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ABSTRACT

Topology optimization holds great significance as a research topic in the field of mechanical engineering,
aiming to design and optimize structures to achieve desired performance while adhering to specific constraints.
However, its high computational complexity and iterative optimization process severely impact the efficiency,
which presents substantial obstacles to its practical applications. To tackle this challenge, recent research is
dedicated to the advancement of iteration-free topology optimization methods that leverage neural networks
and deep learning, aiming to directly predict optimal structures through optimization problem configurations.
In this paper, we propose IF-TONIR, a novel data-driven topology optimization method that utilizes implicit
neural representations. Our approach employs signed distance fields to represent structures, offering compact
and smooth representations that effectively eliminate the checkerboard phenomenon commonly observed in
density-based methods. IF-TONIR leverages Conditional Variational Autoencoders, which use a CNN-based
encoder and a MLP-based decoder to learn and reconstruct optimal structures. We employ the features extracted
from physical information as conditions to guide the decoder in generating optimal structures that adhere
to specific design domain shapes and boundary conditions. Furthermore, we propose the integration of a
topological loss based on persistent homology to train the model. This loss function effectively penalizes
the existence of structural disconnections in the reconstructed output, thereby enhancing the overall physical
reliability of the generated structures. Various experiments have demonstrated that our iteration-free topology
optimization method based on implicit representations can accurately identify regions of high strain energy
and generate continuous structures with low compliance. The methods also holds the theoretical capability
of outputting optimal structures at any desired resolution. Our code and dataset are available on https:
//github.com/jbHu67/IF-TONIR.git

1. Introduction

optimization involves repetitive and computationally demanding fi-
nite element analysis to solve the physical equilibrium equations.This

Topology Optimization (TO) is a computational design methodology
aimed at determining the optimal distribution of materials within a de-
sign domain to achieve specific performance objectives while adhering
to given constraints [1]. Over the past three decades, the advance-
ment of computer technology and 3D printing has led to significant
progress in topology optimization methods. These include the Solid
Isotropic Material with Penalization (SIMP) approach [2], the Evo-
lutionary Structural Optimization (ESO) approach [3], the Level Set
Method (LSM) [4], and the more recent Moving Morphable Compo-
nents/Voids (MMC/MMYV) approach [5,6]. These methods differ in
their structural representation, but they all iteratively seek the op-
timal material distribution based on physical response analysis and
parameter gradient information. The solution procedure in topology
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computational demand is the primary reason for the inefficiency of
these methods, thereby hindering the practical application of topology
optimization in real-world scenarios.

To mitigate the issue of inefficiency, significant efforts have been
dedicated to exploring promising approaches that accelerate the topol-
ogy optimization process [7]. These approaches leverage various tech-
niques such as multi-grid solvers, model reduction, high-performance
computing, and combinations thereof. In recent years, the field of me-
chanical engineering has witnessed the significant impact of Artificial
Intelligence (AI). In particular, there has been a surge of
interest in utilizing neural networks and deep learning techniques to

E-mail addresses: jiangbei.hu@ntu.edu.sg (J. Hu), yhe@ntu.edu.sg (Y. He), baixin001@e.ntu.edu.sg (B. Xu), sfwang@dlut.edu.cn (S. Wang),

nalei@dlut.edu.cn (N. Lei), zxluo@dlut.edu.cn (Z. Luo).

https://doi.org/10.1016/j.cad.2023.103639

Received 14 July 2023; Received in revised form 24 October 2023; Accepted 28 October 2023

Available online 4 November 2023
0010-4485/© 2023 Elsevier Ltd. All rights reserved.


https://www.elsevier.com/locate/cad
http://www.elsevier.com/locate/cad
https://github.com/jbHu67/IF-TONIR.git
https://github.com/jbHu67/IF-TONIR.git
mailto:jiangbei.hu@ntu.edu.sg
mailto:yhe@ntu.edu.sg
mailto:baixin001@e.ntu.edu.sg
mailto:sfwang@dlut.edu.cn
mailto:nalei@dlut.edu.cn
mailto:zxluo@dlut.edu.cn
https://doi.org/10.1016/j.cad.2023.103639
https://doi.org/10.1016/j.cad.2023.103639
http://crossmark.crossref.org/dialog/?doi=10.1016/j.cad.2023.103639&domain=pdf

J. Hu et al.

address topology optimization challenges [8-13]. Among these strate-
gies, the iteration-free methods [14,15] has attracted considerable at-
tention, which construct deep neural networks to directly predict the
optimal structures from conditions and problem configurations. The
potential to achieve near real-time topology optimization through this
direct-design approach is highly appealing. Sigmund et al. highlighted
several challenging issues associated with direct design methods in
their review [13]. Firstly, constructing the training dataset using tra-
ditional topology optimization methods is computationally expensive.
Secondly, the trained model struggles to generalize to unseen sam-
ples. Thirdly, commonly used loss functions, such as Mean Squared
Error (MSE) or Binary-Cross-Entropy (BCE), lack the required sensi-
tivity to detect and prevent structural disconnections. In this paper,
we propose a novel iteration-free topology optimization framework
called IF-TOINR, which aims to address the aforementioned issues. The
architecture of IF-TONIR is illustrated in Fig. 1.

Implicit neural representation (INR) has recently garnered consid-
erable attention [16-19]. INR utilizes neural networks to generate
continuous parameterized representations of discrete signal fields, such
as color, signed distance values, or density. The application of INR
models in various challenging domains has demonstrated their ro-
bustness to changes in input data and their ability to generalize well
to unseen scenarios. Taking inspiration from this, we choose to rep-
resent structures using continuous signed distance fields (SDFs). This
representation approach, in contrast to discrete representations like
density-based methods, offers a compact and smooth representation
that effectively eliminates the checkerboard phenomenon. Moreover,
the use of INR decouples the design process from spatial grids, theo-
retically enabling the acquisition of structures at any desired precision.
Our IF-TOINR framework utilizes a Variational Autoencoder (VAE) to
learn and reconstruct the SDFs of optimal structures from the training
dataset. We employ a CNN-based encoder to embed the structures into a
lower-dimensional latent space. Subsequently, the MLP-based decoder
takes both the coordinates of a specific point within the design domain
and a latent vector from the learned latent space as inputs. It then
predicts the corresponding SDF value for that point, incorporating the
information from both sources. IF-TONIR incorporates a subnetwork
called physics-net, responsible for extracting features from various con-
ditions, including loads, displacement constraints, as well as stress and
strain fields. We employ the feature vector from the physics-net as
the condition code to guide the VAE model in generating structures
based on the given problem configurations. To enable the network
to recognize the shape of the design domain, we convert the design
domain into its SDF representation. Then, we append the SDF value of
the design domain to each point as an additional property. These points
coordinates along with their properties are fed into the decoder for
outputting the SDF values of optimal structures. Ultimately, we obtain
the optimal structures by extracting the zero-level set of their SDFs.

