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Context-Aware Indoor Point Cloud Object Generation through
User Instructions

Anonymous Author(s)

ABSTRACT
Indoor scene modification has emerged as a prominent area within

computer vision, particularly for its applications in Augmented

Reality (AR) and Virtual Reality (VR). Traditional methods often

rely on pre-existing object databases and predetermined object

positions, limiting their flexibility and adaptability to new scenar-

ios. In response to this challenge, we present a novel end-to-end

multi-modal deep neural network capable of generating point cloud

objects seamlessly integrated with their surroundings, driven by

textual instructions. Our model revolutionizes scene modification

by enabling the creation of new environments with previously

unseen object layouts, eliminating the need for pre-stored CAD

models. Leveraging Point-E as our generative model, we intro-

duce innovative techniques such as quantized position prediction

and Top-K estimation to address the issue of false negatives re-

sulting from ambiguous language descriptions. Furthermore, we

conduct comprehensive evaluations to showcase the diversity of

generated objects, the efficacy of textual instructions, and the quan-

titative metrics, affirming the realism and versatility of our model

in generating indoor objects. To provide a holistic assessment, we

incorporate visual grounding as an additional metric, ensuring

the quality and coherence of the scenes produced by our model.

Through these advancements, our approach not only advances the

state-of-the-art in indoor scene modification but also lays the foun-

dation for future innovations in immersive computing and digital

environment creation. The anonymized project is available at https:

//anonymous.4open.science/r/Context-aware-Indoor-PCG-9DFB.

CCS CONCEPTS
• Computing methodologies→ Computer vision; Scene un-
derstanding.

KEYWORDS
Deep Learning, 3D Point Clouds, Generative Model

ACM Reference Format:
Anonymous Author(s). 2024. Context-Aware Indoor Point Cloud Object

Generation through User Instructions. In Proceedings of the 32nd ACM
International Conference on MultiMedia (MM’24). ACM, New York, NY, USA,

9 pages. https://doi.org/XXXXXXX.XXXXXXX

Permission to make digital or hard copies of all or part of this work for personal or

classroom use is granted without fee provided that copies are not made or distributed

for profit or commercial advantage and that copies bear this notice and the full citation

on the first page. Copyrights for components of this work owned by others than the

author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or

republish, to post on servers or to redistribute to lists, requires prior specific permission

and/or a fee. Request permissions from permissions@acm.org.

MM’24, 28 October - 1 November 2024, Melbourne, Australia
© 2024 Copyright held by the owner/author(s). Publication rights licensed to ACM.

ACM ISBN 978-1-4503-XXXX-X/18/06

https://doi.org/XXXXXXX.XXXXXXX

Query: "Generate a couch that is closer to the TV."

Figure 1: Our model generates a couch that is positioned
close to the television in response to the query and makes
it consistent with the rest of the scene, i.e., the orientation,
size, and overlap with other objects in certain cases.

1 INTRODUCTION
In the rapidly evolving field of computer vision, the significance of

3D computer vision has reached unprecedented heights. It poses

many challenges that are similar to those in 2D image processing but

also offers the opportunity to leverage successful strategies from the

2D domain on classic tasks such as object detection. However, the

complex data structure of point clouds and the nature of 3D scenes

present challenges for tasks like modifying 3D scenes. Applying

experience from 2D image processing is limited in this context. This

paper discusses a new task called scene modification, which aims to

modify a point cloud-based 3D scene according to user instructions,

and proposes a solution for it.

Scene modification aims to create new scenarios with previously

unseen layouts of objects, thereby enriching the geometrical and

auxiliary color features according to the will of the user. For in-

stance, as depicted in Fig. 1, given a specific scene and query, an

object that harmonizes with its surroundings should be generated

and inserted in the correct place by the model.

Scene modification also has a wide range of applications in indus-

tries. It plays a crucial role in the fields of Augmented Reality (AR)

and Virtual Reality (VR). In AR, it is used to superimpose virtual

objects onto the real world, enhancing the user’s perception and

interaction with their environment [21]. In VR, scene modification

is used to create immersive virtual environments. It can generate

diverse scenarios by adding or modifying objects in a virtual scene,

enriching the user’s experience. Nevertheless, in today’s VR and AR

software development process, it is necessary to have a relatively

large material library to insert different types of objects into the

scene. Our method, however, allows developers and artists to create

realistic and consistent objects directly using simple text prompts,

freeing up large amounts of storage and reducing time costs.

