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Abstract

Score distillation sampling (SDS) has shown great promise in text-to-3D gen-
eration by distilling pretrained large-scale text-to-image diffusion models, but
suffers from over-saturation, over-smoothing, and low-diversity problems. In this
work, we propose to model the 3D parameter as a random variable instead of a
constant as in SDS and present variational score distillation (VSD), a principled
particle-based variational framework to explain and address the aforementioned
issues in text-to-3D generation. We show that SDS is a special case of VSD and
leads to poor samples with both small and large CFG weights. In comparison,
VSD works well with various CFG weights as ancestral sampling from diffu-
sion models and simultaneously improves the diversity and sample quality with
a common CFG weight (i.e., 7.5). We further present various improvements in
the design space for text-to-3D such as distillation time schedule and density
initialization, which are orthogonal to the distillation algorithm yet not well ex-
plored. Our overall approach, dubbed ProlificDreamer, can generate high rendering
resolution (i.e., 512 x 512) and high-fidelity NeRF with rich structure and com-
plex effects (e.g., smoke and drops). Further, initialized from NeRF, meshes
fine-tuned by VSD are meticulously detailed and photo-realistic. Project page:
https://ml.cs.tsinghua.edu.cn/prolificdreamer/.

1 Introduction

3D content and technologies enable us to visualize, comprehend, and interact with complex objects
and environments that are reflective of our real-life experiences. Their pivotal role extends across a
wide array of domains, encompassing architecture, animation, gaming, and the rapidly evolving fields
of virtual and augmented reality. In spite of the extensive applications, the production of premium 3D
content often remains a formidable task. It necessitates a significant investment of time and effort,
even when undertaken by professional designers. This challenge has prompted the development of
text-to-3D methods [19, 1311134} 20l 14, 29,55 [16]]. By automating the generation of 3D content based
on textual descriptions, these innovative methods present a promising way towards streamlining
the 3D content creation process. Furthermore, they stand to make this process more accessible,
potentially encouraging a significant paradigm shift in the aforementioned fields.
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(a) Proli cDreamer can generate meticulously detailed and photo-realistic 3D textured meshes.

(b) Proli cDreamer can generate high rendering resolution &2 512) and high- delity NeRF with
rich structures and complex effects. Besides, the bottom results show that Proli cDreamer can generate
complex scenes witB60 views because of owscene initializatior(see Sec. 4.2).

(c) Proli cDreamer can generate diverse and semantically correct 3D scenes given the same text.

Figure 1: Text-to-3D samples generated by Proli cDreamer from scratch. Our base model is Stable
Diffusion and we do not employ any other assistant model or user-provided shape guidance (see
Table 1). See our accompanying videos in our project page for better visual quality.



Diffusion models §6, 14, 49] have signi cantly advanced text-to-image synthe$&§, 41, 38, 1],
particularly when trained on large-scale datasé® [Inspired by these developments, DreamFu-
sion [34] employs a pretrained, large-scale text-to-image diffusion model for the generation of 3D
content from text in the wild, circumventing the need for any 3D data. DreamFusion introduces
the Score Distillation Sampling (SDS) algorithm to optimize a single 3D representation such that
the image rendered from any view maintains a high likelihood as evaluated by the diffusion model,
given the text. Despite its wide applicatic®( 4, 29, 55], empirical observations3f] indicate that

SDS often suffers from over-saturation, over-smoothing, and low-diversity problems, which have
yet to be thoroughly explained or adequately addressed. Additionally, orthogonal elements in the
design space for text-to-3D, such as rendering resolution and distillation time schedule, have not been
fully explored, suggesting a signi cant potential for further improvement. In this paper, we present a
systematic study of all these elements to obtain elaborate 3D representations.

We rst presentVariational Score Distillation(VSD), which treats the corresponding 3D scene given

a textual prompt as eandom variableinstead of a single point as in SD34]. VSD optimizes

a distribution of 3D scenes such that the distribution induced on images rendered from all views
aligns as closely as possible, in terms of KL divergence, with the one de ned by the pretrained 2D
diffusion model (see Sec. 3.1). Under this variational formulation, VSD naturally characterizes the
phenomenon that multiple 3D scenes can potentially align with one prompt. To solve it ef ciently,
VSD adopts particle-based variational inferen2g B, 9], and maintains a set of 3D parameters

as particles to represent the 3D distribution. We derive a novel gradient-based update rule for the
particles via the Wasserstein gradient ow (see Sec. 3.2) and guarantee that the particles will be
samples from the desired distribution when the optimization converges (see Theorem 2). Our update
requires estimating the score function of the distribution on diffused rendered images, which can be
ef ciently and effectively implemented by a low-rank adaptation (LoRA3,[40] of the pretrained
diffusion model. The nal algorithm alternatively updates the particles and score function.

