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Figure 1: Our Hi3D model efficiently creates high-quality 3D models from various text prompts.
These prompts can include descriptions of motion (e.g., flying pigeon, astronaut riding), materials
(e.g., brown metal), and specific object identities (e.g., 734 tank, Pisa Tower).

Abstract

Text-to-3D generation has achieved remarkable success by leveraging pre-trained
text-to-image diffusion models to optimize Neural Radiance Fields (NeRFs). How-
ever, these approaches usually suffer from slow convergence since the optimization
of 3D geometry and RGB texture is heavily intertwined because of the volume
rendering process, and the 2D supervision provided by 2D diffusion models usually
explains multiple 3D geometries. Therefore, we introduce Hi3D: a Hierarchical
framework for efficient text-to-3D generation that disentangles the optimization of
geometry and texture. Specifically, our approach first generates 3D geometry and
then progressively generates fine-grained textures. Unlike prior works which opti-
mize the 3D geometry from scratch, we start with a sparse 3D point cloud which
can be instantly obtained via a pre-trained 3D generative model, such as Point-E.
The generated point cloud initializes the geometric occupancy and provides shape
guidance to accelerate training. To further enhance texture, we refine the RGB
outputs of the NeRF model and then optimize the reconstructed surfaces for finer
details, in a cascading manner. Through experiments, our proposed Hi3D is 6.6 x
faster than prior works (e.g., Magic3D) under comparable generation quality, and
can perform image-driven controllable 3D model generation, with fewer distortions
caused by ambiguous geometry clues from 2D supervisions.
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1 Introduction

Producing high-quality 3D content with rich geometric and texture details is crucial for many fields,
such as gaming, film, and the AR/VR industries. However, this task demands an immense amount of
workload for specialists in related areas. The impressive success of large-scale text-to-image diffusion
models [[L} 2} 3] in image content generation has inspired researchers to explore generating 3D assets
from textual descriptions, potentially lowering 3D content creation costs. One major bottleneck of
directly training 3D diffusion models is the lack of large-scale text-3D paired data. The largest public
text-3D dataset Objaverse [4] contains only 800K text-3D pairs while image-text datasets, such as
Laion-5B [5], contain billions of text-image pairs.

To bypass this hurdle, researchers propose to leverage pre-trained text-to-image diffusion models
for 3D content generation without any 3D data. Pioneering work DreamFusion [[6] optimizes Neural
Radiance Fields (NeRFs) [[7]] by back-propgating the supervision from text-to-image diffusion models.
More specifically, given an input text prompt, the Neural Radiance Field (NeRF) is optimized through
Score Distillation Sampling (SDS) such that its 2D renderings from random angles achieve a low loss.
Although DreamFusion shows great potential, it is very slow (6 TPUv2 hours per scene) and can
only generate low-resolution (64 x64) content. We argue the inefficiency majorly lies in the fact that
it generates 3D geometry and RGB texture simultaneously via optimizing an inefficient entangled
volume rendering process, and the 2D supervision provided by 2D diffusion models may explain
multiple 3D geometries. This problem becomes more severe if NeRF goes into latent space [8] where
fine-grained textures are more challenging to represent.

This paper introduces Hi3D: a Hierarchical framework for efficient text-to-3D generation, as shown in
Fig[2[a). Rather than concurrently optimizing 3D geometry and texture, Hi3D initially concentrates on
generating 3D geometry and subsequently incorporates detailed texture information in a progressive
manner. We show that not only does our disentangled design yield better generation quality, but it is
also more efficient to train. Furthermore, it is capable of image-driven controllable 3D generation
and can resolve 3D geometric distortions caused by ambiguous geometric cues from 2D supervision.

In particular, we first generate the 3D geometry with Latent-NeRF [8] framework. Unlike previous
works starting from scratch [[6, 9] or using limited sketch shapes [[8], we employ a case-specific
coarse point cloud which can be instantly obtained via a 3D generative model, Point-E [10]. This
point cloud offers a rich 3D geometry prior which can be exploited to accelerate NeRF training.
However, challenges arise in balancing prior utilization and NeRF expressiveness. Our goal is to
align NeRF output with the point cloud’s basic skeleton while preserving its freedom to express
the geometry of the text prompt. To achieve this, we initialize NeRF’s geometric occupancy with
generated point clouds and constrain its training using adaptive shape guidance. More specifically, we
encourage NeRF’s occupancy to match the coarse point cloud’s surface distribution while gradually
reducing constraint weight near the point cloud’s surface, thereby preserving NeRF’s expressiveness
for geometry modeling.

