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Abstract

Topology optimization is a ubiquitous task in engi-
neering design, involving the optimal distribution of
material in a prescribed spatial domain. Recently,
data-driven methods such as deep generative AI mod-
els have been proposed as an alternative to iterative
optimization methods. However, existing data-driven
approaches are often trained on datasets using fixed
grid resolutions and domain shapes, reducing their ap-
plicability to different resolutions or different domain
shapes. In this paper, we introduce two key innova-
tions — a fast TO solver and a neural implicit field
architecture to address these limitations. First, we in-
troduce a fast, parallelizable, iterative GPU-based TO
solver optimized for high-throughput dataset genera-
tion for 3D unstructured meshes. Our solver gener-
ated 122K optimized 3D topologies, an order of mag-
nitude more than the largest existing public dataset.
Second, we introduce a new resolution-free data-driven
method for 3D topologies using neural fields, called
NITO-3D. A single NITO-3D model trains and pre-
dicts for a variety of resolutions and aspect ratios. By
also eliminating the need for computationally intensive
physical field conditioning, NITO-3D offers a faster,
more flexible alternative for 3D topology optimization.
On average, NITO-3D generates topologies roughly
2000 times faster and with only 0.3% higher compli-
ance than state-of-the-art iterative solvers. With 10
steps of iterative fine-tuning, NITO-3D is on average
15 times faster and generates topologies that are un-
der 0.1% more compliant than SIMP’s. We open-
source all data and code associated with this work at
https://github.com/ahnobari/NITO Public.

∗Equal contribution.
†Corresponding author: ahnobari@mit.edu

1 Introduction

Topology optimization (TO) is a computational
method used to determine the most efficient material
distribution within a given design space to meet specific
performance criteria under imposed constraints. TO
has been explored for different types of objectives and
constraints, however, the most common type of TO in-
volves optimally distributing material within a domain
to minimize compliance, which is often referred to as
the minimum compliance problem

The Rise of Deep Generative Models in Engi-
neering: The surge of recent advancements in deep
generative AI models (DGMs) for vision and lan-
guage [16, 8, 25, 44, 18, 9, 39] has motivated the use of
deep learning in engineering optimization tasks, includ-
ing TO. These advancements have already revolution-
ized our ability to handle multimodal and unstructured
data, leading to novel generative approaches for such
data [40, 34, 7, 41]. This growing prevalence of DGMs
has paved the way for extensive research in engineering
and design [43, 48, 26, 53] and now constitutes an im-
portant area of research in computational design and
engineering.

Bridging Traditional and Deep Learning Ap-
proaches in TO: Given these advancements, the in-
tegration of machine learning, especially DGMs, into
topology optimization, has been a focus of recent re-
search, offering a new paradigm to tackle TO prob-
lems [43]. For conciseness, we will refer to such
deep generative topology optimization models as “DG-
TOMs”. DGTOMs, which are trained on optimized
topologies and conditioned on various loads and bound-
ary conditions, promise substantial time efficiency over
traditional TO solvers like SIMP, providing a spectrum
of near-optimal solutions [35, 32, 23, 22, 26]. This re-
search has shown that the potential for time and cost
reduction through DGTOMs is considerable. It is cru-
cial to recognize that while DGTOMs and the integra-
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tion of deep learning into TO have shown promising
advancements, there has been a range of feedback and
critique from the research community

Challenges with DGTOMs: Despite their speed,
current DGTOMs face challenges in precision, data de-
pendency, and generalizability, which are discussed be-
low. Precision: The most prevalent critique of DG-
TOMs has been their precision: They typically gen-
erate topologies that are less optimal than SIMP and
are more likely to violate constraints like volume frac-
tion. This limitation stems from their primary focus
on density estimation, largely overlooking the physical
aspects of the problems. Fortunately, recent DGTOMs
have become significantly more precise, in part by inte-
grating physics into the models in different ways, such
as through physical field conditioning [32, 35, 26]. How-
ever, recent models

