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ABSTRACT

Generative design (GD) enables exploration of diverse shape variants that exhibit trade-offs among
competing design objectives related to part manufacturability and performance, offering a
transformational approach towards automated part design for advanced additive manufacturing
(AM). However, existing GD methods often derive design diversity either from large datasets of
existing designs or through topological modifications, limiting their applicability to data-scarce
engineering problems, particularly for complex parts where manufacturability and preservation of

topology and geometric features are critical.

In this work, we present a training-free generative design framework that leverages the
optimisation trajectory of a single neural field-based shape optimisation to represent and explore
neural field variants within a low-dimensional neural weight subspace. Our design space
exploration is realised through a Langevin diffusion-inspired stochastic process with energy-

conditioned guidance, enabling the generation of constraint-satisfying shape variants that provide



distinct objective trade-offs. The framework generalises across geometrically and topologically
diverse complex parts, including freeform geometries with intricate surface features and non-
trivial topology. We validate the method through simulations and physical additive manufacturing
experiments, demonstrating support-free 3D printing of the generated shape variants and
establishing a data-free route towards manufacturability-aware generative design for complex
parts.

Key words: Generative design for 3D printing; Diffusion-based shape generation; Al-driven

design optimization; Neural latent space; Design space exploration

INTRODUCTION

Additive manufacturing, also known as 3D printing, offers tremendous flexibility in the digital-to-
physical conversion of complex geometries via a layer-by-layer fabrication method [1]. While
recent advances in AM and widespread availability of low-cost, high-quality 3D printers have
driven its adoption across numerous applications ranging from customised interactive devices to
high-value aerospace part manufacturing. Realising the full potential of AM, however, requires
equally transformative advances in computational design [2,3]. Recently, AM-oriented design
optimisation [4] has attracted significant research interest and industrial demand, driven by its
potential in maximising manufacturability and part performance-related objectives such as
overhang angle compliance (towards support-free 3D printing) [5,6], surface reflectivity [7],

strength [8] while reducing reliance on trial-and-error manual part design.

While AM offers a vast engineering design space, the increasing complexity of modern part
manufacturing (inevitably) demands for methods that enable exploration of diverse shape variants

as a pre-requisite for deciding the part optimality [9]. This poses a significant challenge for



traditional Al-driven design optimisation [5, 10] methods relying on the well-known inverse
design principle, which performs iterative refinement of part geometry and converges to a single
local optimum based on pre-defined objectives (i.e., a deterministic exploration of the design

space).

To address this challenge, Generative design (GD) has emerged as a transformative design
paradigm that realises the generation of constraint-satisfying shape variants, enabling engineers
explore trade-offs between complex and often-competing objectives, rather than converging to a
single sub-optimal solution. This core advantage has positioned GD as an essential component of
early-stage engineering design [11], with applications spanning microstructure generation for AM,
metamaterial design [12,13,14], structural and aerodynamic optimization [15,16], building design
[17] and parameterised car body profile design [18]. In practice, generative design is mainly
realised through two approaches: 1) As a by-product of topology optimisation, in which the
material distribution is exploited for the “generation” of topology variants [19,20]; 2). As a variant
of generative modelling, in which a data distribution is first learned, and subsequently sampled

using stochastic methods [15].

In the context of TO-based GD approaches, a common approach is to train a model using a large
dataset to learn latent representations or surrogate models, as means to enable shape variant
generation. For example, Kim et al. [21] used a large dataset of topology optimised brackets for
generating 2D depth image-based diffusion model to enable generative synthesis of new bracket
shapes for mass manufacturing. Recently, Moon et al. [22] proposed using Generative Adversarial
Networks (GANSs) in latent space trained on a large dataset for generative synthesis of 3D topology
optimized structures. Nobari et al. [23] showed that diffusion-based implicit neural fields can be

used for topology optimization-based shape variant generation. It is important to understand that



