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ABSTRACT: Metamaterials are artificially structured materials with unusual
properties, such as negative Poisson’s ratio, acoustic band gap, and energy absorption.
However, metamaterials made of conventional materials lack tunability after
fabrication. Thus, active metamaterials using magneto-mechanical actuation for
untethered, fast, and reversible shape configurations are developed to tune the
mechanical response and property of metamaterials. Although the magneto-
mechanical metamaterials have shown promising capabilities in tunable mechanical
stiffness, acoustic band gaps, and electromagnetic behaviors, the existing
demonstrations rely on the forward design methods based on experience or
simulations, by which the metamaterial properties are revealed only after the design.
Considering the massive design space due to the material and structural
programmability, a robust inverse design strategy is desired to create the magneto-
mechanical metamaterials with preferred tunable properties. In this work, we develop
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an inverse design framework where a deep residual network replaces the conventional finite-element analysis for acceleration,
realizing metamaterials with predetermined global strains under magnetic actuations. For validation, a direct-ink-writing printing
method of the magnetic soft materials is adopted to fabricate the designed complex metamaterials. The deep learning-accelerated
design framework opens avenues for the designs of magneto-mechanical metamaterials and other active metamaterials with target

mechanical, acoustic, thermal, and electromagnetic properties.
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Bl INTRODUCTION

Metamaterials are artificially structured materials with carefully
designed geometries, demonstrating unusual behaviors and
properties, such as negative Poisson’s ratio,"”” acoustic band
gap,” energy absorption,” and electromagnetic wave manip-
ulation.”” Although mechanical metamaterials possess promis-
ing potentials, their property is encoded and unchangeable once
the material is fabricated. Since metamaterial properties are
mainly determined by their geometries, a direct way to enhance
the tunability of the properties is to induce shape reconfiguration
through deformation, such as buckling, by external mechanical
loads.””™"" Therefore, soft active materials are explored to
construct active metamaterials as they are capable of providing
large deformation upon external stimuli, including heat,"*~"*
light,ls’lé and magnetic fields,""'® enabling contactless and
advanced control.

Among varieties of soft active materials, the magnetic soft
materials (MSMs) composed of soft polymer matrices and
embedded hard-magnetic particles show a strong potential in
applications including morphing devices,"” soft robotics,”"*"
biomedical devices,”**® and active metamaterials,”*~* thanks to
their abilities to generate untethered, fast, and reversible shape
configurations. When actuated by external magnetic fields, the
magnetic particles exert micro-torques on the soft matrix to align
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the composite magnetization with the direction of the external
field, resulting in complex shape changes. A theoretical model
and corresponding finite-element (FE) model were developed
to better understand and predict the mechanical behaviors of
MSMs,”” and a direct-ink-writing (DIW) technique is developed
for the 3D printing of MSMs with sophisticated geometry and
magnetization distribution (M-distribution),”* as shown in
Figure la. A printing magnetic field reorients the polarities of the
magnetic particles in the magnetized ink to the longitudinal
direction of the nozzle, endowing the printed filament with a
magnetization direction (M-direction) along the printing
direction. Based on the DIW and FE techniques for MSMs,
more complex magneto-mechanical metamaterials can be
developed, enabling more advanced control of shape trans-
formation for tunable properties.”® However, the magneto-
mechanical metamaterials still significantly rely on the forward
design method based on experience or FE analysis (FEA), by
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Figure 1. Programmable 3D printing and large design space of the magneto-mechanical metamaterials. (a) Schematics of the DIW of MSMs. (b)
Schematics of the possible M-direction and M-magnitude for each segment. (c) M-distribution example of a unit cell. The yellow dots indicate the
points determining the unit cell boundaries. (d) Deformation, global strains, and Poisson’s ratio of the unit cell in (c) under changing magnetic field
direction and intensity. (e) Definition of positive M-directions for each segment. (f) Numerical representation of the M-distribution using an 8-by-8
matrix, in which the blue area is under the operation of a 3 X 3 convolution kernel. (g) Unit cell geometry where the blue segments are under the

operation of the 3 X 3 convolution kernel used in (f).

which the metamaterial properties are evaluated and revealed
only after the design. Such methods become incompetent when
the design targets are quantitatively specified, and the design
space is large.