Data dependency: DGTOMs require significant
amounts of data to train. Recent works [32, 22, 23,
35, 26] have trained on tens of thousands of optimized
topologies, each of which was computed using an it-
erative TO optimizer, namely SIMP. This necessary
step has historically prohibited researchers from apply-
ing DGTOMs to larger 2D TO problems or, particu-
larly, 3D TO problems. The few DGTOM papers that
have considered high-dimensional 2D or 3D topologies
only consider a handful of boundary conditions in their
datasets, possibly due to the limited data generation
throughput

Generalizability: Since datasets are limited, and
the space of possible TO problems is infinite, DGTOMs
must learn to generalize to new problems. Whereas
iterative TO is easily applied in a variety of domain
shapes and resolutions, current DGMs are typically
only able to perform well on test cases that have the
same domain and resolution as their training data.
This is often due to the choice of a representation
scheme, where most existing DGTOM approaches rely
on discretizing the physical domain into a grid, limit-
ing their adaptability to varying resolutions or domain
shapes [32, 22, 23, 35, 26]. Fundamentally, this depen-
dence is ingrained in the convolutional neural network
(CNN) architectures used by these models, which pro-
vide strong spatial learning capabilities, but restrict
their generalizability. Attempts to generalize CNNs
across domains have still required retraining on hun-
dreds or thousands of new topologies to succeed in the
new domain

3D DGTOMs: Both data dependency and gen-
eralizability concerns are significantly amplified in 3D
TO compared to 2D. Data generation is orders of mag-
nitude more costly, making data much more scarce.

The combinatorial increase in boundary condition con-
figurations and aspect ratios also makes the generaliza-
tion of data-driven models much more difficult. In this
work, we embrace the challenges of 3D TO to better
address each of these prohibitive challenges with DG-
TOMs and provide a framework for 3D TO both for
data generation and deep learning.

Addressing DGTOMs Challenges: In this paper,
we take significant strides to address the data depen-
dency and generalizability challenges with DGTOMs
for challenging 3D topologies. To tackle the data de-
pendency bottleneck, we introduce a new SIMP-based
TO library in Python specialized for high-throughput
data generation (up to 5x faster than older implemen-
tations such as Topy

• We introduce a new TO solver that leverages
parallel computing to multiply dataset generation
throughput. In under two days, our solver gener-
ated a dataset of 106K 3D topologies, an order of
magnitude larger than any public 3D TO dataset.

• We release the largest public dataset of 3D topolo-
gies, featuring 210 topology configurations span-
ning numerous aspect ratios, resolutions, and
boundary conditions.

• We introduce the first DGTOM for 3D topologies
that can train and generate on multi-resolution,
mixed aspect-ratio, and unstructured domains.

• We show that NITO-3D generates topologies
nearly 2000x faster and with only 0.3% higher
compliance than SIMP (median). With 10 steps
of refinement, NITO’s median topologies are only
0.08% more compliant and are still 15x faster to
generate, compared to SIMP.

2 Background & Related Works

This section delves into the background of topology
optimization and neural implicit fields. We also provide
an overview of existing DGTOMs.

2.1 Structural Topology Optimization

Topology optimization (TO) is a computational
technique that determines the optimal material dis-
tribution within a given set of constraints, boundary
conditions, and loads, often with the objective of min-
imizing compliance in structural scenarios (see Fig. 1)
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Figure 1: Overview of 3D Topology Optimization: This
figure illustrates the essential components of TO, in-
cluding the domain, boundary conditions, loads, and
volume fraction. The objective of TO is to identify
the optimal design variables, denoted as ϕ, that en-
hance prescribed performance objectives such as min-
imizing compliance f , while adhering to all specified
constraints and maintaining static equilibrium

2.1.1 Deep Learning for Topology Optimiza-
tion

While deep learning techniques have revolutionized
the vision and language domains, their full poten-
tial in engineering applications, particularly in TO,
is still being realized. These methods have been
applied across a spectrum of engineering tasks: di-
rect design [1, 2, 6, 31, 51], post-processing [24, 56],
and acceleration [4, 28, 29, 49, 55] of optimization
processes, sensitivity analysis [3, 37, 5, 45], super-
resolution [20, 33, 57], and many others [15, 11, 12, 17].
Particularly relevant to this work are conditional deep
generative models that perform the topology optimiza-
tion task end-to-end. We discuss such DGMs in more
detail in the following section. The evolving land-
scape of deep learning in TO is well-summarized in
the critique by Woldseth et. al. [52] and the review by
Shin et. al. [47], providing a comprehensive overview of
current methodologies and their implications.