The choice of loss function plays a crucial role in training neural
networks. However, classical loss functions like MSE or BCE only focus
on local discrete signal errors, which may not adequately capture
global structural features like connectivity. In this work, we introduce a
topology-aware loss term based on persistent homology techniques [20]
from computational topology. The topological loss can capture the
error in topological features between the reconstructed structures and
the ground truth (GT), such as the number of connected components
and holes. Experimental results validate that the topological loss can
enhance the reconstruction accuracy and reduce the occurrence of
structural disconnections. Once the model is trained, we can directly
infer the corresponding optimal structure by inputting relevant design
domain shape, problem configurations and physical information.

We summarize our contributions as follows:

» We propose a novel iteration-free topology optimization method
that outputs the optimal structures directly from various design
domain shapes and boundary conditions.
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+ In addition to commonly used geometric losses, we incorporate a
topological loss based on persistent homology to quantify struc-
tural continuity, which effectively detect and measure even tiny
structural disconnections.

+ IF-TONIR generates compact and smooth implicit representations
of structures. It separates the design process from spatial grids,
allowing for the generation of structures at any desired resolution.

2. Related work
2.1. Iteration-free topology optimization algorithms

Unlike traditional topology optimization techniques, iteration-free
topology optimization methods leverage neural networks to directly
predict the optimized material distribution based on the conditions
and problem configurations, bypassing the need for iterative processes.
The near real-time efficiency of iteration-free topology optimization
methods has garnered significant attention from researchers, resulting
in a surge of studies in recent years. The most commonly used ap-
proach is inspired by the traditional SIMP method, in which the design
domain is partitioned into elements, and the material distribution is
represented as element densities. Given this discrete representation, it is
intuitive to utilize popular network architectures such as Convolutional
Neural Networks (CNNs) to solve classification (determining whether
an element is void or solid) or regression problems (predicting the
element density value) [21,22]. In recent years, popular generative
models in the field of Al, such as Variational Autoencoder models
(VAEs) and Generative Adversarial Networks (GANs), have also been
preliminarily explored in the field of topology optimization [23]. Guo
et al. [24] utilize augmented VAE to embed the 2D structures into
a latent space, thereby enhancing topology optimization capabilities.
Sharpe et al. [25] introduced conditional GAN to address topology opti-
mization problems without iterations, while Nie et al. further improved
this method in their work called TopologyGAN [26], enhancing the
generalization capabilities to various load configurations and volume
constraints. As a new generative architecture, diffusion models have
achieved greater success in the field of image generation compared
to GANs. This accomplishment has also been demonstrated by Mazé
et al. in the context of topology optimization [27]. They proposed
the TopoDiff framework, which introduced explicit compliance and
floating materials guidance to diffusion models, and achieved better
performance in generating structures with low compliance and good
feasibility.

Many of the aforementioned algorithms are inspired by network
architectures in the field of computer vision. These approaches typically
focus on fixed-resolution problems within a regular design domain.
When dealing with new resolutions or shapes, retraining or super-
resolution techniques are required. Moreover, the density-based meth-
ods are prone to the occurrence of the checkerboard phenomenon,
where meaningless isolated solid elements appear in the generated
structure. TopoDiff addresses the checkerboard issue by training a
network to discriminate floating materials. However, it requires addi-
tional data preparation and training, which makes more computational
resources and time-consuming. Many studies have effectively used
machine learning techniques to solve topology optimization problems
in complex and irregular design domains [28-30]. However, these
methods are not implemented in an end-to-end manner. Therefore,
in order to address these problems, we choose to utilize the signed
distance fields to represent the design domains and structures.

2.2. Implicit neural representation

Implicit neural representation refers to utilize neural networks to
parameterize information fields such as color, lighting, depth, and
geometric features [31]. The success of the NeRF (Neural Radiance
Fields) [17] has demonstrated the effectiveness and advantages of the
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Fig. 1. The architecture of IF-TOINR network, consisting of a VAE to reconstruct optimal structures. Physical conditions extracted from physical fields, along with points properties,
guide the network to generate structures that adhere to specific design domain shapes and boundary conditions.

INR in geometric representation and rendering. Numerous work fo-
cused on describing geometric structures in the form of signed distance
fields [16,32,33]. These methods employ neural networks to embed
a class of geometric objects into a low-dimensional latent space. By
concatenating the latent vector with spatial coordinates and passing
it to the decoder, the signed distance value corresponding to each
coordinate can be obtained. In this way, the geometric structure can be
represented by a continuous function, which is convenient for render-
ing and other operations. Zheng et al. proposed the SDF-StyleGAN [34],
which can generate novel 3D structures with controllable styles. Zhang
et al. [35] and Lyu et al. [36] also have proposed shape generation
models based on diffusion models and SDF implicit neural represen-
tation. These methods are capable of generating structures from point
clouds, text, or images. Indeed, topology optimization can be seen as
a problem of generating structures under the configuration of relevant
physical constraints. Based on the implicit neural representation, ex-
plicit mesh or voxels can be avoided. Furthermore, once the network
training is completed, it is theoretically possible to generate struc-
tures at any desired precision based on the obtained signed distance
functions. Recently, Zhang et al. proposed TOINR [37] that utilizes
the implicit neural representation to solve topology optimization prob-
lems. Their work extensively discusses the advantages of using neural
networks for implicit parameterization of structures. While there may
be similarities in the algorithms, our framework mainly focuses on
developing data-driven method for generating optimized structures
without iterative processes.

2.3. Persistent homology

Mathematically, features derived from geometric analysis can cap-
ture local structural information. However, they often become over-
whelmed by excessive details, resulting in increased data complexity.
Persistent homology (PH) provides an ideal way to bridge the gap
between geometry and topology [38]. By analyzing the evolution of

topological features, persistent homology allows for a more robust
representation of structural information, capturing essential topologi-
cal characteristics while reducing the impact of fine-scale geometric
details. PH has showcased successful applications in various machine
learning-related fields. It serves as a powerful tool for simplifying
and extracting topological features from complex data [39,40]. Hofer
et al. [41] introduced an approach that incorporates persistence dia-
grams into deep learning architecture by leveraging a differentiable
projection function. Moor et al. [42] proposed a topological autoen-
coder that focuses on preserving the topological features of the input
data in low dimensional representations. Gabrielsson et al. [43] intro-
duced a topology layer for machine learning, which can enhance the
reconstruction and segmentation performance of the network. Zhang
et al. [44] illustrated in their work that the topological loss based on
persistent homology can enforce the model to achieve certain desired
topological property. Different complexes can be used to compute
persistent homology for different data format. For example, Vietoris—
Rips complex is used for point clouds [45,46], while cubical complex
is used for images [47] or voxels [48]. In the field of topology op-
timization, Behzadi et al. [49] were the first to use the topological
loss based on persistent homology to enhance the structural continuity.
They computed the persistence diagrams of the structures using the
Ripser complexes on the discrete material occupancy data predicted
by network. Different from their work, we represent the structures
using the signed distance fields. By using the SDFs as the filtration
functions (Definition 3.2) to construct the complexes, the smooth and
continuous implicit representation facilitates more stable training for
the topological loss.

