xu J, Yu T. Dynamic behaviors of
bio-inspired structures: design, mechanisms, and
models. Eng Struct. 2022;265:114490.

[6] Schaedler TA, Jacobsen AJ, Torrents A, et al.
Ultralight metallic microlattices. Science. 2011;334
(6058):962-965. DOI:10.1126/science.1211649

[7] Zheng X, Lee H, Weisgraber TH, et al. Ultralight,
ultrastiff mechanical metamaterials. Science.
2014;344(6190):1373-1377. DOI:10.1126/science.
1252291

[8] Zheng X, Smith W, Jackson J, et al. Multiscale metallic
metamaterials. Nature Mater. 2016;15(10):1100-1106.
DOI:10.1038/nmat4694

[9] Babaee S, Shim J, Weaver JC, et al. 3D soft metama-
terials with negative Poisson’s ratio. Adv Mater.
2013;25(36):5044-5049. DOI:10.1002/adma.
201301986

[10] Zheng X, Guo X, Watanabe I. A mathematically
defined 3D auxetic metamaterial with tunable
mechanical and conduction properties. Materials &
Design. 2021;198:109313.

[11] Zheng X, Chen TT, Guo X, et al. Controllable inverse
design of auxetic metamaterials using deep learning.
Materials & Design. 2021;211:110178.

[12] Haghpanah B, Salari-Sharif L, Pourrajab P, et al.
Multistable shape-reconfigurable architected materials.
Adv Mater. 2016;28(36):7915-7920. DOI:10.1002/
adma.201601650


https://doi.org/10.1002/adma.201701850
https://doi.org/10.1002/adma.201701850
https://doi.org/10.1002/adma.202007977
https://doi.org/10.1126/science.1211649
https://doi.org/10.1126/science.1252291
https://doi.org/10.1126/science.1252291
https://doi.org/10.1038/nmat4694
https://doi.org/10.1002/adma.201301986
https://doi.org/10.1002/adma.201301986
https://doi.org/10.1002/adma.201601650
https://doi.org/10.1002/adma.201601650

Sci. Technol. Adv. Mater. 24 (2023) 122

(13]

(14]

(15]

(16]

(17]

(18]

(19]

(20]

(21]

(22]

(23]

(24]

(25]

(26]

(27]

(28]

(29]

Xia X, Afshar A, Yang H, et al. Electrochemically
reconfigurable architected materials. Nature.
2019;573(7773):205-213. DOI:10.1038/s41586-019-
1538-z

Mueller J, Lewis JA, Bertoldi K. Architected multi-
material lattices with thermally programmable
mechanical response. Adv Funct Mater. 2022;32
(1):2105128.

Wang Y, Li L, Hofmann D, et al. Structured fabrics
with tunable mechanical properties. Nature. 2021;596
(7871):238-243. DOI:10.1038/s41586-021-03698-7
Bertoldi K, Vitelli V, Christensen J, et al. Flexible
mechanical metamaterials. Nature Rev Mater. 2017;2
(11):1-11. DOI:10.1038/natrevmats.2017.66

Zheng X, Uto K, Hu WH, et al. Reprogrammable
flexible mechanical metamaterials. Appl Mater
Today. 2022;29:101662.

Skylar-Scott MA, Mueller ], Visser CW, et al. Voxelated
soft matter via multimaterial multinozzle 3D printing.
Nature. 2019;575(7782):330-335. DOI:10.1038/541586-
019-1736-8

Loke G, Yuan R, Rein M, et al. Structured multima-
terial filaments for 3D printing of optoelectronics.
Nat Commun. 2019;10(1):1-10. DOI:10.1038/
541467-019-11986-0

Yang C, Boorugu M, Dopp A, et al. 4D printing
reconfigurable, deployable and mechanically tun-
able metamaterials. Mater Horizons. 2019;6
(6):1244-1250. DOI:10.1039/C9IMHO00302A

Ge Q, Sakhaei AH, Lee H, et al. Multimaterial 4D
printing with tailorable shape memory polymers. Sci
Rep. 2016;6(1):1-11. DOI:10.1038/srep31110

Zhang B, Li H, Cheng J, et al. Mechanically robust
and UV-curable shape-memory polymers for digital
light processing based 4D printing. Adv Mater.
2021;33(27):2101298. DOI1:10.1002/adma.202101298
Wu S, Hamel CM, Ze Q, et al. Evolutionary
algorithm-guided voxel-encoding printing of func-
tional hard-magnetic soft active materials. Advanced
Intelligent Systems. 2020;2(8):2000060. DOI:10.1002/
aisy.202000060