In this paper, we focus on 3D scene modification of point clouds,

in which point clouds serve as the fundamental building blocks for

1
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creating complex and detailed 3D objects. Previous works mainly fo-
cus on the transformation of a single object [20] or generating point
clouds from existing ones [23]. Some works on scene modi�cation
reply on inserting pre-built CAD objects into scene [28, 33, 34, 38].
While scene modi�cation can be simpli�ed to selection and inser-
tion as a two-stage pipeline, this may result in in�exibility and
inconsistency with the surroundings, and only a few works address
the issue of generating new objects and incorporating them into
scenes as an end-to-end process.

To address these limitations, we propose an end-to-end multi-
modal deep neural network. It can generate objects consistent with
the surroundings and integrate these objects seamlessly into given
scenes, conditioned on text instructions. This work introduces a
unique data pipeline, empowered by GPT, to transform existing
visual grounding datasets to apply them to the task of instructed
scene modi�cation (Sec. 3.1). Moreover, a feature fusion module has
been designed for space-text feature fusion. After extracting the
spatial features from the 3D scene and textual features from the text
query, these features will be fused as fusion features. The fusion
features, derived from the cross-attention mechanism, capture high-
level information from both the surroundings and the query texts,
enabling conditional object generation and the location prediction
of target point clouds (Sec. 3.2, 3.3 and 3.4).

The e�ectiveness of our proposed method is validated through
qualitative and quantitative experiments conducted on the ReferIt3D
dataset [1] (Sec. 4). This work, therefore, presents a signi�cant
contribution to this �eld by addressing previous limitations and
proposing innovative solutions.

In summary, the contributions of our work are as follows:

� We generate a new dataset for scene modi�cation tasks
by designing a GPT-aided data pipeline for paraphrasing
the descriptive texts in ReferIt3D dataset to generative in-
structions, referred to Nr3D-SA and Sr3D-SA datasets. The
dataset will be released to the public and can be utilized for
comparable tasks in subsequent studies.

� We propose an end-to-end multi-modal di�usion-based
deep neural network model for generating in-door 3D ob-
jects into speci�c scenes according to input instructions.

� We propose quantized position prediction, a simple but
e�ective technique to predict Top-K candidate positions,
which mitigates false negative problems arising from the
ambiguity of language and provides reasonable options.

� We introduce the visual grounding task as an evaluation
strategy to assess the quality of a generated scene and inte-
grate several metrics to evaluate the generated objects.

2 RELATED WORK
Text-guided 3D Vision.While 2D text-guided tasks have achieved

great success in recent years, 3D text-guided tasks also hold a high
degree of research interest. The majority of 3D V+L tasks are de-
rived from corresponding 2D tasks as an extension of 2D space
to 3D space, such as 3D visual grounding [1, 6, 15, 41], 3D dense
captioning [8, 9, 17], and 3D shape generation [7, 22, 39]. Despite
the di�erences between these 3D V+L settings, these tasks are gen-
erally dependent on the 3D features and text features extracted
from the 3D settings and guidance text to adapt the downstream

tasks in a classic encoder-decoder manner. In early works [1, 6], 3D
scene features are combined with text features through direct con-
catenation for downstream classi�ers. Since attention mechanisms
have proven to be successful in deep learning, many recent works
[8, 15, 18, 42] have adopted transformer-based decoders as fusion
module to improve performance and achieve better results.

