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Abstract

Advancements in natural language processing and computer
vision have opened new avenues for bridging textual descrip-
tions and 3D visual content. Despite these progresses, cre-
ating coherent 3D scenes from textual inputs, particularly
complex multi-object scenarios, remains a challenge. Exist-
ing methods often fall short in accurately interpreting and
representing multiple objects from textual cues, such as “a
table and a sofa”. In light of this, we propose a novel frame-
work, PhysiBuilder, that leverages physical principles to en-
able the generation and editing of 3D scenes directly from
user-provided text. Specifically, we first devise an innovative
‘ScenePlannerLLM’ that automatically generates 3D scene
priors conforming to real-world scenarios from the input text.
These priors closely reflect real-world settings, encompass-
ing detailed entity shape representations and a diverse range
of scene compositions. Consequently, we introduce a new
‘SceneConstructor’ module, which models each 3D object
through instance-specific NeRF. These two modules, in seam-
less collaboration, offer a user-friendly interaction with the
generated 3D scenes. This integral feature facilitates real-
time scene editing, supporting various operations such as
moving, duplicating, or removing scene elements, without
any re-training or fine-tuning. Experimental results demon-
strate that our PhysiBuilder significantly increases fidelity to
real-world physical composition during both generation and
editing. The code and models will be released upon publica-
tion.

Introduction

Creating high-quality 3D content that accurately reflects
the physical world holds great potential in various applica-
tions, including healthcare (Chengoden et al. 2023), virtual
and augmented reality (Sun et al. 2022), robotics (Shridhar,
Manuelli, and Fox 2022), and industrial design (Noghabaei
et al. 2020). However, the intricacy of its creation process,
which requires extensive artistic and technical expertise, sig-
nificantly limits its wider accessibility. However, integrating
natural language processing into this domain (i.e., text-to-
3D) could be transformative. Such an advancement could
lower the barriers to entry for novices while simultaneously
enhancing the productivity of experts. This not only democ-
ratizes the 3D content creation process but also opens up
new possibilities for application and innovation in 3D con-
tent across various sectors.
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Figure 1: Comparison of our method with previous methods:
Demonstrating how our method accurately generates a sin-
gle identity of the fountain in response to the text prompt, in
contrast to previous methods that frequently result in multi-
ple, inconsistent identities.

Recent advancements in text-to-3D generation have been
significant, as showcased by studies such as DreamFu-
sion (Poole et al. 2022), Latent 3D Models (Metzer
et al. 2023), Magic3D (Lin et al. 2023) and Prolific-
Dreamer (Wang et al. 2023), Text2Room(Hollein et al.
2023), and more (Li et al. 2023a; Liu et al. 2023; Yi et al.
2023; Fang et al. 2023a,b; Cheng et al. 2023). DreamFusion,
for instance, innovatively combines diffusion models with
Neural Radiance Fields (NeRF) (Mildenhall et al. 2021)
to transform text into detailed 3D models. It leverages the
strengths of pre-trained text-to-image models, like Stable
Diffusion (Rombach et al. 2022), to produce high-quality
2D images that guide the NeRF optimization. Alongside



NeRF, other methodologies such as Deep Marching Tetra-
hedra (Shen et al. 2021) and 3D Gaussian Splatting (Kerbl
et al. 2023) are also explored in recent works (Lin et al.
2023; Tang et al. 2023; Chen et al. 2023a; Li et al. 2023b;
Zhu and Zhuang 2023; Huang et al. 2023; Chen et al. 2023b;
Katzir et al. 2023; Xu et al. 2023a), further diversifying ap-
proaches in text-to-3D generation.

Despite the advancements in text-to-3D generation, cur-
rent methods have two limitations: 1) Janus Problem for
scene. This phenomenon pertains to the occurrence where
the acquired 3D scene representation, rather than display-
ing the intended 3D scene, shows multiple canonical views
of a scene from various perspectives. Specifically, when the
model is tasked with generating a 3D sample of a bedroom,
the produced object model displays multiple representations
of the bed from its canonical viewpoint, as opposed to of-
fering varied perspectives of the same bed (see Fig. 1). 2)
Editing challenges. Once the content is created, users face
challenges in editing objects within the scene, especially if
the output diverges from their expectation. While optimiz-
ing the object with another text prompt is possible, it of-
ten results in altering the entire scene, not just specific ele-
ments. The root cause of these limitations is the random po-
sitioning of objects during stable diffusion guidance, which
leads to inconsistencies in 3D modeling. Methods like con-
ventional NeRF (Poole et al. 2022; Lin et al. 2023; Wang
et al. 2023; Zhu and Zhuang 2023) struggle to maintain con-
sistent scene portrayal across multiple views due to this ran-
domness, often reconstructing only a single object that sat-
isfies the loss criteria instead of the full scene. While using
3D proxies in lieu of text prompts can enhance control of
generated content (Cohen-Bar et al. 2023), their creation is
time-consuming and demands specialized expertise.