The initial stage of Latent-NeRF successfully generates geometric structures. However, it lacks texture
details due to its optimization in the latent space. To address this, we introduce a cascading refinement
process to enhance texture. Firstly, we perform RGB refinement [8]], allowing the model to capture
texture details and color information while preserving overall geometry. Next, we optimize finer
reconstructed surfaces using DMTet [[1L1]], which employs the Marching Tetrahedra (MT) technique
for finer surface optimization. This stage refines fine-grained texture details and captures sharp
features missed in previous steps. We find that the hierarchical refinement approach reduces texture
learning difficulty and results in higher-quality texture expression.

Through extensive experiments, the proposed Hi3D presents a unique ability from three aspects: (1)
Efficient: Hi3D is currently the fastest NeRF-based text-to-3D pipeline, which only needs 0.8 GPU
hours to achieve the comparable performance with Magic3D [9]]. As shown in Fig[2[b), Hi3D is 10.5
x faster than DreamFusion and 6.6 x faster than Magic3D, and 3.75 x faster than Fantasia3D. (2)
Controllable: Current research on text-to-3D generation mainly focuses on the effect rather than its
controllability. Hi3D, alternatively, provides controllable capacity on constraining NeRF to obtain a
geometric shape similar to the point cloud. Specifically, given a certain text prompt, we can select the
image generated by the prompt to guide the generation of the desired point cloud, thereby controlling
the shape of the target object generated by NeRF. (3) Geometric stable: Existing schemes are prone
to unstable geometric optimization due to ambiguous geometry interpretation from 2D supervisions,
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Figure 2: (a). Given a text prompt, the proposed Hi3D first employs a 3D generative model, Point-E,
to generate a rough 3D point cloud. Then, Hi3D optimizes a Latent-NeRF to derive the 3D geometry,
leveraging the 3D prior. Finally, Hi3D progressively enhances the texture through a cascading
refinement process, which consists of RGB and DMTet refinement. (b). Our Hi3D achieves the best
efﬁciencyﬁvhen compared with other text-to-3D frameworks.
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(a) Overview of Hi3D (b) Speed Comparsion

leading to distortions in NeRF-trained geometries. Hi3D can maintain relatively good geometric
stability through point cloud constraints.

In conclusion, our contributions are summarized as follows: (1) We propose a hierarchical framework
for efficient text-to-3D generation, which disentangles the optimization of geometry and texture.
(2) We accelerate the geometry optimization with 3D prior from generated 3D point clouds. We
propose point cloud initialization and adaptive shape guidance to balance 3D prior utilization and
NeRF expressiveness. (3) We introduce a cascaded approach for texture enhancement, employing
RGB refinement for color information and DMTet for finer surface optimization. (4) Experiments
prove that Hi3D achieves excellent text-to-3D generation speed, which is 6.6 x faster than Magic3D
with comparable performance. Moreover, Hi3D can effectively control 3D content generation by
selecting images and can well handle the situation where the optimization direction is unstable.

2 Related Work

2.1 3D generation with 3D diffusion models

Text-to-3D generation first explored the concept of 3D diffusion models, similar to text-to-image
diffusion models. A prime example of such work is SDFusion [12], which employs a pipeline
similar to the stable diffusion model. It encodes the original input into the latent space and performs
3D diffusion operations in this latent space based on text or image conditions. This generates
corresponding features of the 3D model, which is then decoded into a 3D model. Works like [[13|
14} 1154 [16k [17, [18] are similar to SDFusion, investigating the impact of different 3D diffusion
methods on specific small 3D datasets. Despite the success of these methods, their applicability is
limited by training resources and data scale constraints, with experiments primarily conducted on the
ShapeNet [[19] dataset. The first exploration of large-scale training was conducted by Point-E [10],
which utilized several million text-point data to train a 3D point cloud diffusion model, generating
corresponding 3D shapes from text or images. Shap-E [20] further optimized Point-E’s approach,
combining diffusion and NeRF to generate superior 3D models. Additionally, 3DGen [21]] used
Objaverse [4] data to investigate the end-to-end text-to-3D diffusion model generated simultaneously
by SDF and color, yielding impressive results. However, all these schemes are heavily reliant on
large-scale 3D datasets. The collection, storage, and training of such large-scale 3D datasets pose
significant challenges.

