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Abstract: The field of 3D model generation has become essential across various industries, including gaming,

virtual and augmented reality (VR/AR), architecture, and medical imaging. Traditionally reliant on manual

efforts, 3D content creation is now being transformed by deep generative models, enabling more efficient, scalable,

and dynamic generation of complex shapes and environments. This survey provides a comprehensive review of

key backbone architectures used for 3D generation, including autoencoders, variational autoencoders (VAEs),

generative adversarial networks (GANs), autoregressive models, diffusion models, normalizing flows, attention-

based models, CLIP-guided models, and procedural generation techniques. We explore each model’s role in

3D generation, highlighting their strengths—such as the precision of VAEs, the realism of GANs, the stability

of diffusion models, and the scalability of procedural methods—alongside their limitations, such as training

instability, high computational costs, and the difficulty in handling multi-modal data. Additionally, we discuss

the increasing relevance of attention-enhanced models and the integration of text-based CLIP supervision for

improved semantic alignment in 3D outputs. The survey concludes with an analysis of open challenges, including

balancing efficiency with expressiveness, managing training complexity, and addressing dataset limitations [1]. It

also identifies future research directions, such as few-shot learning, hybrid architectures, and neural-symbolic

approaches, which promise to advance the field by improving the generalization and versatility of 3D generation

models. This paper aims to guide researchers and practitioners in navigating the evolving landscape of 3D

generative methods and inspire new innovations in the creation of realistic, high-quality 3D content.

Keywords: computer vision; 3D Generation

1. Introduction

The field of 3D model generation has become a pivotal area of research due to its wide range of ap-
plications, including video games, virtual and augmented reality, digital content creation, autonomous
systems, architecture, and medical imaging. Traditionally, 3D model generation required manual work
by artists or engineers, but with the advancement of machine learning, deep generative models are
transforming how 3D objects are created, modified, and represented. This shift has unlocked new
possibilities for creating high-quality 3D content efficiently and dynamically.

Several recent works have addressed specific challenges in 3D generation through innovative
model architectures. For example, the Wasserstein Generative Adversarial Network (WG-CNN) was
applied to bearing fault diagnosis tasks, illustrating how generative adversarial networks (GANs) and
convolutional neural networks (CNNs) can be combined for practical engineering applications [2].
Furthermore, CNN-LSTM models with attention mechanisms have been used for real-time tasks like
partial discharge detection [3] and robotic ground classification [4], demonstrating the adaptability of
these models across various 3D tasks, and night-time breathing disorder detection [5]. This adaptability
showcases the wide utility of these models across diverse 3D tasks, including medical applications
such as pneumonia classification from X-ray images [6,7]. In scientific applications, risk-averse state
estimation models have been developed for tasks such as GNSS precise point positioning. These
models help to accommodate outliers and ensure robust estimations [8], which is crucial in high-
precision applications like satellite navigation and autonomous systems.
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The use of attention mechanisms and deep learning architectures has also enhanced cybersecurity
and defense applications. For instance, attention-enhanced methods have been applied to bolster AI’s
role in data security and risk control models, particularly in addressing complex 3D data generation
tasks [9–11]. Similarly, there have been developments in AI-driven solutions for large-scale 3D
generation in the context of risk control and defense systems [10]. In more experimental applications,
research has explored AI techniques such as speculative sampling in reasoning tasks [12,13], and
improved ReAct frameworks [14], demonstrating that even reasoning processes can be optimized using
generative models. Additionally, developments in game strategy simulation [15] and AI-generated
text detection [16,17] illustrate the breadth of 3D model applications across various domains.

Unlike 2D image generation, 3D model generation is inherently more complex, requiring models
to capture not just spatial relationships but also volumetric consistency, surface smoothness, and
multi-view coherence. As a result, several unique challenges arise, including the representation of
3D data (e.g., voxel grids, point clouds, meshes, implicit neural representations) and balancing the
trade-off between quality, memory efficiency, and computational demands.

Creating 3D models involves addressing several key challenges. First, 3D data requires more
memory and processing power than 2D data, making it harder to model and compute. In addition,
unlike 2D images, 3D models can be represented through multiple formats, such as voxels, point clouds,
or meshes. This diversity complicates the development of unified generative models. Furthermore,
models must ensure that generated objects are visually coherent from multiple viewpoints and maintain
correct geometric structure [18,19]. High-quality 3D datasets are limited, and generating labeled
datasets requires significant manual effort.

Given the rapid evolution in this domain, this paper aims to consolidate the latest developments
and provide a thorough understanding of the backbone architectures used for 3D generation. The
primary contributions of this paper are:

• Comprehensive Review of Backbone Architectures:

We present a detailed survey of the most influential backbone models, including autoencoders,
variational autoencoders (VAEs), generative adversarial networks (GANs), attention-based mod-
els, autoregressive models, diffusion models, CLIP-guided architectures, normalizing flows, and
procedural models. Each architecture is discussed with respect to its role in 3D generation, its key
strengths, and its limitations. Similarly, attention mechanisms in assistive navigation systems
such as Assister [20] and generalized visual odometry systems like XVO [21,22] highlight their
utility in real-time guidance tasks.