To address these challenges, we propose a novel text to
3D scene generation and editing framework, PhysiBuilder.
Our framework is meticulously designed to infuse phys-
ical realism into prompt design, ensuring that the gener-
ated scenes not only adhere to the laws of physics but
also efficiently manage the generation of multiple objects.
This integration into our training pipeline enables users to
dynamically edit objects within these scenes in real-time,
closely mimicking real-world interactions. Crucially, Physi-
Builder achieves these advanced editing capabilities with-
out the need for retraining or fine-tuning the NeRF model.
By leveraging language-driven interactions, our aim is to
democratize 3D content creation, making it accessible and
engaging for a broad spectrum of users, regardless of their
technical expertise. This approach marks a significant step
towards more intuitive, effective, and lifelike 3D modeling
experiences.

For concreteness, our PhysiBuilder framework inte-
grates two primary components: ScenePlannerLLM and
SceneConstructor. Initially, ScenePlannerLLM generates
3D scene priors from textual prompts, ensuring realis-
tic alignment with physical laws, including gravity and
collision detection. This leads to scenes where objects
maintain their intrinsic properties like volume and shape.
Subsequently, SceneConstructor models each object using
instance-specific NeRF, utilizing descriptions, entity names,

and positions to reconstruct the 3D scene. The instance-
specific NeRF is moved from local coordinates to scene
coordinates based on the scene prior generated. It enables
real-time, language-based scene adjustments by users, mark-
ing a major step forward in interactive, realistic 3D scene
generation. The synergy between ScenePlannerLLM and
SceneConstructor module allows for an intuitive and user-
friendly interaction with the generated 3D scenes. This
unique combination facilitates a range of real-time editing
capabilities, including moving, duplicating, or removing el-
ements within the scene, all achieved without the necessity
for model retraining or fine-tuning.

In summary, the contributions of this work include:

o We develop PhysiBuilder, an innovative text-to-3D
scene framework that facilitates the multi-object generation
and offers flexible editing in the scene.

o We introduce a ScenePlannerLLM module, a self-
consistent prompting method that creates realistic 3D scene
priors from textual prompts, meticulously adhering to phys-
ical laws like gravity and collision.

© We introduce the SceneConstructor, a novel module that
utilizes instance-specific NeRF to model individual objects
in a scene, enabling precise 3D reconstruction and flexible
editing of each object based on textual prompts.

© Through comprehensive experiments, we showcase that
our approach improves generation quality and real-time edit-
ing capability, paving the way for practical applications in
3D content creation.

Related Works

Text to 3D Generation The success of text-to-image gen-
erative models has sparked significant interest in text-to-
3D generation. Early efforts like CLIP-forge (Sanghi et al.
2022) synthesize objects using normalizing flow models to
generate shape embeddings from text, but require voxel-
based 3D training data, limiting scalability. Alternatives like
DreamField (Jain et al. 2022) and CLIP-mesh (Moham-
mad Khalid et al. 2022) overcome this by using pre-trained
image-text models (Yang et al. 2021) to optimize 3D repre-
sentations (NeRFs and meshes) for higher text-image align-
ment in 2D renderings. Despite not using extensive 3D train-
ing data, they often produce less realistic 2D outcomes.
Recently, DreamFusion (Poole et al. 2022), Magic3D (Lin
et al. 2023), and ProlificDreamer (Wang et al. 2023) lever-
age advanced text-to-image diffusion models and sophisti-
cated sampling strategies to produce more realistic and de-
tailed 3D models and scenes from textual descriptions. They
significantly enhance the quality and realism of 3D content,
marking a major leap forward in the field. However, they
are limited in generating scenes with multiple objects, focus-
ing primarily on creating detailed and lifelike individual 3D
models from text. This highlights a critical future direction
in the realm of complex scene generation. Tab. 1 compares
our method with prior works.