2.2 3D generation with 2D diffusion models

Pioneering DreamFusion [6] proposes an alternative approach to leverage a 2D diffusion model to
optimize NeRF [7}, 22]. Our methodology, Hi3D, also falls into this category. Subsequent work,
such as Magic3D [9] improves training efficiency with a faster NeRF model Instant-NGP [23] and a
DMTet refinement [[L1] to increase the resolution. Latent-NeRF [[8] proposes accelerating training

?For a fair comparison, the speed is normalized to A100 GPU hours.



by optimizing NeRF in the latent space. 3DFuse [24] incorporates 3D awareness into 2D diffusion
models by using a coarse 3D structure provided by 3D model. Fantasia3D [25] shares the same
motivation by disentangling the geometry and texture. Our Hi3D framework is different from these
existing methodologies in two key ways: (1) Instead of starting from scratch [0, 9] or relying on
limited sketch shapes [I8,25], we utilize the 3D generative model, Point-E, to provide a 3D prior, so as
to accelerate geometry optimization. (2) We introduce a cascade texture refinement, as opposed to no
refinement [6l 24]] or a single refinement [8} 19} 125]], so as to enhance texture. In addition to enhanced
training efficiency, our Hi3D framework also provides a unique advantage in terms of control. It
allows for more deliberate 3D object generation with the incorporation of image guidance, a feature
that is not supported by the aforementioned methods.

3 Methods

In this section, we first revisit DreamFusion [6] and Latent-NeRF [8] to figure out their limitations
(Sec. @ Then, we introduce our Hierarchical text-to-3D framework Hi3D which disentangles the
optimization of geometry and texture. Hi3D first focuses on generating the 3D geometry (Sec.[3.2),
then progressively adds detailed texture information (Sec. [3.3). Finally, we demonstrate Hi3D’s
capability to produce more controllable 3D objects using image guidance (Sec[3.4).

3.1 Revisiting DreamFusion and Latent-NeRF

DreamFusion. Pioneering DreamFusion [6] proposes to leverage pre-trained text-to-image diffusion
models Imagen [2] to generate 3D objects, without 3D training data. The key idea is to train a 3D
Neural Radiance Field (NeRF) [7}122] that can provide seamless and text-aligned views from different
camera poses. The 3D NeRF is optimized by back-projecting the supervision from the 2D diffusion
model. Formally, we denote the NeRF model as © = ¢(6), where 6 is coordinate-based MLP
representing the 3D volume, g(+) is the renderer, and « is the generated view at a given camera pose.
Given a random rendered view x, DreamFusion adds Gaussian noises € on the view and reconstructs
it with the frozen diffusion model ¢ to predict the injected noises €, (xz; y, t), where ¢ is the timestep
representing noisy level, y is the text condition, and z; is the noised image. Subtracting the predicted
noise, ¢ — ¢, offers a signal for aligning the rendered view x with the text input y, as perceived by the
diffusion model. DreamFusion updates the NeRF MLP parameters by backpropagating the gradient
through the rendering process using Score Distillation Sampling (SDS), as depicted in Eq.
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Here, w(t) is a weighting function that depends on the timestep ¢. For 2D diffusion models, unlike
DreamFusion [6]], Magic3D [9] using pixel-based models, such as Imagen [2] or eDiff-I [26], we use
latent-based Stable-Diffusion [3]] because of its availability and high efficiency. For NeRF model,
we use Instant-NGP [23] instead of DreamFusion’s Mip-NeRF360 [22] for efficiency consideration.
Although DreamFusion shows great potential, when it comes to surface texture recovery, NeRF
modeling proves to be less effective [27, 28]].

Latent-NeRF. For the best pursuit of efficiency, we use Latent-NeRF [8] and 2D latent Stable
Diffusion [3]. The entire process, including view rendering, NeRF geometry generation, and SDS
optimization are all operated in latent space. Formally, similar to DreamFusion, the difference is to
replace the image level diffusion with latent level diffusion. Same as in Eq. [I] replace z; to z;.

