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A B S T R A C T

Energy-absorbing architected metamaterials, featuring dissimilar sub-elements arranged in deliberate patterns, 
can achieve a notably wider array of mechanical properties compared to their uniform counterparts. The 
traditional design of these heterogeneous structures typically depends on expert knowledge and requires 
considerable trial-and-error effort. Here, we introduce a data-efficient approach for the inverse multi-objective 
design of high-energy absorbing, three-dimensional, heterogeneous mechanical metamaterials comprised of 
the combination of two distinct plate-based unit cell topologies. This approach proposes a framework that pairs a 
Deep Neural Network (DNN) with a Genetic Algorithm (GA), supported by finite element (FE) simulations, to 
inverse design heterogeneous metamaterials with tailored Young’s modulus (E), while maximizing energy ab
sorption capacity and minimizing relative density (ρ). We applied this method to orthopaedic implants, as a case 
study, to design structures with a desirable biocompatible elastic modulus, enhanced energy absorption effi
ciency and minimized ρ. To the best of our knowledge, this is the first inverse design framework that integrates 
clustering-aware deep neural networks with evolutionary optimization, enabling accurate and efficient design of 
heterogeneous plate-based lattices with tailored mechanical performance.

1. Introduction

Lattice and cellular structures have attracted growing attention in 
recent years due to their exceptional mechanical performance and 
versatility across engineering applications [1–12]. Such architectures 
can achieve high stiffness-to-weight ratios, tunable energy absorption, 
and multifunctionality, making them ideal candidates for lightweight 
structures, protective devices, and biomedical implants. With the rapid 
advances in additive manufacturing, the design space for these struc
tures has significantly expanded, enabling the realization of complex 
unit cells, hierarchical features, and heterogeneous architectures that 
were previously infeasible [13–25].

Despite these advances, the inverse design of lattices, i.e., mapping 
target properties back to structural parameters, remains a formidable 
challenge. Conventional forward simulations or experimental trial-and- 
error approaches are computationally costly and scale poorly with 
increasing design complexity. To address this, machine learning (ML) 
surrogates have been developed to accelerate property prediction 

[26–31]. Coupled with optimization algorithms such as genetic algo
rithms (GAs) and evolutionary strategies, such surrogates have enabled 
the design of lightweight and energy-absorbing cellular structures 
[32–36]. More recently, deep learning and generative models have been 
introduced for lattice design [30,37–43], and physics-informed ML 
frameworks have emerged as promising alternatives [44,45]. However, 
these methods typically require large datasets or are restricted to ho
mogeneous designs, narrow unit cell families, or single-objective opti
mization, limiting their applicability to realistic heterogeneous systems.

A particularly underexplored area is the systematic treatment of 
heterogeneity in lattice design. Heterogeneous lattices, where strut or 
plate properties vary spatially, offer opportunities for enhanced multi
functionality, but also introduce substantial challenges in capturing 
property–structure relationships [46,47]. To the best of our knowledge, 
no prior study has explicitly incorporated clustering-based descriptors to 
model and exploit heterogeneity effects in inverse design. Furthermore, 
most existing frameworks do not balance computational efficiency with 
accuracy when targeting multiple properties such as elastic modulus, 
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yield strength, and energy absorption simultaneously.
In this work, we propose a novel hybrid framework that integrates 

deep neural networks (DNNs) with genetic algorithms (GAs) for the 
inverse design of heterogeneous plate-based lattices (see Fig. 1). Our 
approach introduces clustering descriptors to explicitly account for 
heterogeneity, enabling accurate prediction and optimization of com
plex property relationships. Importantly, the framework achieves high 
accuracy with relatively small datasets, avoiding the prohibitive 
computational cost associated with large-scale generative or physics- 
informed approaches [48–51]. This combination of 
clustering-awareness and computational efficiency allows us to design 
lightweight structures with tailored trade-offs between stiffness and 
energy absorption, offering new possibilities for practical lattice 
applications.

