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Linking atomic structural defects to mesoscale properties in
crystalline solids using graph neural networks
Zhenze Yang1,2 and Markus J. Buehler 1,3,4✉

Structural defects are abundant in solids, and vital to the macroscopic materials properties. However, a defect-property linkage
typically requires significant efforts from experiments or simulations, and often contains limited information due to the breadth of
nanoscopic design space. Here we report a graph neural network (GNN)-based approach to achieve direct translation between
mesoscale crystalline structures and atom-level properties, emphasizing the effects of structural defects. Our end-to-end method
offers great performance and generality in predicting both atomic stress and potential energy of multiple systems with different
defects. Furthermore, the approach also precisely captures derivative properties which strictly observe physical laws and
reproduces evolution of properties with varying boundary conditions. By incorporating a genetic algorithm, we then design de
novo atomic structures with optimum global properties and target local patterns. The method would significantly enhance the
efficiency of evaluating atomic behaviors given structural imperfections and accelerates the design process at the meso-level.
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INTRODUCTION
Structural defects are inevitable during synthesis and essential to
the performance of a great variety of materials. On one hand, the
deviation from perfection can deteriorate the performance of a
pristine crystal, including lowering the elastic moduli, opening the
zero band gap, and ruining the high thermal/electric conductiv-
ity1–3. On the other hand, the defects can be also useful in
tailoring local properties and developing promising functionalities
of materials. For instance, a nanoporous graphene membrane is
able to serve as an effective water filter4 and polycrystalline
graphene can release more energy than pristine graphene under
fracture5. Furthermore, not only the defects themself but also their
atomic-level distribution can affect the properties of crystalline
solids both locally and globally. The structural gradient of
nanotwin boundaries in metals shows such an example of
realizing superior strengthening with a tunable distribution
of structural defects6.
To experimentally eliminate or control the formation of defects

during the synthesis, inexhaustible effects have been put into the
development and improvement of methodologies such as single-
crystal silicon growth7 and spatial control technique of defect
creation in graphene synthesis8. In addition, multiscale modeling
approaches from quantum level up to continuum level have been
developed to calculate the effects of structural defects and reveal
the mechanism behind the experimental observation. Typical
methods include density functional theory (DFT)9,10, molecular
dynamics (MD) simulation5,11,12 and finite element method
(FEM)13,14. However, due to the heterogeneity introduced by
defects in the materials, the design space of defective solids
usually contains a numerous number of possible structures, which
prevent us from performing brute-force search of optimum
geometries. In addition, both experiments and simulations can
be expensive and time-consuming, especially when the system
size surges. Given these concerns, artificial intelligence (AI) steps in

as a savior thanks to its capacity of making fast predictions based
on the knowledge learned from training.
The advent of machine learning (ML) methods, especially deep

learning (DL), have revolutionized the ways of materials design,
physical modeling, and properties measurement15–20. DL
approaches and architectures originally developed to achieve
human-level capacities have been merged into almost all
disciplines21–24. Within the field of crystalline solids, the applica-
tions of ML models range from intrinsic properties calculation of
small periodic crystal unit cell25 to dynamic crack path predictions
in large solids26. In addition, AI-based approaches have also been
applied to search for the optimal structures in terms of both
mechanical27,28 and thermal properties29 of defective crystals such
as porous 2D materials. In those mentioned cases, multiscale
modeling is widely leveraged to generate training data or
validating the predictions from ML models. By incorporating
field-based (DFT), particle-based (MD), or continuum-based (FEM)
modeling, ML has also impacted a great variety of aspects in
material science, including quantum interactions calculation30–32,
molecular force-fields development33–35, and continuum
mechanics36–38. Among all the DL architectures, GNN models
have been developed to deal with graph structures which model a
series of objects (nodes) and the relationships between them
(edges). Compared to convolutional neural networks (CNNs),
which have been successful on Euclidean data such as images, the
GNNs extend the power of DL to non-Euclidean data such as social
networks, molecules, and crystals in this work39.
However, most of those ML-based methods are limited by a

minimal level of information included in the prediction and
obstacle for generalization, given that the models either focus on
small crystal structures or predict only single property. In this
work, to overcome these difficulties, we introduce a general
method to translate the crystalline structure, which is represented
by a graph with spatial information, directly to atom-wise
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properties such as atomic stress field or potential energy
distribution. We show the performance of the method by testing
the model on multiple large crystalline systems, including 2D
graphene and 3D aluminum systems with different types of
structural defects and target atomic properties. The proposed
approach achieves high accuracy and captures the physical
information extracted from atomic predictions in all the datasets
we investigate, serving as a potential alternative to the expensive
molecular simulations. The model is further combined with
optimization algorithms to screen designs with low-stress
concentration and specific local stress patterns, manifesting its
applications for design purposes.

RESULTS
Workflow and DL model
We develop a deep learning model to translate crystalline
structures, especially within the context of defects, to atomic
properties using a graph-based neural network on different
datasets (Fig. 1 and Methods: Dataset generation and Methods:
Graph neural network)40. To start with, defective crystalline solids
containing either grain boundaries (GBs) or vacancies with
random structures are generated using well-studied algorithms.
Two different classes of crystalline solids are mainly investigated in
this work known as the 2D graphene sheet and 3D bulk
aluminum. More specifically, three separate datasets are gener-
ated to test the approach, each containing thousands of crystals
with one type of defect in one class of system. With the randomly
generated structures, fully atomistic MD simulations are carried
out to perform different tests such as relaxation, tension, and
heating of the crystal. The outcomes given by MD simulations are
regarded as the ground truth or the labels which are used to train
the DL model. The MD simulations have been widely studied and
utilized based on the experimental observations for all three
classic systems we investigate. For instance, the atomistic
simulations have not only revealed the statistics of strength and
toughness of the polycrystalline graphene5,41, but also the effects
of grain size, strain rate, and temperature on its mechanical
behaviors42. In terms of nanoporous graphene, the MD simula-
tions show the linear relation between the defect concentration
and tensile modulus in multiple studies43–45. And as for
polycrystalline aluminum, processes involving dislocations such
as melting and solidification have been examined using MD
simulations for more than two decades up till now46,47. The DL
model here treats each individual crystal as a graph with each

node representing an atom and each edge being the chemical
bond. Since we emphasize more on the structural effect and deal
with single-element crystals, the node features are spatial
information of each atom and the edge only shows connectivity
given a certain cutoff distance (Methods: Dataset generation). The
model is trained to predict atomic stress or potential energy,
which is the label of each node.
Once the ML model is trained, atomic properties in a new

structure can be predicted, bypassing conventional atomistic
simulations. The atom-level information can not only be used to
extract collective properties such as modulus or total potential
energy, but also allows investigation of local phenomena,
including stress concentration or energy barrier. Furthermore,
the approach can be utilized to design atomic structures such as
holey graphene membranes with low-stress concentration, which
can be realized thanks to the acceleration of property calculations.

