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Abstract. Text-to-3D scene generation holds immense potential for the
gaming, film, and architecture sectors. Despite significant progress, ex-
isting methods struggle with maintaining high quality, consistency, and
editing flexibility. In this paper, we propose DreamScene, a 3D Gaussian-
based novel text-to-3D scene generation framework, to tackle the afore-
mentioned three challenges mainly via two strategies. First, DreamScene
employs Formation Pattern Sampling (FPS), a multi-timestep sampling
strategy guided by the formation patterns of 3D objects, to form fast,
semantically rich, and high-quality representations. FPS uses 3D Gaus-
sian filtering for optimization stability, and leverages reconstruction tech-
niques to generate plausible textures. Second, DreamScene employs a
progressive three-stage camera sampling strategy, specifically designed
for both indoor and outdoor settings, to effectively ensure object and
environment integration and scene-wide 3D consistency. Last, Dream-
Scene enhances scene editing flexibility by integrating objects and en-
vironments, enabling targeted adjustments. Extensive experiments vali-
date DreamScene’s superiority over current state-of-the-art techniques,
heralding its wide-ranging potential for diverse applications. Code and
demos are released at https://dreamscene-project.github.io.
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1 Introduction

The advancement of text-based 3D scene generation |4}
marks a notable evolution in 3D content creation
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40|, broadening its scope from crafting simple objects to constructing detailed,
complex scenes directly from text. This leap forward eases 3D modelers’ workload
and fuels growth in the gaming, film, and architecture sectors.

Text-to-3D methods |[3,11},13,|16H18}[20L [21}25}29,|36},|40] typically employ
pre-trained 2D text-to-image models [30-32] as prior supervision to generate
object-centered 3D differentiable representations [14}[22}24,27,[33]. While text-
t0-3D scene generation methods demand rendering from predefined camera po-
sitions outward, capturing the scene from these perspectives. These text-to-3D
generation methods, as depicted in Fig. |1} encounter several critical challenges,
including: 1) The inefficient generation process that often leads to low-quality
outputs [4}]19//28//41] and long completion time [10}38]. 2) Inconsistent 3D visual
cues [4,(10}[261128138,|41},|42], with acceptable results limited to specific camera
poses, akin to 360-degree photography. 3) Unable to separate objects from the
environments, hindering flexible edition on individual elements [10}26}38}41].

In this paper, we introduce DreamScene, a pioneering 3D Gaussian-based
text-to-3D scene generation framework that primarily utilizes the innovative
Formation Pattern Sampling (FPS) method. Accompanied by a strategic cam-
era sampling and the seamless object-environment integration, DreamScene ef-
ficiently tackles the challenges above, paving the way for crafting high-quality
and consistent scenes. Specifically, based on the observed patterns in 3D rep-
resentation formation, FPS employs multi-timestep sampling (MTS) to swiftly
balance the semantic information and shape consistency in order to generate
high-quality and semantically rich 3D representations. FPS ensures stable gen-
eration performance by eliminating redundant internal 3D Gaussians during op-
timization. Finally, employing DDPM |[§] with small timestep sampling and 3D
reconstruction techniques [14], FPS efficiently generates surfaces with plausible
textures from various viewpoints in only tens of seconds.

Next, we propose an incremental three-stage camera sampling strategy to
ensure 3D consistency. First, we generate a coarse environment representation
via camera sampling at the scene center. Second, we adapt ground formation
to the scene type: a) indoors, by dividing into regions and randomly selecting a
camera position for rendering; b) outdoors, by organizing into concentric circles
based on the radius, sampling camera poses at varying circles along the same
direction. Finally, we consolidate the scene through reconstructive generation in
FPS, utilizing all camera poses to further refine the scene.

We integrate optimized objects into the scene based on specific layouts to
enhance scene generation, thereby preventing the production of duplicate or
physically unrealistic artifacts, such as the multi-headed phenomena (generating
the same content in all directions) in text-to-3D. Following scene generation,
flexible scene editing can be achieved by individually adjusting objects and en-
vironments (e.g., modifying positions and changing styles).