The remainder of this paper is organized as follows: Section 2 pre
sents the problem definition and outlines the proposed inverse design 
framework, including the unit cell selection, mechanical targets, and 
simulation setup. Section 3 describes the training and validation of the 
deep learning model and details the implementation of the genetic al
gorithm for optimization. In Section 4, we present and discuss the results 
of the inverse design, including the analysis of the top-performing 
configurations and the identification of effective structural motifs. 
Finally, Section 5 summarizes the key conclusions and outlines potential 
directions for future research.

2. Materials and methods

This section presents the full methodology behind the proposed 

inverse multi-objective design framework. We begin by formulating the 
design problem within a biomedical context, specifically targeting bone 
scaffolding applications. The mechanical targets, material selection 
rationale, and design objectives are first established. We then (as shown 
in Fig. 1) detail the construction of the design space, including unit cell 
selection, configuration strategy, and finite element (FE) simulation 
setup for mechanical property extraction. Experimental validation is 
provided to ensure the fidelity of the simulation approach. Next, we 
describe the data preprocessing and machine learning pipeline, 
including the development and training of a deep neural network (DNN) 
to predict key mechanical properties. Finally, we outline the genetic 
algorithm (GA)-based inverse design process used to identify optimal 
configurations that satisfy mechanical constraints while maximizing 
energy absorption and minimizing relative density.

2.1. Multi-objective problem

The developed framework was used to tackle the bone scaffolding 
problem in the biomedical field, as a case study to demonstrate the ef
ficiency of the proposed design approach. The characteristics of the bone 
are not easily predictable and could differ based on multiple factors, 
including age, gender, bone composition, race, and bone site in the 
human body. Bone structure is generally categorized into cortical and 
cancellous macroscopic forms, with E of the cortical bone reaching 30 
GPa, while that of the cancellous bone can vary between 0.02 and 2 GPa 
[52]. Whilst the natural bone tissue has a significant healing ability in 
the case of minor defects, critical-size bone defects cannot be sponta
neously healed and require structural reinforcement to bridge the bone 

Fig. 1. Schematic illustrating the developed framework for the inverse design of heterogeneous lattice structures. (a) FE modelling of the quasi-static compression 
test for a lattice configuration consisting of two distinct unit cell topologies. (b) Extraction of elastic modulus (E) and energy absorption efficiency (η) from the FE 
simulation result. (c) Vectorization of the input data to a DNN model by combining configuration and clustering data. (d) Using the DNN model to predict E and η. (e) 
Comparison of the DNN model predictions and the FE simulation results. (f) Identifying the configurations to be filtered within the design space. (g) Assessing the 
results in terms of η and ρ, considering the boundary conditions (E range). (h) Using the fitness function of the GA to identify the best candidate considering the 
design requirements. (i) Uncovering the best design.
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gap and promote the repair process. Metals and polymers are being 
employed for such bone implants; however, the latter have demon
strated relatively better outcomes, primarily due to their closer me
chanical properties to those of natural bone [53]. Although metals 
exhibit higher stability compared to polymers, they often present 
significantly higher stiffness than natural bone [54]; this mismatch in 
mechanical properties enhances the risk of stress shielding that could 
result in poor integration of the scaffold by impeding the remodeling 
process in the host bone matrix [55]. This limitation of metallic implants 
can be alleviated by using AM to create intricate, porous lattice struc
tures with precisely controlled architecture offering mechanical prop
erties that can be finely tuned to better match those of natural tissues, at 
a lower weight, while ensuring the required permeability for improved 
integration.