• In-depth Analysis of Model Strengths and Weaknesses: For each architecture, we identify the
specific advantages that make it suitable for particular 3D generation tasks and the shortcomings
that limit its broader applicability. This analysis will guide researchers and practitioners in
choosing the appropriate models for their use cases.

• Exploration of New and Emerging Trends: We highlight recent trends such as attention-enhanced
GANs and diffusion models, as well as the growing role of multi-modal models like CLIP [23,24].
We also explore the increasing use of procedural methods as a complementary approach for
scalable 3D generation.

• Discussion of Open Challenges and Research Directions: We discuss key open problems and
challenges faced by the research community, such as balancing model efficiency and expressive-
ness, developing multimodal and cross-domain generation techniques, and addressing ethical
concerns [25]. Additionally, we outline promising directions for future work, including few-shot
and zero-shot 3D generation and new representations combining neural fields with symbolic
rules.

By providing a detailed taxonomy and breakdown of the various backbone models, this survey
offers both novice and experienced researchers a valuable resource to understand the landscape of 3D
generation. We aim to support the community in navigating this rapidly evolving field and inspire
new innovations that will further advance the creation of realistic, high-quality 3D models.
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Table 1. Summary of Key Models and Their Characteristics in 3D Generation.

Model Type Key Characteristics Strengths Challenges Applications

Voxel Grids 3D grid representa-
tion, spatially struc-
tured

Compatible with
CNNs, simple struc-
ture

High memory usage,
blocky representations

Object classification,
segmentation, volu-
metric reconstruction,
MRI/CT scans

Point Clouds Sparse set of 3D points,
flexible format

Memory-efficient, re-
tains surface details

Lacks surface connec-
tivity, requires special-
ized processing

3D scanning, LiDAR-
based perception,
AR/VR, autonomous
driving

Polygonal
Meshes

Vertices, edges, faces
representation

Accurate surface mod-
eling, compatible with
graphics tools

High polygon count
can be resource-
intensive

Character modeling,
architectural render-
ing, CAD, VR, gaming

Implicit Repre-
sentations

Function-based 3D ob-
ject representation

Continuous surfaces,
scalable detail

Slow inference, com-
plex transformations

Real-time guidance,
shape interpolation,
high-resolution recon-
struction

Procedural
Generation

Rules/algorithms-
based generation

Scalable, minimal hu-
man intervention

Limited control, com-
plex to fine-tune

Gaming, architectural
design, VR environ-
ments, crowd genera-
tion

Autoencoders
(AEs)

Encoder-decoder
structure, compresses
and reconstructs

Effective at shape mor-
phing, dimensionality
reduction

Struggles with fine de-
tails, limited expres-
siveness

Dimensionality reduc-
tion, anomaly detec-
tion, shape reconstruc-
tion

Variational
Autoencoders
(VAEs)

Probabilistic extension
of AEs, Gaussian dis-
tribution learning

Smooth interpolation,
diverse outputs

Blurry outputs, lacks
photorealism

Morphing, ex-
ploratory design,
few-shot learning,
medical imaging

Generative
Adversarial
Networks
(GANs)

Adversarial training
(generator and dis-
criminator)

High realism, flexible
structure

Training instability,
mode collapse

Text-to-3D generation,
gaming assets, charac-
ter design, virtual en-
vironments

Attention-
Based Models

Utilizes self-attention
to capture dependen-
cies

High detail, complex
dependency modeling

Memory-intensive,
complex training

Real-time navigation,
shape detail capture,
complex object genera-
tion

Autoregressive
Models

Sequential generation,
conditional dependen-
cies

Precision control, ideal
for incremental gener-
ation

Slow inference, prone
to error propagation

Shape completion, in-
tricate 3D structures,
real-time applications

Diffusion
Models

Iterative denoising,
gradually refines
outputs

Stable training, high fi-
delity

High computational
cost, slow generation

High-quality point
cloud generation,
3D reconstruction,
medical imaging

CLIP-Guided
Models

Multimodal (text-
image) association,
embedding alignment

Semantic alignment,
creative control

Limited text diversity,
computational over-
head

Text-to-3D generation,
creative design, VR as-
set creation

Normalizing
Flows

Sequence of invertible
transformations, exact
probability modeling

High precision, contin-
uous latent space

Invertibility con-
straint, architectural
complexity

Density estimation,
point cloud genera-
tion, interpolation,
scientific simulations

2. Background Info & Taxonomy Explanation

Different data representations offer unique ways to encode 3D models. Each format has its
trade-offs, impacting memory usage, resolution, expressiveness, and computational efficiency.