Our main contributions can be summarized as follows:

— We introduce DreamScene, a novel framework for text-driven 3D scene gener-
ation. Leveraging Formation Pattern Sampling, a strategic camera sampling
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Fig. 1: DreamScene compared with current SOTA text-to-3D scene generation meth-
ods. Text2NeRF , Text2Room , and ProlificDreamer require 7 ~ 12 hours
to generate the scene while DreamScene only needs 1 hour. Moreover, DreamScene
is capable of generating scenes that accommodate up to 20 objects as shown in later
figures.

approach, and seamless object-environment integration, DreamScene effi-
ciently produces high-quality, scene-wide consistent and editable 3D scenes.

— Formation Pattern Sampling, central to our approach, harnesses multi-timestep
sampling, 3D Gaussian filtering, and reconstructive generation, delivering
high-quality, semantically rich 3D representations in 30 minutes.

— Qualitative and quantitative experiments prove that DreamScene outper-
forms existing methods in text-driven 3D object and scene generation, un-
veiling substantial potential for numerous fields such as gaming and film.

2 Related Work

2.1 Differentiable 3D Representation

Differentiable methods such as NeRF , SDF , and 3D Gaussian Splat-
ting enable the representation, manipulation, and rendering of 3D objects
and scenes. These representations are compatible with optimization algorithms
like gradient descent, facilitating the automatic tuning of 3D representation pa-
rameters to reduce loss. Particularly, the recent approach of modeling 3D
scenes with differentiable 3D Gaussians has achieved superior real-time render-
ing via splatting. Unlike implicit representations , 3D Gaussians provide
a more explicit framework, simplifying the integration of multiple scenes. Hence,
we adopt 3D Gaussians for their clarity of explicit representation and ease of
scene combination.

2.2 Text-to-3D Generation

Current text-to-3D tasks mainly generate 3D representation directly
or distilled from large 2D text-to-image models . Direct methods require
annotated 3D datasets for rapid generation, often suffering from lower quality

and high GPU demands, thus commonly serving as initial steps for distillation
techniques [17,[39]. For instance, Point-E generates an image via a diffusion
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model based on text, which is then transformed into the point cloud. Shap-E [13]
maps 3D assets to implicit function parameters with an encoder, then trains a
conditional diffusion model on these parameters.

Distilling 3D representation from 2D text-to-image models |3]/11}/18]/211/29//40]
has become the predominant strategy. DreamFusion [29], a trailblazer in this
domain, introduced Score Distillation Sampling (SDS) to ensure that images
rendered from multiple perspectives conform to the distribution of 2D text-to-
image models [30H32]. Following its lead, subsequent advancements [3,/11,/13]
16H18,[20L/21,25},36},|40] refined 3D generation in terms of quality, speed, and
diversity. For example, DreamTime [11] accelerates the convergence of generation
by monotonically non-increasing sampling of timesteps ¢ in 2D text-to-image
model, while LucidDreamer [17]| utilizes DDIM inversion [7}23] to ensure 3D
consistency of the object generation process. Inspired by these pioneering works,
our method introduces a more efficient approach for generating high-quality and
semantically rich 3D representation.

2.3 Text-to-3D Scene Generation Methods

Current text-to-3D scene generation methods, as illustrated in Fig. [I] face sig-
nificant limitations. [10}/26,/41| relying on inpainted images for scene completion
can generate realistic visuals but suffer from limited 3D consistency. Even minor
disturbances can lead to the collapse of the scene’s visual integrity, indicating a
lack of robustness. Moreover, such methods typically do not allow for the edit-
ing of objects within the scene and have unrealistic scene compositions, such as
a living room cluttered with an excessive number of sofas. While some meth-
ods [4,/42], akin to ours, attempt to merge objects with environments to ensure
consistency, they generally yield scenes of lower quality and can accommodate
only a limited number of objects. Approaches [19,[37}/44] focusing solely on ob-
ject integration fall short of generating comprehensive scenes. The constraints
on quality, consistency, and editability have thus far hindered the broader ap-
plication of text-to-3D technologies. Our method represents a leap forward by
ensuring high-quality, scene-wide consistency and enabling flexible editing.