To demonstrate the efficiency of the developed design framework, 
here we consider the inverse design of a scaffold for possible implan
tation in the femur bone area as a representative application. We set the 
stiffness of our heterogeneous structure as that of the bone in the 
proximal femur (E ranging between 1.3 and 1.4 GPa) [56], necessary for 
effective load bearing and stress distribution. Subsequently, we explored 
the design space for the structures with the highest energy absorbance at 
the lowest ρ that can fulfill this E range. In this design methodology, the 
mechanical response of the structure is characterized by its compressive 
stress-strain curve and the energy absorption that would provide 
important insights into its load-bearing behavior. E is estimated as the 
slope of the linear segment in the stress-strain curve to quantify the 
material's resistance to external stress before permanent deformation. 
The yield strength (Y) is defined as the stress corresponding to 0.2 % 
permanent strain, indicating the onset of plastic deformation. Addi
tionally, energy absorption efficiency (η) was considered as a critical 
metric reflecting the structure’s capacity to deform and absorb energy 
before collapsing under load. It was estimated by the area under the 
stress-strain curve up to the densification point, a point at which the 
structure loses the ability to efficiently absorb energy due to the notable 
increase in its density [57] (see Fig. A1).

To design this structural metamaterial, we utilized 4 × 4 × 4 cubic 
configurations of two distinct unit cells as the model input. This specific 

configuration was chosen to create a balance between the level of 
architectural complexity and computational efficiency. The individual 
unit cells were selected from the plate-based topological category. This 
class of lattice structures, formed by arranging plates along crystal 
structure planes, offers uniform mechanical properties in all directions, 
reaching much higher E and Y in the same relative density as their 
counterpart strut-lattice structure with the same base topology [58], 
while offering a high energy absorption property under compression 
[59,60].

As shown in (Fig. 2), the Face-Centered Cubic (FCC) plate-based 
design (type-A) was selected as the base unit cell, due to its high en
ergy absorption capacity [13]. This bending-dominated topology has 
been successfully used in bone scaffolding applications in the past [61]. 
Its energy dissipation property, combined with structural integrity, 
makes it an excellent choice for the discussed application. The second 
unit cell design comes from a combination of FCC (bending-dominated 
topology) with Simple Cubic (SC) (stretching-dominated topology) unit 
cells to create a reinforced version of the FCC topology with higher 
stiffness (type-B) [13]. Here we implement the developed design strat
egy to carefully balance the number of each of these unit cells in the final 
arrangement to achieve a structural configuration that would meet the 
requirements of stiffness (E), offering the highest energy absorption ef
ficiency (η) at the lowest ρ.

2.2. Property prediction

The total number of possible heterogeneous design configurations in 
the X-Y plane is 65,536. We considered the response of the flipped 
configurational geometries with respect to the X-direction, Y-direction, 
and the combination of X and Y-direction to be identical under the quasi- 
static compression test [62] (Fig. 3a). After filtering out these repetitive 
configurations, the dataset was reduced to 16,576 unique configura
tions. It is worth noting that the data regarding these repeated config
urations was eventually added to the input dataset to improve the 
accuracy of the DNN model predictions. We also limited the maximum 
number of reinforced unit cells (Type-B) in the configurations to 24, as 
structures exceeding this limit possess a higher level of Young’s modulus 

Fig. 2. Design procedure for the heterogeneous lattice configuration. The procedure of designing two distinct unit cells from the plate-lattice category. (a) The first 
unit cell is FCC plate-based design (Type-A), and the second unit cell is the result of combining FCC with SC topology (Type-B). The configurations consisting of 
combinations of type-A and type-B cells in a 4 × 4 stack will be created and repeated three times in the third direction. (b) The dimensions of type-A and type-B 
unit cells.
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beyond the valid range of our target application for the proximal femur 
bone.

2.3. Finite element modeling

FE simulations were performed on a randomly selected 20 % subset 
of the dataset to provide input for the DL model. To speed up the sim
ulations, a code was developed for analysis automation. The binary 
matrix describing the unit cell arrangements was converted into a 16- 
member vector to be used as input data for a custom-made Python 
script. As shown in (Fig. 4a), the script started with importing two 
previously saved models containing two uniform 4 × 4 structures, one 
made entirely of type-A and the other made entirely of type-B cells. The 
structures were then positioned exactly at the same coordinates in the 
XY-plane. Subsequently, the script read the binary code of the selected 
configuration and started scanning each cell position, using the binary 
key (0 for A and 1 for B) to update the configuration, selecting which one 
(type-A or type-B) to assign to each cell position. Once the scanning 
process was completed, the 16 cells (XY plane positions) of the config
uration were defined in the assembly module. In the next step, a 4 × 4 ×
4 lattice was created by replicating the structure three times in the Z- 

direction. Following this, the script created and launched the FE simu
lation of compression tests, saved the extracted force and displacement 
data, and subsequently repeated the process for the next configuration.