We show that SDS is a special case of VSD, by using a single-point Dirac distribution as the variational
distribution (see Sec. 3.3). This insight explains the restricted diversity and delity of the generated
3D scenes by SDS. Moreover, even with a single particle, VSD can learn a parametric score model,
potentially offering superior generalization over SDS. We also empirically compare SDS and VSD in
2D space by using an identity rendering function that isolates other 3D factors. Similar to ancestral
sampling from diffusion models, VSD is able to produce realistic samples using a normal CFG weight
(i.e., 7.5). In contrast, SDS exhibits inferior results, sharing the same issues previously observed in
text-to-3D, such as over-saturation and over-smoothing [34].

We further systematically study other elements orthogonal to the algorithm for text-to-3D and present
a clear design space in Sec. 4. Speci cally, we propose a high rendering resolufib® of512

during training and an annealed distilling time schedule to improve the visual quality. We also
proposescene initializationwhich is crucial for complex scene generation. Comprehensive ablations
in Sec. 5 demonstrate the effectiveness of all the aforementioned elements particularly for VSD. Our
overall approach can generate high- delity and diverse 3D results. We ternPibéisDreamer?.

As shown in Fig. 1 and Sec. 5, Proli cDreamer can genedt2 512rendering resolution and
high- delity Neural Radiance Fields (NeRF) with rich structure and complex effects (e.g., smoke
and drops). Besides, for the rst time, Proli cDreamer can successfully construct complex scenes
with multiple objects ir360 views given the textual prompt. Further, initialized from the generated
NeRF, Proli cDreamer can generate meticulously detailed and photo-realistic 3D textured meshes.

2 Background

We present preliminaries on diffusion models, score distillation sampling, and 3D representations.

Diffusion models. A diffusion model §6, 14, 49] involves a forward procedsy g;» o;1) to gradually
add noise to a data poiry  p(Xo) and a reverse procesp; g2 o;1) t0 deppise/generate data. The
forward process is de ned b (X¢jXo) = N ( Xo; Z1)andq(Xt) = G (XtjXo0)0(X0)dXo,
where ; > 0are hyperparameters satisfying 1, ¢ 0; 1 0; 1 1;andthe reverse
process is de ned by denoising from(x1) = N (0;1) with a parameterizedoise prediction

2A proli c dreamer is someone who experiences vivid dreams quite regua@ly\vhich corresponds to the
high- delity and diverse results of our method.



network (X;t) to predict the noise added to a clean dagawhich is trained by minimizing

Loit( ) = Ex, qomxo)tu 1) N ol K (txo+ ) K3 (1)
where! (t) is a time-dependent weighting function. After training, we hpyve ¢ and thus we can
draw samples frompy  @o. Moreover, the noise prediction network can be used for approximating
thescore functiorof bothg andp; by r «, logg (X)) r «, logp:(X¢) (Xt;0)=¢.

One of the most successful applications of diffusion models is text-to-image gene#iti&6,[38],
where the noise prediction model(x; t;y) is conditioned on a text prompt In practice, classi er-
free guidance (CFGLH)) is a key technique for trading off the quality and diversity of the samples,
which modi es the model by* (x¢;t;y) =1+ s) (X¢;t;y) s (Xt ?), where? is a special
“empty” text prompt representing for the unconditional case,sardO is the guidance scale. A larger
guidance scale usually improves the text-image alignment but reduces diversity.