In this research, the goal is the on-demand design of magneto-
mechanical metamaterials with target properties. To enhance
the programmability of 3D-printed MSMs and extend the design
space for the magneto-mechanical metamaterials, a voxel-
encoding strategy’ is adopted to obtain programmable
magnetizations with different M-directions and M-magnitudes
by tunning the arrangement of the printed filaments, which is
schematically depicted in Figure 1b. In this way, one segment
(highlighted by the red dash line box in Figure la) formed by
eight layers of stacked filaments can achieve nine different
effective magnetizations by simply altering the M-direction of
the filaments. For a segment where the M-directions of all the
eight filaments are toward the same direction, its effective

magnetization magnitude is defined as +100% M. Then, by
flipping the M-direction of one to eight filaments, we can obtain
nine effective magnetization magnitudes from +100% M to
—100% M with a uniform interval of 25% M. The more layers of
filaments, the smaller the interval, and the finer the
programmability will be.

Figure 1lc shows the in-plane geometry of a magneto-
mechanical metamaterial unit cell with an M-distribution
example. Such unit cell geometry is composed of four chiral
subunits with two orthogonal mirror symmetry axes. For each
chiral subunit, a wide range of mechanical behavior including
expansion, contraction, and rotation are allowed. Additionally,
the structural mirror symmetry can effectively eliminate the
global rigid-body rotation that is potentially induced by the
deformation of the chiral subunit. There are 32 magnetic
segments in one unit cell with only 16 of them being
independent due to the y-axis mirror symmetry. The actuation
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Figure 2. ResNet architecture and DABC-ResNet flowchart. (a) ResNet architecture. (b) DABC-ResNet flowchart.

magnetic field is always along the y-axis to eliminate the rigid-
body rotation. The unit cell size is 32 mm X 32 mm, and the
thickness and height of each magnetic segment are 0.57 and 3.0
mum, respectively, determined by the printing parameters used in
the DIW system. The magnetization of each segment in the unit
cell can have one of the nine combinations, as shown in Figure
1b, resulting in 9'° ~ 1.85 X 10" possible M-distributions of the
unit cell. To concisely characterize the deformation of the
periodic unit cell under magnetic actuation, we choose the
global strains €, and &, calculated as &, = (x — x,) /%o and €, = (y
— %0)/yo where xy, y,, and x, y are the side lengths of the
undeformed and the deformed unit cell. Four strains are
obtained when an upward and a downward magnetic field with
the same magnitude are applied. Although varying the
magnitude of magnetic fields easily changes the deformation
intensity of the metamaterial (Figure 1d), it cannot maintain the
same Poison’s ratio, making the global strain evolution in both
directions nonlinear and highly unpredictable. Therefore, in this
work, we focus on exploring the design space mainly contributed
from the M-distribution, which provides determinacy for
controllable strains.

Now the inverse design problem can be stated as finding the
optimal M-distributions by which the unit cell deforms to
specific strains under certain external magnetic fields. Thanks to
the advances in computational methods and devices, deep
learning has provided a new methodology in the research of
metamaterials to either effectively predict certain properties of
the metamaterials’ % or to generate the metamaterial
configurations satisfying target properties.”> >” In this case,
directly solving the design problem by deep learning leads to a
multi-task and multi-class classification problem with 16 tasks of
nine-class classification, which is tricky to handle. Our inverse
design problem prefers an optimization method, which should
possess a strong global search ability considering the vast
number of possible M-distributions. Here, a discrete artificial
bee colony (DABC) algorithm is employed to find the optimal

M-distribution for the target strains, in which a deep residual
network (ResNet) is trained to replace the time-consuming FEA
to accelerate the optimization process. In this paper, Section 2
illustrates computational methods in detail. Section 3 demon-
strates the ability and accuracy of the proposed design method
through simulations and experiments. The joint force of deep
learning and nature-inspired optimization enables the efficient
and effective inverse design of magneto-mechanical metamate-
rials and paves the road for other active metamaterials with
target mechanical, acoustic, thermal, and electromagnetic
properties.