The FE simulations of lattice deformation under compressive loading 
were carried out using Abaqus Software version 2022. The structures 
were meshed using 3D linear tetrahedral elements (C3D4). A pre
liminary mesh convergence analysis (see Fig. B1) indicated that each 
type-A cell required approximately 4000 elements, while type-B needed 
around 5000 elements for accurate meshing. An elastic-perfectly plastic 
material model was considered, defined by the E and the yield stress (see 
Table C1) []. The lattice structure was placed between two rigid plates, 
with the top plate applying a downward velocity of 35 mm/s (Fig. 3b). 
This velocity, which is considerably higher than the one set in the ex
periments, was selected to reduce the computational costs. The 
assumption of higher displacement velocity was validated by ensuring 
that the kinetic energy of the FE model remained lower than 5 % of the 
internal energy throughout the simulation, indicating coherence with 
the quasi-static experimental condition. The upper plate's other degrees 
of freedom (DOFs) were restricted, while the bottom plate was fully 
constrained. Surface-to-surface contact was used at the interface of the 
rigid plates and the lattice, and general contact was considered for self- 

Fig. 3. Schematics depicting the screening step to filter out the flipped configurations and representing the FE model set-up. (a) Filtering out all possible repeated 
configurations: i the selected configuration ii The flipped configuration over Y-direction iii The flipped configuration over X-direction iv The flipped configuration 
over X and Y-direction. (b) The schematic showing the FE model and its the boundary conditions.

Fig. 4. Algorithms developed for automation and cluster finding. (a) Different steps of automated configuration generation for FE simulations. (b) The process of 
identifying directly connected type-B cells (clusters) in each configuration.
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contact within the structure. A penalty contact model with a friction 
coefficient of 0.2 was utilized as the interaction property for the surface- 
to-surface and general contact.

2.4. Experimental validation

To validate the numerical model, we fabricated a number of baseline 
uniform lattice samples. The test specimens were manufactured via the 
fused deposition modeling (FDM) technique using an Original Prusa i3 
MK3 printer with PLA filament (3DNet, Norge) of 1.75 mm diameter. 
The process parameters are summarized in Table D1.

Quasi-static compression tests were performed in accordance with 
the ASTM D695 standard (Standard Test Method for Compressive 
Properties of Rigid Plastics), which is widely adopted for polymeric and 
additively manufactured lattice structures. Elastic modulus and yield 
strength were extracted following the guidelines of this protocol to 
ensure consistency and reproducibility of the results. Testing was carried 
out on an MTS Criterion model C42 electromechanical load frame 
equipped with a 5 kN load cell, using a crosshead speed of 2 mm/min.

Five replicates per condition were tested. The extracted stiffness and 
energy absorption efficiency were compared against the corresponding 

FE model predictions. The results showed good agreement, with a 
maximum error of 11 % (see Fig. 5 and Table D1), thereby validating the 
reliability of the numerical data used for DNN training.