Text-to-3D generation by score distillation sampling (SDS)34]. SDS is an optimization method
by distilling pretrained diffusion models, also known as Score Jacobian Chaining (&)Q} [s
widely used in text-to-3D generatiof4, 55, 20, 29, 55, 4] with great promise. Given a pretrained
text-to-image diffusion modgd (x+jy) with the noise prediction networkyetaidXt;t;y), SDS
optimizes a single 3D representation with paramet@r , where is the space of with the
Euclidean metric. Given a camera parameteith a distributionp(c) and a differentiable rendering
mappingg( ;c): ! RY, denotey® as the View-dependent prompit34] (i.e., a text prompt with
view information),q (Xtjc) as the distribution at timeof the forward diffusion process starting from
the rendered imagg( ; c) with the camera and 3D parameter. SDS optimizes the parameteby
solving

min Lsos( ) = Exe (+= o)! ()Dku (G (XeJ€) kpe(xejy©)) 2
wheret U (0:02,0:98), N (0;1),andx; = g(;c)+  .Itsgradientis approximated by

r Lsos( ) Et ¢ ! (t)( pretrair(xt;t;yc) )@EC) @)

Notwithstanding this progress, empirical observati@# ghow that SDS often suffers from over-
saturation, over-smoothing, and low-diversity issues, which have yet to be thoroughly explained or
adequately addressed.

3D representations.We employ NeRF30, 32] (Neural Radiance Fields) and textured me4H as

two popular and important types of 3D representations. In particular, NeRF represents 3D objects
using a multilayer perceptron (MLP) that takes coordinates in a 3D space as input and outputs
the corresponding color and density. Heresorresponds to the parameters of the MLP. Given
camera pose, the rendering procesy ; c) is de ned as casting rays from pixels and computing the
weighted sum of the color of the sampling points along each ray to composite the color of each pixel.
NeRF is exible for optimization and is capable of representing extremely complex scenes. Textured
mesh B5] represents the geometry of a 3D object with triangle meshes and the texture with color on
the mesh surface. Here the 3D parameteonsists of the parameters to represent the coordinates of
triangle meshes and parameters of the texture. The rendering pgfcassgiven camera poseis

de ned by casting rays from pixels and computing the intersections between rays and mesh surfaces
to obtain the color of each pixel. The textured mesh allows high-resolution and fast rendering with
differentiable rasterization.

3 Variational Score Distillation

We now present Variational Score Distillation (VSD) (see Sec. 3.1) that learns to sample from a
distribution of the 3D scenes. By using 3D parameter particles to represent the target 3D distribution,
we derive a principled gradient-based update rule for the particles via the Wasserstein gradient ow
(see Sec. 3.2). We further show that SDS is a special case of VSD and constructs an experiment in
2D space to study the optimization algorithm isolated from the 3D representations, explaining the
practical issues of SDS both theoretically and empirically (see Sec. 3.3).

3.1 Sampling from 3D Distribution as Variational Inference

In principle, given a valid text promt, there exists a probabilistic distribution of all possible 3D
representations. Under a 3D representation (e.g., NeRF) parameterizeslioh a distribution can



Figure 2: Overview of VSD. The 3D representation is differentiably rendered at a randoro. pose
The rendered image is sent to the pretrained diffusion and the score of the variational distribution
(estimated by LoRA) to compute the gradient of VSD. LoRA is also updated on the rendered image.

be modeled as a probabilistic densitf jy). Denoteq, (Xojc;y) as the (implicit) distribution of
the rendered imagey = g( ;c) given the camerawith the rendering functiog( ; ¢), and denote
Po(X0jy®) as the marginal distribution df= 0 de ned by the pretrained text-to-image diffusion
model with the view-dependent promyft To obtain 3D representations of high visual quality, we
propose to optimize the distributionto align the rendered images of its samples with the pretrained
diffusion model in all views by solving

min D (g (XojC; y) K Po(X0jy®)): 4)

This is a typical variational inference problem that uses the variational distribgiomnjc; y) to
approximate (distill) the target distributiqa (X ojy°®).

Directly solving problen(4) is hard becauspg, is rather complex and the high-density regionp®f

may be extremely sparse in high dimensidi|[ Inspired by the success of diffusion modelg,[49],

we construct a series of optimization problems with different diffused distributions indexed by

Ast increases td, the optimization problem becomes easier because the diffused distributions get
closer to the standard Gaussian. We simultaneously solve an ensemble of these problems (termed as
variational score distillatioror VSD) as follows:

=argmin Egc [( ¢= ¢)! (1)Dke (6 (XiJCiy) K pe(Xejy)]; (5)

. R . . . R . .
whereq (X¢jc;y) = Gy (XojC;Y)Pro(XtjX0)dXo andp(Xjy®) = = Po(Xojy°)Pro(XtjX0)dXo
are the corresponding noisy distributions at timeith the Gaussian transitiopo(X(jXo) =
N (X¢j tXo; ZI1),and! (t) is a time-dependent weighting function.

