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Abstract

Realistic 3D environments are important for a wide range of applications, including robotics,
simulation, virtual reality, and video games. The goal of 3D scene generation is to create
spatially structured, semantically meaningful, and visually realistic environments that cap-
ture objects and their relationships in space. Graph-based 3D scene generation approaches
represent environments as scene graphs, where nodes correspond to objects and edges en-
code their semantic and spatial relationships. However, existing methods become inefficient
when the 3D scene graph evolves incrementally, because they are fundamentally single-
shot: inserting even a single new object requires regenerating the entire scene. This global
re-computation incurs prohibitive latency and scalability limitations. To address this limi-
tation, we propose Incremental3D, a framework for incremental 3D scene generation in real
time from evolving scene graphs. Incremental3D augments the scene graph with a global
context node that captures a holistic representation of the evolving environment. At each
update step, this node aggregates information from new nodes and edges to form a global
embedding. Newly inserted objects are then generated by conditioning on both this embed-
ding and their local features, enabling geometry synthesis and spatial prediction without
recomputing unchanged regions. Extensive experiments demonstrate that Incremental3D
achieves a generation rate of 38 Hz, while maintaining high spatial and geometric accuracy,
indicating its potential for real-time and latency-sensitive applications.

1 Introduction

The aim of graph-based 3D scene generation (Dhamo et al., 2021; Zhou et al., 2019; Zhai et al., 2023; 2024;
Yang et al., 2025; Chattopadhyay et al., 2023) is to synthesize 3D scenes conditioned on scene graphs, where
nodes encode object attributes (e.g., position, orientation, and size) and edges represent explicit inter-object
relationships (e.g., same-material-as, left-of, larger-than). This paradigm has been widely applied in domains
such as game development, virtual reality, and interior design (Dhamo et al., 2021; Samuelson et al., 2025;
Yang et al., 2025).
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Figure 1: Example of 3D scene generation from an incremental scene graph. When a new object is inserted,
the proposed method locally updates the scene by generating the corresponding object meshes while main-
taining their spatial and geometric accuracy.

Recent advances in simultaneous localization and mapping (SLAM) (Hughes et al., 2022; Maggio et al., 2024),
and 3D scene-graph learning (Wu et al., 2021; Feng et al., 2025; Renz et al., 2025) make it feasible to obtain
3D scene graphs directly from RGB-D or point-cloud inputs, being updated in an incremental manner, as
illustrated in Figure 1 (see Appendix A.1 for examples of incremental scene graph construction). However,
generating 3D scenes from such incremental scene graph sequences remains an underexplored problem.
Existing graph-based 3D scene generation approaches are fundamentally single-shot (Dhamo et al., 2021;
Zhou et al., 2019; Zhai et al., 2023; 2024; Yang et al., 2025; Chattopadhyay et al., 2023): inserting even
a single new object requires regenerating the entire scene, resulting in substantial computational overhead,
causing latency and scalability issues. Even approaches that support scene manipulation still reconstruct
the full scene after each node addition. For example, CommonScenes (Zhai et al., 2023) requires over 20
seconds to generate a single room-scale scene. Moreover, these generative methods (Dhamo et al., 2021;
Zhou et al., 2019; Zhai et al., 2023; 2024; Yang et al., 2025; Chattopadhyay et al., 2023) synthesize diverse
scenes by sampling from learned distributions rather than reconstructing the original environment structure,
which poses a challenge to the consistency of the generated scene.

To address this gap, we introduce Incremental3D, a framework for incremental 3D scene generation from
evolving scene graphs in real time. The key idea is a global context embedding, inspired by the CLS (short
for classi�cation) token used in BERT (Devlin et al., 2019) and Vision Transformer (ViT) (Dosovitskiy
et al., 2020). We adapt this mechanism to incremental scene graphs by introducing a global context node,
referred to as the CLS node, which aggregates holistic scene information and propagates it to newly added
nodes. When a new object is inserted into the scene, Incremental3D conditions generation on both local
object features and the global scene embedding, enabling geometry synthesis and spatial placement without
recomputing unchanged regions of the scene. A second design choice focuses on improving geometric and
spatial accuracy. Instead of sampling-based generative models such as VAEs or di�usion models (Zhai et al.,
2023; 2024; Yang et al., 2025), which emphasize diversity, we adopt an autoencoder-based representation (Li
et al., 2023) to better reconstruct the original environment structure.