3 Preliminary

Diffusion Models [835] guide data x (x ~ p(z)) generation by estimating
the gradients of log probability density functions V, 1og pgaze(z). The training
process involves adding noise to the input x over ¢ steps,

Tr =\ ox + 1-— dtG, (1)

where @; is the predefined coefficient and € ~ AN(0,I) is the noise. Then fitting
the noise prediction network ¢ by minimizing the prediction loss L;:

Lo =Epeunion [les(zet) — el’] (2)
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During the sampling phase, it can deduce = from the noisy input and its
noise estimation eg(z¢,t).

Score Distillation Sampling (SDS) was proposed by DreamFusion [29] to
address the issue of distilling 3D representations from a 2D text-to-image diffu-
sion model. Considering a differentiable 3D representation parameterized by 6
and a rendering function denoted as g, the rendered image produced for a given
camera pose ¢ can be expressed as x = g(0, ¢). Then SDS distills 6 through a 2D
diffusion model ¢ with frozen parameters as follows:

VoLsns(6) = Ence [w(t)(colaiy,t) — 0 20| Q

where w(t) represents a weighting function that varies according to the timesteps
t and y denotes the text embedding derived from the provided prompt.

Classifier Score Distillation [40] is a variant of SDS inspired by Classifier-
Free Guidance (CFG) [9], divides the noise difference in SDS into generation
prior €,(z4;y,t) — € and classifier score €4 (x4;y,t) — €4(xy; 0,t). It posits that the
classifier score is sufficiently effective for text-to-3D, expressed as follows:

VoLcsp(0) =Ep e |w(t)(eg(xe; y,t) — eg(e; @,t))% . (4)

3D Gaussian Splatting [2./14] is a cutting-edge technique in the field of 3D
reconstruction. A 3D Gaussian is characterized by a full 3D covariance matrix
X defined in world space centered at point (mean) u:

G(x) = e T (5)

spherical harmonics (SH) coefficients, and opacity a. By employing interlaced
optimization and density control for these 3D Gaussians, particularly optimiz-
ing the anisotropic covariance, one can achieve precise scene representation. The
tile-based rendering strategy enables efficient anisotropic splatting, thereby ac-
celerating the training process and achieving real-time rendering capability.

4 Method

DreamScene divides the scene into objects and environments. It first generates
the objects and then places them within the environments to create the entire
scene. This approach is designed to prevent the generation of objects in the en-
vironments and to mitigate the multi-head problem in 3D generation (outdoor
environments can be generated separately). Specifically, we employ prompt en-
gineering to develop a large language model (LLM) [43| agent that transforms
scene text into detailed object descriptions y;(i = 1,.., N) and environment de-
scription y., and rapidly create high-quality objects using Formation Pattern
Sampling, which consists of multi-timestep sampling, 3D Gaussian filtering and
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Fig. 2: The overview of DreamScene. We primarily employ Formation Pattern Sam-
pling, which includes multi-timestep sampling, 3D Gaussian filtering, and reconstruc-
tive generation to rapidly produce high-quality and semantically rich 3D represen-
tations with plausible textures and low storage demands. Additionally, DreamScene
ensures scene-wide consistency through camera sampling and allows for flexible editing
by integrating objects with the environments in the scene.

reconstructive generation. Then, we initialize cuboid 3D Gaussians to simulate
walls, floors, and ceilings for bounded indoor scenes and hemispherical 3D Gaus-
sians to simulate the ground and faraway surroundings for outdoor unbounded
scenes. Through scene layout diagrams, we designate the positions of objects
within the scene and use affine transformations (scale s, translation ¢, rotation
) to place objects in the scene coordinate system.

world(x) =r-s-obji(x)+t,i=1,...,N, (6)

where x denotes the collection of coordinates for 3D Gaussians. Finally, we em-
ploy a camera sampling strategy for multi-stage optimization of the environ-
ments, achieving scene generation with high 3D consistency.