B DESIGN FRAMEWORKS AND ALGORITHMS

Data Set Preparation. Data set preparation is one of the
most time-consuming yet fundamental procedures for deep
learning. The data type and quantity determine the selection of
deep learning methods, and the data distribution and quality
influence the performance of the trained deep learning model. In
this paper, the data set is generated using the FE software
ABAQUS with a user-defined element subroutine.”” In this
paper, periodic boundary conditions are applied to precisely
predict the mechanical behavior of a large array. In the deep
learning process, the magnetization of each segment in the unit
cell should be numerically represented as the input. Therefore,
the nine magnetization types, as shown in Figure 1b, are
transformed to +1, +0.75, +0.5, +0.25, and 0 accordingly, in
which the positive/negative signs indicate two opposite effective
M-directions of the segment magnetization. The positive M-
directions for each segment are defined in Figure Ie.

The deformation and behavior of the unit cell are determined
by the magnetization of each segment and the interaction
between the connected segments. Thus, it is beneficial to have a
deep learning model that captures the interaction. A suitable
option is the model based on convolutional neural networks,
which endows stronger connections to the closer elements in a
matrix-type input. To accurately reflect both the magnetization
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Figure 3. Model validation and performance of the ResNet. (a) Effect of batch numbers on MSE convergence evaluated on validation sets. (b) Effect of
batch numbers on MSE and MAPE evaluated on test sets using averaged results. (c) Comparisons between predicted strains and reference strains. (d)
Comparisons between averaged predicted strains and reference strains. (e) Comparison between the normalized error distributions before and after
the average operation. (f) Effect of training ratios on MSE and MAPE evaluated on the sets.

of each segment and the actual interaction between the
segments, the 32 magnetization values are arranged into an 8
X 8 matrix, as shown in Figure 1f, in which zero means no
segment. The 3 X 3 area shaded in blue at the upper-right corner
of the matrix represents a typical example of 3 X 3 convolution
kernels applied to the matrix, and the corresponding segments
are highlighted in Figure 1g.

Rearranging the orders and/or reversing the signs of the
magnetization values in an M-distribution in certain ways results
in another seven new M-distributions with the same strain values
as the original M-distribution, as shown in Figure S1, which is
used for data augmentation (see details in the Data Set
Augmentation section of the Supporting Information). In this
paper, we randomly generate 10,000 horizontally symmetric M-
distributions and perform FEA to obtain metamaterial global
strains, and the total number of M-distributions with known
global strains in the data set reaches 10,000 X 8 = 80,000 after
data augmentation.

ResNet. When using convolutional neural networks for the
matrix-form inputs like our problem, it is common to add more
convolutional layers to extract more information, but the

performance can be degraded on both the training set and the
validation set when adding extra layers to a feasible deep
network.*” The ResNet is proposed to solve this problem by
introducing the identical mapping, which adds skip connections
to allow the information to propagate between the shallow layer
and the deeper layer."'

Figure 2a illustrates the architecture of the ResNet used in this
paper. Major components include the convolutional (Conv)
layer, batch normalization (BN) layer, and hyperbolic tangent
activation function (tanh). The “3 X 3” is the size of the
convolution kernel, and the following number indicates the
number of channels. Each residual block, indicated by red dash
boxes, is formed by two stacked BN-tanh-Conv blocks and a skip
connection depicted by the black dash lines. The “X#” on the
right side of each residual block represents that the block is
repeated for # times. For all the repeated blocks with the same
number of channels, the strides of all the Conv layers are equal to
one except for the last Conv layer which has a stride of two,
which halves the input matrix size and increases the
representativeness of the extracted information. Meanwhile,
the channel number in each residual block is doubled to
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strengthen the extraction of the information from the previous
block. The total number of convolutional layers in this model is
28. Note that the “same” padding is applied to all convolutional
operations. Finally, to convert the captured features to strain
values, a fully connected (FC) layer with a sigmoid activation
function is added after the last residual block. Thanks to the
identity mapping, it is usually not necessary to fine-tune the
number of residual blocks. This model has 5,570,372 parameters
in total, 5,559,748 of which are trainable.

