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ABSTRACT

CONTROLLED ANISOTROPY GENERATION AND VARIATIONAL
AUTOENCODER LATENT SPACE-BASED MECHANICAL GENERATIVE
DESIGN OF PERIODIC LATTICE STRUCTURES

Oztagkin, Alptug
M.S., Department of Mechanical Engineering

Supervisor: Prof. Dr. Ulag Yaman

August 2025, 131 pages

Lattice structures of different varieties are widely used in additive manufacturing to
achieve lightweight and use-case-specific structures. While extensive literature ex-
ists for the generation of new truss lattices for targeted property design via the use
of variational autoencoders, no such work exists for triply periodic minimal surfaces
(TPMS). Moreover, a very limited literature exists on inducing anisotropy on TPMS,
which leaves an unexplored research area that could result in better-performing con-
tinuous periodic structures. Through the use of and conditional variational autoen-
coders with different means of regressor integration, this thesis explores the latent
design space between various TPMS lattices and proposes different solutions for ex-
ploration through interpolation as well as inverse design of the porosity and direc-

tional elastic moduli.

Keywords: TPMS, Anisotropy, VAE, Inverse Design, Lattice



0z

PERIYODIK KAFES YAPILARDA KONTROLLU ESYONSUZLUK
OLUSTURULMASI VE OTOKODLAYICI GIZLI UZAYI TEMELLI
MEKANIK URETKEN TASARIM

Oztagkin, Alptug
Yiiksek Lisans, Makina Miihendisligi Boliimii

Tez Yoneticisi: Prof. Dr. Ulas Yaman

Agustos 2025, 131 sayfa

Kullanima 6zel hafifletilmis yapilar elde etmek amaciyla kafes yapi cesitleri ekle-
meli imalatta yaygin bir sekilde kullanilmaktadir. Otokodlayicilar yardimiyla yeni
kirig kafes yapilarinin hedef 6zelliklere yonelik tasarimiyla ilgili literatiirde kapsamli
calismalar olmakla beraber, iiclii periyodik minimal yiizeyler (TPMS) ile ilgili bu
kapsamda bir ¢alisma bulunmamaktadir. Bunun da 6tesinde, TPMS yapilarinda es-
yonsiizliik olusturmaya yonelik calismalar dahi oldukga kisitlidir. Bu arastirma alan-
larinin daha yiiksek performansh siirekli periyodik yapilara kapr aralayacak olmasi
miimkiindiir. Bu tezde, ve kosullu otokodlayicilarin regresyon aglari ile entegras-
yonuyla cesitli TPMS yapilar1 arasindaki gizli uzay incelenmektedir. Bu calismalar
dogrultusunda ara de8er hesabiyla gizli uzay kesfi ve porozite ile yonlii elastik mo-

diilden olusan 6zellik vektorlerine yonelik tersine tasarim yontemleri Onerilmektedir.

Anahtar Kelimeler: TPMS, Esyonsiizliik, VAE, Tersine Tasarim, Kafes Yap1
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To those who carry the light, without a stain amidst the mud,

““Such is oft the course of deeds that move the wheels of the world:

small hands do them because they must, while the eyes of the great are elsewhere.”

— J.R.R. Tolkien
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CHAPTER 1

INTRODUCTION

1.1 Motivation and Problem De nition

The design of periodic lattices has become a central point in multifunctional applica-
tions with advanced manufacturing, particularly in the context of additive manufac-
turing (AM) [7, 8, 9]. These structures are modeled and preserved via different meth-
ods, including boundary (BREP) (with abysmal performance) [10], mesh [11], and
signed distance eld (SDF) representations [12]. While a wide range of lattice struc-
ture types is available for use, including graph-based truss lattices, stochastic lattices,
and BREP-de ned repeating lattices, triply periodic minimal surface (TPMS) lattices
are separated by their simple mathematical de nitions that correspond to signi cantly
fewer discontinuities compared to other lattice types [13, 14, 15]. This allows con-
tinuous and precise control of mechanical properties such as stiffness, strength-to-
weight ratio, thermal conductivity, or even uid ow resistance. However, the design

of such structures for speci ¢ points in property space still remains a fundamental
challenge because of the non-linear and high-dimensional relations between geomet-

ric parameters and effective physical behavior [2, 16, 17].

The developments in computational design resulted in attempts at bridging this com-
plexity. Among those attempts, the methods based on machine learning, particularly
deep learning generative models, have shown a signi cant potential [17]. Variational
autoencoders are particularly adept at tasks that require compression of higher dimen-
sions (like 3D elds or forms) onto lower-dimensional representations (latent vectors)
[18], thus allowing structured exploration of design space. When applied to the lat-

tice design space, VAE offers an important potential for generating an interpretable,
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continuous, and compact design space that could capture geometrical variations as

well as associated physics.

Despite these advantages, many fundamental limitations persist in the said approach.
Firstly, VAEs trained only on reconstruction loss cannot capture some of the subtle
geometric details or relations that could be functionally important [19]. Moreover,
even though post-regressions could be applied for relating latent vectors to physical
properties, they often result in weak coupling with a generative model, and could
result in inaccurate predictions for out-of-distribution targets. Another issue would
be that inverse design, which would mean the discovery of geometries that would
satisfy a set of target properties, remains a dif cult task. The methods based on
latent space optimization often require differentiable predictors or costly brute-force

sampling [20].

Moreover, the anisotropies of TPMS lattices are extremely limited due to their (mostly)
3-axis symmetric trigonometric de nitions. They follow a cubic symmetry, which
prevents their effective use in directional load scenarios. Therefore, a novel, continu-
ous, and smooth anisotropy solution would be vital for the use-case-speci ¢ genera-
tion of TPMS lattices without sacri cing the existing advantages of the conventional
de nitions. Any method of this kind would introduce even more complex relations to

the geometry, even introducing rotations to the problem.

