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Abstract

Scene graphs have proven to be highly effective for various scene understanding tasks due to
their compact and explicit representation of relational information. However, current meth-
ods often overlook the critical importance of preserving symmetry when generating scene
graphs from 3D point clouds, which can lead to reduced accuracy and robustness, partic-
ularly when dealing with noisy, multi-view data. Furthermore, a major limitation of prior
approaches is the lack of temporal modeling to capture time-dependent relationships among
dynamically evolving entities in a scene. To address these challenges, we propose Temporal
Equivariant Scene Graph Neural Network (TESGNN), consisting of two key components:
(1) an Equivariant Scene Graph Neural Network (ESGNN), which extracts information from
3D point clouds to generate scene graph while preserving crucial symmetry properties, and
(2) a Temporal Graph Matching Network, which fuses scene graphs generated by ESGNN
across multiple time sequences into a unified global representation using an approximate
graph-matching algorithm. Our combined architecture TESGNN shown to be effective com-
pared to existing methods in scene graph generation, achieving higher accuracy and faster
training convergence. Moreover, we show that leveraging the symmetry-preserving prop-
erty produces a more stable and accurate global scene representation compared to existing
approaches. Finally, it is computationally efficient and easily implementable using existing
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frameworks, making it well-suited for real-time applications in robotics and computer vision.
This approach paves the way for more robust and scalable solutions to complex multi-view
scene understanding challenges.

1 Introduction

Figure 1: A visualization of a multi-view scene graph from multiple 3D point cloud sequences. Our proposed
TESGNN rst generates local scene graphs for each sequence using Equivariant GNN. Then, the local scene
graphs are merged by passing through a temporal layer to form a global scene graph representing the entire
scene.

Holistic scene understanding plays a critical role in the advancement of robotics and computer vision sys-
tems Kim et al. (2024); Li et al. (2022b); Koch et al. (2024a). The primary methodologies in this domain
include 2D mapping, 3D reconstruction, and scene graph representation. Although 2D mapping remains a
straightforward and widely adopted approach Pfa et al. (2006), it inherently lacks a comprehensive spatial
understanding of the environment. In contrast, 3D reconstruction techniques Jin et al. (2024) provide richer
spatial information but are resource intensive and particularly susceptible to noise interference Li et al.
(2022a). Recent innovations Shah et al. (2022); Huang et al. (2023); Yamazaki et al. (2024) leverage Vision
Language Models (VLMs) and Large Language Models (LLMs) to generate semantic maps from 3D data,
thereby enhancing scene understanding. However, these approaches often require substantial computational
resources. As an alternative, scene graphs, particularly those utilizing Graph Neural Networks (GNNs), o er

a more e cient and semantically rich representation compared to traditional 3D reconstruction techniques
Chang et al. (2023). Initial methodologies mainly focused on generating scene graphs from sequences of 2D
images. In more recent work Wald et al. (2020); Wu et al. (2021b), researchers have explored scene graph
generation by incorporating 3D features, such as depth data and point clouds. Latest advancements Wu
et al. (2023); Koch et al. (2024b) propose hybrid, multi-modal approaches that integrate both 2D and 3D
data to further re ne scene graph representations. These hybrid approaches often yield better prediction
results by combining image encoders or VLMs with GNNs for scene graph generation.

However, based on our analysis, existing GNN architectures for scene graph generation have several lim-
itations. Current methods struggle with noisy, multi-view 3D data, leading to inconsistent scene graphs
due to sensitivity to camera angles and poor symmetry preservation. Enhancing GNNs with invariant node
and edge embeddings and using Equivariant GNNs Kohler et al. (2020); Liao & Smidt (2023) can address
this, though prior works Wu et al. (2021b; 2023) haven't explored these approaches. Additionally, existing
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methods lack robust strategies for building coherent global scene graphs from multiple point cloud sequences.
For example, Wu et al. (2021b) uses heuristic averaging to merge local graphs but skips optimization, which
could potentially result in global graphs that lack semantic coherence and structural consistency.