2.2 Deep Generative Models for Topology Opti-
mization

Deep Generative Models have seen increasing uti-
lization in design. DGMs have been leveraged for ma-
terial and molecular discovery

The challenges of traditional optimization methods
have spurred a surge in research leveraging DGMs for
TO. Key to our study are deep generative topology
optimization methods (DGTOMs) that offer an end-
to-end solution, accepting constraints and boundary
conditions to deliver near-optimal topologies aimed at
compliance minimization. Many of these approaches
have leveraged either generative adversarial networks
(GANs) or diffusion models, though other types of

DGMs have also been explored [21, 50]

2.2.1 GAN-based DGTOMs

The generative adversarial network was one of the first
popular DGM frameworks used for TO [36, 46, 38, 42].
For instance, Yu et. al

2.2.2 Diffusion-based DGTOMs

Recent advancements have seen diffusion models out-
perform GANs in topology optimization [32, 22, 23].
Mazé & Ahmed

2.3 Topology Generation using Neural Fields

In this section, we introduce neural fields, discuss
their application to TO, and present previous work us-
ing neural fields for TO.

2.3.1 Neural Fields

Neural fields are fields that are parameterized by a neu-
ral network. These networks typically take spatial co-
ordinates x ∈ Rn as input, then output field values
Φ(x) ∈ Rm, encapsulated as Φ̃(x) = fΘ(x) where fΘ
is the neural function parameterized by Θ [54]. Neu-
ral fields have been applied across various domains in-
cluding audio, images, videos, and 3D representations.
Since TO can be regarded as the generation of an opti-
mal density field across space, neural fields can be used
to represent topologies. In fact, neural implicit repre-
sentations have been directly optimized in a gradient-
based approach to identify the optimal topology for
any given problem [58, 27, 13, 11, 10]. These works
demonstrate that implicit neural fields are capable rep-
resentations for topologies

2.3.2 Neural Fields for TO

Recent studies have explored implicit neural fields for
topology creation, with Hu et. al.

2.4 Datasets and Data-driven Solvers for 3D TO

3D topology optimization presents significant chal-
lenges over its 2D counterpart due to higher dimen-
sionality and computational demands, making both it-
erative solving and dataset generation for DGMs no-
tably more complex and costly. The vast constraint
space further complicates DGMs’ generalizability for
3D data. Limited data-driven methods have been ex-
plored for 3D TO; notable attempts include Behzadi
& Ilies [6], who train a CNN, swapping components
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and fine-tuning the model to switch between the nine
solution domains and resolutions tested. Keshavarz-
zadeh et. al. [30] train a deep disjunctive normal shape
model for topologies. Finally, Dittmer et. al. [19]
use equivariant neural networks to generate topologies.
However, these models need to be retrained to solve any
problem with a different resolution. These models pro-
vide a baseline for the size and diversity of existing 3D
TO datasets. Statistics on the corresponding datasets
used are included in Table 1, for easy comparison to
our own.

3 Methodology

In this section, we go into the details of our ap-
proach and discuss some of the details of our solver
and dataset. We then discuss NITO-3D, focusing on
its resolution-free, domain-agnostic features.

3.1 Dataset Generation & Solver

As discussed, data-generation throughput is a criti-
cal limitation for DGTOMs. To address this, we intro-
duce a fast iterative TO solver customized for dataset
generation and release the largest public dataset of op-
timized 3D topologies. In this subsection, we discuss
the features of our solver and dataset.

