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Abstract

This review paper presents a comprehensive analysis of three cutting-edge techniques in 3D content synthesis: Efficient
Geometry-aware 3D Networks (EG3D), DreamFusion, and Magic3D. EG3D, leveraging geometry-aware representations
and Generative Adversarial Networks (GANSs), enables the generation of high-quality 3D shapes. DreamFusion integrates
text-to-image diffusion models with neural rendering, opening new horizons for creative expression. Magic3D, on the other

hand, extends text-to-image synthesis principles to 3D content creation, synthesizing realistic and detailed models. The
theoretical frameworks, neural network architectures, and loss functions of these techniques are delved into, analyzing their
experimental results and discussing their strengths, weaknesses, and potential applications. This review serves as a valuable
resource for researchers and practitioners, offering insights into the latest advancements and pointing towards future

directions for exploration in 3D content synthesis.
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1. Introduction

In recent years, significant progress has been made in the
field of 3D content synthesis and the creation of image
content from textual prompts [1-4], attributed to the
emergence of technologies such as Efficient Geometry-
aware 3D Networks (EG3D) [5], DreamFusion [6], and
Magic3D [7], as well as the evolution of diffusion models [8-
10] in generative image modeling. Text-conditioned
generative image models have now achieved high-quality,
diverse, and adjustable image synthesis capabilities [11-14].
These methods have revolutionized the way we create and
manipulate 3D objects, offering new opportunities for
designers, artists, and researchers alike. Extensive research
has been conducted on 3D generative modeling, exploring
Object detection [32-35] and a range of 3D representation
formats, such as 3D voxel grids [15-19], point clouds [20-
25], meshes [26], [27], implicit representations [28], [29],
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and octrees [30]. In this review paper, we aim to provide a
comprehensive overview of these three cutting-edge
techniques, exploring their underlying principles, neural
network architectures, loss functions, and experimental
results.

EG3D, standing for Efficient Geometry-aware 3D
Generative Adversarial Networks (GANS), represents a
significant step forward in the generation of high-quality 3D
shapes. Its unique architecture combines geometry-aware
representations with GANSs, enabling the generation of
realistic and diverse 3D content. The theory behind EG3D
revolves around its ability to capture the complex geometry
of 3D objects, allowing for more accurate and detailed
synthesis.

On the other hand, DreamFusion represents a novel approach
to 3D content creation, leveraging text-to-image diffusion
models and neural rendering. This method combines the
power of large language models with the ability to generate
high-resolution 3D scenes, opening up new possibilities for
creative expression. The theoretical framework underlying

EAI Endorsed Transactions on
Al and Robotics
| Volume 3 | 2024 |

2 EAI 1


https://creativecommons.org/licenses/by-nc-sa/4.0/
mailto:fangshun@pku.org.cn

S. Fang

5D Input
Position -+ Direction

Ray:2

o))’

¥og.

(,+(&MZQ¢}* “"'*(RGBJN—‘\\;}ﬂle . Ray 1

Output Volume Rendering
Color + Density Rendering Loss

% ,

/[ || MW-et|

O Ray 2 /F
Ray Distance

(c) (d)

Figure 1 Overview of NeRF [31]

DreamFusion explores the integration of text prompts with
3D synthesis, enabling users to create scenes based on
descriptive text.

Lastly, Magic3D emerges as a promising technique for
synthesizing realistic and detailed 3D models using text
prompts. It builds upon the principles of text-to-image
synthesis, extending them to the domain of 3D content
creation. Magic3D's neural network architecture and loss
functions are designed to capture the intricate details of 3D
objects, resulting in highly realistic and diverse outputs.

In this review, we delve into the details of each of these
techniques, discussing their underlying principles, network
architectures, and loss functions. We also present an analysis
of their experimental results, highlighting their strengths,
weaknesses, and potential applications. By comparing and
contrasting these methods, we aim to provide a holistic
understanding of the current state of the art in 3D content
synthesis.

Furthermore, this review paper serves as a valuable resource
for researchers, practitioners, and enthusiasts alike, offering
insights into the latest advancements in the field and pointing
towards future directions for exploration. We believe that the
combined analysis of EG3D, DreamFusion, and Magic3D
will pave the way for further innovations in 3D content
synthesis, leading to more realistic, diverse, and accessible
3D content in the future.

2. Background

Neural Radiance Fields (NeRF) [31] is an avant-garde
technique that harnesses the power of a fully connected
neural network architecture to create unseen perspectives of
intricate  three-dimensional  environments leveraging
fragmented two-dimensional image collections. It functions
by means of interpolation among the input images
embodying a scene, thus enabling the creation of a
comprehensive visualization. As a proficient means of
synthesizing imagery from available data, NeRF directly
correlates observation directions and spatial coordinates
(constituting its 5D input space) with translucency and
chromatic properties (yielding a 4D output space), utilizing
volumetric rendering techniques to fashion these innovative
viewpoints.

2.1 Architecture

Figure 1 portrays the holistic workflow of the NeRF
technique, commencing from the acquisition of input images,
progressing through the optimization of the neural network,
and culminating in the generation of fresh perspectives of the
scene. Of particular significance is the distinctively
differentiable rendering process integral to this method,
which empowers the refinement of NeRF to vyield
photorealistically authentic new views.