Compared with SDS that optimizes for the single poin¥SD optimizes for the whole distribution
, from which we sample. Notably, we prove that introducing the additional KL-divergence for
t > 0in VSD does not affect the global optimum of the original problem (4), as shown below.

Theorem 1(Global optimum of VSD, proof in Appendix C.4.For eacht > 0, we have
Diu (6 (xtCiy) kpi(x4jy9) =0, dy(XoiC;y) = Po(Xojy®): (6)

3.2 Update Rule for Variational Score Distillation

To solve problent5), a direct way can be to train another parameterized generative modelldot it
may bring much computation cost and optimization complexity. Inspired by previous particle-based
variational inferenceZ3, 3, 9] methods, we maintain 3D parametefsf g, as particles and derive
a novel update rule for them. Intuitively, we useglL, to “represent” the current distribution and

(1) will be samples from the optimal distribution if the optimization converges. Such optimization
can be realized by simulating an ODE w.r.t.as shown in the following theorem.

Theorem 2 (Wasserstein gradient ow of VSD, proof in Appendix .Cytarting from an initial
distribution ¢, denote the Wasserstein gradient ow minimizing probi@in the distribution
(function) space ateachtime Oasf g owith ; = . Thenwe cansample from by

3We optimize up ton = 4 particles due to the computation resource limit. See details in Appendix D.3.



(a) SDS [34] (CFG = 7.5) (b) SDS [34] (CFG = 100)

(c) Ancestral sampling [27] (CFG = 7.5) (d) VSD (CFG = 7.5purs)

Figure 3: Samples of different methods in 2D space. Similarly to ancestral sampling, VSD generates
realistic images with a common CFG weight of 7.5 and outperforms SDS signi cantly. The prompts
from left to right arehamburger horse anda monster truckrespectively. See details in Appendix G.

rstly sampling o o( ojy) and then simulating the following ODE:

d _ h . @ 9
r Bt ! (D) | tlh x, kigpt(xtly; f th x, |0%70¢ (XtJC,Y)% —e (7)

score of noisy real images score of noisy rendered images

whereq is the corresponding noisy distribution at diffusion time.r.t.  at ODE time .

According to Theorem 2, we can simulate the ODE in &) for a large enough to approximately
sample from the desired distribution. The ODE involves the score function of noisy real im-
ages and that of noisy rendered images at eacH tim&@he score function of noisy real images
tr x, logp:(Xtjy®) can be approximated by the pretrained diffusion mogelaidXt;t;y°¢). The
score function of noisy rendered images;r «, logg (X:jc;y) is estimated by another noise
prediction network (x¢;t; c;y), which is trained on the rendered imagesfb¥’ g, with the
standard diffusion objective (see Eq. (1)):
X h _ i
min - Eiy o N e po K (900 citay) K )
i=1
In practice, we parameterize by either a small U-Netj9] or a LORA (Low-rank adaptatiori8, 40])
of the pretrained modelyeraiX¢; t;¥©), and add additional camera parametéo the condition
embeddings in the network. In most cases, we nd that using LORA can greatly improve the delity
of the obtained samples (e.g., see results in Fig. 1). We believe that it is because LoRA is designed
for ef cient few-shot ne-tuning and can leverage the prior information jeain (the information of
both images and text corresponding/jo
Note that at each ODE time we need to ensure matches the current distributiap . Thus, we
optimize and () alternately, and each particl€) is updated by ) O Lygp( V),
where > 0is the step size (learning rate). According to Theorem 2, the corresponding gradient is

@(;c) .
@ 1
wherex; = (g(;c)+ t . Weshow the approach of VSD in Fig. 3 (see pseudo code in Appendix E).

r Lvso( ), Eg ¢ ' (t)( pretraidXe; Y°) (xt;t;cry)) 9)

3.3 Comparison with SDS

We now systematically compare VSD with SDS in both theory and practice.