Layout Generation using LLM Diffusion models has
significantly advanced text-to-image generation (Rombach
et al. 2022; Saharia et al. 2022; Xu et al. 2023b; Liu et al.
2022). While they produce photorealistic images, control-



Table 1: Comparison of methods in text to 3D scene generation. ‘Selective editing’ pertains to the ability to modify specific
objects within a scene. ‘Instant editing’ describes the process of altering the scene immediately, without model fine-tuning. ‘In-
teractive Precision editing’ is the modification of the scene by language instruction where no undesired artifacts are introduced.

Note that SceneWiz3D and Gala3d are concurrent work.

Method Required Input 3D Representation # Objects Editing
Selective | Instant | Interactive Precision
DreamField (Jain et al. 2022) Prompt NeRF Single X X X
Clip-forge (Sanghi et al. 2022) Prompt Voxel Single X X X
Clip-mesh (Mohammad Khalid et al. 2022) Prompt Mesh Single/Multi X X X
DreamFusion (Poole et al. 2022) Prompt NeRF Single/Multi X X X
Magic3D (Lin et al. 2023) Prompt DMtet+NeRF Single/Multi X X X
Fantasia3D (Chen et al. 2023a) Prompt DMtet Single X X X
ProlificDreamer (Wang et al. 2023) Prompt NeRF Single/Multi X X X
Hifa (Zhu and Zhuang 2023) Prompt NeRF Single/Multi X X X
DreamGussian (Tang et al. 2023) Prompt Gussian Splatting Single X X X
ControlRoom3D (Schult et al. 2023) | 3D bounding box and prompt Mesh Multi X X X
Set-the-Scene (Cohen-Bar et al. 2023) 3D Mesh and prompt NeRF Multi X
SceneWiz3D: (Zhang et al. 2023) Prompt DMtet+NeRF Multi X
Gala3d (Zhou et al. 2024) Prompt Gaussian Splatting Multi
PhysiBuilder Prompt NeRF Multi

ling the generation results remains a challenge, e.g. posi-
tions of generated objects are unpredictable. Many methods
aim to enhance controllability via conditions such as depth
maps, segmentation maps or bounding boxes (Zhang, Rao,
and Agrawala 2023; Gafni et al. 2022; Bar-Tal et al. 2023;
Li et al. 2023d). Recently Large Language Models (LLM)
like GPT have undergone significant advancements, tack-
ling a diverse array of tasks. This expansion in capability
is largely attributed to the models’ extensive training, which
equips them with a rich set of priors. As a result, these LLMs
can generate detailed 2D or 3D bounding boxes (Cho, Zala,
and Bansal 2023; Feng et al. 2023) from text descriptions
alone. However, in many instances, LLM tends to generate
layouts based on recognized text patterns and structures it
was trained on. This often results in outputs that, while syn-
tactically coherent, may not necessarily align with the intri-
cacies of real-world 3D environments.

Recently Chain of Thought (CoT) prompting (Wei et al.
2022) emerges as a potent and resource-efficient strategy for
problem-solving with LLMs for tasks requiring reasoning.
It guides the LLM to generate intermediate steps or reason-
ing paths leading to the final answer, instead of the answer
itself. When the descriptions are precisely formulated, they
enable LLM to apply its autoregressive generation to solve
new tasks without retraining LLM. Further studies have en-
hanced the CoT, such as Self-Consistent CoT, which cor-
rects CoT reasoning errors by offering multiple reasoning
paths (Wang et al. 2022), Tree of Thought, which evaluates
different reasoning paths to dictate subsequent actions (Yao
et al. 2023), and Graph of Thoughts, which represents LLM-
produced information as a graph (Besta et al. 2023), among
others (Huang et al. 2022; Li et al. 2023c; Yang et al. 2023;
Zhou et al. 2022b,a). Despite these innovations primarily
addressing issues in the language domain, they have yet to
bridge the gap fully to understanding the 3D vision domain.