Von Mises stress field predictions in polycrystalline graphene
sheets
Grain boundaries can strongly and widely affect graphene’s
behaviors such as mechanical strength, toughness, thermal, and
electronic transport48. Therefore, we first test our approach on a
polycrystalline graphene dataset which contains 2000 randomly
generated structures using an algorithm that yields well-annealed
GBs41. The polycrystal is created within a periodic unit cell with a
size of 128 Å × 128 Å × 10 Å in x, y, and z directions. We pick four
different grain numbers, which are 4, 8, 12, 16, and generate 500
data for each grain number. The distributions of grain sizes
regarding different grain numbers are shown in Fig. 2a, along with
an example of grain seeds and orientations in a generated crystal
shown by the Voronoi diagram. The MD simulations are carried
out to calculate the von Mises stress field (σvon) of each
polycrystalline graphene sheet in the NVT ensemble (T= 300 K).
We first equilibrate the polycrystal and then sample the ensemble
average (Fig. 2b) of the coordinates and stress value of each atom
which are used as the input node features and output node label,
respectively, in our GNN model (Fig. 2c). The details about the MD
simulations including pre-sampling equilibration and sampling
convergence are discussed in Methods: Dataset generation.
With the generated data, we first build the graphs based on the

polycrystal structures (Methods: Graph representation) and then
train our model on the train set to learn the linkage between
defective structures and atomic properties. After training, the
model is capable of predicting the von Mises stress field accurately
shown by two random examples comparing the predictions with

Fig. 1 Overview of the workflow. The basic workflow reported in this work begins with the structure generation of defective crystals. Two
types of structural defects, including vacancies and GBs are generated in the graphene (2D flake) or aluminum (3D bulk) systems. After
obtaining the generated structures, fully atomistic MD simulations are performed to obtain node labels which are certain properties at each
atom. In the simulations, the crystalline solid is under certain boundary conditions such as tension or heating or simply relaxation. The
structure of crystalline solids is then input into an ML model as a graph with nodes containing spatial information. A supervised GNN model is
trained to predict atomic properties, which are node labels. Finally, the atomic property distribution can be visualized given the graph output.
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the ground truth visualized with images (Fig. 2d). The atomic
structures are colored based on the local lattice type calculated
using polyhedral template matching in OVITO’s python inter-
face49,50. As the figure displays, not only the stress concentrations
at the GBs but also the concentration patterns are precisely
captured by the model. To quantify the model performance, the
normalized relative errors, which are basically average relative
errors of the atomic properties after normalization (Methods:
Model training and evaluation), are calculated for the 400 new
crystals in the test set. The mean error is approximately 5.5%,
while the highest error is below 7%, indicating both the high
accuracy and robustness of the approach (Fig. 2e). With the
predicted atomic properties, the collective mechanical property of
the crystals, such as the mean von Mises stress can be derived. The
mean von Mises stress, which is the overall residual stress can
reflect mechanical behaviors such as the likelihood of fracturing of
the crystal. The ML results of mean von Mises stress are aligned
well with MD results (R2= 0.99) even if the property is secondary
information extracted from atomic predictions (Fig. 2f). We also
cluster the data points based on the grain number in Fig. 2f. The

mean von Mises stress generally increases as the grain number
increases as there are more GBs inside the crystal, causing higher
residual stress or more weak regions. The physical relation
between the grain number and mean von Mises stress is also
precisely reproduced by our model, further validating its great
performance. To emphasize, although there is no loading applied
in this case, the translation from polycrystalline structures to the
stress field is not an on-the-fly stress calculation based on the
force field, which is not computationally expensive in MD
simulations. Instead, the linkage is between the ensemble
averages of spatial coordinates and the stress values. Supplemen-
tary Fig. 1a shows that the predictions of the GNN model are
nontrivial as the errors of on-the-fly stress computation are much
higher compared to the GNN model.

Tensile stress field predictions in porous graphene
membranes
Apart from GBs, vacancy is another common and important class
of structural defects in graphene materials. To prove the university

Fig. 2 Stress field (von Mises stress) predictions in polycrystalline graphene sheets after relaxation. a Grain size distribution given
different grain numbers (grain number= 4, 8, 12, 16). The grains are generated based on the Voronoi diagram with an example shown in the
figure. b Setup of MD simulations which output the NVT ensemble average of the von Mises stress fields and atomic coordinates (T= 300 K).
c Graph input and target output of the model. The input node features are 3D coordinates (x, y, z) and the target node labels are atomic von
Mises stress (σvon). d Visualization of two examples of the model predictions compared to the ground truth from MD simulations using images
(projection onto the x-y plane). The structures of polycrystalline graphene are colored based on the local lattice type and the field is plotted
with a ‘rainbow’ color bar. e Model accuracy of 400 test crystals shown by the normalized relative error. The mean relative error is 5.5%.
f Comparison of ML results and MD results about the mean σvon (GPa) given different grain numbers. The correlation coefficient R2 between
the predictions and the ground truth is 0.99. The ML model accurately captures the physics shown by the general increase of mean σvon as the
grain number increases.
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of our approach to different types of structural defects, we further
validate the graph model on a porous graphene dataset which
again contains 2000 membranes. The porous graphene mem-
brane is generated in a periodic unit cell with a size of
127.9 Å × 127.8 Å in x, y directions by randomly removing a pair
of the carbon atom and hydrogen atom in a perfect graphene
sheet. The vacancy concentration (Cv) of different porous
membranes varies uniformly from 0.0 to 0.1 (Fig. 3a). When Cv
increases, there are more and more multi-vacancies such as
double vacancies or triple vacancies inside the membrane.
Therefore, the curve showing the relation between the single
vacancy concentration (Csv) and Cv deviates more and more from
the diagonal line as the Cv rises (Fig. 3a).
After obtaining the porous graphene structures, non-

equilibrium MD (NEMD) simulations are performed after the
equilibration process to stretch each graphene membrane along
the x direction with the same tensile strain at 5% (Fig. 3b). The
tensile stress fields (σxx) are sampled after the tension test to be

used as the node labels for training (Fig. 3c). The input node
features of the ML model are the original 2D coordinates of the
porous graphene membrane before the tensile test (Fig. 3c). The
details about the NEMD simulations including pre-sampling
equilibration and sampling convergence are also included in the
section Methods: Dataset generation.
With the generated dataset, the crystals are translated as graphs