2.1. Voxel Grids

Voxel grids represent 3D objects or scenes by dividing the space into a regular grid of small cubic
units called voxels, analogous to pixels in 2D images. Each voxel stores information about whether a
specific portion of the 3D space is occupied or empty. In some cases, voxels may contain additional
attributes such as density values, color, or material properties. This representation is straightforward
and widely used in early 3D applications because it extends naturally from 2D image processing
techniques, making it compatible with convolutional neural networks (CNNs) and other grid-based
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methods [26]. This representation is straightforward and widely used in early 3D applications because
it extends naturally from 2D image processing techniques, making it compatible with convolutional
neural networks (CNNs) and other grid-based methods [27].

The key strength of voxel grids lies in their simplicity and compatibility with deep learning
models [28]. Operations like 3D convolution can be easily applied to these grids, allowing networks
to extract spatial features and generate volumetric structures. Voxel grids are particularly suitable
for tasks such as object classification, segmentation, and volumetric reconstruction [29], especially
when working with medical imaging datasets like MRI or CT scans. Furthermore, voxel-based models
align well with physical simulations, as the grid structure provides an easy way to represent spatial
relationships and interactions in 3D space [30].

Despite their advantages, voxel grids have significant limitations. The memory requirements
grow cubically with resolution, meaning that even moderate-resolution grids can become prohibitively
large. For example, a 128x128x128 voxel grid contains over two million voxels, making storage
and computation inefficient [31,32]. As a result, voxel-based models often need to operate at lower
resolutions, which can compromise the level of detail in the generated models. To address this,
researchers have explored sparse voxel representations and hierarchical grids to reduce memory
overhead, but these techniques introduce additional complexity.

Voxel grids are also limited in their ability to capture fine surface details. Unlike meshes, which
can explicitly model smooth surfaces and geometric intricacies, voxel grids only approximate the
shape of objects by filling in volume. As a result, small features may be lost, and the generated objects
can appear blocky or coarse. While post-processing techniques such as marching cubes can extract
smoother surfaces from voxel data, these steps add extra computational burden to the generation
pipeline.

2.2. Point Clouds

Point clouds represent 3D objects as a set of discrete points distributed in space, with each point
having specific 3D coordinates (x, y, z) and potentially other attributes like color, normal vectors,
or intensity. Unlike voxel grids, which discretize space into a fixed-size grid, point clouds offer a
more compact and flexible way of representing shapes and surfaces. This data structure is widely
used in applications such as 3D scanning, LiDAR-based perception for autonomous vehicles [33–35],
augmented reality (AR), and virtual reality (VR), where capturing objects and environments with
sparse or incomplete data is common.

One of the main advantages of point clouds over voxel grids is their efficiency in memory and
computation. While voxel grids require cubic memory growth with resolution (e.g., a 128x128x128
voxel grid stores over 2 million voxels), point clouds focus only on the relevant regions of an object
by storing a sparse set of points that define its surface. This efficiency allows point cloud models to
scale better to higher resolutions without consuming excessive memory. As a result, point clouds
are preferred when working with large datasets or real-time systems such as LiDAR-based object
detection, where fast and efficient processing is essential.

Another reason point clouds are superior to voxel grids is their ability to capture fine surface
details. Voxel grids approximate objects by filling space with uniform cubes, which can lead to blocky
and coarse representations, especially at lower resolutions. In contrast, point clouds directly encode
surface points, making them more adept at preserving the intricate geometry of objects. This property
is particularly valuable in applications such as architectural design, robotics, and 3D scanning, where
accuracy and detail are paramount [36,37].

Point clouds are also more flexible for representing incomplete or non-uniform data. In real-world
scenarios, 3D data collection often results in incomplete or sparse datasets (e.g., a partial scan of an
object from a specific angle). Voxel grids, which require a complete 3D space to be filled, struggle with
incomplete data, leading to noisy or ambiguous outputs. On the other hand, point clouds can naturally
handle partial observations and irregular sampling, making them ideal for tasks where data is gathered
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from multiple views or sensors. Additionally, point clouds are invariant to scale and rotation, which
simplifies downstream processing and reduces the need for data normalization [38].

However, point clouds also have some limitations. One major challenge is that point clouds
lack explicit connectivity information, meaning there is no inherent knowledge of how the points
form surfaces or shapes. Unlike meshes, which store vertices and edges to define surfaces, point
clouds require additional processing (e.g., surface reconstruction algorithms like Poisson surface
reconstruction) to generate smooth surfaces from the point data [39,40]. This lack of structure can
also make it harder for neural networks to process point clouds efficiently, as standard convolutional
operations used for voxel grids or images do not apply directly. To address this, researchers have
developed specialized architectures, such as PointNet and PointNet++, which are capable of learning
from unordered point cloud data. Models like LMSD-YOLO [41] have been effective in multi-scale
detection, demonstrating their utility in real-time object detection tasks [42]. Mapping new realities in
ground truth creation also showcases the potential for transforming image-to-image translations in 3D
content generation, as observed with models like pix2pix [43].

