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ABSTRACT

Cellular materials with porous and lightweight structures have attracted attention due to exceptional mechanical tunability and
broad applications. Despite advancements in design strategies, traditional simulations remain computationally intensive, moti-
vating developments of efficient optimization methodologies. This study introduces Cellular Material Network (CM-Net), a
physics-informed machine learning architecture for predicting mechanical properties of cellular materials. By treating basic geo-
metric units as tokens analogous to those in natural language processing, CM-Net achieves efficient forward prediction and gen-
eralization across diverse structures and compositions. Validated against simulations and experiments, CM-Net accurately
predicts nonlinear behaviors, including initial peak compression force, mean compression force, and energy absorption. The
model maintains low relative errors for out-of-distribution scenarios such as varying wall thicknesses and novel topologies com-
posed of short straight segments. However, extrapolation accuracy decreases for geometries with long curved edges, owing to
insufficient representation of deformation mechanisms in training. CM-Net also predicts the behavior of composite and gradient
structures, as well as nonlinear force-displacement curves. We further demonstrate inverse designs of complex irregular cellular
materials to meet specific requirements, illustrating CM-Net’s utility as a design assistant, with experimental validation confirm-
ing its practical applicability. Its scalability and generalizability make CM-Net a transformative tool for accelerating lightweight,
high-performance cellular material development.

1 | Introduction of mechanical properties, such as Poisson’s ratio [10], stiffness

[11], strength [12], energy storage [5] and absorption [8] capaci-

Cellular materials, consisting of a solid matrix (e.g., metals, poly-
mers, or ceramics) configured in repetitive cellular architectures,
represent a category of porous, lightweight structures. Common
examples include foams [1, 2], lattices [3-6], and thin-walled
structures [7, 8], each exhibiting distinct structural features
and broad applications. Their mechanical properties are highly
tunable, influenced by both geometric configuration and mate-
rial composition [9]. Systematically tuning parameters like cell
size, wall thickness, and topology enables the precise tailoring

ties, deformation coupling [5] and uncoupling [13], thermal resis-
tance [14], and sound damping [15], to meet specific design
requirements. The inherent porosity of cellular materials enables
substantial mass reduction while preserving structural integrity,
thereby optimizing the trade-off between mechanical perfor-
mance and weight. These characteristics make cellular materials
ideal for advanced engineering applications [16, 17], including
aerospace and automotive systems requiring improved fuel
efficiency and safety, construction with enhanced thermal
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insulation, protective packaging, and biomedical tissue engineer-
ing. Consequently, research on cellular materials has become a
central theme in modern engineering innovation.

Various strategies have been developed to enhance the mechani-
cal performance of cellular materials. Bio-inspired strategies,
which draw on evolutionary principles from natural systems,
offer innovative approaches to engineering challenges. Examples
include curved design [2], gradient design [18], hierarchical
design [10], hybrid design [7], and irregular design [19], each pro-
viding unique benefits. Curved profiles mitigate stress concentra-
tion and reduce fracture risk, combining aesthetic appeal with
mechanical robustness. Functionally graded materials address
conflicting requirements (e.g., the hardness-toughness trade-offs)
and exhibit multi-stage energy absorption (EA) during impact.
Hierarchical designs optimize strength-to-weight ratios and
improve damage tolerance via multiscale stress redistribution.
Hybrid designs exploit the unique properties of diverse materials
or structures to achieve precisely tuned mechanical behaviors.
Irregular designs harness geometric stochasticity and functional
heterogeneity to provide robustness, imperfection tolerance,
and adaptive energy dissipation, enabling flexible regulation of
structure-performance relationships. Implementing such designs
requires substantial engineering expertise and relies on both
simulation and experimental validation (Figure 1la). However,
experiments are costly, making simulations indispensable for
initial design iterations and final optimization. Conventional
simulations, however, remain computationally intensive and
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time-consuming, posing high cost in trial-and-error design
workflows.

Given the flourishing development of artificial intelligence,
machine learning has emerged as a transformative paradigm
in mechanical research [22-26]. Various machine learning mod-
els have been constructed for forward prediction [27-29] and
inverse design [30-33] (based on forward prediction), enabling
the creation of novel cellular materials with exceptional mechan-
ical properties. Notably, artificial neural networks are particu-
larly adept at modeling nonlinear spaces, making them ideal
for capturing the nonlinear behaviors of cellular materials.
Therefore, models based on diverse architectures, such as ran-
dom forest regression model [28], multi-layer perceptrons
[20, 29-36] (MLPs), convolutional neural networks [37-44]
(CNNs, including 2D CNNs [37-41] and 3D CNNs [42-44]),
and graph neural networks [45-49] (GNNs), have been devel-
oped to predict mechanical properties of cellular materials.
However, due to architectural limitations (e.g., inability to han-
dle variable dimensionalities) or representational constraints
(e.g., lack of a unified parameterization for arbitrary structures),
most of these models lack a generalizable framework for cellular
materials. As a result, these models are often confined to limited
design spaces (e.g., specific constituent materials or structural
configurations), thereby restricting their broader applicability.
For instance, pixel- or voxel-based image parameterization for
CNNs poses challenges for cellular materials with large arrays,
as these approaches typically require extremely high resolutions
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FIGURE1 | Design and performance evaluation of cellular materials. (a) Traditional design relies on simulations, consuming substantial time and

resources. CM-Net enables rapid performance evaluation, reducing iteration cycles. (b) Polyline and curve TWSs are generated using B-spline curves

based on fundamental square and hexagonal cross-sectional shapes. (c) Various common TWSs, including triangular, square, hexagonal, and circular
forms, are included in the dataset to improve diversity. (d) In the FEM validated by experiments [20, 21], TWSs are compressed between rigid plates
at a constant velocity to obtain the quasi-static force-displacement relationship. (e) Energy absorption metrics are calculated from FEM-derived force-

displacement curves.
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[38, 42]. Graph-based representations are expressive in principle,
yet most existing implementations for cellular materials have
been restricted to unit-cell-based, regular straight-strut structures
[46, 47], a constraint of current practice rather than an inherent
shortcoming of graph neural networks. Moreover, many unit-
cell-based studies focus on homogenized properties [38, 43, 47]
or limited array numbers [28, 42], often ignoring the influence of
boundary conditions that are critical in practical applications.
Additionally, some models are limited to predicting mechanical
properties under small deformations [45-48] (e.g., elastic modu-
lus and compressive strength), which represent relatively simpler
problems compared to those involving large nonlinear deforma-
tions with complex contact behaviors, such as EA process.