Input Imagery Stage: This segment of the diagram depicts
a compilation of input viewpoints depicting the scene,
captured from a variety of orientations encircling it. These
images serve as the foundational material for training the
NeRF model.

NeRF Optimization Phase: This stage signifies the
operation of refining the neural network, which forms the
nucleus of the NeRF method. The optimization process
occurs through the calibration of the network's weight
parameters to minimize the specified loss function,
elucidated in Equation 6, thereby guaranteeing a close
correspondence between the synthetic and original input
images.

Rendering Unseen Perspectives: Upon the successful
optimization of the neural network, it becomes feasible to
render hitherto unseen perspectives of the scene. This is
achieved by emulating the act of a camera capturing an image.
These newly rendered perspectives are considered novel
because they do not exist in the initial set of input images,
instead being derived from the model's learned
comprehension of the scene.

Differentiable Rendering Highlight: This portion of the
illustration underscores the differentiable characteristic
inherent in the rendering process. The rendering function
exhibits differentiability relative to the neural network'’s
parameters, thereby sanctioning the application of gradient-
based optimization strategies. More precisely, this process
encompasses the sampling of 5D coordinates (comprising
spatial location and viewing orientation) along the trajectory
of camera rays, feeding these locations into the Multilayer
Perceptron (MLP) to derive color and volume density
information, and thereafter employing volume rendering
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methodologies to integrate these attributes into a coherent
image.

2.2 Volume Rendering

Eq.1 and Eq.2 are crucial for the volume rendering technique
used in NeRF, as it allows the network to synthesize new
views of a scene by evaluating NeRF along camera rays. The
differentiable nature of this rendering process enables
gradient-based optimization to fit NeRF to a set of input
images. Eq.1 is a mathematical representation of the
expected color C(r) of a camera ray r(t) = o + td as it
passes through a scene represented by NeRF. The equation is
formulated as an integral and is central to the volume
rendering process in NeRF.

C(r) = ftf T(t)a(r(t))c(r(t),d)dt (1)

n

where T(t) = exp (— J-t a(r(s))ds) 2)

n

Here,

® ((r): This represents the expected color of the ray r,
which is a function of the position o and direction d of
the ray.

° fttf: This is the integral operator, which calculates the

continuous sum (or integral) over the range [t,, t]. t,
is the near bound (closer to the camera) and ¢ is the far
bound (further away from the camera) for the ray's
traversal through the scene.

e T(t): This is the accumulated transmittance from the
near bound t,, to a point ¢ along the ray. It represents
the probability that the ray will travel from t, to t
without being absorbed or scattered by any particles in
the scene.

e o(r(®)): This is the volume density function evaluated
at a point r(t) along the ray. It represents how likely it
is for the ray to interact with a particle at that point.

e c(r(t),d): This is the emitted radiance (color) at point
r(t) in the direction d. It is a function of both the
position along the ray and the viewing direction.

® dt: This represents an infinitesimally small change in
the parameter t along the ray.

The integral, therefore, computes the contribution of color

and density from every point along the ray's path, weighted

by the transmittance from the camera to that point. The result
is the expected color that would be observed by a camera ray
passing through the volume defined by NeRF.

3. NeRF Variants

In this section, we present a comprehensive overview of
EG3D, DreamFusion, and Magic3D, delving into their
fundamental concepts, theoretical frameworks, neural
network architectures, loss functions, and experimental

results. We explore the core principles that underlie these
state-of-the-art 3D content synthesis methods, analyzing how
their unique neural network designs and loss functions
contribute to their performance. Additionally, we evaluate
the experimental outcomes of these methods, discussing their
strengths, weaknesses, and potential applications. By
synthesizing this information, we aim to provide a cohesive
understanding of EG3D, DreamFusion, and Magic3D,
setting the stage for further analysis and exploration in the
field of 3D content synthesis.

3.1 Efficient Geometry-aware 3D Networks

The Efficient Geometry-aware 3D Networks (EG3D) [5]
introduces a 3D GAN architecture tailored for synthesizing
geometry-aware images from 2D photos, sans explicit 3D or
multi-view supervision. Central to its design is a tri-plane
representation, optimized for neural volume rendering in the
3D GAN context. This framework's core components
comprise a pose-conditioned StyleGAN2-based feature
generator and mapping network, a lightweight feature
decoder-augmented tri-plane 3D representation, a neural
volume renderer, a super-resolution module, and a dual-
discrimination pose-conditioned StyleGAN2 discriminator.
This setup effectively separates feature generation from
neural rendering, leveraging the robust StyleGAN2 generator
for 3D scene generalization. The tri-plane representation,
both efficient and expressive, facilitates high-resolution
geometry-aware image synthesis while maintaining
computational and memory efficiency. The framework
undergoes end-to-end training, utilizing a non-saturating
GAN loss function with R1 regularization, adhering to the
StyleGAN2 training paradigm. Additionally, a two-stage
training approach is adopted to expedite the process, initially
training with a reduced neural rendering resolution, followed
by fine-tuning at full resolution.

The EG3D tackles the intricate task of unsupervised
generation of high-quality, multi-view-consistent images and
3D shapes, solely relying on collections of single-view 2D
photographs. The EG3D introduces a hybrid explicit-implicit
network architecture, designed to efficiently synthesize high-
resolution, multi-view-consistent images, along with high-
quality 3D geometry, without resorting to extensive
approximations. By decoupling feature generation from
neural rendering, this framework harnesses the power of
cutting-edge 2D CNN generators, such as StyleGAN2, to
optimize  computational efficiency and  expressive
capabilities.