pure geometric change cannot guarantee diversity in performance metrics [24]. Building on this
idea, Kwon et al. [24] proposed a data-driven framework for performance-aware geometry
augmentation to realise topology optimised shape generation. However, TO-based GD methods
are often inapplicable for many design optimisation problems that involve parts with non-trivial
topologies (e.g., Voronoi structures) and complex freeform geometries such as aircraft wing shapes
[16], 3D car body shapes [25] and bicycle seat models [26], where original shape and aesthetic

detail preservation remain critical.
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Fig 1: Overview of the neural field-based generative design concept (Representative geometry: S-
pipe): (a) Conventional inverse design approach that finds a single optimal geometry; (b) The
proposed generative design method which leverages neural field learning to design and explore a
neural weight subspace for synthesis of performance-aware shape variants, offering unique
objective trade-offs; (c) Original geometry that requires internal and external support structures;
(d) Three selected geometry variants with unique geometric deviation (top), overhang (middle)
and mean curvature error scalar maps and corresponding (e) support-free 3D printed geometry

variants, eliminating material waste.



For freeform complex parts, shape variant generation mainly resorts to generative modelling, in
which the idea is to learn a latent space for a given shape distribution and generate new samples
by interpolation methods (e.g., diffusion model-based techniques). Danhaive et al. [15] showed
that performance conditioned low dimensional latent space can be useful for targeted design space
exploration of complex structures. Yang et al. [25] presented PhysGen framework, which learns a
combined latent representation of geometry and physics-based properties for industrial design
cases including 3D car body shapes with intricate details. Diffusion-based generation of implicit
neural fields in latent space [27] has been employed for physics-based optimization of freeform
shapes [8]. To minimise dependency on large datasets, Tewari et al. [28] proposed an integrated
diffusion process with forward model for inverse design-based scene generation with minimal data
(i.e., without direct supervision). Murali et al. [29] presented an interesting VAE-based approach
that augments sparse shape data to create larger datasets to learn a latent space to generate human
pose shapes. Similarly, diffusion-based sampling in the latent space has been proposed by several

recent methods for microstructure synthesis for additive manufacturing [13,14,30].

In general, generative modelling-based methods depend on high-quality input data to learn a latent
space, which can be challenging for data-scarce applications such as additive manufacturing-
oriented part design. Acquiring and generation of performance data (for design optimization) are
generally computationally expensive, making performance-aware shape variant generation
challenging, while also diminishing manufacturability awareness within the generative process.
Berzins et al. [31] proposed Geometry-Informed Neural Networks (GINNSs), a data-free shape
generation framework that trains neural fields based on design constraints and diversity

constraints. While this method [31] well-suited for underdetermined design problems where large



geometric change is permissible (e.g., shape variant generation for a topology optimization
problem), generating shape variants of an existing part while retaining its characteristic geometric
features presents a different challenge. In fact, generative design of arbitrary complex geometric
models characterised by non-trivial topology and intricate surface features for data-scarce
applications has remained an unresolved problem. To the best of authors knowledge, generative
design of manufacturable (e.g., 3D printable) and constraint-satisfying geometry variants of
existing complex shapes in a data-free manner has been rarely (or never) studied in the existing

literature.

Here we propose a generative design paradigm for advanced additive manufacturing, in which the
engineering design space becomes the subject of shape representation and exploration, to enable
data-free generation of manufacturability-optimized shape variants for a range of complex 3D
freeform geometries (see Fig. 1). Given a neural field learned as an energy minimisation problem
[5], and a “neural shape” (i.e., shape variant) can be created by imposing a neural vector field on
the original shape, we hypothesise that the neural weight space paves the way for generation and
exploration of a local shape space [32] without the need for training data. Our framework indeed
shows how inverse-design based shape optimization can be converted into a generative design
method for 3D printing. We introduce a low-dimensional neural weight subspace for effective
design space exploration, for which we propose a Langevin diffusion-inspired stochastic approach
coupled with energy term conditioning, to find low-energy variants within the optimisation
landscape (see Fig. 2). This approach enables generation of neural shape variants, enabling
generative design of geometric variants for arbitrary complex parts that offer unique design trade-