Scene Modi�cation.The �eld of scene modi�cation has witnessed
substantial progress in recent years. [44] uses GNN to construct
the relationships between objects and their surroundings. Building
on this, [38] introduces a method for inserting objects from CAD
models into predicted positions based on the text prompt. Similarly,
[28, 33, 34] utilized object selection and insertion techniques, sim-
plifying the problem of scene generation to a selection of objects
from the database and pose predictions for each object. However,
a signi�cant limitation of these methods is their heavy reliance
on pre-generated point clouds or pre-stored CAD models. This
dependence often results in inconsistencies with the surrounding
environment and hampers seamless integration into scenes. Fur-
thermore, this approach restricts the variety of objects that can
be generated, contradicting the initial objective of accommodating
open-ended text prompts. This constraint underscores the need
for more �exible and adaptive techniques in scene modi�cation,
capable of generating a wider array of objects while ensuring har-
monious integration with the existing environment. There are also
some works [3, 14, 32] that are built based on neural radiance �elds
[25] that can synthesize indoor scenarios. However, these methods
usually need images as input and the camera views of images are
strictly restricted, which may not be feasible for certain tasks.

Point Cloud Generation.Many prior works have explored gener-
ative models over point clouds, including the use of autoencoder
[2], �ow-based generation [40], and generative adversarial neu-
ral networks (GAN) [16]. Besides, the Di�usion Model [12, 36],
which has been proven to have great potential in the generative
�eld, is widely applied. [23] treated point clouds as samples from a
point distribution and reverse di�usion Markov chain to model the
distribution of point. [43] introduce PVD, a di�usion model that
generates point clouds directly instead of translating a latent vector
to a shape. Yet, these studies did not demonstrate the capability
to generate point clouds conditioned on open-ended text prompts.
More recently, OpenAI introduced Point-E [26], a sophisticated
model predicated on the concept of conditional di�usion, uniquely
designed to generate point clouds directly, bypassing the need for
latent vector translation. Point-E is also capable of producing col-
ored point clouds in response to intricate text or image prompts,
showcasing an impressive degree of generalization across a mul-
titude of shape categories. Our object generation model is built
upon the robust foundation provided by Point-E, capitalizing on its
pre-trained model to enhance our system's capabilities.

3 METHODOLOGY
In this section, we introduce the proposed scene modi�cation method.
An overview of our model is presented in Fig. 2.

Data Pipeline.We transform the existing visual grounding dataset
to accommodate instructed scene modi�cation. As part of the data

2
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Figure 2: Overview of our method. (a) A large language model (LLM) is used to paraphrase the descriptive text, combined with
rule-based and manual corrections. (b) Upon receiving generative text as a query and point cloud input, our model integrates
both object and language features to predict the �nal position. Besides, the language features are aligned across the model. The
amalgamated features are then processed through the Point-E model to generate a realistic object.

pipeline, descriptive texts are paraphrased by LLM to obtain gener-
ative instructions, which are then revised manually and by rules.

Model Pipeline.The scene modi�cation process involves two
stages: (a) locate the desired position using the grounding model;
(b) create a new object based on the location and scene context
using the text-to-point model. In the following sections, we will
elaborate further on each module.

Problem Statement.The task of instructed scene modi�cation
involves generating a suitable target object$ C6Cwithin a speci�c
scene( based on a generative instruction. In our setup, a scene( can
be conceptualized as the ensemble of in-scene objectsf$ 2CG•8g#

8=1.
The spatial representation of object$ comprises its central lo-
cation l 2 R3, original sizeB 2 R, and normalized point cloud
p 2 »� 1•1¼%� � . For ease of understanding, we denote( as:

L 2 R# � 3•s 2 R# •P 2 »� 1•1¼# � %� � (1)

where# is the number of in-scene context objects and� is the
number of channels (e.g.,� = 6 for XYZ-RGB points).

3.1 Dataset Transformation
To adapt the instructed scene modi�cation task, our method trans-
forms the ReferIt3D dataset [1] as shown indata pipeline. ReferIt3D
dataset consists of 41K manually labeled (Nr3D dataset) and 114K
machine-generated (Sr3D dataset) descriptions of speci�c targets
in given scenes of the ScanNet dataset [10]. Each description en-
try illustrates the in-door location, type, and shape of the target
object. Since the ReferIt3D dataset only contains descriptive texts,
we leverage the GPT-3.5 [4] to paraphrase them into generative

instructions. The transformed datasets are noted as Nr3D-SA and
Sr3D-SA, containing 155K generative instructions for 76 object
classes, involving 1436 di�erent scene scans of the ScanNet dataset.