(Methods: Graph representation) and then used to train the GNN.
The examples of comparison between ML predictions and MD
results are shown in images in Fig. 3d. The carbon atoms near the
vacancies are colored yellow, whereas those with perfect
coordination numbers (=3) are blue. Similar as before, we
calculate the normalized relative error of 400 new graphene
membranes in the test set. The mean error is 4.9%, with the
highest error at ~10% (Fig. 3e). In terms of the relation between Cv
and Young’s modulus (E), multiple previous studies have shown
that the E of porous graphene decreases linearly with the increase
of Cv44,45,51. Our ML model is also able to reproduce the linear

Fig. 3 Stress field (tensile stress) predictions in the porous graphene membranes under the tensile test. a Data distribution of the porous
graphene dataset. The relation between Csv and Cv, together with the uniform concentration distribution are plotted in the joint plot. As Cv
increases, the curve deviates from the diagonal line as more double vacancies or even triple vacancies appear. b Setup of NEMD simulations
which first equilibrate the porous graphene membranes and then perform a tensile test along the x direction. The sampling is done at the end
of tension with the tensile strain maintained (εxx= 5%). c Graph input and target output of the model. The input node features are original 2D
coordinates (x, y) of graphene membrane before MD simulations and the target node labels are atomic tensile stress (σxx ). d Visualization of
two examples of the model predictions compared to the ground truth from MD simulations using images. In the images of structures, the
atoms are in different colors based on their coordination number and the field is plotted with a ‘rainbow’ color bar. e Model accuracy of 400
test crystals shown by the normalized relative error. The mean relative error is 4.9%. f Linear relation between Cv and E of porous graphene
membranes captured by both ML results and MD results.
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relation and align well with the MD results (Fig. 3f). By fitting the
data points from ML prediction, we can obtain the mathematical
expression of the linear relation: E ¼ 823:7� 5635:6 ´ Cv. The
intercept of the linear curve corresponds to Young’s modulus of
pristine graphene (E0), which is 823.7 GPa in our case (T= 10 K).
The value is in the same magnitude of order as the reported
values in both experiments52 and simulations44,45,51. All the results
above show the high accuracy and physical understanding
obtained from our ML model.

Potential energy distribution predictions in polycrystalline
aluminum bulks
After implementing our ML model to capture mechanical
responses in 2D graphene systems, we shift our attention to
energy profile in 3D bulk systems such as metals. The aluminum
solid, which is a pearl in the palm among the metals have been
widely and well studied53. The GBs inside the aluminum crystals
affect the energetics of the system which play important roles in
diverse phenomena such as solidification, crystallization, and

melting54,55. The atomic potential energy distribution can not only
reflect the positions of dislocations, but also possible entangle-
ments and interactions related to them. For instance, dislocations
can pile up at the GBs, leading to strengthening mechanisms in
polycrystalline metals that can be associated with locally high
atomic potential energy. Therefore, it is possible to investigate
relevant mechanisms related to dislocation interactions such as
size dependence if we can train a GNN model to predict atomic
potential energies. We here build a dataset which contains
thousands of nanocrystals of aluminum using an open source
program Atomsk56. The size of the periodic nanocrystal is
50 Å × 50 Å × 50 Å. Four different grain numbers (4, 8, 12, and
16) are used with the grain size distribution, along with an
example of a 16-grain polycrystal shown in Fig. 4a. We here utilize
NEMD simulations again to calculate the atomic potential energy
(Ep) of the polycrystals after heating from 50 to 100 K (Fig. 4b). The
temperatures are set at relatively low values to avoid possible
grain growth during the heating process since we focus on effects
of existing structural defects instead of dynamic structural
evolution in this work. As a result, the input node features are

Fig. 4 Potential energy distribution predictions in the polycrystalline aluminum after heating. a Grain size distribution given different
grain numbers (grain number= 4, 8, 12, 16). One example of grain distribution is shown in the figure. b Setup of NEMD simulations which first
equilibrate the polycrystalline aluminum unit cell in an NVT ensemble at 50 K and then heat the system to 100 K. The sampling is done at the
end frame by averaging separate simulations. c Graph input and target output of the model. The input node features are 3D coordinates (x, y,
z) and the target node labels are atomic potential energy (Ep). d Visualization of two examples of the model predictions compared to the
ground truth from MD simulations using images. The structures of polycrystalline aluminum are colored based on the local lattice type (“FCC”,
“HCP”, “BCC”, “ICO”, and “Other” types) and the field is plotted with a “rainbow” color bar. e Model accuracy of 400 test crystals shown by the
normalized relative error. The mean relative error is 11.0%. f Comparison of ML results and MD results about the mean Ep (eV) given different
grain numbers. The correlation coefficient R2 between the predictions and the ground truth is 0.99. The general increase of mean Ep as the
grain number increases is captured by the ML model.
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coordinates of aluminum atoms at 50 K and the output node
labels are corresponding potential energies at 100 K (Fig. 4c). The
sampling is performed by averaging outcomes of multiple
separate simulations. The details about the NEMD simulations,
including equilibration, sampling method, and convergence are
discussed in Methods: Dataset generation.
The ML model is trained on the graphs, which are constructed

based on the generated polycrystalline structures (Methods:
Graph representation). The predictions of the ML model with
respect to the MD ground truth are shown in Fig. 4d. The GBs are
visualized based on the calculation of polyhedral template
matching in which the lattice type of GBs is labeled as “Other”
compared to the major ‘FCC’ lattice structures in the polycrystal-
line aluminum. The variation of potential energy strongly
correlated with the GBs as captured by our ML model. In terms
of the evaluation of the model performance, the mean normalized
relative error of all 400 test graphs is about 11.0%, with the
highest error at 13.0% (Fig. 4e). The error is a bit higher than in the
two previous cases because the aluminum atoms in the lattice
have higher coordination numbers (In a perfect crystal, the
coordination number is 12) compared to atoms in graphene (In a
perfect crystal, the coordination number is 3) which increases the
complexity of the graph. In addition, the polycrystalline aluminum
solids have more dynamic structures which can evolve during
heating as the interatomic interaction is weaker. As the GBs are
less stable compared to a perfect FCC lattice, the average potential
energy is higher when the grain number is larger (Fig. 4f). The ML
model’s predictions fit well with the physical intuition and show a
high correlation (R2= 0.99) with the ground truth from MD results
(Fig. 4f).