To enable training and evaluation of Incremental3D scene generation, we construct incremental scene graph
sequences, based on synthetic data derived from SG-FRONT (Zhai et al., 2024). Our pipeline generates incre-
mental updates through three stages: (1) clustering objects based on Euclidean proximity, (2) constructing
a cluster graph to preserve spatial adjacency, and (3) determining an incremental insertion order using a
Hamiltonian-path approximation. To further improve robustness to long sequences, we adopt a curriculum
learning strategy that gradually increases sequence length and di�culty during training. We evaluate our
method against three graph-based 3D scene generation baselines. Our approach achieves a generation rate
of 38 Hz while maintaining high layout and geometric accuracy. These results demonstrate the potential of
incremental graph-to-3D scene generation for latency-sensitive applications, e.g., teleoperation (Naceri et al.,
2021).
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Our contributions are summarized as follows:

1. Incremental3D: a real-time framework capable of generating 3D scenes from incremental graph
updates, achieving 38 Hz generation while preserving high spatial and geometric accuracy.

2. Introducing a curriculum-learning strategy that progressively increases scene complexity, improving
accuracy on long-horizon incremental sequences.

3. Extensive experiments showing that Incremental3D consistently outperforms single-shot baselines
in layout accuracy, geometric accuracy, and real-time performance.

2 Related Work

A. 3D Incremental Scene Graphs: Representing 3D environments requires a structured way to capture
both the objects present and the relationships that organize them. One e�ective strategy is to use graph-
based abstractions, which model spatial and semantic interactions in a uni�ed framework. Earlier methods
in this domain predominantly focused on reconstructing a full scene graph from complete environment data,
relying on point clouds (Wald et al., 2020), 3D meshes (Armeni et al., 2019), or image collections (Gay et al.,
2019). More recently, researchers have moved to incremental graph construction, in which the graph is
updated continuously as new frames arrive. For instance, Wu et al. (2023) combines geometric segmentation
with graph learning to build scene graphs online from RGB-D streams. This paradigm has been extended to
large-scale environments: from room- to building-level (Hughes et al., 2022; Maggio et al., 2024), and even
to large-scale outdoor environments (Deng et al., 2024; Samuelson et al., 2025).

B. 3D Scene Generation from Scene Graphs: Building on their strong representational capabilities,
scene graphs have become a central intermediate structure for generating 3D environments. Their compact
yet expressive formulation allows generative models to condition on both object-level attributes and relational
constraints, enabling the synthesis of coherent, semantically grounded scenes. The Graph-to-3D (Dhamo
et al., 2021) is the �rst method to generate 3D geometry directly from a scene graph in an end-to-end
way, decoding predicted shape codes with DeepSDF (Park et al., 2019). CommonScenes (Zhai et al., 2023)
replaces the codebook with a latent di�usion model, while EchoScene (Zhai et al., 2024) introduces an
�information-echo� mechanism that lets nodes information-share di�usion progress. MMGDreamer (Yang
et al., 2025) augments text-based graphs with visual cues to improve �delity. These methods, aimed mainly
at architectural or interior design, rely on VAE (Kingma et al., 2013; Kusner et al., 2017) or di�usion priors
(Sohl-Dickstein et al., 2015). Random latent sampling in these methods can yield diverse object appearances,
but neglects the spatial and geometric accuracy of the scene. In addition, they usually regenerate the entire
scene even for a single new node insertion. By contrast, our method aims to provide real-time, purely local
generation for 3D objects, incrementally, with high accuracy.

C. Global Context Embedding: Understanding or generating complex structures often requires more
than just local information; local features alone can be ambiguous or inconsistent without knowledge of
how they �t into the broader whole. Capturing information that extends beyond local neighbourhoods is
therefore essential for maintaining semantic consistency, enforcing long-range dependencies, and ensuring
that local predictions align with the global structure, whether in language, vision, or 3D environments.
Early approaches often relied on simple descriptive statistics to obtain a global summary. For example, max
pooling (Reimers & Gurevych, 2019) retains only the most dominant local feature, potentially discarding
important contextual cues, while mean pooling assigns equal weight to all elements, failing to re�ect the fact
that nearby or semantically relevant objects typically exert a stronger in�uence on newly generated content.
More advanced methods replaced these �xed aggregation rules with learnable mechanisms. Attention pooling
(Zhang et al., 2021), for instance, introduces a set of learnable query vectors that attend to the entire sequence
via multi-head attention, selectively aggregating salient information. However, such approaches require
storing all previously generated features and attending to them all, which limits scalability in incremental
settings. A widely adopted alternative is the CLS token, used in BERT (Devlin et al., 2019). During self-
attention, the CLS token interacts with every other token, absorbing contextual information that is later used
for classi�cation. Vision Transformer (ViT) (Dosovitskiy et al., 2020) employs the same device, treating the
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CLS embedding as a global image descriptor. This mechanism is now standard for capturing global context
in Transformers (Wang et al., 2024), powering tasks such as sentiment analysis, text categorization, and
intent recognition. In our proposed framework, the CLS embedding is used to represent the entire 3D scene;
newly inserted objects are generated conditionally on this global vector, enabling e�cient local updates.