This thesis proposes a data-driven framework, aiming to tackle these challenges by
employing various VAE models trained on signed distance eld (SDF) representa-
tions of periodic lattices. Three main models are studied: (J\(AE with an exter-

nal post-regressor, (ii) a hybrid model where the autoencoder and external regressor
are trained jointly, (iii) a conditional -VAE (C- -VAE) that employs conditioning

to directly embed anisotropy data into the encoding-decoding process. These mod-
els are further enhanced by custom loss functions, imposing a physical regularity
(smoothness, periodicity, etc.) on training and reconstruction as well as acting as
metrics/heuristics for whether the inverse design would be physically plausible (off-

manifoldness, latent reconstruction).

Moreover, the latent-space interpolation of lattices is also studied, allowing the use of

more manual techniques for further studies or practical use. Both interpolation and



inverse design tools are conveniently packed into a GUI with relevant visualisation

tools to facilitate the end-user experience.

The central hypothesis of this thesis is that by structuring the latent space to be both
geometrically descriptive and property-aware, it is possible to signi cantly acceler-

ate and improve the design of targeted functional lattices. The objective is not only
to generate varied, realistic lattices, but also to provide conceptual inverse design
pipelines that could navigate the properties in the multidimensional anisotropic prop-

erty space.

1.2 Limitations

While the proposed approach is modular and exible, it is important to acknowledge

its main limitations:

The quality of learned latent space depends heavily on the diversity of represen-
tativeness of the training data. As the data is generated from pre-de ned TPMS
made with parameter combinations and eld-space interpolations, the model

may fail at different out-of-distribution points or manufacturing imperfections.

All of the physical evaluations performed in this study (eg, effective stiffness
tensor) are simulations of numerical homogenization. Even though the method
is ef cient and informative, it does not fully capture the variability of the real
world, such as surface roughness, manufacturing errors, or multi-scale interac-

tions.

SDF representation, while being continuous and differentiable, can be dif -
cult to integrate into arti cial neural networks (ANN). Moreover, due to the
used pipeline requiring meshing, some details may have been lost, and some
geometrical features may have been corrupted due to the nature of marching
cube or similar meshing methods [21]. Moreover, due to the use of multi-term
trigonometric equations in data generation and the level set properties of data,
mean centering would cause defects. Also, a global min-max normalization

could lessen the effect of the smaller valued eld samples in the training.
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Used inverse design methods are based on regression, assuming a one-on-one
mapping between geometry and property, at least locally on the optimization
zones. However, it is entirely possible, even likely, that different geometries

may have the same results for different zones in the property space.

The new geometries produced by novel anisotropy methods are not in the con-
vex hull of known lattice types in any space de nition; therefore, while in the-

ory, they should possess similar qualitative properties, in practice, they may
offer different results, such as a lack of self-support when manufactured on

different angles.

Despite these limitations, the proposed framework offers multiple inverse design op-
tions for a wide range of lattice families and target behaviors, particularly when used

as a conceptual exploration and fast inverse design tool.

1.3 Scope

This study focuses on the design and inverse design of periodic lattices represented

by SDF, sampled to voxelization grids of xed resolutic#).

Representation: Only the periodic structures are considered in training, more
speci cally TPMS SDFs made of analytical equations and their linear combi-
nations. However, apart from the data generation, no part of the framework
is inherently speci c to TPMS lattices, therefore implementation of any other
type of periodic lattice would be possible via their conversion from BREP or
mesh, with any of the many existing solutions [22, 23, 24], even with commer-
cial software [25].

Homogenization method: Effective properties are acquired via the nite ele-
ment method (FEM) from an SDF barycentrically reproduced from uniform

grid points. The material is assumed linearly elastic and isotropic.

Only VAE-based models are studied. No GAN or autoregressive model is ex-

plored in this study.



Various strategies have been tested, including gradient-based optimization on

the latent space and latent space arithmetics-based approximations.

This study does not aim to replace high- delity simulation tools, but rather
positions itself as a fast ideation and functional exploration tool that would
accelerate concept generation and identify possible candidates for downstream

validation.

1.4 Contributions and Novelties

Principal contributions of the thesis are the following.

1. Novelty in design domain and training data volume: Even though different
methodologies are applied for generating the geometry, in state of art[17], none
(to the best of authors' knowledge) has tried to exploit the differentiability of
SDF elds, leveraging it for low volume model training as well as generating

controlled anisotropy on TPMS.

2. Structured database: A database of directional TPMS lattice in SDF represen-
tation with linear (geometry space) interpolations is generated, coupled with
related mechanical properties, forming a coherent base for training of genera-

tive models.

3. Comparison of VAE variants: Implementation and comparison of 3 different
architectures (-VAE+regressor, hybrid model, and conditionaVAE) is pre-

sented.

4. Loss engineering: Various custom loss functions are formulated, including ge-

ometric smoothness, periodicity, and local smoothness focused on periodicity.

5. Inverse design tools: Multiple inverse design strategies are developed, includ-
ing (i) backpropagation in latent space, (ii) linear interpolation, and (iii) barycen-

tric triangulation.

6. Detailed evaluation: Quantitative and qualitative comparisons are made, includ-
ing reconstruction accuracy, geometry-property correlation, and inverse design

effectiveness.



7. Interactive interface: An intuitive end-user GUI is developed, allowing explo-

1.5

ration of latent space, generation of structure, and estimation of their properties,

demonstrating the potential for real-world engineering use.

Thesis Outline

Chapter 2: Background and state-of-the-art

Fundamentals on TPMS lattices and their use in AM, variational autoencoders,
and the state-of-the-art in the intersection of these domains are reviewed.
Chapter 3: Data Generation and Inverse Design Solutions

A detailed pipeline of data generation, homogenization, custom loss functions,
callbacks, target property de nitions and limitations, architecture models, and
inverse design iterations are presented.

Chapter 4: Latent Space Inspection and Interpolations

Latent space structure is inspected with dimensionality reduction methods and
interpolation cases.

Chapter 5: End user experience & GUI

Interactive visual tools are explained in this chapter.