The EG3D pioneers a 3D GAN framework that trains a
geometry-aware image synthesis model using 2D
photographs, without explicit 3D or multi-view supervision.
This network architecture involves the generation of tri-plane
features through a StyleGAN2 CNN generator, followed by
neural volume rendering and super-resolution modules to
produce high-resolution, multi-view-consistent renderings.
The entire pipeline is trained end-to-end, utilizing a non-
saturating GAN loss function with R1 regularization, and
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Figure 2 Overview of EG3D [5]

employs a two-stage training strategy for enhanced
efficiency.

Furthermore, the EG3D delves into the applications of this
proposed method, including style mixing and single-view 3D
reconstruction. The 3D representation, grounded on the
StyleGAN2  backbone, facilitates semantic image
manipulations and high-quality single-view geometry
recovery. While acknowledging limitations in the generated
shapes, the EG3D suggests future research directions aimed
at improving shape quality, exploring few-shot 3D
reconstruction, and investigating alternative 2D backbones
for conditional synthesis.

In essence, the EG3D presents an efficient and expressive 3D
GAN framework that generates high-quality, multi-view-
consistent images and intricate geometry from single-view
2D photographs, without relying on explicit 3D or multi-
view supervision. This approach leverages a hybrid explicit-
implicit network architecture and state-of-the-art 2D CNN
generators to achieve optimal computational efficiency and
unparalleled image quality.

Comparison

The EG3D offers several advantages. Firstly, the hybrid
representation used in the framework efficiently distributes
the expressive power, reducing computational costs
compared to fully implicit architectures while maintaining
high quality. Secondly, the decoupling of feature generation
and neural rendering allows for the utilization of a powerful
StyleGAN2 generator for 3D scene generalization,
enhancing expressiveness and efficiency. Additionally, the
tri-plane representation proves to be compact yet sufficiently
expressive, outperforming dense feature  volume
representations and fully implicit representations in terms of
quality metrics while being computationally and memory
efficient. Furthermore, the 3D GAN framework enables
geometry-aware image synthesis from 2D photographs
without explicit 3D or multiview supervision, showcasing
the versatility and effectiveness of the approach. Lastly, the
method inherits the well-studied properties of the
StyleGAN2 latent space, allowing for semantic image
manipulations and  high-quality  single-view 3D
reconstruction.

Table 1. For the purposes of quantitative assessment,
metrics such as ID, FID, pose precision, and depth
precision were employed in evaluating both AFHQ

and FFHQ Cats datasets. The resolution of the
images utilized for training and evaluation purposes
has been clearly indicated. [5]

Cats FFH
Method FID ID FID P(gse Depth
EG3D 2562 388 076 48 0005 031
EG3D 5122 2.77° 077 47 0005 0.39
r-GAN 1282 160 067 299 0021 0.44
GIRAFFE 2562 161 064 315 0089 0.94
Lift. SG2562 - 058 29.8 0023 040

Table 1 presents a quantitative analysis comparing the

performance of EG3D framework with several contemporary

top-tier methods in the realm of 3D-aware image synthesis,
focusing particularly on the FFHQ and AFHQ Cats datasets.

The comparative assessment utilizes the following metrics:

e  Fréchet Inception Distance (FID): This gauge
quantifies the quality of produced images, where lower
FID values denote increased realism and enhanced
image quality. The FID score is computed by
contrasting 50,000 artificial images with the entire
corpus of genuine images.

o Identity Persistence (ID): This metric assesses the
degree of facial identity preservation across various
perspectives of a synthetically generated face.
Superiority is indicated by higher ID scores, suggesting
that the model is capable of maintaining a consistent
identity across varying camera perspectives.

e  Depth Estimation Accuracy: This measure evaluates
the precision of the depth information generated by the
model, calculated as the Mean Squared Error (MSE)
against proxy ground truth depth maps inferred from the
generated images.

e Pose Retention: This criterion examines how
accurately the synthesized images preserve the intended
pose, determined via the L2 loss against true pose
estimates sourced from the fabricated images.

e Image Resolution: Denotes the pixel dimensions at
which the models have been both trained and tested, e.g.,
256x256 pixels or 512x512 pixels.

In the comparison, EG3D contends with three alternative

methods—GIRAFFE [36], n-GAN [37], and Lifting

StyleGAN [38]. EG3D vyields notably lesser FID scores

across both datasets, suggesting that it generates images
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more akin to real-world distributions. Moreover, it sustains
leading-edge performance in terms of preserving identity
consistency, depth estimation accuracy, and pose alignment.
The EG3D rows with the most favorable outcomes—Ilowest
FID scores coupled with the highest ID, Depth, and Pose
scores—attest to the method’s superiority in crafting high-
fidelity, viewpoint-coherent images and shapes.
Furthermore, table 1 discloses that the model trained on the
FFHQ dataset at a resolution of 512x512 and incorporating
adaptive data augmentation attains the pinnacle of
performance, boasting a FID score of 4.7 and an ID score of
0.77. Meanwhile, the model educated at the same higher
resolution of 512x512 but without the inclusion of adaptive
data augmentation still delivers commendable results, albeit
not reaching the level of optimization achieved by the
augmented counterpart.