4.1 Formation Pattern Sampling

We have refined and broadened the concept of using monotonically non-increasing
sampling of timesteps ¢ from DreamTime . We find that the development
of high-quality, semantically rich 3D representations benefits from integrat-
ing information across sampling multiple timesteps of a pre-trained 2D
text-to-image diffusion model at each iteration. This finding contrasts with all
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other methods using SDS [29|, which typically utilize information from a sin-
gle timestep at each iteration. Specifically, during the initial and middle phases
of optimization, which focus on the primary shape formation, we establish a
decremental time window Tg,q that linearly decreases with iterations. T,,q is
segmented into m intervals, within each of which ¢ is randomly sampled and
gradients are aggregated. This technique swiftly yields semantically rich 3D rep-
resentations but may accumulate superfluous 3D Gaussians. To address this, we
apply 3D Gaussian filtering to sample only the essential surface Gaussians. In
the subsequent stages, focusing on surface texture refinement, we sample ¢ within
the range of 0 ~ 200 and employ 3D reconstruction methods [14] to expedite
the generation of plausible textures. In this process, we follow the pattern of 3D
model formation to sample different timesteps ¢ at different iterations and 3D
Gaussians on the model surface, hence we refer to this process as Formation
Pattern Sampling. We leverage pseudo-Ground-Truth (pseudo-GT) images,
derived from a single denoising step in LucidDreamer [17], to encapsulate the
diverse information provided by different timesteps ¢(0 ~ 1000) of the 2D text-
to-image diffusion model. By adding t timesteps of noise to images xy to obtain
x;, we estimate the pseudo-GT &} by:

It _ Tt — 1-— @tEdJ(xt;yat)
0 h

(7)

Multi-timestep Sampling. As shown in Fig.[3a] we discovered when timestep
t is small, the 2D diffusion model provides more detailed and realistic surface
textures, of which the shape is consistent with the current 3D representation,
but lacks in providing rich semantic information of prompt y. When ¢ is large,
the 2D diffusion model offers abundant semantic information, but its shape may
not align with the current 3D representation (e.g., the orientation of the man,
the color of the chair, the direction of the cooker between t values of 600 to
800). Therefore, we propose to hybridize information from different 2D diffusion
timesteps in each iteration, to ensure a certain degree of shape constraint while
enriching the semantic information. For instance, in Fig. [3a] at the 300-th iter-
ation phase of the man, we need to restrict the shape using the information of
timesteps in 200 ~ 400, get richer semantic information using the information
of timesteps in 400 ~ 600 and 600 ~ 800. However, at the 1000-th iteration of
the cooker, we find that the current 3D representation already possesses ample
semantic information, and the information provided by larger ¢t might hinder the
current optimization direction. Our i-th sampled t can be expressed as:

iter 1—1 4
t; = Tt . random( ,—
m 'm

yi=1,..,m, (8)

where T,,q denotes a linear decreasingly time window similar to DreamTime,
iter represents the current iteration, and m denotes the number of intervals. We
adopt DDIM Inversion to sample from ¢; to ¢,, to ensure content consistency [17].
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Therefore, the multi-timestep sampling (MTS) combined with the CSD (Clas-
sifier Score Distillation) [40] method can be expressed as:

s dg(0
VoLurs(0) = Ep e Z w(t;)(eg(e,5 9, i) — e, 0, ti))% C)
i=1

3D Gaussian Filtering. Excessive Gaussians can hinder the optimization pro-
cess. Unlike current methods [5l/15] that filter reconstructed 3D Gaussians using
ground truth images, our approach necessitates filtering during optimization. In
terms of rendering, the 3D Gaussians closer to the rendering plane inherently
have a more significant impact, for which we employ a score function tailored to
quantify such contributions. For 3D Gaussians along the rendering ray r;, their
contributions are calculated using the inverse square of their distance to the
rendering plane, adjusted by the 3D Gaussians volume. This method prioritizes
3D Gaussians that are both closer to the rendering plane and larger in volume
as shown in Fig. |8l By ranking various viewpoints according to scores, we can
efficiently eliminate 3D Gaussians falling below a designated threshold.

HXW xM V(Z)
Score(i) = Z D(r;j,i)? x mazV (r;)’

Jj=1

(10)

where H and W denote the height and width of the rendered image, M indi-
cates the number of rendered images, V(i) represents the volume of the i-th
3D Gaussian (calculated using the covariance matrix), maxV (r;) represents the
maximum volume of the 3D Gaussians on r;, and D(r;,4) is the distance of the
i-th 3D Gaussian from the rendering plane along the ;. Note that this procedure
mirrors the rendering process instead of performing the actual rendering.