Owing to the vast flexibility in NeRF geometric shapes, Latent-NeRF [8] incorporates sketch-shape
guidance to constrain the geometry and speed up training. However, acquiring coarse sketch shapes
can be challenging and limited due to the smaller amount of 3D data, as well as the fact that most of
the data are private or fee-based. Additionally, we find that the winding number [29] operation on the
sketch-shape is considerably slow, which could negatively impact the overall training speed.

3.2 Geometry optimization

Point-E as 3D prior. We propose to use 3D generative models, specifically Point-E[10], to offer a
3D geometry prior to accelerating NeRF training. Unless otherwise specified, we use image instead
of text guidance to help Point-E to generate high-quality point cloud. We use Stable Diffusion [3] to



generate images instead of Point-E’s GLIDE model [30] which is not publicly available. However, we
observe a significant domain gap between the generated images of Stable Diffusion and appropriate
Point-E input images. That is, Stable Diffusion tends to generate images with various object sizes,
styles and complex backgrounds, whereas Point-E requires images with centered objects and clean
backgrounds. To address this issue, we propose to finetune the Stable Diffusion model with the
collected mini dataset provided by Point-E. More specifically, we use 153 text-image pairs from
Point-E’s official rep(ﬂ Due to the limited size of the dataset, we propose employing the Dreambooth
method [31]] to fine-tune the model.

Formally, given a text prompt y, we first employ the fine-tuned Stable Diffusion model to synthesize
a view image I. Next, we input I into Point-E’s point cloud diffusion process to generate the point
cloud P. Users can also provide the view image, enabling more controllable point cloud generation,
as discussed in Sec. Using the obtained point cloud P, we initialize NeRF’s geometric occupancy
and provide shape guidance for the ongoing NeRF training, as explained in the following section.

Geometry Occupancy Initialization. We adopt
the INGeo approach [32] to initialize NeRF’s ge-
ometric occupancy using coarse point clouds de-
rived from Point-E. Specifically, as depicted in
the initialization part of Fig[3] we carry out three
distinct operations of INGeo, namely "Density ‘
Scaling", "Point-Cloud Splatting", and "Updat-

ing Occupancy Grids" on the point cloud. Its S48 “Undatng Occupancy Grids”
purpose is to use the dense initialization point ]
cloud with consistent shape as the geometric

prior and use the density after scaling as the clue
after the NeRF’s MLP output to highlight the
shape after initialization. However, we discover
that training NeRF solely through SDS results
in a high degree of freedom for representing the
target’s geometric shape, leading to a mismatch
with initialized point cloud shape and, conse-
quently, suboptimal performance. This is also
found in INGeo that, without applying further constraints during training, the optimization process
would diverge, making the initialization ineffective. To address this issue, we introduce point cloud
shape guidance, which leverages the geometric constraints of coarse point clouds to ensure the object
shape generated by NeRF aligns with the shape distribution of the initial point cloud, as detailed in
the following section.
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Figure 3: Geometry optimization process. (1) Ini-
tialization: The point cloud from Point-E is used
to initialize NeRF’s geometric occupancy. (2) Ge-
ometry: The point cloud imposes shape guidance
on the results of NeRF. (3) Appearance: NeRF is
optimized using the pre-trained 2D model by SDS.

Adaptive Shape Guidance. We impose constraints on the density distribution of NeRF’s MLP output
to align with the 3D point cloud geometry. This ensures that the target geometry trained in NeRF is
similar to the initial point cloud, preventing divergent optimization within NeRF. However, it is also
crucial to maintain a certain shape expression space for NeRF, allowing it to further optimize over the
coarse point cloud. To accomplish this, we propose adaptive shape guidance that changes constraints
for different grids in NeRF. Specifically, we gradually reduce the constraint weights near the point
cloud surface, preserving NeRF’s spatial shape expression capabilities. Formally, as shown in Eq.

d

Lpcp = CE(anerr(p), apcp(p)) - (1 —e %) ()