2.5. Data preparation for deep learning model

E, Y, and η for all simulated configurations were extracted to gather 
data for the DNN model. A Python script was developed to automatically 
determine E by analyzing the slope of the stress-strain diagrams within 
the elastic region (see Fig. A1). Then, Y was attained by identifying the 
intersection of the stress-strain curve with a line starting from 0.2 % 
strain with a slope equal to E. To assess the energy absorption capacity of 
the structure, η, was defined based on the uniaxial stress-strain curve, as 
defined in (Eq. (1)): 

η(ε) = 1
σ(ε)

∫ε

0

σ(ε)dε . (1) 

The onset of densification strain corresponds to the strain where the 
derivative of the η curve is zero, defined as εcd, where: 

Fig. 5. Numerical Model evaluation. To validate the numerical model, we realized five samples for each configuration. The comparison between the experimental 
and numerical data showed good agreement. (a) compression test for uniform configurations up to 50 % of strain. (b) Comparison between experimental and 
numerical data for validating the FE model for creating data for DNN.
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dη(ε)
dε

⃒
⃒
⃒
⃒

ε=εcd

= 0 . (2) 

Thus, εcd is the onset of densification strain where stress increases 
rapidly under compression loading. To exclude any recoverable energy 
from the calculation, (Eq. (1)) was modified as below: 

η(ε) = 1
σ(ε)

∫ε

εy

σ(ε)dε . (3) 

2.6. Deep learning model

We vectorized the configuration data to make it eligible for feeding 
into the DNN model. However, this would enhance the risk of losing 
some of the geometrical information, which is hidden inside the struc
ture, like the direct connection between the reinforced unit cells. This 
loss could considerably reduce the accuracy and reliability of the 
model’s predictions. To address this issue, we have developed an algo
rithm that finds interconnectivity (clusters) among the reinforced unit 
cells (type-B) in each configuration. As shown in (Fig. 4b), this algorithm 
starts scanning the structure in the XY plane from the top-left and as
sesses the cells around the first identified type-B unit cell by inspecting 
the area toward left-right and top-down. In the case that another type-B 
unit cell is spotted, the algorithm investigates if this candidate is in 
direct contact with any other similar unit cells. If true (confirming the 
presence of at least one cluster), it carries on the connectivity check and 
reports the cluster size (i.e., the number of connected unit reinforced 
cells). Consequently, the algorithm repeats scanning the rest of the 
structure line by line and searches for new type-B unit cells. A new 
candidate will be considered as a member of a new cluster only if it has a 
direct connection with at least one other type-B unit cell and does not 
have a connection with any member of a previously established cluster. 
The result will be a vector consisting of three values, each possibly 
ranging from 0 to 6.

We used a fully connected DNN as the predictor due to its versatility 
and ability to approximate any continuous function and to grasp intri
cate patterns and connections within the data. The initial layer 
comprised 19 neurons: 16 representing the binary data of (XY) unit cell 
arrangements and 3 for cluster characterization (ranging from 0 to 6). 
The output layer contained two neurons that signified E and η. To find 
the optimum number of hidden layers and the number of neurons in 
each layer, an analysis was conducted using the Keras Tuner hyper
parameter optimization framework, searching a wider range of different 
simple and complex models to find the best model with optimized pa
rameters. The activation function for the hidden layers was Rectified 
Linear Unit (ReLu), and the validation metric for the loss function was 
Mean Squared Error (MSE). The range of possible hidden layers was set 
between 2 and 20, and the number of neurons in each layer was 
considered between 32 and 512 with increments of 32 neurons. The 
learning rate varied between 0.0001 and 0.01 with logarithmic sam
pling. The total number of trials (configurations) was set to 20, with a 
maximum of 3 retries for each conducted over 100 epochs. The data 
were randomly split into 80 % for learning and 20 % for testing. The 
resulting model had 20 hidden layers with 288, 480, 192, 96, 320, 256, 
128, 512, 192, 352, 64, 384, 448, 352, 384, 96, 128, 32, 416, and 32 
neurons in layers, respectively. The initial learning rate of the selected 
model was 0.0005. The maximum number of epochs was set to 4000, 
with early stopping triggered if there was no further decrease in the loss 
function. Cross-validation was also used to monitor the validation er
rors. The loss function for trained and test data was monitored to prevent 
any overfitting for the model.