Reconstructive Generation. Next, we can expedite the generation of plausi-
ble surface textures using 3D reconstruction methods [14]. During the previous
process, we find that when sampling very small timesteps ¢(0 ~ 200), the image
2} predicted by Eq. |7 has no difference in 3D shape compared to the image
before noise addition, but offers more detailed and plausible textures. There-
fore, under the premise of shape consistency, we can directly generate a new
3D representation through 8D reconstruction [14]. As shown in Fig. after
obtaining a coarse texture and highly consistent 3D representation, we render
K images z;,7 = 1,..., K from various camera poses ¢; around the 3D repre-
sentation. By adding ¢ timesteps of noise to the images to get z;; by Eq. [l we
estimate the images 2%, with plausible textures using Eq.[7] and then reconstruct
them on the coarse representation through [14] by minimizing the following re-

construction loss:
Lrec:Z”g(evci)_ﬁoHQ' (11)

This process generates a representation with detailed and plausible textures
within 15 seconds.
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Fig. 3: Formation Pattern Sampling.

4.2 Camera Sampling

To ensure generation quality, current methods often conduct
camera sampling within a limited range, failing to guarantee scene-wide obser-

vations. Straightforward random camera sampling within the scene can cause
scene generation to collapse during optimization. Thus, we propose an incre-
mental three-stage camera sampling strategy:

In the first stage, we generate a coarse representation of the surroundings
(indoor walls and outdoor faraway surroundings). We freeze the 3D Gaussians
parameters of the ground and objects, sampling camera coordinates within a
certain range of the center to optimize the generation of the surroundings.

The second stage focuses on generating the coarse ground. We freeze the
3D Gaussians parameters of the environments and objects. The indoor scene is
divided into regions based on the placement of objects, we sample camera poses
pointing at these focal regions containing objects and the ground of the room
in each iteration. The outdoor scene is divided into concentric circles based on
radius, and in each iteration, a same direction is chosen to sample camera poses
on different circles to optimize ground generation. Our strategy is able to cover



10 H. Li et al.

the entire ground as uniformly as possible and focuses on optimizing the parts
where the ground is in contact with objects and the surroundings.

In the third stage, we use all the camera poses above to ensure a scene-wide
view and refine all environmental elements. This includes optimizing parameters
for both the ground and the surrounding environments. Based on the 3D consis-
tency of the previous phases, we then proceed to the reconstructive generation
method to obtain more detailed and plausible textures.

Generated camera positions may be obstructed by placed objects, necessitat-
ing collision detection between the camera and objects. If a collision occurs, the
generated camera should be discarded. Due to space constraints, we have placed
the details on the camera sampling strategy in the Supplementary Materials.

5 Experiment

Implementation Details. We utilize GPT-4 as our LLM for scene prompt
decomposition, Point-E [25] generated sparse point clouds for the initial repre-
sentation of objects, Stable Diffusion 2.1 as our 2D text-to-image model. The
maximum number of iterations is set to 1,500 and 2,000 rounds for objects and
the environment, respectively. The initial time interval value m, starts at 4 and
decreases by 1 every 400 rounds. The number of rendering images in the recon-
structive generation is set to 20. We tested DreamScene and all the baselines on
the same NVIDIA 3090 GPU for fair comparison.

Baselines. For the comparison of the text-to-3D scene generation, we use the
current open-sourced SOTA methods Text2Room [10], Text2NeRF [41], Pro-
lificDreamer [38], and Set-the-Scene [4] as the baselines. For text-to-3D gener-
ation, we select open-source SOTA methods DreamFusion [29], Magic3D |18§],
DreamGaussian [36], and LucidDreamer |17]| as the baselines (ProlificDreamer,
DreamFusion and Magic3D were reimplemented by Three-studio |6]).

Evaluation Metrics. We tested the generation time of each method [4,[10L[17]
18/129))36,,38,41], compared the editing capabilities against their published papers,
and did a 100-participant user study to score (out of 5) the quality, consistency,
and rationality of the videos generated by each method for 5 scenes (3 indoor, 2
outdoor) of 30 seconds.