DABC Algorithm. Considering the extensive design space of
the magneto-mechanical metamaterials, a competent optimiza-
tion method must possess outstanding global searchability,
which excludes most gradient-based optimization methods since
they can only guarantee local convergence. Typical gradient-free
optimization methods such as annealing algorithms**** and
evolutionary/genetic algorithms**~*® have been successfully
applied in metamaterial designs. In this paper, an DABC
algorithm®’~* is applied to fulfill the design tasks of magneto-
mechanical metamaterials considering the discrete nature of the
magnetization representation. Another virtue of DABC is the
simplicity in parameter settings, which only requires four
parameters, viz., the population number N,, the maximum
iteration number N, the cycle limit for each solution Ny, and
the mutation rate r,,,. In this paper, the parameters are set as N, =
200, N4 = 300, Ny, = 100, and r,;, = 0.3. DABC has three major
phases, viz., the employed bee phase, the onlooker bee phase,
and the scout bee phase, as shown by the flowchart in Figure 2b.
The population with a size of N, is formed by N,,/2 employed
bees and Np/ 2 onlooker bees. Before the optimization starts, N,
initial solutions of the M-distribution are randomly generated
and evaluated, and the best half of the initial solutions (evaluated
by eq Sle in the Supporting Information) are kept for the major
phases (employed bee, the onlooker bee, and the scout bee).
Note that all the magnetization evaluations in DABC are carried
out using a trained ResNet to accelerate the optimization
process. Detailed explanations and formulas can be found in the
Supporting Information.

B RESULTS AND DISCUSSION

ResNet Hyperparameter Determination and Predic-
tion Accuracy In this paper, the ResNet is constructed using
Tensorflow,*° trained by a stochastic gradient descent optimizer
called Adam®' with a learning rate of 0.001. The data set of
80,000 data from FEA is divided into three sets for training,
validation, and test with a ratio of 8:1:1. Each training process
takes 200 epochs. Because the different ranges of the four strains
can cause training difficulty, each of the four strains is scaled to
the range of [0.2, 0.8]. The loss function is defined as the mean
squared error (MSE) between reference strains and predicted
strains

MSE = L
4N ¢

||Mz

4
Z (Mz) - éi,(Mp W; b)]2 ( )
j=1 1

where N is the number of data points in the test set, ¢; is the jth
reference strain value of the ith M-distribution M; in the test set,
and &; is the jth predicted strain value of M; with the trained
weights W and biases b. Meanwhile, the mean absolute
percentage error (MAPE) is used as a more intuitional metric
to evaluate the network performance

N A
1 g;,(M;) — &(M;, W, b)
MAPE = — X 100%

4N§ ) (M) ’

i=1 j=1
)

Note that MAPE only applies to the strains transferred to the
range of [0.2, 0.8] because the original strains can have zeros
values.

With the ResNet architecture, we train the network with a
mini-batching strategy to overcome the local minima and boost
the convergence rate.”” We tested five different batch sizes
increasing from 32 to 512 at a ratio of 2 for five times
independently, and the data set is randomly shuffled each time.
Figure 3a shows the average convergence plots of the validation
loss evaluated by MSE, and the optimal batch size is 128. The
computational device and time of ResNet are reported in the
Supporting Information.

To further improve the prediction accuracy, an average
operation is applied based on the knowledge from the data
augmentation (see details in the Supporting Information). For
the comparison of the performance among different batch sizes
after the average operation, for each 200-epoch training process,
we use the network from the epoch where the test MAPE takes
the minimum as the final network to perform the average
operation on the test set, and the results are summarized in
Figure 3b, indicating that the optimal batch size is 128. Figure 3¢
visualizes the accuracy of the predicted strains yielded by the
best ResNet using a batch size of 128, and the narrow band
around the bisection line suggests a good performance. An even
narrower band is observed in Figure 3d where the average
operation is performed, proving the effectiveness of the average
operation. See Figure S2 for the scatter plots of the strains on a
certain axis and under a certain magnetic field direction.

Another way to evaluate the accuracy is by the probability
density function (PDF) of the normalized error NE; = (e, (M)

&;(M;, W,b)]/£;(M,), as plotted in Figure 3e. The averaged
Pl‘edlCthIlS are more accurate since their NE is more
concentrated near zero. We calculate the probability P that the
NE is within certain ranges for quantitative comparisons. For
original predictions, P(INEl < 0.05) = 0.9533, P(INEl < 0.1) =
0.9918. For averaged predictions, P(INEl < 0.05) = 0.9683, P(]
NEI < 0.1) = 0.9933. The average operation improves P(INEIl <
0.05) by 1.5%.