To enhance the capability of LLMs in generating realis-
tic and spatially accurate 3D layouts, we introduce the nove
approach of physics-informed prompt design. It incorpo-
rates principles of physics and spatial awareness directly into
prompt generation. By crafting physics-grounded prompts,

we enable the LLM to produce layouts that are not only visu-
ally coherent but also practically plausible. This represents
a significant step forward in ensuring that LLM-generated
layouts faithfully capture the practicalities and complexi-
ties of how objects and spaces coexist and interact in three-
dimensional contexts, thereby making the models’ outputs
aligned with real-world environments.

3D Scene Editing In another area of study, focus has been
given to the editing aspect of 3D modeling, e.g., Instruct-
NeRF2NeRF(Haque et al. 2023) utilizes 2D image edit-
ing for the iterative refinement of neural fields. Further,
there’s an increasing emphasis on scene comprehension us-
ing NeRF. The goal is for NeRF to discern the distinct el-
ements of a scene, with each object represented as a local
NeRF (Xu et al. 2023c). This approach offers clarity in iden-
tifying which specific NeRF represents each object, enabling
more precise editing by adjusting the respective local NeRF.
Our method draws inspiration from the ray aggregation tech-
nique used in multi-local NeRF rendering, a concept also
adopted by Set the Scene (Cohen-Bar et al. 2023) for scene
generation. However, SoTA methods often lack support for
interactive, real-time editing, requiring fine-tuning for opti-
mal editing outcomes. Our approach takes a different path by
establishing a robust decomposition model during training.
This allows us to understand the interrelationships among
local NeRFs, enhancing their segmentation. Consequently,
after training, we don’t need to change the NeRF param-
eters. Merely adjusting the position of the object-specific
NeRF enables us to achieve the interactive editing capabili-
ties without artifacts.

Preliminary

Recent advancements in text-to-3D object synthesis have
shown the effectiveness of leveraging knowledge distilled
from large-scale text-to-image diffusion models. Our ap-
proach aims to generate visually appealing 3D scenes from
textual descriptions (e.g., ‘a table and a chair in the living
room’) that maintain their aesthetic integrity from any given
viewpoint. To achieve this without extensive and costly 3D
annotations for every object within the scene, we utilize the



Text-to-Image diffusion model, denoted as ¢, as an instruc-
tional guide during the training phases. This method aligns
with the principles established by DreamFusion (Poole et al.
2022), facilitating the creation of 3D content without direct
3D supervision. We succinctly describe the image render-
ing process from a 3D representation, which is parameter-
ized by 6, as x = g(6). To create a noisy image variant Xy,
we introduce sampled noise € € N(0,I) over the original
image x. Given x;, time step ¢, and text embedding y, the
autoencoder estimates the sampled noise é = €4(x,y,t). A
weighted denoising score matching objective is derived as
the training objective of the diffusion model: Lg;f (4, x) =
E; [w(t)||é — €||3], where w(t) is a weighting term. Score
Distillation Sampling (SDS) (Poole et al. 2022) is used to
optimize . Formally, the gradient is,

) ox
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ProlificDreamer(Wang et al. 2023) suggests modelling the
3D parameter § as a random variable instead of a constant
as in SDS and Variational Score Distillation (VSD):
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where €012 (X¢, ¥, t) is the low-rank adaptation applied to the
pre-trained diffusion model. Introducing VSD serves to mit-
igate issues commonly encountered in SDS, such as over-

saturation, over-smoothing, and a lack of diversity.

Method

Fig. 2 illustrates the overall framework of our Physi-
Builder. We decompose the text to 3D scene generation
task into two steps: (1) Coarse-level 3D Object generation
(ScenePlannerLLLM) and (2) fine-level modeling of mul-
tiple 3D objects (SceneConstructor). In this section, we
also illustrate the capability for instant and interactive scene
modifications within the proposed framework.

ScenePlannerLL.M: Coarse-level 3D Object
Generation

Volumetric primitive shape representation In the realm
of 3D scene construction, a scene can be composed of multi-
ple 3D objects, denoted by S := {0;}}¥,. Within this com-
position, each object o is represented by a composite struc-
ture, consisting of a variable number of volumetric primi-
tives. Specifically, we define an object o as the union of its
constituent primitives, o := Uj\il P;, where each primitive
is a cuboid P, and is characterized by its eight vertices.

The choice of cuboids as the primary geometric primi-
tive offers a balance between structural simplicity and repre-
sentational flexibility, enabling the approximation of a wide
range of object shapes with a limited number of parame-
ters. By adopting a coarse-level design philosophy, we lay
the foundational groundwork for efficient scene planning
and reconstruction, leveraging the computational prowess of
LLMs, i.e., ChatGPT-4 in this paper.