Xu T, Zhang ], Salehizadeh M, et al. Millimeter-scale
flexible robots with programmable three-dimensional
magnetization and motions. Sci Rob. 2019;4(29):
eaav4494. DOI:10.1126/scirobotics.aav4494

Lee H, Jang Y, Choe JK, et al. 3D-printed program-
mable tensegrity for soft robotics. Sci Rob. 2020;5(45):
eaay9024. DOI:10.1126/scirobotics.aay9024
Goswami D, Liu S, Pal A, et al. 3D-architected soft
machines with topologically encoded motion. Adv
Funct Mater. 2019;29(24):1808713. DOI:10.1002/
adfm.201808713

Jiang Y, Liu Z, Matsuhisa N, et al. Auxetic mechanical
metamaterials to enhance sensitivity of stretchable
strain sensors. Adv Mater. 2018;30(12):1706589.
DOI:10.1002/adma.201706589

Wu C, Wang H, Kim T, et al. Tailoring auxetic
mechanical metamaterials to achieve patterned wire
strain sensors with controllable high sensitivity.
Chem Eng J. 2022;442:136317.

Kolken HM, Janbaz S, Leeflang SM, et al. Rationally
designed meta-implants: a combination of auxetic and
conventional meta-biomaterials. Mater Horizons.
2018;5(1):28-35. DOI:10.1039/C7MH00699C

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

(38]

(39]

(40]

(41]

(42]

(43]

(44]

(45]

(46]

(47]

(48]

X. ZHENG et al.

Daskalakis E, Huang B, Vyas C, et al. Bone bricks: the
effect of architecture and material composition on the
mechanical and biological performance of bone
scaffolds. ACS Omega. 2022;7(9):7515-7530. DOI:10.
1021/acsomega.1c05437

Senhora FV, Sanders ED, Paulino GH. Optimally-
tailored spinodal architected materials for multiscale
design and manufacturing. Adv Mater. 2022;34
(26):2109304.

Hsieh MT, Begley MR, Valdevit L. Architected
implant designs for long bones: advantages of mini-
mal surface-based topologies. Materials & Design.
2021;207:109838.

Egorov V, O’Dwyer C. Architected porous metals in
electrochemical energy storage. Curr Opin
Electrochem. 2020;21:201-208.

Pikul JH, Long JW. Architected materials for
advanced electrochemical systems. MRS Bull.
2019;44(10):789-795.

Coulais C, Sounas D, Alu A. Static non-reciprocity
in mechanical metamaterials. Nature. 2017;542
(7642):461-464.

Frenzel T, Kadic M, Wegener M. Three-dimensional
mechanical metamaterials with a twist. Science.
2017;358(6366):1072-1074.

Berger J, Wadley H, McMeeking R. Mechanical meta-
materials at the theoretical limit of isotropic elastic
stiffness. Nature. 2017;543(7646):533-537.

Osanov M, Guest JK. Topology optimization for
architected materials design. Annu Rev Mater Res.
2016;46(1):211-233.

Wang F. Systematic design of 3D auxetic lattice mate-
rials with programmable Poisson’s ratio for finite
strains. ] Mech Phys Solids. 2018;114:303-318.

Echeverria Molina MI, Malollari KG, Komvopoulos K.
Design challenges in polymeric scaffolds for tissue
engineering. Front Bioeng Biotechnol. 2021;9:231.
Kumar S, Tan S, Zheng L, et al. Inverse-designed
spinodoid metamaterials. NP] Comput Mater.
2020;6(1):1-10. DOI:10.1038/s41524-020-0341-6
Coli GM, Boattini E, Filion L, et al. Inverse design of
soft materials via a deep learning-based evolutionary
strategy. Sci adv. 2022;8(3):eabj6731. DOI:10.1126/
sciadv.abj6731

Bastek JH, Kumar S, Telgen B, et al. Inverting the
structure-property map of truss metamaterials by
deep learning. Proceedings of the National Academy
of Sciences. 2022;119(1):e2111505119.

Hiraide K, Hirayama K, Endo K, et al. Application of
deep learning to inverse design of phase separation
structure in polymer alloy. Comput Mater Sci.
2021;190:110278.