3.1.1 Solver

Many iterative TO solvers are publicly available
Given the constraints of current TO libraries, we

developed a new TO library. In doing so, we carefully
considered the existing state-of-the-art in iterative TO

Finite Element Analysis (FEA) For Linear Elas-
ticity: Iterative TO solvers rely on Finite Element
Analysis (FEA) solvers to solve the linear elasticity
equation for different problems. The first step in FEA
is to discretize a physical domain, which is done by
making meshes that describe a given domain in dis-
crete volumetric or surface meshes for 3D and 2D re-
spectively. Commonly, structured meshes comprising
square quadrilaterals in 2D and voxel hexahedrals in
3D are employed, as noted in most publicly available
codes

While structured meshes benefit from computa-
tional efficiencies due to their regularity, our goal to
generate diverse datasets necessitates accommodating
arbitrary, unstructured meshes, making stiffness ma-
trix assembly more challenging. To streamline this
process for unstructured meshes, we have developed

a method to vectorize the assembly of the stiffness ma-
trix. We precompute sparse assembly kernels that map
the stiffness contributions of each element to the over-
all matrix based on element densities, creating a sparse
kernel matrix sized Nnon−zero by Nelements. This ap-
proach allows for efficient matrix multiplication that
aggregates these contributions into the comprehensive
stiffness matrix K, all while maintaining sparse ma-
trix efficiency. We apply a similar strategy for other
density-dependent calculations, like adjoint gradient
updates, enhancing overall optimization speed. De-
tailed explanations and kernel construction are doc-
umented in our code.

After assembling the stiffness matrices, the subse-
quent task involves solving the resultant large sparse
linear system. We primarily employ a direct sparse
solver executing Cholesky decomposition, capitalizing
on the guaranteed symmetric positive definite nature
of stiffness matrices. This method proves significantly
more efficient than LU decomposition utilized by ear-
lier Python solvers, such as Topy. For exceedingly
large systems where Cholesky decomposition’s perfor-
mance diminishes, we switch to the conjugate gradient
(CG) method. Notably, our solver introduces, for the
first time to our knowledge, GPU acceleration for the
CG method, achieving substantial speed enhancements
for large-scale problems. These advancements are in-
tegrated into our solver, accessible through a user-
friendly Python API, facilitating TO applications on
both structured and unstructured meshes across large
domains. This solver is made publicly available with a
simple Python API which allows for easy application of
TO for both structured and unstructured meshes and
for very large domains, which we release as part of our
solver.

3.1.2 Randomization Process and Dataset

Besides the aforementioned accelerated solver, we also
include code for random parallelized TO data genera-
tion on both CPU and GPU This is done by a configu-
ration randomizer that creates randomized load cases,
boundary configurations, and resolutions for TO prob-
lems. In creating our dataset, we select a discrete set of
210 resolution, domain, and boundary condition com-
binations, while leaving the load position and direction
random across the entire domain surface. More details
are included in Appendix ??. Some samples from the
dataset are displayed in Fig. 2, which shows several
of the dataset’s different domain shapes and boundary
condition combinations. In total, the dataset includes
106,425 3D topologies with different domain shapes,
resolutions, and boundary conditions.
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Table 1: Comparison to existing datasets of optimized 3D topologies and several recent public 2D datasets. We
consider the number of topologies included, the minimum and maximum number of elements per topology, the total
elements across all topologies, the number of unique support configurations, and the number of unique aspect ratios
in the dataset. Our dataset features an order of magnitude more topologies, configurations and total elements than
existing 3D TO datasets.

Number of
Topologies

Minimum
Elements

Maximum
Elements

Total
Elements

Support
Configs

Aspect
Ratios

Domain
Dimensionality

Topodiff 33K 4.1K 4.1K 122M 42 1 2D
TopologyGAN 49K 8.2K 8.2K 402M 42 1 2D

DOM 60K 66K 66K 3.9B 42 1 2D

Keshavarzzadeh et. al. [30] 2.0K 0.4K 3.2K 3.6M 1 1 3D
Behzadi & Ilies [6] 2.2K 8.0K 128K 75M 9 5 3D
Dittmer et. al. [19] 9.8K 6.1K 32K 315M 11 2 3D
NITO-3D (ours) 122K 32K 48K 4.3B 210 7 3D

Random Boundary Conditions And Domains From The Dataset

Optimized Topologies For The Above Boundary Conditions

Fixed in X Fixed in Y Fixed in Z Force

Figure 2: Random samples from the dataset demon-
strating the diversity of different domain shapes and
varying boundary conditions and loads that are in-
cluded in the dataset. Aside from the domain shapes,
different resolutions also apply to these domains which
may not be visible here. The boundary conditions are
displayed above and the corresponding SIMP solution
is displayed below it.

