www.nature.com/scientificreports

scientific reports

OPEN

W) Check for updates

Two stage multiobjective topology
optimization method via SwinUnet
with enhanced generalization

Cheng Xiang*?, Airong Chen?, Hua Li3, Dalei Wang?, Baixue Ge? & Haocheng Chang?**

Topology optimization is a critical tool for modern structural design, yet existing methods often
prioritize single objectives (e.g., compliance minimization) and suffer from prohibitive computational
costs, especially in multi-objective scenarios. To address these limitations, this paper introduces a
novel two-stage multi-objective topology optimization (MOTO) method that uniquely integrates
data-driven learning with physics-informed refinement, and both stages are implemented within
nearly identical network frameworks, ensuring simplicity and consistency in execution. Firstly, a
MOTO mathematical model based on the constraint programming method that considers competing
objectives of compliance, stress distribution, and material usage was constructed. Secondly, a novel
neural network that incorporates shifted windows attention mechanism and lightweight modules
was developed to enhance feature extraction while maintaining computational efficiency. Finally, the
proposed model was trained in two stages: In Stage-1, utilizing adaptive input tensors, the network
predicts near-optimal geometries across variable design domains (including rectangular and L-shaped
configurations) and diverse boundary conditions in real time, requiring only 1,650 samples per
condition. In Stage-2, the near-optimal structures from Stage-1 were physically optimized to achieve
optimal performance. Experimental results demonstrate that the method'’s capability to generate
high-accuracy, computationally efficient solutions with robust generalization capabilities. It effectively
tackles challenges associated with multi-scale design domains and non-convex geometries, various
and even untrained boundary conditions while significantly reducing data dependency, a critical
advancement for data-driven topology optimization. The novel approach offers new insights for multi-
objective structural design and promotes advancements in structural design practices.

Keywords Topology optimization, Deep learning, Multi-object optimization, Self-attention mechanism,
Physics-informed neural networks, Generalization ability

Structural optimization seeks to pursue structures with higher efficiency (such as higher performance, lower
costs, lightweight, etc.)!. Within the field of structural optimization, topology optimization (TO) is dedicated to
identifying the optimal distribution of material within a given design domain (DD) under different constraints.
Over the past few decades, TO has experienced rapid development, leading to the emergence of numerous
numerical methods, such as SIMP??, evolutionary approaches®, level-set method>¢, and moving morphable
components method (MMC)’. Despite their widespread adoption, traditional methods for solving TO are
hindered by their computational expense, necessitating a large number of design variables and iterations during
the optimization process. Each iteration requires finite element analysis (FEA) and sensitivity analysis to inform
updates to the design variables®. This computational inefficiency significantly hampers the practical application
of TO, highlighting the urgent need for new methods to enhance its efficiency and practicality.

With the growing popularity of deep learning (DL), significant advancements have been made across various
fields. In recent years, several DL-based TO methods have emerged to mitigate computational burdens. Early
approaches in this area primarily focused on developing end-to-end TO frameworks that aimed to directly map
design constraints to optimal topologies, emphasizing real-time prediction of optimized structures. For examples,
Sosnovik and Oseledets’® pioneered the integration of TO and DL by framing TO as an image segmentation task.
Using the convolutional encoder-decoder architecture, the near-optimal structures can be obtained without
iterative processes. With a carefully designed initial physical field input tensor, Wang et al.!*!! developed a deep
CNN with perceptible generalization ability for TO, which can rapidly predict the 2D or 3D optimized structures
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even with previously unseen boundary conditions (BCs). Rochefort-Beaudoin et al.!> proposed a two-stage

method in which the predicted results of a trained CNN were used as the initial arrangement of components
in MMC, which was further refined by executing a limited number of MMC iterations, significantly reducing
computational time while maintaining optimal performance. By utilizing optimization history information and
combining independent sub-models, Yan et al.!* introduced a step-to-step training method which improves the
prediction accuracy of a DL model for real-time TO.

The research previously discussed has predominantly focused on compliance as the primary optimization
objective. Beyond compliance, studies have also explored other objectives, contributing to a broader scope of
TO applications. For examples, Li et al.!* developed a non-iterative topology optimizer for conductive heat
transfer structures, capable of predicting near-optimal structure both in both low and high resolutions. Oh et
al.’® proposed an Al-based deep generative design framework that generates diverse design options, balancing
aesthetics with optimized engineering performance. Xiang et al.!® presented an iteration-free TO method
that utilized CNN to minimize stress distribution in 2D and 3D structures. Deng et al.!” introduced a self-
directed online learning optimization method for complex TO problems, such as fluid-structure optimization,
heat transfer enhancement, significantly reducing computational time. Recent advances further extend TO
to reliability-based design under uncertainty. For instance, Habashneh et al.'® addressed imperfect structures
with uncertain load positions through reliability-based optimization, while Li et al.'” proposed a proportional-
integral-derivative-driven sequential decoupling framework for efficient concurrent TO, achieving enhanced
computational robustness.

The aforementioned studies highlight the transformative potential of integrating DL with TO, and has
made significant progress in different optimization fields. However, practical structural design often involves
balancing multiple conflicting objectives. For instance, ensuring structural stiffness while achieving uniform
stress distribution is essential to avoid stress concentrations—a typical multi-objective optimization (MOTO)
scenario. Existing research, which largely focuses on single-objective optimization, fails to address the diverse
and often competing demands of real-world structural applications. To date, there is a noticeable lack of research
on the integration of MOTO with DL, underscoring the need for further exploration in this area. Besides, while
the end-to-end approaches have confirmed its remarkable efficiency advantages, it is an image-based method
that primarily emphasizes achieving high pixel similarity. However, TO involves strict mechanical constraints.
Consequently, this approach may give rise to issues of structural disconnection, a problem that is commonly
observed in related research2%2!, Additionally, as a typical data-driven approach, end-to-end methods often
require a large amount of training data to train an ideal model'®!*1420, This substantial data requirement can,
to some extent, offset the efficiency advantages of such approach. Furthermore, once the design conditions
changed, variations in DD sizes or BCs, the model needs to be retrained, and the lack of generalization ability
also limits the practical application of this kind of method!1¢.

To address the above-mentioned problems, different approaches have been come up with. On the one hand,
researchers are attempting to incorporate mechanical information into the network to guide the optimization
process. For example, Zhang et al.?? gained the optimized structures by adopting the physics-informed neural
networks (PINN)?? that incorporating physical information of compliance into the loss function and replacing
the element density update in TO with the neural networks (NN) parameter update. Jeong et al.?* introduced
a novel TO framework based on PINN, which utilizes an energy-based PINN with the multilayer perceptron
as the basic framework to replace FEA and achieves optimized topologies without labeled data. These methods
explicitly incorporate physical information, thereby avoiding structural discontinuity. Nevertheless, the PINN-
based approaches often require hundreds of FEA and frequent network parameter updates, making them
even more time-consuming than conventional methods and failing to deal with the efficiency issue®. On the
other hand, some recently proposed advanced network architectures have also been introduced into TO task
to improve the prediction accuracy. For instance, the attention mechanism, as the core of Transformer and
the popular large language model like ChatGPT?, is integrated into the TO task to overcome the limitations
of the end-to-end approaches?’. Seo and Min?® introduced the graph neural networks for accelerating TO in
irregular DDs, achieving near-optimal topologies by encoding complex non-Euclidean data into Euclidean
form. Mazé and Ahmed® proposed a conditional diffusion model-based architecture that introduces a surrogate
model-guided strategy that actively favors structures with low compliance and good manufacturability, which
significantly outperforms the state-of-the-art conditional GANs.