offs while complying with manufacturability constraints. Therefore, the proposed data-free



generative neural shape method not only supports decision-making for initial design stage but also

offers a fundamental shift in how generative design is performed for additive manufacturing.
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Fig 2: Generative design computational framework (wireframe bunny model): (a) The full
computational pipeline which generates a low dimensional design space (neural weight subspace)
to enable Langevin diffusion-based exploration of neural vector fields for data-free compliant
shape generation of complex geometries including non-trivial topologies (right); (b) The
correspondence between neural weight generation and neural field synthesis; (c) A representative
example of generated shape variant samples on shape energy (2D) plot and (d) Representative

neural vector field variant examples across three a (shape exploration) levels.



RESULTS
Low dimensional subspace of design variants

Our framework considers an input triangle mesh geometry M represented as a set of vertices V =
{v; € R"3|i = 1, ...,n} and faces F € Z™*3, and first learns an initial neural field ®4: R® -» R3
[33,34] based on a shape energy loss function £ to compute the optimal geometric change. The
objectives of L (see Methods), which govern the optimality of the geometric change, are
formulated to optimise overall part manufacturability (i.e., printability) such that the generatively
designed shape variants are not only diverse in terms of geometry but also offer unique
performance metrics, which can be crucial for advanced manufacturing applications. Specifically,
our framework focuses on reducing overhang regions which increase print time and material waste
due to support structure generation, while complying with other objectives (e.g., minimal deviation

from original geometry) crucial for part quality. Conventional inverse design-based approaches
use the learned neural vector field @ g (V) to extract the optimised geometry as V' = V 4+ ®g(V)

and iterate until the termination criteria are met (see Fig.1). In contrast, our goal is to employ the
neural weight space defined by 0 as a parameterised generator (i.e., sampler) of compliant neural
field variants to realise data-free generation of manufacturability-improved shape variants (i.e.,
low-energy variants of £). We hypothesise that this design problem can be solved by direct
sampling of the updated (i.e., learned) neural weight parameter space according to a Boltzmann

distribution as follows:
L6
p(6) x exp (— %) (1)

where 6, denotes the weight space of the initial neural field learning and T represents a

temperature coefficient of the sampling process. However, due to its high-dimensionality, direct



exploration (e.g., via sampling) can be not only computationally prohibitive but also lead to
uncontrollable geometric deformation. Existing frameworks that employ neural weight space for
shape generation tasks [35,36] generally depend on a training on a large dataset, to either
interpolate or apply diffusion-based sampling [35] to create new weights. In contrast, our method
focuses on the objective landscape information [37] provided by the neural weight trajectory,
which has been overlooked in existing generative design methods. We show that given a single
neural field learned through an energy minimisation problem, a low-dimensional neural weight
subspace can be generated without additional training (e.g., to learn a global prior), to realise
effective exploration of local neural field variants (see Fig. 2). For this, neural weights generated
at every n iteration during the initial neural field learning are recorded as a flattened vector as

follows:
0t =[6,5,6," ..., 0. e RP )

in which P represents the number of neural weights (i.e., parameter space) that depends on the size
of the number of hidden layers g and neurons r of the MLP. t = 1, ..., T represents the number of
neural weight vector samples recorded during the initial neural field learning. Therefore, the full

neural weight matrix W € R7*? can be represented as follows:

6, 0,V .. 6,
2) (2) (2)