5.1 Qualitative Results

Fig. [4a] shows the comparison of DreamScene in indoor and outdoor scenes with
the SOTA methods [4/12)38\/41]. The upper images are rendered with the camera
poses that appeared during the generation, and the lower ones with the randomly
selected camera poses within the scene. We can see that Text2Room [10] and
Text2NeRF [41] only produce satisfactory results under camera poses encoun-
tered during generation. Combined with the results from Fig. [5| it shows that
DreamScene achieves the best 3D consistency alongside commendable genera-
tion quality. For the comparison of generating single objects with text-to-3D
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Fig. 4: Comparison with baselines in text-to-3D generation.
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Fig. 6: DreamScene editing results.

methods, Fig. D] shows that our FPS can generate high-quality 3D representa-
tion following the text prompts in a short time. DreamGaussian is faster
yet at the cost of too low generation quality. Please refer to the Supplementary
Materials for additional images and video results.

5.2 Quantitative Results

Since baselines are not able to generate objects in the environment
independently, for a fair comparison we calculate the generation time of our
environment generation stage. The left side of Tab. [I] shows that we have the
shortest generation time for environments with editing capabilities, and the right

side shows the user study, where DreamScene is far ahead of @7 in
terms of consistency and rationality with high generation quality.

¥4 %44 w12 R1d

(a) SDS . (b) DreamTime 1 (c) MTS (d) FPS

Fig. 7: The ablation results of different sampling strategies.
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Fig. 8: Ablation results of 3D Gaussian filtering algorithm in reconstruction and gen-
eration tasks.

Table 1: Quantitative Results of DreamScene compared with baselines. T means the
more the better and | means the lower the better.

Method Time (hours) | | Editing User Study
- quality? consistency? rationality?
Text2Room [10 13.3 X 2.93 2.57 2.60
Text2NeRF [41] 7.5 X 3.05 2.71 2.98
ProlificDreamer [38 12.0 X 3.48 3.19 2.95
Set-the-Scene [4] L5 v 2.45 3.52 2.88
Ours 1.0 v 3.92 4.24 4.05

5.3 Scene Editing

Fig. [6] demonstrates the flexible editing capabilities of DreamScene. DreamScene
can add or remove an object or ressign its position in the scene by adjusting
the values of the object’s affine components. When making these edits, we need
to resample camera poses at the original and new locations of the object, re-
optimizing towards the ground and surrounding directions. We can also change
the text prompts to alter the style of the environments or the objects in the scene.
This editing can be obtained after re-optimizing the coarse 3D representation.

5.4 Ablations

We compared the effects of different sampling strategies via the generation re-
sults of a 3D object. Fig. [7] shows the results optimized for 30 minutes under
the prompt “A DSLR photo of Iron Man”. As illustrated, multi-timestep sam-
pling (MTS) forms better geometric structures and textures compared to the
monotonically non-increasing sampling in [11] and the SDS in . Formation
Pattern Sampling (FPS), building on top of MTS, employs a reconstruction
method to create smoother and more plausible textures. The 3D Gaussian fil-
tering we proposed is specifically designed for optimization tasks and can also
be directly applied to reconstruction tasks . Fig. [8| compares the results of
reconstruction and generation before and after compression using the Gaussian
filtering algorithm. It can be seen that in the reconstruction task, our compres-
sion achieved 73.9%, with the overall image slightly blurred and some details
lost. In our generation task, however, the compression was 66.1% without signif-
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Fig. 9: The potential applications of DreamScene.

icant quality loss. Please find the ablation experiments on camera sampling and
more comprehensive results in the Supplementary Materials.

6 Applications, Limitation and Conclusion

DreamScene can impact numerous industries as illustrated in Fig. [0} For in-
stance, in VR gaming and the Metaverse, DreamScene, integrated with LLMs,
enables the capability to generate a fantasy scene merely from a user’s descrip-
tion. Moreover, it allows for easy modification of object positions and the style
of the scene through descriptive means. DreamScene can also revolutionize film
production by enabling rapid and customizable generation of intricate 3D scenes
directly from scripts, significantly enhancing visual storytelling and reducing the
reliance on physical sets and manual modeling. For architectural design, Dream-
Scene facilitates the generation of furniture in various styles, enabling users to
flexibly design and arrange objects within a scene using layout diagrams.