40x40x20 32x32x32 120x40x10

64x32x16 120x20x20 80x40x15

60x40x20

Figure 3: The 7 different domain shapes and resolu-
tions used in the dataset. This shows that our dataset
covers both different shapes and different resolutions.

3.2 Introduction to Hybrid 3D Neural Implicit
Topology Optimization

In this paper, we introduce a hybrid scheme to accel-
erate topology optimization by combining deep learn-
ing with optimization, which retains the precision of
optimization schemes while accelerating optimization
using deep learning. Our framework is designed to ex-
pedite topology generation by removing the need for
iterative sampling, achieving linear scalability with the
number of sampled points. In this section, we detail
how we achieve this by describing different aspects of
our proposed model.
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Figure 4: The NITO-3D framework for generalizable topology optimization through deep optimization. BPOM
is used to process point cloud representations of the boundary conditions and a neural field is guided by these
representations by modulating layer normalization based on the latent representation of the constraints. In the
end, the resulting density field is further refined through a few steps of direct optimization.

3.2.1 Implicit Neural Representation For
Learning Material Density

The core objective of our framework is to learn the
material distribution within a domain to minimize the
mechanical compliance of the resulting structure. Fol-
lowing

3.2.2 Beyond Physical Fields: Latent Con-
straint Representation

One of the key contributions of NITO-3D compared to
recent works

Conditioning on Physics Fields: Previous re-
search [14, 32, 35, 14] predominantly employs physical
fields like stress and strain energy derived from sim-
ulations to represent boundary conditions into prob-
lems. This method is often deemed essential for high-
performance topology generation using conditioned
generative models. However, this reliance on field-
based conditioning restricts the models to a specific
resolution and domain due to the dependency on

CNNs, impacting their generalizability. It is also time-
consuming, effectively requiring a finite element simu-
lation for every topology generated. The prevalent use

Point Cloud Representation

Force

Fixed in X
Fixed in Y
Fixed in Z

X Y 1 1 1Z
X Y 1 1 1Z

X Y 1 1 1Z

X Y Fx Fy FzZ

Problem Field Representation

Figure 5: Comparison of field-based representations,
given a TO problem (left), such as stress fields (mid-
dle), and point-cloud-based (right). Unlike the itera-
tive FEA method, point clouds provide a more gen-
eralizable and memory-efficient representation of the
boundary conditions.

of field-based conditioning is arguably due to limita-
tions in existing conditioning mechanisms, where con-
ditioning is typically applied only at the initial layers.
NITO-3D leverages a simplified model to represent and
integrate conditions, enhancing generality and applica-
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bility.

Constraints as Point Clouds: Using the ‘Bound-
ary Point Order-invariant MLP’ (BPOM) method from

Order-Invariant Aggregation Given the variable
size of point clouds, we employ order-invariant pooling,
as in

3.2.3 Building Blocks of Neural Implicit Fields

In this section, we will delve into some key aspects
of our framework’s implementation. Our implementa-
tion utilizes neural fields constructed from basic multi-
layer perceptrons (MLPs). Among the various implicit
neural field models, our approach specifically adopts
SIREN layers, as introduced by Sitzmann et al.

Advanced Conditioning Techniques for TO:
Neural fields are capable of adapting to new scenar-
ios through conditioning on a latent vector C. This
vector represents the unique attributes of a TO prob-
lem, including boundary conditions and volume ratio,
or forces and domain shape. The concept of Feature-
wise Linear Modulation (FiLM) proposed by Perez et
al.

Synthesizing Components for Topology Opti-
mization: Putting this all together this framework
can be described as:

fθ(x,C) = f (L) ◦ f (L−1) ◦ · · · ◦ f (0)(x,C)) (1)

where f (i) for i ∈ {1, 2, ..., L−1} indicates the function
applied at each layer of the neural field except the first
and last layer. Each layer takes a hidden input h(i)

and sends it through a fully connected (FC) layer and
normalization with modulation based on the condition
vector, which in this case is the latent constraint vector
C:

f i(hi,C) = sin(LN1,0(W
ihi + bi)× α(C) + β(C)),

(2)

where LN1,0 is layer norm with scale=1 and shift=0
and α and β are FC layers that use the condition C
to determine the feature-wise scale and shift for the
normalization. In the first layer, the input coordinates
are transformed by Fourier feature mapping before be-
ing passed to the first FC layer in the neural field.
The final layer lacks the conditioning modulation on
layer normalization and is activated by a sigmoid func-
tion rather than the sin activation used in other layers.
These neural fields can easily be adapted to any domain

shape or resolution so long as it is specified in the latent
representation C. This stems from the fact that the in-
put to the neural field is coordinates, which allows for
sampling arbitrarily in space making this kind of model
well-suited for generalization to different domains.