Formally, a single cuboid is defined by its corner vertices
in 3D space. A cuboid P can be specified by the pair of di-
agonal vertices [Umin, Umax]>» Where vmin and vy.x correspond
to the minimum and maximum corners of the cuboid respec-
tively. This simplification allows us to systematically encap-
sulate the spatial domain of the object with respect to its po-
sition and size within the 3D scene. The geometric integrity
of each cuboid is maintained through predefined relation-
ships between its vertices, ensuring accurate and consistent
object representation in the spatial modeling process.

Leveraging LLMs for Scene Interpretation and Gen-
eration We employ a novel Input-Output Prompt (I0)
methodology, utilizing LLMs to interpret scene descriptions
and fabricate corresponding 3D scenes. This process, for-
malized as S ~ pg(01, ..., 0n|IOprompt)), transforms nar-
rative scene inputs into detailed, task-specific instructions
complemented by illustrative examples, subsequently craft-
ing a mesh representation from the structured LLM output.

Nevertheless, accurately mirroring the complex distribu-
tion of real-world data through direct box mesh generation
involves intricate 3D reasoning challenges. To address this,
we introduce a sophisticated approach inspired by Chain of
Thought Prompting (CoT). This strategy, denoted as S ~
peor,o({ Py, -, Pis Yy = 1,{o1,...,0n}|CoTprompt, in-
structs the LLM to decompose the scene analysis into se-
quential, detailed descriptions of each object component. By
transforming each object part, P!, into a coherent textual
narrative, we bridge the gap between abstract conceptualiza-
tion and practical, three-dimensional structure. This metic-
ulous breakdown facilitates a more nuanced understanding
and generation of complex scenes, guiding the LLM through
a series of "thoughts’ or steps to ensure a comprehensive and
accurate representation.

Initially, we adopt a textual data representation strategy,
which simplifies the transition from abstract descriptions
to concrete geometric forms. For instance, a text entry
like {"objectl" : [[xmin, ymin, zmin, xmax,
ymax, zmaxl, ...], "object2": [...]1, ...}
translates into a structured framework for subsequent mesh
creation.

Physics self-consistent learning While LLMs are profi-
cient in text generation and comprehension within linguistic
contexts, their ability to directly interact with and understand
3D spaces is notably limited. This limitation hampers their
spatial reasoning capabilities. To address this gap and im-
prove the spatial reasoning of LLMs, we propose a series
of designs aimed at moving beyond the conventional Input-
Output or CoT prompt. These designs are intended to equip
LLMs with enhanced tools for navigating and interpreting
spatial information.

Our generation process involves three steps:

1. Coarse to Fine volumetric primitive shape generation

2. Selection based on self-consistency evaluation within
the scene.

3. Refinement of the scene adhering to physics laws.

Given a scene description x, we first generate
a coarse representation of the scene as a scene



"a sleek lounge chair, a small low table beside Layout
it, and a glass of iced tea on the table"

NeRF Interacitve

generation

generation > editing

USER: "GENERATE A LAYOUT OF A
SCENE FOR ME™

SCENECOUSTRUCTOR:
SCENEPLANNERLLM:

USER: "GENERATE 3D SCENE MODEL FOR ME"

USER: “EDIT THE 3D SCENE MODEL FOR ME™

SCENEPLANNERLLM+SCENECONSTRUCTOR:

Figure 2: Overview of our PhysiBuilder. Our approach integrates three key components: (a) ScenePlannerLLM, which uti-
lizes an LLM to generate the 3D layout of the scene that obeys the physics rules. (b) SceneConstructor training, which converts
the layout into realistic 3d models (¢)ScenePlannerLLM+SceneConstructor Interactive editing. The Scene Planner LLM can
understand the language instructions and provide modifications to the layout. SceneConstructor will edit the 3D scene accord-

ingly.

graph G = (V,E), where G encapsulates the ob-
jects within the scene and their spatial relation-
ships: G~  pST(Vi,...,Vn,E1,...,Ey|x). Here,
V. = {vi,vs,...,v,} represents the objects, and
E = {(vi,vj, Rij)|vi,v; € V} encodes the relationships
between these objects, incorporating relative positioning
R;j.  {"objectl": {"positions": {"relationl":
"object2"}}, "object2":
{"positions": {"relation2":
To  refine  this  representation, we  gener-
ate a series of detailed volumetric primitive
shape representation SU) based on G: SU)  ~

ngT <{P1177P1]\/I}N {01""’0N} ‘ G> for

i=1"
j = 1,...,k. The aim is to sample a population of scenes
and select the most suitable scene based on evaluation of
consistency.