To summarize, the integration of DL into TO was initially motivated by the need to address the high
computational costs associated with iterative procedures. End-to-end methods have emerged as particularly
efficient, offering a significant advantage that has driven their widespread adoption. The development of novel
NN architectures, combined with innovative training strategies, such as designing specialized input tensors
and tailored loss functions, has demonstrated the substantial potential of the end-to-end approach for further
advancements. However, these methods face notable limitations in integrating physical information, resulting
in potential risks in terms of structural mechanical performance. Additionally, their generalization capabilities
remain inadequate and require substantial improvement. In contrast, the PINN-based approaches strictly adhere
to principles of mechanical performance, eliminating the need for constructing training datasets. Nevertheless,
these methods are fundamentally similar to the Method of Moving Asymptotes (MMA)* and Optimality
Criteria method?, differing primarily in their use of NNs weight updates to modify design parameters. With
these approaches, each iteration step requires both FEA and the updating of NNs parameters, resulting in
significantly higher computational costs compared to traditional TO methods.

Considering the advantages and limitations of both approaches, leveraging their strengths while mitigating
their weaknesses could significantly enhance the practical application of DL in MOTO. To this end, this paper
proposes a two-stage MOTO method that utilizes almost identical network frameworks in both stages. In the
first stage (Stage-1), an end-to-end model is trained using a small dataset, allowing it to predict near-optimal
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structures for different DD shapes and sizes and BCs in real time. In the second stage (Stage-2), following
the idea of PINN-based approaches, the loss function of the same network is replaced with the optimization
objective function, enabling further optimization of the structures using physical information. Since the near-
optimal structures predicted in Stage-1 are already very close to the optimal solution, Stage-2 typically requires
only a limited number of iterations to achieve the final optimized designs. The proposed approach can effectively
realize a balance between the efficiency, accuracy, as well as generalization ability of MOTO.

The remainder of this paper is organized as follows: In Section 2, a typical MOTO problem considering
optimization objectives of stiffness, strength, and material usage that have great impact on structural design are
presented. In Section 3, a novel high-performance network model that integrating shifted windows attention
mechanism and lightweight modules is constructed. In Section 4, the proposed two-step MOTO method, which
employs almost the same model architecture in both stages, is introduced. Section 5 evaluates the performance
of the method in both stages, as well as its generalization capabilities. Finally, Section 6 concludes the paper.

Typical MOTO problem

Currently, common multi-objective optimization methods include the weighted sum method, the compromise
programming method, and the constraint-based method®. The weighted sum method®® assigns weight
coefficients to each objective in proportion to their relative significance within the problem. The objective
function is then formulated as the sum of these weighted objectives. The compromise programming method*,
on the other hand, is primarily employed to tackle multi-objective optimization problems where the sub-
objectives exhibit distinct characteristics. This method normalizes the multiple sub-objective functions to
ensure their values fall within the range of 0 to 1, and then the problem is transformed into a single-objective
optimization problem by assigning weights to each sub-objective. However, TO is typically approached using
sensitivity-driven methods. When it comes to MOTO problems, the use of both the weighted sum method
and the compromise programming method often fails to converge due to the significant disparities in both the
physical meanings and numerical values among various objectives. Consequently, significant oscillations arise
in both the objective function values and the sensitivity values throughout the optimization process. Therefore,
given the substantial variations in physical meanings and numerical values among them, merging multiple
optimization objectives into a single objective through weighting or employing normalization techniques like
compromise coefficients may not be appropriate for the MOTO problem discussed in this paper.

The constraint-based method?? operates on the principle of designating a primary optimization objective
among several sub-objective functions, while pre-specifying desired values for the remaining objectives. These
additional objectives are then incorporated as constraint conditions within the optimization problem. By solving
the constrained optimization problem, the optimized value of the primary objective can be obtained. This
approach calculates the sensitivities of the objective function and constraint functions independently, thereby
mitigating the oscillation issues in sensitivities and objective functions that can occur in the weighted sum and
compromise programming methods due to substantial disparities in physical meanings or numerical values.
Therefore, this research employs the constraint-based method to formulate the MOTO problem.

Global P-norm stress measurement

Strength, as assessed by stress level, is a pivotal factor in structural design. To ensure reliability and safety,
design defects arising from insufficient strength must be avoided during the design process. Nevertheless, due
to the three significant challenges®, namely the singularity phenomenon, the local nature of the constraint, and
the highly non-linear stress behavior, the stress optimization problem is significantly more intricate than the
compliance optimization problem. Fortunately, diligent efforts by scholars addressing these issues have yielded
substantial progress.

The singularity phenomenon predominantly arises in density-based TO methods, where elements with
low densities can exhibit high-stress values, thereby complicating the optimization algorithms to remove such
elements. Various mitigation strategies have been devised to address this issue, like the stress penalization
method® that penalizes such elements, and the BESO-based method, which prevents the appearance of
intermediate-density elements, thereby eliminating the singularity phenomenon. The second challenge stems
from the fact that stress is calculated locally at each element, necessitating control over the stress level of each
individual element during optimization, leading to an unacceptable number of constraints. To simplify the stress
constraints, Le et al.*> proposed a global stress constraint that aggregates all local stress constraints into a single
measure. This method has since been extensively utilized in addressing stress-based TO problems*. The non-
linear stress behavior primarily arises from the high sensitivity of stress to topological variations. Currently, the
filtering method, which is commonly used in TO, has also been proven effective in enhancing the stability of
stress behavior®.

This paper will focus on implementing the SIMP method for MOTO. The Young’s modulus F; is determined
by the ith element’s density z;:

Where Ej is the Young’s modulus of the material, and Ey,i», is a very small value designed to prevent singularity in
the stiffness matrix. In this research, the material properties were simplified by setting Eo = 1.0, Eyin = 0.001
, and the Poisson’s ratio v = 0.3. These simplifications influence only the relative values of the results and do not
alter the final topological configurations. The parameter g, set to 3 in this study, serves as the penalization factor
in the SIMP method.

To prevent the singularity phenomenon, the penalization method*® is adopted as follows.
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6 = (x:) " 03 (2)
Where 6; is the penalized stress, and o is the effective stress vector. According to Equation (2), &; is equal to o;
for solid elements and 6; — 0 when z; — 0.