To address these limitations, it is essential to develop generaliz-
able architectures for cellular materials, akin to how natural lan-
guage processing (NLP) models [50, 51] handle diverse linguistic
inputs. In addition, integrating physical information (e.g., energy
dissipation mechanisms) can mitigate data-driven biases and
ensure that predictions conform to physical principles [52-54],
while requiring smaller training set [55-57]. Within a given
physical domain, this approach not only enhances model gener-
alizability [53] across diverse conditions but also improves
interpretability [57] through domain-relevant variables. We focus
on the out-of-plane EA of thin-walled structures (TWSs), such as
tubes and honeycombs, which exhibit significant nonlinearity
due to plasticity, buckling, and frictional contact. This serves
as a representative case study for developing our proposed
Cellular Material Network (CM-Net) framework. Implementing
this approach requires an efficient design-property mapping to
serve as training data for CM-Net. A detailed description of
the key concepts and model architecture is provided in the sub-
sequent sections.

2 | Design of CM-Net

2.1 | Generation of Thin-Walled Structures With
Diverse Topology

To train CM-Net effectively, a comprehensive dataset of paired
mechanical designs and their corresponding nonlinear mechani-
cal properties is required. We employ B-spline curves to construct
the edges of TWSs, thereby significantly expanding the design
space. Based on conventional square and hexagonal cross-
sectional shapes, we generated three distinct types of structures
(Figure 1b): B-spline square tubes (BSTs), B-spline hexagonal
tubes (BHTs), and B-spline hexagonal honeycombs (BHHs).
These structures enabled CM-Net to learn the influence of
included angles on EA performance and the EA capabilities of
curved-edge TWSs. Additionally, polyline square tubes (PSTs,
Figure 1b) were designed to facilitate understanding of the EA
characteristics of 2-segment folding elements (fundamental
building blocks in most designs) and straight-edged TWSs.
To further enhance the topological diversity of the training
set, we included a variety of common TWSs based on triangular,
square, hexagonal, and circular cross-sectional shapes (Figure 1c;
detailed in Figure S1). The control points (blue points in
Figure 1b) of B-spline curves and polylines are both randomly
generated under disjoint constraints. The wall thicknesses of

TWSs are also randomized to introduce variability into the train-
ing set. Finite element models (FEM) are used to simulate
quasi-static compression processes, during which samples are
sandwiched between two rigid plates (Figure 1d, one plate moves
at a specified compression velocity in the vertical direction, while
the other is fully fixed). Frictional contact and experimentally
validated elastoplastic material models ensure realistic simula-
tion outcomes. Using this framework, we generated 30563
unique design-performance pairs, encompassing initial peak
compression force (IPCF), mean compression force (MCF),
and EA metrics (Figure le). Detailed simulation parameters
and definition of the EA metrics are provided in the Methods.

2.2 | Physical Information for CM-Net

Over the past few decades, advancements in plasticity mechanics
have established several methods for analyzing the EA perfor-
mance of TWSs. Among these, the super folding element theory,
an analysis method based on energy balance, has become the
most commonly used approach for calculating the MCF of TWSs
undergoing progressive folding deformation [21, 58]. While this
method demonstrates strong predictive capabilities for straight-
edged TWSs, its accuracy diminishes when applied to structures
with curved edges [59]. To address this limitation, we developed a
unified theoretical model capable of predicting MCF for both
straight- and curved-edge TWSs under the same loading condi-
tions. The derived formula is expressed as

MCFP =

1 0,0 1
— yZh tl's Zﬂ.APBFPM + = (QPB + ZKPR)\/Z
4-CDE, v 2

n+1
@®

where oy, op, 1, t, CDEp, Apg, Qpg, I'pm, and Kpg are yield stress,
hardening stress, power law exponent, wall thickness, compres-
sion displacement efficiency, primary bending energy, secondary
bending energy, membrane energy, and rolling energy coefficient
for progressive folding deformation, respectively. However, com-
pressed TWSs may also experience global buckling, which typi-
cally results in lower MCF compared to progressive folding. To
account for this alternative deformation mode, we developed a
complementary theoretical model specifically for predicting
MCF under global buckling conditions, expressed as

1 O, O'h ”AGB QGB FGM
MCF; = I 22 + + + 2K, 2
¢7 8.CDEg Vn+1 ( H ' H ' Ht or ) @

where CDEg, Agg, Qgs, 'am, and Kgg are compression displace-
ment efficiency, primary bending energy, secondary bending
energy, membrane energy, and rolling energy coefficient for
global buckling deformation, respectively, and H’ is half of
the height of TWS. A third scenario, a mixed deformation mode
involving both progressive folding (MCFp) and global buckling
(MCFg) mechanisms, can also occur. In such cases, MCF is
calculated as

MCF =a - MCF; + 8 - MCFg 3)

where a and f represent the proportional contributions of pro-
gressive folding and global buckling modes, respectively, with
a + p=1. This comprehensive framework enables accurate

Advanced Intelligent Systems, 2026

30of 16

85U8017 SUOWWOD SAIERID 8 cedt|dde aup Ag pausenob ale SoNe YO ‘8SN J0 S8|nJ 10} A1q1T8UIUO A8|IM UO (SUOTHPUOD-PUE-SLLIBYWOD A8 | 1M ARe.q U |UO//SdY) SUORIPUOD pue swie 1 8y} 88S *[9202/80/0T] Uo ArIqiTaul|uo A8|IM * 82Us 1S JO AISIBAIUN YINOS - Uir 0euyoni Ad T0S02 AS1e/200T 0T/I0p/W00" A8 | Akeiq | put|uo’peoueApe;/sdny wouj pepeojumod ‘0 ‘29510792



prediction of MCF for TWSs subjected to arbitrary deformation
modes. Detailed derivations are provided in Section S2. These
physical information equations were used to construct the corre-
sponding physical information layer in CM-Net (details in
Section S3.2). By merging this physical information, the extrapo-
lation capacity of CM-Net can be significantly improved (details
in Section S5.1).

2.3 | General Architecture of CM-Net
Several key principles guide the design of general machine learn-

ing models. The first is transferability, enabling a model to adapt
to diverse tasks and datasets without substantial modification.

(a) Words in first
sequence

The second is scalability, allowing integration of new features
and handling increasingly complex tasks. The third is data effi-
ciency, ensuring effective learning from limited training data.
NLP models such as ChatGPT-4 [50] and DeepSeek-R1 [51]
exemplify these principles, processing language through token-
based representations, basic units that form meaningful senten-
ces. Disrupting token sequences often eliminates meaning,
whereas different ordered sequences yield distinct interpretations
(Figure 2a). Inspired by this approach, we propose CM-Net, a
general machine learning architecture for predicting the
mechanical properties of cellular materials. It is important to
clarify that while we draw inspiration from the token-based
representation in NLP, the order-invariance of CM-Net aligns
it more closely with permutation-invariant architectures such

Words in second

n can l designl cellular |
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Cellular

searchers CM-Net: materials .

