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Abstract

Strut-based lattice materials with uniform topology have recently received many attentions from scientific and industrial
communities because of its exceptional mechanical properties—e.g., high strength-to-weight ratio and energy-absorption-to-weight
ratio—and ease of manufacturing. However, many natural strut-based lattice materials show highly nonuniform topology and
exhibit much larger design space in terms of linear and nonlinear mechanical behaviors. The exploration of this vast design space
is very challenging. Recently, owing to the emergence of deep learning (DL) neural networks, DL-based approach offers great
potential to tackle traditional challenges. In this preliminary study, an integrated numerical-DL approach has been developed to
tuning the mechanical response of nonuniform strut-based materials. A nonuniform triangular topology was selected to construct
strut-based lattice material as an example. Linear elastic material model was employed for each strut of lattice materials. Graph
neural network was chosen to build surrogate model to predict global mechanical response—particularly nondimensional effective
stiffness, nondimensional effective critical strength, and effective Poisson’s ratio—of lattice material. Genetic algorithm was
exploited to inversely design nonuniform strut-based lattice materials with optimized properties. The nondimensional effective
stiffness, nondimensional effective critical strength, effective Poisson’s ratio can be easily tuned in a wide range. Our results
demonstrated the feasibility of our integrated approach to design highly nonuniform strut-based lattice materials.
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1. Introduction

Lattice material is a lightweight material often constructed by struts, plates, or shells. The architecture of lattice
material defines its mechanical response. Due to its high degree of freedom in design and technological advancement
in additive manufacturing, lattice material has attracted increasing interest from scientists and engineers since the
beginning of this century (Benedetti, du Plessis et al. 2021). For example, by designing the architecture of lattice
material rationally, researchers have demonstrated its unique mechanical properties—e.g., ultrahigh strength-to-
density ratio (Schaedler, Jacobsen et al. 2011), negative Poisson’s ratio (Xue, Lin et al. 2023), and negative stiffness
(Ha, Lakes et al. 2019). These extraordinary mechanical properties make lattice material an excellent option for many
industrial applications—e.g., aecrospace (Najmon, DeHart et al. 2018), biomedical implants (Murr, Gaytan et al. 2010),
heat dissipation (Wadley and Queheillalt 2007), energy absorption (Sunder Sharma, Yadav et al. 2022), and filters
(Pan, Han et al. 2020). Despite of these attractive properties, lattice material can easily experience catastrophic failure
modes—e.g., brittle-like crack propagation under uniaxial tension and buckling under uniaxial compression—because
of its uniform architecture, thereby becoming a challenge in wider industrial applications. To tackle this challenge,
we and others have recently started to investigate nonuniform lattice material—its nonuniformity can be controlled
globally or locally. Lattice material that is carefully designed on its nonuniformity has the potential to obtain enhanced
mechanical response—e.g., higher buckling resistance (Maurizi, Gao et al. 2022) and damage tolerance (Gu, Chen et
al. 2018).

Given the promising mechanical response of nonuniform lattice materials, there has been surprisingly little study
done on the design of nonuniform lattice materials. Three main challenges in design are: (1) complexity in building a
theoretical model to predict the mechanical response of nonuniform lattice material. Theoretical modeling is a classic
design approach for simple uniform lattice material. Despite its advantages in providing faster prediction and a deeper
understanding of physical mechanisms, theoretical modeling is very difficult to apply to nonuniform lattice materials
because of its complex architecture and stress state. (2) large parametrical space of nonuniformity lattice material.
Unlike traditional uniform lattice material, nonuniform lattice material has much larger parametrical space. For
instance, strut-based lattice material can have nonuniformity in geometrical parameters—e.g., topology, connectivity,
strut thickness—and material combinations (Pan, Han et al. 2020). Although large parametrical space produces
tunable mechanical properties, it requires a lot of experimental study that is challenging or inconvenient to accomplish.
(3) high computational cost of simulation. To evaluate the homogenized mechanical response of nonuniform lattice
material, a much larger model is required to be built in finite element analysis (Roberts and Garboczi 2002). Moreover,
large parametrical space also causes more need to build different models of nonuniform lattice material for simulation.
This drawback adds additional time and cost in designing.