2.3. Polygonal Meshes

Polygonal meshes are one of the most popular and widely used representations for 3D models,
especially in industries like computer graphics, animation, and CAD (Computer-Aided Design) . A
polygonal mesh consists of vertices, edges, and faces, where vertices represent points in 3D space,
edges connect these vertices, and faces (typically triangular or quadrilateral) form the surface of the
3D object. This representation is particularly well-suited for applications requiring detailed surface
modeling, such as 3D printing, video games, and visual effects in movies.

One of the biggest strengths of polygonal meshes is their ability to accurately represent surfaces
and fine details. Since the faces of a mesh follow the contours of an object, it can precisely capture
intricate geometries and smooth surfaces. This makes meshes ideal for high-fidelity applications,
such as character modeling in video games, architectural rendering, and complex industrial designs.
Compared to voxel grids, which discretize the space and may result in blocky approximations, meshes
can achieve a high level of geometric precision without excessive memory consumption [34].

Meshes also allow easy manipulation of surfaces. Through operations like subdivision, smoothing,
and deformation, artists and engineers can precisely adjust mesh geometry to achieve the desired
shape and detail. Furthermore, polygonal meshes are well-supported by industry-standard tools and
software, including Blender, Maya, and AutoCAD, making them the go-to format for professionals
in the 3D design space. This extensive software ecosystem facilitates the integration of meshes into
production pipelines for gaming, animation, and virtual reality [33,44].

Another important feature of polygonal meshes is their efficiency in rendering and visualiza-
tion [35,45]. Modern graphics processing units (GPUs) are optimized to render polygonal surfaces
efficiently, particularly triangular meshes. As a result, polygonal meshes are the backbone of most
3D rendering engines, including those used in games (e.g., Unreal Engine) and virtual worlds. The
combination of high expressiveness and real-time rendering capabilities makes them an essential part
of both real-time and offline rendering workflows [46,47].

Despite their advantages, polygonal meshes also present some challenges. One of the primary
issues is that meshes can become complex and unwieldy as the number of polygons increases. High-
resolution meshes with millions of polygons may require significant computational resources for
storage, manipulation, and rendering. This can become a bottleneck in applications that require
real-time interaction, such as VR or AR systems. To address this, novel approaches such as location-
refined feature pyramid networks (LR-FPN) have been proposed to enhance object detection [48].
Additionally, texture extraction methods, like those applied to sedimentary structures classification
[49,50], demonstrate the importance of feature extraction in 3D representation tasks.
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3. Implicit Representations

Implicit representations, often referred to as neural fields, offer a powerful and flexible way of
modeling 3D objects by representing them through continuous mathematical functions rather than
discrete elements such as voxels, points, or polygons. The essence of implicit representations lies in
their ability to encode complex surfaces by learning a function f : R3 → R that maps 3D coordinates to
a scalar value, such as signed distance values or occupancy probabilities. This function-based approach
has gained significant traction with the advent of deep neural networks [51], which are now used to
approximate these implicit functions, enabling smooth and high-quality surface generation.

In implicit models, instead of explicitly storing the geometry of an object, the surface is defined as
the level set of a function. One popular type of implicit representation is the Signed Distance Function
(SDF), where the function value at a given point indicates the shortest distance to the surface, with
the sign determining whether the point is inside or outside the object. Another common type is the
occupancy field, which predicts whether a given point in 3D space lies inside the object (occupancy
value close to 1) or outside (occupancy value close to 0).

These neural fields are often represented using fully connected neural networks, typically referred
to as Multi-Layer Perceptrons (MLPs). The MLP learns to approximate the underlying continuous
function by training on samples of 3D points and their corresponding values (e.g., distances or
occupancy probabilities). Once trained, surfaces can be extracted using algorithms such as Marching
Cubes, which identifies the zero-crossing points of the learned function and reconstructs the mesh.

4. Procedural Representations

Procedural representations generate 3D models using a set of rules, algorithms, and mathematical
functions rather than direct data-driven approaches like deep learning. In procedural generation,
objects or scenes are created dynamically based on predefined parameters, often introducing an element
of randomness or controlled variation. This method has long been used in gaming, architecture, urban
modeling, virtual environments, and simulations, where creating vast amounts of complex content
manually is infeasible. Procedural techniques can generate anything from natural landscapes, cities,
and trees to intricate textures and entire virtual worlds, making them essential for content generation
at scale.