N
P

sequence
(b) Basic geometric unit Adjacency matrix Thin-walled structure
0 [90°] — (1201 [o[7o[1] 1207 —_— 907 [o]7[7]0]
1 1 10| — 1 0[1| =>
o o {P (—]) & & 4} [ o
2 [90°] ——— [60°] " |0 0f1 [60°] [90°] 1 0|1
3 [60] ——— 907 [1]O[1]0] [909 o] [O]'][1]0
Direction invariance and order invariance
0 [45° 45° 69.3° 69.3°, 90° 90°, 90°, 90°, 90°, 90° Lattice
s ] [ ' EEAEM
22240
2 [30° 30° 90°, 60°, 60°] [30°, 30°, 90°, 60°, 60°] c{}: 2[4]of40
3 [30° 60° 69.3°, 41.4°, 90°] —— [60°, 120°, 60°, 120°] 1 11410
glofofofo
4 [90°,90°, 90°, 90°] [90°, 90°, 90°, 90°]
(c) Wrong basic geometric unit Right basic geometric unit
0 |{[120°] — [120°120°T:| ; [A]1]0]1]
1| 1 . HIACNGEE
2 [i[120°, 120°, 120°]_— [120°, 120°, 120°):| | (5157 - | [o2]2]2
3| [120°, 120°, 120°] — [120°, 120°,120°] | ! ! 2|0j2jo0

FIGURE2 |

of the whole sentence. (b) Cellular materials are represented by geometric units and their connection relationships through an adjacency matrix. These
units are order- and direction-invariant, allowing flexible arrangements. (c) Each basic geometric unit must maintain consistent connection relation-
ships, such as identical adjacent panels, rather than merely sharing the same constrained angles. (d) CM-Net’s architecture includes a component

Constrained information
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geometric unit

Constrained basic

Global information

processing

Basic
mechanical unit

Information
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Input

Adjacency matrix

Design concept and architecture of CM-Net. (a) In NLPs, words form the basic units of language, and their order influences the meaning

processing module, an information aggregation module, and a mechanical property prediction module with multiple subnetworks.
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as Deep Sets [60], PointNet [61], and Set Transformers [62].
Unlike general set models, however, CM-Net incorporates archi-
tectural elements derived from mechanical mechanisms.

To achieve generality, CM-Net processes inputs, basic geometric
units, analogous to NLP tokens, with the critical distinction that
prediction outcomes remain invariant to the ordering of tokens
in the input. For example, the basic geometric units for TWSs,
strut-based lattices, and plate-based lattices correspond respec-
tively to panels (which degenerate into edges, Figure 2b), struts
(degenerating into profiles, Figure 2b), and plates. Notably, the
same basic geometric unit maintains consistent connection rela-
tionships (Figure 2c), since the mechanical properties vary under
different constraints. Thus, a basic mechanical unit comprises a
basic geometric unit, boundary conditions, and global character-
istics; overall structural properties emerge through the aggregation
of constituent basic mechanical units. To capture boundary con-
ditions, we employ an adjacency matrix that symmetrically or
asymmetrically represents structural connectivity, depending on
the structural symmetry (Figure 2b-c). The basic geometric unit
for TWSs is characterized by the number of repeated units, point
coordinates, wall thickness, included angles between intersecting
panels, and material parameters (Figure S10).

CM-Net’s inputs comprise all basic geometric units within
a cellular material and the corresponding adjacency matrix
(Figure 2d). Each unit is processed through identical neural net-
works, allowing CM-Net to handle cellular materials with arbi-
trary numbers of basic geometric units. In the component
processing module, basic geometric units are first split into sev-
eral components. The directional nature of these units (e.g.,
differing included angles at each end) necessitates operations
in this module to ensure that predictions are independent of
direction. In addition, to maintain independence from the num-
ber of included angles, they are processed through identical
neural layers followed by sum aggregation. The component proc-
essing module yields directionless geometric information for the
information aggregation module. The adjacency matrix, which is
crucial for extracting constraint and connectivity information,
enables the formation of constrained basic geometric units.
The multi-head self-attention mechanism, a strategy successful
in NLP and computer vision tasks, is applied in the global
information processing module to capture structural global
characteristics. Based on these foundations, subnetworks in
the mechanical property prediction module can predict different
mechanical properties of the cellular material from the basic
mechanical units. Importantly, linear layers lack biases to avoid
potential influence of zero-padding on prediction results. Full
implementation details of CM-Net specific to TWSs are provided
in the Methods, Sections S3 and S4, and the Code availability.

3 | Performance of CM-Net

3.1 | Interpolation and Extrapolation Capabilities
of CM-Net

The architecture of CM-Net integrates mechanical decomposi-
tion principles with physics-informed neural networks, enhanc-
ing the reliability and interpretability of its predictions.

Our primary contribution lies in demonstrating that CM-Net
excels at predicting designs both within (interpolation) and out-
side (extrapolation) the training space. We evaluated the interpo-
lation performance of CM-Net on 1600 randomly generated
unseen test cases within the training domain. The network
demonstrated superior accuracy, particularly for the prediction
of IPCF, with an average relative error of only 2.92%. This
high precision arises because the absence of contact during the
initial stage simplifies load-bearing and deformation complexity.
Therefore, CM-Net is expected to be well-suited for predicting elas-
tic mechanical properties such as elastic modulus and elastic limit.
For MCF and EA, CM-Net also achieved excellent performance,
with average relative errors of 11.72% and 10.80%, respectively.
These results are sufficient to guide preliminary engineering
design decisions. The agreement between predicted and high-
fidelity FEM responses confirms the accurate estimation of EA
capabilities in TWSs with diverse cross-sectional shapes, constitu-
ent materials, and deformation modes (Figure 3). Generally,
CM-Net exhibits the best prediction performance for BHHs com-
pared to PSTs, BSTs, and BHTs (detailed in Table S4), due to rela-
tively stable deformation of BHHs caused by strong boundary
constraints on the inner panels. This also explains why many
TWSs with complex cross-sectional shapes, such as TWSs designed
based on hierarchical strategy [21], exhibit similar behavior.