Stress evolution predictions with input loading conditions
The three examples above show how general and powerful our
proposed approach is in building the linkage between structures
with defects to the atomic properties. However, in those cases, the
input node features only contain spatial information about the
crystals. In this section, besides the atomic coordinates, we also
include the boundary conditions of the whole crystal in the input
node features. More specifically, we randomly collect 400 crystals
out of 2000, which we generate in the porous graphene dataset,

and run NEMD simulations to perform the tensile test at ten
different strains varying uniformly from 0.5 to 5%. The tensile
strain is attached to the 2D coordinates in the features of each
node. Consequently, there are 4000 graph data in total, which are
further split into train, test, and validation sets for training. More
details are included in Methods: Dataset generation.
When the training is accomplished, we can use the model to

predict the stress evolution of porous graphene crystals during the
tensile test (Fig. 5a). The sequence of images in Fig. 5a reveals how
the tensile stress gradually builds up during the tension and the
consistency between predictions and ground truth. Furthermore,
the strain-stress curves are also precisely reproduced by our ML
model (Fig. 5b), showing the model’s capacity of making
predictions based on given boundary conditions. Noticeably, the
tensile stress of the full crystal does not necessarily increase
linearly with the tensile strain (“Data 1” of Fig. 5b). Therefore, the
model is not performing simple multiplications using the input
strain values. Instead, it is learning the non-linearity given different
loading conditions. In order to plot the complete strain-stress
curve, the data in the train set are also used for predictions. The
fact that the model achieves high accuracy in both known data in
the train set and new data in the test and validation set indicates
that there are no signs of overfitting. The overall great
performance of our model on three different crystals with low
to high Cv further demonstrates the robustness of the approach.
Apart from tensile strain, environmental variables such as

temperature or pressure can also be included in the node features
that would enable the GNN model to make predictions based on
varying conditions. To extrapolate the predictions to unseen
conditions, transfer learning is a useful technique that only
requires a small amount of data under these new conditions to
adapt the model.

Design of holey graphene membranes with low-stress
concentration
The discussions we have had up till now are all about using our
model to accelerate the calculation of atomic properties. Actually,
with the acceleration we obtain, we can leverage the model for
design problems. For instance, porous graphene with designed
holes has been widely studied as the structure can serve multiple

Fig. 5 Stress evolution predictions. a Visualization of tensile stress field maps from ML predictions and MD results given different loading
conditions (εxx ¼ 0:01; 0:02; 0:03; 0:04; 0:05). b Strain-stress curves of three different porous graphene membranes comparing ML results and
MD results. The three membranes have high (Data 1, Cv close to 0.1), middle (Data 2, Cv close to 0.05) and low Cv (data 3, Cv close to 0.0)
respectively. To plot the complete strain-stress curve, the trained ML model makes predictions on all data, including train, test, and validation
sets. The data from different sets are separated in the figure using different colors. New data for the model, which are crystals in the test and
validation set are grouped and colored blue, while old data which has already been used during training are in red.
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purposes such as selective filtering of liquid4 or gas57 and sensing
of DNA58. At the same time, the mechanical behaviors such as the
stress concentration which can lead to catastrophic fracture are
essential to the functional integrity of the holey graphene.
Therefore, in this part, we first exhibit an example of using our
ML model to design holey graphene to lower the stress
concentration when the sheet is stretched combining ML models
with an optimization algorithm shown in Fig. 6a.
Above all, the design space is selected so that there are 30

available hole sites in a 128 Å × 128 Å graphene sheet (Fig. 6a). The
30 hole sites follow a hexagonal pattern which has been used for
designing porous graphene with tunable thermal conductivity29.
We select 13 holes out of 30 sites to fix the density of vacancies at
0.05. The allowed structures are set symmetric about y axis as the
symmetric designs are more likely to achieve high mechanical
performances36,59. Given the setup, there are 12,177 possible
combinations in total in the design space and more details are

included in Methods: Holey graphene design. To train the model,
we randomly pick 800 combinations from 12,177 combinations
and perform NEMD simulations to collect the labeled data like we
do for the porous graphene dataset. With the trained model
(Methods: Model training and evaluation), we are able to predict
the stress concentration in each design by calculating the mean
value of the highest 300 stress values in the holey graphene sheet
(Fig. 6a).
We first use the trained model to brute-force search for the top

designs across the whole design space. The top two designs are
exhibited in Fig. 6b together with the bottom two designs for a
comparison. As the figure displays, the top designs share arrow-
shaped patterns which mainly extend in the x direction. By
contrast, the bottom designs contain holes which span along the y
direction, forming two straight lines. The MD simulations are
exerted to validate the designs. The stress fields from MD
simulations clearly reveal much higher stress concentration in

Fig. 6 Holey graphene design with low-stress concentration. a Workflow of designing holey graphene with low-stress concentration
combining the GNN model with GA. In terms of the design space, there are 30 available hole sites which are distributed periodically along the
y direction in the porous graphene membranes. We select 13 holes out of 30 which leads to 12,177 possible combinations considering
symmetry about the y axis. The GNN model serves as a predictor to predict the atomic stress distribution which can be utilized to derive stress
concentration information (average 300 highest stress values). The GA is then implemented to optimize the distribution of holes within the
membrane using the predictions from GNN as the objective function. b Top and bottom two designs suggested by the ML model. The top
designs contain the arrow-shaped distribution of holes which mainly span along the x direction whereas the holes in the bottom designs
align along the y direction. The stress fields calculated by NEMD simulations are visualized for both top and bottom designs to validate the
designs. As the stress fields show, there are clearly higher stress concentrations in the bottom designs. c Optimization process using GA with a
population size of 20. The optimal objective is the lowest stress concentration value among 20 designs in the population. The GA is able to
obtain the optimal design in 40 generations. The three images of structures correspond to three plateaus during the optimization.
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the bottom designs compared to the top designs (Fig. 6b). From a
theoretical perspective, the holey graphene sheet can be regarded
as a composite in which holes are treated as soft materials while
integral parts of the sheet are brittle materials59. Within such a
context, the design problems can be solved using the composite
theory named “rule of mixtures”60. The bottom designs corre-
spond to the iso-stress situation which leads to the lower bound of
the E while the top designs are similar to the iso-strain situation
when the upper bound is realized. All in all, both the results from
the simulation and theory validate the designs found by our
ML model.
Furthermore, we utilize the GNN model as a predictor and

combine it with an optimizer, a Genetic Algorithm (GA; details
about the implementation of the GA approach are included in
Methods: Holey graphene design) to further improve the
efficiency of searching for the optimal designs (Fig. 6a). The
atomic structures of holey graphene sheets are represented by an
array of 0 and 1 s in which “1” indicates that there is a hole at the
corresponding site while “0” refers to an intact part. The
optimization algorithm takes the derivative information from
predicted stress fields as the objective function and optimizes the
positions of holes. With 20 candidates in the population, the GA
converges quickly at ~40 generations (Fig. 6c). The images of
optimal structures corresponding to each plateau during the
optimization process are provided along with the optimization
curve (Fig. 6c). Compared to a brute-force search which involves
more than 10,000 calculations of stress concentration values, the
GA utilizes less than 800 calculations (repeated calculations for
those same chromosomes) which further accelerates the design
process by an order of magnitude. The example reveals how our
GNN model can be utilized to vastly improve the efficiency of
designing atomic structures with certain global properties via the
combination with optimization algorithms.