D. Curriculum Learning: Learning complex tasks directly from di�cult examples can overwhelm a
model, lead to unstable optimization, or hinder its ability to generalize. Curriculum learning (CL) (Bengio
et al., 2009) addresses this challenge by structuring the training process in a way that mirrors human
learning: starting with simpler, more easily learnable examples and gradually progressing toward harder
ones. In domains such as computer vision and natural language processing, CL has proven highly e�ective
in improving model generalization, training stability, convergence speed, and �nal accuracy (Wang et al.,
2021).

3 Methodology

Incremental3D proposes a framework for real-time 3D scene generation from incrementally evolving scene
graphs. Unlike conventional single-shot approaches that regenerate the entire scene after each update,
Incremental3D synthesizes only the newly inserted objects while preserving the previously generated scene
content.

We formalize an incremental scene graph as

G = (O old ; Rold ; Onew ; Rnew ) (1)

, where Oold and Rold denote the objects and relationships accumulated from previous timesteps, Onew and
Rnew represent the newly added ones. At each update step, the goal is to generate the corresponding 3D
objects for Onew while maintaining consistency with the existing scene structure.

As illustrated in Figure 2, our framework follows an autoencoder architecture consisting of a graph encoder
and a geometry decoder. The input scene graph is augmented with a CLS node, which acts as a global
context token that aggregates information from both existing and newly inserted nodes and edges. This
node provides a compact global scene embedding that captures the current state of the environment. The
encoder (Sec. 3.1) processes the incremental scene graph and produces embeddings for newly added nodes,
while simultaneously updating the global scene embedding Eg through the CLS node. The decoder (Sec. 3.2)
then combines the embeddings of the new nodes with the global scene embedding to predict, for each inserted
object, its geometric parameters�position, size, and orientation (p; s; a) as well as a shape-speci�c latent
code. The predicted latent codes are used to retrieve semantically and geometrically consistent 3D models
from a database, which are then placed and scaled according to the predicted geometric parameters. To
improve the incremental generation ability of the network in further steps, it is trained by a curriculum
learning strategy based on the number of incremental steps (Section 3.3).

3.1 3D Scene�Graph Encoder

Given a 3D incremental scene graph G, the encoder Ec extracts semantic and geometric representations,
producing two outputs: (1) embeddings � v i for the newly inserted nodes, and (2) a global scene repre-
sentation Eg that summarizes the overall scene context. To model the relationships between objects, the
encoder is implemented as a Triplet Graph Convolutional Network (T-GCN), which jointly encodes sub-
ject�predicate�object triplets. Each node in the scene graph represents a 3D object and is de�ned as:

ni =
�
oi ; pi ; si ; ai ; shapei

�
(2)

, where oi denotes the object's semantic class, and (pi ; si ; ai ; shapei ) represent its geometric attributes,
including position, size, orientation, and a shape descriptor. These node features provide both semantic
and spatial information that the encoder uses to compute object embeddings and update the global scene
representation.
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Figure 2: Proposed Incremental3D framework. The incremental 3D scene graph is augmented with a CLS
node that aggregates information from newly inserted nodes and edges to produce a global scene embedding
in the encoder. Conditioned on this global embedding and local object features, new objects are generated
incrementally in the decoder via database retrieval.

Inspired by the CLS token in BERT (Devlin et al., 2019) and ViT (Dosovitskiy et al., 2020)�which introduces
an extra token attending to all words or patches to capture global context�we add a CLS node to the
incremental 3D scene graph and connect it bidirectionally to all newly inserted object nodes. Moreover, old
nodes that are directly connected to the new ones are also linked to the CLS node at each step, enabling it
to capture information from the newly formed edges. The resulting augmented subgraph is then processed
by a graph neural network (GNN). For every directed triplet (v i

ei!j��! v j ) of GNN, a layer l performs three
operations:

1. Message passing and Edge updates
�
 l

i ; � l+1
ei!j

;  l
j

�
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�
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v i
; � l
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; � l

v j

�
; (3)

with a shared MLP g1.