W = 91:( 92: Hp: 3)
6. 6, . 6,™

W can therefore be considered a combined representation of the weight trajectory and the full
parameter space, providing useful information of the shape energy landscape. However, its

inherent high dimensionality can be problematic for subsequent processing, due to high



computational cost. To overcome this, we propose identifying the directions of T (K P) with
highest variations (i.e., directions along which the shape energy has been permissive), which is
significantly efficient compared to perturbing the full parameter space. To this end, we first

compute the covariance matrix of W as follows:
C=wWWw," e RTT 4)

in which W, = W — @ represents the mean centred weight matrix while § = %Zfﬂ 0 represents

the mean weight vector. To formulate neural weight subspace B as a low dimensional basis of W,
we perform Singular Value Decomposition of C,SVD (C) = UXUT and compute a k number of

basis vectors (i.e., principal directions), as follows:
B = W, U, € RP*k (5)

Note that B represents a design search space spanned by the dominant weight trajectory directions
generated during the initial energy minimisation-based neural field learning. We propose this low
dimensional neural weight subspace as the key to enabling data-free low-energy neural vector field
variant generation. To better understand the influence of the weight trajectory, we first investigate
how the weight recording frequency affects the subspace and generated shape variants by
constructing the neural weight subspace using three different weight-recording frequencies. As
shown in Fig. 3, our results reveal that selecting the weight recording frequency is a trade-off
between the design space control and computational cost. More frequent recording (i.e., fine
weight trajectory representation) improves the shape energy compliance (see Fig. 3(a)) of the
generated neural vector fields, but also increases the weight matrix size, leading to increased

computational cost (see Fig. 3(f)). For instance, neural weight subspace generated by weights



saved at every three or five iterations enable shape variant generation with consistent overhang

reduction performance under lower deviation.
Data-free design space exploration via Langevin diffusion

The next step is to employ the neural weight subspace generated above to create diverse neural
shape variants with distinct objective trade-offs. To this end, we introduce a latent vector z € R,
and formulate a stochastic neural weight reconstruction (i.e., mapping from weight subspace to

full weight space) as follows:
0"(z) =6, +Bz (6)

in which 6%(z) represents the reconstructed (full) neural weight set. Note that (stochastic)
perturbation of z leads to generation of unique combinations of basis directions, creating new
neural weight sets that correspond to unique neural vector field variants without the need for
additional data. To explore the low dimensional neural weight subspace in a controllable approach,
we propose a Langevin diffusion (i.e., Langevin dynamics) theory [38]-based sampling algorithm,

for generating variants of z as follows:

Zx+1 < Zx - n(VZE + ﬁvc) + V znTs‘fx (7)

where 17, T, £,~R(0,1), § and v, represent the step size, temperature coefficient, Gaussian noise,
control coefficient, and the directional control vector, respectively. x = 0, ..., N} represents the
number of Langevin diffusion steps, while the temperature coefficient is defined as Ty = aog, in
which o5 = 2 denotes the energy scale parameter, and a represents the shape exploration (i.e.,
stochasticity) level parameter. It is important to understand that when the shape energy loss

combines several objectives as in our framework, the proposed method induces low-energy neural



vector field variants that capture different trade-offs among the objectives. However, as the neural
weight subspace is derived as a byproduct of the combined energy, explicit control over individual
objectives (during shape generation) can be restricted. This can be a drawback for manufacturing-
oriented applications, where the relative importance of design objectives can vary based on
multiple factors including user requirements and process settings. To this end, we introduce an
energy-conditioned design space exploration by identifying control directions for individual

energy terms within the neural weight subspace. Let £; denote the j th energy term of the total

shape energy L (see Methods), and the corresponding “control” direction can be estimated by

projecting the gradient of £; to the neural weight subspace, as follows:
Therefore, the directional control vector of L;, vy = gj/”g ” (i.e., the direction that mostly
)]

influences £;) in the neural weight subspace can be weighted by £ (as shown in eq. (7)) to provide
user control over the energy conditioning of neural field variant generation. For instance, a positive
bias (e.g., +0.5) assigned to the overhang energy term control vector generates consistent
overhang-minimised shape variants of the input model while providing unique distributions of
mean curvature error, across multiple shape exploration a levels (see Fig. 3 (a-c)). In contrast,
applying the same bias to the smoothness energy control direction enables the generation of shape
variants with minimised mean curvature error, demonstrating the effect of the choice of energy

term bias (see Fig. 4 (c-d)).