Adam optimizer was used to adjust the weights and biases using 
backpropagation with the initial learning rate resulting from the Keras 
Tuner analysis. The trained model can predict the unseen data with an R- 
squared factor of 93 % (92 % for E and 93 % for η), MSE of 0.012(0.014 

for E and 0.010 for η), and Mean Absolute Error (MAE) of 0.007(0.008 
for E and 0.006 for η).

2.7. Inverse design of the lattice configuration

Using the trained and validated DNN, we implemented a genetic 
algorithm (GA) to explore the design space and identify optimal con
figurations with higher fitness scores. The fitness function was carefully 
designed to evaluate and rank top-performing candidates based on their 
elastic modulus (E), specific energy absorption (η), and structural ρ. The 
goal was to detect structures with the highest possible η and minimal 
relative density, while ensuring that E remained within a desirable 
mechanical range (between 1.3 and 1.4 GPa in the current case). 

f = η +
3

log(W)
where Emin ≤ E ≤ Emax . (4) 

The function f in (Eq. (4)) balances mechanical performance and 
lightweight design: η rewards energy absorption capacity, while the 
inverse logarithmic term penalizes heavier structures without exces
sively skewing the search toward ultralight but weak solutions. This 
formulation ensures that fitness improves with increasing energy ab
sorption and decreasing ρ, but only for structures with E within the 
defined range, which reflects practical material constraints. The loga
rithmic component was chosen to avoid overly aggressive penalization 
of weight and to maintain a smooth optimization landscape for the GA.

The GA was executed for 50 generations, beginning with a ran
domized initial population and iterating through evaluation, selection, 
crossover, and mutation to identify the best-performing designs. Fig. 6
illustrates the convergence of the GA’s fitness function during the 
optimization process.

3. Results and discussion

This section presents and discusses the key results of the proposed 
inverse design framework, focusing on the performance and spatial 
arrangement of the optimized 3D heterogeneous metamaterial config
urations. We first evaluate the mechanical properties of the top- 
performing structures selected by the genetic algorithm, comparing 
predicted values with FE simulations to validate the model’s accuracy. A 
broader exploration of the design space is then presented, highlighting 
trade-offs between stiffness, energy absorption, and ρ. The underlying 
structural motifs responsible for enhanced performance are analyzed in 
relation to their spatial arrangement and cluster orientation. Finally, the 
influence of various loading scenarios and potential design extensions is 
considered, highlighting the adaptability and potential of the framework 
for broader applications.

The top five structures selected by the algorithm as the best 

Fig. 6. Illustrates the convergence of the GA’s fitness function during the 
optimization process.
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performing candidates are shown in (Fig. 7), where the best configura
tion possesses an E of 1306 MPa and maximized η of 0.503.

For further validation, the numerical analysis was implemented for 
the five configurations selected by the GA and the results were compared 
to the predicted DNN values. This comparison, as shown in (Fig. 8) in
dicates a close coherence between the predicted and simulated 
outcomes.

This work demonstrates a multi-objective deep learning-based 
approach for inverse design of additively manufactured 3D architected 
heterogeneous metamaterials with customizable mechanical properties.

(Fig. 9) shows a contour plot based on the computed weight(W) as a 
function of E and η, which presents the dispersion map of the configu
rations within the dataset, considering the two uniform structures 
(consisting of only type-A and only type-B unit cells) as reference. The 
top five configurations identified by the GA are also indicated on the 
map. It is to be noted that the irregular shape of the contour map arises 
from the interpolation of discrete FE data points, each corresponding to 
a specific lattice configuration. This irregularity highlights the inherent 
nonlinearity between elastic modulus and energy absorption efficiency.

To better describe the selection process and evaluate the possible 
promising patterns, a series of top five arrangements suggested by the 
algorithm were extracted for four different ranges of E, starting from 1.1 
up to 1.5 GPa with intervals of 0.1 GPa, as shown in (Fig. 10). The al
gorithm yields the configurations with the highest η within the imposed 
E range. However, for two configurations with similar η range, it will 
assign a higher fitness value to the structure with the lower ρ among the 
two. As an example, C-ii is ranked higher compared to C-iii, since it 
weighs less, although it has a slightly lower η (also see D-ii and D-iii).

