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Accelerated design and characterization of non-uniform
cellular materials via a machine-learning based framework
Chunping Ma1, Zhiwei Zhang2, Benjamin Luce1, Simon Pusateri1, Binglin Xie3, Mohammad H. Rafiei4✉ and Nan Hu 3✉

Cellular materials, widely found in engineered and nature systems, are highly dependent on their geometric arrangement. A non-
uniform arrangement could lead to a significant variation of mechanical properties while bringing challenges in material design.
Here, this proof-of-concept study demonstrates a machine-learning based framework with the capability of accelerated
characterization and pattern generation. Results showed that the proposed framework is capable of predicting the mechanical
response curve of any given geometric pattern within the design domain under appropriate neural network architecture and
parameters. Additionally, the framework is capable of generating matching geometric patterns for a targeted response through a
databank constructed from our machine learning model. The accuracy of the predictions was verified with finite element
simulations and the sources of errors were identified. Overall, our machine-learning based framework can boost the design
efficiency of cellular materials at unit level, and open new avenues for the programmability of function at system level.
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INTRODUCTION
Artificial intelligence (AI) is taking the world by storm, demon-
strated when AlphaGo defeated the world champion Lee Sedol in
the game of Go in 20161. Emerging AI methods such as machine
learning (ML) has revolutionizing the way of doing research across
almost all fields of study2–5. In material science, computation-
based approaches have been used to gain insights on material
behaviors and properties. Thanks to recent advances in computa-
tional power and robust algorithms, we have witnessed the rise of
an interdisciplinary field in computational material science6–9.
Specifically, researchers have already shown success in utilizing
ML-based or other AI methods in two major categories: (1) to
accelerate the prediction of material properties for specific
applications10–24, and (2) to accelerate the on-demand design
and the optimization of material microstructure and composition
for targeted properties25–42. These promising studies have shown
superior effectiveness of ML techniques compared to traditional
computational modeling or experimental measurements on a
variety of materials.
Motivated by these recent developments, we take initiative to

apply ML techniques to accelerate the design and characterization
of cellular materials. Cellular materials, recently identified as one
type of architected material, are structured materials with high
tunability of properties determined by the geometry and the
assembly of unit cells43,44. Such a unique function has been
showcased in a wide range of length scales, from nanolattice to
the Eiffel Tower. Frontier studies in this field have focused on
advanced design approaches45,46, geometric mechanics47–51,
fabrication52–56, and potential applications at multiple length
scales57–59. Yet, most studies to date usually focus on unit cells
with an assumption of a periodic pattern over a larger domain,
while aperiodic patterns with non-uniform cells bring infinite
possibilities for achieving high tailorability in failure mode, energy
absorption, etc. As the design domain of geometric pattern
expands, it becomes impossible for the conventional intuition-

based method to attain feasible patterns of desired properties
across the entire domain.
In this work, we develop a ML-based framework (Fig. 1) by

training a deep neural network (DNN) with minibatch stochastic
gradient descent learning algorithm to predict various mechanical
responses due to non-uniform geometric pattern; meanwhile
build a databank through the developed ML-based framework to
solve inverse pattern designs for given targeted responses in a
highly efficient manner. Our baseline geometry is a square-shape
cellular material with cross infills as local reinforcement, illustrated
in Fig. 1a. The simplest 2 × 2 unit cell has a total of 16 possible
patterns by considering various layouts of infills. As the number of
cells becomes larger to n × n, the total possible patterns is
dramatically increased in terms of 2n×n. We selected a 4 × 4 unit
cell due to its reasonable size of data and the availability of
computational power. The specific dimensions can be found in
Fig. Supplementary Fig. 1a. In Fig. 1b, we demonstrated a typical
non-uniform pattern with 12 infills along with its binary
representation in a matrix form used later as the input data to
feed the DNN. We used finite element (FE) simulation to estimate
a response curve of the cellular material under axial compression
and used as the grand truth to compare with the resulted
predictions by the ML model. The FE simulations were conducted
using commercial software ABAQUS. A total of 25 sampling points
on the response curve were used as the output data of the ML
model. Given that we have tested the 3D-printed cellular materials
made of polylactic acid (PLA) in a pilot study60, we used the same
material with an ideal elastoplastic constitution (Supplementary
Fig. 1b) to discover a larger possibility of failure modes. We also
tested the response using a nonlinear elastoplastic constitution
which has a clear softening stage and finally converges to the
same plastic stress as the IEP, as shown in Supplementary Fig. 1b.
However, though the nonlinear elastoplastic constitution may
better reflect the PLA character, there is no significant difference
between the response curves using the ideal and the nonlinear
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elastoplastic constitutions (Supplementary Fig. 1c). The reason
might be that the major plastic deformation and the subsequent
contact happen under large strain, thus the constitutive difference
in small strain has no significant influence on the response curve.
Therefore, in this study we simplify the nonlinear elastoplastic
constitution to a similar ideal elastoplastic constitution for PLA.
Additional details of FE model can be found in Methods.
ML models are usually statistics-based data-driven algorithms