Prompt engineering is used to facilitate the paraphrasing process.
We construct well-designed prompting templates to instruct GPT-
3.5 to perform paraphrasing. It should also be noted that human-
labeled descriptions of Nr3D are generally more complex than those
generated by machines of Sr3D. Even humans have di�culty distin-
guishing the correctly paraphrased ones from the incorrect ones in
a large corpus. Therefore, we employ rule-based techniques to �lter
out the errors produced by GPT-3.5. The errors are then revised
through an additional GPT-4 [27] round with manual corrections.

Detailed information regarding the prompt-based paraphrasing
process, including the prompting templates and �ltering rules, can
be found in the Supplementary Material.

3.2 Multi-Modal Context Fusion
To accomplish multi-modal feature fusion, we decouple the fusion
process intofeature extractionandcross-attention fusion.

Feature Extraction.Point cloud features of all context objects are
extracted by the object encoder. In practice, we use PointNeXt [30]
rather than the commonly used PointNet++ [29]. For the language
features of the query text, we adopt a Transformer Encoder-based
language model (e.g., BERT [19]). Since the query text is relatively
simple, only part of the encoder layers can handle language mod-
eling. The object encoder and the text encoder produce the point

3
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Figure 3: Extraction of context vector z2CG.

cloud and textual features asx>1 92 R# � � andx;0=6 2 R) � � , re-
spectively. The dimension of the latent representation is� whereas
the token size of query text is) .

Cross-attention Fusion.The multi-modal features are fused by
the object featurex>1 9and the query featurex;0=6 using the cross-
attention mechanism [37]. We adopt a standard Transformer De-
coder as the context encoder. Prior to the cross-attention, a learn-
able token[CTX] is prepended to the front of object features as
x2CG2 R� . Also, an additional object position embedding is applied
to provide spatial information to the context encoder:

PE¹L•sº = LayerNorm¹MLP¹»L k s¼ºº (2)

The multi-modal features are then calculated as:

x<< = XA‹n ¹»x2CGk x>1 9¼ ¸PE¹L•sº•x;0=6º (3)

whereXA‹n is cross-attention encoder,� k � is the concatenation
operator, andMLPis the Multi-Layer Perceptrons.

The cross-attention mechanism integrates both the spatial fea-
ture of context objects and the query text feature. Alternatively,
it can be considered a "scene encoder" that extracts the features
from both the query text and the scene. As shown in Fig. 3, the
context vectorz2CGrepresenting the entire scene and query is then
extracted from the �rst token ofx<< , corresponding to the position
of the token[CTX].

3.3 Quantized Position Prediction
Given the inherent ambiguity and potential vagueness of many
queries, predicting the location of objects poses a signi�cant chal-
lenge for our model, as evidenced by our experimental results in
Tab. 3, we introduce a technique known asquantized position predic-
tion. This fundamental concept entails transforming a continuous
coordinate system into discrete bins, simplifying the intricate re-
gression problem into an easier classi�cation task.

We divide the space into discrete bins and train the model to pre-
dict the normalizedG~Icoordinates within each bin. The division
procedure can be formulated as:

~l =
�

l � minG~I

maxG~I � minG~I
� �

�
(4)

where~l is the normalized bin coordinate,l is the original coordinate,
b�cis the �oor rounding function,maxG~I andminG~I represent
the maximum and minimum coordinate of each axis respectively,
and� is the total number of bins.

Furthermore, our practical experiments have revealed that ob-
jects within the same class often exhibit substantial variations in
theG~-plane but tend to have similarI coordinates. Thus, we sepa-
rate the prediction process into two parts: one that addresses the
G~-plane bin prediction and the other that addresses theI -axis bin
prediction, and then concatenate them, formulated as follows:

l̂G~ = MLP¹z2CGº• l̂I = MLP¹z2CGº

l̂ = »̂lG~k l̂I ¼
(5)

wherel̂ is the predicted normalized coordinates. This normalized
position is then restored to the original space's coordinates as the
�nal predicted location.

3.4 Context-Aware Point Cloud Generation
We utilize the Point-E model [26] as our point cloud generation
model. Point-E is a generative model developed by OpenAI for gen-
erating 3D point clouds from complex prompts based on Di�usion.
We use the pre-trained modelbase40M-textvecprovided by Point-
E, which has been trained on ShapeNet [5]. Point-E's di�usion
process, which is similar to other di�usion models, aims to sam-
ple from some normal distribution@¹x0º using a neural network
approximation?\ ¹x0º.