3. Preliminary
3.1. Topology optimization formulation

Topology optimization aims to optimize the material distribution
within a designated domain to meet specific objectives and constraints.
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Fig. 2. The general process of traditional topology optimization. Problem configurations (right): The white region indicates the design domain. Loads and displacement constraints
are applied on the boundary. A density-based representation of the optimized structure (middle): This representation is obtained through iterative optimization while adhering to
a specific volume constraint. Continuous structural representation (left): For practical industrial manufacturing, post-processing is necessary to convert the obtained result into a

continuous structural representation.

In this paper, we evaluate our proposed algorithm on the well-known
minimum structural compliance problem. Notably, given a suitable
dataset, our method can be readily extended to address topology op-
timization problems with different objectives and constraints, such
as stress-related problems [50] or heat conduction [51] problems.
Specifically, we consider the 2D minimum compliance problem under a
volume constraint. As shown in Fig. 2(left), when specific loads are ap-
plied to a given domain along with additional boundary displacement
constraints, it gives rise to the following problem formulation:

min c<9)=/ f-uda+/ t-uds, (1a)
e Q¢ I
s.t.: / E : e(u) : e(v)da:/ f-vdu+/ t-vds, VWwelU,,;, (1b)
Qo Q0 Iy
u=u, on I, (1c)
/ 1do <7, ad
Q0

where C is the structural compliance, which measures the total struc-
tural strain energy. Lower values of C indicating greater stiffness in
the structure. Q4 is the region occupied by the structure, © are the
optimization variables that control the geometry and topology of the
structure. f is the external force, t is the traction defined on the Neu-
mann boundary, u is the displacement field, v is the corresponding test
functions defined on g, U, is the space of kinematically admissible
displacement fields. ¢ is the second order linear strain tensor, E is a
fourth order isotropic elasticity tensor that is decided by the Young’s
Modulus and the Poisson ratio, u is the prescribed displacement on
the Dirichlet boundary I, V is the given volume constraint. In the
traditional SIMP method, @ denotes the density of discrete elements. An
iterative optimization algorithm is used to obtain the optimal density
distribution, like shown in Fig. 2(middle). Subsequently, a series of
post-processing operations are applied to obtain the continuous optimal
structural representation, as shown in Fig. 2(right). In our algorithm,
the continuous nature of SDFs allow for straightforward adjustment
to the representation, enabling us to refine the structural features or
introduce smoothing operations as desired.

3.2. Implicit representations of structures

Signed Distance Field (SDF) is a widely used representation for
geometric models. It assigns a signed distance value to each point in
space, indicating the distance between that point and the closest point
on the boundary of the structure. The sign of the distance indicates
whether the point is located in the interior or exterior of the structure,
as depicted in Fig. 3(a). Within the region occupied by the structure, as
shown in Fig. 3(b), we can define a continuous signed distance function
¢Pe(x) that satisfies:

> 0, if x is inside,
¢2;DF(X) =0, if x is on the boundary, @
<0, ifx is outside.

By extracting the zero level-set of ¢, it becomes straightforward to
obtain the boundary of the structure. In our algorithm, we utilize
a neural network to fit the SDF of the structure, with the network
parameters denoted as ©. One major advantage of this implicit repre-
sentation method is its decoupling from spatial grids. By inputting the
coordinates of any point within the design domain, we can obtain the
corresponding SDF value without relying on predefined spatial grids.
Theoretically, this allows us to obtain the structure at any desired reso-
lution (Fig. 3(c)). However, it is important to note that the complexity
of the structure details depends on the expressive power of the neural
network employed. More complex neural networks have the capability
to capture intricate structural details. Given that our training dataset
was derived from the SIMP method (Section 4.1), which produces
density fields of structures, it is essential for us to establish a mutual
conversion between the SDF and these density fields. We apply the
classic distance transform method [52] to derive the SDF from the
density field of the structure. Once we obtain the SDF of the structure,
we can convert it into a density field as follows:

D, SDF,on _ ) 0o if ¢SPF(x) > 0, 3
¢~ (P (x)) = {1’ if q_')SDF(X)SO- 3)

3.3. Persistent homology of cubical complex

Topological Data Analysis (TDA) is an innovative approach that
combines topology, geometry, and data science to reveal meaningful
patterns and structures within complex data sets. By focusing on the
inherent shape and connectivity of the data, TDA provides valuable
insights and a deeper understanding of relationships within the data.
Simplicial complexes [53] are often used to discrete data space and
represent the connection relationships between data points. We use
cubical complexes to analyze the topological features of the implicit
neural representations of structures. As the structures are represented
using signed distance fields, the cubical complexes provide an effective
framework for extracting and examining the underlying topological
information encoded in these representations.

Definition 3.1 (Cubical Complex). A cubical complex C is a finite
collection of n-dimensional cubes of the form [a, b;]X---X[a,, b, ], where
a;,b; € R and g; < b;, such that the following conditions are satisfied:

1. If a cube ¢ € C, then all faces of ¢ are also in C.
2. If two cubes ¢, ¢, € C have a non-empty intersection, then their
intersection is either a face of ¢; and ¢, or a cube in C.

Intuitively,in a cubical complex based on 2D data, the basic el-
ements consist of points (0-dimensional cubes), line segments (1-
dimensional cubes), and squares (2-dimensional cubes). Fig. 4(a) il-
lustrates the binarized representation of the structure using discrete
elements. In this representation, elements with density values equal
1 (solid elements), combine to form a cubical complex C,. We can
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Fig. 3. SDF based structure representation. In SDF, points with SDF < 0 indicate the interior of the structure (color in white), points with SDF = 0 are on the boundary, and points
with SDF > 0 are outside the structure (color in black). In theory, since SDF is a continuous function, the structure can be obtained at any desired resolution.

compute the topological features of C,, namely the Betti numbers.
The Betti numbers reflect the number of connected components (0-
dimensional Betti number f)) and the number of holes (1-dimensional
Betti number ;) present in the structure. However, Betti numbers are
discrete topological features, which are not differentiable and cannot be
directly be used for network training. In order to solve this problem, we
use the persistent homology method to extract the topological features
of the structure.