To alleviate the local nature of stress, the widely recognized p-norm global stress opn is adopted to
approximate the maximum stress 0'yaqz as follows.

T =

N

OpPN = Zazm,i (3)

=1

Where N is the total number of elements in the DD, 0m s is the von Mises stress of the ith element, p is the stress
norm parameter. In theory, opn is equal to oimar when p — 0o. However, using an excessively large value of
p during the optimization process can lead to severe oscillations, which may result in the convergence to a local
optimal solution with a high onas. In light of related literature®>3-%, our research employs a value of p = 6 for
the subsequent dataset generation.

Mathematical model of MOTO problem

Consistent with the mainstream research, when formulating the mathematical model for the MOTO problem,
we designate compliance as the primary optimization objective, while treating stress and material consumption
as constraints, as shown in Equation (4) - (8). This mathematical model aims to minimize structural compliance
while ensuring a rational stress distribution and material usage. Consequently, the optimized structure not
only exhibits substantial stiffness, but also satisfies the necessary strength requirements and considerations for
economic performance.

N
min : ¢(z) = UTKU = Z E; (z:) uj kow; (4)

i=1
st.:KU=TF, (5)

V(x)

= 6
A fs (6)
Tom < Tum, 7)
0<z<1,i=1,2---N )

Where ¢ is the compliance, K is the global stiffness matrix, U is the global displacement vector, F is the global
force vector. ko is the element stiffness matrix for an element with fully distributed solid material. u; is the
element displacement vector. N is the number of elements in the discrete DD. V(x) and Vj are the material
volume and the DD volume, respectively. V¢ is the pre-defined volume fraction. oy,;” is the maximum oum
value, and o7, is the target value for limiting the maximum o ym.

During the optimization process, to avoid the local characteristics of stress, the stress constraint equation
was modified by replacing the maximum stress o, " with opn, as depicted in Equation (3). Given that the
MOTO problem is inherently nonlinear, it is solved using the MMA algorithm”, which primarily leverages the

sensitivity of both objective and constraint functions with respect to the design variables.

Definition of stress fraction

The degree of stress constraint (denoted as the value of o,,,), can significantly influence the final forms of the
structure. In the proposed MOTO problem, o7, is introduced to optimize the stress distribution during the
compliance optimization process. Thus, it is essential to first determine the stress level (0¢) under conditions
where compliance is minimized with V only. The upper and lower limits of o, are determined iteratively.
When the optimized structure under o7}, is matched the optimized structure with the minimum compliance
under only V; (for example, the compliance is almost the same and the pixel difference is within 5.0%), it is
considered that the o7, at this time has no effect on structural optimization, and this value is denoted as the
upper limit of the stress constraint o,,. On the other hand, when the ¢, and volume constraint cannot be
satisfied simultaneously, it is considered that the o7, at this point represents the minimum stress constraint
o' Actually, these values can be easily achieved within a limited number of iterations using methods like
Bisection method*’.

Similar to the clear definition of V, which represents the ratio of preserved material volume to the DD
volume (with V; = 0 indicating no material present, and V; = 1 signifying the DD fully filled with material),
we aim to introduce the concept of stress fraction Sy, where stress constraint can be expressed in fractional
form. Consequently, it is essential to attribute analogous physical interpretations to the stress constraint: when
Sy = 0, the stress constraint does not affect the results, and when Sy = 1, the stress exerts maximum influence
on the results.

Introducing stricter constraints would render the optimization problem unsolvable. The stress constraint
values between ¢, and o, can be obtained through weight interpolation. Typically, the value of /00
ranges from 0.8 to 0.95, while the range of o,,,, /00 is relatively wide, even up to 3.0. The stronger the constraint,
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the more pronounced its influence on the topology forms. To fully explore this influence, particular emphasis
should be placed on studying the results within the realm of strong stress constraints. Linear interpolation
scheme often falls short in addressing high-stress constraint areas. Therefore, an exponential interpolation
scheme is adopted, as shown in Equation (9).

_* 5
b+ ka

Tom = 0 =T0o 9)

Where parameters a and b represent the interpolation function parameters, and k represents the exponent, along
with the definition of ¢, and o',,,, the following relationships can be obtained:
1 a

a
EUO (Sf - O)) Oym = mao (Sf - 1) (10)

u
Oym =

By combining Equation (9) and (10), the stress constraint coefficient r under Sy can be derived as follows:

l

u
OvmOTvm

0 (0hm + S% (0tm — obim)) (11)

T =

The variations of coefficient r across different exponents k, as well as the linear interpolation scheme, are shown in
Figure 1, where o,,, is set to 2, Ulum to 0.85, and o to 1 for illustration. It can be observed that the r values of the
linear interpolation approach uniformly decrease with increasing Sy. This decrease exhibits the same magnitude
of change in both high-stress constraint and low-stress constraint regions, thereby failing to differentiate the
impact of high-stress constraints on the results of TO. By employing exponential interpolation schemes with
varying exponents k, it is evident that they can dynamically modulate the extent of changes in response to the
degree of influence of the constraint. In regions with low-stress constraints, where stress constraints exert a small
impact on TO results, a more pronounced decrease in the r value is applied. Conversely, in high-stress constraint
areas where stress constraints profoundly influence optimization results, the decrease in the r value is gradual,
effectively accounting for the significant impact of high-stress constraints. Within this interpolation scheme, and
taking into account the various trends of the r value across different regions corresponding to various k values,
this study ultimately sets k to 0.75.

The novel SwinUnet framework

In current end-to-end methods, a fundamental issue leading to structural disconnections arises from the
lack of correlation between adjacent elements in disconnected regions. To address this challenge, the self-
attention mechanism, being the core unit of the transformer framework, has inspired research in computer
vision and large language models since its introduction®!. This mechanism enables the capture of correlations
among different input elements, thereby fostering stronger connections within the model and expanding its
receptive field. Consequently, it holds great promise for alleviating structural disconnections in end-to-end TO
methods. Building on this insight, our study endeavors to integrate the self-attention mechanism into the UNet
framework*?, which is renowned in DL-based TO for its remarkable feature extraction capability.
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Fig. 1. The variation of stress constraint coefficient r across different exponent k.
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The principle of self-attention mechanism

As depicted in Figure 2(a), the self-attention mechanism is implemented through the scaled dot-product
operation. Initially, the input sequence, denoted as X, is mapped into three vectors: the query vector Q, key
vector K, and value vector V. This mapping is calculated with the following equation:

Q= XWQ
K=Xxw& (12)
VvV =xwV)

Where X € RT*%, W(Q) ¢ Re=xdk WK ¢ Ré=>dk and W) € R%*9 are linear matrices. Here, T
and d, represent the length and dimensions of X, respectively. dk, dx, and d. represent the dimensions of Q,
K, and 'V, respectively. Furthermore, Q and K are aggregated using the dot-product operation, as described in
Equation (13). The resultant values are then normalized by the scale factor v/dj and subjected to the Softmax
operation. Finally, the outcome is multiplied by V to yield the final output vector Z.