Perfecting Generated Topologies with Few-step
Refinement: While generative models and deep
learning strategies have shown promise in TO, the qual-
ity of topologies they produce still lags behind that of
traditional optimization baselines. Giannone et. al.

4 Experiments & Results

In this section, we conduct various experiments to
demonstrate, quantify, and compare the capabilities of
NITO-3D to SIMP. As existing CNN-based methods
do not generalize to multiple domain shapes, unstruc-
tured meshes, and different mesh resolutions, we solely
focus on quantifying the performance of our method by
comparing it against the SIMP optimization method.

With the experiments in this section, we provide
compelling evidence that:

1. NITO-3D is scalable, resolution-free, and com-
pact, with a smaller number of parameters than
even state-of-the-art 2D models, yet it is capable
of performing very well and on par with SIMP.

2. NITO-3D is faster than most 2D state-of-the-art
models, despite operating on 3D data, and is ca-
pable of accelerating the entire TO process in 3D
by an order of magnitude in comparison to con-
ventional iterative optimization schemes such as
SIMP.

3. NITO-3D integrates the speed of deep learning
models with the accuracy and dependability of
optimization methods, establishing a robust ‘deep
optimization’ framework. This approach is a note-
worthy avenue for the widespread implementation
and application of deep learning techniques in the
field of engineering design.

4.1 Experimental Details

We first establish some of the details of the experi-
ments we run to clarify what we measure and how the
measurements are performed.

Topology Optimization Dataset: We use our new
dataset of optimized 3D topologies for the training and
testing of our model. 2,000 samples are held out of the
training split for testing.
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Evaluation Metrics: We evaluate the models in
terms of performance (i.e., minimum compliance), con-
straint satisfaction, and inference time. Initially, to
evaluate the effectiveness of the models in minimizing
compliance, we calculate the compliance error (CE) by
determining the difference between the compliance of
a produced sample and the compliance of the SIMP-
optimized solution for the same issue. Additionally, we
assess the volume fraction error (VFE), which repre-
sents the absolute discrepancy between the actual vol-
ume fraction of the generated topology and the tar-
get volume fraction designated for the problem. Be-
yond these fundamental performance indicators, we
also measure inference time and compare it against the
speed of the SIMP optimizer for context.

Setup: We train NITO-3D for 50 epochs with a uni-
form sampling of points in space. The batch size used
to train NITO-3D is 32, with 2048 points sampled for
each item in the batch. The optimizer we use for train-
ing is AdamW, with a decaying learning rate on the
cosine schedule, which starts at a learning rate of 10−4

and decays by stepping at the end of each epoch to the
minimum learning rate of 10−5. Since the model in this
work is not probabilistic and would not yield different
results for a given boundary conditions, we only asses
the performance of the trained model on one sample for
each boundary condition. Similar to prior work, when
reporting results, we remove outlier samples

4.2 Qualitative Results & Discussion of General-
izability

Here we visualize some of the results of our exper-
iments and discuss some notable observations. Fig-
ure 6 shows a few examples of topologies generated by
NITO-3D with and without additional SIMP optimiza-
tion steps. In most cases, NITO-3D produces topolo-
gies that are very close to the ground truth topology.
However, we see that NITO-3D sometimes struggles
to cleanly generate intricate features that are present
in the ground truth topologies. This highlights the
value of adding a very small number of steps of direct
optimization. Even with 5 steps of SIMP on top of
NITO-3D, the resulting topologies quickly converge to
detailed topologies, and with 10 steps of direct opti-
mization, the results start to look even better. This
observation is also supported by our quantitative re-
sults (discussed later), where the median compliance
error of NITO-3D reduces from 0.32% to 0.11% in five
steps and 0.077% in ten steps.