The EG3D underscores the proficiency and proficiency of its
approach in generating multi-view-consistent, high-
resolution images, as well as intricate 3D shapes, solely from
single-view 2D photographs. It underscores the pivotal role
of components, such as dual discrimination and generator
pose conditioning, in bolstering expression consistency and
image quality while maintaining view coherence.
Furthermore, the EG3D explores the resilience of the method
in the face of inaccurate camera poses, revealing that even
highly imprecise extrinsics can still facilitate precise 3D
shape reconstruction. The findings suggest that the proposed
framework achieves noteworthy advancements in image
quality, geometry precision, and view consistency,
positioning it as a promising candidate for unsupervised 3D
shape generation and image synthesis tasks.

3.2 Text-to-3d Using 2D Diffusion

The DreamFusion [6] introduces a unique strategy for
synthesizing 3D objects from text prompts, leveraging a pre-
trained 2D text-to-image diffusion model. This novel method
employs a loss function rooted in probability density
distillation to fine-tune a randomly initialized 3D model—
specifically, a NeRF. Through gradient descent, it generates
3D models directly from textual cues. The diffusion models
at play incorporate a forward process that degrades data
structure by injecting noise and a reverse process that
gradually restores structure from noise, with transitions
parameterized to predict the latent noise content. The
generative model is trained to reconstruct structure from
noise, effectively reducing the training objective to a
denoising score matching task.

Building upon text-to-image diffusion models conditioned
on text embeddings, the DreamFusion incorporates
classifier-free guidance to enhance generation quality. In
essence, the DreamFusion adapts a pre-trained 2D diffusion
model originally designed for text-to-image synthesis to
perform text-to-3D synthesis, without relying on labeled 3D
data. By harnessing probability density distillation and
optimizing a 3D model via gradient descent, this approach
enables the creation of realistic 3D objects and scenes from
text prompts, underscoring the potency of pre-trained image
diffusion models as priors for 3D synthesis.

Architecture

The DreamFusion architecture incorporates a MLP with
distinct attributes. This NeRF-based MLP is structured with
five ResNet blocks, each containing 128 hidden units. Eq.3
is used to compute the final RGB color value C for a pixel
in the rendered image. It does so by rendering the
contributions of color and density along a ray from the
camera through the pixel's location in the image plane and

into the 3D scene.
C= Z Ww;C; (3)
i

W =a; 1_[ (1-a) 4)

j<i
a; =1—exp(—7llp; — piql) %)

Here,

e c: The final RGB color value for the pixel.

e w;: The rendering weight for the i-th sample along the
ray. This weight determines how much the color of each
sample contributes to the final pixel color.

® ¢;: The RGB color of the i-th sample along the ray. This
is the color emitted by the 3D point in the scene, which
is a result of the NeRF model.

e a;: The transparency of the i-th sample. It determines
how much light passes through the sample to
subsequent samples along the ray.

e T;: The volumetric density at the i-th sample location.

e pu;and u;.,: The 3D positions of the current and next
samples along the ray.

The term [;«; (1 — ;) is a product that accumulates the
transmissivities of all previous samples along the ray. In
other words, it accounts for the fraction of light that has
passed through all samples before the i-th sample without
being absorbed or scattered. The opacity «; is computed
using the exponential function to model the attenuation of
light as it travels through the volume with density t; over the
distance |lg; — pi,1 |l between the current and next sample
positions.
It employs Swish/SiLU activation functions and incorporates
layer normalization between each block. For activation, an
exponential function is used for density 1, whereas a sigmoid
function is applied to RGB albedo p. Eq.6 and Eq.7 are
related to the shading and lighting model used within NeRF
framework to compute the final color of a point on a 3D
scene. Eq.6 represents the output of MLP, which is a part of
the NeRF model. The MLP takes as input the 3D spatial
coordinates u and parameters @, and outputs two values: the
volumetric density T and the RGB albedo p of the material
at that point in space.

(r,p) = MLP(i; 9) (6)

Here,
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Figure 3 Overview of DreamFusion [6]

without any lighting effects applied.

e  MLP: A neural network with multiple layers that maps
the input to the output. It is trained to predict the density
and color from the spatial coordinates.

e  0:Parameters of the MLP, which are learned during the
training process.

Eq.7 calculates the final shaded output color ¢ for a 3D point,

taking into account the lighting in the scene.

—u )

P +e) 7

1€ — pll . @)
Here,

e c: The final color of the point after shading.

e p: The RGB albedo of the material at the point, as
computed by the MLP.

e £, The color of the point light source.

n: The surface normal vector at the 3D point, which

indicates the local orientation of the object's geometry.

It is computed from the gradient of the density .

£: The 3D position of the point light source.

u: The 3D position of the point being shaded.

£,: The color of the ambient light.

o: The Hadamard product (element-wise multiplication)

of vectors.

The term inside the max function, n - r computes the

cosine of the angle between the light direction (from the point
to the light source) and the normal vector, which determines
the amount of light that diffusely reflects off the surface at
that point according to the Lambertian reflectance model.
The max function ensures that only positive contributions are
considered. The color of the light reflected by the point c is
then obtained by multiplying the albedo p with the result of
the lighting calculation, which includes the diffusely
reflected light from the point light source plus the ambient
light £,. This models how the material's color is affected by
the lighting in the scene.