Z = Attention(Q, K, V)
QK™ (13)
va "V

Nevertheless, the modeling capability of single-head attention is relatively coarse due to the limitations of the
feature subspace. To overcome this limitation, Vaswani et al.** proposed the multi-head self-attention (MHSA),
enabling the model to simultaneously focus on information from different representation subspaces at diverse
positions. Subsequently, the resulting vectors are then combined and mapped to the final output, thereby
enriching the diversity of the feature subspace without incurring additional computational cost, as illustrated in
Figure 2(b).

= Softmax(

QKT v
Vg (14)
MHSA(Q, K, V) = Concat(Zi, Zg, - - - , Zn)W®

Z; = Softmax(

Where 7 is the number of MHSA heads, WC € R*% %%z All W are linear weight matrices that are learned
from the data, and the output with the same dimension of input is obtained by combining the self-attention of
different heads.

Z;
Mat Multiplication Linear
N AN
SoftMax Concatenate
1+ AN AN
Z,
Mask Z;
A Z1
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Attention
Scale Z N AN AN
i K, v,
QiQ 19 . Y =
— cien | e | B |
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Qi K; Vi X X X
(a) Self-attention (b) Multi-head self-attention

Fig. 2. The architecture of attention mechanism. (a) Scaled dot-product attention. (b) Multihead attention.
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Shifted windows based self-attention mechanism

The standard Transformer architecture, along with its adaptation for image processing tasks, employs global self-
attention, which computes relationships between a token and all others. However, this global computation results
in a quadratic complexity relative to the number of tokens, making it unsuitable for complex tasks necessitating
a vast token set for dense prediction or high-resolution image representation. For efficient modeling, this study
implements self-attention computation within shifted local windows. These windows are systematically arranged
and shifted to evenly partition the image in a non-overlapping manner.

In the shifted windows based self-attention block (SWA, see Figure 3), the shallow feature information from
the down sampling is firstly channeled into the Windows Multi-head Self-Attention (W-MHSA) module. This
module facilitates segmentation of the feature map into multiple discrete windows to compute self-attention
independently within each window. Compared to the global self-attention computation in Transformer, this
approach can reduce the sequence length in attention calculations, thereby significantly decreasing computational
complexity. With the shifted window partitioning approach, consecutive SWA blocks can be computed as follows:

7' = W-MHSA(LN(z' ")) +2'!
z' = MLP(LN(2")) + 2'

72 = SW-MHSA(LN(z")) + 2'
2zt = MLP(LN(z'™)) +2'™!

Where 2! and z' denote the output features of the (SYW-MHSA module and the MLP module for block [,
respectively.

The windows shifting results in the creation of smaller sub-windows, as illustrated by regions A, B, C, D,
and E in Figure 3. A common approach to calculate MHSA within sub-windows is to pad zeros around the
sub-windows. However, this leads to an increase in the number of windows used for attention calculations
(from 4 to 9), thereby increasing computational cost. Referring to the research of Liu et al.*4, a cyclic shift and
masking mechanism is employed to maintain consistent computational costs between W-MHSA and SW-
MHSA. Furthermore, a masking mechanism is employed to restrict self-attention computations within the
shifting window to only adjacent sub-windows, where large negative values are applied to non-adjacent sub-
windows, causing them to converge to zero after the softmax activation, while the results of adjacent regions
remain unaffected.

SwinUnet for MOTO

In this research, based on the shifted windows attention mechanism, a novel extension of Unet named Shifted
Windows Attention Unet (SwinUnet) is proposed, as depicted in Figure 4. SwinUnet maintains the core
architecture of Unet that comprises three parts: encoding, decoding, and skip connections.

Given that the input of the network is the node information and the output is the element solution, the input
tensor needs to be modified before being sent to the encoding blocks. Therefore, a convolution layer witha 2 x 2
kernel is first applied to decrease its spatial dimensions. Subsequently, the tensor is sent to the encoding part for
feature extraction. The feature maps of different dimensions are extracted, and the output tensor of this part is
compressed 8 times compared with the beginning. After that, the feature maps of the encoding part are then fed
into the decoder for reconstruction. The channels from the preceding convolution and those corresponding to
the feature extraction phase after SWA blocks in the skip connection are concatenated, thereby increasing the
quantity of information on the decoding part. Finally, the last layer of the network utilizes the sigmoid activation
function to derive the probability of each element being classified as a solid element.

Output of SWA block
—_——— e =)
| |
| |
e ] .
A window to perform MSA | T |
: | LayerNorm | I . NGy »
| I A D
|
! | B B
Do ] | LAA 2
[ | 7 NN
LayerNorm | C A
— " | D N
L= _ 4
Input of SWA block
Fig. 3. The architecture of SWA.
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Fig. 4. The architecture of SwinUnet.

Compared to typical Unet, the key improvement of SwinUnet is the incorporation of SWA within the skip
connections. This innovation enables the model to more effectively capture correlations between neighboring
elements and focus attention on regions with material distribution, as demonstrated in Section 3.2. In addition
to SWA, the Partial Convolution (PC) module® is also employed within both the encoding and decoding
parts of SwinUnet to substitute the standard convolution operations typically used in conventional CNN
architectures. It not only reduces the complexity of the network, but also improves the efficiency of both model
training and prediction. PC is an extension of the Depthwise Convolution introduced by Howard et al.*¢ It
operates by performing convolution on a subset of channels (n,) within the input tensor, as illustrated in
Figure 4. By integrating Pointwise Convolution (PWConv) and residual learning, the PC module facilitates the
comprehensive utilization of channel information. This approach results in a dramatic reduction of trainable
parameters to 1/4 of those present in standard convolution operation. Consequently, the training parameters of
the network are reduced by a notable 39.4%, from 13,671,777 in the original Unet to 8,285,089.

The proposed two-step MOTO method

The flowchart of the proposed two-stage SwinUnet framework for MOTO is presented in Figure 5, comprising
three key steps. First, a small dataset is generated that incorporates variable DDs (rectangular and L-bracket
domains with scalable dimensions) and three kinds of BCs. Subsequently, using the small dataset and an input
tensor designed with an expansion operation to facilitate the variable DD shapes, the end-to-end 1st-SwinUnet
model is trained to enable real-time predictions of near-optimal structures in Stage-1. Finally, the outputs from
Stage-1 are further optimized through a physics-informed approach. In Stage-2, with a limited number of
PINN-based optimization iterations, the second stage SwinUnet (2nd-SwinUnet) produces the final optimized
structures. Detailed descriptions of these steps are provided in the following sections.

Dataset generation and input tensor design
Traditional end-to-end methods, once the network encounters a learning bottleneck, even a slight improvement
in prediction accuracy necessitates exponential growth in training data volume. This inherent data dependency
explains why conventional methods require large datasets to attain high precision. In contrast, the proposed
two-stage framework introduces a physics-informed optimization phase (Stage-2) that compensates for residual
errors from the initial data-driven predictions (Stage-1). By decoupling accuracy requirements across stages,
Stage-1 prioritizes generating structurally feasible approximations rather than mechanically perfect solutions,
thereby substantially alleviating training data demands.