DreamScene currently cannot generate outdoor scenes as realistically close
to actual environments as Text2Room and Text2NeRF . This is because
their methods generate scenes through image inpainting, resulting in very limited
observable camera poses and poor 3D consistency across the entire scene. In
contrast, we sacrificed a degree of realism to ensure overall scene consistency. In
future work, we plan to incorporate depth supervision to guide the generation
of outdoor scenes with a style as realistic as indoor ones.

In summary, we introduce a novel text-to-3D scene generation strategy Dream-
Scene. By employing Formation Pattern Sampling (FPS), a camera sampling
strategy, integrating objects and environments, we address the current issues
of inefficiency, inconsistency, and limited editability in current text-to-3D scene
generation methods. Extensive experiments have demonstrated that DreamScene
is a milestone achievement in 3D scene generation, holding potential for wide-
ranging applications across numerous fields.
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Supplementary Material

7 Discussions of Current Methods

Inpainting-based methods employ text-to-image inpainting for scene gen-
eration [10,26,/41]. They first initialize an image and then partially mask it to
represent a view from an alternate angle. Leveraging pretrained image inpainting
models like Stable Diffusion |31], alongside depth estimation, they reconstruct
the occluded image segments and deduce their depths, iteratively composing
the entire scene through depth and image alignment. While such methods can
achieve good visual effects at the camera positions (e.g., the center of the scene)
during the generation process, they encounter significant limitations in visible
range. Venturing beyond the predefined camera areas used during generation
precipitates scene degradation, as exemplified in Fig. 4a of the paper, under-
scoring a deficiency in scene-wide 3D consistency. Concurrently, this method’s
tendency to replicate certain environmental objects, like the proliferation of sofas
in a living room scenario, highlights issues with logical scene composition.
Combination-based methods also employ a combination approach to con-
struct scenes [4,42]|. However, they face challenges including low generation qual-
ity and slow training speeds. Moreover, [42] utilizes various 3D representations
(such as NeRF+DMTet) to integrate objects and scenes, increasing the complex-
ity of scene representation and thus limiting the number of objects that can be
placed within the scene (2-3 objects), impacting their applicability. In contrast,
DreamScene’s Formation Pattern Sampling (FPS) can generate high-quality 3D
content in a very short time, using a single 3D representation to compose the
entire scene, allowing for more than 20 objects to be placed within the scene.
This underscores DreamScene’s remarkable superiority.
Objects combination methods do not take the environmental context into
account, focusing solely on whether the combination of objects is logical [19,/37]
44]. They generate a simple assembly of objects rather than a complete scene.
We believe that the approach to scene composition should be more diverse and
offer greater controllability.

DreamScene demonstrates a significant advantage by efficiently, consistently,
and flexibly generating 3D scenes, showcasing a substantial superiority over the
aforementioned methods.

8 Additional Implementation Details

The overall generation process of DreamScene is shown in Algorithm

8.1 Rendering and Training Settings

We render images with a size of 512x512 for optimization. During the optimiza-
tion process, we do not reset the opacity, to maintain the consistency of the
optimization during the training process and avoid gradient disappearance due
to opacity reset.
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Algorithm 1 DreamScene

1: Y — y17y27 ~~-,ZJN7Z/e§
2: for n=11,2,...,N,e] do

W

34:
35:
36:

if n is not e then
Initialize 3D Gaussian of obj,,
else
Initialize 3D Gaussian of environment
end if
for iter = [0, 1, ..., max_iter] do
if n is not e then
Sample camera pose ¢
else
Sample camera pose ¢ follow strategy in Sec. [8-2]
end if

Lo = g(ev C) .
Tena = (1 — 2 )timesteps
for i =[1,2,...,m] do

ti = Teng - rcmdom(’:nl, %)

r; = DD[M(xifhi)
€¢(:rti 3 Yn, ti) :U_Net(zti » Yns ti)
€6(we;30,t:) =U-Net(z¢;, 0, )

end for
VoLarrs(0) = Erec | 3 w(ti)(eo(@e,iyn, i) = olwr,; 0, 1)) 225
i=1
Update 0
if iter%compress _iter = 0 then
_ —HXWxM V (k)