2. Neighbor aggregation
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M i
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@
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out;ij +

X
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 l
in;ji

1

A ; (4)

where Mi is the total number of incident relations of node i. Rin , Rout are the set of edges of the
node as out(in)-bound objects.

3. Node update
� l+1

v i
= � l

v i
+ g2

�
� l

i

�
; (5)

with another MLP g 2.

At each insertion step, the CLS node gathers the information from new nodes and new edges, updating its
hidden state to yield a compact, up-to-date scene embedding Eg.

3.2 3D Scene Decoder

The inputs to the decoder are class label oi , node embedding �v i , and global scene embedding Eg. The output
consists of the predicted bounding box, (pi ; si ; ai ), and shape code shapei , for the new object. During this
stage, bidirectional edges are established between the CLS node and the newly added nodes, enabling the
decoder to exploit global scene context for object generation. To preserve the information carried by the
new edges, the CLS node is also connected bidirectionally to old nodes that are directly linked to the new
nodes at each insertion step. The resulting subgraph is then processed by two consecutive triplet graph
convolutional network (GCN) blocks:
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ˆ Box-GCN (D b): predicts the object position p, orientation a, and size s from the new node features
and the global scene embedding.

ˆ Shape-GCN (D s): predicts a shape code conditioned on the layout predicted by Box-GCN Db, the
new node features, and the global scene embedding. The resulting new object latent codes are used
to query a 3D asset database to retrieve semantically and geometrically consistent models, which
are then instantiated in the scene with the predicted poses and sizes.

3.3 Training Objectives

At every incremental step, gradients are propagated only through the newly inserted objects. For the N new
objects, the following loss is minimised:

L layout =
1
N

NX

i=1

�
kb̂ i � b i k1 + k�̂ i � � i k1

�
; (6)

L shape =
1
N

NX

i=1

kf̂ s
i � f s

i k1; (7)

L total = � 1L layout + � 2L shape : (8)

L total consists of two parts: Llayout and Lshape . � 1 and � 2 are weighting factors. Llayout reconstructs the 3D
bounding-box parameters. Here bi 2 R6 denotes the box center position and size, �i the yaw angle, and N
the total number of boxes; hats indicate predicted values. Lshape reconstructs the object shape in feature
space based on semantic label, object size, and relationship of 3D scene graph. Here, fi is the feature of the
object.

Furthermore, the curriculum learning strategy organizes the training scene samples from easy to hard, where
the level of di�culty is de�ned based on the number of incremental steps across batches.

4 Experimental Setup

This section outlines the approach used to implement the evaluation methodology for Incremental3D, starting
with generating the incremental 3D scene dataset to enable training and testing of the proposed approach.

4.1 Incremental Dataset

The incremental 3D scene sequences are constructed using the SG�FRONT dataset (Zhai et al., 2024),
which is an extension of the re�ned 3D�FRONT dataset (Fu et al., 2021) where each room is annotated
with a complete 3D scene graph. The dataset covers four scene categories: 4,041 bedroom, 813 living room,
900 dining room, and all. The all category is composed of a mixed subset of scenes sampled from the
other three categories. The training, validation, and test splits follow the same partitioning as the original
dataset (Zhai et al., 2024).

The pipeline for incremental dataset creation is illustrated in Figure 3. It consists of three main steps: 1.
Given a room, the objects are clustered using DBSCAN (Khan et al., 2014). 2. Each cluster is treated as
a node, with edges connecting spatially adjacent clusters to form a graph. 3. The cluster farthest from the
global centroid is chosen as the entry point. A visiting order over the remaining clusters is then determined by
a nearest-neighbour greedy tour followed by a single 2�opt re�nement, producing a near-optimal Hamiltonian
path (Sipser, 1996) in O(N2) time.

Traversing this ordered list yields an incremental sequence of steps and at each step, the current cluster is
regarded as the new-node set. The edge of the 3D scene-graph, whose subject and object both lie within
the same cluster, and the directly connected cluster to it are preserved, while all others are discarded. Our
processed relations are sparse, better re�ecting real-world incremental scene graph construction (Wu et al.,
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Figure 3: Pipeline of incremental dataset creation. The process includes clustering, graph construction, and
insertion order computation, as illustrated in sub�gures (a�c).

2021; Hughes et al., 2022; Maggio et al., 2024; Deng et al., 2024), in cases where computational resources
are limited and camera �elds-of-view are restricted, preventing dense graphs. For subsequent training, the
indices of the retained relationships are re-mapped. The resulting sequences cover the entire room without
spatial jumps or node revisits.