Here, p represents the entire point set within the NeRF space, while d denotes the minimum distance
from the sampling point to the point cloud in the NeRF space. The hyperparameter o signifies
the point cloud constraint’s looseness, with a lower o4 implying tighter constraints. As shown in
geomertry part of Fig[3] given the point cloud surface distance threshold T, when d < T, the
sampling point in the NeRF space is considered to be near the point cloud surface, indicating 1, and
the remaining points are 0. Thus, the distribution of spatial sampling points near and far from the
geometric surface is defined. A point cloud geometry constraint loss is established by calculating the
cross-entropy between this distribution and the NeRF space occupancy distribution. This loss implies
that occupancy constraints should be stronger farther from the point cloud surface and weaker closer

*https://github.com/openai/point-e



to it. As a result, the influence of low-resolution point clouds on the smoothness of the final geometry
is minimized. In the setting of point cloud-guided geometry learning, we employ the following loss:

L =Lsps+ApcpLpcp 3
In this equation, Lgpg is the Score-Distillation loss mentioned in Section Apcp is a weight
assigned to L pcp which is typically quite small. This allows for improved scene perception during

the learning process, while also converging towards the specified geometry.

3.3 Texture Refinement

We additionally improve the texture througha ¢ = -

. . & @
cascading refinement process. During texture & I — Feanre | | RGB J w —:
refinement, we solely optimize the texture while <Z% DHH b
maintaining the 3D geometry unchanged. It (9 20) o Decoder  Encoder
is important to note that we employ the same 2 )

Stable Diffusion model for both geometry and & f A (W 2 3
texture optimization; however, these optimiza- é’ e ( *é"@ =
tions occur in distinct spaces—geometry takes 2 o 7. 4 Image Encoder

place in the latent space, whereas texture occurs

in the pixel space. Figure 4: Texture refinement process. RGB Refine:

RGB Refinement. Similar to the process such the output of Fig(MLP) first transferred to RGB
as DreamFusion [6], as shown in the first row space for encoding to obtain features and then per-
of Figl] the RGB representation of a certain formed diffusion. DMTet Refine: render the image
view is obtained by decoder after rendering from from the mesh, and perform the diffusion operation
(z,y, 2,0). And use the image encoder to con- after encoding.

vert the RGB space into latent space. Then per-

form the same diffusion process as the geometry

stage to optimize the texture representation of the target in NeRF. The MLP (F) of NeRF in the
RGB refine stage is initialized with the weight of the MLP in the geometry stage.

DMTet Refinement. While the RGB space provides a good representation of texture, it lacks the
capacity to capture finer details. Following Magic3D [9], we incorporate DMTet [[1 1] optimization to
enhance the quality of texture expression. We initiate DMTet training with the 3D shape represented
by the NeRF. We employ a deformable tetrahedral grid (Vr, T') for representation, where V- denotes
the vertices in the grid T'. Each vertex v; € Vo C R3 comprises a signed distance field (SDF) value
s; € R and a deformation Av; € R? from its initial canonical coordinate [9]. DMTet refinement
is carried out in three steps. Firstly, we use a differentiable marching tetrahedra algorithm [11] to
extract the surface mesh from the SDF. Secondly, we employ a differentiable rasterizer [33]] to render
the extracted surface mesh into a high-resolution image. Finally, we use SDS gradients to optimize s;
and Aw; for each v;. The DMTet process can be seen in the second row of FigE}

3.4 Controllable 3D generation with image guidance

Due to the inherent ambiguity of text prompts, current 3D generation pipelines [6} 9, 25]] can yield
considerably different results even when using the same prompt. However, with the integration of
Point-E, we can provide image guidance to the point cloud diffusion model in order to obtain an
image-specific point cloud, which subsequently guides the generation of the final 3D object. More
interestingly, our model is capable to work with foundation vision models, such as SAM [34] and
BLIP-2 [35]), to generate 3D objects directly from 2D images. See Sec[4.2]and supplementary details
for more details.

4 Experiments

4.1 Implementation Details.

Model selection. We use the Stable Diffusion model v2-1 [3] as our 2D text-to-image diffusion
model. To provide better image guidance to Point-E, we fine-tune the Stable Diffusion model using
153 text-image examples derived from Point-E’s official repository. It is worth noting that fine-tuned
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Figure 5: Qualitative comparsion with other text-to-3D frameworks, DreamFusion, Magic3D, and
Fantasia3D. Our Hi3D model reveals comparable performance with existing methods.