The sampling approach of eq. (7) realises an iterative refinement of the latent vector z (i.e., to find
low-energy neural field variants), while shape exploration parameter, a, has a direct influence over

the design space search region (see Fig. 4). Compared to assigning a fixed value, we observe that



multiple values within a pre-defined range for a (e.g., @jow, Amedium» Xnign) lead to a more
systematic search, paving the way for distinct objective trade-offs among the generated neural
shape variants. For example, Fig, 4(b) shows that the generated shape variants of Armadillo model
offer unique trade-offs between overhang violation and deviation energy, demonstrating its
advantage over single neural shape generated by the initial neural field [5] (i.e., inverse design
approach as shown in Fig. 1 (a)). Thus, the design space exploration presented in this work

provides a mechanism for energy-conditioned and controllable generative design for additive

manufacturing.
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Fig. 3: Performance indicators of the generative design framework: (a) Mean overhang (vertex-
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with identical (overhang) energy conditioned shape generation. (¢c) Mean curvature error scalar
field maps for representative shape variants generated at different a values. (d) Mean overhang
(face-level) and (e) mean deviation variation with different weight recording frequencies and (f)

the effect of weight recording frequency on the computational runtime for generating neural shape

variants.
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Table 01: Computational time of the neural field-based shape generation

Model Vertices | Faces Computational time
Initial neural field Shape generation*
and weight a=05| a=15 | a=3.0 Total
subspaceo time
Kitten 4103 8206 34.12 35.61 71.82 108.62 142.74
Wireframe 17279 35094 89.00 99.11 194.83 312.65 | 401.65
Bunny
Yoda 54110 111300 267.33 280.51 576.21 880.00 | 1147.33
S-pipe 30609 61218 152.99 161.39 325.13 489.99 | 642.98
Krillin 45593 91280 222.80 248.07 490.45 720.97 | 943.77
Armadillo 5117 10230 39.55 41.46 85.85 130.72 170.26

* s = 5 at each alpha level (i.e., a total of 15 shape variants for each mesh)
o Neural subspace computation time is between 0.04 -0.08 for the tested models

All experiments were run with design space search bias set to overhang energy term

Original geometry
overhang map

\—, Min

Sample 1 Sample 2 Sample 3 N Sample 5

Generated neural field variants (@ — low)

Fig. 5: Generative design for support-free 3D printing (Kitten model): (a) Overhang scalar field

map of the original geometry (top) and overhang scalar field maps of generated shape variants

(middle) with corresponding neural field variants (bottom); (b). 3D printed original geometry and

the required support structures; (c¢) A 3D printed shape variant (a-Low) with reduced support

structures (e) Support-free 3D printed shape variants (a-Low) generated by the proposed

generative design framework




Generative neural shapes for manufacturability optimization

For most of the presented experiments, the user-defined number of shape variants (at each a level)
s =1,..., Ng is set to five across three a exploration levels: a;o,, = 0.5, @megium = 1.5, Qpign =

3.0. However, it can be easily changed depending on the nature of the application as shown in Fig.
4 (a), which depicts a 50-model dataset of Armadillo model generated with N¢ = 10 across five
different a levels. Therefore, the generative neural vector field variants at a given a level can be

represented as:
N, = {AV,,AV,, ..., AV } 9)

Note that each (unique) AV = &y (V) is computed using the reconstructed neural weights as 65 =

6. + Bz,. Consequently, the resultant geometric variants generated by imposing neural vector field
variants on the input geometry (see Methods) are evaluated using the full shape energy loss
function £ to refine the latent vector z sampling process. The proposed framework enables efficient
(see the computational time presented in Table 01) shape variant generation for a range of complex

geometries that include intricate surface features and non-trivial topology.