4.2 Compared Baselines

CommonScenes. Current graph-based 3D scene generation methods (Dhamo et al., 2021; Zhou et al.,
2019; Zhai et al., 2023; 2024; Yang et al., 2025; Chattopadhyay et al., 2023) regenerate the entire scene at
each step. Among them, CommonScenes (Zhai et al., 2023) is a representative state-of-the-art approach and
serves as our primary comparison baseline.

Baseline 1. Baseline 1 isolates the e�ect of full regeneration, in which the entire 3D scene is reconstructed
from scratch at every incremental step. To ensure a fair comparison, we remove the main source of latency
in CommonScenes�its online 3D shape generation�and replace it with a shape-retrieval pipeline. Further-
more, while CommonScenes employs di�usion- and VAE-based models to encourage scene diversity, Baseline
1 substitutes these components with an autoencoder to produce reconstructions that more closely match the
ground truth. Baseline 1 retains the same full-regeneration paradigm: whenever new nodes are inserted, all
existing nodes are re-predicted, including their positions, sizes, orientations, and shape features.

Baseline 2. Baseline 2 evaluates the importance of the CLS node and its associated global embedding. At
each incremental step, newly inserted nodes generate objects based solely on their local neighborhood. In the
encoder, new nodes communicate only with directly connected old nodes, without receiving indirect or global
contextual information. In the decoder, object generation for new nodes is conditioned solely on their own
representations and those of their directly connected neighbors. As in Baseline 1, 3D shapes are obtained via
retrieval rather than online generation. This baseline therefore represents a purely local incremental update
mechanism that lacks global scene awareness.

4.3 Implementation Details

We conduct the training, evaluation, and visualization of Incremental3D, baseline 1, and baseline 2 on a
single NVIDIA GeForce RTX 3070 GPU with 8 GB memory. We adopt the Adam optimizer with a learning
rate of 1e-4 to train the network. � 1 and � 2 are set as 5 and 1 respectively. CommonScenes (Zhai et al.,
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2023) is evaluated on an A6000 GPU, since loading CLIP features (Radford et al., 2021) requires substantial
memory.

4.4 Evaluation Metrics

Running time is used as one of the primary evaluation metrics for assessing the e�ciency of 3D scene
generation, since higher update frequencies enable a broader range of real-time applications. For example,
many robotics and visualization tasks require update rates of around 30 Hz. An accurate environment model
is essential for enabling robots to perceive or interact e�ectively with the physical world (Parosi et al.,
2023). Therefore, we prioritize accuracy as another key evaluation criterion, covering both layout accuracy
and shape accuracy. Layout accuracy measures the geometric errors between predicted and ground-truth
layouts, including position di�erence E pos, size di�erence Esize, and angle di�erence Eang .

Epos =
1
N

NX

i=1






 p(i)

pre � p (i)
g








2
(9)

Esize =
1
N

NX

i=1






 s(i)

pre � s (i)
g








2
(10)

Eang =
1
N

NX

i=1

ja(i)
pre � a (i)

g j (11)

Shape accuracy measures the similarity between the generated object mesh and the ground truth mesh. It
is assessed using two metrics that evaluate the quality of the generated objects. Chamfer Distance (CD)
(Bakshi et al., 2023) measures the average nearest-neighbor distance between two point clouds and re�ects
the global geometric alignment, as de�ned below:

CD =
1
N

NX

i=1

min
j

kpi � g j k2
2 +

1
N

NX

j=1

min
i

kgj � p i k
2
2 (12)

F-score (Katz et al., 2007) evaluates the degree of local geometric alignment between two meshes by combining
precision P and recall R, where d1 and d2 denote the nearest distances from predicted points to ground truth
points and vice versa�a match is counted if the distance is below a threshold t. In our experiments, we set
t = 0:1 meters.

F =
2PR

P + R
; (13)

P =
#fd 1 < tg

N
; R =

#fd 2 < tg
N

(14)

5 Results and Analysis

5.1 Running time

Table 1 reports the running time (from 3D scene graph input to 3D mesh output) of the baselines and
Incremental3D. Even with such high-end hardware, CommonScenes still takes more than 20 seconds to
generate a complete 3D scene from a scene graph, making it impractical for real-time robotic applications.
Baseline 1 regenerates all objects at each node insertion, limiting its update rate to 10.02 Hz. Baseline 2
can achieve real-time generation of 3D scenes, but its scene accuracy remains unsatisfactory (see layout and
shape accuracy evaluation). Incremental3D achieves a generation frequency of 38Hz on average in di�erent
scenarios, satisfying the requirements for real-time performance.
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