For the data set size, though a larger data set is preferred, our
ability to collect data is limited. Thus, it is important to estimate
the data set size needed to obtain satisfying training results.
Using the optimal batch size 128, we keep the test set as 10% of
the whole data set, while gradually reducing the training ratio
from 80 to 10% of the whole data set. The model is trained
independently five times for each training ratio, and the
statistical results are summarized in Figure 3f. Though there
can still exist a small descending trend of MSE/MAPE if using
larger training sets, the result from 80% is close to saturation.

Magneto-Mechanical Metamaterial Designs and Val-
idations. In this section, we utilize seven types of target strains
to demonstrate the design ability of the proposed DABC-
ResNet design framework as well as the wide tunability of the
magneto-mechanical metamaterials. Each type controls a certain
combination of target strains. The features and corresponding
figures of each type are summarized in Table 1. For each type,
the strain behaviors under both magnetic field directions are
controllable. The target strain can be zero, uniaxial (on X-axis or
Y-axis), or biaxial, and the Poisson’s ratio (v = —é‘x/{;’y) can be
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Table 1. Summary of Seven Types of Target Strains

under one magnetic field under opposite magnetic

direction field direction
Poisson’s Poisson’s
type strain ratio v strain ratio v figures
A X-axis v=0 zero strain Figures 4a and
uniaxial S3
B X-axis v=0 X-axis v=0 Figures 4b and
uniaxial uniaxial S4
C  X-axis v=0 Y-axis v=0 Figures 4c and
uniaxial uniaxial SS
D  biaxial v<0 zero strain Figures 4d and
S6
E  Y-axis v=0 biaxial v<0 Figures 6a,b
uniaxial and S7
F  biaxial v<0 biaxial v<0 Figures 6¢,d
and S8
G biaxial v<0 biaxial v>0 Figures Ge,f
and S9

negative, zero, or positive. FEA is performed to verify the
resulting strains of all the designed M-distributions, and
examples from Type A to Type D are 3D-printed for
experimental validations.

Figure 4 shows four examples from Type A to Type D target
strains, respectively. Type A (Figure 4a) focuses on the control

of the uniaxial strain with zero Poisson’s ratio under one
magnetic field and zero strain under the opposite magnetic field.
Type B (Figure 4b) aims at the control of the uniaxial strain on
the same axis with zero Poisson’s ratio under two opposite
magnetic fields. Type C (Figure 4c) targets the control of the
uniaxial strain on different axes with zero Poisson’s ratio under
two opposite magnetic fields. Type D (Figure 4d) is for the
control of the biaxial strain with negative Poisson’s ratio under
one magnetic field and zero strain under the opposite magnetic
field. Note that, based on the knowledge from the data
augmentation (e.g., Figure Slab), using an arbitrary M-
distribution can easily obtain a new M-distribution that has
the same strain when under the opposite magnetic field.

For each example in Figure 4, the target strains, the strains
predicted by DABC-ResNet, and the strains from the FEA of the
designed M-distribution are summarized in the table on the left
side, in which the strain values under the downward and upward
magnetic fields are shaded by blue and orange, respectively. On
the right side of the table is the vector map of the designed M-
distribution, followed by the deformation comparisons on the
unit cell level between FEA and experimental results where the
deformations under downward and upward magnetic fields are
marked by blue and orange backgrounds, respectively. The
target Poisson’s ratio v is also noted above the deformation. It

a —100% =——+75% =+50% +25%
Field Jeomt 60 mT
Strain £ £y £ &y
Target 0 -0.2 0 0

DABC  -0.009 -0.2006 -0.0139 -0.008
FEA 0.0079 -0.2258 -0.0107 -0.0131

b
Field Jsomt 60 mT
Strain e & & &y
Target -0.2 0 -0.2 0
DABC -0.1827 -0.0011 -0.164 -0.025
FEA  -0.2008 0.0215 -0.1775 -0.0048
c
Field Jsomt f+e0 mT
Strain Ex & & &
Target -0.2 0 0 -0.2
DABC  -0.2037 0.0012 -0.0077 -0.2019
FEA  -0.2176 -0.0021 -0.0033 -0.1885
d
Field Jeomt f+60 mT
Strain s &y & &
Target -0.2 -0.2 0 0