During the optimization process, shading hyperparameters
are adjusted, with ambient light color {a and diffuse light
color £, differing between initial and subsequent steps.
Furthermore, to emphasize the scene's central content within

c=po<€pomax<0,n-

the 3D coordinate space, a minor density "blob™ is introduced
around the origin, introducing spatial density bias. Details
regarding camera and light sampling are also provided. This
includes biased camera elevation sampling and the
introduction of perturbations to both the camera position and
the "up" vector, aimed at enriching the diversity of the
training process.

Loss Function

In the DreamFusion framework, the loss function is crafted
to refine the parameters @ in a way that the generated sample
x = g(@) closely mirrors a sample drawn from the fixed
diffusion model (Eq.8 and Eq.9).

VoLoir(¢.x = g(0)) =

¢ (zsy,t) ox
P % (8)

~———— “ i
U-Net Jacobian Generator Jacobian

Epe lW(D) (6¢(Zt' yt) - 5)

Noise Residual

Here,

® V,: The gradient with respect to 6.

® Ly The diffusion training loss, which measures the
difference between the noise prediction of the model
and the actual noise.

®  ¢b: Parameters of the diffusion model.

x: The generated image.

o  g(0): Adifferentiable image parameterization, such as
a neural network, that generates an image x from
parameters 6.

e [E,.: The expectation over random variables ¢ (time
steps in the diffusion process) and € (noise).

e w(t): A weighting function that depends on the time
step t.

® €4(z;y,t): The noise prediction by the diffusion
model at time step t, conditioned on some context y.
€: The actual noise added to the image.

2 2 2. partial derivatives with respect to their
0z; 0zy 0zg

respective variables.
The gradient calculation involves computing the expected
difference between the model's noise prediction and the
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actual noise, weighted by w(t), and then applying the chain
rule to backpropagate through the diffusion process and the
image parameterization to update 6.

Eq.9 defines the gradient of the Score Distillation Sampling
(SDS) loss, which is a simplified version of the diffusion
training loss. It is used to optimize the parameters 8 of a
differentiable image parameterization to generate an image
that has a low SDS loss, indicating that it is similar to
samples from the diffusion model.

V9L5D5(¢' X= g(@))
ox
£ E,, [W(t)(@qb(zt; y,0) ~€) ﬁ] ©

Here,

® Lgns The SDS loss, a variant of the diffusion training
loss.

e 2:The colon equals sign, indicating that the right-hand
side defines the left-hand side.

e All other terms are the same as in Eq.8, except that the

0€gp(zgy,t) . . . .. .
term "’(T‘y) is omitted. This omission results in a
t

lower-variance gradient that is easier to optimize and
does not require backpropagating through the diffusion
model's U-Net, which can be computationally
expensive.
By using the SDS loss, the optimization process can generate
images by directly updating the parameters 0 in the direction
that reduces the loss, without needing to compute and
backpropagate through the full noise prediction of the
diffusion model. This makes the optimization process more
efficient and robust.

Comparison

The DreamFusion offers several advantages. These
advantages highlight the innovative approach of leveraging
existing 2D diffusion models for 3D synthesis, the
effectiveness of the proposed loss function, and the potential
for creating diverse and controllable 3D models from text
descriptions. Harnessing a pre-trained 2D text-to-image
diffusion model for text-to-3D synthesis eliminates the need
for extensive labeled 3D datasets and efficient denoising
structures for 3D data. Instead, a loss function rooted in
probability density distillation is introduced, leveraging the
2D diffusion model as a prior to optimize a parametric image
generator. This approach enables the generation of 3D
models directly from text descriptions. By further optimizing
a randomly initialized 3D model using a DeepDream-
inspired methodology with this novel loss function, it is
possible to create 3D models that are fully viewable from any
angle, can be relit with arbitrary illumination, and can be
seamlessly integrated into diverse 3D environments. The
method demonstrates the utility of pre-trained image
diffusion models as priors for 3D synthesis, without relying
on 3D training data or altering the image diffusion model
itself. This addresses the challenge of sampling in parameter
space instead of pixel space, leading to the creation of 3D
models that resemble realistic images when rendered from

random perspectives. This approach also opens the door to
generating coherent 3D scenes from textual prompts,
underscoring the qualitative prowess of the model in
compositional generation tasks.

Table 2. Assessing the congruency of the images
generated by DreamFusion with their corresponding
captions by employing various CLIP retrieval
methodologies. [6]

R-Precision
Method CLIP L/14 CLIP B/16 CLIP B/32
Color Geo Color Geo Color Geo
DreamFusion 79.7 58.5 775 46.6 75.1 425

Dream Fields - - 74.2 68.3
reimpl. 82.9 14 99.9 0.8 78.6 1.3
CLIP-Mesh 74.5* - 75.8 - 67.8 -
GT Images - - 79.1 - 77.1

Table 2 presents a comparison of the performance of
different models in generating coherent 3D scenes from text
prompts. The table evaluates the models using the CLIP R-
Precision metric, which measures the consistency of
rendered images with respect to the input caption. Essentially,
it checks how accurately the generated 3D scene matches the
text description it was based on, using the CLIP model's
ability to retrieve the correct caption for the scene.