The established mathematical model of MOTO is used for data generation. To ensure numerical stability, the
density filtering method with a filtering radius of 1.5 is applied®!. Benchmark DDs are selected for validation,

Scientific Reports | (2025) 15:9350 | https://doi.org/10.1038/s41598-025-92793-0 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

r X s :
Step 1: Dataset generation for training and evaluating the neural network

2> X\

' |
|

I ‘% nelx - (% ~3 nelx— :
7 —

1 |
: ] § g’ Vr =05, S, =00 V;=04,S;=02 :
: 1 el Load Region MMA method for MOTO ‘ :
: Cantilever Beam Simply supported beam O Volume fraction Vf :
1
L et . =2 = = ot

| pasaon, o » Phiai [ O Stress fraction Sy I V; =06, S; =04 V;=05, S,=06 |
I g o I
I alh) O p-norm stress apy, p = 6 :
|

I B O Density filtering (1, = 1.5) '
| | V,=07, S, =08 V;=03, S, =10 |
| Znelx | 60~80 f ' f f A |
| Cantilever Beam (L-bracket) MBB Topologies under different Vf & Sf |
: : Load Region (Cantilever BC) :
| DDs and BCs 1650 samples for each BC, Training: Validation : Testing = 8:1:1 :

Information-enriched tensor

Step 2: Stage-1, real-time prediction of near-optimal structures using 1st-SwinUnet

Training the network:

ofofo

0

0

oj/ojofofojofoO

Ve|Ve Ve

Ve

Ve Ve |VE Ve 1V 1V [ Vr

VelVe Ve

72

LA

V|V Ve

Ve

Ve |V |V Ve | Ve [V IV

v

e Output
= )
l 1

Ve

Ve Ve Ve Ve Ve VeIV

Ve

I I I | Predicted structure

=

S

S

S

S

S

S
olololelolelelalole
Slololelolelelolole

| 1
I I I Ground truth

e

o

&

&

3

o

o
Slols|slolelololo]e
[elelelele]e]ele]o]o]

Ist-SwinUnet

|

|

|

|

|

|

|

|

|

& |

| 1 L |
|I Dice loss '
= - i |
|

|

g |

|

|

|

|

|

: Step 3: Stage-2, physics-informed 2nd-SwinUnet for the accuracy optimization

| (a) 2nd-SwinUnet Reparameterization

(b) Physical Model
Input INI | o - B

1
Forward

|

|

|

|

|

|

|

I

8 ' -y V I
/-\ FEA: U = K-1F |I» Mechanical Improved :
(a) (b) (c) I
|

|

|

|

|

|

(c) Object Function

Backward . o
Loss: minc = U"KU

Fig. 5. The flowchart of the proposed method.

including the rectangular beam (2:1 aspect ratio) and the L-bracket with the top-right quadrant removed, both
widely recognized in TO studies'® Three common BCs were considered: cantilever beams, simply supported
beams, and MBB-beams?’. For the L-bracket DD, the cantilever BC is applied to constrain its top nodes. The
length of the DD (referred to as nelx) was ranged from 60 to 80. To mitigate stress concentration, the load is
evenly distributed on two adjacent nodes (i.e., 1.0 N per node), and the 3 X 2 elements near the loading points
are defined as solid elements, and their density remains unchanged throughout the optimization process®.
Detailed configurations of DDs, BCs, and loading conditions are illustrated in the top-left panel of Figure 5.
The V; ranged from 0.3 to 0.6, and the Sy ranged from 0.0 to 1.0. Parameters of nelx, nely, V¢, Sy, as well as the
loading nodes are all determined using Latin Hypercube Uniform Sampling method?. This diverse set of initial
BCs, along with the sampling method that covers various design cases, ensures the comprehensiveness and
representativeness of the generated samples. Therefore, the model is able to learn a broader range of knowledge,
thereby significantly improving its generalization capability and enhancing its performance across different
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tasks. As Vy and Sy change, the resulting topologies exhibit distinct material distributions, as shown in the top-
right of Figure 5.

For each BC, 1,650 samples were generated, and were divided into training, validation, and test sets with
a ratio of 8:1:1. The maximum number of iterations for the MMA algorithm was set as 120, with an average
generation time of 9.1 s per sample. On the computer used in this study, four MATLAB scripts for data generation
can be run concurrently, allowing the construction of samples for each BC to be completed in approximately one
hour, demonstrating high efficiency.

In theory, for TO, there is a complex mapping between the final topology forms and the initial conditions of
optimization objectives and constraints. This is also the theoretical basis for using NN to solve TO problems, as
they excel in establishing such mapping relationships. Given the significance of initial conditions in determining
optimal topology forms of structures, the way in which these conditions are organized is closely associated with
the performance of the network.

Currently, there are two primary methods for organizing initial conditions: the direct input method, where
the load action position and the constraint position are directly input into the networks?®*°, and the indirect
input method, which involves indirectly representing the aforementioned information through the initial
physical fields, such as displacement fields, strain fields, and stress fields®!. In this research, a novel information-
rich direct input tensor, composed of 2 channels, is proposed. The first channel encodes information about
BCs and Vy, while the second channel encompasses load conditions and Sy. Each channel has a size of
(nelz + 1) x Round((nelxz + 1)/2), as the input tensor is derived from node information, where the
number of nodes exceeds that of elements by one in each dimension. Compared to traditional direct input
approaches, this information-rich configuration avoids the issue of limited information within each channel,
and the reduction of channels not only enhances training efficiency but also improves prediction accuracy by
minimizing irrelevant information.

Typically, NNs require input and output dimensions to remain fixed. However, to improve the generalization
capability of the model in this study, the DD shapes are allowed to vary greatly, resulting in input and output with
different dimensions. To accommodate this variability, tensor expansion operations are utilized, as depicted in
Figure 6. The enriched input tensor is centered within a zero tensor of dimensions 81 x41 X2, as shown in Figure
6(b). Similarly, for the output, by applying the same expansion operation to the ground-truth structure, an 80X
80x 1 target output tensor is created, as illustrated in Figure 6(a).

Stage-1: Real-time near-optimal structure prediction with 1st-SwinUnet
Loss function
Beyond architectural innovations, the selection of loss functions plays a critical role in improving prediction
accuracy and resolving structural discontinuities in TO. While the widely adopted Binary Cross-Entropy Loss
(-ZBc E) enforces pixel-wise consistency between predictions and ground truths, it exhibits inherent limitations
in suppressing intermediate densities and ensuring topological connectivitylo. In contrast, the Dice Loss (:ZDice
) quantifies structural similarity by directly optimizing the overlap between predicted and target geometries
at the element level. By minimizing the Dice coefficient, -Zpice prioritizes global shape coherence over local
pixel-wise errors, making it particularly effective for tasks requiring precise geometric alignment, such as TO®2
Given that the goal of Stage-1 model training aligns with the properties of Z’pice, this loss function is selected
for use in this study. The mathematical formulation of Zpic. is presented below:

2|Ytrue N Ypre
o(fDiCE — 1 _ ‘yt yP dl (16)
|yt7'ue| + ‘ypred|

Where y¢rue is the ground truth, ypreq is the prediction result of the network, |y| is the sum of the elements in
y, and N represents the intersection operation.