Ma C, Zhang Z, Luce B, et al. Accelerated design and
characterization of non-uniform cellular materials via
a machine-learning based framework. NP] Comput
Mater. 2020;6(1):1-8. DOI:10.1038/s41524-020-0309-6
Mao Y, He Q, Zhao X. Designing complex architec-
tured materials with generative adversarial networks.
Sci adv. 2020;6(17):eaaz4169.

Kollmann HT, Abueidda DW, Koric S, et al. Deep
learning for topology optimization of 2D metamaterials.
Materials & Design. 2020;196:109098.
Karathanasopoulos N, Rodopoulos DC. Enhanced cel-
lular materials through multiscale, variable-section


https://doi.org/10.1038/s41586-019-1538-z
https://doi.org/10.1038/s41586-019-1538-z
https://doi.org/10.1038/s41586-021-03698-7
https://doi.org/10.1038/natrevmats.2017.66
https://doi.org/10.1038/s41586-019-1736-8
https://doi.org/10.1038/s41586-019-1736-8
https://doi.org/10.1038/s41467-019-11986-0
https://doi.org/10.1038/s41467-019-11986-0
https://doi.org/10.1039/C9MH00302A
https://doi.org/10.1038/srep31110
https://doi.org/10.1002/adma.202101298
https://doi.org/10.1002/aisy.202000060
https://doi.org/10.1002/aisy.202000060
https://doi.org/10.1126/scirobotics.aav4494
https://doi.org/10.1126/scirobotics.aay9024
https://doi.org/10.1002/adfm.201808713
https://doi.org/10.1002/adfm.201808713
https://doi.org/10.1002/adma.201706589
https://doi.org/10.1039/C7MH00699C
https://doi.org/10.1021/acsomega.1c05437
https://doi.org/10.1021/acsomega.1c05437
https://doi.org/10.1038/s41524-020-0341-6
https://doi.org/10.1126/sciadv.abj6731
https://doi.org/10.1126/sciadv.abj6731
https://doi.org/10.1038/s41524-020-0309-6

Sci. Technol. Adv. Mater. 24 (2023) 123

[49]

(50]

(51]

(52]

(53]

(54]

(55]

[56]

(571

(58]

(59]

[60]

[61]

inner designs: mechanical attributes and neural net-
work modeling. Materials. 2022;15(10):3581.

Sheikh HM, Meier T, Blankenship B, et al. Systematic
design of Cauchy symmetric structures through baye-
sian optimization. Int ] Mech Sci. 2022;236:107741.
Dos Reis F, Karathanasopoulos N. Inverse metama-
terial design combining genetic algorithms with
asymptotic homogenization schemes. Int J Solids
Struct. 2022;250:111702.

Mitchell TJ. An algorithm for the construction of
“d-optimal” experimental designs. Technometrics.
2000;42(1):48-54.

Zheng X, Fu Z, Du K, et al. Minimal surface designs for
porous materials: from microstructures to mechanical
properties. J Mater Sci. 2018;53(14):10194-10208.
DOI:10.1007/s10853-018-2285-5

Hart KA, Rimoli JJ. Generation of statistically
representative microstructures with direct grain
geometry control. Comput Methods Appl Mech
Eng. 2020;370:113242.

Dong G, Tang Y, Zhao YF. A 149 line homogeniza-
tion code for three-dimensional cellular materials
written in MATLAB. ] Eng Mater Technol. 2019;141
(1). DOL:10.1115/1.4040555

Andreassen E, Andreasen CS. How to determine
composite material properties using numerical
homogenization. Comput Mater Sci. 2014;83:488-
495.

Said B, Salah M, Kanit T, et al. On the homogeniza-
tion of 2D porous material with determination
of RVE. International Journal of Mechanical and
Mechatronics Engineering. 2016;16(1):81-86.
Gibson L], Ashby MF. Cellular solids: Structure and
properties. 2nd ed. Cambridge (UK): Cambridge
University Press, Cambridge Solid State Science
Series; 1997. DOI:10.1017/CB0O9781139878326
Watanabe I, Setoyama D, Nagasako N, et al.
Multiscale prediction of mechanical behavior of fer-
rite—pearlite steel with numerical material testing.
Int ] Numer Method Biomed Eng. 2012;89
(7):829-845. DOI:10.1002/nme.3264

Wang L, Chan YC, Ahmed F, et al. Deep generative
modeling for mechanistic-based learning and design
of metamaterial systems. Comput Methods Appl
Mech Eng. 2020;372:113377.