To quantify the selection of the most consistent scene
graph, we define a consistency score C for each sampled
scene graph population S7. This score evaluates the adher-
ence of S to G based on an LLLM-based vote prompt, C ~
po(C, 21, ... ,ZN|SU)7 G). Here, Z represents the com-
ments on the reasonableness of various volumetric primitive
shape representations S7. The optimal volumetric primitive
shape Sgeleer With the highest consistency score is then se-
lected, Sseleet =  argmax  C(S).

Se{sW,. .. sk}

After selecting a suitable scene graph (Sgeject) from the
generated options, we refine it further to ensure it aligns with
physical laws. While LLMs may not inherently compute
physical positions, we enhance this step through two sup-
plementary Python functions designed to evaluate the scene
graph’s compliance with physical laws. If any inconsisten-
cies be detected, they are summarized in a prompt. This
prompt then aids the LLM in further refining the scene graph
to ensure optimal accuracy and compliance.

"objectl"}}}.

Collision Check: For objects A and B, a collision occurs
if and only if the following conditions are met for all dimen-
sions d € {%y,z}l Amin,d S bmax,d A bmin,d S Amax,d-
The collision is confirmed when at least one of the above
conditions does not hold for any dimension.

Gravity Check: To ensure object A is correctly positioned
with respect to gravity, two scenarios are considered:

1. Object on the Ground: Object A is considered to be on
the ground if its minimum y-coordinate is 0: amin,y = 0.

2. Object on Top of Another Object: Object A
is considered to be on top of object B if they
overlap in the x and z dimensions and A’s mini-
mum y-coordinate is greater than B’S maximum y-
coordinate: (amin,m < bmax,m A bmin,z < amax,m) A
(amin,z < bmax,z A bmin,z < amax,z) A Amin,y > bmax,y-

Following the completion of these checks, the selected
scene graph, Sgelect, 1S updated to reflect the most physically
plausible arrangement of objects:

SOPtimal Np(ezOT({,Pila s 77)1‘]\4}1‘1213 {Ola .. '701\7} ‘

Sselecu 7?'collisiom RGraVity) .

3)

SceneConstructor: Train with edits

Based on the layout provided by a LLM, we represent each
object in the scene as a separate local NeRF. To render an
entire scene, we combine all foreground NeRF objects with
a background NeRF. In the process of training our scene ren-
dering model, we incorporate a 3D prior and utilize a novel
approach called train-with-edits”. This technique integrates
edits directly into the training process, resulting in more co-
herent and consistent editing outcomes after training.

Training of Local NeRFs During the local training phase,
we sample spherical camera poses and iterate through every
local NeRF, updating them one by one. All the rays are ini-
tialized from the origin in the world coordinate. We follow



the rendering of a single object as NeRF (Mildenhall et al.
2021). Our method employs the shape loss following Latent-
NeRF and Set-the-Scene (Metzer et al. 2023; Cohen-Bar
et al. 2023), which aligns the shape of the input bounding
occupancy with the output occupancy from NeRF, thereby
providing a prior for the 3D scene:

a2

Lshape = Za Ye(p) log(a-ge(p)) - (1 —~ e*ﬂ) @

Here d represents the distance to the proxy’s surface, and o,
denotes the NeRF’s occupancy, and o, the occupancy of the
specified mesh generated by the LLM.

Multi-Local NeRF Training Given all the local NeRFs
represent different objects, we additionally represent the
scene as a background NeRF follow the scene initialization
as ProlificDreamer (Wang et al. 2023). The density func-
tion of the NeRF, denoted as o, is described by o(u) =

Ao (1 ‘“‘ ) where )\, is the strength of the density, r the

radius of densuy, and p the position coordinate. Setting the
radius r to 2.5 and the density strength A, to —10 results
in a configuration where the density is lower at the center
and higher around the perimeter, creating a region of empty
space surrounded by high-density material.