e Method: The name of the model or method being
evaluated. In this case, the methods include "Dream
Fields [39]," "CLIP-Mesh [40]," "DreamFusion [6],"
and "GT Images".

e R-Precision: A metric that measures the relevance of
the generated images to the text prompts. Higher R-
Precision values indicate better performance.

e CLIP B/32, CLIP B/16, CLIP L/14: These columns
refer to different versions of the CLIP model used for
evaluation. The numbers likely refer to the size or
architecture of the CLIP model, and "L/14" might refer
to a larger model. The table shows R-Precision scores
for each CLIP model variant.

e Color, Geo: These columns likely stand for "Color"
and "Geometry," which are two aspects of the generated
3D scenes being evaluated. "Color" assesses how well
the color of the rendered images matches the input
caption, while "Geo" evaluates the geometric accuracy
of the 3D models.

Assessing the proficiency of DreamFusion in crafting

coherent 3D landscapes from diverse textual cues, its

performance is contrasted with current zero-shot text-to-3D
generative models, emphasizing the crucial components that
facilitate precise 3D geometry. DreamFusion offers an
extensive collection of 3D assets, extended videos, and
meshes, available for further scrutiny on
dreamfusion3d.github.io.  Experimental  configuration
involves optimizing 3D scenes on a TPUv4 machine,

equipped with four chips, each responsible for rendering a

distinct view, while also evaluating the diffusion U-Net. The

optimization process comprises 15,000 iterations, utilizing
the Distributed Shampoo optimizer. By contrasting the
evaluation metrics of DreamFusion with ground-truth
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images sourced from the MS-COCO datasets and various
other models, the approach demonstrates the remarkable

proficiency of DreamFusion in generating coherent 3D
scenes solely from textual descriptions.

Render

Low-resolution Optimization

Noise
Render
(low res) %G)% Image Diff _)G_) - Thigh-res, _>®_> —>®9
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representation

High-resolution Optimization

Figure 4 Overview of Magic3D [7]

3.3 High-Resolution Text-to-3D Creation

The Magic3D [7] framework revolutionizes high-quality 3D
content synthesis using text prompts, surpassing the design
limitations of DreamFusion. This innovative approach
employs a two-stage coarse-to-fine methodology, leveraging
efficient scene models to facilitate high-resolution text-to-3D
synthesis. In the initial stage, a coarse neural field
representation is optimized, akin to DreamFusion but with a
memory- and compute-optimized scene representation
rooted in a hash grid. This phase enables the utilization of
diffusion priors at resolutions reaching up to 512 x 512.
Progressing to the second stage, mesh representations are
further optimized, harnessing an efficient differentiable
rasterizer and camera close-ups to capture intricate geometric
and textural details. Magic3D's framework empowers users
with creative control over the 3D synthesis process, drawing
inspiration from advancements in text-to-image editing
applications. This allows users to craft desired 3D objects
seamlessly with text prompts and reference images, bridging
the gap towards democratizing 3D content creation. The
Magic3D approach significantly enhances the quality of 3D
content synthesis, with users preferring its outcomes over
DreamFusion while achieving a remarkable 2x speed-up.
Moreover, Magic3D delves into the utilization of diffusion
priors in a graded manner, from coarse to fine, to craft high-
definition geometry and textures. In the initial phase, the
fundamental diffusion model calculates gradients of the
scene model at a reduced resolution of 64 x 64. Subsequently,
the Latent Diffusion Model (LDM) comes into play in the
second stage, catering to high-resolution imagery at 512 x
512. The latent diffusion model's computations remain
tractable due to its manipulation of the latent zt at a 64 x 64
resolution.

Furthermore, Magic3D explores the realm of controllable 3D
generation through prompt-based editing. By employing a
specific approach known as DreamBooth to fine-tune
diffusion prior models, users can steer the text-to-3D model
generation with images and text prompts. This technique
enables the modification of 3D models while maintaining the
subjects from the input images, offering enhanced control
over the 3D generation outcomes.

In essence, Magic3D presents a swift and superior text-to-3D
generation framework that leverages efficient scene models
and high-resolution diffusion priors in a graded approach.
This framework facilitates the creation of high-fidelity 3D

D EA

content from text prompts, affording users unparalleled
control over the synthesis process.

Loss Function

The loss function employed by DreamFusion is termed SDS.
The computation of the gradient for this loss function
proceeds as follows:

i)
VoLsps(¢,9(0)) =E,, [W(t)(€¢(xt; y,t) —€) £] (10)

Here,

®  V,: The gradient with respect to the parameters 0 of the
scene model.

®  Lgns: The loss function for SDS, which is used to guide
the optimization.

e ¢ The diffusion model with a learned denoising
function €.

® g(0): The scene model, a parametric function that
produces an image x given parameters 6.

e [, .: The expectation over the noise level ¢ and the
sampled noise €.

e w(t): A weighting function that depends on the noise
level t.

® €4(xy;yt): The denoising function of the diffusion
model, which predicts the noise given a noisy image x;,
text embedding y, and noise level t.