More recently, the emergence of deep learning (DL) neural networks has enabled the possibility to develop DL-
based design approaches for lattice material. Owing to DL’s advantages in a much lower computational cost compared
to traditional methods, excellent adaptation to complex structures, and ability to explore the large design space given
by the tunable mechanical properties of the nonuniform lattice structure, also due to the lack of human intuition linked
to the process, DL-based design approach offers high potential in assessing, designing and predicting mechanical
responses of lattice material. Specifically, graph neural network (GNN)—one of the recently developed DL neural
networks is developed to process graph-based data—represents strut-based lattice structure by nodes and edges,
making GNN an ideal tool to tackle the main challenges of designing nonuniform lattice material. GNN has been
preliminarily utilized for the prediction of lattice structure properties, showing its excellent ability to predict lattice
materials (Maurizi, Gao et al. 2022, Jiang, Wang et al. 2024).

This paper describes the design of nonuniform triangular strut-based lattice material with tunable mechanical
response—specifically, nondimensional effective stiffness, nondimensional effective critical strength, and effective
Poisson’s ratio. The design method exploits traditional genetic algorithm (GA) and recent GNN; GNN works as a
surrogate model to predict the mechanical response of nonuniform strut-based lattice material. The paper is organized
as follows: the methods are detailed in Section Error! Reference source not found.. The GNN prediction results and
GA optimization results are presented and discussed in Section Error! Reference source not found.. The conclusions
of this work are given in Section Error! Reference source not found..
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2. Methods
2.1. Finite Element Simulation

The nonuniform triangular lattice material, as shown in Fig. 1A, has 20 nodes and 43 struts. To construct the dataset
of nonuniform triangular lattice material, the initial horizontal coordinates of the nodes are randomly generated by
using NumPy library (Harris, Millman et al. 2020) through the function random.uniform—function draws samples
uniformly distributed over a half-open interval. The initial vertical coordinates of the nodes are fixed. Each set of
coordinates is associated with one specific design and a total of 10,000 coordinates set has been created. The
geometrical parameters selected for the construction of the dataset are L, =4 mm and L, = [2.5, 3.5] mm,
respectively. The in-plane thickness of rectangular strut was kept as t, = 1 mm, while the out-of-plane thickness of
that was kept as t;,, = 20 mm to avoid the buckling of structure in out-of-plane direction. Linear elastic material
model—Young’s modulus E = 1 GPa and Poisson’s ratio v = 0.3—was assigned for struts. All FE models were
meshed with 10 quadratic Timoshenko-beams elements per strut after the study of mesh sensitivity has been
performed. The structural analysis to determine the critical displacement (5.5 ) of structural instability was first solved
by ABAQUS/BUCKLE to obtain eigenmodes. By introducing first eigenmode with imperfection, the lattice structure
was subjected to a displacement of §,, = 28-z—displacement that allows the examination of the non-linear response
of buckling behavior. The FE results—reaction forces, nodal displacements, and coordinates—were stored as database
for training, validation and testing in the deep learning. Commercial FE software ABAQUS 2022 was exploited to
perform simulations on a 8-core Intel® Core™ i7-11800H Processor @2.30 GHz PC with 32 GB RAM.

Ly

x
Figure 1 (A) The schematics of nonuniform triangular lattice structure, and (B) its graph representation for deep learning.
. . . . = F/(tp'L — Sx/L . .
The effective stiffness and Poisson’s ratio were defined as £ = M, v= - Sllx o _ 23 respectively. F is
8y/Ly Sy/Ly &yy
the sum of all vertical reaction forces acting on the top nodes; &, is the averaged strain in direction x; &,,, is the
averaged strain in direction y. Moreover, the critical load g, was obtained by choosing the initial slope change of

force-displacement curve.

2.2. The architecture of Graph Neural Network

GNN—deep neural network that operates on graph data (Scarselli et al., 2009)—offers potential to represent lattice
structure as graph without losing topological information in an efficient way. Graph Attention Network (GAT)
(Velickovi¢, Cucurull et al. 2017)—a GNN layer model uses a shared attentional mechanism to compute an attention
coefficient that can specify the importance of each node’s feature to the others—was exploited in this study. The
PyTorch Geometric (Fey and Lenssen 2019) library was employed within the PyTorch framework (Paszke, Gross et
al. 2019) to implement deep learning model. The graph were composed of the same nodes and edges as those of the

lattice structure (Npoge = 20, Npgge = 43), as shown in Fig. 1B. €)' = (x;,;,6;) and €f = (xU,y,-]-, | |li1’|| ,Ef, Elb)
are input features for node and edge, respectively. x; is the x-axis coordinate of the node i; y; is the y-axis of the node
i; and &; is the applied displacement on the node i; x;; = x; — x; is the distance in x direction between node i and node
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J connected by the strut; Similarly, y;; = y; — y; is the distance in y direction;