The initial observation of the results, for identifying the underlying 
patterns leading to enhanced performance (within the criteria set for this 
specific case study), shows that by increasing the number of reinforced 
unit cells (type-B), the overall stiffness increases while η exhibits a 
decreasing pattern. However, other parameters like the arrangement of 
the reinforcements can also highly affect the E. The results indicate that 
lattice structures with clustered reinforced cells tend to exhibit higher E 
(B-ii, C-i, and C-iv). As shown in C-i, C-ii, D-i, D-ii, and D-iii, arranging 
the clusters in vertical orientation has a more notable effect on E 
compared to the clusters arranged horizontally or diagonally. Hence, the 
highest E in the analyzed configurations belongs to the D-iii, which 
contains five reinforced cells all clustered together, with three of the 
members forming a vertical cluster. Furthermore, the results suggest 
that a vertical arrangement of type-B unit cells in every horizontal layer 
of the structure would drastically limit the overall deformability of the 
lattice structure under compressive loading. These observations are 
valid when the cluster is formed along the loading direction.

In terms of η, two general trends emerge from the results. First, by 

increasing the number of reinforced cells, the η would decrease. This 
trend was predictable since by adding more unit cells that possess 
stretching-dominating properties, the ability of the structure to deform 
will decrease, resulting in a decline in η. Secondly, the η of the lattice 
structures highly relies on the number of type-B unit cells as well as their 
arrangement. The most prominent design pattern for a structure with the 
targeted E and high η is to arrange the reinforced unit cells within the 
lattice structure in a way to increase the plateau region after the yielding 
point and achieve higher densification strain. This objective can be 
achieved by dispersing the type-B unit cells within the structure in 
different horizontal layers, preferably with no cluster or short horizontal 
or diagonal clusters, as the reinforced cells’ scattered distribution seems 
to increase the overall energy absorption capacity of the integrated 
structure. These arrangements would help the lattice to deform up to a 
higher strain level before reaching the densification point, resulting in 
an overall higher η.

The use of uniform compression in this study provided a consistent 
and controlled baseline for validating the inverse design framework, 
enabling a clear examination of how topological arrangement can in
fluence stiffness and energy absorption. Although real orthopedic ap
plications may involve non-uniform or site-specific loading, the 
proposed DNN–GA architecture can be adopted to such cases as it is not 
constrained by the loading condition considered in this study. By 
retraining the surrogate model on FE data representing spatially varying 
or anisotropic stress fields, the framework can be adapted to more 
complex, anatomically realistic scenarios. This flexibility highlights its 
potential for future extension to more specific patient-specific 
applications.

In case the loading direction changes from vertical to horizontal, 
these identified motifs will remain valid as long as the correlation be
tween the reinforced cells' arrangement and the loading direction is 
taken into account. However, under biaxial pressure, the motifs will not 
be effective. For instance, C-i and C-ii are the best options under uniaxial 
loading, but their configuration will not necessarily show the best per
formance under biaxial pressure. Under biaxial pressure, B-iii could be a 
better candidate due to its comparable properties in both horizontal and 
vertical directions. Although designed for uniaxial pressure, the frame
work can be adapted to predict the best performing configurations also 
for bi-axial pressure, if trained using corresponding data.

In this study, we limited the lattice size to a 4 × 4 in-plane config
uration and adopted a quasi-3D setup with identical repetition along the 
Z axis. These choices were made to balance computational efficiency 
and experimental feasibility, enabling us to clearly demonstrate the 
capabilities of the proposed clustering-aware DNN + GA framework. 
However, these constraints are not inherent to the methodology. The 
framework can be scaled to larger or irregular domains, and the GA 

Fig. 7. Selected structural configurations based the design requirements of the case study. From left to right the top five candidates selected by the algorithm based 
on the design requirements.