Design of holey graphene membranes with local stress
patterns
Besides global properties, our model can also be utilized to design
local stress patterns with atomic property predictions. In
Supplementary Fig. 2, we show examples of maximizing local
stress within certain regions. High-stress concentration is generally
unwanted in mechanical design problems. However, containing
high stress within certain regions can be useful for protecting
other important parts such as the stress shielding effect. In
addition, a designed high-stress region can be utilized to
manipulate cracking patterns or to invoke other response for
which high stress is needed. Within the context, we consider
maximizing the stress in both vertical and horizontal diamond-
shaped strips (Details of geometries are included in Methods:
Holey graphene design) of the holey graphene sheets shown in
Supplementary Fig. 2a, b. We utilize the trained model for global
property optimization to examine all the structures that satisfy the
same symmetry as the strip regions. As a consequence, in terms of
the vertical diamond strips, the optimal design with the highest
stress in the target region contains holes at both ends of each strip
(Supplementary Fig. 2a). However, for the horizontal case, the
highest stress is witnessed in the intact region (Supplementary Fig.
2b) with all holes distributed outside the target region instead.
Interestingly, for vertical and horizontal strips, the design
strategies are completely opposite as vertical strips tend to be
holey while the horizontal strips tend to be intact to gain high
stress. The reason behind the difference can also be explained by
the rule of mixtures: when the target region is more along the
horizontal direction (the degree between the strip and the
horizontal direction is around 30°), the holes which can be treated
as soft materials will lead to lower stress in the intact part which
can be regarded as brittle materials as two materials are in the iso-
stress situation; by contrast, when the target strips are more along

vertical region (the degree between the strip and the horizontal
direction is around 60°), the holes generally leads to higher stress
in the intact part as two materials are in the iso-strain situation.
To further validate the optimization results, we compare the

optimal designs with the opposite designs based on the ground
truth using the NEMD results. The opposite designs refer to the
designs which have totally different positions of holes compared
to the optimal designs (the intact parts become holey while the
holey parts become intact). Given the symmetry, we only plot the
stress along strips in one of the diamonds (Supplementary Fig. 2c,
d). As the stress distributions along the strips suggest, when the
strips are more in the vertical direction, the holey design achieves
higher stress than the intact design except in near-hole regions;
on the contrary, when the strips are more along the horizontal
direction, the intact design achieves higher stress than the holey
design. The complete, quantitative stress distributions further
prove the design choices of our model. This example of designing
local stress patterns along with the earlier example of searching
for designs with globally lower stress concentration shows the
diversity and power of our ML model in realizing specific design
purposes.

DISCUSSION
We here propose a DL-based approach to provide the direct
linkage between defective crystalline structures and atomic
properties, achieved using a GNN model. The model is trained
with a small amount of data (~thousands of crystals) but achieves
high accuracy in predicting different atomic properties in different
crystalline systems with different types of structural defects.
Derived from atomic properties, global properties such as Young’s
modulus and total potential energy are precisely captured by our
model, observing well-known physical laws. Furthermore, we also
show the model’s applications on predicting the evolution of
atomic properties and designing defective structures with target
mechanical performances. The predictions using our trained
model only take seconds which shows a dramatic acceleration
compared to conventional atomistic simulations which can last
hours, days, or even months. As shown in Supplementary Fig. 7a,
the ML model can accelerate the prediction by hundreds to
thousands of times with less computational sources compared to
MD simulations. More specifically, in our case, the calculations of
atomic properties take seconds using ML model on a single CPU
while the MD simulations run for more than thousands of seconds
on 24 CPUs in parallel. Despite the computational cost does not
include the time of generating the dataset and training the model,
the ML models still save a great amount of time once trained
given the large structure space of the systems we investigate. For
example, the porous graphene membranes contain more than
10600 possible structures with different distributions of vacancies
and there are an infinite number of crystals for both polycrystal-
line graphene and aluminum cases. By contrast, the GNN model is
trained with only 1200 random data for generalization to the
intractable number of structures. The gain in speed with little loss
of accuracy enables our approach to serve as an alternative of
expensive MD simulations in investigating structural effects on
properties. The systems we investigate in this work are mostly well
studied as we attempt to benchmark our model and prove the
concept, therefore no new physics are discovered. However, we
show that the approach can address new design problems such as
designing porous graphene membranes with low-stress concen-
tration which is intractable using brute-force MD simulations.
Given the atomic property predictions, local stress patterns can be
further tuned. The approach proposed here can be extended to
crystalline solids that are not well understood for discovering new
phenomena by quickly searching across the structural space, such
as examining the effects of arrangements of GBs and establishing
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the relation between performances and Cv given different vacancy
distributions.
The significances of predicting the full distribution of atomic

properties over single property are massive. Above all, the full
distribution contains more local information such as high potential
energy regions and stress concentration patterns. The local
information can provide predictions and evaluations which global
properties can not reveal. For instance, high potential energy
regions are less stable which are essential to the dynamics of the
whole structure. Stress concentration can lead to catastrophic
phenomena such as fractures which will cause dramatic degrada-
tion of the material performance. We have shown one example of
designing local stress patterns in this work. Apart from the
example, other local properties related to field patterns such as
the gradient and variation of stress can also be investigated using
our model, solving corresponding design problems including
designing strain gradients or uniform stress fields like the Eshelby
inclusion problem. The main contribution is providing accelerated
alternatives to the expensive atomistic simulations for building
efficient linkages between structural defects and atomic proper-
ties. Based on the accelerated predictions, the GNN-based
approach combined with certain optimization algorithms can
enable us to explore huge design spaces that are intractable for
MD simulations. The proposed design candidates by the
combined framework can exhibit interesting new mechanisms
sometimes referred to as “new physics”, born out of the predictive
power of atomistic simulations. One example we show in this work
is that with the GNN-based approach, we reveal that atom-level
porous graphene membranes with low-stress concentration can
be designed following a composite design principle also known as
the continuum scale.
Moreover, multiple global properties can be derived from the