Wang Z, Xian W, Baccouche MR, et al. Design of
phononic bandgap metamaterials based on gaussian
mixture beta variational autoencoder and iterative
model updating. ] Mech Des. 2022;144(4):041705.
DOI:10.1115/1.4053814

Wu J, Zhang C, Xue T, et al. Learning a
probabilistic latent space of object shapes via 3D

(62]

(63]

(64]

(65]

[66]

(67]

(68]

(69]

(70]

(71]

(72]

(73]

(74]

(75]

X. ZHENG et al.

generative-adversarial modeling. Adv Neural Inf
Process Syst. 2016;29:82-90.

Goodfellow I, Pouget-Abadie J, Mirza M, et al.
Generative adversarial networks. Commun ACM.
2020;63(11):139-144. DOI:10.1145/3422622

Lee M, Seok J. Controllable generative adversarial
network. IEEE Access. 2019;7:28158-28169.

Milletari F, Navab N, Ahmadi SA. V-net: fully convo-
lutional neural networks for volumetric medical image
segmentation. In: 2016 fourth international conference
on 3D vision (3DV), Stanford, California, United
States. IEEE; 2016. p. 565-571.

Zguris Z. How mechanical properties of stereolitho-
graphy 3D prints are affected by UV curing. Formlabs
White Paper. 2016. p. 1-11.

Watanabe I, Yamanaka A. Voxel coarsening
approach on image-based finite element modeling of
representative volume element. Int ] Mech Sci.
2019;150:314-321.

Ypsilantis KI, Kazakis G, Lagaros ND. An efficient 3d
homogenization- based topology optimization metho-
dology. Computational Mechanics. 2021;67(2):481-496.
Clausen A, Wang F, Jensen JS, et al. Topology opti-
mized architectures with programmable poisson’s
ratio over large deformations. Adv Mater. 2015;27
(37):5523-5527. DOI:10.1002/adma.201502485
Watanabe I, Nakamura G, Yuge K, et al. Maximization
of strengthening effect of microscopic morphology
in duplex steels. Cham: Springer International
Publishing; 2015. Chapter 24; p. 541-555.

Koons GL, Diba M, Mikos AG. Materials design for
bone-tissue engineering. Nature Rev Mater. 2020;5
(8):584-603.

Mitra I, Bose S, Dernell WS, et al. 3D printing in alloy
design to improve biocompatibility in metallic
implants. Mater Today. 2021;45:20-34.

Zheng X, Guo X, Yang Y, et al. Structure-dependent
analysis of nanoporous metals: clues from mechan-
ical, conduction, and flow properties. ] Phys Chem C.
2018;122(29):16803-16809. DOI:10.1021/acs.jpcc.
8b04062

Werner J, Rodrguez-Calero G, Abrufia H, et al. Block
copolymer derived 3D interpenetrating multifunc-
tional gyroidal nanohybrids for electrical energy
storage. Energy & Environmental Science. 2018;11
(5):1261-1270. DOI:10.1039/C7EE03571C
Warde-Farley D, Goodfellow 1. 11 adversarial pertur-
bations of deep neural networks. Perturbations,
Optimization, and Statistics. 2016;311:5.

Salimans T, Goodfellow I, Zaremba W, et al.
Improved techniques for training gans. Adv Neural
Inf Process Syst. 2016;29:2234-2242.


https://doi.org/10.1007/s10853-018-2285-5
https://doi.org/10.1115/1.4040555
https://doi.org/10.1017/CBO9781139878326
https://doi.org/10.1002/nme.3264
https://doi.org/10.1115/1.4053814
https://doi.org/10.1145/3422622
https://doi.org/10.1002/adma.201502485
https://doi.org/10.1021/acs.jpcc.8b04062
https://doi.org/10.1021/acs.jpcc.8b04062
https://doi.org/10.1039/C7EE03571C