Stable Diffusion model is solely used to generate images for Point-E. All other processes, including
Latent-NeRF and texture refinement, utilize the default Stable Diffusion model. We employ the largest
image-to-point-cloud Point-E model with 1 billion parameters, to generate point clouds. The pose of
the point cloud is further adjusted so that the Z axis is perpendicular to the horizontal plane. While we
have experimented with Point-E’s text-to-point-cloud model and other smaller image-to-point-cloud
modes, we found that the largest model consistently delivered superior performance.

Geometry optimization. We utilize Latent-NeRF [§]] as the initial step to optimize the 3D geometry.
This involves initializing the geometry occupancy and incorporating adaptive shape guidance during
the training phase. For the training, we use a latent size of 64 x 64. The guiding point cloud is
normalized to be within a sphere of radius 0.7. For the guidance loss Lpcp, we use the following
parameters: a surface distance threshold T of 0.04, a constraint looseness o of 0.2, and a weight
for the point cloud constraint A pcp of 5Se-7. We conduct this training phase on a single A100 GPU,
completing 3K iterations in approximately 13 minutes.

Texture refinement. Once we have obtained the basic geometry, we proceed to the RGB refinement
stage, initializing the weights from the Latent-NeRF stage. We adhere to the training hyperparameters
used in Latent-NeRF. The training resolution for this RGB refinement stage is set at 512 x 512. This
phase involves 2K iterations of training on a single A100 GPU, which approximately takes around 15
minutes. Following the RGB refinement, we proceed with DMTet refinement. We begin by extracting
the 3D mesh from the RGB model to serve as the initial input. The "density threshold" applied during
the extraction of the mesh is set to 1.0. The "default theta" and "default fovy" are set at 80 and 70
respectively. The training resolution for this stage is 512 x 512. This process involves 3K iterations
of training on a single A100 GPU, which approximately takes around 17 minutes. During the testing
stage, we set the "bg radius" to zero to generate a 3D model against a white background.

4.2 Comparison to other text-to-3D methods

Qualitative results. We perform a qualitative comparison Table 1: User study comparsion.

of our method, Hi3D, with existing text-to-3D generation

methods including DreamFusion [6], Magic3D [9], and Method User Preference(%)
Fantasia3D [25]]. To ensure fair comparisons, we use iden-  Stable-DreamFusion [36] 0

tical text prompts from Fantasia3D for all methods. The ¢ .. e-Magic3D [36] 174

results show that Hi3D produces 3D models of compara-
ble quality to existing methods. It’s noteworthy that our
method requires significantly less time to generate an ob-
ject, only 45 minutes, which is approximately 27.0% of the time taken by Fantasia3D and 15.0% of

Hi3D (Ours) 82.6




an astronaut
riding a kangaroo

Bergenia Flower

Prompt Image Point Cloud NeRF RGB Refine DMTet Refine w/o RGB Refine

Figure 7: Left: Intermediate result of each step in Hi3D. Right: Result without RGB refinment:
directly from NeRF stage to DMTet stage.

that by Magic3D. This underscores Hi3D’s efficiency in generating high-quality 3D objects. We also
showcase more examples in Fig[T]

Quantitative results. To quanti- Table 2: Training cost (normalized A100 GPU hours) com-

tat}ve;ly compare our 'n.lethod. with parison between our Hi3D and other methods.
existing ones, we utilize reimple-

mentations of DreamFusion [31]

and Magic3D [9] based on Stable- Methods . , Overall NeRF RGB Refine DMTet Refine
DreamFusion [36]], as their official im- ﬁfg{;‘fﬁ[‘;’f lel 25;';1 824 ) 13
plementations are not publicly acces-  Fantasia3D [25] 3 17 . 13
sible. We first select 86 text prompts  Hi3D (Ours) 0.8 0.2 0.3 0.3

from DremFusion, Magic3D and Ob-
javerse and use these prompts to gen-
erate 3D objects using various methods. It’s worth noting that existing methods, such as Stable-
DreamFusion, can be quite unstable, often resulting in training collapse or excessively noisy objects.
To circumvent this, we retry the same prompt up to three times. If after three attempts, a valid object
is not generated, we consider this a failure for the method on that particular prompt. Following the
generation, two independent annotators are tasked with selecting the best object from among all the
methods we should considering. Their selections are only recorded when both annotators agree. In
cases of disagreement, a third annotator is brought in to make the final assessment. As presented in
Tab[T] our method consistently outperforms existing other methods, achieving an overall favorability
of 82.6%. We’d like to note that quantitative comparisons with the official models of DreamFusion
and Magic3D are not conducted due to the unavailability of their implementations.
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Cost breakdown. We also provide a detailed analysis )