full distribution with just one shot as the field contains diverse
information about a structure. For instance, the average stress
reflects the modulus of the structure while the highest stress
indicates the cracking tendency. Therefore, the model can be
utilized to design multifunctional structures or to solve materials
performance tradeoffs. Finally, with the model that can predict the
full evolution of atomic properties, we can also leverage the model
to predict multiple history-dependent or path-dependent proper-
ties at the same time such as residual stress and elastic hysteresis
at different cycles.
However, there are several limitations that can be addressed in

future works. We here propose three possible directions: (1) One
of the most important extensions of the proposed GNN-based
approach is to further predict dramatic structural evolutions or
dynamical phenomena of crystalline solids. The current framework
focuses on static loading conditions and aims at linking the spatial
distribution of existing structural defects to atomic properties.
However, dynamic behaviors of defects are equivalently important
and are essential to liquid and gas systems or high-temperature
situations. To account for large structural evolutions, sequential DL
models including diverse recurrent neural networks (RNNs) can be
implemented together with our GNN model to encode the
temporal information. (2) The proposed model in this work is
mainly tested on crystalline systems with a single type of element
and bond. A next step to generalize this could be to validate the
model and evaluate its accuracy on multi-element systems. In
terms of the data representation for multi-element crystals, the
element type can be included with an additional dimension of
node feature vectors and different bonds can be discriminated
using edge attributes in the graph representation. (3) For certain
types of structural defects such as dislocations, the current graph
representation with fully atomistic descriptors might not be the
most efficient way to represent the crystals. Instead, we can treat
each dislocation as a node in the graph with node features being
dislocation properties such as Burgers vector and determine the
connectivity based on the slip planes. With the new

representation, the graph is simplified without including every
atom in the crystals, thus lowering the computational costs of
investigating large crystals.
In conclusion, the approach we propose shows high accuracy,

generality, and diversity in translation between structures and
properties on an atomic scale. Compared to the image-based
approach in continuum-level geometry-to-field translation38, the
graph-based approach better deals with the non-Euclidean
representation which covers diverse structures from microscales
such as crystals and molecules to macroscale including social
networks and structural buildings. The idea presented here can
also be applied to other applications in the science and
engineering problems, such as magnetic fields of spin systems,
electron densities in molecules, and mechanical states for
architected structures.

METHODS
Dataset generation
All the datasets with MD labels are generated using a large-scale
atomic/molecular massively parallel simulator (LAMMPS)61 and
visualized using OVITO’s python interface49. AIREBO empirical
interatomic potential62,63 is used for all calculations related to
graphene sheets and an embedded atom method (EAM)
potential64 is implemented for bulk aluminum. Below we discuss
in detail how each dataset is generated in different paragraphs.
In terms of polycrystalline graphene dataset, 2000 random

polycrystals of 2D graphene each in a fixed size of the unit cell
(128 Å × 128Å × 10Å and periodic along x and y directions) are
generated using an algorithm developed for investigating
mechanical behaviors of well-annealed polycrystalline graphene41.
Four different grain numbers (4, 8, 12, and 16) are investigated,
each containing 500 data. The unit cell is periodic in all three
dimensions but the graphene sheet only connects at the periodic
boundaries in x and y directions while the dimension in the z
direction is set large enough to avoid interactions of atoms across
the boundary. The distribution of grain sizes in the polycrystals
with different grain numbers is shown by the violin plot in Fig. 2a.
During the MD simulations, energy minimization is first performed
using a conjugate gradient algorithm to remove unreasonably
high energy configurations. After the energy minimization, the
system is then equilibrated in an NVT ensemble (T= 300 K) using
the Langevin thermostat for 20 ps. After the equilibration, the
ensemble average of atomic coordinates and stresses are sampled
and averaged over 40 ps which contains 2000 frames. The crystals
are equilibrated when sampling as shown in Supplementary Fig.
3a in which four random crystals of different grain numbers are
examined. We further reveal the distribution of target atomic
properties which are von Mises stresses after collecting the labels
from MD simulations (Supplementary Fig. 4a).
The second dataset we investigate is the porous graphene

dataset. The porous graphene dataset contains 2000 graphene
sheets with Cv varying from 0.0 to 0.1 uniformly (Fig. 3a). The
vacancies are generated by randomly deleting carbon atoms in a
perfect 2D graphene membrane based on Cv. The multi-vacancies
are those vacancy clusters with multiple missing atoms next to
each other. We calculate the number of single vacancies by
checking the environment of a missing atom. If there are no other
atoms missing in its nearest neighbors, the vacancy is the single
vacancy. The size of the periodic simulation cell is
127.9 Å × 127.8 Å (the length of a unit cell in the z- direction does
not matter in this case as there is no wrinkle in the z direction).
The porous graphene sheets are in zigzag chirality along the x
direction and in armchair chirality along the y direction (Fig. 3a).
Before the tensile test, the energy minimization is first carried out
using conjugate gradient algorithm. The porous graphene
membranes are then equilibrated in the NVT ensemble (Langevin

Z. Yang and M.J. Buehler

9

Published in partnership with the Shanghai Institute of Ceramics of the Chinese Academy of Sciences npj Computational Materials (2022)   198 



thermostat) first, followed by two runs in NPT ensembles
(Berendsen barostat) with different thermostats. The former run
in the NPT ensemble uses the Langevin thermostat while the latter
uses the Berendsen thermostat. The relaxation in each ensemble
lasts for 10 ps and the temperatures are set to 10 K in all
ensembles. The first run of relaxation in the NPT ensemble quickly
sets the pressure of the system to be zero and the second run is to
better equilibrate the temperature. After the equilibration, NEMD
simulations are performed to stretch the graphene membranes
along the x direction by changing the volume of the simulation
box. The strain rate of the tensile test is 0.2 ns−1 and the
magnitude of the tensile strain is 5%. After the tensile strain
reaches 5%, we keep the tensile strain and sample the atomic
stresses over 200 ps over 2000 frames at NVT ensemble using the
Langevin thermostat. The evidence of sampling convergence is
given in Supplementary Fig. 3b with four randomly picked data.
The distribution of target tensile stress in all crystals obtained from
sampling is manifested in Supplementary Fig. 4b.
Finally, we develop the polycrystalline aluminum dataset in