Chapter 6: Conclusion & future work

The nal evaluations of the thesis content are made, highlighting both strong
and assumption/data-limited areas of the thesis. The potential for new studies
or improvements is also discussed in this chapter.



CHAPTER 2

BACKGROUND & LITERATURE

2.1 Lattice Types and Modeling Strategies

Lattice structures are meso-scale design elements that exploit complex, repeating de-
sign patterns to simulate a target theoretical material. This section reviews common
lattice geometry and modeling types with an emphasis on TPMS lattices and implicit
modeling. Lattice types used in AM can be classi ed by their modeling strategy and
their topology:

1. Beaml/truss/rod-based lattices: Constructed of linear elements (eg: Octet trusses,
BCC, FCC etc.), they can be easily and parametrically modeled; however, they

present stress concentration at nodes, and lower surface-to-volume ratio.

2. Surface-based lattices (TPMS): De ned by implicit trigonometric functions (in
the form of scalar elds) that describe minimal surfaces like Schwarz P/D, Gy-
roid, Neovius, or I-WP, these structures are used as shell- or volume- lling

lattices with smoother surfaces and improved mechanical ef ciency.

3. Graded/hybrid lattices: Combining multiple truss-based or TPMS lattices with
varying thickness, porosity, and cell size, graded lattices allow improvements

in local performance or better multifunctional applications.

4. Conformal lattices: Adapt to complex external forms, such as implants and
structural skins, they leverage advanced volume mapping techniques, often

based on implicit modeling techniques or NURBS transformations.

Modeling strategies also vary:



Explicit parametric modeling: Using analytic formulations or CAD tools, offers

simple modeling yet little exibility for spatial variation or local optimizations.

Implicit modeling via SDF or level-set functions: De ning the solid regions as
< = 0, this method is very adaptable for interpolations, gradient structures,

blending, and spatial transformations.

Voxel or mesh modeling: Either formed directly by computational design tools
or transformed from explicit or implicit models, this type of modeling is mainly

used in manufacturing or numerical simulation applications.

2.1.1 Brief De nition and Explanation of TPMS and Its Use in AM

Among various lattice geometries, triply periodic minimal surfaces (TPMS)
have received signi cant attention. These lattice types are de ned by the sur-
faces that extend to in nity in 3 directions in space and that have 2 fundamental
properties: a zero mean curvature and a periodicity on Cartesian axis directions.
Originating from Schwarz's work on the differential geometry domain, and
later expanded by his student Neovius' work, followed by Schoen, TPMS forms
complex, interpenetrating labyrinths while avoiding self-intersections and pre-

senting a remarkable geometric regularity [26, 27, 28].

In the engineering and materials science domain, TPMS has garnered growing
interest due to its potential as a lightweight and high-strength cellular structure.
In the literature, it has been shown that these lattice types offer superior me-
chanical performance (especially in terms of stiffness, energy absorption, and
isotropy) compared to conventional truss/beam/rod lattices (e.g., BCC, FCC,
etc.). For example, Maskery et al. [29] have shown that TPMS lattices pro-
duced by polymer AM present highly predictable stiffness and strength at low
relative density levels. Zhoa et al. [30] have demonstrated that TPMS lattices
produced by selective laser melting (SLM) outperformed conventional CAD-
de ned lattices at both elastic modulus and yield strength, by 20-40%. These
results can mostly be attributed to smoother curvature and continuity on mul-
tiple orders, helping the distribution of stress more uniformly, preventing the

stress concentration on local connection zones.
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Beyond their mechanical properties, TPMS are increasingly explored in multi-
functional applications. Recently, Cheung et al.[31] developed metallic TPMS
structures for thermal management, attaining triple effective thermal conduc-
tivity while conserving low pressure drops. These advancements underscore
TPMS' potential at advanced design contexts, made possible by AM, allowing
the production of high complexity structures with high delity.

In AM, TPMS structures modeled as SDF offer an effective compromise between
ease and accuracy of design, simulation, and manufacturing. The implicit format
simpli es systematic modeling by equations or interpolations, offers ease of gradient
designs, and presents an intuitive advantage at integration into deep generative mod-
els, with it being based on differentiable elds representable by grid discretizations
[32, 33].

2.1.2 TPMS Lattices and SDF or Similar Field Modeling

To model TPMS effectively, signed distance elds (SDF) are often employed. In this
approach, elds represent associated geometries by generating a scalar eld where
the values are the distance to the geometry presented. In this modeling approach,
inner regions of the body are given negative values and outer regions are given posi-
tive values. While there exist different approaches for transforming BREP and mesh
representations to SDF, and SDF representations to mesh (mostly based on marching
cubes [34]), TPMS-based lattices are inherently representable as a simple input of
analytical equations, with an offset term suf cient for model generation. As different
equations results in normal vectors of varying normal vector magnitudes, the created
geometries can also be "SDF-like" meaning the eld distances may not always present
Euclidean distances. As in the literature, SDF is used for these types of elds as well;
through this thesis, SDF will also be used for non-Euclidean distance elds. Beyond

that, there are more intuitive advantages to representing TPMS with SDF:

Smooth and differentiable geometry: TPMS, when analytically de ned as con-
tinuous SDF models, conserve their differentiability and smoothness, therefore

facilitating optimization and offering ease of use for numerical simulation even
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after various operations.

Geometric: Addition or removal of continuous elds offers geometry-space
interpolation abilities as well as simply de ned and robust graded geometric
parameter de nitions. This advantage can be further expanded to the use of
normalized physical elds (eg. stress elds, ux elds etc.) for iterative design

uses.

Multiscale compatibility of various lattice families: All known TPMS types can
easily be represented with their implicit equations with 0 theoretical loss before
conversion to other types, and the implicit de nition allows for a light-weight
design ow, by evaluating discrete data only on the required steps, signi cantly

speeding the design process [32, 35].