of the cost breakdown for our method compared to other “eream sundae
existing methods. Because different methods utilize dif- -
ferent hardware, we use training cost in their papers and
convert it to the equivalent running time on a single A100
GPU. More details about conversion can be found in sup-
plementary details. We divide the overall cost into three
components: NeRF optimization, RGB refinement, and
DMTet refinement, as shown in Tab]Zl For methods that
do not have a certain stage, we leave that field blank. Our 2 nice ; ﬁ ‘
model, thanks to the introduction of 3D priors and cascade m‘/\ T cream sundae 4 ¢¢'e§
refinement, achieve a faster spe§d even with more stages, —~ - \? \gf
as can be seen from the comparison. 'B i

an ice
cream sundae

S

Controllable 3D generation with image guidance. We Image  Prompt & Point Cloud 3D
demonstrate the controllability of our 3D generation. As

illustrated in Figl6] given the same text prompt but dif- Figure 6: Image-driven 3D controllabil-
ferent images, Hi3D can generate distinct 3D results that ity generation process.

correspond to the content of the images. This provides the

user with more controllability over the final object generation. Moreover, our model can work with
foundation vision models, such as SAM [34] and BLIP-2 [35]], to generate 3D objects directly from
2D images. More results can be found in the supplementary details.



S Ablation Study

Intermediate results in Hi3D. As Hi3D is a multi-stage hierarchical pipeline, we show the interme-
diate result of each step in Fig[7] Starting with text prompts, Hi3D gets point clouds with similar
semantic to prompt and consistent content to image. The NeRF stage, benefiting from the 3D prior
provided by the point cloud, effectively produces 3D geometry that closely resembles the input point
cloud. From the RGB refinement stage to the DMTet refinement stage, there is a noticeable increase
in texture detail. While the RGB refinement primarily enhances color information, the DMTet stage
further refines the model by adding more fine-grained texture details.

Ablation on texture refinement. We further
conducted an ablation study to examine the ef-
fect of excluding the RGB refinement stage. As
seen in the last column of Fig[7] the models gen-
erated using only the DMTet refinement process
without preceding RGB refinement, underper-
form compared to those subjected to both stages.
This observation underscores the significance of
the RGB refinement phase in our model.

Ablation on 3D prior. Training a 3D NeRF
using SDS can be unstable because the 2D su- an elephant placing some leaves a blue motorbike has a
pervision from 2D diffusion models can often i ot it s trunk - pigeon inight - minnesota license plate
correspond to multiple 3D geometries. This phe-
nomenon is exemplified in the first row of Fig[8]
where the generated objects may develop along
two different geometric optimization directions,
a situation we refer to as the "dual-head" problem. Our Hi3D method tackles this challenge by incor-
porating a point cloud as a 3D prior, significantly enhancing the training stability. This improvement
is illustrated in the second row of Fig[§]

w/o 3D Prior

w/ 3D Prior

Figure 8: Effectiveness of initialization and shape
guidance.

6 Limitation

While Hi3D demonstrates impressive efficiency in producing high-quality 3D objects from a variety
of text prompts, it does have a few limitations. (1) The quality of point clouds generated by Point-E
greatly influences subsequent stages and the final 3D outcomes. The capability to obtain a valid 3D
object starting with a suboptimal point cloud remains a point of uncertainty. (2) While coarse point
clouds exhibit excellent control over geometry, their ability to manage color and texture is limited.
This is due to the fact that texture requires dense guidance, which the point cloud cannot sufficiently
provide. The current model might produce textures that are not entirely consistent with the original
point cloud’s color, leading to possible discrepancies in the final 3D object’s appearance.