Training the 1st-SwinUnet

All experiments were performed on an Intel® Core”?i7-13700F CPU and NVIDIA GeForce RTX 4070 Ti
GPU using the PyTorch framework. The Adam algorithm®® was used during the training process to optimize
the network parameters. The initial learning rate was 0.001, with a decay of 0.1 when the validation loss failed to
decrease for 10 consecutive epochs. A batch size of 256 was used for training. The validation loss was monitored
throughout the training process, and the training was early stopped if the validation loss does not decrease for 30
consecutive epochs, and the model with the lowest validation loss was then selected as the final model for further
analysis. Hyperparameter analysis revealed that the model attained optimal performance when all SWA modules
in the skip connections were configured with a number of 6 (see Figure 4).

Here, the 1st-SwinUnet trained with .%pice is given as an example to show the training process. The losses
during the training are depicted in Figure 7. Initially, the loss decreases rapidly, with the training loss stabilizing
after approximately 70 epochs, while the validation loss continues to fluctuate. At epoch 113, the validation loss
reaches its minimum value of 0.0481, with the corresponding training loss being 0.0526, which is very close to the
validation loss. This indicates that the model exhibits excellent performance on both the training and validation
datasets. By epoch 143, the validation loss no longer decreases, meeting the early stopping criterion. Thus, the
model from epoch 113 is selected as the final model for subsequent study. Leveraging high-performance SWA
modules and lightweight PC modules, the model training process achieves remarkable efficiency. The entire
training process requires only 3,671 s, completing in around an hour.
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Fig. 6. Information-enriched direct input tensor and tensor expansion operation.
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Stage-2: Physics-informed SwinUnet for the accuracy optimization

Principle of PINN-based TO

As discussed in the introduction, end-to-end approaches, inspired by advancements in DL for image recognition,
often simplify structural design into an image-processing problem. However, this simplification fails to account
for the fact that TO is fundamentally a design method driven by mechanical performance. Consequently, such
approaches often struggle to ensure both the accuracy and mechanical reliability of the predicted optimization
results. To overcome the limitations of using DL as a surrogate for MOTO, Stage-2 developed a PINN-based
method for further refinement. This approach leverages the same SwinUnet to implicitly represent the structural
topology, reparameterizing the design variables of MOTO into NN parameters. By iteratively updating these
parameters under the guidance of the objective function, optimized structures with excellent mechanical
performance can be obtained. Notably, in contrast to full-PINN TO methods, which necessitate hundreds of
iterations to converge to the optimized structures?>?425, the second stage of the proposed approach significantly
reduces computational effort. This efficiency is achieved because the near-optimal structures predicted in Stage-1
are already very close to the optimal solution, thereby requiring only a limited number of iterations to reach the
final optimized designs.

In this research, the primary objective of MOTO is to minimize compliance, which aligns conceptually
with the goal of training a NN to minimize the loss function. Leveraging this similarity, the PINN approach
directly incorporates compliance as the loss function for the 2nd-SwinUnet, as shown in Equation (17). By
reparameterizing structural information into NN parameters, the structure is iteratively updated and optimized
during Stage-2 training, ultimately achieving a design with minimal compliance. Throughout the training
process, the gradients of the compliance loss with respect to the network parameters are computed using
automatic differentiation in PyTorch, ensuring efficient and accurate optimization.

N
Lstager = () = U'KU = > Ei (w:) uf kou (17)

i=1
Where the meaning of the symbols here are the same as in Equation (4).

Training the 2nd-SwinUnet

The flowchart for Stage-2 is shown in Figure 8. The 2nd-SwinUnet takes the near-optimal output of Stage-1
as its input. Since this input is element-based rather than the node-based input used in Stage-1, the size of the
preprocessing convolution kernel is adjusted from 2x2 to 1x1. Moreover, the network parameters in Stage-1
function solely serve as weights, whereas in Stage-2, these parameters represent the reparameterized structure,
giving them with entirely different physical meanings. Due to this distinction, the network weights of 1st-
SwinUnet cannot be directly applied to Stage-2, and the parameters of 2nd-SwinUnet must be reinitialized to
ensure that the weights of 2nd-SwinUnet are capable of reparameterizing the near-optimal structure produced in
Stage-1. To facilitate this process, prior to Stage-2 training, the output from Stage-1 is used as both the input and
the target output, and it is effortless for the network to learn the mapping between identical inputs and outputs.
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Subsequently, the initial parameters of Stage-2 effectively become a reparameterization of the Stage-1 output,
providing the foundation for efficient optimization in the subsequent iterations.

The training of the 2nd-SwinUnet exhibits a rapid convergence trend, usually completing within 20 epochs.
Figure 9 illustrates the compliance (representing the model’s loss) variation for a test sample during Stage-2
training. It can be found that the output of 1st-SwinUnet (labeled as the 1st structure in the figure) is already
very close to both the final optimized structure and the ground truth. As training progresses, the compliance
of the cantilever beam decreases significantly within the first five epochs, reaching a minimum value of 173.2.
To prevent the 2nd-SwinUnet from overfitting and to improve training efficiency, the early stopping strategy in
Stage-1 is also applied here. Specifically, if the training loss does not decrease for 5 consecutive epochs in Stage-2,
it is deemed that convergence has been reached, and the one with the minimal compliance is the final optimal
structure. Based on this early stopping criterion, the training terminates at the 10th epoch, with the structure
from the 5th epoch selected as the final result. Compared to the 1st structure, the mechanical performance of the
structure after Stage-2 optimization is significantly improved. For instance, as shown in Figure 9, the connection
between the upper part of the web rod and the main structure is strengthened.

Performance of the proposed method

The trained SwinUnet models from both stages were employed to generate optimized structures using samples
from the test dataset. Subsequently, the performance of the proposed method was evaluated by comparing the
prediction results with those obtained from the conventional MMA-based method. According to the considered
optimization objectives, three indicators, i.e., the compliance error (E.), opn error (Es, ), and V; error (E,
) were used during the evaluation. Additionally, three other global indicators were also introduced. The first
one is the outperforming sample ratio (OSR), used to quantify the percentage of cases where the DL model
surpasses the MMA-based method. We considered the DL outcomes superior if they exhibited |E,| < 1%
with E., Ey .y < —1%. These designs achieve superior compliance/stress performance with minimal volume
constraint violations. The second indicator is the bad sample ratio (BSR), which identifies the proportion of
samples displaying significant errors. Samples with E. or Es ., > 100% are categorized as bad cases due to their
substantial deviation from the optimization objectives. Finally, samples with E. or Es,, > 20% are classified
as suboptimal. The suboptimal sample ratio (SSR) quantifies the proportion of samples that closely approximate
the ground-truth structures but require further optimization. Together, the OSR, BSR, and SSR provide a
comprehensive evaluation of the proposed method’s performance across various scenarios.