Persistent homology [54] is a powerful mathematical tool used to
compute and analyze multi-dimensional topological features in nested
simplicial complexes. It allows us to track the evolution of these topo-
logical features across all complexes in the superlevel set filtration, as
defined in Definition 3.2. Depending on the research question, there
are many ways to define filtrations. In our algorithm, we take the SDFs
(Fig. 4(b))of the structures as the filtration function assigned to C,. Then
we can define a continuous feature metric, persistence, to analyze the
multi-dimensional topological features of the data, as Definition 3.3.
We can encode all the information of birth values, death values and
persistence of topological features in a persistence diagram (PD), as
shown in Fig. 4(c). Persistence diagram serves as a multi-dimensional
shape descriptor that captures all topological features of the structure.

Definition 3.2 (Superlevel Set Filtration). Define a filtration function
f : C, - R, it assigns a real value to each element in C;. The superlevel
set filtration of f is a nested sequence of complexes § C C, C C; C --- C
C,=C,, where C; ={c e C|f(c)<a;},and oy < a; < - < a,.

Definition 3.3 (Persistence). For a topological feature g, its persistence
is defined as the difference between the birth and death values of the
feature, i.e., pers(f) = |a; — ;|, where birth value o; and death value
a; correspond to the filtration value when the feature is created and
destroyed, respectively. Persistence pairs, («;, s also depict topological
features. Notably, (a;, +o0) reflects the existence of a feature that is born

at a; and persists to the end of the filtration.

4. Algorithm

We employ the SIMP method to generate a 2D dataset, producing
optimal structures (referred to as Ground truth, GT) that minimize
structural compliance under specific conditions, including loads, dis-
placement constraints, and volume constraints. The key idea of IF-
TONIR is to utilize a Variational Auto-Encoder (VAE) for reconstructing

the optimal structures. Through training, the network captures the
structural features and encodes them into a low-dimensional latent
space. Then we can generate the corresponding optimal structures from
this latent space, taking into account boundary information and design
domain shape as conditions. Specifically, we use a physics-net to extract
features from the boundary conditions and physical fields. This feature
vector serves as the condition code, guiding the network to generate
structures based on the given problem configurations. By inputting the
point coordinates along with the associated properties related to the
design domain shapes into the decoder, the network can effectively
recognize the design region where materials can be distributed.

4.1. Datasets

Generalizing a well-trained model to arbitrary design domains and
constraint conditions can be challenging. Our concern lies in the fact
that even for design domains with similar shapes that exhibit slight
difference, a new iterative optimization process is often necessary in
traditional topology optimization methods. To address this issue, we
prepare a dataset where design domains with similar features are
categorized into groups, as shown in Fig. 5(a). We train the IF-TONIR
on this dataset consisting of optimal structures generated from this
group of design domains. As a result, when dealing with problems that
involve design domains with similar shapes, the network can directly
predict the corresponding optimal structures. In addition, considering
that in practical applications, industrial components with the same
function often have similar load scenarios despite differences in size,
it is not necessary to require the network to generalize to arbitrary
load conditions. Therefore, we have set up six types of boundary
conditions for each shape design domain (Fig. 5(b)). Each boundary
condition includes different load directions and volume constraints. The
potential application scenario of IF-TONIR is that for similar-shaped
components requiring optimization, the network trained on previously
optimal structures can directly generate the optimized solution without
the need for iteration. The work [55] provides a compact and efficient
Matlab implementation of SIMP, and we employ it to generate the
corresponding optimal structures as the ground truth. The specific
parameters used to generate the training data set are detailed in Ta-
ble 1. Please refer to Appendix A a more detailed explanation of the
parameters. We will release the data set to the research community,
which will serve as a standardized benchmark for future research in
the field of topology optimization.
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Fig. 4. Illustration of topological features using the persistent homology. (a) The original structure via density representation. (b) The SDF of the structure. (c) The corresponding
persistence diagram. (d) The white elements combine to form the corresponding cubical complex at the current filtration value f(c) < a;.

(a) One category of design domains with similar shapes.

(b)Six types of boundary conditions

Fig. 5. Dataset preparation. We organized 60 design domains with similar shapes into a single group. From this group, we selected two design domains to generate test samples
for evaluating the trained model. We defined six different types of boundary conditions on these design domains.

We observed a strong correlation between the physical response
analysis results over the original design domain under the correspond-
ing boundary conditions and the optimal structures. Therefore, in
addition to the SDF representation and boundary conditions, we also
calculated the stress field and strain energy field of the original struc-
ture under the loads and displacement constraints. This additional
physical fields serve as supplementary information in the train process
and have been verified to be effective in previous works such as
TopologyGAN [26] and TopoDiff [27].

4.2. Network architecture

As depicted in Fig. 1, our network architecture mainly comprises
two components: an optimal structure reconstruction network based on
a Variational Auto-Encoder, and a physics-net responsible for encoding
boundary conditions and physical fields as condition codes. For a
more detailed explanation of the network architecture, please refer
to Appendix B.

4.2.1. Input

In our dataset, the original 2D optimal structures are represented
as binary images with a resolution of 64 x 64, in which elements with
‘1’ (white) represent solid elements, elements with ‘0’ (black) represent
void elements. We compute the SDFs of the structures {s;} ,’i , as the
input for the VAE network (Fig. 6(a)), where N is the total number of
samples. Since VAE is a self-supervised learning method, the SDFs s;
also serve as the GT for the network regression outputs. Additionally,
the SDFs of the design domains {s;’ }ﬁ are appended to the points
as properties to identify the shape of the design domain (Fig. 6(b)).
As illustrated in Fig. 6(c), we represent the loads and displacement
constraints as 2D sparse matrices. In load matrices (both in the x-
direction and y-direction), the value of each element is the force value.
For the displacement constraints, we represent them using a matrix of
the same size. Elements in the matrix with a value of 1 indicate that the
corresponding element has a displacement constraint of 0 in both x and
y directions, while elements with a value of 0 represent unconstrained
elements. The supplementary physical information includes the stress
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Table 1
Parameters for generating dataset.

Parameters Settings
volume constraint [0.3 :0.02:0.5]
load direction [0:7z/6: x]
Resolution 64 X 64

SIMP penalty {50,3,25,0.25}
SIMP filter radius 10

Young modulus 1.0

Poisson ratio 0.2

(a) Convert the optimal structure to SDF.

Computer-Aided Design 167 (2024) 103639

(b) Convert the design domain to SDF.

(c) Boundary conditions and physical information.