“Note that we have two variables of time: one is the diffusion tir8e[0; T] and the other is the gradient
ow time , corresponding to the optimization iteration for each



Table 1: Design space of text-to-3D via 2D diffusion. We highlight the contributions of this paper
that improve the delity, diversity and ability to generate complex scenes byand? respectively.

Method DreamFusion [34] Magic3D [20] Fantasia3D [4] Ours

NeRF Representation

Resolution 64 64 - 512

Backbone mipNeRF360 [2] Instant NGP [32] - Instant NGP [32]
Initializatior? Object Object - Object / Scene initialization
NeRF Training

Base model Imagen [41] eDiff-1[1] - Stable Diffusion [38]
Number of particles 1 1 - 114

Distillation objective’  SDS (Eg. (3)) SDS (Eqg. (3)) VSD (Eq. (9))

CFG 100 100 - 7.5

Time schedule U(0:02; 0:98) U(0:02; 0:98) - U(0:02,0:98) ! U (0:02 0:5)
Mesh Representation

Initialization - From NeRF Handcrafted From NeRF

Texture and geometry - Entangled Disentangled Disentangled

Mesh Training

Distillation objective’ - SDS (Eq. (3)) SDS (Eq. (3)) VSD (Eq. (9)

CFG - 100 100 7.5

SDS as a special case of VSOheoretically, comparing the update rules of SDS (89). and VSD
(Eq.(9)), SDS is a special case of VSD by using a single-point Dirac distribut{ofy) ( @)

as the variational distribution (see Appendix C.3 for derivation). In particular, VSD not only employs
potentially multiple particles but also learns a parametric score functi@ven for a single particle
(i.e.,n =1). Empirically, the learned neural network may potentially offer superior generalization
ability over the Dirac distribution in SDS, thus it may provide more accurate updating directions in
low-density regions. Moreover, by using LORA, VSD can additionally exploit the text prgrimpthe
estimation (X¢;t; c;y), while the Gaussian noiseused in SDS cannot leverage the information
fromy. Thus, VSD may provide samples which are more aligned with the prgmpt

VSD is friendly to CFG. As VSD aims tosample from the optimal de ned by the pretrained
model prerrain the effects by tuning the CFG inyewrainfor 3D sampling by VSD are quite similar to

2D sampling by the traditional ancestral sampling methdds37]. Therefore, VSD can tune CFG

as exibly as the classic text-to-image methods, and we use the same setting of CFBH)eag.the
common text-to-image generation task for the best performance. To the best of our knowledge, this
for the rst time addresses the problem in previous SB§ RO, 4, 29] that it usually requires a large

CFG (i.e.,100).

VSD vs. SDS in 2D experiments that isolate 3D representationslo directly compare SDS

and VSD, we consider a special case of the rendering fungtionto decouple the optimization
algorithm from 3D representations. In particular, wegetc) for anyc. Then the rendered
imagex = g(;c) = isthe same 2D image as In such a case, optimizing the parametés
equivalent to generating an image in 2D space, thereby independent of the 3D representation. We
show the results of different sampling methods in Fig. 3. SDS exhibits failure under both small
and large CFG weights. Particularly with the default CFG weight (i.e., 100) used in SDS, the 2D
samples share the same issues previously observed in text-to-3D such as over-saturation and over-
smoothing B4]. In contrast, VSD demonstrates exibility in accommodating various CFG weights
and produces realistic samples using a normal CFG weight (i.e., 7.5), behaving similarly to ancestral
sampling from diffusion models. See more details and analysis in Appendix G.

As other 3D factors are isolated in this comparison, these theoretical and empirical results suggest that
the aforementioned practical issues of S3g tem from the oversimpli ed variational distribution

and large CFG employed by SDS. Such results strongly motivate us to employ VSD for text-to-3D
generation, where it still substantially and consistently outperforms SDS (see evidence in Sec 5).

4  Proli cDreamer

We further present a clear design space for text-to-3D in Sec. 4.1 and systematically study other
elements orthogonal to the distillation algorithm in Sec. 4.2. Combining all improvements highlighted
in Tab. 1, we arrive aProli cDreamer, an advanced text-to-3D approach.



Figure 4: Comparison with baselines. Our results have higher delity and more details.

4.1 Design Space of Text-to-3D Generation

We adopt the two-stage approach [20], with several improvements in the design space of text-to-3D
generation as summarized in Table 1. Speci cally, in the rst stage, we optimize a high-resolution
(e.g.,512 NeRF by VSD to utilize its high exibility for generating scenes with complex geometry.