DABC  -0.1992 -0.2032 -0.0135 0.0149
FEA  -0.1791 -0.193 -0.0097 0.0222

Zero strain

Figure 4. Examples of designed M-distributions, FEA results, and experimental validations from Type A to Type D of target strains for deformation
control. (a) Example from Type A for the control of the uniaxial strain with zero Poisson’s ratio under one magnetic field and zero strain under the
opposite magnetic field. (b) Example from Type B for the control of the uniaxial strain with zero Poisson’s ratio under two opposite magnetic fields on
the same axis. (c) Example from Type C for the control of the uniaxial strain with zero Poisson’s ratio under two opposite magnetic fields on different
axes. (d) Example from Type D for the control of the biaxial strain with negative Poisson’s ratio under one magnetic field and zero strain under the

opposite magnetic field.
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Figure 5. Comparisons between FEA and experiments using 3 X 3 arrays of the designed M-distributions in Figure 4. (a) Example from Type A for the
control of the uniaxial strain with zero Poisson’s ratio under one magnetic field and zero strain under the opposite magnetic field. (b) Example from
Type B for the control of the uniaxial strain with zero Poisson’s ratio under two opposite magnetic fields on the same axis. (c) Example from Type C for
the control of the uniaxial strain with zero Poisson’s ratio under two opposite magnetic fields on different axes. (d) Example from Type D for the
control of the biaxial strain with negative Poisson’s ratio under one magnetic field and zero strain under the opposite magnetic field.

can be seen that the strains either from DABC-ResNet or FEA
match well with the target strains, and the experimental
deformations are in line with the FEA, proving that the
presented inverse design framework is effective and reliable. It is
noteworthy that the experimental unit cell deformations in
Figure 4 are cropped from the metamaterial arrays of 3 X 3 unit
cells, as shown in Figure 5. Note that because the periodic
boundary condition is breached on the edges of the array in the
experiment, only the unit cell at the center of the array is used for
the comparison with the FEA results, as shown in Figure 4. The
details of all examples of Type A to Type D can be found in

Figures S3—S6 in Supporting Information, demonstrating the
wide tunability of the magneto-mechanical metamaterials. Type
A (Figure S3) demonstrates the control of different degrees of
strain. Type B and Type C (Figures S4 and SS) show
independent control of uniaxial strain under both magnetic
field directions, and Type D (Figure S6) shows different
Poisson’s ratios.

Figure 6 shows the examples from Type E to Type G of target
strains. Two representative examples are selected from each
type, demonstrating the wide tunability of deformation. Type E
(Figure 6a,b) aims at the control of the biaxial strain with
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Figure 6. Examples of designed M-distributions and FEA results from Type E to Type G of target strains for deformation control. (a,b) Examples from
Type E for the control of the biaxial strain with negative Poisson’s ratio under one magnetic field and the uniaxial strain with zero Poisson’s ratio under
the opposite magnetic field. (c,d) Examples from Type F for the control of the biaxial strain with negative Poisson’s ratio under two opposite magnetic
fields. (e,f) Examples from Type G for the control of the biaxial strain with negative Poisson’s ratio under one opposite magnetic field and the biaxial
strain with positive Poisson’s ratio under the opposite magnetic field.

negative Poisson’s ratio under one magnetic field and the different unit cells to realize sophisticated deformation for more
uniaxial strain with zero Poisson’s ratio under the opposite advanced functions.

magnetic field. Type F (Figure 6¢,d) is for the control of the

biaxial strain with negative Poisson’s ratio under two opposite B CONCLUSIONS

magnetic fields. Type G (Figure 6e,f) focuses on the control of
the biaxial strain with negative Poisson’s ratio under one