To evaluate CM-Net’s generalizability beyond its training
domain, a crucial aspect for developing a robust universal model,
we conducted extensive tests using samples outside the original
design space. These tests included structures with increased wall
thickness (1.0-2.0 mm), extended basic lengths (2L), novel topo-
logical configurations (e.g., polyline hexagonal tubes, PHTS),
and materials not encountered during training (AA6061-T4).
Although extrapolation performance showed a slight decline
compared to interpolation tasks, CM-Net maintained its stron-
gest performance in IPCF prediction across all tested conditions.
When evaluating samples with wall thickness exceeding
the maximum value (1.0 mm) observed in the training set
(Figure 4a), CM-Net exhibited superior performance on diverse
topological configurations. However, challenges emerged when
predicting properties for samples with significantly extended
basic lengths (2x beyond the training set, Figure 4b), particularly
for TWSs featuring curved edges. For these cases, the model
exhibited relatively large prediction errors (average relative
errors of 38.03%, 33.10%, and 35.60% for IPCF, MCF, and EA,
respectively) across 40 randomly generated test samples, includ-
ing BSTs and BHTs. Despite this limitation, CM-Net demon-
strated strong performance for TWSs composed of several
straight edges (e.g., PSTs). Here, the model achieved average
relative errors of 6.67%, 8.72%, and 8.17% across 20 randomly
generated test samples for IPCF, MCF, and EA, respectively.
This differential performance can be attributed to how CM-Net
processes edges: curved edges are treated as single entities,
whereas polyline edges are subdivided into smaller segments
resembling those encountered during training. Additionally,
edge length significantly affects plastic deformation areas, a fac-
tor that appears to limit the model’s ability to handle long curved
edges effectively (relevant knowledge cannot be fully learned
from the training set; details in Section S5.1). This suggests
the need for targeted augmentation of the training dataset with
samples featuring such geometries. When combined with data
augmentation and self-similar transformation, CM-Net can
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FIGURE 3 | Interpolation ability of CM-Net on representative samples. (a-d) Energy absorption performances of thin-walled structures with dif-

ferent configuration but same design space compared to that in training set are evaluated by CM-Net, considering PSTs in (a), BSTs in (b), BHTs in
(c) and BHHs in (d). Each sample is composed of one of three materials, AA1060-H112, AA6061-O, or AA6063-T5. The ground truth values for IPCF,
MCEF, and EA are derived from the force-displacement curve obtained by FEM, while relative errors (RE) accessed prediction accuracy. Notably, BSTs
and BHHs made of AA6061-O and AA6063-T5 were not present in the training set.

predict mechanical performance of TWSs with arbitrary dimen-
sions (Section S1.4 and Figure S15d). CM-Net displayed remark-
able robustness when tested on entirely novel topological
configurations (Figure 4c), including PHTSs, pentagon tubes with
reinforcing ribs, and vertex-based hierarchical multi-cell square
tubes. Furthermore, the model demonstrated exceptional perfor-
mance when challenged with samples that simultaneously
featured unseen topologies, wall thicknesses, and constituent
materials (Figure 4d). These results collectively highlight
CM-Net’s outstanding versatility and its ability to generalize
beyond its training experiences. Details of the interpolation and
extrapolation capacities of CM-Net can be found in Section S5.1.

Importantly, CM-Net predictions were also compared with exper-
imental results and showed strong agreement, indicating sub-
stantial application value (Section S5.2). To further assess the
effectiveness of CM-Net, we benchmarked it against several rep-
resentative baseline models using the same training, validation,
and test sets. These baselines include a standard MLP that
flattens all input tokens into a fixed vector, a vanilla GNN with
simple graph convolutions, a CNN operating on rasterized cross-
sectional images, and the forward module of GraphMetaMat [63]
(a state-of-the-art graph architecture for 3D truss metamaterials).
While all baselines exhibit limited accuracy on extrapolation
tasks, CM-Net consistently achieves the lowest prediction errors

6 of 16

Advanced Intelligent Systems, 2026

85U8017 SUOWWOD SAIERID 8 cedt|dde aup Ag pausenob ale SoNe YO ‘8SN J0 S8|nJ 10} A1q1T8UIUO A8|IM UO (SUOTHPUOD-PUE-SLLIBYWOD A8 | 1M ARe.q U |UO//SdY) SUORIPUOD pue swie 1 8y} 88S *[9202/80/0T] Uo ArIqiTaul|uo A8|IM * 82Us 1S JO AISIBAIUN YINOS - Uir 0euyoni Ad T0S02 AS1e/200T 0T/I0p/W00" A8 | Akeiq | put|uo’peoueApe;/sdny wouj pepeojumod ‘0 ‘29510792



(a) 50 @ T T T T 500 @ T T T T ] 100 -® T ¥ T ¥ T ¥ T L3
™ Type RE Type RE A Type RE

40F Al e 400 | B el e B 80 .0 N
= AW IPCF 5.57% = ANy IPCF 572% | _ V< IPCF 8.35%
< 30F gm g MCF 1.68% 4 X300} MCF 11.80%- < 60F > - i MCF  1.77% -
o v EA 4.08% I A, EA 903% | § A EA 1.66%
£ 20 L =1 So200}  wef 3 g L ARy
i iy L t=1.15mm i

10 100 = .
0 n 1 2 1 n 1 " 1 " O " 1 1 1 1 n 1 ] o 1 1 n 1 i 1 L 1 n
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
Displacement (mm) Displacement (mm) Displacement (mm)
15 ; 10 — 7.5 —
(b) @ T T T T @ ‘I T T T ] .® / I\ ;A T T T
12l A ype RE | sl AL Type RE | 60 1V Type RE |
= Y IPCF 0.25% | STV IPCF 3182% | ~ | %~ & IPCF 30.81%
£ 9 <AS MCF 227% - £ 6 <o <  MCF 11.79%- £ 45 % % MCF 17.52%1
9 i EA 067% ] 8 VA EA 19.23%1 8 EA 3.95%
s 6p 2 s 4 15 ‘
[V (' ('

g 3.0 B
\' t=0.48 mm } ] 2L t=0.23 mm
L] e | 7 e _ SR

O 1 1 1 1 0 1 1 1 1 Oo 1 1 1 1
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
Displacement (mm) Displacement (mm) Displacement (mm)
(C) 7.5 @ ) T ; T T T 15 @ T T T T ] 25 -@ T T T T
60 VWX Type RE | 121 Type RE | 20 L Type RE |
o=, % IPCF 1.12% o IPCF 0.92% | ~ L IPCF 2.98%
¢ 2
2450 % ¥ MCF 376% 1 £ 9f MCF 2.00% 1 2 15} : MCF 0.57% -
o] EA 1.23% 3 - w EA 217% |1 § I L EA 5.33%
5 3.0 == 1 5 5 10 .
L L t=023mm L i t=021mm /
1.5 7 ] 5 L"\P\M\»/\/ 7]
00 0 1 1 1 1 0 1 1 1 1
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
Displacement (mm) Displacement (mm) Displacement (mm)
(d)25 @ T T T T 75 @ T T T T ] 200 @ T T T T
20l Type RE | 60 I Type RE | 160 I Type RE |
= IPCF 10.63% ] ~ IPCF 4.96% | ~ L IPCF  7.20%
15} MCF 9.42% 1 £ 45} MCF 1221%-4 £120f MCF  5.67% -
3 L EA 6.87% g 30 >~T»Z EA  7.92% | g 80 [— EA 1.30%
(o] o (o]
Ty s s
15 40 =
: " . " " " O " 1 1 " 1 " 1 " O " 1 " 1 " 1 " 1 n
0 5 10 15 20 25 0 5 10 156 20 25 0 5 10 15 20 25
Displacement (mm) Displacement (mm) Displacement (mm)
(1) AA1060-H112 (2 AAB061-0O 3 AAB063-T5 @ AAB061-T4
IPCF-FEM IPCF-CM-Net — — MCF-FEM  ----. MCF-CM-Net EA-FEM EA-CM-Net