Score = ijl D(rj,k)2xmazV (r;)
Sort(Scorey,)
Delete last z 3D Gaussians

end if

end for

if n is e then
Save 3D Gaussian Representation of the Scene
break
end if
Save 3D Gaussian Representation obj, of text y,
world(x) =r-s-objn(x) +t
Add obj,, to the Scene

37: end for
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8.2 Camera Sampling Strategy

This section outlines a three-stage camera sampling strategy for crafting both
outdoor and indoor scenes. The process is as follows:

Outdoor

— In the first stage, we freeze the parameters of the ground and objects, focus-
ing solely on optimizing the surrounding environments without rendering the
objects. During this phase, we sample cameras near the center of the scene,
the camera’s pitch angle is set between 80 to 110 degree. After reaching 70%
of the iterations of this stage, we select four camera poses for multi-camera
sampling at each later iteration. These four cameras, all directed towards
the same direction, are positioned on either side of the scene center at dis-
tances of either 1/4 or 1/2 of the radius, ensuring the environments achieve
satisfactory visual effects across various distances.

— In the second stage, we freeze the parameters of the surrounding environ-
ments and objects, and focus solely on optimizing the ground without ren-
dering objects. We sample four camera poses at each iteration, akin to the
sampling strategy in the later part of the first stage. We adjust the pitch
angle range to 85~95 degree, which can reduce the occurrence of a singular
ground or environment in the rendered images, thereby enhancing the overall
scene generation outcome.

— In the third stage, we optimize both the surrounding environments and the
ground, and render objects into the scene to achieve a harmonious and unified
effect. We integrate the camera positions used in the previous two stages,
ensuring that areas within the scene are evenly and comprehensively covered,
thereby attaining a consistent reconstruction result.

Indoor

— In the first stage, we freeze the ground and object parameters and render
the objects into the scene. We primarily sample camera poses around the
center of the scene and set the radius as large as possible to encompass
all objects and thereby minimize the multi-head problem. At this stage,
the pitch angle range of cameras is set to 75~115 degree. After the same
iterations at outdoor settings, we sample camera poses around the objects
to reduce the impact of object occlusion on the environment.

— In the second stage, we freeze the environment parameters and begin opti-
mizing the ground parameters. The indoor camera sampling strategy remains
largely unchanged, but we adjust the pitch angle range to 45~90 degree to
ensure coverage of the ground. Additionally, we increase the camera sampling
around objects and from the center to the periphery of the scene, thereby
enhancing the integration between the ground and the walls.

— In the third stage, we optimize both the surrounding environments and the
ground, and render objects into the scene in the same way as outdoor’s.
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Our indoor and outdoor camera sampling strategies correspond to typical
bounded and unbounded scenes, respectively. For bounded scenes, we focus on
ensuring consistency across various orientations. Hence we pay more attention to
integrating objects with environments to avoid illogical layouts caused by gener-
ating excessive objects in the environment. For unbounded scenes, our primary
concern lies with maintaining scene-wide consistency across varied distances.
Therefore, we employ two different strategies for scene generation.

9 Additional Results

9.1 Qualitative Results

More qualitative results of FPS are shown in Fig. More qualitative results of
scene generation are shown in Fig. [[1] and Fig.

9.2 Ablation Study

Fig. a) depicts a scene generated by randomly sampling cameras within the
scene. Due to the difficulty in ensuring consistency of multi-angle views at the
same location, the optimization process often tends to collapse. Fig. b) uti-
lizes a strategy that initiates from the center to the surroundings, where the
environment and ground are not differentiated. It can be observed that while
scene consistency improves, the connection between the ground and the scene is
poorly generated, and the ground is prone to coarse Gaussian points. Fig. c)
employs our three-phase strategy, enhancing the generation quality while ensur-
ing the consistency of the surrounding environment and ground.
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Fig. 10: More object generation results of DreamScene.
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“A minecraft cubes world with lake and mo ins in the far distance and grass cubes in the near distance”

Fig. 11: More outdoor scene generation results of DreamScene.
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Fig. 12: More indoor scene generation results of DreamScene.
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(a) Randomly camera sam- (b) No distinction between (c) DreamScene three-stage
pling environment and ground camera sampling strategy

Fig. 13: The ablation results of different camera sampling strategies.
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