In Point-E,guidanceis used as a trade-o� between sample di-
versity and �delity in di�usion. Point-E inherits the classi�er-free
guidance from [13], where a conditional di�usion model is trained
with the class label stochastically dropped and replaced with an
additional Ø, using the drop probability 0.1. During the sampling,
the model's outputn is linearly extrapolated away from the uncon-
ditional prediction towards the conditional prediction:

n̂6D8343= n\ ¹xC•Øº ¸ B� ¹n\ ¹xC•~º � n\ ¹xC•Øºº (6)

for guidance scaleB� 1.
Several modi�cations are made to the Point-E model to better

adapt it for context-aware generation tasks. One of the key changes
involves the integration of context feature vectorsz2CGwith the text
feature vectorsz�!�% generated by the CLIP model [31] as shown
in Fig. 2. Alignment betweenz�!�% and the text instruction feature
vectorsz;0=6 produced by the transformer encoder is proposed to
enhance cross-modal comprehension. This new combined feature
vector is then used as input labels in the guided di�usion learning
process, formulated as:

�B8< = Cosine-Similarity¹z�!�% •z;0=6º

~ = MLP¹z2CGk z�!�% º
(7)

The primary objective of this modi�cation is to enable the di�u-
sion model to e�ectively utilize contextual information from the
scene and query text asguidance. This enables the modi�cation of
objects that are more seamlessly integrated with their environment.

3.5 Loss
The training process involves �ve losses, four for multi-modal fea-
ture fusion and one for Point-E di�usion, as illustrated in Fig. 2.
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Figure 4: Scenes before and after modi�cation. Each row represents the scenes to be modi�ed under di�erent instructions.
Di�erent random seeds are used to generate the columns of the modi�ed scene. Candidate locations are extracted from the
Top-5 predictions. The bounding boxes of reference objects and generated objects are outlined in blue and red, respectively.

Firstly, we have the loss�>1 9, originating from the [15] and tai-
lored for multi-modal feature fusion. Speci�cally, it is computed as
the cross-entropy between the predicted object type of all context
objects from the object featurex>1 9and their ground truths. Next,
we have the loss�;0=6, which measures the discrepancy between the
predicted type of the generated object from the query text feature
x;0=6 and the ground truth. The third and fourth losses pertain
to position prediction, represented by�;>2 and �B20;4. These are
supervised cross-entropy loss for target position prediction and L1
loss for object size, respectively.�;>2 is the combined loss of two
MLPs de�ned in Eq. 5. Hence we could de�ne the loss�<< as the
total loss of multi-modal feature fusion:

�<< = U>1 9� �>1 9¸ U;0=6 � �;0=6 ¸ �;>2 ¸ �B20;4 (8)

whereU>1 9andU;0=6 serve as weights for certain loss terms, both
with the default value of0”5. We also introduce�B8< to align the
multi-modal features extracted from the text encoder and CLIP
model. Lastly, for point cloud generation supervision, we inherit
the Mean Squared Error (MSE) loss from the Point-E model, denoted
as�?>8=C� 4. We can therefore calculate the total loss as the sum of

all losses during the training process:

� = �<< ¸ �?>8=C� 4 ¸ �B8< (9)

4 EXPERIMENTS
4.1 Experimental Setup

Dataset.We train and evaluate our method on the Nr3D-SA and
Sr3D-SA datasets generated in Sec. 3.1. For experiments trained
on Nr3D-SA, only query data with explicit reference to the type of
the target object is used, while all data is included in the Sr3D-SA
settings. The datasets are divided into 80% for training and 20% for
evaluation. The target object is separated from the other context
objects in the scene and is set as the ground truth during training.
In the training stage, we apply a 4-direction random rotation on
the scenes. In the evaluation phase, the target object serves as a
reference for assessing the generation quality.

Implementation Details.The dimension� of latent representa-
tion throughout the model pipeline is set to 768. For the point
cloud encoder backbone, we adopt the PointNeXt-L model based

5
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