FIGURE4 | Extrapolation performance of CM-Net on representative samples. (a-d) Energy absorption performances of TWSs outside the design space,
considering wall thickness () exceeding the maximum value in the training set (1.0 mm) in (a), basic edge length (L) extended beyond the training set by a
factor of 2 in (b), novel topologies not encountered during training in (c), and concurrent variations in topology, wall thickness, and constituent material
(AA6061-T4) in (d). Each sample is composed of one of four aluminum alloys: AA1060-H112, AA6061-O, AA6063-T5, or AA6061-T4. Notably, the unseen
topologies tested include polyline hexagonal tubes, vertex-based hierarchical multi-cell square tubes, and hybrid re-entrant & hexagonal honeycomb struc-
tures. To adequately evaluate CM-Net’s ability to generalize across novel structural designs, all configurations in test sets were never seen in the training data.

across both interpolation and extrapolation test sets (Table S15).
Comprehensive benchmark details are available in Section S7.

3.2 | The Expansion Capability of CM-Net

Composite structures, characterized by the synergistic integra-
tion of heterogeneous materials or geometric configurations,
demonstrate superior engineering performance through opti-
mized load-bearing capacity and functional adaptability.
Leveraging the unique architectural characteristics of CM-Net,

this model shows significant potential for predicting the mechan-
ical behavior of TWSs composed of panels with divergent constit-
uent materials and wall thickness distributions. To demonstrate
these capabilities, we examined the performance of CM-Net on
vertex-based hierarchical multi-cell square tubes, where outer
and inner structural components can independently vary in
material composition and wall thickness. CM-Net achieves
superior prediction accuracy for structures composed of diverse
material combinations, effectively capturing the influence of
multi-material interactions (Figure 5a). Furthermore, TWSs
often feature varying wall thicknesses to optimize EA properties.
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FIGURES5 |

Prediction capacity of CM-Net on composite structures with multi-material and/or varying wall thickness designs. (a—c) Energy absorp-

tion performance of thin-walled composite structures for estimating the expansion ability of CM-Net, considering multi-material configurations in

(a), wall thickness variations across structural panels in (b), and simultaneous material and wall thickness distribution in (c). Color coding consistently

maps to component material and wall thickness composition.

CM-Net robustly handles wall thickness variations between adja-
cent panels, with the largest observed prediction error being
10.28% (Figure 5b). Importantly, the model also demonstrates
robust performance when simultaneously modeling the effects
of both constituent materials and varying wall thicknesses
(Figure 5c), offering valuable insights for optimization design.
As a versatile machine learning architecture, CM-Net achieves
high accuracy across different structural configurations, provid-
ing practical guidance for design. By adjusting material assign-
ments and thickness distributions, engineers can rapidly
identify optimal composite configurations using CM-Net, avoid-
ing costly trial-and-error simulations and experiments.

The modular architecture of CM-Net enables the prediction of
force-displacement curves through a specially designed subnet-
work within the mechanical property prediction module. Unlike
truss-based lattices, which exhibit relatively uniform force-
displacement behavior during compression [63], TWSs demon-
strate distinct fluctuations in their curves during the buckling
phase under out-of-plane compression. These fluctuations are
governed by complex interactions between deformation modes

and folding wavelengths, which are controlled by geometric and
material parameters. The sensitivity of force-displacement charac-
teristics to such parameters presents a significant challenge for
high-accuracy prediction, as minor geometric or material varia-
tions can drastically alter curve morphology. To address this, we
incorporate a discrete Fourier transform within the subnetwork
to extract dominant frequency-domain features from force-
displacement curves, thereby improving the model’s ability to
capture morphological complexity. Detailed subnetwork architec-
ture and a comparison with direct time-domain prediction are
described in Section S5.4. To evaluate CM-Net’s generalization
capability, the best-performing model on the validation set was
tested on interpolation and extrapolation datasets (Figure 6a).
Normalized mean absolute error (NMAE) was adopted as the loss
function, reflecting relative discrepancies between predicted and
actual values. The distribution of NMAE values across both test sets
follows a lognormal distribution (Figure 6b-c), indicating consis-
tent predictive performance. Notably, 93.6% of samplesin the inter-
polation test set and 83.5% in the extrapolation test set achieve
NMAE below 15%, demonstrating robustness under both in-
domain and out-of-domain conditions. The model exhibits
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FIGURE 6 | Expansion capacity of CM-Net in predicting force-displacement curves of TWSs. (a) Training process of CM-Net for compression force

prediction. (b-c) Distribution of normalized mean absolute error (NMAE) across interpolation and extrapolation test sets, respectively. Black lines
represented distribution curves fitted by the lognormal probability density function. (d) Representative samples from the interpolation test set illus-
trating the CM-Net’s predictive accuracy. These samples encompass diverse configuration characteristics, constituted materials, and deformation modes.

(e) Representative samples from the extrapolation test set showcasing the CM-Net’s predictive performance for polyline hexagonal configurations, which

were entirely absent during the training process.

exceptional accuracy in predicting force-displacement curves
during the elastic regime (Figure 6d-e), with prediction errors
predominantly concentrated in the buckling stage (Table S13).
This discrepancy arises from two primary sources: (1) fluctuating
misalignment in prediction, and (2) numerical precision errors in
force estimation. Despite these challenges, CM-Net successfully
captures the overall trends of progressive folding, global buck-
ling, and mixed folding modes, providing a valuable tool for
structural deformation mode evaluation. This capability is par-
ticularly significant given the complexity of TWS deformation
mechanisms. Moreover, CM-Net enables the prediction of force—
displacement curves under very large strain (up to 78.6%), which
issignificantly higher than reported in previous studies [36, 63, 64].
This level of performance underscores the model’s robustness

and adaptability to complex deformation scenarios, which are
critical in applications such as EA and impact resistance. In con-
clusion, CM-Net demonstrates strong generality, with the poten-
tial to be easily adapted to a wide range of prediction tasks and
structural configurations. Its high accuracy, coupled with its abil-
ity to generalize across diverse design parameters, renders it a
powerful tool for engineering design and analysis.