Importantly, we see NITO generating topologies in
different domain shapes and resolutions without re-

Ground Truth NITO-3D NITO-3D (5) NITO-3D (10)

Figure 6: Qualitative visualization of NITO-3D gener-
ated topologies with and without a few steps of direct
optimization. Column 1: ground truth obtained using
our SIMP optimizer. Column 2: The topology pro-
duced by the neural field with BPOM without direct
optimization. Columns 3 & 4: the NITO-3D frame-
work output leveraging 5 and 10 steps of direct opti-
mization. We see that NITO-3D is an effective deep
optimization framework that could enable accelerated
topology optimization in a generalizable fashion. Note
that the raw output of the neural field includes contin-
uous values that are not easy to visualize, which is why
a few steps of optimization are effective

training. As discussed, most prior works focus on
one domain shape at a time and require retraining
on new domains. We demonstrate that generalizable
frameworks like NITO-3D can cover different domain
shapes and resolutions simultaneously without any sig-
nificant loss of performance. Notably, NITO-3D has
also learned to generate near-optimal topologies with-
out the need for physical fields as input for describ-
ing boundary conditions, showing that BPOM is an
effective strategy for conditioning deep learning mod-
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els on sparse boundary conditions. This is also a criti-
cal step for generalizability, avoiding fixed-domain non-
sparse conditioning strategies. These results showcase
NITO-3D’s promise as a generalizable and foundational
framework for topology optimization.

4.3 Performance

In Table 2, we present the performance metrics and
constraint satisfaction outcomes. The table reveals
that our TO framework, which leverages neural fields,
achieves comparable results to SIMP in most scenar-
ios, even without implementing the direct optimization
step. This is highlighted by the median compliance er-
ror of 0.32%, marked in green in Table 2. However,
it’s noted that in some instances, solely using neural
fields results in significant deviations, pushing the av-
erage compliance error to 5.95%, much higher than the
median. Yet, incorporating a direct optimization step
significantly enhances the neural field’s density predic-
tions. Unlike the binary outcomes seen in Figure 6,
the neural field actually produces a probability map
that can be finely tuned through direct optimization,
avoiding the need for binary thresholding. This nu-
anced approach allows for rapid optimization conver-
gence, particularly in areas of uncertainty predicted by
the neural field, as shown by the reduced compliance
error to 0.52% and volume fraction error to below 1%
with just five steps of direct optimization in Table 2.
This capability outpaces approaches that rely on more
deterministic starting points

Table 2: Quantitative evaluations of NITO-3D with
and without direct optimization. This table shows that
NITO’s performance is very close to SIMP with much
less time devoted to optimization. Even without direct
optimization, NITO-3D performs very well on the test
data with an average compliance error of 5.96%. Note
that the median value for compliance error is far lower,
which is because a handful of outliers skew the mean
while in most cases vanilla neural fields would perhaps
be close enough to SIMP.

Model CE % Mean CE % Med VFE % Mean VFE % Med

NITO-3D 5.95 0.32 4.38 2.40
NITO-3D (5) (ours) 0.52 0.11 0.96 0.81
NITO-3D (10)(ours) 0.31 0.077 0.67 0.54

Another notable observation we encountered in the
quantitative data is that in some cases, NITO-3D out-
performs SIMP. In the 2,000 test samples that we used
in our experiments, NITO-3D with 10 steps of opti-
mization outperformed the ground truth in 86 of the
cases, about 4%. This is something that other works

2 1 0 1 2 3 4 5 6
Compliance Error (%)

0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

De
ns

ity

NITO-3D (10)
NITO-3D (5)
NITO-3D (0)

Figure 7: Kernel density estimate plot of compliance
error distributions for NITO-3D with 0, 5, and 10
steps of optimization. With more optimization, NITO-
3D generates compliances with near-zero compliance
error. Interestingly, NITO-3D without optimization
yields more designs with lower compliance than SIMP
(negative compliance error). This phenomenon is ex-
plained by the higher volume fraction error, causing
some of these generated design to use more material
than SIMP.