° g—z: The gradient of the rendered image with respect to

the parameters of the scene model.
The optimization aims to update the parameters 8 of the
scene model so that the rendered images match the
distribution of photorealistic images across different
viewpoints, given the input text prompt.
Eq.11 is similar to Eg.10 but is used in the second stage of
the Magic3D optimization process, where a LDM is
employed to generate high-resolution images. The key
differences are:

VoLsps($,9(0)) =

(11)
E;e [W(t)(eq,(zt; yt)—€

0z Ox

0x 060

e  z,: The latent variable with resolution 64 x 64 that the
LDM acts upon.
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° g—;: The gradient of the encoder in the latent diffusion

model, which transforms the latent variable into the
rendered image space.
The LDM allows for the optimization of the scene model at
a higher resolution, leading to the generation of more detailed
3D content. The gradient computation involves the latent
space of the diffusion model, enabling the fine-tuning of the
3D model with high-resolution image priors.

Comparison

The Magic3D framework marks a noteworthy leap forward
in the realm of 3D content synthesis by introducing a refined
optimization strategy that seamlessly integrates both low-
and high-resolution diffusion priors. This innovative
approach not only elevates the quality of generated 3D
content but also surpasses prior techniques like DreamFusion
in terms of processing speed. Furthermore, Magic3D offers
users unprecedented creative control over the 3D synthesis
process, positioning it as a promising candidate for
democratizing the creation of 3D content.

Table 3. To assess user preferences for 3D models
created utilizing 397 prompts provided by
DreamFusion, preference studies were conducted.
Overall, a larger proportion of evaluators (61.7%)
favored the 3D models generated by Magic3D
compared to those from DreamFusion. Furthermore,
the majority of evaluators (87.7%) preferred the finer
models over the coarser ones within the Magic3D
framework, validating the efficacy of the coarse-to-fine
approach. [7]

Comparison Preference
Magic vs. DreamFusion
v" More detailed 66.0%
v" More realistic 58.3%
v" More detailed & realistic 61.7%
Magic3D vs. Magic3D(Coarse only) 87.7%

The experimental aspect of Magic3D centers on a
comparative analysis between the proposed framework,
Magic3D, and DreamFusion, utilizing 397 textual prompts.
The findings reveal that Magic3D outperforms DreamFusion
in generating high-quality 3D shapes, exhibiting intricate
geometry and texture. User preference surveys further
corroborate this observation, with a significant proportion of
evaluators favoring the more realistic and intricate outputs
produced by Magic3D. The framework's coarse-to-fine
optimization approach ensures efficient training with
manageable runtimes, underscoring its effectiveness in
enhancing 3D content synthesis. Moreover, qualitative
comparisons and user studies underscore the superiority of
Magic3D in creating visually appealing and realistic 3D
models across diverse prompts and scenarios.

4. Comparative Analysis and Future
Research

4.1 Comparative Analysis

We compare and contrast three significant Models based on
their methods, application domains, and experimental results.

DreamFusion Approach

Procedure: DreamFusion capitalizes on a pretrained 2D
text-to-image diffusion model to facilitate text-driven 3D
synthesis. It pioneers a probability density distillation-based
loss function, which permits the employment of a 2D
diffusion model as a prior to refine a parameterized image
generator. The optimization of a NeRF model in 3D space is
accomplished via gradient descent, striving for minimized
loss in 2D renderings extracted from arbitrary viewpoints.
Area of Application: The principal area of application lies
in the generation of 3D models based on textual descriptions,
proving especially valuable in sectors such as digital media,
gaming, and film production, where intricate 3D assets are
indispensable.

Research Outcomes: DreamFusion effectively generates
3D models responding to textual commands, allowing for
unrestricted viewing angles, adjustable lighting, and
seamless integration into 3D surroundings. Its results
showcase high fidelity and coherence in the 3D objects and
scenes crafted from a wide array of textual prompts.

Magic3D Approach

Procedure: Magic3D implements a dual-phase optimization
schema to overcome limitations encountered by
DreamFusion. It initially establishes a rough model using a
low-resolution diffusion prior and a sparse 3D hash grid
structure, followed by the optimization of a textured 3D mesh
model using a high-resolution LDM and a resourceful
differentiable rendering mechanism.

Field of Use: Like DreamFusion, Magic3D aims at creating
3D content from textual descriptions, yet with a heightened
emphasis on enhancing resolution and processing speed, thus
making it fitting for professional 3D modeling and creative
design tasks.

Experimental Findings: Magic3D outperforms
DreamFusion in terms of speed, accomplishing the task in
half the time while attaining a higher resolution. User
assessments suggest a marked inclination towards Magic3D-
generated models, with a substantial majority (61.7%)
expressing a preference for its methodology.

EG3D Approach

Procedure: EG3D introduces a blended explicit-implicit
network design for unsupervised 3D representation learning
stemming from individual 2D photographic views. It
integrates an efficient 3D representation with a neural
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rendering engine to produce high-resolution, multi-view
consistent images and 3D structures in real-time.

Domain of Implementation: EG3D is geared towards
generating premium-grade 3D shapes and multi-view
harmonious images from 2D photos, finding practical
applications in domains such as computer graphics, virtual
reality, and augmented reality.

Research Findings: EG3D showcases pioneering 3D-aware
synthesis, delivering high-quality images and resolutions
akin to contemporary 2D GANs while upholding 3D
consistency. It registers considerable advancements in
quantitative measures such as FID and maintains uniformity
across views and geometric integrity.