2.1.3 Anisotropy in TPMS Lattices

TPMS lattices, by their de nition, offer a cubic symmetry where the anisotropy is
conventionally assessed, and even limited by their Zener Ratios [36]. There have
been studies that delve into the rotation optimization for the use of these structures
[37], as well as their thickness optimization for general topology optimization use
[38]. However, studies for cases that require anisotropy, such as a need for directional
stiffness or elasticity, or similar thermal requirements, are severely limited, with one

study by Yang et al. [39], where the anisotropy is induced with skew deformation.

2.1.4 Summary of TPMS Lattices and SDF Modeling

From a numeric design and simulation standpoint, SDF is ideal for machine learn-
ing tasks. A voxelized SDF matrix can be used as input and output in variational
autoencoders (VAE), and can be used effectively with custom loss functions, while
their meshed representations can be used for FEM operations effectively for rapid

validation or synthetic data generation.

SDF offers a uni ed, smooth, and compact representation for TPMS.
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It facilitates advanced geometric operations (gradient parameters, boolean union,

offset etc.)
They are easily integrable into deep learning and simulation

Recent studies have shown their ef ciency for manufacturing and topological

optimization

They exhibit cubic symmetry, with limited studies on inducing anisotropy

2.2 Brief De nition and Explanation of AE, VAE, beta-VAE, CVAE

To better understand the proposed methods, revisiting some fundamental deep learn-

ing concepts would be helpful, starting with the basic autoencoders.

2.2.1 Autoencoders

An autoencoder (AE) is a type of arti cial neural network (ANN) used for non-
supervised learning of representations. It composes of two principal components,
anencoderthat projects a higher level input gfdimensions into a lower dimension

z = E (x), and adecoder, that reconstructs the input &s= D (z). Training targets

to minimize a loss functioth.,ec = jjx  %jj?, forcing the model to compress the

important characteristics of the data into a compact latent space [40].

Autoencoders are ef cient at dimensional reduction and feature extraction. However,
they are limited as generative models. Sampling a random latkoes not guarantee
generation of a realistic or valixl as the latent space is not necessarily structured nor

does it follow an explicit distribution [41].

2.2.2 Variational Autoencoders

Variational Autoencoders, introduced by Kingma and Welling [42], extend AEs by
considering the latent representation as a probabilistic distribution more than a unique

point. Encoder does not produce a direct latent vector, but the pararfetejsof a
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Gaussian distributiony (zjx). During the training, latent vectors are sampled using

thereparameterization trick :
z= + ; N ;1) (2.1)

The loss function of VAE corresponds Evidence Lower Bound (ELBO):

Lvae = Eq @x[ logp (xj2)] + Dk (g (ziX)jip(2)) (2.2)

The rstterm corresponds to the reconstruction loss (generally Gaussian log-likelihood)
and the second is Kullback-Leibler (KL) divergence, enforcing the latent distribution

to stay close to a prior (typically standard Gaussian). This compromise allows gen-
eration of acontinuous and structured latent spaceenabling both faithful recon-

struction and generation of new data via sampling.

VAE is often used for the generation of data, semi-supervised learning, and represen-
tation discovery as they provide a principled probabilistic foundation and a strongly

structured latent space.

2.2.3 -Variational Autoencoders

-VAE, proposed by Higgins et al. [43] is an extention of VAE that introduces a
scaling factor on the KL divergence:

L vae = Eq @l logp (xj2)]+ D k(9 (2]X)iip(2)) (2.3)

For > 1, the regularisation of the latent vector towards the prior is strengthened,
increasing thelisentanglementof latent variables. This supports a tendency for each
latent dimension to capture an independent and interpretable variation factor of the

data.

Higgins et al. demonstrated thatVAE, when coupled with a tuned, outperforms
classical VAE in its capacity of isolating fundamental generatives, such as form, color,
or orientation in visual data. Later studies, such as Burgess et al. [44], proposed

guantitative metrics for evaluating disentanglement.
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The parameter therefore allows adjusting the compromise betwksant space

structure andquality of reconstruction:

A higher promotes a more structured latent space, however can impact the

reconstruction negatively

A lower results in better reconstructions at the cost of a less interpretable

latent space.

2.2.4 Conditional Variational Autoencoders

Conditional variable autoencoderadapts VAE by incorporating@nditional vari-
abley, (label, property, class) either to the decoder only or to both encoder and de-
coder. With this, the model learms(zjx;y) andp (xjz;y), allowing generation or

reconstruction of data with speci c attributes.

The loss function then becomes (for arariant):

Levae = Eq @ixy)[ 10gp (Xjz;¥)]1+ D« (9 (ziX;y)iip(2)) (2.4)

This formulation favorgontrolled generation such as generating handwritten digits

of a given number or a gure with a speci c coloring theme [45].

The combined variant,-CVAE or Conditional -VAE, combines both regularisa-
tion of -VAE and the conditional generalization of CVAE. It therefore shows a par-
ticular potential forinverse designtasks, where it is desired to generate objects of
speci c attributes [46, 47].

2.2.5 Limitations and Practical Considerations

1. Reconstruction-Regularization trade-off

A high value may improve latent structure but can damage reconstruction

accuracy.

13



2. Posterior collapse

CVAE (and VAE) can ignore the input data and only produce based on the prior.
Methods likeKL annealing [48, 49] or architectural changes can be employed

to solve this problem.

3. Quality of conditioning

The conditioning in a CVAE relies heavily on the quality and representation of

y. A conditioning of lower quality may limit the generative performance.

4. Disentanglement vs expressivity

Excessive disentanglement may negatively affect the models' capacity for learn-

ing complex correlations between geometry and physical properties [44].

2.3 State of Art for Latent Space Discovery and Inverse Design on Lattices

2.3.1 Generation and Optimisation of Truss-based Battices

Lattice structures based on beams/trusses represent a fundamental design methodol-
ogy in architectural materials and AM. These structures are made of interconnected
beam (strut) elements arranged in periodic or hierarchical con gurations such as
body-centered cubic (BCC), octet, or Kelvin. Their principal advantage lies in their
directionally-high stiffness-to-weight ratio, their ease of conventional modelisation
(CAD/mesh), and their compatibility in terms of modeling with classical structure
mechanics theories. However, their discrete and topologically variable nature renders
them dif cult to foresee, optimize, and validate, especially when complex constraints

or inverse design tasks are needed.