have also observed in some cases

4.4 Inference Speed & Scalability

One of the key benefits of deep learning for TO is
speed. We therefore measure inference time and speed
for different configurations of NITO-3D in Table 3. We
measure inference times and compare them against the
inference time for performing the full optimization us-
ing SIMP. We see that the neural field alone only takes
an average of 0.124s to compute topologies, which is
an impressive 1900x improvement in inference, this
is also faster than most CNN-based methods in 2D

NITO-3D has several features that allow for nat-
ural parallelism and low memory use. NITO trains
by sampling batches of points from a field. This en-
ables easy parallelism, accelerating training on modern
GPUs. Notably, it also avoids problematic memory
scaling trends seen in convolution-based models. To
train on larger and larger dimensionalities, CNNs re-
quire more memory

5 Conclusion & Future Works

We propose NITO-3D, a 3D Neural Implicit Topol-
ogy Optimization framework, marking a departure
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Table 3: Average inference time measured for SIMP
and NITO-3D in different configurations. Here we see
that NITO-3D without direct optimization is multi-
ple orders of magnitude faster than SIMP, while even
with 10 steps of direct optimization, NITO-3D is 93%
faster than SIMP. Note that times are averaged for
test samples from the dataset which have different el-
ement counts. SIMP time is calculated for 150 steps
of optimization, the rough average iteration count to
convergence in generating the dataset. These times
are measured using an RTX 4090 GPU and i9-13900K
CPU.

SIMP (150) NITO-3D (0) NITO-3D (5) NITO-3D (10)

Inf. Time (s) 239.14 0.124 8.10 16.06
Acceleration 0% 99.95% 96.61% 93.28%

from traditional neural TO methods as a pure
resolution- and domain-agnostic approach. Our pro-
posed Boundary Point Order-Invariant MLP (BPOM)
sidesteps the complexities that CNNs face, enabling
NITO to adapt to various resolutions and domain
shapes without retraining. It also has a smaller param-
eter footprint than 2D models. The ability of NITO-3D
to scale and generalize provides a strong basis for fu-
ture models in topology optimization and other areas
involving physics, solving high-dimensional problems
that were not possible with CNN-based methods.

We also introduce an efficient Python solver for
rapid data generation and a comprehensive dataset of
122K optimized 3D topologies to aid future TO model
development. While NITO advances TO, its determin-
istic nature limits design diversity and its performance
on new problem types. Future research must focus on
this aspect, possibly by incorporating advancements in
probabilistic approaches for neural implicit fields

Acknowledgments

We acknowledge the help and guidance provided
by Giorgio Giannone in developing the methodology.
We would also like to thank Professor Josephine V.
Carstensen for her course on topology optimization
which provided the necessary background and guid-
ance to develop the solver used in this work for data
generation. The authors also acknowledge the MIT
SuperCloud and Lincoln Laboratory Supercomputing
Center for providing high-power computing resources
that allowed for the timely creation of our dataset. Fi-
nally, we also thank MathWorks for supporting Amin
Heyrani Nobari’s studies while working on this project

References

[1] D. W. Abueidda, S. Koric, and N. A. Sobh. Topol-
ogy optimization of 2d structures with nonlineari-
ties using deep learning. Computers & Structures,
237:106283, 9 2020.

[2] G. C. Ates and R. M. Gorguluarslan. Two-stage
convolutional encoder-decoder network to improve
the performance and reliability of deep learning
models for topology optimization. Structural and
Multidisciplinary Optimization, 63(4):1927–1950,
4 2021.

[3] N. Aulig and M. Olhofer. Evolutionary gener-
ation of neural network update signals for the
topology optimization of structures. In Proceed-
ings of the 15th annual conference companion on
Genetic and evolutionary computation, pages 213–
214, New York, NY, USA, 7 2013. ACM.

[4] S. Banga, H. Gehani, S. Bhilare, S. Patel, and
L. Kara. 3d topology optimization using convolu-
tional neural networks. Preprint, 8 2018.

[5] S. Barmada, N. Fontana, A. Formisano, D. Tho-
mopulos, and M. Tucci. A deep learning surrogate
model for topology optimization. IEEE Transac-
tions on Magnetics, 57(6):1–4, 6 2021.

[6] M. M. Behzadi and H. T. Ilieş. Real-time topol-
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