Fig. 6. Input Illustration.

field and strain field of the original structure under specific loads and
displacement constraints, which we calculated using SolidsPy [56]. By
integrating these five fields, we obtain the physical information samples
{thy TP
4.2.2. VAE for structure reconstruction

One of the main objectives of IF-TONIR is to perform prior learning
and implicit reconstruction of input optimal structures. To achieve this,
we adopt the Variational Auto-Encoder (VAE) network, which is a
widely used generative model. The VAE network consists of an encoder
and a decoder. In our approach, we utilize the ResNet18 architecture as
the encoder. ResNet18 [57] is a well-known convolutional neural net-
work architecture that has shown effectiveness in various image-related
tasks. The encoder processes the input SDFs of optimal structures
through a series of 2D convolutional layers, extracting features and
mapping them to a low-dimensional latent space. Additionally, we also
input the condition information {sfhy } fi , into the encoder. The purpose
of the encoder ¢F is to learn the distribution of a latent code z; that can
reconstruct the input data s;. Typically, the latent code z; is assumed
to follow a Gaussian distribution,

h h, h,
g (2;187,57) = N (g (8], 87, 04(5],87), @

where p,e(s}) and o4k (s)) are the mean and variance of the latent code,
parameterized by the encoder ¢£. Then we employ the reparameteri-
zation trick [58] to formulate the latent code z; as:

z = pye (st s0) + 0,46 (5. 87) O e, (5)

where ¢ is a random variable sampled from a standard Gaussian dis-
tribution, © is the element-wise product. Following the encoding, we
employ a decoder ¢” based on a Multi-Layer Perceptron (MLP) to
decode the latent code z; and reconstruct the SDF of the optimal
structure. We sample points within the design domain and feed the
coordinates of these points into the decoder. The decoder then returns
the signed distance value of each point. In this way, the decoder
effectively serves as a signed distance function for the structure. In our
training process, we uniformly sample 64 x 64 points {p,} 1’{”= ,in the
design domain. We train the network by minimizing the reconstruction
error between the output SDFs of the decoder §! and the GT input. The
specific configuration of the loss functions can be found in Section 4.3.

4.2.3. Conditional information

In order to enable the network to generate structures under vari-
ous design domain shapes and boundary conditions, it is essential to
incorporate conditional information into the network. This is achieved
by introducing the prior probability distribution p(s; |c), where ¢ repre-
sents the conditional information. The conditional information encom-
passes aspects such as the design domain shapes, loads, displacement
constraints, and volume constraint.

Physical conditions. As described in Section 4.2.1, the boundary settings
consists of five 2D tensors, namely the load matrices in the x and y
directions, the displacement constraint matrix, the stress field and the
strain field. We employ a shallow CNN net to effectively represent and
encode these boundary information as conditions. The CNN-net takes in
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Fig. 7. Illustration of the topological loss £, ,: Wasserstein distance between persistence diagrams of output and GT structures.

topo*

the boundary tensors s’;hy as input and processes them through a series
of convolutional layers, capturing the relevant features and patterns.
This allows the physics-net to generate a latent code representation ¢/ hy
that encapsulates the essential information of the boundary conditions.
By encoding the boundary conditions in a latent code, we enable the
network to effectively utilize this information during the generation
process, ensuring that the generated structures align with the specified

boundary conditions.

Points properties. Since the decoder outputs SDF value based on the
coordinates of the input point p, = (x;,y,) € 2 within the design
domain, we can include shape information and volume constraint as
additional properties appended to the point. The property sf(pk) helps
the network recognize the shape of the design domain, thereby estab-
lishing the boundary of material distribution. Attaching the volume
constraint v; as property to each point can be regarded as representing
the probability density distribution of material presence or absence at
that point. Therefore, we input vector ¢;"” = (x, y, s?(p), v;) associated
with each point into the decoder. This allows the network to consider
the design domain shape and volume constraint during the generation
of the SDF values. Rahaman et al. [59] demonstrated that deep neural
networks tend to learn lower frequency functions, which may limit
their ability to accurately fit data with high frequency variation. Taking
inspiration from NeRF [17], we map the points properties t € R into a
higher-dimensional space R?" using an encoding function y(z):

7(0) = (sin(2°71), cos(2°xt), sin(2' zt), cos(2' xt), ..., sin@L" x1), cos(2L ! zt)),

(6)

where L is a hyperparameter that determines the frequency of the
encoding function. In our experiments, we set L = 4 for encoding
the coordinates of the input point p, = (x;, ), L = 6 for encoding
sl‘.’ (pr), and L = 10 for encoding the volume constraints. Additionally,
you can add loads and displacement constraints as properties to the
points, which further enhance the ability of the network to identify the
boundary conditions.

In summary, we concatenate the latent code z; of the optimal
structure, the condition code ¢’ "y and the points properties ¢;’’. This
combined vector is then input to the decoder for structure generation.
By incorporating all these components, the network is able to leverage

the latent space, condition information, and point properties to gener-
ate optimal structures that satisfy the given design domain shapes and
conditions.

4.3. Losses and metrics

Similar to classical VAEs, IF-TONIR utilizes a loss function during
the training process that consists of the reconstruction loss and the
KL divergence loss. However, in order to enhance the accuracy of
structure reconstruction, we introduce a topological loss in addition to
the conventional geometric losses. This topological loss is designed to
ensure that the generated structures possess the same topology as the
GT structures.

4.3.1. Geometric losses

The geometric losses measure the regression error between the SDF
values §; predicted by the network and the GT SDF values s; of struc-
tures. Notably, the shape of a structure is primarily determined by its
boundary, while the values of off-boundary points are less important.
To prioritize the accuracy of points near the boundary, we employ the
clamped L,-loss function [60] defined in Eq. (7). This allows IF-TONIR
to effectively capture the structural details and preserving the desired
shape characteristics.

M
Lotanp(®5D = 2 X1 4G 00.7) = 26510, | @)
k=1

where M is the total number of sample points in domain, y(x,7) =
min(z, max(—r, x)).

To enforce the volume constraints on the output structures, we
incorporate a volume loss term that quantifies the discrepancy be-
tween the predicted structure and the target structure in terms of
their volumes. We calculate the volume of a structure from its SDF
representation using the following integral equation [61]:

V()= / H(-s(p)) dA, (®
Q

where Q is the entire design domain, dA is the area element, H(-) is
the Heaviside function,
if x < —p,
X X3 1 .
(;_ﬁ)-'-i’ lf—nSxSﬂ, (9)

H(x) =

S Bl =

if x > n.
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(a)

(b)

(c)
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(d)

Measures | Structure a | Structure b | Structure c | Structure d
Ly, (vs. a) 0 0.00024 0.00098 0.00024
By 1 1 2 1
b 1 0 0 1
L5 (Vs. a) 0 0.03125 0.03886 0.00937
Eromp(V5. 3) - 21.6% 69.7% 0.5%

Fig. 8. Comparison of the topological loss and geometric loss. We take structure (a) as the benchmark original structure. Structure (b) represents a configuration missing one solid
element, while structure (c) is a configuration missing two solid elements. Conversely, structure (d) represents a configuration with an additional solid element. The table below

shows the measure of geometric loss, topological loss and compliance error for structures (b-d) relative to structure (a).