li]-|| = /x;;* +y;;* is the euclidian

norm of distance vectors; E{** = “115,4” is the axial stiffness where E is the Young’s modulus and A4 the area of strut
ij
profile; E? = ﬁ is the bending stiffness where 7 is the moment of inertia. The FE results—nodal displacement,
ij

reaction forces, effective stiffness, effective strength and effective Poisson’s ratio—were embedded in an output
vector. The edge feature, node feature and ground truth values were normalized using StandardScaler function from
the sklearn library. The first layer of the multi-head attention mechanism was stabilized using concatenation, while
the others GAT layers were performed by averaging because of the loss of sensibility of the GAT final layer
(Velickovi¢, Cucurull et al. 2017). The final layer was composed of a pooling layer—global mean pool that returns
batch-wise graph-level outputs by averaging node features across the node dimension. To train this networks, Mean

Absolute Error (MAE) = % ™ |lyi — 9] was employed as loss function. The Adam optimizer was used with an initial

rate of 0.001 for the model predicting effective stiffness and effective Poisson’s ratio and 0.0009 for the model
predicting the effective strength, respectively. Moreover, the exponential decay y of the Adam optimizer was kept as
0.95 every epoch for above three models. L2 regularization was adopted to reduce overfitting with a 1 x 10~5 weight
decay of the prediction of the effective stiffness and effective Poisson’s ratio and 2 x 10~° weight decay for the
prediction of the effective strength, respectively. Mini-batching was also employed on training and validation dataset.
The total number of data was 10000 and the database was split as follows: 60% of training data, 20% of validation
data, and 20% of testing data.

2.3. Inverse Design Algorithm

GA—an algorithm is inspired by biological evolution process (Michalewicz and Schoenauer 1996)—is designed
to solve problems with multiple solutions and complex search spaces. Inspired by our work (Maurizi, Gao et al. 2022),
we developed the inverse design of nonuniform lattice structure by integrating GA as shown in Fig. 2.
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Figure 2 The schematics of inverse design algorithm

The algorithm was run 10 times for each category goal, and GNN’s predictions were validated by evaluating the
best final designs through FE simulations. The detailed steps to build inverse design algorithm were described as
follows.

1) The random.sample function from the Python random is employed to select an initial population of 100
individuals. This function returns a list of items randomly chosen from the sequence.
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2) The previously trained GNN is utilized to assess the fitness of these individuals.

3) Parents are selected using random.choices function. The probability of selection is weighted based on the fitness
score of each individual. The probabilities are calculated as p,, = %, where total fitness is the sum of the
N individuals.

4) To generate offspring, a center one-point crossover is used. It results in a child with half of genes from the first
parent and half of genes from the second.

5) Offspring is also subject to mutation, and a probability of 0.01 was assigned for each structural node.

6) The offspring’s fitness scores are evaluated, and the fitness functions are computed. Subsequently, a comparison
is made between the offspring and the parents, considering their fitness scores. Children with higher scores replace
parents with lower scores. The fitness function is calculated as f = fz + f, - w,, + f,,y "W, , where: fp =
_|Etarget - Eindividual'/E; fv = _|Utarget - Uindividual'/V; foy =- Uytarget - inndividual /E; w, is the
weight of the Poisson’s ratio and Wo,, is the weight of the strength.

7) The iteration of this process repeats over 100 generations.

3. Results

Fig. 3 shows the model performance after the hyperparameters of GNN were carefully tuned. Overall, the model
reaches high coefficient of determination R?>—the prediction of nondimensional effective stiffness is R? = 0.984
(Fig. 3A); the prediction of nondimensional effective strength is R? = 0.946 (Fig. 3B); and the prediction of effective
Poisson’s ratio is R? = 0.945 (Fig. 3C). The prediction of nondimensional effective stiffness reaches the highest R2.
Interestingly, these results show the designed GNN works excellently as a surrogate model to predict different
unrelated mechanical properties of nonuniform triangular lattice structure. The strong ability of GNN to process graph-
based data ensures that the topological information of nonuniform lattice has been correctly included.
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Figure 3 The coefficient of determination R? for (A) the prediction of nondimensional effective stiffness, (B) nondimensional effective critical
strength, and (C) effective Poisson’s ratio by designed GNN.