Comparative Overview

Methodological Breakthroughs: Each of the three studies
introduces groundbreaking methods for transforming 2D or
textual inputs into 3D content. DreamFusion and Magic3D
primarily focus on exploiting textual descriptions, whereas
EG3D prioritizes the transition from 2D photographs to 3D
forms.

Targeted Industries: All approaches cater to the digital
content creation spectrum, encompassing gaming, media
production, and 3D modeling, with potential expansions into
virtual and augmented reality territories.

Performance Metrics: Magic3D distinguishes itself with its
expedited generation process and superior resolution relative
to DreamFusion. While EG3D is not directly comparable
concerning text-to-3D synthesis, it boasts real-time rendering
capabilities.

User Acceptance: Magic3D evidences a decisive edge in
user preference, signifying robust potential for widespread
adoption in creative applications.

Overall Experimental Outcomes: Each method
demonstrates promising outcomes, with DreamFusion and
Magic3D adeptly forming coherent 3D scenes from text cues,
and EG3D skillfully producing top-notch 3D shapes from 2D
images. Notably, Magic3D's outcomes stand out for their
exceptional quality and the pronounced user preference
expressed in empirical studies.

4.2 Future Research

Amplifying Text-to-3D Synthesis with Enhanced
Resolution Frameworks: A prospective avenue for
advancement in text-driven 3D synthesis would be to
integrate advanced 2D diffusion models operating at higher
resolutions to surpass the current limitations imposed by the
64x64 baseline model utilized in DreamFusion. Such
enhancements may lead to a noticeable improvement in the
level of detail in the resulting 3D models.

Boosting Diversity and Originality in Synthetic Outputs:
Both DreamFusion and Magic3D could gain from
innovations that augment the diversity of the generated
models. This could entail refining existing loss functions or
introducing supplementary conditions to stimulate the
production of more diversified and imaginative creations.

Addressing Moral Dimensions and Bias in Generative
Technologies: A critical aspect of future scholarly inquiry
should revolve around tackling the ethical considerations
surrounding generative models, inclusive of any inherent
biases. This could necessitate the development of
mechanisms to identify and mitigate bias within training
datasets, as well as ensure equitable and representative
outputs from the generated content.

Streamlining Computational Efficiencies: Enhancing
computational efficiency is paramount for Magic3D and
comparable high-resolution text-to-3D generation methods
to make them more broadly usable. Exploring more effective
optimization algorithms and hardware acceleration
techniques could significantly truncate computational
processing times.

Formulating More Resilient 3D Prior Constraints:
Echoing the insights from DreamFusion, the endeavor to
elevate 2D data into 3D realms is inherently ambiguous.
Future research could concentrate on devising stronger 3D
priors that more tightly guide the generative process, yielding
more consistent and precise 3D renditions.

Advancing the Frontier of Neural Rendering:
Refinements to neural rendering methodologies will prove
advantageous for both text-based and photo-based 3D
conversion processes. This may involve innovating new
neural network architectures or rendering algorithms that
better simulate the intricacies of light interactions within 3D
scenarios.

Integrating  Multi-Modal Inputs in  Generative
Frameworks: Combining text, images, and possibly other
sensory modalities (such as auditory or tactile feedback) into
a unified generative platform could pave the way for richer,
more interactive 3D content creation experiences.
Implementing Interactive Generative Systems for 3D
Content: Future endeavors might concentrate on making
generative models more interactive, enabling real-time user
guidance throughout the generation process and
incorporating feedback loops to facilitate more tailored and
controlled content creation.

Leveraging Generative Models in Virtual and
Augmented Realities: Given the burgeoning popularity of
VR and AR, there exists vast potential to integrate generative
models into these mediums. Studying how 3D content can be
flawlessly generated and manipulated within such
environments will be of great interest.

Ensuring Robustness and Broad Applicability of
Generative Models: An enduring challenge lies in
guaranteeing that generative models remain resilient to
variations in input and exhibit strong generalizability to
unencountered data. Future research could center on
designing models that demonstrate greater stability and
aptitude for learning from minimal datasets.

Expanding upon Unsupervised Learning Paradigms:
Drawing inspiration from the unsupervised learning strategy
employed by EG3D, forthcoming research could delve into
the untapped possibilities of semi-supervised or weakly
supervised methods that can capitalize on small quantities of
labeled data alongside expansive unlabeled datasets.
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Creating  Open-World-Compatible 3D  Content:
Generating 3D content that fits seamlessly into open-world
contexts, akin to those in video games or virtual simulations,
presents a formidable challenge. Future research might aim
at constructing models capable of conceptualizing and
producing coherent 3D scenes that adhere to real-world
physics and aesthetic principles.

5. Conclusion

EG3D, DreamFusion, and Magic3D are all significant
advancements in the field of 3D content synthesis, each
demonstrating unique capabilities and facing their own
set of challenges. EG3D, despite its limitations in shape
quality, camera pose dependency, and adaptability,
shows promise in generating 3D shapes. DreamFusion,
while overcoming some of these limitations, still faces
issues with oversaturation, oversmoothing, and
sampling consistency. On the other hand, Magic3D
stands out for its impressive realism and detail
generation using text prompts, although it also exhibits
challenges in preserving geometry integrity during fine-
tuning. In conclusion, while each method has its
strengths and weaknesses, the ongoing research and
development in this field are poised to lead to further
improvements in 3D content synthesis.
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