Recent advancements in machine learning have enabled the development of new
work ows for the truss-based lattice generation. Deep generative models, often in-
formed by simulation data, learn the latent space of the geometry and its associated
properties. This section examines recent works in the domagemérative model-

ing of trusses focusing on three principal axes:

Learning of geometric and mechanical representations
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Conservation of structural connectivity with the help of graph representations

Inverse design and latent space navigation
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Machine Learning for Truss Geometry and Property Prediction

Numerous studies have proposed "data-driven" learning approaches that establish re-
lations between truss geometry and effective mechanical properties. These models
often use an autoencoder to compress geometry into a latent space, coupled with re-

gressions that predict values like rigidity, compliance, or auxetic behaviors.

For example, a hybrid architecture trained with a vast truss-based unit cells coupled
with homogenized elasticity data is presented by Liu et. al [50]. The model is com-
posed of a convolutional model, a variational latent bottleneck (using a C-VAE), and a
property regressor. This approach enables Ho#tt prediction andinverse design

where the target rigidity allows nding adapted geometries in the latent space.

In another study, Frey et al. [1] model truss topologies as graphs shown in Figure 2.1,
and use graph neural networks (GNN) for extracting structural characteristics. The
model is trained to predict multiple functional objectives simultaneously (stiffness,
thermal expansion) in the multi-material context. This re ects a growing trend to-
ward property-conditioned generation, where the geometry is implicitly shaped by

desired performance targets.

Figure 2.1: Generation of truss lattices from graph data structure [1]

The article by Zheng et al. [2] proposes a similar approach by learning a continuous

latent space based on discrete trusses. The model combines a VAE with a mechan-
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ical property regressor that allows continuous exploration of the design space and
identi es structures corresponding to multi-criteria objectives. The authors' exploits
both latent space interpolations, seen at Figure 2.2, and optimisation, in the contexts
of forward modeling and inverse search to acquire designs exhibiting exceptionally

stiff, auxetic, pentamode-like, and tailored nonlinear behaviors.

Figure 2.2: Generation of truss lattices from graph data structure [2]

Graph-Based Generative Models and Structural Connectivity

One of the major de cits of voxel or image representations in lattice design is the lack
of capacity for explicit encoding of connectivity. In cage-like structures, ensuring the
connectivity of nodes, structural stability, and manufacturability is crucial. To solve
this problem, multiple studies have proposed generative models based on graphs,
where the structures are represented by node-edge graphs, allowing the&ad&of

for conserving the connectivity and structural stability.

Wang et al. trained [3] a generative graph autoencoder for reconstructing valid truss-
like graphs while conforming to manufacturability constraints. The model checks the
connectivity of both the cavities and the solid material. For the mechanical prop-
erty (heat conduction) prediction and inverse design, they tried different architectures
shown in Figure 2.3. Even though all alternatives showed satisfactory reconstruc-
tion results, only the model that uses voxel representation for regression managed to

capture realistic mechanical performance. This highlighted the inef ciency of using
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graphs in mechanical property predictors. By integrating connectivity and symmetry
rules in decoding, the model ensures that the generated structures arerutisted

andmechanically robust

Figure 2.3: Different VAE + regressor architectures for inverse design [3]

Another innovative example related to Wang's work is presented by Naghavi et al.
[51] where the VAE is coupled withlarge language model (LLMpr enabling natu-

ral language-guided generation. The user may employ textual instructions (e.g. "more
porous structure™) to be translated into the latent space. Thus the system generates

structurally and mechanically constrained geometries.

Other notable contributions include Shaikeea et al.'s commentary on the general state
of GNN based raconstruction [52], which analyzes the variability and robustness of
generated lattices, while the study of Kushwaha et al. [53] focuses on the discovery

of bio-inspired motifs and their correlation to the impact resistance properties.
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Inverse Design and Latent Space Navigation

Utility of learned latent space presents itself explicitlyioverse desigrntasks, where

the purpose is to generate a geometry corresponding to speci ¢ physical performance
targets. Several studies integrate latent space navigation strategies, such as gradient
descent, interpolation, or property-constrained optimization, directly into their ANN

work ow.

A recent article by Chen et al. [54] shows that topology optimization can be applied
in a VAE latent space learned from multiple truss lattices. Optimisation objectives are
de ned as effective properties (stiffness, compliance), and a structured latent space

allows accelerating convergence while assuring geometric continuity.

These works re ect a major innovation: using latent spaoatsonly for compres-

sion, but also astructured engineering design domains
Summary and Transition

Generative design of truss lattices has rapidly evolved, moving from fully explicit
geometric representations pooperty-conditioned, connectivity-constrained and
optimisation-enabled frameworks. Graph representations, VAEs with regressors,
and latent space optimisation tools became fundamental tools for exploring and re n-
ing the design space of discrete lattices. However, these approaches remained limited
for modeling smooth geometries, multi-scale transitions, or implicit manufacturabil-
ity constraints. Therefore, recent studies have turned to surface or eld-based con-
tinuous representations such as SDF, speci cally with TPMS. The following section

reviews the literature on this complementary domain.

2.3.2 Topology Optimisation of Periodic Lattice Cells

Topology optimisation, due to the apparent compatibility in problem de nition, con-
stitutes an alternative to the generative approaches based on the machine learning con-
cept for the design of periodic lattices. However, due to the conventional pipe ow of
topology optimization, most promising 3D applications of this approach are given on

the border lying between eld-based design and conformal lattices [55, 56, 4, 57, 58].
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This methodology directly differs from periodic lattice applications as it offers load
and part-speci ¢ single-use structure designs rather than a meso-scale material sub-
stitute provided by periodic lattices. An example of this can be seen at Figure 2.4,
where the non-periodic structures are distributed according to the speci ¢ boundary
conditions.