At the core of procedural generation lies a set of rules or algorithms that guide how elements are
combined or structured to produce 3D objects. These rules can involve randomization, grammar-based
methods, fractals, noise functions (e.g., Perlin noise), or parametric modeling, depending on the nature
of the task [52,53]. In many cases, seed values are used to initialize the algorithm, ensuring that each
generation is unique but still follows the general principles defined by the rules [54]. Additionally,
methods such as intelligent vehicle classification using deep learning and multisensor fusion [55,56]
demonstrate how hybrid architectures can be applied to specific 3D tasks like autonomous driving
and classification systems [12,57].

A well-known example is the Lindenmayer system (L-system), a type of procedural grammar
used to generate organic structures like plants or branching patterns. In an L-system, a set of recursive
rules defines how the structure grows step-by-step, mimicking natural processes [58]. Similarly, Perlin
noise and other noise-based algorithms are used to generate terrain or textures, giving rise to realistic
landscapes and surfaces. In parametric design, objects are defined using mathematical equations
or parameters, which makes it easy to create multiple variations of a model by tweaking the input
parameters. Research into cancer gene data classification has also illustrated procedural methods’ role
in enhancing the robustness of classification frameworks [59–61].

5. 3D Generation Models

The development of generative models for 3D data has resulted in a variety of approaches, each
with unique characteristics. We can classify these models into several core categories, based on their
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underlying architectures and methods. Below is a taxonomy of the primary classes of generative
models used for 3D generation [62,63].

5.1. Autoencoders and Variational Autoencoders (VAEs)

Autoencoders are neural networks that aim to learn a compact latent representation of input
data and use this representation to reconstruct the original input. The architecture of an autoencoder
consists of two main components: the encoder and the decoder. The encoder compresses the high-
dimensional input data into a smaller latent space, effectively capturing the most essential features of
the data. The decoder then takes the latent representation and tries to reconstruct the original input
as accurately as possible. Autoencoders are widely used in tasks such as dimensionality reduction,
denoising, anomaly detection [64], and 3D shape reconstruction, where learning meaningful patterns
from data is essential [65–67].

Variational Autoencoders (VAEs) extend the basic concept of autoencoders by incorporating a
probabilistic framework. In a standard autoencoder, the encoder maps each input to a fixed latent
vector. However, in a VAE, the encoder maps the input to mean and variance parameters of a Gaussian
distribution in the latent space, allowing the model to learn distributions rather than fixed embed-
dings. During the generation process, new samples can be produced by sampling from these latent
distributions, which makes VAEs more suitable for tasks such as generative modeling, interpolation,
and smooth shape transitions. The probabilistic nature of VAEs ensures that similar inputs are mapped
to nearby points in the latent space, enabling the generation of smooth and coherent outputs when
interpolating between different 3D shapes.

Autoencoders are particularly effective in 3D reconstruction tasks, where objects represented
as voxel grids, point clouds, or meshes are compressed into a latent space and reconstructed with
minimal loss of information. However, the limitation of standard autoencoders lies in their tendency
to focus on global structures rather than fine-grained details. This often results in reconstructed 3D
objects that capture the overall shape but lack sharp edges or intricate surface features. The bottleneck
in the latent space—designed to compress information—can cause loss of subtle features, making it
difficult for autoencoders to handle tasks that require high levels of detail, such as intricate character
models or complex architectural elements.

Variational autoencoders address some of these limitations by regularizing the latent space
through a process called KL-divergence loss, which ensures that the learned latent distribution resem-
bles a standard Gaussian distribution. This regularization allows VAEs to produce more coherent and
diverse samples, even for objects with complex variations. However, VAEs still struggle with blurry
outputs and may not capture all fine details when compared to more advanced generative models like
GANs. This trade-off between stability (VAEs train more easily than GANs) and expressiveness (GANs
tend to generate sharper results) makes VAEs a good choice for exploratory tasks such as interpolation
and shape morphing, but less ideal for tasks that require photorealistic outputs.

One of the most promising aspects of VAEs is their ability to smoothly interpolate between
different 3D shapes. For instance, given two latent vectors representing distinct objects (e.g., a chair
and a table), the VAE can generate intermediate shapes that transition smoothly between the two.
This property makes VAEs highly useful in creative design tasks and morphing applications, where
designers need to explore a continuum of possibilities between different objects. Additionally, VAEs
are increasingly being integrated into hybrid architectures, combining them with other models like
GANs or transformers to balance stability and output quality.

Despite their advantages, VAEs face challenges in high-resolution 3D generation due to the inher-
ent trade-off between stability and output sharpness. Researchers are actively exploring improvements
to VAE architectures, such as hierarchical VAEs and more expressive priors, to address these limitations.
Additionally, there is growing interest in applying VAEs to conditional generation tasks, where the
generation of 3D objects is guided by input constraints, such as text descriptions or partial 3D scans.
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This line of research opens up exciting possibilities for few-shot learning and guided shape generation,
which are critical for applications in gaming, virtual reality, and robotics [68].