In the second stage, we use DMT4B] to extract textured mesh from the NeRF obtained in the rst
stage, and further ne-tune the textured mesh for high-resolution details. The second stage is optional
because both NeRF and mesh have their own advantages in representing 3D content and are preferred
in certain cases. Nevertheless, Proli cDreamer can generate both high- delity NeRFs and meshes.

4.2 3D Representation and Training

We systematically study other elements orthogonal to the algorithmic formulation. Speci cally, we
propose a high rendering resolutions#2 512 during training and an annealed distilling time
schedule to improve the visual quality. We also carefully design a scene initialization, which is crucial
for complex scene generation.

High-resolution rendering for NeRF training. We choose Instant NGB for ef cient high-
resolution rendering and optimize NeRF with up to 512 training resolution using VSD. By applying
VSD, we obtain high- delity NeRFs with resolutions varying fraéd to 512

Scene initialization for NeRF training. We initialize the density for NeRF as.ii( ) = (1

1Mz) where is the density strength,is the density radius, and is the coordinate. For object-
centric scenes, we follow thebject-centric initializationused in Magic3D 20] with =10

andr = 0:5; For complex scenes, we propaseene initializatiorby setting = 10to make

the density “hollow” andr = 2:5 that encloses the camera. We show in Appendix D that the
scene initialization can help to generate high- delity complex scenes without other modi cations
to the existing algorithm. In addition, we can further add a centric object to the complex scene
by using object-centric initialization fgy jjo» < 5=6 and scene initialization for others, where the
hyperparametes=6 ensures the initial density function is continuous.

Annealed time schedule for score distillation.We utilize a simple two-stage annealing of time
stept in the score distillation objective, suitable for both SDS (&) and VSD (Eq{(9)). For the

rst several steps we sample time stapsU (0:02; 0:98) and then anneal into U (0:02; 0:50).

The key insight is that, essentially, we aim to match the origipék ojc; y) with po(Xojy©). The
KL-divergence for larget can provide reasonable optimization direction during the early stage of
training. During training, whilex is approaching the support p§(x jy©), a smalleit can narrow

the gap betweep, (x jy¢) andpo(x jy°©), and provide elaborate details aligning wig(x jy°©).

Mesh representation and ne-tuning. We adopt a coordinate-based hash grid encoder inherited
from NeRF stage to represent the mesh texture. We follow Fantasi§3 flisentangle the



(1) 64 rendering (2) + 512 rendering (3) + Annealed (4) +VSD

Figure 5: Ablation study of proposed improvements for high- delity NeRF generation. The prompt is
an elephant skull(1) The common setting8f, 20] adopts64 rendering resolution and SDS loss. (2)

We improve the generated quality by increasing the rendering resolution. (3) Annealed time schedule
adds more details to the generated result. (4) VSD makes the results even better with richer details.

optimization of geometry and texture by rst optimizing the geometry using the normal map and
then optimizing the texture. In our initial experiments, we nd that optimizing geometry with VSD
provides no more details than using SDS. This may be because the mesh resolution is not large
enough to represent high-frequency details. Thus, we optimize geometry with SDS for ef ciency.
But unlike Fantasia3D4], our texture optimization is supervised by VSD with CFG = 7.5 with the
annealed time schedule, which can provide more details than SDS.

5 Experiments

5.1 Results of Proli cDreamer

We show the generated results of Proli cDreamer in Fig. 1(a) and 1(b), including high- delity mesh
and NeRF results. All the results are generated by VSD. For all experiments without mentioned,
VSD usesn = 1 particle for a fair comparison with SDS. In Fig. 1(c), we also demonstrate VSD can
generate diverse results, showing that different particles in a round are diverse @with.

Object-centric generation. We compare our method with three SOTA baselines, DreamFu3#n [
Magic3D [20] and Fantasia3D4]. All of the baselines are based on SDS. Since none of them is
open-sourced, we use the gures from their papers. As shown in Fig. 4, Proli cDreamer generates
3D objects with higher delity and more details, which demonstrates the effectiveness of our method.

In appendix, we add user study (Section J) and quantitative results (Section K) of Proli cDreamer
against the baselines to demonstrate the effectiveness of our method.