Figure 2.4: An example of non-periodic lattice structures[4]

Alongside non-periodic approaches, different papers also focused on periodic struc-
tures, with limited maturity in the results towards 3-dimensional geometries, and only
a single study with an anisotropic periodic geometry. This subsection covers some

key works in this area, with different focuses on the problem de nition.
Inverse Homogenization and Prescribed Properties

A key, fundamental study in this eld by Sigmund [59], introduces the tewerse
homogenization where the design objective is an effective constitutive tensor rather
than a geometric descriptor. In his classical study, Sigmund successfully generated
2D periodic microstructures corresponding to the user de nitions, therefore establish-

ing a direct link between macro-scale de nitions and lattice-scale topologies.
Multifunctional Performance

Apart from purely mechanical behavior, topology optimization is also applied for
multi-functional designs by Guest and Prévost. [60]. In their study, they worked to-

wards 3D periodic structures while improving uid permeability. Their study demon-
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strated that transport and mechanical objectives can be given adjointly, albeit with

certain trade-offs.
Isotropy and Effective Conductivity

A study by Chalis et al. focuses on [37] isotropy of 3D voxel de ned geometries,
further improving the cubic isotropy behaviour of the Schwarz and diamond lattice
types. Their studies focused on simultaneously increasing stiffness and conductivity.
Interestingly, even with different starting geometries, their solutions are converging
toward TPMS type of structures, indicating a possible link between topology opti-
mization and TPMS geometries.

Extreme and Unconventional Properties

Extreme behavior is also studied with topology optimization methodology, with aux-
etic and penthamode properties at focus. Chen et al. [61] in their 2D application,
demonstrated the exibility of the topology optimization method to pass conventional

material limits, while respecting the homogeneity and periodicity limits.

In another study by Wang and Fengwen [62], leaning on similar objectives, a method-
ology for 3D auxetic structures with controllable Poisson's ratios over nite strain in-
tervals is introduced, further augmenting the applicability of unconventional material

behavior to 3-dimensional use.

Similarly, Vogiatzis et al. [63] have followed a multimaterial approach to achieve 3D
negative Poisson's ratio materials. They, however, emphasize the non-manufacturable

nature of their design methodology, especially due to support placement concerns.
Targeted Nonlinear Mechanical Behavior with Anisotropy

In their recent work, Thillaithevan et al. [64], have extended the literature by focusing
on the nite strain, nonlinear responses, as well as introduamigotropy to the
periodic lattice topology optimisation problem. Their optimizer runs over multiple

prescribed macroscopic strain states, with discrete X and Y directional de nitions.
Summary

Overall, topology optimization methods constitute a worthy alternative to generative-
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based designs, especially for non-conventional properties where the capability of
reaching extremal designs is emphasized. However, it is heavily dependent on multi-
iteration FEM, causing it to be computationally demanding. The abundance of 2D
studies [65, 66, 67, 59, 61] instead of 3D can be attributed to this drawback. More-
over, most of the studies, apart from those made by Zhang et al. and Thillaithevan et
al. [37, 64], are only focused on symmetric geometries. The latter of the exceptions
also differs from the others, as it's the only anisotropic periodic lattice design study
with a topology optimization approach, to the best of the authors' knowledge. With
the 2D application in this study, the current state of the literature does not present a
case for direct comparison with the objective of this thesis; however, future improve-
ments in this eld may be bene cial for comparison, and even for hybrid/surrogate
generative models. A summary table demonstrating the dimensionality, directional-
ity, and symmetricity of some of the key periodic topology optimization studies is

given in Table 2.1.

Table 2.1: Summary of topology optimization studies on periodic unit cells

Authors Symmetricity Isotropy Dimensions
Sigmund [59] Symmetric Isotropic 2D
Guest and Prévost [60] Symmetric Isotropic 3D
Challis et al. [68] Asymmetric  Isotropic 3D
Chen et al. [61] Symmetric Isotropic 2D
Thillaithevan et al. [64] Asymmetric  Anisotropic 2D
Clausen et al. [65] Symmetric Isotropic 2D
Wang and Fengwen[62] Symmetric Isotropic 3D
Vogiatzis et al. [63] Symmetric Isotropic 2.5D
Collet et al. [66] Symmetric Isotropic 2D
Yun et al.[67] Symmetric Isotropic 2D

22



2.3.3 Surface-/Field-Based Lattice Generation (TPMS, Voxel, SDF)

Representations based on surfaces or elds, suchriply Periodic Minimal Sur-

faces, voxel lattices, and signed distance e|doffer continuous and smooth ge-
ometries. These are particularly adapted to additive manufacturing and an optimized
mechanical design pipeline. These representations enabteolled morphobility
anddifferentiability as well asmulti-functional design of lattice structures. This
section reviews key studies about latent modelisation, property conditioned design,
multi-lattice transitions, and manufacturability constraints applied to these surface-

based lattices.
Geometry-driven Latent Modeling

One of the earliest applications of deep generative models on voxelised lattice struc-
ture design is by Wang et al. [5]. The authors useAE trained on voxelised 2D
lattice representations. Their model allows a smooth reconstruction of geometry and
interpolation in latent space. Moreover, they propose an inverse design method by
backpropagating through the decoder for achieving desired stiffness targets, paving
the way for differentiable SDF-based design. Apart from their generation models,
they also provided a dataset that is used by many, partially seen in Figure 2.5. As can
be seen, the lattice structures are fairly simplistic and don't contain complex struc-

tures that are seen in TPMS lattices.