5.2. Generative Adversarial Networks (GANs)

Generative Adversarial Networks (GANs) consist of two key neural networks that compete
during the training process. The generator network creates synthetic data designed to resemble real
data, while the discriminator network attempts to distinguish between the real data and the fake data
generated by the generator [69,70]. This adversarial process pushes both networks to improve: the
generator learns to create more realistic outputs, and the discriminator becomes better at spotting
subtle flaws. This framework has achieved significant success across domains such as image synthesis,
music generation, and text-based data creation, and is now being extended into 3D data generation
[71? ].

Adaptation to 3D Data Generation In recent years, GANs have been adapted to generate 3D
shapes, contributing to fields like virtual reality (VR), gaming, and design. Unlike 2D GANs, which
operate on image pixels, 3D GANs work with 3D data structures, such as voxel grids, meshes, point
clouds, and implicit surfaces like neural radiance fields (NeRF) [58,72,73]. The two main architectures
applied to 3D generation include voxel-based GANs and mesh-based GANs, each with unique benefits
and challenges [74].

Voxel-based GANs generate 3D models by organizing objects as 3D grids of volumetric pixels
(voxels). An example is the MSG-Voxel-GAN, which improves training stability by using multi-scale
gradients and can generate detailed, high-resolution 3D shapes. However, voxel-based GANs are
computationally intensive due to the high memory requirements of 3D convolutions, limiting their
scalability to complex scenes [75]

Mesh-based GANs produce 3D objects using connected vertices and triangular faces, making
them highly compatible with computer graphics tools. A notable example is NVIDIA’s XDGAN, which
parameterizes 3D objects into 2D geometry images. This method leverages 2D GAN architectures
like StyleGAN to generate 3D content efficiently by transforming geometry images back into textured
meshes. This hybrid approach ensures high visual fidelity while remaining computationally efficient,
addressing some limitations of voxel-based GANs.

The primary use case for 3D GANs is generating high-quality and diverse 3D shapes. These
models are essential in several industries, such as gaming and virtual reality (VR). Developers use
3D GANs to generate assets for immersive experiences and reduce the manual effort needed to
create characters, environments, and props. In Computer-Aided Design (CAD), GANs assist in
automating product design by generating innovative shapes that adhere to predefined specifications.
3D generation techniques have also been found to be extensively useful in medical imaging, where
detailed reconstructions are critical. For example, deep learning-based models have been used for
multimodal MRI reconstruction and synthesis [76], as well as for efficient parallel MRI reconstruction
[77]. Optimization-based deep learning methods have also been developed for magnetic resonance
imaging (MRI) [78]. These methods are particularly important in scenarios requiring high precision,
such as brain imaging and tumor detection [79].

Additionally, some 3D GAN models, such as EG3D and Mimic3D, integrate text-based models
to enable text-to-3D generation, allowing designers to create objects or scenes from natural language
descriptions, which can streamline creative processes. In more complex scenarios, hybrid models like
Bayesian-Optimized Attentive Neural Networks (BOANN) are being explored for classification tasks
[80], and MPGAAN, a heterogeneous information network classification model, has been proposed as
an efficient solution for network-based classification problems [81].

5.3. Attention-Based Models in 3D Data Generation

Attention mechanisms have become essential for 3D data generation, improving the capture of
intricate details by selectively focusing on critical parts of an object. These mechanisms are integrated
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into different backbone architectures, including transformer-based models [82], GANs, and hybrid
implicit models.

5.3.1. Transformer-Based Models

Transformers, which process input elements as tokens, excel at modeling spatial relationships
within 3D data. Models such as 3D ShapeFormer and Point Transformer utilize self-attention to
capture dependencies between points or regions in a 3D shape. This enables the generation of highly
detailed objects, especially for point cloud data [83]. However, transformers have high memory and
computational demands, as self-attention scales quadratically with input size, limiting their efficiency
for large datasets.

5.3.2. GAN-Based Architectures with Attention

GANs enhanced with attention mechanisms, such as EG3D and XDGAN, are designed to generate
detailed surfaces by focusing on specific areas of the 3D structure. EG3D uses attention to ensure con-
sistency across multiple views, while XDGAN leverages 2D-to-3D imitation through geometry images
to align surface textures. These models excel at generating fine-grained details but introduce additional
parameters, increasing training complexity. Despite their capabilities, they remain vulnerable to mode
collapse, producing limited variations if not properly balanced.

5.3.3. Hybrid Implicit Models with Attention

Implicit models like NeRF and DeepSDF encode objects as continuous fields and employ attention
to prioritize high-detail areas, such as edges. These architectures achieve sharp feature preservation,
but their reliance on dense computations makes inference slow. Additionally, converting implicit
representations to mesh or voxel formats introduces overhead, which limits their immediate usability
in interactive 3D applications.