4 | Application of CM-Net in Engineering Design

CM-Net enables powerful and efficient design of cellular materi-
als across diverse design boundaries. To address complex design
challenges, disordered architectures constructed using Voronoi
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diagram [65] were investigated (Figure 7a). Voronoi diagrams are
defined by seed matrices and boundary information, which are
systematically translated into input formats compatible with the
CM-Net. A small dataset comprising 330 randomly generated
samples featuring square, C-, U-, H-, and K-shaped boundaries
was used to fine-tune CM-Net for disordered configurations.
The fine-tuned CM-Net was then integrated with an optimization
algorithm to achieve structures meeting specific design targets

(a) Basic geometric unit  Adjacency matrix (b) (C)B :
Unito ofofo]--[1] Finetune — Training
Translate | Unit1 C{}D 0|01 6l Validation
Unit2 o[7[0]{T]
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(Figure 7b). Initial training and validation losses were 6.5% and
4.7%, respectively, decreasing to 1.2% and 1.0% after fine-tuning
(Figure 7c). For EA applications, the maximum IPCF and MCF
must be carefully controlled to prevent damage to protected
objects. Thus, the design targets focused on maximizing SEA
while keeping the IPCF and MCF below 15kN. Additional
manufacturability constraints were incorporated, such as a min-
imum edge length of 2.0 mm for wire-cut electrical discharge
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FIGURE 7 | Application of CM-Net in designing disorder multi-cell structures with specific performance targets. (a) Voronoi diagrams are used to

generate disorder thin-walled structures based on boundary geometry and seed coordinates. These structures are converted into geometric units and

adjacency matrices for CM-Net input. (b) A small training dataset consisting of 231 samples, featuring a variety of boundary shapes (square, C-, U-, H-,

and K-shaped), was used for fine-tuning the performance of the CM-Net on Voronoi structures. Structures fulfilling specific design targets were then

obtained through an optimization algorithm. (c) Loss-epoch curve during the fine-tuning process. (d-h) Deformation states and EA performance of

Voronoi structure with C-, U-, H-, and K-shaped boundaries obtained from quasi-static experiments, simulations, and the CM-Net. (i-k) Similar results

for octagonal boundary structures, which were not included in the training set.
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machining. Symmetry constraints were also applied to ensure the
production of symmetrically optimized structures. Details of the
fine-tuning process and optimization algorithm are provided in
the Methods. Using this workflow, Voronoi structures with
distinct boundary geometries but identical design targets were
successfully generated (Figure 7d,i). FEM accurately captured
the deformation modes of these structures, as well as the
IPCF and MCF. However, FEM tends to overestimate densifica-
tion displacement due to limitations in the contact algorithms of
shell elements [20], particularly for thicker panels and complex
configurations. Consequently, CM-Net, being trained on
FEM-derived datasets, inherits this systematic overestimation.
While the CM-Net predictions showed high consistency with
FEM results (relative errors ranging from 0.16% to 6.73%;
Figure 7e-h and Figure 7j-k), the relative errors for densification
displacement between CM-Net and experiments range from
4.50% to 29.41% (Table S8). This discrepancy significantly influ-
ences the absolute accuracy of EA predictions. Therefore, similar
to conventional FEM practice, CM-Net serves as a tool for rapid
design iteration and relative ranking rather than a replacement
for final experimental validation (Figure 1a). Potential solutions
in future work are training CM-Net on the dataset collected
from experiments or calibrating the densification displacement
using a relatively small experimental dataset. Overall, CM-Net
demonstrates exceptional promise for engineering applications,
enabling significant reductions in design costs while maintaining
high predictive accuracy. Its integration with optimization strat-
egies, manufacturability constraints, and symmetry control high-
lights its versatility in addressing real-world structural design
challenges with complex performance requirements.

5 | Discussions and Conclusions

Cellular materials are valued for their exceptional mechanical
tunability and lightweight design. However, developing general
prediction models for cellular materials poses significant chal-
lenges due to the nonlinear and highly complex interactions
between diverse geometric configurations, material behaviors,
and contact mechanics. Traditional machine learning models,
which often rely on limited design spaces and simple property
predictions, struggle to capture the intricate nonlinear responses
arising from phenomena such as buckling, plastic deformation,
and frictional contact during EA. These challenges are particu-
larly acute in TWSs, where out-of-plane compression induces
complex deformation mode transitions and fluctuating force-
displacement curves. Our proposed CM-Net addresses these lim-
itations by integrating physical principles into a generalizable
machine learning framework, enabling efficient forward predic-
tion and robust extrapolation across diverse structural configura-
tions and material compositions.

The core innovation of CM-Net lies in its token-like processing of
basic geometric units, inspired by NLP architecture, which ena-
bles CM-Net to process cellular materials in a manner analogous
to parsing text in NLP systems. This design allows CM-Net to
handle both ordered and disordered cellular materials, including
TWSs, strut-based lattices, and plate-based lattices, by encoding
structural elements into direction-invariant, order-invariant geo-
metric units. This approach not only overcomes the dimensional

and topological constraints of previous models (such as CNNs
[44] and GNNs [46, 47, 63]) but also enables efficient aggregation
of structural information through adjacency matrices and global
self-attention mechanisms. Critically, the integration of physically
informed energy dissipation principles enhances the model’s
extrapolation capacity, ensuring that predictions align with phys-
ical mechanisms even for out-of-distribution cases. CM-Net’s
performance, validated through rigorous simulation and experi-
mental comparisons, demonstrates its superiority in both inter-
polation and extrapolation tasks (Section S5.1 and S5.2). For
instance, the model achieves a relative error of only 2.92%
for IPCF during interpolation, along with excellent accuracy
for nonlinear metrics such as MCF and EA. Notably, its extrapo-
lation capability extends beyond the training domain to scenarios
involving multi-material TWSs, extended wall thicknesses, and
novel topologies assembled from short straight segments, where
it maintains reasonable accuracy. Conversely, the model’s effi-
cacy is reduced for structures with long curved edges, where
the underlying deformation mechanisms differ significantly
from those in the training data (see Section S5.1). In addition
to its predictive accuracy, CM-Net’s lightweight architecture is
capable of reducing computational costs by several orders of
magnitude compared to FEM (Section S3.3), enabling rapid
design iteration and inverse optimization. Moreover, CM-Net
can also be a base model for researchers to fine tune on their
own dataset for better local prediction performance. We have
shown how CM-Net can be used to design optimal architectures
that maximize SEA under the constraints of IPCF and MCF.

Despite these advancements, the current implementation of
CM-Net is confined to TWSs and metallic materials, with training
data limited to specific boundary conditions and loading
scenarios. While this represents a practical starting point, the
framework’s modular design allows straightforward extension
to other cellular structures (e.g., foams, lattices) and diverse
materials (e.g., polymers, composites) through additional training
data and refinement of physical information layers. Furthermore,
expanding the prediction targets (e.g., elastic modulus, Poisson’s
ratio, or thermal resistance) would require fine-tuning the
mechanical property prediction module of CM-Net. The input
format, however, remains consistent as a token-based represen-
tation of structural elements, preserving generalizability across
geometries (e.g., struts for strut-based lattices, plates for plate-
based lattices, and void cells for foams).