Figure 2.5: Some samples from Wang dataset, (a) ground truth lattices, (b) recon-

struction, (c) produced geometries [5]

In a recent study by Yu et al. [6], another approach based on VAE is presented, using
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binary voxel maps of multiple TPMS lattice families. By using latent space arith-
metic operations (such as weighted interpolations and extrapolations), the model can
generate transition geometries between cells like octet, gyroid, or diamond. By using
slices of interpolation steps, as shown in Figure 2.6, this process alloargiauous
transition between functionally graded regions, while keeping stress concentrations

minimal. The architecture used in the study is given on Figure 2.7

Figure 2.6: Strategy for gradual lattice merging [6]

Figure 2.7: Architecture used by Yu et al. [6]

Baldwin et al. [69] systematically evaluated automatically generated transition zones
between different 2D lattice structures. They introduced visual and mechanical crite-
ria linked to latent space closeness. Using the criteria, they measured the quality of
transition cells and selected the best-performing interpolation variants. This resulted
in better mechanical properties in their ability to transfer loads without discontinu-
ities at connection points. Their methodologies provided important insights into the

stability and manufacturability of interpolated geometries.
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Property-conditioned and latent space design

On a recent work, Baldwin et al.[70], enriched their previous work by introducing
latent space conditioningusing mechanical properties such as stiffness and porosity.
The interpolations acquired from the conditioned latent space present continuous and
predictable structural performance. This study, like its predecessor, uses the dataset

created by Wang et al [5].
Manufacturability and Structural Connectivity

Building on previous approaches, Wang et al.[71] integrate exphaihufacturing
constraintsin the loss function of -VAE. The model learns to avoid thin unsup-
ported walls, disconnected voids, and features below thresholds. They also employ
regression heads predicting properties like Young's modulus and Poisson's ratio, fa-

cilitating multi-objective inverse design of manufacturable structures.
Discovery of Extreme Hyperelastic Designs

In a recent study, Perroni-Scharf et al. [72], combined generative sampling, deep
ensemble regression, and Bayesian optimisation for exploring TPMS topologies un-
der large deformations. Their method integrated simulations and experimental tests,
resulting in reaching geometries capable of absorbing up to twice as much energy
compared to conventional TPMS lattices, paving the way to the extreme hyperelas-

ticity design.
Summary

Reviewed literature shows rapid evolution of methods for the generation of lattices
based on voxel encoders to more complex constraint-aware multi-objective genera-
tive pipelines. Yet limited studies exist on TPMS, implicit or surface VAE, with no

mechanical inverse design work to the authors' knowledge. Some key points include

for voxel-based design:

Property conditionning for guiding geometric generation
Latent interpolation or triangulation for multi-lattice transition
Manufacturability loss and connectivity guaranteesintegrated to model
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Human+Al co-designwith natural language

This body of work directly inspires the methodological choice of this thesis: use of
-VAE and a property regressor with various levels of integration, latent exploration
by interpolation and backpropagation, both based on implicit/analytic representations

of TPMS.

26



CHAPTER 3

DATA GENERATION AND INVERSE DESIGN SOLUTIONS

Due to the nature of the problem, several pre-processing and post-processing steps
must be integrated into the pipeline, including geometrical data generation and prop-
erty acquisition via homogenisation. The data generation step covers anisotropy in-
ducing as well as geometrical blending operations. The generated geometries are
implicitly modeled and meshed for the homogenisation step. Moreover, the details of
the VAE derivative networks used and inverse design strategies, and their results are

presented in this chapter.

3.1 Data Generation

In order to train generative models, the generation of a systematic dataset of TPMS
geometries is essential. The methodology for this data generation is based on discrete
representations of TPMS SDF elds. For this, analytical equations for surfaces are
sampled or64® grids. 6 different types of TPMS (the analytical de nitions of gyroid,
diamond, Schwarz primitive, I-WP, splitP surface, and Neovius, respectively given
on Equations 3.1-3.6) form the base of this thesis. In order to augment the data and
smooth the latent space, geometry-space combinations of two are also produced as
synthetic data. Different offset values are used to isotropically change porosity and
create variance in mechanical properties. Relevant equations are presented below,
= =2 being a phase shift used for better meshing, aiglthe thickness offset,
composed of values 6f 0:25; 0:20, 0:15 0:10 0:5;0;0:5;0:10; 0:15,; 0:20; 0:25g.

fc(X;y; z) = sin(x) cosfy) + sin(y) cos(z) + sin( z) cosx) + (3.1)
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fp(X;y;z) = sin(x) sin(y) sin(z)+

sin(x) cos(fy) cos(z)+

(3.2)
cos) sin(y) cos(z)+
cos) cosfy) sin(z) +
fs(X;y;z) = cos(x) + cos(y) + cos(z) + (3.3)
fi(x;y;z) =2cos(x+ )cosfy+ )
+cos(y+ )cos@gz+ ) (3.4)

+cos(z+ )cosx+ )

cos(2k+ )) cos(2¢+ )) cos(g+ ))+

fsp(X;y;2) =1:1 sin(2x) sin(z) cosfy) + sin(2y) sin(x) cos(z) + sin(2 z) sin(y) cos(x)
0:2 cos(x) cos(2y) + cos(2y) cos(2) + cos(2z) cos(X)

0:4 cos(X) + cos(2y) +cos(2z) +
(3.5)

fn (Xy;2) = 3[cos(x) + cos(y) + cos(2)] (3.6)

+4 cos(x) cosfy) cos(z) +
However, the data generated through this method does not possess considerable aniso-
tropic variance, meaning the stiffness and conductivity matrices are axis-agnostic as-
is.
To introduce anisotropic variance to data, it is necessary to induce direction-driven
offset. As SDF representations do not possess explicit discrete surfaces, strength-
ening or weakening a single axis is not straightforward. One promising solution is
manipulating the offset value analytically. For strengthening the X axis, one could
add a negativg¢ ) offset increasing with the angle between the surface normal and
the X axis. As the TPMS functions are fully sinusoidal, analytical differentiation is

convenient.
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ot
For this purpose, different formulae are used, starting with direct Uﬁ@fﬁﬁ)fwnh an
ot .
anisotropy coef cient . ”—r@;—” Is analogous t@oy ), being the angle of normal
with respect to the positive X axis.
However, this results in sharp peaks a 1 as can be seen on Figure 3.1, and more-
over, removes material from negative surfaces, beating the purpose of unilaterally

strengthening/weakening the X axis.