Sci. Technol. Adv. Mater. 24 (2023) 124

Appendix A. Details of 3D-CGAN

A 3D-CGAN is a framework used for the controllable gen-
eration of Voronoi lattices using adversarial process estima-
tion. Three modules of deep neural networks (i.e.,
a generator, discriminator, and calculator) constitute the
3D-CGAN, and these modules are trained for different
purpose. The generator generates 3D arrays of Voronoi
lattices with target labels (relative density and Young’s mod-
ulus) from the latent space. It learns to deceive the discri-
minator and calculator simultaneously by generating
geometries that look real and possess the desired target
properties. The discriminator evaluates whether its input
(a 3D array of a geometry) is generated by the generator
or sampled from the “real” data. The calculator serves as an
FEM simulator and predicts the relative density and
Young’s modulus of a given input (3D array of geometries).
The training process of the 3D-CGAN can be regarded as
constituting three players in a minimax game, and the
objective can be stated as follows:

6p = argmin{Lp(tp, D(X; 6p))
6p (A1)
+ Lp(up,D(G(Z,L;05);0p))}
O = argmax{Lp(up, D(G(Z,L;05); 0p))
06 (A2)
— Och(L7 C(G(Z7 L'7 GG); 0(;))}

Oc = arg max{Ls(L, S(X; 6¢c))}

Oc

(A3)

where D, G, and C refer to the discriminator, generator, and
calculator, respectively; L denotes the loss functions (binary
cross-entropy function) of the three modules; and tp and up
denote the target labels. To mitigate the overconfidence of
the 3D-CGAN, we penalized the discriminator and genera-
tor using label smoothing. This was accomplished by setting
our target labels as random numbers: tp € [0.7,1.2] and
up €[0,0.3] [74, 75]. X € R™? denotes the training set

Table A1. Neural network structure of the generator.

X. ZHENG et al.

(3D arrays of voxelized Voronoi lattices) and was
sampled randomly from the dataset with a batch size of
32. Here, 0 denotes the sets of parameters of the three
modules, L € R"* denotes the labels of the input training
set, X (i.e., normalized relative densities and Young’s
moduli), Z € R™ denotes the one-dimensional latent
variable with a size of 128, and « is a learning parameter
and was set to 0.1.

Adam optimization was implemented in the training
process to optimize the parameters in the 3D-CGAN. The
learning rates of the Adam optimizer were set to & = 0.0001
and f3; = 0.5. The Wasserstein distance was used to improve
the quality of the generated samples. The gradient penalty
regularized the discriminator in the 3D-CGAN to assist the
convergence, and its parameter was set to 100. The batch
size for training was set to 32, and the epoch for training was
set to 200. A dataset consisting of 10,000 datapoints was
used to train the 3D-CGAN. The details of the three neural
network structures are listed in Tables A1-A3. Thus, the
generator consists of a fully connected layer, batch normal-
ization, dropout, and a 3D transposed convolutional layer,
and it uses activation functions including Leaky ReLU and
tanh; the discriminator consists of a fully connected layer,
dropout, and 3D convolutional layer and uses activation
functions including Leaky ReLU and tanh; the calculator
consists of six 3D convolution blocks with a 3D max pooling
layer in each of them, and it finally consists of three fully
connected layers. As the Voronoi lattices are triply periodic,
we applied circular padding in the convolutional layers for
both the up and down sampling processes.

The training process of the 3D-CGAN was conducted
using TensorFlow on a single NVIDIA RTX A6000 graphic
card on Linux system. The calculator was first trained using
supervised learning, and its weights were used to train the
discriminator and generator. The calculator was a linear
regression model that used a 3D array of Voronoi lattices
as an input and yielded the predicted relative densities and
Young’s moduli as outputs. To investigate the effect of the
number of datapoints on the performance of the calculator,