which there are 500 FCC polycrystals of bulk aluminum for each
grain number (4, 8, 12, and 16) which leads to 2000 data in total.
The random structures in a periodic 50 Å × 50 Å × 50 Å simulation
box are generated using Atomsk56 which construct polycrystals
with Voronoi tessellation. The grain size distribution is displayed in
Fig. 4a. The generated polycrystals are first relaxed using energy
minimization implemented with a conjugate gradient algorithm
and then equilibrated at 50 K under the NVT ensemble (Noose-
Hoover thermostat) for 50 ps. After the relaxation and equilibra-
tion, the simulation box is heated from 50 to 100 K in 50 ps with a
heating rate of 1 K/ps. The data of potential energy distribution is
collected using the frame right after the heating. The reason we
do not use a similar sampling as the porous graphene dataset and
perform NEMD at low temperatures is to avoid any possibility of
grain growth which can result in dramatic structural variations
beyond our interest. The grain growth will result in the merger of
different grains into one which only consists of a perfect FCC
lattice, making the prediction task trivial as all atoms are identical.
In addition, at lower temperatures, the thermal fluctuations in the
systems are negligible which requires fewer independent simula-
tions to obtain converged data. In order to obtain a converged
potential energy distribution for each polycrystal, we run
40 separate simulations with different initialization of velocities
to calculate the average atomic potential energies. The sampling
is converged as manifested in Supplementary Fig. 3c. The
distribution of atomic potential energies contains two peaks
(Supplementary Fig. 4c) which correspond to FCC lattices (sharp
peak with lower potential energy) and GBs (plain peak with higher
potential energy) separately.
The loading condition dataset and holey graphene dataset are

built based on the porous graphene dataset. The 400 porous
graphene membranes in the loading condition dataset are
randomly picked from the porous graphene dataset. The 400
crystals are put under tensile tests with ten different tensile strains
varying uniformly from 0.05 to 0.5 which leads to 4000 data in
total. The holey graphene dataset investigates the collective
behaviors of vacancies as holes distributed in available sites. The
detailed geometry of an individual hole and the design space is
further explained in Methods: Holey graphene design. For both
datasets, the setups of NEMD simulations (except different tensile
strains in the loading condition dataset) performed to obtain the
stress fields are the same as porous graphene dataset.

Graph representation
The results from MD simulations about the crystal structures and
atomic properties are represented by graphs used as input and
labels to train the GNN. Each atom is a node in the graph and the
connectivity between nodes are determined by the distance

between atoms. In all graphene-related datasets, two nodes are
connected by an edge if the distance between the corresponding
carbon atoms is smaller than a cutoff distance which is set to be
1.92 Å41. In terms of polycrystalline aluminum dataset, the cutoff
distance is 2.86 Å which is the distance between the nearest
neighbors in a perfect FCC crystal of aluminum. The edges are
only defined existence without edge attributes as all the systems
we investigate contain only single element. The node features
contain spatial information of atoms and the node labels are
target atomic properties. For all datasets, the numbers of nodes
and edges vary from crystals to crystals. The graphs representing
polycrystalline graphene sheets contain ~6600 nodes and 9900
edges. In terms of porous graphene membranes, the graph
representation has around 5900 nodes and 8850 edges. As for
polycrystalline aluminum dataset, the node number and the edge
number are about 7500 and 45,000 respectively.

Graph neural network
The GNN model we use in this work is based on an architecture
known as principal neighborhood aggregation (PNA)40 which
achieves great performances on the graph regression and
classification tasks. The PNA model combines multiple aggrega-
tors which affect how the messages between nodes are passed
with a degree-scaler which generalizes the sum aggregator. There
are mainly four different aggregators in the architecture, namely
“mean”, “maximum”, “minimum”, and “standard deviation”. The
aggregators collect the messages from neighboring nodes and
apply the mathematical operation as the name indicates to the
messages. The node is then updated based on the received
messages. In terms of the degree-scaler, it allows the network to
amplify or attenuate signals based on the degree of each node.
We have three different types of degree-scalers in our model
which are “identity”, “amplification”, and “attenuation” which
function as the name indicates. Combing the two strategies, the
PNA approach is able to improve the performance of GNNs. In
order to perform the supervised node regression tasks in which
labels of each node instead of the label of the whole graph are
predicted, we remove the final pooling layer in the original model
and train the model with a loss function summarizing the mean
square error for each node. All the ML calculations are performed
using Pytorch65 and PyTorch Geometric66.
The model architecture is shown in Supplementary Fig. 5. First

of all, the input graph is sent to the input block which uses a
combination of PNA convolutional (PNAConv)66 layer, Gated
Recurrent Unit cell (GRUCell)65, and Batch Normalization layer
(BatchNorm)66 to upscale the dimension of node features (the
output dimension is called hidden dimension). Then the graph is
passed to the message passing block which contains N-time (N
determines the complexity of the model) repetition of the
combined layers. Within the block, nodes communicate with each
other by passing the messages given the node features plus
connectivity and update their own node features considering the
received messages. Finally, a readout block consisting of a single
PNAConv layer is attached at the end to downscale the hidden
node features to the target node labels. In terms of the
hyperparameters, we fix the number of “tower”66 to be 1 for the
PNAConv layers in the input and readout block and five for the
message passing block across all datasets. In addition, the
numbers of transformation layers before and after the aggrega-
tion are set to be 1 in all models. Other hyperparameters of the
model architectures which vary from cases to cases are included in
Supplementary Table 1. The adjustments of hyperparameters are
based on the loss of models on the validation set. The hidden
dimensions can be either 25 or 50. The value of N can vary from 5
to 13 with an interval of 2.
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Model training and evaluation
All datasets are split into the train set (70% data), test set (20%
data), and validation set (10% data). We train the models for 500
epochs on one or two NVIDIA Tesla V100s each with 32GB
memory.
The learning curves of three different datasets are shown in

Supplementary Fig. 6 which indicate the convergence of training
for all three cases. The loss functions of our supervised node
regression tasks are defined using the mean square error:

LMSE ¼
X

i

ðyML
i � yMD

i Þ2 (1)

In which LMSE refers to the mean square loss and i is the index of
each node or atom, yML

i is the prediction of node label from the
ML model while yMD

i is the node label from MD simulations. In the
training of the holey graphene dataset in which all the structures
have the same Cv. In terms of evaluation of the model
performance, we calculate the normalized relative error of graphs
in the test set. The term “normalized” refers to the operation in
which we scale all the values of node labels to values between 0
and 1. The reason we perform normalization is that in cases such
as the polycrystalline aluminum dataset, the potential energies
vary within a small range compared to the absolute values which
leads to intrinsically low relative error. Therefore, the normalized
error can better reflect the model’s performance and set the same
standard for different datasets. The mathematical expression of
normalized error for one graph is written as follow:

REnorm ¼ 2
N

X

i

yML
norm;i � yMD

norm;i

yML
norm;i þ yMD

norm;i

�����

����� (2)

Where REnorm is the normalized relative error and N is the number
of nodes in the graph. yML

norm; i and yMD
norm; i are the normalized values

of yML
i and yMD

i .