5.4. Autoregressive Models

Autoregressive models generate data sequentially, one element at a time, by conditioning each
output step on the previously generated elements. This approach has proven effective in tasks such
as text generation and 2D image synthesis, and it is now being extended to 3D data generation. In
the context of 3D, these models predict objects or structures part-by-part or slice-by-slice, maintaining
complex dependencies throughout the sequence.

These models are particularly useful in 3D reconstruction, generating missing parts of objects
based on observed data, and in shape generation, where intricate structures like architectural elements
are produced incrementally. Some models employ attention mechanisms, similar to transformers, to
capture dependencies across points or voxels, ensuring coherence in complex shapes.

The primary strength of autoregressive models lies in their fine-grained control over the generation
process, making them ideal for tasks requiring precision, such as detailed shape completion. However,
they suffer from slow inference due to their step-by-step nature and are prone to cumulative errors,
where mistakes early in the sequence propagate through the entire output.

5.5. Diffusion-Based Models

Diffusion-based models generate data through an iterative process, gradually refining noisy inputs
into coherent structures. These models start with a noisy or random distribution and incrementally
"denoise" it, allowing for the creation of complex and detailed 3D shapes. Originally successful in 2D
image synthesis, diffusion models have recently been extended to 3D tasks, leveraging their ability to
capture intricate patterns.

Diffusion models are especially useful for generating high-quality point clouds, voxel grids, and
meshes, with applications in areas like shape generation and 3D reconstruction. In text-to-3D pipelines,
diffusion models provide consistent, high-fidelity outputs by iteratively refining the structure until
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it matches the target prompt or design specifications. They are also used in medical imaging, where
precise 3D reconstructions are essential.

The main strength of diffusion models lies in their stability and ability to capture fine details. By
iteratively refining outputs, these models avoid some common pitfalls seen in GANs, such as mode
collapse. They also produce more diverse outputs, making them well-suited for generating multiple
variations of a 3D object.

However, diffusion models are computationally intensive due to the large number of iterative
steps required for denoising, resulting in slower inference. They also demand substantial mem-
ory and processing power, limiting their scalability for real-time applications or high-resolution 3D
environments.

5.6. CLIP (Contrastive Language-Image Pretraining)

CLIP (Contrastive Language-Image Pretraining) is a multimodal model developed by OpenAI
that learns to associate text with images [84]. It leverages a large-scale dataset of text-image pairs to
align their respective embeddings in a shared latent space. In 3D generation, CLIP is used to guide
models, such as GANs or diffusion models, by providing semantic supervision through text prompts
[85]. This allows for the creation of 3D objects based on textual input, enabling text-to-3D generation
with better alignment between shape, style, and semantics.

CLIP enhances 3D generation models by aligning generated objects with natural language de-
scriptions. This is crucial in text-driven 3D asset creation, where users provide textual descriptions
(e.g., "a futuristic car") and the model generates a 3D representation that matches the description.

5.6.1. Text-Guided Diffusion Models

Some recent 3D pipelines employ CLIP to refine 3D structures through iterative feedback. For
example, a diffusion model can generate rough 3D shapes that are evaluated and adjusted based on
the similarity between the generated object and the given text description in CLIP’s embedding space.

5.6.2. CLIP-Guided GANs

GAN-based models also integrate CLIP to improve consistency between generated 3D shapes and
prompts. By measuring alignment in the latent space, CLIP helps enforce semantic accuracy, ensuring
that generated outputs closely match the intended concept [61].

One of the primary strengths of CLIP is its ability to ensure semantic alignment between textual
descriptions and generated 3D objects. By embedding both text and visual data into a shared latent
space, CLIP allows 3D models to produce outputs that better capture the intent behind natural language
prompts. This capability significantly improves creative control, enabling designers to generate specific
3D shapes that align with user expectations. Additionally, CLIP’s flexibility across different domains
makes it effective for a variety of applications, including game design, virtual reality (VR) asset creation,
and rapid prototyping. Its capacity to interpret and process a wide variety of concepts helps models
generate not only realistic objects but also more abstract or artistic forms.

However, CLIP is not without limitations. Since its performance depends heavily on the quality
and diversity of the text-image pairs used during pretraining, it may struggle with niche or complex
prompts, leading to inconsistent results. In scenarios where the intended meaning of a prompt is
ambiguous or highly specialized, the generated output might fail to meet expectations. Another
significant limitation is the computational overhead that comes with using CLIP in conjunction with
3D models [86]. Many 3D generation pipelines require iterative feedback loops to refine outputs,
and incorporating CLIP into this process can make it computationally intensive, thus limiting its use
in real-time applications like interactive design environments or dynamic VR settings. As a result,
optimizing CLIP for efficiency while maintaining alignment quality remains an ongoing challenge in
research [87].
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5.7. Normalizing Flows

Normalizing flows are a class of generative models that transform a simple probability distri-
bution (e.g., a Gaussian) into a more complex target distribution through a sequence of invertible
transformations [88,89]. These transformations allow flows to generate complex outputs while main-
taining exact likelihood estimation, making them suitable for tasks where precise probability modeling
is essential, such as 3D data generation [90,91].