Then we define the volume loss as follows:
L) = VE) =V |/V(s)). (10)

The geometric loss is the sum of the clamped L,-loss, MSE loss and
volume loss:

L 10085, = Lotamp(®5,80) + L0380, an

Experimentally, we set = = 0.05,7 = 0.02 in our experiments.

4.3.2. Topological loss

Geometric losses focus on local information, while topological loss
captures global structural features. As shown in Fig. 8(b), small struc-
tural defects can lead to disconnections in the structure, causing sig-
nificant loss in structural compliance. However, these errors may only
lead to small values in geometric losses. By incorporating topologi-
cal loss, IF-TONIR can effectively detect and measure tiny structural
disconnections.

To obtain differentiable topological features of the structure s, we
utilize persistent homology analysis as described in Section 3.3 to
derived its corresponding persistence diagram D. As shown in Fig. 7, we
define the topological loss £"’11" as the Wasserstein distance between the
persistence diagrams D; and D; obtained from the GT and the network
prediction structures, respectively:

1/q
Liopo(s].8) = Wq(Di’ﬁ[) = ( inf Z ||P7Y(P)||q> s (12)

:D.»D;
Vb i peD;

where || - || is the L, norm, y is a bijection between D, and D,, and ¢
is a hyperparameter that controls the sensitivity of the topological loss.
In our experiments, we set ¢ = 2. We calculate the topological loss by
using the GUDHI library [62]. To enhance efficiency, we employed par-
allel processing for acceleration. As shown in Fig. 8, the topological loss
proves to be effective in capturing structural defects and disconnections

compared to the geometric loss. Structure (a) is a single connected (4, =
1) structure with one hole (g, = 1). Compared to structure (a), structure
(b) is disconnected due to the absence of one solid element, resulting in
the elimination of the hole (f;, = 0) while retaining the single connected
component (f, = 1). Despite the fact that the structural features have
undergone significant changes (high structural compliance error &,,,,,),
the absence of one element still results in low geometric loss, while
the topological loss exhibits a significant response. Because of the
lack of two solid elements, structure (c) consists of two disconnected
components (f, = 2). Similarly, the topological loss reveals a greater
response than the relatively modest geometric loss. For comparison, we
set up structure (d) with an additional solid element whose topological
features remain consistent with the structure (a). For structure (d), the
geometric loss, topological loss, and compliance error all maintain a
relatively low level. Therefore, we employ the following reconstruc-
tion loss to train the deep neural network, enabling the network to
reconstruct the structures more accurately.

Lrocon(8758]) = A1 Lgeo(87587) + A2 L1057, 87, 13)

i’

where we set the weights 4, = 0.7, 4, = 0.3 in our experiments. The
application of topological loss to some extent ensures the solid of the
output structures.

In addition to the reconstruction loss, VAEs also need the KL di-
vergence loss to constrain the learned latent space distribution to
match a predefined prior distribution [58]. It encourages the learned
distribution to match the prior distribution, promoting the model to
capture the essential features of the data. The KL divergence loss is
defined as:

N
1
L ==5 X (1 +log(@]) — i = o7) a4
i=1
where y; and o; represent the mean and standard deviation of the
learned latent distribution for the ith data sample, and N is the total
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number of data samples. Minimizing the KL divergence loss encourages
the latent space to be close to a multivariate Gaussian distribution with
zero mean and unit variance, ensuring better sample generation and
latent space interpolation properties. Thereby, we use the total loss
Liotal = Lrecon + L, to train the IF-TONIR.

4.3.3. Evaluation metrics
In addition to the loss functions stated above, we also use the
following accuracy metrics to assess the performance of IF-TONIR.

Reconstruction accuracy. To evaluate the accuracy of the network in
structural reconstruction, we use the Intersection over Union (IoU)
metric defined as follows to quantify the difference between the GT
structure and the network output, which is commonly used in object
detection [63],

810U ” .Q~s n Q : ” (15)
! ” Q : U Q : ”
where €;; and Qg are the regions occupied by §/ < 0 and s} < 0,

respectwely [l denotes the area of the region.

Physical accuracy. In order to assess the validity of the objective and
volume constraint of the original optimization problem, we further
analyze the error of the relative volume and structural compliance,

V@E) -V

givol = Ve s (16)
C —C(s}
gonp _ 16 é = sl an

where V(s}) = [, , 1dA, C(s}) is defined in Eq. (1).

4.4. Training and generating

Our IF-TONIR algorithm demonstrates that, once the neural network
has been sufficiently trained and converged, we can directly generate
the optimal structure with low compliance under volume constraints
through an iteration-free method. We outline the training procedure of
IF-TONIR in Algorithm 1. Based on VAE network, we embed the SDFs
of optimized structures into low dimensional latent space. By sampling
from the learned latent space, we can generate new structures. To
guide the generation process, we attach design domain shapes, loads,
and displacement constraints to spatial coordinates as properties, along
with the conditional information obtained from the physics-net. Then
we can get the optimized structures using the trained decoder. The
detailed generation process is shown in Algorithm 2.

5. Experiments
5.1. Hyperparameters and convergence

Our training dataset on the design domains shown in Fig. 5 contains
26796 samples. For every epoch, we randomly selected 21437 samples
(80%) for training and 5359 samples (20%) for validation. We evaluate
the performance of the trained network on the test dataset with 924
samples on the unseen design domains. We train our model according
to Algorithm 1 on a machine with one Nvidia A40 GPU. We employ
the Adam optimizer with an initial learning rate of 0.001. We reduce
the learning rate by a factor of 0.5 every 20 epochs. It is very time-
consuming to take structural compliance as a loss or accuracy metric
during training process. Although TopoDiff [27] introduced a regres-
sion model to predict the compliance of the generated structures, it
requires additional data preparation and network training. Therefore,
we monitor the training process using the IoU metric. Incorporating
physical quantities supervision will be part of our future work. Fig. 9
illustrates the stable convergence of the loss and IoU accuracy during
the training. It can be observed that the generated structures from the
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Algorithm 1: Training of IF-TONIR.

Input: GT SDFs of structures: {s“}N
Physical fields: {s/ hy }]X ;3 Volume constraints: {u, }
Sample points: {p, = (xk,yk)}k .