Fig. 4 shows the results of inverse-designed nonuniform triangular lattice structures and their mechanical properties.
Overall, the initial design space of three different mechanical properties has been expanded after the optimization was
performed by inverse design algorithm. Specifically, Fig. 4A shows the upper limit of E/E increased from ~0.18 to
~0.2 and the upper limit of v increased from ~0.22 to ~0.26 when the target of inverse design algorithm was set to
maximize E/E and v, simultaneously. Fig. 4A also shows the lower limit of E/E decreased from ~0.12 to ~0.1 and
the lower limit of ¥ decreased from ~0.1 to ~0.02 when the target of inverse design algorithm was set to minimize
E/E and v, simultaneously. Similarly, Fig. 4B shows the upper limit of E/E increased from ~0.18 to ~0.2 and the
upper limit of 6,,./E increased from ~0.003 to ~0.0038 when the target of inverse design algorithm was set to
maximize E/E and G, /E, simultaneously. Fig. 4B also shows the lower limit of E/E decreased from ~0.12 to ~0.1
and the lower limit of ,,./E decreased from ~0.002 to ~0.0016 when the target of inverse design algorithm was set
to minimize E/E and &, /E, simultaneously. Finally, Fig. 4C shows the upper limit of ., /E increased from ~0.003
to ~0.0034 and the upper limit of ¥ increased from ~0.22 to ~0.024 when the target of inverse design algorithm was
set to maximize 0., /F and v, simultaneously. Fig. 4C also shows the lower limit of 6., /E decreased from ~0.002 to
~0.0017 and the lower limit of v decreased from ~0.12 to ~0.04 when the target of inverse design algorithm was set
to minimize 0., /E and vV, simultaneously.
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Figure 4 Expanded design space of three different mechanical properties after inverse-design algorithm optimized the design of nonuniform
lattice structures. Black dash line represents the initial design space, while green dash line represents the expanded design space.
However, Fig. 4 also shows the discrepancy between GA predicted values and FE simulated results. All solid
symbols in Fig. 4 were the results of FE simulations, while all hollow symbols were the values predicted by GA. To
investigate the reasons to explain this discrepancy, extensive study has been performed by setting different target

E G _ . . : :
values for %, Jm;g 2 Viarget» Tespectively. Fig. SA shows that the discrepancy between GA predicted and FE

simulated E,pqineq/E increases as Eyqp4e¢/E increases. Interestingly, the discrepancy becomes more significant
when E;qrge/E 1s larger than 0.2. It is clearly to demonstrate that GNN, as a surrogate model, can predict the
E obtained/E
Etarget/E
0.2—in case the value of nondimensional effective stiffness is inside or close to the range of training dataset. However,
the prediction becomes poorer—e.g., % ~ 1.47 when Eyg,. 40 /E was set as 0.3—when the nondimensional
target
effective stiffness of new designs are far from the range of training dataset. Similar trend has also been observed in
Ooptained/E (Fig. 5B) and v, 4ineq (Fig. 5C). When the target value of 0, ;4inea/E and Vopiqinea 18 set closer to the
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Tobtained/E 1 05 when Orarget/ E was
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nondimensional effective stiffness of new designs accurately—e.g., ~ 1.1 when Emrget/E was set as
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set as 0.004; ?ﬂ ~ 1.04 when V, 4,40 Was set as 0.2. When the target of value of these two nondimensional
target
Oobtained/E ~

Gtarget/E

1.38 when 8,4, 40¢/E was set as 0.01; 222tained ~ 1 27 when V4,40, Was set as 0.5. However, despite the poor

Vtarget
prediction accuracy, the inverse design algorithm can successfully build novel lattice materials with enhanced
mechanical properties that are beyond the initial range of training dataset.
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Figure 5 Comparison between GA predicted mechanical properties—(A) nondimensional effective stiffness, (B) nondimensional effective
critical strength, and (C) effective Poisson’s ratio—and FE simulated results
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The comparison between the initial and final ranges—the value of range were corrected by FE simulations—are
summarized in Table 1. These results show the significant enhancement of design space, which obtained by our
constructed inverse design algorithm driven by GNN.

Table 1: Comparison between initial and final design space of nonuniform triangular lattice structures

EJE Ger/E v
Initial range [0.11,0.19] [0.019, 0.0032] [0.075, 0.237]
Final range [0.049, 0.32] [0.0006, 0.0052] [-0.12, 0.28]

4. Conclusions

In this study, GNN-GA driven inverse design algorithm that can create new nonuniform triangular lattice structures
with target mechanical properties is developed. Initially, 10,000 datasets were randomly selected to build training,
validation and testing datasets. The GNN was then trained to achieve best prediction performance as a surrogate model
in the inverse design algorithm. Subsequently, GA was implemented as global searching algorithm to successfully
optimize the design of nonuniform triangular lattice structures with target properties—nondimensional effective
stiffness, nondimensional effective critical strength and effective Poisson’s ratio. These findings provide promising
approach to design complex nonuniform lattice structures.
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