The overall rendering of the scene is given by combina-
tion of all the local NeRFs represent the objects, and a back-
ground NeRF. To process each ray, we compute the query
points along it starting from an origin point o in a specific
direction d, leading to the ray r; = o + t;d, where t is the
increment step. These rays are then converted into local co-
ordinates by the rotation R and translation 7', adhering to a
present layout generated by LLM, as shown by:

rf =R(r;+ 7).

With the rays now in the transformed space ¥, we can derive

a collection of densities o and RGB colors c¥ correspond-
ing ray r; for kth local NeRF. Following this, we sort the
densities and RGB colors from all the local NeRF accord-
ing to their step ¢;, which also represents the position of the
ray, and compute the cumulative RGB value by integral like
NeREF, using the formula:

r)= ZTiaici =

where J; is the difference between consecutive steps, t;11 —
ti.

Z T;(1 — exp(—046;))cs,

Train with edits In the training of NeRF models, the loss
function is applied in the image space. So during the render-
ing, it leads to an unclear delineation between foreground
and background elements. This ambiguity can detrimentally
affect the quality of generated results, occasionally causing
the background NeRF to improperly overlap with the fore-
ground, e.g., the pillow on the sofa is learned to be on the
foreground. This situation may seem fine for the generation.
But as long as we start to further edit after the training pro-
cess, the results will be detrimental. In light of this we lever-
age LLMs to generate a series of scene edits that maintain

the overall coherence of the scene. This method will ensure
that after editing the scene is still reasonable. We offer the
original layout to the LLM, and ask it to provide the new
layout with edits based on the original layout. Using the new
layout that we generate for the scene we update the transla-
tion matrix 7" we use for the multi-object rendering, and the
SDS loss is used to update the Local NeRFs.

Real-time Scene Editing

Scene editing within our framework is predominantly driven
by language descriptions, with the LLM treating these as
classification tasks to invoke specific editing actions. Impor-
tantly, all editing options below can be performed in real-
time, eliminating the need for any fine-tuning steps.

* Translation: Responding to user requests, ScenePlan-
nerLLM interprets and edit the 3D center of objects. This
translation is then reflected in the rendering phase as the
local NeRF adjusts its position.

* Rotation: ScenePlannerLLM generates various rotation
settings based on the description, with these rotations in-
tegrated into the rays in rendering.

* Object Removal: ScenePlannerLLM is capable of omit-
ting specific items from a scene. If the textual description
specifies objects for removal, SceneConstructor will not
render them, effectively removing them from the scene.

* Duplication: ScenePlannerLLM can recognize and
replicate referenced objects, generating new translations
and rotations to logically integrate these duplicates into
the scene.

Experiments

Except for the ScenePlannerLLM, all our experiments are
carried out on a single NVIDIA A6000 GPU, with each
scene requiring roughly 60 minutes of training time. For the
text to image generation we use Stable Diffusion V2.1. For
LLM, we use GPT4 Turbo. More implementation details are
in the supplementary.

3D Generation Evaluation

Qualitative Results We evaluate our method by compar-
ing it to the text-to-3D baselines, DreamFusion (Poole
et al. 2022), Mgaic 3D (Lin et al. 2023), and prolific-
Dreamer (Wang et al. 2023), focusing on the quality of gen-
eration results. Qualitatively, the results are shown in Fig. 3.
We can see that the identity mapping of our generated results
and the text prompt is superior to the baselines.

User Study To assess our model’s performance quantita-
tively, we organized a user study. Participants were pre-
sented with text prompts describing five different scenes.
They were then asked to evaluate each scene from five dis-
tinct viewpoints: scene quality, physical plausibility, align-
ment with the text, scene composition, and overall coher-
ence. Evaluations were based on a scoring system ranging
from 1 to 10, with higher scores reflecting more favorable
outcomes. Tab. 2 demonstrate that our results receive over-
all better rating than the baselines.



DreamFusion

Magic3D

ProlificDreamer

Inside of a bathroom featuring a freestanding bathtub, a plush bath mat, and a small stool holding a stack of towels, peaceful and clean atmosphere, daylight streaming in,

realistic, detailed 4k photo

Figure 3: Quallty comparison of text to-3D scene generatlon. This ﬁgure hlghhghts the differences in generatlon outcomes
across various methods. Notably, our approach resultss in a significant increase in unintended identity mappings within the

scene.