Based on the evaluation indicators outlined above, the assessment of the proposed two-stage method was
conducted. Specifically, this include evaluating the performance of the novel network and the selected Dice loss
in Stage-1 by comparing them with the typical Unet'®. Additionally, an evaluation of the overall performance of
the two-stage method was carried out, followed by an in-depth discussion of the model’s generalization capacity.

Evaluation of the 1st-SwinUnet performance

The performance of the proposed novel network architecture

During the design of the network for MOTO, significant effort was invested in enhancing its performance. Key
improvements include the introduction of SWA modules to enhance model accuracy and the implementation of
the PC module to lighten the network. With the well-trained model, near-optimal structures can be obtained in
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Fig. 9. Example of the 2nd-SwinUnet training process.
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just 0.02 s. Additionally, the proposed method requires generating only 1,650 samples for each BC, substantially
reducing offline computational costs compared to similar studies'®!*2, which rely on thousands or even tens of
thousands of samples.

To evaluate the performance of the novel SwinUnet, the prediction results of the 1st-SwinUnet and the typical
Unet model'® are compared with those of the MMA-based method. As depicted in Table 1, negative values of E.
and E, ., are observed, indicating that even with only 1,650 samples under each BC, the proposed innovative
network can predict outcomes that closely align with the ground truth. Compared to the typical Unet, SwinUnet
outperforms it significantly across all indicators. Notably, it demonstrates substantial reductions in E., Es, ,
and . Regarding the global indicators, the BSR value of SwinUnet is only 41.5% that of the typical Unet, and
its OSR value improves by 44.2%.

Examples of the prediction results are shown in Figure 10. Compared to the ground truth obtained using the
MMA-based method, the predictions from both DL models exhibit clearer boundaries, significantly reducing
the presence of intermediate density elements. However, many of the Unet predictions display structural
disconnections, as evident in the predicted structures (a), (b), and (e). In contrast, SwinUnet effectively eliminates
most of these disconnections, demonstrating considerable improvements in model performance. Furthermore,
SwinUnet achieves lower compliance and o pn values in most cases compared to both traditional methods and
the Unet. These results align with the findings in Table 1, highlighting SwinUnet’s superior ability to meet the
optimization objectives of compliance and stress minimization. While Unet produces lower compliance values,
it exhibits higher deviations in stress distribution.

Overall, these results demonstrate the superior accuracy of the proposed SwinUnet network over typical
Unet, emphasizing its effectiveness in achieving the objectives of Stage-1.

Effectiveness of the Dice loss function

Besides the architectural improvements, the model adopts the Zpice to improve the similarity between
predicted and ground-truth structures, replacing the common .Zsc k. To show the advantages of Zpice, it
is compared with ZgcE as shown in Equation (18). Additionally, a hybrid loss function (Zs& p), defined in
Equation (19),which aims to leverage the strengths of both losses while mitigating their individual limitations®,
is also tested.

N
1
gBCE = 7N Z[ytruclog(ypred) + (1 - yt'rue)log(l - ypred)] (18)

1=1

Where N is the number of pixels in the output, and the other symbols are defined in the same manner as in
Equation (16).

ZB&p = 0Zpice + (1 — ) LBcE (19)

Where « is the weight coefficient of the hybrid loss function, with & = 0 representing only Zscr and o = 1
representing only .Zpice. Referring to relevant research®, the weight coefficient « in the hybrid loss function
was 0.9.

Three SwinUnet models with identical configurations were trained using loss functions of Zpice, -LBCE,
and LB p, respectively. The performance of these models was then evaluated to identify the optimal one for
handling similarity-based end-to-end models with limited sample sizes.

The results, summarized in Table 2, clearly demonstrate that the model trained with #pjce significantly
outperforms the other two. It delivers the lowest E'c and E, , , values, along with the smallest volume constraint
violations, closely aligning with the optimization objectives. The model trained with .Zp¢ p ranked second,
while the B¢ r-based model performs the worst. Regarding the global indicators, Zpice achieves a remarkable
25.6% reduction in BSR compared to .Zg¢.p and 33.3% reduction compared to .Zs¢ . Additionally, it achieves
a slightly higher OSR value than the others, further underscoring its superiority. These findings highlight the
substantial performance improvements brought by Zpice over the alternatives, and emphasize the critical
importance of selecting an appropriate loss function.

Moreover, when compared with the Unet performance in Table 1, it is evident that even with different loss
functions, the SwinUnet framework consistently outperforms Unet. This further underscores the exceptional
capabilities of the innovative network framework proposed in this study.

Evaluation of the two-stage framework

Despite considerable efforts to enhance the performance of the 1st-SwinUnet model, it still remains an end-to-
end framework. As shown in Table 1 and Figure 10, the prediction results still exhibit issues such as structural
disconnections and unclear material distributions. For instance, the prediction outcome of the 1st-SwinUnet,
illustrated in Figure 10(b), demonstrates notable improvements in pixel-wise similarity compared to the Unet.

Model E. |Eopy |E, |BSR |SSR |OSR
Typical Unet |1.03% | 1.85% | 0.13% | 11.67% | 21.97% | 40.76%
1st-SwinUnet | —6.15% | —1.86% | 0.01% | 4.85% 8.18% 58.79%

Table 1. Performance comparison between 1st-SwinUnet and typical Unet.
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Fig. 10. Comparison between the traditional Unet and the 1st SwinUnet.

Loss function | B, Eopn | Ey BSR | SSR OSR

Lrice —6.15% | —1.86% | 0.01% | 4.85% | 8.18% | 58.79%
ZBCE —2.52% | 0.63% —0.55% | 7.27% | 16.06% | 53.33%
LB&D —5.22% | —1.25% | —0.33% | 6.52% | 10.30% | 54.54%

Table 2. Performance comparison among different loss functions.

However, structural disconnections persist in the predicted structure, underscoring the need for further
optimization.

In Stage-2, following the flowchart in Figure 8, the predicted near-optimal structures were optimized using
the mechanically driven approach implemented in the 2nd-SwinUnet. The corresponding results are presented
in Table 3, and examples are given in Figure 11. It is observed that the Stage-2 optimization effectively addresses
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E. Eopn | B, BSR |SSR | OSR | Iterations
1st-SwinUnet | —6.15% | —1.86% | 0.01% 4.85% | 8.18% | 58.79% |/
2nd-SwinUnet | —5.13% | —1.77% | —0.23% | 0 0 83.48% | 20

Table 3. Performance evaluation of the 2nd-SwinUnet.
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Fig. 11. The results of the two-stage model.

the limitations of the initial predictions. Specifically, all near-optimal samples are successfully optimized, with
structural disconnections resolved in the final designs. For example, the disconnection evident in Figure 10(a)
and (b) is rectified in Figure 11(a) and (b). Additionally, the structural boundaries become more distinct,
further improving the overall design quality. Among the testing results, an impressive 83.48% OSR is achieved.
Furthermore, it is noteworthy that the indicators of E., Es, ., Ev of the final structures are all negative,
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indicating that the structures after the physical optimization of Stage-2 exhibit lower compliance and stress
values compared to the ground truth, while strictly satisfying the volume constraints.