Neural network types Kernel size  Resampling Input array shape Output array shape
Concatenate(Z, L) - - 128 +2 130
Dense + BatchNormalization + Reshape - - 130 2X2x2X%X512
3D transposed convolution + BatchNormalization + Leaky ReLU + Dropout (0.3) 4x4 Up 2X2x2X%X512 4x4x4x%x256
3D transposed convolution + BatchNormalization + Leaky ReLU + Dropout (0.3) 4x4 Up 4Xx4x4x%x256 8x8x8x128
3D transposed convolution + BatchNormalization + Leaky ReLU + Dropout (0.3) 4x4 Up 8Xx8x8x%x128 16X 16 X 16 X 64
3D transposed convolution + BatchNormalization + Leaky ReLU + Dropout (0.3) 4x4 Up 16X 16X 16Xx64  32Xx32x32%x32
3D transposed convolution 4x4 Up 32%x32x32x%x32 64X 64X 64X%1
Sigmoid - - 64 x 64 x64x1 64 x64x64x1
Table A2. Neural network structure of the discriminator.
Neural network types Kernel size Resampling Input array shape Output array shape
Conv3D + LeakyReLU + Dropout (0.3) 4x4 Down 64 % 64x64x1 32x32x32x16
Conv3D + LeakyReLU + Dropout (0.3) 4x4 Down 32x32x32x%x16 16X 16 X 16 X 32
Conv3D + LeakyReLU + Dropout (0.3) 4x4 Down 16X 16 X 16 X 32 8x8x8x64
Conv3D + LeakyReLU + Dropout (0.3) 4x4 Down 8x8x8x64 4x4x4%x128
Conv3D + LeakyReLU + Dropout (0.3) 4x4 Down 4x4x4x128 2X2%x2x%x256
Conv3D + LeakyReLU + Dropout (0.3) 4x4 Down 2X2X2x256 1X1x1x512
Flatten - - 1x1x1x512 512
Dense - - 512 1
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Table A3. Neural network structure of the calculator.
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Neural network types Kernel/pool size Resampling Input array shape Output array shape
Unit 1 Conv3D 3x3 - 64 X 64 X 64 X 1 64 X 64 X 64X 16
Conv3D 3x3 - 64 X 64X 64X 16 64 X 64X 64X 16
3D max pooling 2x2 Down 64 X 64 X 64X 16 32x32x32x%x16
Unit 2 Conv3D 3x3 - 32x32x32x16 32x32x32x%32
Conv3D 3x3 - 32X32x32x%x32 32Xx32x32%32
3D max pooling 2%x2 Down 32X 32x32x32 16X 16X 16 x 32
Unit 3 Conv3D 3x3 - 16 X 16 X 16 X 32 16X 16 X 16 X 64
Conv3D 3x3 - 16 X 16 X 16 X 64 16 X 16 X 16 X 64
3D max pooling 2x2 Down 16X 16 X 16 X 64 8x8x8x64
Unit 4 Conv3D 3x3 - 8 X 8x8x64 8x8x8x128
Conv3D 3x3 - 8Xx8x8x%x128 8x8x8x128
3D max pooling 2%x2 Down 8x8x8x128 4x4x4x128
Unit 5 Conv3D 3x3 - 4x4x4x128 4x4x4x256
Conv3D 3x3 - 4Xx4x4x%x256 4x4x4x256
3D max pooling 2x2 Down 4Xx4x4x%x256 2X2X2x256
Unit 6 Conv3D 3x3 - 2X2x%x2x%x256 2%x2x%x2x%x512
Conv3D 3x3 - 2X2x%x2x512 2X2%x2x512
3D max pooling 2x2 Down 2X2x2x%x512 1X1x1x512
Flatten + Dense - - 1TX1x1x512 256
Dense 256 128
Dense - - 128 2
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Figure A1. Performance of the calculator. (a) MSE versus training epoch using different numbers of datapoints. (b) Reference
against calculator-predicted relative density and Young’s modulus.

we trained the calculator using different datasets. For each
training dataset, 80% of the datapoints were used as the
training set, and 20% of the datapoints were used as the
testing set. It required approximately 10 h to train 200
epochs using a dataset consisting of 10,000 datapoints.
Figure Ala compares the MSE of the testing set for different
numbers of datapoints. It should be noted that it can be
difficult for the calculator to converge if the datapoints are
less than 1000. However, with an increase in the number of
datapoints, the calculator converged, and the MSE
decreased, indicating that an increasing number of data-
points was beneficial for the training. The MSE converged
to near 0.0001, though it is hard to reduce it further, even
bigger datapoints were utilized.

To save training time and resources, we selected 10,000
datapoints for the training process. A more quantitative
evaluation of the calculator is shown in Figure Alb, wherein
the reference and predicted values are compared in terms of
the relative densities and Young’s moduli. The comparison
between calculator-predicted and reference values showed
an excellent agreement, proving the accuracy of the trained
calculator. The well-trained calculator was saved as check-
points and imported when training the generator and dis-
criminator. Training the generator and discriminator was
more time consuming, and it cost approximately 32 h to
train 10,000 datapoints for 200 epochs. After the three
modules were trained, the 3D-CGAN was used for the
inverse design of voxelized Voronoi lattices.
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