Model comparison
In order to validate the selection of PNA architecture, we compare
the performance of the model with other commonly used GNN
architectures including graph convolutional network (GCN)67,
graph attention network (GAT)68, and message passing network
(MPNN)69. We implement two different MPNNs whose aggregators
are “sum” and “max” respectively40 (correspond to the annotation
“MPNN (sum)” and “MPNN (max)”). The comparison is performed
on the polycrystalline graphene dataset by collecting the
distribution of mean square errors (MSE) in the test set. The same
model architecture as shown in Supplementary Fig. 6 (only the
convolutional layer differs) is utilized for a fair comparison. To
avoid overfitting, additional Dropout layers66 are attached in the
GAT and MPNN models. In terms of the choice of hyperpara-
meters, we keep the layer depth (“N” in Supplementary Fig. 6)
to be constant at 5 in all models and the hidden dimension is set
to 50. Although the same choice of hyperparameters leads to
different numbers of weights in different models, we prove that
the number of trainable weights is not a major factor in the model
performance by varying the hidden dimensions. All models are
trained for 500 epochs to reach convergence. The distributions of
MSE for all 5 models are visualized in box plots displayed in
Supplementary Fig. 7. As the figure indicates, the PNA model
reaches the highest accuracy as the predictions show the lowest
mean value and variation of MSE compared to GCN, GAT, MPNN
(sum), and MPNN (max) models.

Significance illustration
To demonstrate the significance of this work, we have shown that
for the polycrystalline graphene dataset, the predictions of the
GNN model can link the ensemble average of atomic structures to
the stress field which can not be realized by the simple on-the-fly

stress calculation of MD simulations. In addition, in the porous
graphene dataset and the polycrystalline dataset, the atomic
properties are calculated with certain boundary conditions such as
tensile loading and temperature change. The GNN model is able
to predict the final atomic property distributions with the initial
equilibrium structures. To examine whether the final atomic
properties can be simply derived from the initial property
distribution, we perform a linear fitting based on the labels given
the initial atomic properties. MD simulations are utilized to
calculate the initial atomic properties given the initial atomic
structures. The linear fitting basically adds a constant value to the
property of each atom. For instance, for porous graphene, the
increase of tensile stress of each atom is the multiplication of
Young’s modulus and the tensile strain. As Supplementary Fig. 1b,
c show, for both porous graphene and polycrystalline aluminum
cases, the errors of linear fitting are much higher than the GNN
predictions. As a result, the relations between initial atomic
structures and the final property distributions are nonlinear and
the prediction tasks are nontrivial even with small structural
evolutions.
The major goal of the proposed approach is focused on

accelerating predictions of atomic properties that are influenced
by distributions and structures of defects. The accuracy of
predictions is as high as the training data calculated using MD
simulations with no new physics beyond. However, the acceler-
ated toolbox presented here makes it feasible to search for
promising designs out of a massive set of candidates, thus
proposing interesting designs and associated mechanisms.

Holey graphene design
In the holey graphene design, each hole contains 24 vacancies.
The geometry of the hole follows a previous work of designing
holey graphene with tunable thermal conductivity using ML29. The
holes are distributed in a hexagonal pattern in which the distance
between holes along the y direction is 21.3 Å which are 15 times of
the bond length. The hole sites are periodic along the y direction
and symmetric about the y axis as the designs of interest with low-
stress concentration are more likely to be symmetric given the
loading is along the x direction. As a consequence, there are 5 × 6
holes (x × y) in the sheet which leads to 30 available sites in total.
For a pair of designs which are symmetric about the x-axis, the
mechanical response should be the same, thus only one of them
being considered. For minimizing the overall stress concentration,
we allow 13 holes to be selected among 30 available hole sites to
avoid the effect of density variation. Therefore, the Cv of all
possible designs is fixed at 0.05. Given all the constraints
mentioned above, the number of possible combinations in the
design space is 12177. In terms of designing local stress patterns,
we only consider those structures which follow the same
geometry as the diamond-shaped strips and allow the Cv to vary
from 0.0154 (four holes) to 0.0769 (20 holes). As a result, there are
838 possible combinations in the design space. In the design
problems, all the stress fields are ground truth for validation
calculated using NEMD simulations.
We implement the GA using a package in python named

Pymoo70, a framework that offers state-of-art single- and multi-
objective optimization algorithms. The GA is a search process that
imitates the natural selection during evolution which involves with
operations such as sampling, selection, crossover, and mutation. In
our case, we utilize random sampling, simulated binary crossover,
and polynomial mutation which are provided by the package70.
The variables in the design spaces are either 0 or 1 and the
population size is set to 20. In order to fix the Cv in the design, we
add large penalty to the objective function if the number of holes
is not equal to 13. To quantify the uncertainty of the optimization
process, we initialize the GA with different random seeds for 1000
times to collect the optimal objectives after each optimization
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process and the number of calculations needed for convergence.
Supplementary Fig. 8 shows the distribution of the optimal
objectives and the number of calculations with different
initializations. As the Supplementary Fig. 8a indicates, in most
cases, the GA can locate the global minimum given the
parameters we set up for GA. For all 1000 initializations, the
optimal objectives are much lower than the mean stress
concentration of all possible geometries. Furthermore, the number
of calculations (the number of geometries whose property is
calculated until convergence) is generally lower by more than an
order of one magnitude compared to the total number of possible
geometries, which validates the low computational cost of
using GA.
In terms of designing local stress patterns, we select the tilt

strips with a width the same as the hole’s diameter (~7.52 Å). The
target regions exclude the sites of holes to put different structures
on the same page when discussing the stress distributions. Given
the symmetry, we extract the stress distribution in one out of four
diamonds and the stresses are plotted clockwise across four strips,
starting from and also ending up with the lowest position in the y
direction. The target regions of vertical and horizontal cases are
visualized in Supplementary Fig. 2a, b. The objective function of
designs is calculated by averaging the σxx of each atom in the
region which is maximized to obtain high stress strip patterns.
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