Table 2: User study of different methods in text to 3D scene
generation. Participants evaluated each method using five
distinct metrics, scoring them on a scale from 1 to 10. Higher
scores represent a stronger preference.

Methods Scene Physical Text Scene Identity
Quality | Plausibility | Ali Composition | Consi y
DreamFusion 4.7 5 5 5 6.5
Hifa 6.8 7 5.9 7 6.1
Magic3D 4.9 5.6 5.1 52 6.1
ProlificDreamer 7.6 74 6.9 8.1 73
Ours 7.8 7.2 7.3 7.7 8.5
3D Layout Generation

In this section, we present the outcomes of our 3D layout
generation process utilizing ScenePlannerLLM in response
to text-based prompts. We compare Volumetric primitive
shape generation among the standard prompting method, the
chain of thought prompting method. The assessment of the
generated 3D layouts is supported by a combination of user
studies and a physics-based evaluation criterion to establish
their efficacy.

In Fig. 4, we show the qualitative results of our prompt-
ing method as compared to other methods. For a compre-
hensive examination, we have created a dataset comprising
text prompts for 25 distinct scenes. The dataset will be avail-
able in supplementary. Each scene is populated with 4 to 5

commonly encountered objects. In our selection process, we
meticulously excluded any items that are unlikely to be posi-
tioned on the ground in real-world settings. We employed a
physics-based scoring mechanism where scenes with objects
either colliding or not adhering to gravitational principles
were assigned a score of zero. Conversely, scenes devoid of
such discrepancies received a score of one. The overall score
for each method is calculated by aggregating the individual
scores and then normalizing this sum by the total number of
scenes.

Meanwhile, we also conduct a user study to evaluate the
effectiveness of our method as shown in Tab. 4. Similarly,
the user is asked to give a score between 1 to 10 where
higher indicates better results. It is clear that our layout is
substantially better than the two baselines.

Table 3: Physical princi- Table 4: User study for 3D lay-
ple metric. out.

Methods

Standard

CoT

Ours wlo physics
urs

Gravity | Collision
064
060
064
0.88

Methods
Standard
CoT
Ours

Physical [ Scene Quality [ Scene Composition
6.1 58 57

6.5
7.8

6.2
7.8

6.4
8.0

Ablation Study

Effect of the volumetric primitive shape representation
Our layout has shown better representation power of the
scene, but will this representation be helpful in terms of the



Standard CoT

ol s

Ours

A cozy armchair next to a small wooden side table, with a reading lamp standing next to it, a stack of books, and a small rug.

Figure 4: Comparison of text-to-layout generation. This figure demonstrates the layout generation outcomes from various
prompting methods. Our approach yields a more coherent and physics-informed composition, maintaining consistency across

different objects.

text to 3D scene generation? We generate another set of the
layout use the bounding box the shape of the lounge chair is
represented as a box-like shape from four different view an-
gles, where as realistically the geometry of the lounge could
not be a cube. As shown in Fig. 3 and Fig. 5, without the
physical rules as the selection, the generated shape tends
to have a box-like shape which is caused by a worse shape
prior.

Effect of the physical prompt Through the collision and
gravity metric we use, we quantitatively showcase our lay-
out generated is able to be more adhere to the real physical
world by adding the physical checks in Tab. 3. It demon-
strates that employing physical-informed selection signifi-
cantly enhances performance.

Limitations

Even though there have been notable advancements, there
are instances where the background might still exhibit un-
clear, foggy shapes. Similarly, our approach, like other
strategies that rely on optimization within the scope of SDS,
requires several thousand iterations to achieve optimal out-
comes. While ScenePlannerLLM excels at generating be-
lievable 3D layouts, it faces challenges in designing objects
with rounded edges or those that deviate from square or rect-
angular shapes.

Conclusion

In this work, we introduce PhysiBuilder, an innovative
framework for text to 3D scene generation. Our approach

uniquely combines the adaptability of language models with
the inherent property of the physics world. The cornerstone
of PhysiBuilder is its ability to synthesize and edit highly
detailed and contextually accurate 3D scenes directly from
text prompts. Our method not only enhances the diversity
and realism of the generated scenes but also provides user-
friendly interactive editing performance. Our extensive user
studies and qualitative assessments demonstrate the superi-
ority of PhysiBuilder in terms of both generation quality and
editing capability.
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