We introduce the Temporal Equivariant Scene Graph Neural Network (TESGNN) , & novel archi-
tecture that combines two key innovations:
" Equivariant Scene Graph Neural Network (ESGNN) for Scene Graph Extraction . ex-

tracts scene graphs from 3D point clouds using an Equivariant GNN with Equivariant Graph Con-
volution and Feature-wise Attention layers, ensuring rotational and translational invariance. This
design delivers high-quality scene representations with superior accuracy, fewer training iterations,
and reduced computational demands compared to existing methods - marking the rst application
of symmetry-preserving Equivariant GNNs for this task.

Temporal Scene Graph Matching for Global Scene Representation . fuses the local scene
graphs into a unied global representation by solving a graph matching problem based on node
embedding similarity, with ESGNN as the backbone scene graph extractor. This embedding-based
approach is robust for multi-view scene understanding, being more e ective compared to other meth-
ods and enabling applications in multi-agent coordination and navigation in dynamic environments.

2 Related Work

Graph Representation and Equivariance Graph representation learning encodes structural and re-
lational data into low-dimensional embeddings using methods like GNNs, Graph Transformers Yun et al.
(2019); Kim et al. (2022); Cai et al. (2023), and Graph Attention Networks Veli£kovi¢ et al. (2018), enabling
tasks such as scene graph understanding without dense 3D data. For 3D applications, standard GNNs
lack rotational symmetry; recent SE(3)/E(3)-equivariant architectures like EGNN Satorras et al. (2021) and
Equiformer Liao & Smidt (2023) address this by preserving geometric symmetries during transformations,
critical for point clouds Uy et al. (2019), molecular structures, and spatial reasoning.

Scene Graph Understanding Research on scene graphs has signi cantly advanced tasks in vision, nat-
ural language processing, and interdisciplinary domains such as robot navigation Honerkamp et al. (2024);
Pham et al. (2025). Originally introduced as a structure to represent object instances and their relation-
ships within a scene Johnson et al. (2015), scene graphs e ectively capture rich semantics in various data
modalities, including 2D/3D images Johnson et al. (2015); Armeni et al. (2019) and videos Qi et al. (2018).
3DSSG Wald et al. (2020) pioneered scene graph generation from 3D point clouds. Building on this, SGFN
Wu et al. (2021b) employs Feature-wise Attention to improve scene graph representations, followed by an in-
cremental approach Wu et al. (2023) that integrates both RGB image sequences and sparse 3D point clouds.
To the best of our knowledge, SGFN remains state-of-the-art for scene graph generation from 3D point
clouds, without incorporating image encoder or VLMs. Our approach adopts this Feature-wise Attention to
optimize the Message-Passing process and enhance the generated scene graphs. Additionally, it is important
to note that while recent works Wu et al. (2023); Koch et al. (2024b); Saxena et al. (2025) focus on utilizing
vision language encoders, our work investigates a di erent problem: How to improve the GNN backbone
design for 3D understanding, leading to better generalization and faster convergence.

Temporal Graph Learning Temporal graph learning has gained signi cant attention for modeling dy-
namic relationships over time, with applications in tra c prediction Yu et al. (2018); Li et al. (2018); Nguyen

et al. (2024a). Traditional GNNs assume static graph structures, limiting their applicability in scenarios like
video analysis and multi-view scene understanding. To address this, Temporal GNNs Rossi et al. (2020;
2023) incorporate time-series learning to capture evolving patterns. In scene graph matching, methods such
as SGAligner Sarkar et al. (2023) and SG-PGM Xie et al. (2024) align nodes across graphs but rely on ground
truth graphs, making them impractical for real-world tasks where predicted graphs contain noise, ambiguous
edges, and node permutations. To overcome these challenges, we introduce a symmetry-preserving temporal
layer in ESGNN, leveraging equivariant properties to merge scene graphs across time steps. Unlike prior
approaches that treat temporal information as sequential snapshots, our method integrates graph matching
to construct a uni ed representation.
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Figure 2: Overview of our proposed TESGNN. Our approach takes sequences of point clouds a) as input to
generate a geometric segmentation b). Subsequently, the properties of each segment and a neighbor graph
between segments are constructed. The properties d) and neighbor graph e) of the segments that have been
updated in the current frame c) are used as the inputs to compute node and edge features f) and to predict
a 3D scene graph g). Then it goes through the temporal layer to fuse graphs from di erent sequences to a
global one h).