In terms of efficiency, the computational efficiency of the proposed two-stage framework is compared with
the conventional gradient-based methods (e.g., MMA) and existing PINN approaches. In Stage-1, once trained,
the neural network generates near-optimal designs in 0.02 s per case, which is hundreds of times faster than the
MMA-based method (9.1 s/case). This acceleration is achieved without iterative FEA, as the network directly
maps design parameters to optimized structures. In Stage-2, while PINN-based refinement inherently involves
FEA computations, the high-quality initial predictions from Stage-1 drastically reduce the required iterations.
The proposed method converges in 20 epochs on average, compared to 120 epochs for MMA (a sixfold reduction).
This efficiency gain offsets the computational overhead of PINN, addressing a well-documented limitation of
pure physics-driven methods*>*4%5, which typically demand hundreds of epochs due to their poor initialization.

Generalization ability of the proposed method

A critical limitation of many DL-based TO studies lies in their restricted applicability of the trained models to
specific DDs and BCs. Given the substantial time investment required for dataset generation and model training,
it is impractical to train a new model for every variation in DDs or BCs. This study therefore systematically
investigates the generalization capabilities of the proposed method.

Compared with conventional approaches, the proposed framework exhibits superior adaptability to
geometric variations and BC diversity. While traditional methods typically operate within fixed rectangular
domains, our framework successfully processes both scalable rectangular configurations (with nelx spanning
60-80) and geometrically complex non-convex L-bracket domains without requiring retraining. The model’s
robustness is further validated through comprehensive testing across three fundamental BC categories:
cantilever beams, simply supported beams, and MBB-beams, achieving consistent performance with only 1,650
training samples per BC. Results can be found in Figure 11. The two-stage methodology consistently generates
optimized topologies despite significant geometric and BC variations. This generalization capability originates
from the physics-informed training mechanism in Stage-2, which incorporates fundamental physical principles
(e.g., equilibrium constraints, stress regularization) to ensure feasible solution. This physics-based refinement
complements the data-driven patterns learned in Stage-1, enabling effective generalization with limited training
data.

To rigorously evaluate generalization boundaries, we extend validation to three challenging scenarios
beyond the original training specifications. (1) A scaled-down rectangular domain (50x25) under standard BCs
confirming size invariance (Figure 12 I(a)); (2) A new hybrid BC combining cantilever and simply supported
constraints to evaluate performance on unseen BC (Figure 12 I(b)); (3) Concurrent modifications of both
domain dimensions (50x25) and BC configurations (Figure 12 I(c)). Comparative results in Figure 12 II-III
demonstrate that the framework produces solutions comparable to MMA-based optimization benchmarks. As
defined by Woldseth et al.?, our framework demonstrates task-shift generalization, meaning it performs reliably
on tasks that differ moderately from the training data.

However, performance degradation occurs when handling BC/DD combinations beyond the training
distribution, as exemplified in Figure 12 III(b), where both topological and performance discrepancies emerge
compared with conventional methods. This limitation stems from the hybrid data-physics architecture’s
dependence on first-stage network initialization. When novel parameters exceed the training distribution,
suboptimal initial solutions constrain the subsequent physics-based optimization search space. Future
developments will implement transfer learning strategies™, where limited additional training for new design
conditions could refine the first-stage network, thereby extending the method’s applicability while preserving
computational efficiency.

Conclusion

This paper proposesanovel two-stage MOTO method based on DL, addressing critical challenges in computational
efficiency, generalization, and mechanical feasibility. A MOTO mathematical model that incorporates important
design objectives of stiffness, strength, and material usage was established, and a unified SwinUnet framework
that executes both stages, employing SWA and lightweight modules, was constructed to support this approach.
Stage-1 employs data-driven learning to generate near-optimal designs in 0.02 s, using only 1,650 samples per
condition. Stage-2 refines these designs via the PINN framework, achieving convergence in 20 epochs while
yielding structures with 5.13% lower compliance and 1.86% reduced peak stress compared to ground truths,
and 83.48% of them perform better than the ground truth obtained by the MMA-based method, all under
strict volume constraints. The proposed method demonstrates substantial improvements in generalization
capability across DD sizes and BCs. These improvements also highlight the practicality and competitiveness of
the proposed approach. The proposed method effectively addresses the challenges associated with the reliance
on large datasets and the lack of mechanical considerations in end-to-end approaches. Besides, it achieves a
significant reduction in computational cost compared to PINN-based methods. Furthermore, the method also
demonstrates substantial improvements in generalization capability across multi-scale DDs and non-convex
geometries, as well as various, even untrained BC. These improvements also highlight the practicality and
competitiveness of the proposed approach.

Although substantial progress has been made, the proposed method still has some limitations that warrant
further exploration. On the one hand, compared to existing one-stage TO studies using a single network, the
proposed two-stage method entails an increase in complexity during execution. However, by employing nearly
identical networks across both stages, the complexity associated with transitioning between different models has
been effectively minimized!??>%. On the other hand, given the complexity of the MOTO problem, this study
primarily focuses on relatively simple 2D structures, whereas real-world applications often involve intricate 3D
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Fig. 12. Validation the generalization ability of the proposed framework.

designs. Extending the current method to 3D poses several challenges. In a data-driven framework, preparing
datasets for 3D cases requires detailed characterization of highly complex and diverse structures, significantly
increasing the number of design variables. This necessitates larger, more diverse datasets to ensure robust model
training, which inherently amplifies computational expenses. Besides, PINN-based optimization in Stage-2
involves a limited number of FEA analyses. For 3D scenarios, this could severely impact efficiency. Additionally,
both the mathematical model and the NN architecture must be reformulated to accommodate the demands
of 3D optimization while maintaining high efficiency. Despite the aforementioned challenges, extending the
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method to 3D scenarios offers promising opportunities, such as enabling more realistic and practical structural
designs and facilitating manufacturing through 3D printing.

Addressing these challenges and extending the proposed method to complex 3D problems represents a crucial
direction for our future work. Subsequent efforts will focus on developing a robust 3D MOTO mathematical
model, efficiently generating high-resolution 3D datasets using techniques such as GPU acceleration and parallel
computing, and designing advanced NN architectures tailored to 3D scenarios. Furthermore, enhancing the
model’s generalization capability to adapt to a broader range of 3D DDs and BCs will also be a priority.

Data availability
Relevant codes and dataset used in this paper have been uploaded to GitHub, which can be found at https://gith
ub.com/FZU-chengxiang/SwinUnet-for-MOTO.
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