Figure 3.1:z€x offset function on diamond lattice, demonstrating peak spikes

An alternative approach for symmetry around the X axis would be using a symmetric
function. For this purpose, the square function is used with the cosine analogous term,;
however, this results in "valleys" in geometry, as this function is rapidly increasing.

This effect can be seen in Figure 3.2

At this point, it is evident that there is a need for a Y-axis symmetric (on 2D, absolute
value sense) function that has a smooth derivative, both near -1 and 1, and on its peak,
0. Sigmoid function ((x) = ﬁ is known to have a smooth derivative; however, it

is not symmetric as seen in Figure 3.3. To remedy this, the function can be translated
onto the positive side X axis, the X axis change can be increased, and symmetry can be
achieved by taking the absolute value of the argument. The resulting full modi cation

function can be seen at Equation 3.7 and Figure 3.4. This function results in smooth
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@f
X

Figure 3.2: Squareﬁ)z offset function, creating valleys

derivatives on both maxima and minima and has a strictly eroding/dilating effect on
level-set functions. The anisotropy coef cient,used forthe data generationis
given by the set {-0.5, -0.25, 0, 0.25, 0.5}

1
1+ e 5@cos()] 1)

offsef(f) = ( ) (3.7)

Figure 3.3: Sigmoid function plot
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Figure 3.4: Modi ed sigmoid function plot

The results ofey =E, for different is given on Figures 3.5, 3.6. The expected results
are monotonically decreasing, with all the anisotropy values resulting in valid geome-
tries as in Figure 3.5a, 3.5b and 3.5c. However, removing or adding higher amounts
of material from structures also results in unforeseen consequences. Moreover, as
the effect of adding normalized offsets differs from lattice to lattice, the connectiv-
ity may be damaged; an example of this can be seen in Figure 3.7, where some of
the structures are lost due to mesh post-processing, as will be detailed in the next

subsection.

To solve this problem, a subset of the data generated is selected for the study, with
the help of a quality check function. For each lattice type, if the data point is in the

correct quadrant, a reward of 10 is assigned, and if it is on the wrong placement by
1 degree (eg. 0 anisotropy being on a value higher than 1+threshold), a penalty of
-5 is assigned. If it is off by 2 degrees (eg. positive anisotropy being higher than

1 on the y axis), a penalty of -10 is assigned. The resulting custom scoring can be
seen in Figure 3.8. Using these, the best-scoring trio, where the combinations of 2
could maximize the score, is chosen. The resulting database is formed of diamond,

Schwarz, and gyroid types; their inner scoring can be seen in Figure 3.9.
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(a) Diamond (b) Gyroid

(c) IWP (d) Neovius

(e) Schwarz (f) Split-P

Figure 3.5: Anisotropy behavior of individual TPMS lattices.
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Diamond IWP Diamond Neovius

Diamond Split P Gyroid Diamond
Gyroid Neovius Gyroid Schwarz
IWP Neovius IWP Schwarz
Neovius Schwarz Neovius Split P

Diamond Schwarz

Gyroid IWP

Gyroid Split P

IWP Split P

Schwarz Split P

Figure 3.6: Hybrid lattice types,=E, variation across TPMS combinations.
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(a) Diamond-IWP = 0:25and = 0:5 (b) Diamond-IWP = 0:25and = 0:5

implicit view mesh

Figure 3.7: Comparison of implicit and meshed representations of Diamond-IWP unit

cell.

@f
It should be noted that th% part on thecos () = ﬁ@ﬁ corresponds to f v,
wherev is the unit vector of any desired anisotropy direction. Through this thesis, the

anisotropy axis is taken as the positive X axis; (1;0; 0).

3.2 Meshing and Homogenization

In order to acquire material properties, both the ground truth (synthetic input data) and
model-generated geometries should be homogenized. In literature, FEM is directly
applied to voxelized geometry. However, this, combined with lower resolutions of
the literature studies, means a considerably lower accuracy compared to physically
usable geometries. For this reason, a mesh-based FEM approach is used on this study.
Moreover, the use of SDF allowed for a less "local" mesh generation, as the implicit

elds can be interpolated barycentrically with no evident loss in geometry.

The mesh data is generated as a CSV le xop; z; s format, wheres means scalar
value on the coordinates. To keep the data to be processed in in VAEs limited, only a
single cell is generated. The scalar point cloud data for a single diamond cell can be

seen on Figure 3.10.
In the homogenization process, however, the generated data is trarslat@d

34



Figure 3.8: Anisotropy quality scores for different lattice types

Figure 3.9: Anisotropy quality scores for the top 3 lattice types
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Figure 3.10: Diamond scalar point cloud

2, in order to better simulate intercellular relations and defects. Due to the nature
of the Boolean union operations, small connection lines are visible on renders, and
sometimes can be seen on surface mesh edge distributions. Single and duplicated
implicit views of the lattice structure can be seen in Figure 3.11 and 3.12.

For FEM homogenization, the highest viable value assuring mesh independence and
feature connectedness is found to be an adaptive mesh with a minimum edge length
of 0.4 mm. Linear tetrahedral mesh elements are used for volume meshing. Examples

for surface and volume meshes can be seen in Figure 3.13 and 3.14.

Through homogenization with 6 unit strain loads in the tensile (X, Y, Z) and shear
(XY, XZ, YZ) directions under periodic boundary conditions, 21 upper triangle com-
ponents of the anisotropic stiffness matrix are acquired. Moreover, the 6 upper trian-
gle components of the thermal conductivity matrix are also acquired for future studies.
Also, the relative density, is also acquired to be used in training and inverse design.

Directional stresseS, andE, are calculated from these stiffness matrix elements.

All of the meshing and homogenization processes are made on nTop, on a portable
PC with Intel i7-12700H processor with 32 GB RAM and hardware acceleration with
RTX3060 Mobile.
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Figure 3.11: Diamond with =0 and = 0, single cell implicit view

Figure 3.12: Diamond with =0 and =0, 8 cell implicit view
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