R. Yousefi-Nooraie et al.                                                                                                                                                                                                                      International Journal of Mechanical Sciences 312 (2026) 111253 

7 



optimization stage is not restricted to fixed dimensions. Likewise, the 
DNN surrogate can be retrained for fully 3D heterogeneous configura
tions, which would significantly expand the accessible design space. 
Exploring these extensions represents a natural direction for future work 
and highlights the adaptability of our approach.

The proposed framework demonstrated a strong capability to tailor 
the mechanical response of heterogeneous lattices. As illustrated in 
Fig. 9, the optimized configurations are able to cover a substantial range 
in both elastic modulus (~1200–2000 MPa) and energy absorption ef
ficiency (~0.33–0.55), confirming the framework’s sensitivity to topo
logical variations. Importantly, this adaptability stems from the 
framework’s independence from any specific unit cell topology; altering 
the base topologies would directly reshape the property landscape 
explored by the GA. This highlights the method’s versatility and effi
ciency, showing that its performance is governed by the intrinsic me
chanical characteristics of the selected unit cells rather than by 
computational constraints.

It is important to note that this behavior does not represent a limi
tation of the proposed inverse design framework but rather reflects the 
characteristics of the chosen base topologies. The developed DNN–GA 
framework is fully adaptable and topology-independent: by selecting 
alternative unit cells, it can present configurations with delayed densi
fication and extended crushing distances, thereby achieving even higher 
energy absorption efficiency.

As a natural extension, future work could explicitly incorporate the 
effect of building orientation and feature size on mechanical anisotropy 
by parametrizing the deposition direction in the FE simulations and 
training data, to allow orientation- and size-dependent predictions and 
further generalization of the design rules.

In this study, the geometrical affinity of the two selected building 
blocks significantly minimized the likelihood of stress concentration at 
the interfaces of adjacent unit cells; this design aspect plays a crucial role 
in the structure's overall strength. Future developments could involve 
introducing a higher number of geometrical variables, such as imple
menting gradients in thickness [63]. While this increases the complexity 
of the FE model and computational costs, it enhances the inclusiveness 
of the design framework, leading to a higher level of customizability.

4. Conclusion

In this work, we presented a data-efficient, deep learning-assisted 
inverse design framework for the creation of heterogeneous 3D plate- 
based lattice structures, tailored to the mechanical requirements of 
biomedical bone scaffolding applications. By integrating stretching- and 
bending-dominated unit cells into architected 4 × 4 × 4 lattices, we 
addressed the critical challenge of matching implant stiffness to that of 
native bone while maximizing energy absorption and minimizing ρ.

To enable accurate prediction across a vast design space, we com
bined finite element simulations with experimental validation and 
introduced a cluster-detection algorithm that preserved key topological 
information during model vectorization. This enhancement significantly 
improved the performance of the fully connected deep neural network, 
which achieved coefficient of determination values exceeding 92 % for 
both stiffness and energy absorption predictions.

Coupling the trained model with a genetic algorithm enabled effi
cient navigation of the design space, yielding optimal scaffold configu
rations with target-level stiffness, superior energy dissipation, and 
lightweight characteristics suitable for proximal femur implantation. 
This outcome demonstrates the power of combining interpretable design 
metrics with machine learning and evolutionary search for inverse 
structural design.

The proposed framework is generalizable and scalable, offering a 
practical pathway toward the design of next-generation metamaterials 
and scaffolds that must meet multi-objective performance constraints. 
While developed for orthopedic applications, the methodology can be 
extended to other domains, such as aerospace, protective systems, and 
soft robotics, where precise control of mechanical behavior and manu
facturability are essential.

Fig. 8. Comparison of the GA’s top five configurations’ E and η with the corresponding numerical data. (a) comparison of the E form numerical modeling and the 
DNN prediction. (b) comparison of the η form numerical modeling and the DNN prediction.

Fig. 9. Contour plot based on the computed weight (W) as a function of E 
and η.
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