Looking ahead, several promising directions emerge for the
development of CM-Net. First, the integration of a mixture-of-
experts (MOE) framework [66] could enable the creation of a
large-scale model that synthesizes sub-CM-Nets specialized for
distinct structural, material, and boundary types, significantly
enhancing predictive accuracy and scalability. Second, extending
the model to dynamic loading scenarios or multiscale simula-
tions, such as coupled mechanical-thermal analyses, could
unlock new applications in advanced engineering systems.
Finally, the fusion of CM-Net with heuristic algorithms [20, 31]
or generative models (e.g., GANs [37] or VAEs [30, 46]) could
revolutionize the automatic generation of cellular materials
with target properties. These advancements underscore CM-
Net’s transformative potential as a universal tool for the next
generation of cellular material design and optimization.
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6 | Methods

We detail the dataset generation procedure, including methods
for constructing TWSs and finite element model settings to assess
their EA performance. We also describe the machine learning
model architecture and training procedures.

6.1 | Design Generation

TWSs can be categorized based on the edge types of their axial
cross-sectional shapes: straight or curved edges. For generating
curved edges, we employed B-spline curves, while polylines were
used for straight edges. These were defined by control points. The
parametric function of a B-spline curve of order p with n control
points is given by

S(E) =) Piby,(8) (4)

i=0

where S(&) signifies the curve, P; represents the control points,
and £ denotes the parametric coordinate. The B-spline basis func-
tions are defined by

L if& <&<éi,
bio(€) = {0, otherwise ®)
f—fi §i+p+l_§
bip(&) = 2= byy (&) + LS g
#(%) Sivp—& ¥ 1(§)+5i+p+1_§i+1 to-1(¢) (6)
if§ <&<éiiq

with the convention that 0/0 =0. For this work, we set p = 3,
n=11, and the knot vector [&o, &, ..., &nip] = [0.0, 0.0, 0.0,
0.0, 0.125, 0.25, 0.375, 0.5, 0.625, 0.75, 0.875, 1.0, 1.0, 1.0, 1.0].
The x and y coordinates of the B—spline curve are bound within
[0.0, 0.5] and [-0.5, 0.5], respectively. Due to central symmetry
and boundary constraints, only four control points were variable,
with the 1st, 6th, and 11th control points fixed at (0.0, 0.0), (0.5,
0.0), and (1.0, 0.0), respectively. The number of polyline control
points was selected as an even number between 4 and 14, with
other settings matching those of B-spline curves. Both curves and
polylines were validated during generation to prevent edge inter-
sections. Using square and hexagonal cross-sections as baselines,
we generated polyline square tubes, B-spline square tubes,
B-spline hexagonal tubes, and B-spline hexagonal honeycombs.
Wall thickness ranged from 0.2 to 0.6 mm, with cross-sectional
basic lengths of 16.67 mm and heights fixed at 28 mm. To expand
the topology types, we incorporated common TWSs from previous
research, including triangular, square, hexagonal, and circular
cross-sections. These had limited parameters, with thicknesses
from 0.1 to 1.0mm and unchanged basic length and height.
The complete methodology is detailed in Section S1.1.

6.2 | Sample Fabrication

The experimental specimens were fabricated using wire-cut elec-
trical discharge machining, which is particularly well suited
for achieving high precision in the manufacturing of TWSs.
The process began with the preparation of aluminum alloy

AA1060-H112 blocks as base workpieces. Subsequently, holes
were drilled at the centers of each structural cell to facilitate
the threading of the wire during the machining process. The wire
was threaded through each hole and guided along the internal
contour of the TWSs. After completing the inner contour, the
wire was repositioned outside the block and used to cut the outer
profile of the TWSs.

6.3 | Finite Element Simulation

We employed LS-DYNA to obtain force-displacement responses
of generated structures and Hypermesh for meshing, using
Belytschko-Tsay shell elements. Mesh refinement continued until
convergence was achieved, with sizes set at 0.7 mm for TWSs and
10 mm for rigid plates. Hourglass deformations were mitigated
using stiffness-based hourglass control. Boundary conditions
included fixing the bottom rigid plate and applying a vertical veloc-
ity of 1 mm/ms to the top plate to simulate quasi-static compres-
sion, ensuring kinetic energy did not exceed 1% of internal energy.
The automatic node-to-surface contact was specified between
TWSs and plates, with the automatic single surface contact applied
to TWSs to prevent self-penetration. Friction coefficients were set
at 0.2 for both static and dynamic conditions. The aluminum alloy
material was modeled using a piecewise-linear plasticity model
(MAT 24), with plastic properties defined by an equivalent
stress-plastic strain curve. Vertical displacement of the upper plate
and reaction forces between TWSs and the upper plate were
recorded. The accuracy of this FEM was validated in our prior
work [20]. Detailed parameters are provided in Section S1.2.

6.4 | Mechanical Testing

All quasi-static compression tests were performed using a universal
testing machine, MTS 5944 (Instron Corporation). The samples are
compressed between stationary and moving steel plates. To resem-
ble the boundary conditions used in the training dataset, the sam-
ples are in free contact with the two plates. Force-displacement
curves are measured by the load cell with a maximum capacity
of 100 kN and the built-in crosshead encoder. Stress-strain curves
are computed analogously to what is done for FE simulations. The
compression velocity for all tests is set to 2.0 mm/min.

6.5 | EA Metrics

The EA metrics evaluated include the IPCF, MCF, EA, and spe-
cific energy absorption (SEA). IPCF reflects the initial buckling
force, which is crucial for controlling acceleration imparted to
protected objects. The total energy absorbed up to densification
displacement &y, is expressed as

Op
EA= / F(8)ds = MCF - p 7
JOo

where F(5) denotes the compression force at displacement &. To
determine Jp, the EA efficiency (EAE) is denoted as

EAE(s) = I (0)9 ®)

max'h

12 of 16

Advanced Intelligent Systems, 2026

85U8017 SUOWWOD SAIERID 8 cedt|dde aup Ag pausenob ale SoNe YO ‘8SN J0 S8|nJ 10} A1q1T8UIUO A8|IM UO (SUOTHPUOD-PUE-SLLIBYWOD A8 | 1M ARe.q U |UO//SdY) SUORIPUOD pue swie 1 8y} 88S *[9202/80/0T] Uo ArIqiTaul|uo A8|IM * 82Us 1S JO AISIBAIUN YINOS - Uir 0euyoni Ad T0S02 AS1e/200T 0T/I0p/W00" A8 | Akeiq | put|uo’peoueApe;/sdny wouj pepeojumod ‘0 ‘29510792



dp corresponds to the displacement where EAE reaches its max-
imum value. In addition, Fy,,y signifies the maximum force when
the displacement ranges between 0 and 6. SEA, a parameter crit-
ical for assessing EA performance across different structures, is
defined as

EA
SEA= —2 9)
m

where m is the mass of the structure.