Large scene generation.As shown in Fig. 1(b), our method can gener2®® scenes with high-
delity and ne details. The depth map shows that the scenes have geometry instead of Béibg a
textured sphere, verifying that with our scene initialization alone we can generate high- delity large
scenes without much modi cation to existing components. See more results in Appendix B.

5.2 Ablation Study

Ablation on NeRF training. Fig. 5 provides the ablation on NeRF training. Starting from the
common setting34, 20] with 64 rendering resolution and SDS loss, we ablate our proposed improve-
ments step by step, including increasing resolution, adding annealed time schedule, and adding VSD
all improve the generated results. It demonstrates the effectiveness of our proposed components. We
provide more ablation on large scene generation in Appendix D, with a similar conclusion.

Ablation on mesh ne-tuning. We ablate between SDS and VSD on mesh ne-tuning, as shown
in Appendix D. Fine-tuning texture with VSD provides higher delity than SDS. As the ne-tuned
results of textured mesh are highly dependent on the initial NeRF, getting a high-quality NeRF at the
rst stage is crucial. Note that the provided results of both VSD and SDS in mesh ne-tuning are
based on and bene t from the high- delity NeRF results in the rst stage by our VSD.

Ablation on CFG. We perform ablation to explore how CFG affects generation diversity. We nd
that smaller CFG encourages more diversity. Our VSD works well with small CFG and provides



considerable diversity, while SDS cannot generate plausible results with small CFG:&,guhich
limits its ability to generate diverse results. Results and more details are shown in Appendix H.

6 Related Works

Diffusion models. Score-based generative modé[49] and diffusion modelsT4] have shown
great performance in image synthedid,[7]. Recently, large-scale diffusion models have shown
great performance in text-to-image synthe8i§ 41, 38|, which provides an opportunity to utilize it
for zero-shot text-to-3D generation.

Text-to-3D generation. DreamField 19 proposes a text-to-3D method using CLBH] guidance.
DreamFusion34] proposes a text-to-3D method using 2D diffusion models. Score Jacobian Chaining
(SJC) b5 derives the training objective of text-to-3D using a 2D diffusion model from another theo-
retical basis. Magic3D [20] extends text-to-3D to a higher resolution with mesh [45] representation.
Latent-NeRF 29 optimizes NeRF in latent space. Fantasiad@Poptimizes a mesh with DMTet]

from scratch. Although Fantasia3D achieves remarkable zero-shot text-to-3D generation, it requires
user-provided shape guidance for the generation of complex geonigfiprppose score debiasing

and prompt debiasing to mitigate multiface problem and is orthogonal to our work. TextSB®sh [

is contemporary with us and proposes a different pipeline for high- delity text-to-3D generation.
3DFuse §4] proposes to incorporate 3D awareness into 2D diffusion for better 3D consistency in
text-to-3D generation. In addition, adjusting time schedule has also been discussed in previous
works [12, 55]. However, previous works either require carefully devising the sched2leof
perform inferior to the simple random time scheddg][ Instead, our 2-stage annealing schedule is
easy to train and achieves better generation quality than the random time schedule.

Text-driven large scene generation. Text2Room 6] generates indoor rooms from a given prompt.
However, it uses additional monocular depth estimation models as prior, and we do not use any
additional models. Our method generates the wild text prompt and uses only a text-to-image diffusion
model. Set-the-scené][is a contemporary work with us aimed at large scene generation with a
different pipeline. Overall, Proli cDreamer uses an advanced optimization algorithm, i.e, VSD with
our proposed two-stage annealed time schedule, which has a signi cant advantage over the previous
SDS/ SJC (see Appendix C.3 for details). As a result, Proli cDreamer achieves high- delity NeRF
with rich structure and complex effects (e.g., smoke and drops) and photo-realistic mesh results.

7 Conclusion

In this work, we systematically study the problem of text-to-3D generation. In terms of the algorithmic
formulation, we propose variational score distillation (VSD), a principled particle-based variational
framework that treats the 3D parameter as a random variable and infers its distribution. VSD
naturally generalizes SDS in the variational formulation and addresses the practical issues of SDS
observed before. With other orthogonal improvements to 3D representations, our overall approach,
Proli cDreamer, can generate high- delity NeRF and photo-realistic textured meshes.