More importantly, our method induces distinct, objective-conditioned distributions of scalar field
maps (see Fig. 6(a-b)) while satisfying the required manufacturing constraints including fixed
regions of the part geometry. This is particularly significant to additive manufacturing as it enables
engineers to explore multiple manufacturability-aware shape variants and select designs according
to application-specific trade-offs (see Table 02). For example, the S-pipe (see Fig. 1) is a complex
mechanical part that originally requires support both externally and internally. Interestingly, the
generated shape variants of S-pipe become overhang-free with distinct distributions of deviation

and mean curvature error while ensuring the top and bottom surfaces remain fixed (i.e., no



displacement). The physical experiments presented in Fig. 1(e) further demonstrate how the
generatively designed shape variants can be 3D printed without support structures (both externally
and internally), showcasing the potential of the proposed method in minimising material wastage

and print costs in additive manufacturing.

We further demonstrate the generality of our generative framework by performing simultaneous
generation of manufacturability-improved shape variants for complex freeform geometries,
compared to design optimization methods [5,6,7,8] that are limited by a single sub-optimal shape
(see Fig. 4(b)). For example, among the five generated neural vector field variants of the Kitten
model (at a;,,, ), four completely eliminate overhang violations, while the remaining shape variant
substantially reduces the overhang threshold-violating region, requiring minimal support
compared to the original geometry. The proposed method is applicable to topologically non-trivial
parts such as Wireframe bunny (see Supplementary Fig. S1) and Yoda models enabling the
generative design of topology-preserving shape variants with distinct objective trade-offs, as
shown in Fig. 6 (a-c). In addition, our energy-compliant neural field variant generation method can
pave a new path for efficient dataset augmentation, as demonstrated by the example of Armadillo
model dataset generation in under 360 seconds (see Fig. 4(e)). Supplementary Fig. S2 presents the
physical validation of representative Armadillo shape variants, demonstrating the effectiveness of
generative local shape changes induced by the proposed method for manufacturability
improvement (i.e., energy compliance). Finally, we remark that this framework can also be useful
as a post processing tool [39] for topology optimization (especially for neural field driven TO
methods [40,41]) for finding efficient design trade-offs including manufacturability, under
minimal deviation (i.e., minimal change) from the optimal topology layout, as shown in

Supplementary Fig. S3.
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Table 02: Computational statistics summary of the proposed generative framework

Model Original geometry Generated geometry samples
Overha | Support Overhang Support Mean Deviation Reduced
ng face | structure face ratio structure | curvature error | (mean) support print
ratio print (mean) print time (mean) time
time (mean) (average)
(min)
S-pipex 0.25 2 0.0 - 0.002 0.31 100%
Kittenx 1.04 16 0.14 0.2 0.009 0.35 98.75%
Yodao 6.00 14 5.66 4.0 0.006 1.00 71%
Wireframe | 5.66 43 4.81 17.2 0.023 0.95 60%
Bunnyo
Krillinx 5.72 10 0.90 3.2 0.005 0.52 68%

* Shape variants are generated with a- low setting, ¢ Shape variants are generated with a- high

setting

Limitations and future work

Diffusion-based sampling on neural weight subspace

Currently, the neural weight subspace represents a local search space within the energy landscape,

and as a result, the shape variants are indeed local geometric variants of the input geometry [32,42].

While this is desired for manufacturing-oriented design, future work can explore extending the

current exploration towards finding more global shape variants [43]. While we employ a fixed

value for the diffusion process iteration number, it is important to further investigate the influence

of this on the quality and the nature of neural field generation, which we leave as future work.

Although our framework is highly efficient for generative design of complex parts, the total

computational cost can increase depending on the mesh resolution. For industrial applications

where fine resolution of part geometry is required, future work can focus on integrating effective

techniques such as coarse-to-fine neural field finetuning [5] or transitioning to Graphics Processing

Unit (GPU)-based computing to maximise efficiency.