Large-scale Point Cloud Reconstruction Reconstructing large-scale point clouds is inherently chal-
lenging due to their irregular structure, often comprising multiple sub-point cloud sequences Huang et al.
(2022). To tackle this issue, we introduce a temporal model that merges graphs generated from these se-
guences by utilizing embeddings from our proposed models. This approach not only improves integration
across sequences but also extends to applications such as multi-agent SLAM and dynamic environment adap-
tation Jiang et al. (2019); Zou et al. (2019), o ering an e cient, lightweight solution based on multi-view
scene graph representations.

3 Overall Framework

Fig. 2 illustrates the proposed framework's capability to iteratively estimate a global 3D semantic scene
graph from a sequence of point clouds. The framework consists of three key phases: Feature Extraction
(a-c), discussed in Section 3.2; Scene Graph Extraction (d-f); and Temporal Graph Matching (g-h), detailed
in Section 3.3. Our main works, scene graph extraction and temporal graph matching, are further elaborated
in Sections 4 and 5.

3.1 Problem Formulation

information. Assuming e ective feature extraction and geometric segmentation, our focus is on scene graph
generation rather than feature extraction. Each point cloud D; undergoes pre-processing for input to a graph

neural network (GNN). A geometric segmentation model partitions D; into segments, forming nodes of the

scene graph, with segment attributes extracted via a point encoder. Detailed feature extraction methods are
in Section 3.2.

We model symmetry preservation using the Euclidean groupE (3), which encompasses 3D rotations and
translations. By employing equivariant layers, our model remains robust to variations in object orienta-
tion and position, enhancing generalization and performance while accelerating convergence in scene graph
generation.

The Semantic Scene Graph is denoted a& = (V;E), whereV and E represent sets of entity nodes and
directed edges, respectively. In this case, each nodg 2 V contains an entity label I; 2 L, point clouds
Pi, an 3D Oriented Bounding Box (OBB) by, and a node categoryc'™d 2 C"°%  Conversely, each edge
&1 j 2 E, connecting nodev; to v; wherei 8 j, is characterized by an edge category or semantic relationship
denoted by cﬁdgje 2 C®9%  or can be written in a relation triplet hsubject, predicate, objedt. Here, L, C"0%,
and C29% represent the sets of all entity labels, node categories, and edge categories, respectively. Given the
3D scene dataD; and D; that represent the same point cloud of a scene but from di erent views (rotation
and transition), we try to predict the probability distribution of the equivariant scene graph prediction in
which the equivariance is preserved:
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(
P(GDi)= P(GDj)isj

1
Dj = Ri jDi+ Tiy @

whereR;, j is the rotation matrix and T;, ; is the transition matrix.

We denote a global point cloud, that is,
Dgiobal =  matching (D1;D2;::5;Dn);

where maching IS @ model / algorithm to align subsequences together, we can de ne the global scene graph
distribution as P (G global JDgiobai ). HOwever, maching iS hard to de ne, especially in the case that the
origin coordinate of each sequence is not aligned, which consumes time and resources for sampling or large
estimation models. Instead, as the symmetry-perserving property is maintained, the embedding between
each graph is similar, it is much easier to perform the matching between the graph embedding vectors, so
that:

I:)(G's;globalJ-Dglobal): P(Gj matching ((D1;D2;:;DR))
= graph (Gs1: G205 Gsn)

where gapn IS the model matching the embedding vectors together, which will be described in a later
section.