Output: The optimal network parameters ©* = {O*

; Design domains: {s? }N ;

vae’

@;hy}.

o0 @

E
Initialize the network @ vaer Pohys

vae’
while not converged do

Divide the dataset into M batches {T[}f‘:

foreach batch 7; do

Initialize £; =0, £;Dpa

A1y Ao

B

=0;

foreach sample s; in 7; do

Compute the structural latent code: z; = difa e(s );
Compute points propertles vector:

& = [r(x), Y () 7 (89, v (v )],

Compute the condition code: c phy(s” mys
Concatenate the latent codes: l =[z;,¢]”, ” hyy;
Compute the reconstructed SDF: § Aj = m(l j),

Evaluate the geometric loss:
Ly = Ly Lotamp®].8) + 0.1 % L,,0,(85.59);
Compute the PDs through persistent homology: D

Evaluate the topological loss: Ewpo = E;opo + Wq(ﬁ 5, D));
Evaluate the reconstruction loss:
Ll econ = #1Lie + 42L 1003
Evaluate the total loss function: E; = =Ll +Lyrs
Update 0 by “"“’

Algorithm 2: Generating optimal structures via IF-TONIR.

Input: Design domain: s?; Boundary conditions: Loads and
displacement constraints; Volume constraints: v; Sample
points within the design domain: {p, }21 > Optimal network

parameters: O* = {@fwe,@*hy}.

Output: The optimal structure s* with the minimum compliance

under the given volume constraint v

Step 1: Sample the shape latent code from standard Gaussian
distribution z ~ N'(0, 1);
Step 2: Compute points properties vector:
& = [y (), y3), v (8D, ¥ ()]s
Step 3: Compute the physical fields s?* according to the boundary
conditions;
Step 4: Compute the physical latent code: " = &, (s"h; er,.%
Step 5: Compute the volume constraint code: y(v);
Step 6: Concatenate the latent codes: 1 = [z,¢]"”, cPhyy;
Step 7: Generate the SDF of optimal structure st =P 1,07 )
Step 8: Extract the structure from the SDF: s*;

network gradually become more reasonable and robust as the training
progresses. It requires around 150 epochs to yield a prediction result
with IoU accuracy about 94%.

5.2. Evaluation

After completing the training, we evaluate the accuracy of the
generated structures in terms of structural compliance and volume. As
shown in Fig. 11, IF-TONIR successfully predicts structures that closely
resemble the GT samples from the training dataset. It accurately iden-
tifies the shapes of the design domains and the locations of the applied
loads. On the entire training dataset, IF-TONIR achieves an average
compliance error of 6.90% and an average volume error of 1.32%. To
demonstrate the effectiveness of IF-TONIR, we evaluate its performance
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Fig. 9. Training process of IF-TONIR.

w/o point properties w/o positional encoding w/o physical fields

GT IF-TONIR
V =124% vol = 12.5% comp =7.37€2 wvol = 12.4% comp = 3.08e3
V =15.0%
V =200% wvol = 18.9% comp = 3.25¢3

vol = 12.9% comp = 6.85e4 vol = 12.5% comp = 6.32¢3

vol = 15.0% comp = 8.30e3 vol = 12.57%comp = 2.59¢4 vol = 15.6% comp = 3.11e5vol = 12.5% comp = 9.34€3

vol = 18.9% comp = 4.85¢3 vol = 18.9% comp = 5.38e3 vol = 18.9% comp = 6.01e3

Metrics IF-TONIR  w/o point properties w/o positional encoding w/o physical fields
Average ¢ 54.2% 296.9% 114.8% 208.4%
Average ¢" 4.02% 5.85% 5.33% 5.20%

Fig. 10. Comparative results illustrating the importance of local network architecture. Columns 2-3 show the optimized structure and corresponding strain energy field of the

complete network framework; Columns 4-5 depict the results without point properties; Columns 6-7 present the results without positional encoding; Columns 8-9 display the

results after removing stress and strain energy fields from the physical information.

on the test dataset, shown in Fig. 12. The average compliance error on
the test dataset is 54.2%, while the average volume error is 4.02%.
It is worth noting that the test dataset includes two design domain
shapes that were not observed during the training process. Therefore,
the boundary condition positions in the test dataset are totally different
from those in the training dataset. To the best of out knowledge, our
algorithm is the first to consider the design domain shape as part of
generalization capabilities.

5.3. Ablation studies

Topological loss. The structural discontinuity often leads to instability
or high compliance, Fig. 13 illustrates the effectiveness of the topo-
logical loss in improving the structural continuity of the generated
structures. Because we utilize the SDFs of structures as the filtration
value for computing persistent homology, the resulting PD can effec-
tively capture the geometric and topological features of the data. The

11

continuous filtration value fields make the training process more stable.
It allows the structures generated by the network to closely resemble
the GT samples.

Points properties. To determine the SDF value at a specific point, we
utilize design shape information and volume constraints as point prop-
erties, in conjunction with coordinates. These point properties can
also include load locations and displacement constraints. Our approach
differs from previous methods as we incorporate volume constraints as
part of the point properties in the decoder, instead of duplicating them
to match the input tensor size. Control experiments conducted without
point properties show their crucial role, as illustrated in Fig. 10. We
enhance the impact of point properties in our algorithm by applying
high-frequency transformations to their values, specifically position
encoding as Eq. (6). Ablation experiments conducted to verify the im-
portance of position encoding show that the position encoding layer can
help the network predict more accurate volumes and force application
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Fig. 11. Evaluation results on train dataset. We compare the generated structures with their corresponding GT samples in term of compliance and volume.

Fig. 12. Evaluation results on test dataset.

positions. The use of position encoding results in an average compliance
that is almost one-sixth of that without position encoding, indicating
a higher level of structural strength. This is demonstrated in several
examples shown in Fig. 10.

Physical fields. The physical field information on the original design
domain has been previously demonstrated to play a positive role in
the prediction of optimal structures. To illustrate its significance to
our algorithm, as shown in Fig. 10, we present the adverse effects
after removing the stress and strain energy fields from the physical
information.

5.4. Comparison

We conduct a comparative analysis of IF-TONIR with other genera-
tive models, namely TopologyGAN [26] and TopoDiff [27]. Notably,
these previous work did not consider the design domain shape. To
ensure a fair comparison, we evaluated all three models on the same
dataset provided by TopoDiff. As the structures in this dataset were
generated on a fixed regular design domain, we only need to remove
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the domain-related information from IF-TONIR to train and evaluate it
on the provided dataset. Fig. 14 demonstrates the comparison results
between IF-TONIR, TopologyGAN, and TopoDiff.

As one of the most popular generative models, diffusion models
have been proven to have better capability in capturing fine details in
image or shape generation, as we see in Fig. 14. Additionally, TopoDiff
framework incorporated three sub-networks to enhance the strength
and continuity of the generated structures. Therefore, from the table
presented in Fig. 14, it can be observed that TopoDiff currently achieve
the best performance. However, it should be noted that TopoDiff has
the highest complexity among the compared models and requires more
inference time for structure generation. TopoDiff reported in their work
that it takes 21.59 s to generate one structure, while IF-TONIR only
requires 0.09 s (on a CPU). Moreover, extending diffusion models to the
3D domain poses challenges in terms of computational efficiency and
memory utilization. In contrast, IF-TONIR achieves better results than
GAN models with a lighter network architecture. It is well known that
train a GAN model is a difficult task. Our framework also demonstrates
the ability to generalize across design domains with different shapes,
which was not considered in previous works. However, similar to other
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Experiments ¢ (Train) € (Train) e (Test) " (Test)

w/o L, 10.21% 1.90% 61.17% 4.64%

topo

w/ L 6.96% L.72% 54.64% 4.28%

topo

Fig. 13. Comparison of network output structures without and with topological loss.