which are trained to recognize and predict relations in data. Once
properly trained, the ML model is capable of predicting solutions
to abstract problems in a miniscule amount of computational
time. These approaches are especially useful for solving problems
that exist in a large design space and have numerous non-intuitive
parameters. Our ML-based framework contains three major
components: data preparation (Fig. 1c), training the DNN (Fig.
1d), and implementation with the trained model (Fig. 1e). In the
data preparation, we generated all 65,536 possible patterns and
their corresponding response curves for the 4 × 4 unit cell. Any
given pattern may share the same physical phenomenon under
the axial compression with its counterparts reproduced by flipping
the original pattern along the vertical and/or horizontal axis as
shown in Fig. 1c. In other words, due to their geometric symmetry
there are only 16,576 unique patterns that can exhibit different
mechanical responses under the axial compression for the 4 × 4
unit cells. As a result, we only run 16,576 FE simulations for the
“unique” patterns to obtain response curves as reference. Then,
we instructed the ML model by conducting simple geometric
operations on unique patterns and reproduced all 48,960

counterparts that share identical responses, which we called
“reproduced patterns”. It is noted that the training data comprise
of both the unique patterns and their corresponding reproduced
patterns, because the DNN does not naturally “know” that unique
patterns and its reproduced counterparts should have identical
response (See Methods for additional descriptions).
After the data preparation, we feed the training data (pattern-

response) for the DNN and used the test data to verify the
performance of the training. It is noteworthy that the born of DNN
traces back to 80’s, referring to networks that have more than one
hidden layer, whether that the hidden layer is a simple perceptron
layer of neurons, Boltzmann machine, or convolutional layer. The
more the number of hidden layers, the deeper the network is.
Training the DNN, however, remains a challenging problem till
today. The network architecture has become more applicable in
recent years due to (1) the invention of new training/learning
methods for faster and less computationally intensive training61–67

and (2) the advent of faster computer hardware such as GPUs. In
this study, the DNN comprises of 5 hidden layers, and number of
neurons of each layer are given in Fig. 1d. We built the DNN in
MATLAB® using the stochastic conjugate gradient backpropaga-
tion as the learning algorithm21,68. Since we used the hyperbolic
tangent sigmoid transfer function, the outputs (uniformly sampled
forces) are scaled to [−0.9, 0.9] for better performance. The
proposed model does not depend on the learning method, and
one may use other or newer learning techniques to fast-train the
proposed model and increase its accuracy. In Fig. 1e, first we
applied the trained DNN as a response predictor to obtain the

Fig. 1 Machine-learning based framework for non-uniform cellular materials. a Baseline geometry and design domain. b Formation of non-
uniform pattern, binary representation and simulated response. Flowchart for the machine learning-based framework: c Data preparation.
d Architecture of the deep neural network. e Accelerated response prediction and pattern generation.
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response curves of the test patterns; then we used these test
patterns and their predictions (as well as the training data if in a
real-world application) to form a databank playing the role of
pattern generator. For the response prediction, we compared the
performance of four different batch numbers/sizes and five
training ratios to get the optimal parameters, and the epoch
number for each batch is fixed to 250. For the pattern generation,
the databank can efficiently recommend multiple feasible
geometric patterns satisfying a targeted response.

RESULTS
Network parameters and architecture
To test the efficiency and robustness of the defined DNN
architecture, we started with identifying the “optimal” batch
number/size and training ratio, to find the optimal setting. The
performance of the DNN is evaluated by two indices. One is the
mean squared error (MSE) of all the predictions and the
corresponding references, which can be written as

MSE ¼ 1
mn

Xn

i¼1

Xm

j¼1

ðfij � fijÞ2 (1)

where m is the number of sampled forces from a response curve,
and n is the number of the test patterns. f̂ij and fij are the j-th
normalized predicted sampled force and j-th normalized reference
sampled force of the i-th test pattern, respectively. A smaller MSE
means a better performance. Furthermore, we defined the

normalized error (NE) as:

NE ¼ f̂ ij�f ij
m

max
j¼1

f ij
(2)

then we can obtain the probability density function (PDF) of NE
and use the probability P(−0.1 < NE < 0.1) as the second index.
The larger the probability, the better the performance. Note that
each parameter value was independently run five times using
different training data, and the average performance is used to
represent the effect of each value.
First, we fixed the training ratio to 80% and varied the batch

number from 10 to 50 with an increment of 10. In Fig. 2a, the
average convergence lines of the training process are given,
where the triangles indicate the convergence points at which the
MSE of scaled sampled forces reaches the lowest value. One
iteration means that all batches are looped for 250 epochs. For
the cases of 10, 20, and 30 batches, the larger the batch number is,
the more iterations it takes to converge, and the better final
performance it can get. By further increasing the batch number to
40, the model starts to take more iterations than 30 batches to
converge yet does not provide a better performance. As the batch
number becomes 50, the batch size is too small to represent the
true gradient, leading to a premature convergence with the worst
performance. In Fig. 2b, we provided a direct correlation between
the batch number and the performance in terms of probability
and MSE. The probability P(−0.1 < NE < 0.1) of 50 batches has a
much larger variation range than other batch numbers, indicating
that the performance is unstable and strongly relies on the choice
of training/test data. It is obvious to see that the optimal batch
number is 30, meaning that the optimal batch size is 80% × 16576/

Fig. 2 DNN Performance under different batch numbers and training ratios. a Effect of batch number on convergence. b Effect of batch
number on the performance in terms of probability P(−0.1 < NE < 0.1) and MSE. c Effect of training ratio on convergence. d Effect of batch
number on the performance in terms of probability P(−0.1 < NE < 0.1) and MSE.
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30 ≈ 442. Then, we fixed the optimal batch size and altered the
training ratio from 20% to 80% with an increment of 20%. Similar
to Fig. 2a, we show the average training convergence lines of
different training ratios in Fig. 2c. Apparently, the larger the
training ratio, the more iterations it takes to converge, and also a
better performance it can reach. In Fig. 2d, we gave the direct
correlation between the training ratio and the performance in
terms of probability and MSE. It can be seen that P (−0.1 < NE <
0.1) value only drops slightly (still above 0.92) as the training ratio
drops from 80% to 20%. The training time varied depending on
batch number and training ratio. For example, it took about
5 hours for a case with a 80% training ratio, 30 batches and 30
iterations using a standard desktop with an Intel i7–7700@3.6 GHz,
8 cores CPU.

Model validation and response prediction
Having identified an appropriate batch number (30) and the
training ratio (20%), we then focused on the validation and
accuracy of response prediction to those referenced FEM results.
Compared to existing studies on predicting single property such
as strength, stiffness, and toughness, we evaluated the entire
response curve which contains multiple characteristics. As
mentioned in Fig. 1, with the trained DNN, we can estimate the
response curve of any pattern from the test data. In Fig. 3a, we
plotted the average PDF of each training ratio, and marked
the corresponding values of probability P(−0.1 < NE < 0.1). It can
be observed that the PDF is more elevated and concentrated
(more accurate) with a higher training ratio, but the probability is
not significantly influenced. We further conducted a regression
analysis for each pair of predicted curves and the corresponding
reference curve. From this, the obtained regression coefficient is a
good estimator of whether a predicted curve follows the trend
(i.e., increase and decrease) of the reference curve. The regression
coefficient ranges from 0 to 1, the higher the value, the better

matching of the trend. Supplementary Fig. 3a illustrates the
average results of the regression analysis. Basically, all training
ratios can yield satisfying results where the majority of the
regression coefficients is larger than 0.9. Thus, a low training ratio
is acceptable and capable in prediction. Another common
representation of the overall performance for a ML model is the
comparison between each single predicted value and its reference
value. In Fig. 3b, we present an example of 80% training ratio,
where the coordinate of each blue dot comprises a predicted
sampled force Fsref and the corresponding reference value Fspred.
A closer position of a dot to the bisection line (y= x) indicates a
more accurate prediction. The band width formed by these blue
dots can intuitively reflects the overall performance. Clearly, the
predictions under an 80% training ratio result in a narrow band
width, indicating a more satisfying performance. The comparison
plots generated by the same DNN using other training ratios are
shown in Supplementary Fig. 3b–d.
Despite the acceptable prediction by the DNN, we attempted to