In 3D generation, normalizing flows excel at tasks like density estimation and point cloud
generation. They model the data distribution directly, enabling the generation of highly detailed and
structured objects [92]. Some flow-based models generate 3D point clouds by sequentially transforming
points from a standard Gaussian distribution into realistic 3D shapes, maintaining continuous control
over both global and local features. Additionally, they are used for 3D shape interpolation, smoothly
transforming one 3D object into another, useful in applications like morphing animations or shape
blending in virtual environments.

A major strength of normalizing flows is their ability to provide exact likelihood estimation, which
allows them to model complex 3D data distributions accurately. This feature makes them particularly
effective for applications requiring high precision, such as scientific simulations or medical imaging
[93]. Furthermore, their invertibility ensures that every transformation is reversible, making it possible
to both generate realistic outputs and analyze the underlying distribution with precision. Additionally,
flows offer continuous latent spaces, which are beneficial for tasks like interpolation and controlled
shape generation [94].

Despite their strengths, normalizing flows come with some limitations. They can be computation-
ally intensive, as each transformation step in the sequence must remain invertible, which constrains
model architecture. This makes it challenging to scale flows for very high-dimensional data, such
as voxel grids or high-resolution 3D models. Moreover, designing effective transformations for com-
plex 3D objects requires significant expertise, limiting the ease of use compared to other models
like GANs or diffusion models. Another challenge is the potential sensitivity to initialization and
parameterization, which can impact training stability and performance.

5.8. Procedural Generation in 3D Models

Procedural generation refers to the creation of 3D content using predefined rules, algorithms,
and parameters rather than manual design. This method allows for the efficient creation of complex
structures, such as landscapes, cities, or intricate patterns, with minimal human intervention. Rules
guide the generation process by defining relationships between components, ensuring consistency
while also enabling variability [95,96].

Rules in procedural generation often describe the structure and behavior of objects at different
levels. For example, in a city generation model, rules may govern how buildings are placed along
roads, ensuring logical connections between streets and intersections. Similarly, for terrain generation,
algorithms like fractals or Perlin noise generate natural-looking landscapes by specifying height
distributions and surface features.

A key aspect of procedural rules is their flexibility. Simple parametric controls (e.g., size, shape,
material) can lead to extensive variations, allowing designers to generate a wide range of outputs from
the same base rules. L-systems (Lindenmayer systems), for instance, are frequently used to generate
trees or plants by defining recursive branching rules. These rules enable the creation of complex
models that maintain an organic appearance without manual modeling efforts [97,98].

Procedural generation is heavily used in industries like gaming and film. In games, procedural
rules create expansive environments (e.g., entire worlds in Minecraft or No Man’s Sky) with minimal
storage overhead by generating content on the fly. Film studios use procedural techniques to create
large crowds, natural scenery, or fantasy cities efficiently. Architecture and urban planning also benefit
from procedural rules by automating the generation of building layouts and urban spaces.
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6. Conclusions

This survey has provided a comprehensive overview of the key models and methods in the
rapidly advancing field of 3D generation. As the demand for high-quality 3D content grows across
industries such as gaming, virtual reality (VR), architecture, and medical imaging, deep generative
models are transforming the way objects are created, offering more efficient, scalable, and automated
solutions [39,99].

The exploration of backbone architectures, from autoencoders and GANs to diffusion models,
normalizing flows, and procedural generation, highlights the diversity of approaches available. Each
model has unique strengths: GANs excel in generating visually realistic objects, VAEs and autore-
gressive models provide smooth interpolation and control, and diffusion models offer stability and
diversity. Attention mechanisms and multimodal approaches such as CLIP-guided models further
enhance generation by aligning outputs with complex text prompts, opening new avenues for creative
design.

However, challenges remain, including computational overhead, training stability, and the limited
availability of high-quality 3D datasets. Procedural generation offers an alternative by using rule-based
algorithms to dynamically generate content, yet it too faces limitations in precision and control. As 3D
applications evolve, balancing expressiveness with efficiency will be a key focus, alongside developing
methods to integrate cross-domain and multimodal capabilities.

Looking forward, emerging trends such as zero-shot and few-shot learning, hybrid architectures,
and neural-symbolic methods promise to push the boundaries of 3D generation [100]. These develop-
ments will enable models to generalize better across tasks, generate content with minimal supervision,
and seamlessly combine learned representations with symbolic rules. By addressing these challenges,
researchers and practitioners can unlock new possibilities in generating photorealistic, detailed, and
functionally accurate 3D content, paving the way for future innovations across multiple domains.
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