In this paper, we develop a deep-learning accelerated framework
for the on-demand design of a type of magneto-mechanical

opposite magnetic field and the biaxial strain with positive metamaterials that can satisfy specific target deformation by
Poisson’s ratio under the opposite magnetic field. The details of enforcing strains. First, a deep learning model based on
all examples of Type E to Type G are shown in Figures S7—S9 in convolutional neural networks, ResNet, is trained to replace
Supporting Information. Such broad tunability and designability the time-consuming FEA to predict the deformation of the
can be the cornerstone for future research, such as assembling magneto-mechanical metamaterials under both downward and
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upward external magnetic fields. Then, a heuristic optimization
algorithm of strong global search ability, DABC, employs the
trained ResNet as the forward solver to inversely design the unit
cell M-distribution of the magneto-mechanical metamaterials.
We demonstrate the wide deformation tunability of the
magneto-mechanical metamaterials using various combinations
of targeted uniaxial/biaxial global strains under both directions
of magnetic fields. The accuracy, effectiveness, and reliability of
the DABC-ResNet framework are proved by FEA and
experimental results. The proposed on-demand design frame-
work opens avenues for metamaterial designs. With 3D printing
techniques, the proposed framework will enable the multi-
functionality of the metamaterial for more advanced control of
deformation, stiffness, acoustic band gap, electromagnetic
property, and so on.

B MATERIALS AND METHODS

FEA of Magneto-Mechanical Metamaterials. A user-defined
eight-node linear hexahedral element subroutine is applied in ABAQUS
(Dassault System) to predict the responses of the magnetic-responsive
soft materials following an incompressible hyperelastic constitutive
model.*” The magnetic moment densities, shear modulus, and external
magnetic field intensities are 70 kA-m™', 300 kPa, and 60 mT,
respectively. In this work, periodic boundary conditions are applied to
the unit cell to predict the deformation of a large array.

Ink Formulation and Preparation for 3D Printing. The ink for
DIW has embedded neodymium-iron-boron (NdFeB) microparticles
with an average size of S yum (Magnequench Co., Ltd.) and a silicone-
based resin. The resin is composed of SE1700 base (Dow Corning
Corp.), SE1700 curing agent (Dow Corning Corp.), and Ecoflex 00-30
Part B (Smooth-on Inc.) with a volume ratio of 1:2:0.1 plus 2 wt %
fumed silica nanoparticles with an average size of 20 nm (Sigma-
Aldrich) with respect to the Ecoflex 00-30 Part B. First, SE1700 base
and Ecoflex 00-30 Part B are mixed at 2000 rpm for 1 min using a
centrifugal mixer (AR-100, Thinky Inc.). Next, 77.5 vol % NdFeB
particles with respect to the SE1700 base are added to the earlier
mixture and mixed at 2000 rpm for 2 min plus defoaming at 2200 rpm
for 3 min. Then, the SE1700 curing agent is added and mixed at 2000
rpm for 1 min, and the ink is transferred into a 10 mL syringe barrel
(Nordson EFD) and defoamed in the mixer at 2200 rpm for 3 min plus
mixing at 2000 rpm for 2 min. Finally, the ink is magnetized by a 1.5 T
impulse magnetic field generated by an in-house built magnetizer. After
installing the printing nozzle of 410 ym inner diameter (SmoothFlow
Tapered Tips, Nordson EFD), the syringe barrel filled with the
magnetized composite ink is mounted to a customized gantry 3D
printer (Aerotech). A customized Python script converts the designed
M-distribution to the G-codes for printing. Then, the printed magneto-
mechanical metamaterials are cured at 80 °C for 36 h. The fabrication
process demonstrates good repeatability, owing to the stable and
reliable property of the printing ink. The solidified magnetic composite
also shows pure elastic behavior with reproducible mechanical
properties.

Experimental Setup for Magnetic Actuation. The magneto-
mechanical metamaterials are actuated by the one-dimensional
magnetic field generated from a set of single-axis Helmholtz coils. To
prevent out-of-plane deformation and reduce friction in the experi-
ments, the metamaterials are placed in an acrylic water tank and are
covered by a supported acrylic plate. To further reduce the friction, the
magneto-mechanical metamaterial arrays, acrylic water tank, and acrylic
cover plate are spray-coated with a layer of WD-40 Specialist silicone
lubricant (WD-40 Company). These efforts effectively increase the
repeatability of the magnetic actuation.

B ASSOCIATED CONTENT

© Supporting Information

The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acsami.2c09052.

Data augmentation using symmetry; average operation of
ResNet predictions; ResNet computational time; equa-
tions of DABC algorithm; scatter plots of the strains from
the best-trained ResNet using a batch size of 70; and
designed M-distributions and FEA results of Type A to
Type G target strains (PDF)
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