identify the source of error by analyzing the results under an 80%
training ratio. Our first hypothesis is that geometric infills and their
layouts can affect the prediction result. Recall that the infill
number can range from one to fifteen for the 4 × 4 unit cell with
non-uniform patterns. In Fig. 3c, we plotted the average values of
regression coefficients versus a varying number of infills for all
patterns from the test data set. It can be seen that under all tested
training ratios the regression coefficient decreases with an
increasing number of infills. To further examine this observation,
we calculated the mean squared error between each predicted
response curve and its reference FE response curve from the test
data set (i.e., 20% of the total data, 3316 unique patterns) and
normalized the mean squared error values into [0, 1]. A high
normalized mean squared error (NMSE) value indicates a poor
prediction. In Fig. 3d, we grouped all data into five subsets based
on their number of infills. Since the probability P(−0.1 < NE < 0.1)

Fig. 3 Mechanical response prediction by DNN. a Average probability density function of the normalized error under different training
ratios. b The comparisons between predicted sampled forces and reference sampled forces. c Effect of infill numbers on response prediction.
d Detailed categorization of infill numbers against performance. e Average response curves of different error levels. f Predicted and reference
response curves of two representative patterns along with total contact force under axial compression.
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of the DNN has reached 95.89% under the training ratio of 80%,
data amount is limited when the NMSE value is above 0.3. We thus
only showed the data with a NMSE value from 0 to 0.3 and divided
them by six error intervals for each subset. It is obvious that the
majority of data for all five subsets is located between the NMSE
value from 0 to 0.05, indicating a good prediction by our ML
model. Above the NMSE value of 0.05, in particular between 0.15
to 0.3 (see the inset in Fig. 3d), it can be seen that the two subsets
with 10–12 (green) and 13–15 (purple) infills are more dominant
compared to the other subsets, confirming that the prediction
error is mainly contributed from the patterns with larger infill
numbers.
To better connect the numerical prediction with the physical

phenomenon, we extracted the subset with 10–12 infills with 720
unique patterns in total, and the pattern number in each error
interval is given in the inset of Fig. 3e. Due to varied response
curves in each error level, we examined the average reference
response curves to identify the source of error in Fig. 3e. It can be
seen that six curves show a similar general trend decreasing in
stiffness after the first critical load that related to buckling of cell
walls and later regaining stiffness near the axial displacement of
6 mm. The average response curve of the high error level (NMSE
0.25–0.3) has the largest force. Our hypothesis is that this error
could be resulted from contacts and interactions among cell walls
in the material, which we have observed in our prior study. In
other words, the complex interaction among cell walls under axial
compression is a highly nonlinear behavior and can lead to wrong
prediction of the mechanical response even in FEM, not to
mention the DNN which is only a surrogate model. These average
curves also confirm why the prediction error increases with a
larger infill number, because the patterns with higher infill

numbers are more likely to exhibit a biaxial cell interaction other
than the lateral buckling observed in patterns with lower infill
numbers.
In addition to the infill number, we also identified that the

spatial heterogeneity and geometric complexity of the cellular
materials have created challenges for our DNN although only 4 × 4
unit cells were evaluated. Based on the discussion in Fig. 3d, e, we
discovered two representative patterns within the subset of 10–12
infills, pattern A from a high error level (NMSE 0.25–0.3) and
pattern B from a low error level (NMSE 0–0.05), indicated by the
arrows in Fig. 3e. In Fig. 3f, we plotted contact forces-displacement
curve, reference and predicted curves (two insets) and actual infill
layout of pattern A and B. Pattern B has one extra infill in the
second cell from the left on the second row compared to pattern
A. Theoretically, both patterns should buckle at the second row
where the weakest cross section is, while the FE simulation (blue
reference curves of two insets) shows that their response become
significantly different after the axial displacement of 6 mm. This
discrepancy can be well explained through the total contact force
history for both patterns in Fig. 3f in which we summed up the
contact force within each cell. It can be seen that the pattern A has
significantly larger total contact forces than the pattern B,
indicating stronger cell interactions, which is consistent with our
previous hypothesis. As a result, the DNN cannot distinguish
pattern A and B because the training data was not enriched
enough to relay the discrepancy between slightly different case A
and B. Such lack of enrichment can be due to either the choice of
training data or the limit of cellular material itself. Thus, the DNN
considered their responses in a similar fashion (indicated by red
predicted curves of two insets) and thus failed to capture the
actual response of pattern A. By far, the DNN, with the proposed

Fig. 4 Patten generation for targeted response curves using ML-based databank. a–c Top four patterns and their reference curves for a
targeted response with one, two and three load-dropping points only using the predicted responses by 20% training ratio. d Top four feasible
patterns and their reference curves for the same target response in c using the reference responses of all available patterns.
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network architecture and training parameters, could not com-
pletely eliminate this issue, but we might be able to alleviate by
selecting a more suitable ML algorithm (CNN, Deep Boltzmann
Machine, Regression SVM, Ensamples, etc.), using repeated
random sampling, obtaining the material properties in priori,
and carefully choosing training data.