6.6 | Architecture of CM-Net for TWSs

The architecture of CM-Net for TWSs is summarized below, with
full technical details provided in our Code availability and sup-
plementary materials. Implemented using TensorFlow, the net-
work processes input basic geometric units containing numbers
of repeated units, wall thicknesses, coordinate points, included
angles, and material properties. Key operations include:

1. Coordinate point tensor duplication and reversal to gener-
ate forward and inverse edge representations.

2. Two three-layer neural networks processing included angle
information: (32 —» 32 — 4) and (32 — 32 — 6) for adjacent
included angles, and other included angles, respectively,
followed by a global sum pooling 1D layer for dimension
reduction.

3. Concatenation of coordinate and angle tensors, processed
through a shared trainable linear layer with 512 neurons,
followed by summation and maximum operations to form
a directionless geometric unit.

4. Wall thickness embedding via a trainable linear layer with
32 neurons, and material property processing using two
three-layer networks (32 — 32— 1) and (32 — 32— 32) to
obtain flow stress and high-dimensional embeddings of
material parameters.

5. The procedure involving the application of an adjacency
matrix to a user-defined layer and following a trainable lin-
ear layer with 16 neurons is repeated twice to gather con-
strained information.

6. A multi-head self-attention layer (with 2 attention heads,
each of key dimension 8) and a trainable linear layer with
8 neurons capture global characteristics of structures, and
these concatenated with prior features to form basic
mechanical units.

7. After being processed by a two-layer perceptron (1024 — 1024)
with a residual block, basic mechanical units are processed
by different subnetworks to obtain PCF, MCF, and EA,
respectively.

The details are introduced in Section S3.1 and S3.2.

6.7 | Training Protocol

The curved and straight edges of TWSs are represented by
B-spline curves and straight lines, respectively. However, the
representation of control points can be less intuitive during

the design process. To facilitate a more user-friendly and inter-
pretable design methodology, we adopt a representation based on
edit points. Although restricting the number of edit points intro-
duces some error in the curve representation, this trade-off is jus-
tified by the improvement in usability and design efficiency. In
this study, the distribution of edit points is strategically deter-
mined based on the curvature distribution of the structure.
Specifically, regions with higher curvature are assigned a greater
number of edit points, thereby enabling more accurate represen-
tations in those critical areas. The code implementing the discre-
tization of B-spline curves into 40 edit points based on curvature
is provided in Code availability. For straight lines, the geometry
can be precisely captured by specifying the coordinates of the two
endpoints. To maintain consistency and simplify the input
format, the starting point is always fixed at (0, 0), while the
remaining 38 edit points are also set to (0, 0). The adjacency
matrix serves as a critical input to the model, representing the
connection relationships among the basic geometric units. It is
important to note that a basic geometric unit may connect to
the same unit as itself, and this must be explicitly included in
the adjacency matrix. Detailed illustrations of how to construct
these input matrices for the CM-Net are provided in Section S3.1.

To ensure numerical consistency and compatibility with the
model, the adjacency matrix inputs are normalized by dividing
the values by 10. The training hyperparameters employed in this
study are detailed in Table S3, and loss plots are presented
in Section S4. Due to its lightweight design, requiring about
4 million parameters for the original model and only 186 thou-
sand parameters for the lightweight version, the CM-Net is
highly deployable on standard computing hardware, such as per-
sonal computers or laptops. In this study, we trained the CM-Net
on a PC equipped with an Nvidia GeForce RTX 4060 Ti GPU,
which has 16 GB of GDDR6 memory. The training process for
the original model took approximately 1.2h. Further details
regarding the training procedure and performance evaluation
are described in Sections S4, S5.3, and S6.

6.8 | Finetune and Optimization

The dataset for fine-tuning CM-Net includes 170 square-boundary
samples, 40 C-shaped boundary samples, 40 U-shaped boundary
samples, 40 H-shaped boundary samples, and 40 K-shaped
boundary samples, totaling 330 samples. These samples were
randomly divided into training and validation sets in a 7:3 ratio.
Notably, the weights in the mechanical property prediction mod-
ule were set as trainable parameters, while all other weights were
frozen. The lightweight version of CM-Net was selected as the
base model, resulting in 25800 trainable parameters. All other
training settings followed the standard procedure. A genetic algo-
rithm was employed in this study as the optimization algorithm,
with the seeds and wall thickness of the Voronoi diagram serving
as the genetic representation of the thin-walled structure. The
algorithm incorporates two primary operators: the mutation
operator and the insertion/deletion operator. The mutation oper-
ator modifies the coordinates of the seeds and the wall thickness
values, with the seed coordinates constrained within the design
boundary and the wall thickness ranging from 0.5 to 1.0 mm.
This operator was applied with a probability of 20%. The inser-
tion/deletion operator adjusts the number of seeds to generate
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Voronoi diagrams with varying complexity levels, with the seed
count constrained between 4 and 20. This operator was imple-
mented with a 50% probability, with equal likelihood for both
insertion and deletion operations. An elitist strategy was incor-
porated, where the top 10% of the population with the highest
fitness values were preserved for the next generation. The popu-
lation size was set to 50 individuals, and the algorithm was exe-
cuted for 200 generations. The initial population was randomly
generated, ensuring a diverse starting point for the evolutionary
process. The design target was defined through a carefully formu-
lated fitness function. To achieve maximum SEA while avoiding
exceeding the limitations of protected items, both the IPCF and
MCEF needed to be controlled. Therefore, the fitness function can
be defined by

F(IPCF, MCF, SEA) = SEA + k(ReLU(IPCF — IPCF,,)

(10)
+ReLU(MCF — MCF,,))
where k represents the penalty coefficient, IPCF,, and MCF,
denote the maximum IPCF and MCF values, respectively.
Both IPCF,, and MCF,, were set to 15kN. The ReLU function
is mathematically expressed as

x, x>0
ReLU(x) = { ayn

0, x<0

Additionally, to ensure manufacturability through wire-cut elec-
trical discharge machining, the minimum edge length in Voronoi
tubes was specified as 2.0 mm.

6.9 | Error Measures

To measure the error between the ground truth and prediction,
we consider the relative error computed as

Y pred — Ytrue

RE (Vpreds Yirue) = X 100% (12)

Yirue

where ypreq and yire are the values predicted by CM-Net and the
values obtained by FEM, respectively.
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