Search space control for generative neural fields

Our current framework achieves efficient, data-free generation of neural fields that produce
geometric variants compliant with the shape energy and constraints. However, the proposed
formulation of the shape energy loss inherently couples the individual energy terms, making
independent control within the neural weight subspace challenging. For example, applying a bias
to the overhang energy can simultaneously alter the other energy terms. Therefore, future work
should focus on improving the control of energy conditioning [44,45], which can be crucial to
enable a more unified neural field-based generative design framework with more objectives related
to manufacturing processes and part functionality (e.g., part strength). For example, direct learning
of PDE-based properties [46,47] on neural surfaces with minimal dependency on discretisation,

can provide a meaningful extension for the proposed framework.

User-guided generative design for 3D printing

Our framework provides the foundation for user-controlled generative design of complex shapes,
where the user input (e.g., shape exploration level, energy bias) has direct influence over the design
space exploration. In future work, an integration of a user-friendly Ul can establish a higher level
of intuitiveness of the shape generation towards mass customization of complex parts [48]. In
addition, an interesting extension would be to incorporate Large Language Model (LLM)-based
user inputs into the presented shape generation [49, 50], enabling a more intent-aware generative

design process for 3D printing that can better incorporate high-level user requirements.



DISCUSSION

The data-free generative design framework presented in this work demonstrates how a given neural
field-based optimisation process can be converted into a source of design space exploration by
constructing a low dimensional neural weight subspace that captures the optimisation trajectory.
This enables the generation of shape variants across a range of complex geometries, offering
distinct trade-offs between objectives related to part manufacturability and quality. In general, our
framework establishes a fundamental shift from single-solution inverse design towards generative
design, while enabling performance-aware shape generation for complex and data-scarce additive

manufacturing applications without datasets.

As the neural weight subspace enables representation and exploration of shape variants, it
significantly improves the generative process by preventing fragmented processing inherent to
traditional data-driven generative design methods. The proposed energy-conditioned generation of
neural field variants provides distinct trade-offs between complex and often-competing objectives
based on design preferences, which demonstrates its significance towards advanced additive

manufacturing applications, where the relative importance of design objectives often varies.

The physical 3D printing results further validate the effectiveness of the proposed method and
more importantly, the manufacturability of generatively designed shape variants of complex
geometries while minimising material waste and print time. We remark that our generative
framework is process agnostic and can therefore be applicable or extended for other manufacturing
methods (especially for different additive manufacturing methods), provided that the

corresponding process-aware objectives and constraints guide the optimisation of the neural field.



While our work provides a transformational foundation for additive manufacturing oriented-
generative design without training data, future work directions can focus on investigating the
diversity of the neural field optimisation trajectory, LLM-based user intent integration and
combining more part performance related objectives, which altogether can lead towards a more

unified, human-in-the-loop [51] generative design process.
METHODS
Implementation

Our neural shape optimisation framework is implemented in Python on a laptop with an Intel(R)
Core ™ 17 -12850HX CPU (2.1 GHz) + 32 GB RAM, running on Windows 10. We implement the
neural field training process using the PyTorch library [52] with ReLU activation. ADAM
optimiser [53] is used to optimise the neural weights using backpropagation. We use an MLP-
based neural field with g = 5 hidden layers and r = 192 neurons per layer for all the experiments
with a learning rate of 1e~*. In addition, the regularisation weights of the total loss function are
fixed as follows: A, = 0.1, 4; = 0.05 and A4, = 10. Neural weight subspace is constructed with
k = 20 basis directions while the iteration number N; = 80 of the proposed Langevin diffusion-

based algorithm is fixed for all experiments to manage the computational cost.

All our physical 3D printing experiments were conducted on a Bambu X1 Carbon 3D printer using
Polylactic Acid (PLA) white filament material and Bambu Lab (Version 2.0.2.57) slicing software
program was used for G-code generation. For all experiments, print speed, support generation
overhang limit, layer height and infill percentage are set to 200 m/s (default speed), 60, 0.2mm

and 15% (for fast printing), respectively.