Databank building and pattern generation
Having validated the DNN and gained confidence on the
prediction, we further exploited the trained DNN to construct a
databank that containing all the possible patterns and their
corresponding responses. In this study, we were able to use the
test patterns and their predicted responses to construct the
databank to accurately reflect the performance of the pattern
generator and the response predictor. For a given targeted
response, we can find the best matched predicted response and
the corresponding pattern in the databank; and can use the
difference between the targeted response and the pattern’s
reference response to evaluate the performance of the pattern
generator. Since the pattern generator was built based on the
results of the response predictor, its average PDFs under different
training ratios (Supplementary Fig. 4) has a similar trend yet more
elevated shape than their counterparts (Fig. 3a) due to that fact
that non-uniform patterns with different infill layouts can yield
similar responses, which enhances pattern generator’s robustness
to satisfy a targeted response.
To better demonstrate the capability of the pattern generator,

we generated three arbitrary but reasonable targeted responses,
featuring various stiffness-dropping points that are directly related
to buckling events in the cellular material. In Fig. 4, these targeted
responses were illustrated using solid blue lines and control points
(the red triangles). We used the databank based on predicted
responses by our framework under only 20% training ratio to
generate top four feasible patterns by searching the predicted
response curves that has lowest deviation from the targeted
response curve. To showcase the accuracy of the pattern
generator, we plotted reference response curves of generated
patterns (dash lines) in Fig. 4. Clearly, the pattern generator can
provide feasible patterns for all three arbitrary targeted responses
with one (Fig. 4a), two (Fig. 4b), and three (Fig. 4c) stiffness-
dropping points, respectively, although the accuracy of the
reference curve decreases in Fig. 4c compared to the one in
Fig. 4a because the targeted response curve has much higher
complexity in terms of multiple stiffness-dropping points. In
Fig. 4d, we showed four reference curves with a better agreement
for the same targeted curve in Fig. 4c because we implemented
the pattern generator that built directly from the reference
responses of all possible patterns. However, to build a databank by
running simulations for all possible patterns would take more
effort; thus we satisfied with our prediction improvement with the
databank constructed by DNN architecture with only 20% training
ratio.

DISCUSSION
In summary, we implemented a machine learning framework to
achieve two common goals in computational materials, i.e., the
forward property/response prediction and the backward composi-
tion/pattern design, applying in particular to the case of non-
uniform cellular materials under axial compression. We identified
an appropriate batch number and training ratio for DNN that can
be used as a baseline parameter for other cellular materials with
different cell geometries. Our ML model is capable of predicting
the mechanical response of patterns from the testing data under a
20% training ratio. We also identified the source of error which is
primarily related to various geometric infills and their layout, as
well as the complexity raised from the material and geometric

nonlinearity due to strong interaction and contact among cell
walls. After validation of the DNN, we created a databank, allowing
further generation of feasible geometric patterns for a given
response. The proposed framework has demonstrated using a
cellular architecture that could align with the authors’ accessible
computer resources. However, the framework is not limited to
certain material architectures or the number of configurations,
although we only validated the proposed framework using 4 × 4
unit cells and limited the number of combinations (only 65,536
possibilities and 16,576 with symmetry). We believe that our
framework is comprehensive and can be incorporated into a
larger design domain with more complicated architectures if
enough computational resources, such as high-performance
parallel computing resources, are available. Our ML-based frame-
work should be capable of accelerating the material design with
tailorable properties at the local level and improving the
performance and/or functionality at the global level.
There are several advantages regarding the framework pro-

posed in this paper. First, it only needs a relatively simple ML
model for the response prediction, based on which the pattern
generation can be directly realized, thus the training is not
computationally expensive compared with similar studies30,69,70.
Second, while the architecture of the ML model is not
complicated, it is capable of predicting the entire nonlinear
response history with plasticity and large deformation other than
individual properties10,18,28. Third, from the geometric perspective,
it is able to predict the response for the majority of the patterns
although the ML model alone as a surrogate method run into
difficulty to provide accurate response for patterns with a larger
infill number. Last but not the least, using the databank we can
not only provide multiple candidate patterns for a targeted
response, but also can easily apply some extra constraints, such as
the number and the location of infills, in addition to the targeted
response, which are difficult for conventional methods to realize.
In addition, it can provide more robust results for the pattern
generation if we construct the databank using all the possible
patterns.
To improve the efficiency of our ML-based framework, we can