Configuration TopologyGAN TopoDiff IF-TONIR
V =46.0% vol =46.5%  comp = 15.05 vol =453%  comp = 14.83 vol =46.8%  comp = 14.65
V =42.0% vol =41.9% comp =4.12 vol =41.7% comp = 3.98 vol =41.9% comp = 3.95
V =50.0% vol =55.6% comp = 8.15 vol = 49.9% comp = 7.81 vol =52.8% comp = 7.88
V =48.0% vol = 49.9% comp = 8.68 vol = 49.2% comp = 8.65 vol = 48.5% comp = 8.64
V =30.0% vol =27.6% comp = 9.42 vol =29.9% comp = 6.74 vol =31.8% comp = 8.70
Metrics TopologyGAN  TopoDiff IF-TONIR
Average ¢ 48.51% 4.39% 13.17%
Average ¢! 11.87% 2.56% 2.55%

Fig. 14. We compare the test results of IF-TONIR with TopologyGAN and TopoDiff. Each sample displays the structure output by the corresponding method and its strain energy
field. Our method accurately identifies regions with concentrated strain and effectively avoids checkerboard phenomenon. It outperforms TopologyGAN in terms of structural
compliance using a lighter network architecture. And IF-TONIR effectively eliminates the checkerboard phenomenon.
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Fig. 15. TONIR has the ability to generate structures at any desired resolution by increasing the number of sampled points within the design domain.

VAE models, IF-TONIR still has limitations in generating structures with
fine details, which is an area of focus for future work.

Resolution. TopologyGAN and TopoDiff require the input and output
resolutions to be consistent, which poses challenges when generat-
ing high-resolution structures. This requires either preparing a new
dataset with high-resolution samples or employing techniques such as
super-resolution. However, due to the utilization of implicit neural
representation in IF-TONIR, we have the flexibility to obtain structure
at any desired resolution in theory. As shown in Fig. 15, the trained
network allows us to generate structures with higher resolution by
increasing the number of sampled points within the design domain.
Remarkably, IF-TONIR can generate structures with a resolution of
1024 on a CPU in just around 10 s. Compared to traditional SIMP
methods, our method eliminates the need for post-processing to obtain
a smooth and continuous structural representation. The point we need
to clarify is that the resolution here refers to the resolution of the final
structural representation, not the resolution of the structural features.
Enhancing the resolution of structural representation does not add more
structural details.

6. Conclusions

In this paper, we propose IF-TONIR, a novel iteration-free topol-
ogy optimization. Our algorithm utilizes implicit neural representation
to directly generate optimized structures from given conditions and
problem configurations. Through experiments conducted on the test
dataset, IF-TONIR demonstrates its effectiveness in generating opti-
mized structures for various similar-shaped design domains, achieving
low structural compliance. To the best of our knowledge, this is the
first end-to-end work that generalizes the topology optimization process
to different design domain shapes. The utilization of implicit neu-
ral representation decouples the network from spatial grids, enabling
structure generation at any desired resolution theoretically. Besides,
this smooth and compact representation method effectively avoids the
checkerboard phenomenon.

There are several directions that need further research in future
work for IF-TONIR. Firstly, in this paper, we only focus on the 2D
problem. Upon successfully addressing the demanding challenges of
efficiency and memory storage, IF-TONIR has the potential to expand
its application to solve more practical problems in the 3D domain. In
particular, the computation of the topological loss used in our paper is
very time-consuming for 3D problems. Secondly, although IF-TONIR
achieved better performance compared to GANs using a lightweight
network architecture, the VAEs used in our approach still have limita-
tions in reconstructing fine structural details. Future work could explore
the use of improved generative models to enhance the reconstruction
capabilities of IF-TONIR.
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Table 2
CNN network architecture for extracting physical fields features.
CNN

Layer Kernel Stride Padding Channel
2D Conv 3x3 1 1 5— 64
Batch Norm

LeakyReLU

Max Pool 2 1 1 64 — 64
2D Conv 3x3 1 1 64 — 64
Batch Norm

LeakyReLU

Max Pool 2 1 1 64 — 64
2D Conv 3x3 1 1 64 — 32
Batch Norm

LeakyReLU

Max Pool 2 1 1 32 - 32
2D Conv 3x3 1 1 32 - 32
Batch Norm

LeakyReLU

Max Pool 2 1 1 32532
2D Conv 3x3 1 1 32532
Batch Norm

LeakyReLU

Max Pool 2 1 1 32 - 32

Output: 1 x 128
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Appendix A. Parameters for data set
When preparing the data set, we fix the material properties for each

shape in a class of design domains. In our experimental settings, we set
the Young modulus and Poisson ratio to 1.0 and 0.2, respectively. We
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Table 3

Decoder based on MLP for generating optimized structures from latent space, where
dim;, dim,, dim, are the dimension of latent code, condition, points properties,
respectively.

MLP-based decoder

Layer Input dim Output dim Dropout
Fully Connected dim, +dim, + dim, 512 0.0
Fully Connected 512 512 0.0
Batch Norm

Fully Connected 512 512 0.1
Batch Norm

Fully Connected 512 512 0.0
Batch Norm

Fully Connected 512 512 0.1
Batch Norm

Fully Connected 512+dim, 512 0.0
Batch Norm

Fully Connected 512 512 0.0
Batch Norm

Fully Connected 512 512 0.1
Batch Norm

Fully Connected 512+dim, 512 0.0
Batch Norm

Fully Connected 512 1 0.0

tanh

take the volume constraint and the direction of force of each optimiza-
tion problem as variables. We then use the conventional method [55]
to iteratively obtain the optimization results, which serve as the ground
truth for training. In this work, a continuous gradient penalty scheme is
provided to reduce the checkerboard phenomenon in the SIMP method,
allowing for optimization structures with clear boundaries. Moreover,
compared to a fixed penalty coefficient, it can yield structures with
lower compliance. Therefore, we also adopted the SIMP penalty setting
parameters {50, 3,25,0.25} provided in the article to generate optimized
structures for our optimization problems.

Appendix B. Network architecture

Here we list the network architecture details for IF-TONIR. We
employ a shallow CNN net (as shown in Table 2 to extract features
from boundary settings and physical fields as conditions. For VAE, we
use ResNet18 [64] as the encoder and an MLP as the decoder (as shown
in Table 3).
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