Neural field learning

Our framework initiates by learning an initial neural vector field @4 based on a shape energy loss
function £, to learn an intermediary optimal shape to govern the generative process. We refer the
reader to the review by Xie et al. [54] for a detailed overview of neural field-based design. Note
that d4 can be evaluated at a given vertex v; to compute the corresponding displacement vector
(i.e., geometric change) as Av; = ®g(Vv;). We incorporate user-defined fixed regions (i.e., Av; =
0) that prevent displacements in important (e.g., functional) regions of the part geometry, which
is crucial for complex parts used in engineering applications. Then, by using the full neural vector
field, ®g(V), the updated geometry can be represented as V' =V + ®g(V). We follow the
conventional backpropagation rule to iteratively update the set of neural field weights 6, for given

number q of iterations as follows:

0, « argmgin L (Py,V,F) (10)

3D printability-oriented loss functions

Here we introduce the formulation of the energy E that governs the optimality of the neural
deformation field in our 3D printing oriented-design optimisation framework. Our goal is to
improve manufacturability through support structure reduction, while ensuring smooth geometric
change (i.e., avoid sharp undesirable features) and minimal deviation from the original shape [5].

For this purpose, we introduce three loss functions as below:



Overhang loss:

To achieve support structure reduction in a geometry-agnostic manner (e.g., independent of tree-
type or column-type supports), our method focuses on minimising overhang (i.e., unsupported)

regions of M, by introducing a vertex-level overhang loss as follows:
1
Ly, = ;Z?ﬂ ZfeFin l/’f (11)

In which ¥y = max(0, cos apmax — D¢ d) represents the per-face violation for a given face f =

(v4,V3,V3) € F, where |-| denotes the dot product. ng and d represent face normal vector and fixed

hy

m € [0,1], where

print direction, respectively. We use face height-based weighting, wy =

hy = g(vl + v, + v3) represents the (centroidal) height of f. Note that the overhang angle ay =

arccos(ng - Z) is used to determine overhang faces {F,,,} < F that exceed a user-defined overhang

threshold, a4, = 135°.
Smoothness loss:

Smoothness of the geometry induced by the optimal neural deformation vector field is important
for manufacturing-oriented applications. While neural vector field-based shape deformation
generally provides smooth displacements [5], discrete evaluation of ®g at a given set of vertices
can still be prone to local distortions (e.g., sharp dents). To minimise such distortions and improve
the smoothness of the geometric change, we incorporate a direct smoothness loss using the

cotangent Laplacian matrix L as follows:

1
PR il | R (12)



Deviation loss:

Next, it is important that the deviation between the generated geometries and the original geometry
remains minimal. For this purpose, we introduce the following loss function that penalises large

deviations induced by the ®¢ during the initial neural field learning:

1 ’
Ly== i=1”vi _Vi”2 (13)

n

Total loss formulation and termination:

Our total loss function, which guides the initial neural vector field learning phase can be formulated

by combining the above individual loss function as follows:
L=2A,L,+ A L;+ 3L, (14)

where A,, A; and A, represent the regularisation factors for the loss functions. Note that although
the continuity of ®g enables mesh-free learning of the optimal shape, termination criteria can be
useful to guide the neural field learning effectively, depending on the nature of the application. In
our case, we adopt an energy stagnation check as Jayakody et al. [5], and introduce a per-vertex

geometric deviation threshold €., for the initial neural field through a soft constraint as follows:

1/|V| ”V - V(O)”; < €close (15)
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    N  S = 10


  𝛼


  𝛼


    N  𝛼 =  { ∆   𝐕 1 , ∆   𝐕 2 , … , ∆   𝐕    N  S }


  ∆   𝐕  s =  Φ    𝜃  s  ( 𝐕 )


    𝜃  s =   𝜃  c + 𝐁   𝐳  s


    𝐕 ′ = 𝐕 +  Φ θ ( 𝐕 )
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  𝐳


    𝛼  l o w


  𝛼


  𝛼


  𝛼


  ⋆


  ⋆


  ⋄
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