apply more sophisticated ML models than the DNN. A promising
candidate can be the physics-encoded ML models that are
capable of understanding complex material properties and
geometric topology. The rotation-invariant convolutional neural
network can be another choice to deal with the situation that
some rotated/flipped patterns have the same response71. Dual
encoder is another possible option which has been used in natural
language processing where the binary inputs and the response
outputs are being encoded into a common domain72. The
advantage of dual encoder is to minimize the discrepancy
between the encoded features coming from binary inputs and
the encoded features from the response outputs. Once the dual
encoders are trained enough, one can unfold the two encoders to
create an autoencoder that receives either the binary inputs and
gives the response or receives the response to give the binary
inputs.
Another interesting and practical direction for the future study

is to introduce the effect of imperfections that are random and
mostly inevitable in experiments. To address this issue, one of the
feasible ways is to consider it as the variation of the beam
thickness or the material property (such as yield stress) of each cell
and infill, assuming that such variation follows a certain
distribution, e.g., Gaussian distribution. While since the buckling
of beams and columns play a significant role during the
deformation, another suitable way to represent the imperfections
is to superpose suitable mode shapes to a perfect geometry, and
the proportion of each mode shape is a random variable. As a
result, extra parameters will be required in the input to describe
the imperfections, and a more sophisticated machine learning
model should be applied to reflect the expanded design domain.
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The Bayesian machine learning model2 can be a promising choice
for such a probabilistic problem, and the power of which has been
demonstrated in material design73. It is also noteworthy that the
buckling directions of beams and columns can have significant
influence on the subsequent global behavior, and thus we can
further manipulate the response if the buckling direction can be
controlled. For example, the most common case under axial
compression is that all the columns on the same level buckle
towards the same direction, in which the global stiffness is smaller
than the case that the adjacent columns buckle towards each
other forming internal support and leading to smaller lateral drift.
Our recent study on deterministic buckling and energy trapping
can be a promising methodology to propel this future direction74.

METHODS
Finite element modeling
In order to generate the mechanical responses for all the possible patterns
under axial compression, we developed a Python script for the commercial
software ABAQUS/Explicit® 2018 to automatically read the binary
geometric matrices and build the corresponding FE models. The
compression tests were solved as a 2D quasi-static problem with an
assigned out-of-plane depth of 22mm. The Explicit solver was applied due
to its outstanding efficiency and convergence under complex contacts and
large deformations. The kinetic energy was confined to be less than 1% of
the internal energy so that the compression was guaranteed to be quasi-
static. An elastoplastic constitution was used to describe the PLA, detailed
elastoplastic parameters are shown in Supplementary Table 1. The density,
elastic modulus, Poisson’s ratio, and yield stress are 0.00124 g/mm3,
2114.6 MPa, 0.3, and 72.116MPa, respectively. Frictionless and “hard” self-
contact is applied for each enclosed inner boundary and two vertical outer
lines. The FE simulations were parallelly performed on a 16-core Intel®
Xeon® E5-2698 V4 @2.20 GHz PC with 64GB Ram. It took approximately
20 seconds on average for the simulation of each pattern.

Correction of predicted responses
As discussed in Fig. 1c, the ML model does not naturally know that a
unique pattern and the corresponding reproduced counterparts should
have identical response, it would predict similar but different responses for
these patterns. These different predictions are usually offset from the
reference, but the average of the predictions is usually much closer to the
reference. Thus, in this study, we used the averaged prediction as the final
result for the unique pattern and its reproduced patterns. A typical
example is shown in Supplementary Fig. 2a using 80% training ratio.
Supplementary Fig. 2b-d show the comparisons between using the
averaged predictions and the non-averaged. It is obvious that the
averaging process significantly enhance the performance. Comparing the
probability P(−0.1 < NE < 0.1) in Supplementary Fig. 2b with that in Fig. 3a,
the improvement of using averaged predictions is similar to increasing
training ratio from 40% to 80%. In this study, we used averaged predictions
if no specific description.

DATA AVAILABILITY
The data that support the findings of this study are available from the corresponding
author upon request.
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