Limitations and broader impact. Although Proli cDreamer achieves remarkable text-to-3D results,

the generation takes hours of time, which is much slower than image generation by a diffusion model.
Although large scene generation can be achieved with our scene initialization, the camera poses
during training are regardless of the scene structure, which may be improved by devising an adaptive
camera pose range according to the scene structure for better-generated details. Moreover, due to
the limited expressiveness of the base 2D model, the generation for complex prompts may fail, and
the generated samples may have multi-face Janus probigrim[some cases because of the poor
text-image alignment for the view-dependent prompts. In addition, content creation by generative
models may cause harmful social impacts on the labor market. Also, like other generative models,
our method may be utilized to generate fake and malicious contents, which needs more caution.
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A Additional Experiment Results of 3D Textured Meshes

Figure 6: More results of Proli cDreamer of 3D textured meshes.

We provide more results of Proli cDreamer of 3D textured meshes in Fig. 6 and Fig. 7.
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Figure 7: More results of Proli cDreamer of 3D textured meshes.
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Figure 8: Results of high quality NeRF from Proli cDreamer. Compared with DreamFusion, our
Proli cDreamer generates better NeRF results in terms of delity and details, which demonstrates
the effectiveness of our VSD against SDS.

B Additional Experiment Results of 3D NeRF

Here, we provide more generated results in Fig. 8 of high quality NeRF. We compare with Dream-
Fusion, as DreamFusion also uses NeRF representation. It can be seen from the gure that Pro-
li cDreamer generates better NeRF results in terms of delity and details, which demonstrates the
effectiveness of our VSD against SDS.

In Fig. 9, we provide more results of large scenes B&0 environment using our scene initialization.
In Fig. 10, we provide more results of multiple particle experiments.

C Theory of Variational Score Distillation

C.1 Particle-based Variational Inference

Particle-based variational inference (Par\23[6, 3, 56, 25, 9] aims to draw (particle) samples
from a desired distribution by minimizing the KL-divergence between particle samples and the
desired distribution, and is widely-used in Bayesian infere@8: 10, 21]. Speci cally, denote

P() as the set containing all the distributions on a support spagéh Euclidean distance, and
Wo() =f 2P(): 902 stE ()[k ok?] < +1g as the 2-Wasserstein spa&g][
equipped with the Wasserstein 2-distang8|.[ Given a desired distribution 2 P () , ParVI
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Figure 9: Result of high quality NeRF from Proli cDreamer, a large scene 86 environment
using our scene initialization. The prompt her&igall lavender isometric room, soft lighting, unreal
engine render, voxels.

Figure 10: More results of multi-particle experiments in NeRF.

starts with somen() particlesf g)g{‘zl sampled fro'm an initial distributiong 2 P () and update
these particles with a vector e ()on byd M=y ( ('))d ateachtime 0, such that
the distribution  of f (')g{‘zo convergesto as !'1 andn!1l . Typically, the measure

follows the “steepest descending curves” of a functionaWs() , which is known as the
Wasserstein gradient owA common setting is to de ne the functional of as the KL-divergence

Dk ( k ),andthen follows@ = r ( r log—), and the corresponding vector

eldisv ()= r log—. However, directly computing the vector eld is intractable because
it is non-trivial to compute the time-dependent score functioog ( ). To tackle this issue,
traditional ParVI methods either restrict the functional gradient within RKHS and leverage analytical
kernels to approximate the vector el@3, 3, 22], or learn a neural network to estimate the vector
eld [8]; but all of these methods are hard to scale up to high-dimensional data such as images.

C.2 VSD as Particle-based Variational Inference

In this section, we formally propose the theoretical guarantee of VSD.

DenoteW,() as the 2-Wasserstein spades][ of the probability distributions de ned on the

parameter space. For any distribution 2 W,() with a corresponding random variable

r( Jy), denote the implicit distribution foxo = g(;c) asqy(xojc;y), and letq, (x¢jc;y) =
O, (X0jC; Y)Go(XtjX0)dX o be the marginal distribution of the random variakile during the

diffusion process. We want to optimize the distributiof jy) in the function spac&V,() by

distilling a pretrained diffusion modgk (xjy°®) via minimizing the following functional of :

Zmizl’(\) B[ 1= E; *i! (DD (g (xticry) K pe(x4jy©)) (10)
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