7 Conclusion

In this work, we introduce an efficient hierarchical framework for the progressive optimization of 3D
objects’ geometry and texture. Our approach begins with the use of a sparse point cloud, generated by
Point-E, as a prior to initialize the geometric space occupancy of Latent-NeRF. We propose adaptive
shape guidance to balance the use of 3D prior and the expressive capability of NeRF. Upon obtaining
a valid geometry, we enrich it with precise color information through RGB refinement and optimize
the surface for finer details using DMTet. Our Hi3D model demonstrates significant improvements
over existing methods in terms of efficiency, controllability, and geometric stability.
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A Pseudo code

We show our Hi3D pipeline in the pseudo-code as follows. We will open-source our codes and
models in the future.

Algorithm 1 Hi3D pipeline
Input: X, 0, Fo, UNet, Xpop, Apcp, Ts, § # X, 0 means position and direction sampled in
NeRF. Fg is an MLP which takes X, 6 as input and outputs latent feature C' and density o.
Xpep is the distribution of points in the prior point cloud. Apcp is the weighting function over
loss Lpcop. Ty is threshold for judging whether points are on the surface of the prior point cloud.
d is used to compute the occupancy («) of NeRF.
function BATCH-UPDATING(X, 0, Fg)

# Initialization.

Xpop ¢ SPLATTING(X pop)

DENSITY-SCALING(X) + X pep

# Get Latent Feature of View Rendered From NeRF.
C, o<+ Fog (X, 0)

PRID A 2

9: # Calculate The Losses.
10: Lsps < SDS-Loss(C)
11: Lpcp < PCD-Loss(X, o)

12: L+ Lsps+ ApcpLpcp

13:

14: # Update The Network Initialization.
15: Fo <+ BACKWARD-UPDATE(Fp, L)
16:  Xpep  UPDATING(X pep)

17: end function

18:

19: function SDS-L0ss(C)
20: T, € < ADD-NOISE(C, t)

21: € +— PREDICT-NOISE(U Net, x;,t)

22: Lsps < €—c¢

23: return LSDS

24: end function

25:

26: function PCD-Lo0SS(X, o)

27: # Get Sampling Points Close to Surface of Point Cloud. d denotes the minimum distance

from the sampling point to the point cloud in the NeRF space.
28: d < MIN-DIST(X, Xpcp)

29: sur face_inds + d < Ty

30:

31: # Loss between Occupancy of NeRF and Point Cloud.
32: ONeRF 1 — e 0x0

33: ONeRF <—CLAMP(ON€RF,min=O,ma$ =1.1)
34: Lpcp + CE-LOSS(Onerr, Xpep) X(1 —6_%)
35: return Lpcp

36: end function

37:

B Segment Anything Hi3D

Our Hi3D is able to collaborate with other computer vision foundation models, such as Segment
Anything (SAM) [37]]. As indicated in Fig.[9] we first use SAM to extract the instance of our interest
from the original image. Then we use an image captioning model, such as BLIP-2 [33], to get the
corresponding text description of the instance image. The instance image is also used in Point-E
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Figure 9: The SAM-Hi3D pipeline allows our Hi3D to work seamlessly with the foundational vision
model, Segment Anything (SAM). This collaboration empowers users to create personalized 3D
assets from common input images.

image-to-point-cloud model to generate the point cloud (See Section 3.2). The prompt is used as
guidance to supervise the optimization of the entire Hi3D process. This sequence of steps is identified
as the SAM-Hi3D pipeline. It has the capability to generate personalized 3D objects from an ordinary
initial image.

C GPU cost conversion

As different text-3D frameworks utilize varying hardware to train their models, it creates a challenge
to perform a fair comparison among the existing methodologies. For instance, DreamFusion [6]]
utilizes 4 TPUv4 cores, while Magic3D [9] employs 8 A100 GPUs, and Fantasia3D [25]] makes use
of 8 RTX3090 GPUs. In order to facilitate a fair comparison, we standardize all the costs to A100
GPU hours. Specifically, we equate 1 TPUv4 Hour to 1.4 A100 GPU Hours EL and 1 RTX 3090 Hour
to 0.5 A100 GPU Hours El It is worth noting that the costs associated with parallel computing are
overlooked in this comparison. Hence, we assume that one hour of training with 8 A100 GPUs is
equivalent to eight hours of training with a single A100 GPU.

*https://cloud.google.com/blog/products/ai-machine-learning/cloud-tpu-v4-mlperf-2-0-results
>https://bizon-tech.com/gpu-benchmarks/NVIDIA-RTX-3090-vs-NVIDIA-A 100-40-GB-(PCle)/579vs592
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