3.2 Feature Extraction

In this phase, the framework extracts the features for scene graph generation, following the two main steps:

1. Point Cloud Reconstruction: The proposed framework takes the point cloud data, which can
be reconstructed from various technigues such as ORB-SLAM3 or HybVIO Campos et al. (2021)
as the input. However, for the objective validation purpose of scene graph generation, we use the
indoor point cloud dataset 3RScan Wald et al. (2019) for ground truth data D;.

2. Geometric Segmentation and Point Cloud Extraction with Segment Nodes: Given a point

consists of a set of 3D pointsP; where each point is de ned as a 3D coordinatey;, 2 R® and RGB
color. Then, the point cloud concerning each entity is fed to the point encoder named PointNet
Charles et al. (2017)f,(P;) to encode the segments; into latent node and edge features, which are
then passed to the model detailed in Section 4.

3.3 Scene Graph Extraction and Temporal Graph Matching

In this phase, the framework processes the input from feature extraction (Section 3.2) to generate the scene
graph:

Properties and Neighbor Graph Extraction: From the point cloud, we extract features in-
cluding the centroid p; 2 R3, standard deviation ; 2 R3, bounding box sizeb; 2 R®, maximum
length I; 2 R, and volume ; 2 R. We create edges between nodes only if their bounding boxes are
within 0.5 meters of each other, following Wu et al. (2021b).

Scene Graph Extraction and Temporal Graph Matching: The processed input from above is
then fed to the ESGNN (Section 4) to generate the node and edge embeddings. These embeddings are
used to generate the sub-graph for each sequence and merge multiple scene graphs with our Temporal
Model (Section 5). For ESGNN, the node classes and edge predicates are predicted using two Multi-
Layer Perceptron (MLP) classi ers. ESGNN is trained end-to-end with a joint cross-entropy loss

for both objects Lo, and predicates Lpeq, as described in Wald et al. (2020). Meanwhile, our
Temporal Graph Matching is trained to minimize the representation distance between identical
nodes with contrastive loss Hadsell et al. (2006).
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4 Equivariant Scene Graph Neural Network (ESGNN)

Figure 3: ESGNN Scene Graph Extractor pipeline. The model comprises two main layers: (1) Feature-wise
Attention Graph Convolution Layer (FAN-GCL) and (2) Equivariant Graph Convolution Layer (EGCL).
FAN-GCL handles large inputs with multi-head attention to update node and edge features, while EGCL
ensures symmetry preservation by incorporating bounding box coordinates into the message-passing mech-
anism. ESGNN leverages these layers to maintain rotation and permutation equivariance, thus enhance the
quality of scene graph generation.

To build a network architecture that e ectively generate scene graph from point cloud, we propose a com-
bination of Equivariant Graph Convolution Layers Satorras et al. (2021) and the Graph Convolution Layers
with Feature-wise Attention Wu et al. (2021b).

4.1 Graph Initialization

Node features  The node feature includes the invariant featuresh; and the 3-vector coordinatex; 2 R3.
The invariant features h; consists of the latent feature of the point cloud after going through the PointNet
fo(Pi), standard deviation i, log of the bounding box sizeln (b;) where b; = (b;h,;b,) 2 R3, log of the
bounding box volumeIn(vi) wherev; = bbb, and log of the maximum length of bounding boxIn(l;). The
coordinate of the bounding box x; is de ned by the coordinates of the two furthest corners of the bound
box. The formula can be written as follows:

vi =(hi;xp);
hi =[fp (Pi); i;In(bi);In(i);In(li)Il;

ibottom right ;Xitop left ]:

Xi =[x
Edge features  The visual characteristics of the edges are determined by the properties of the connected
segments. For an edge between a source nod@nd a target nodej wherej 6 i, the edge visual featuree;
is computed as follows:
|. .

i = P P i ;b bysln Iil n—
j i
& = Gs(rij);

where gs( ) is a Multi-Layer Perceptron (MLP) that projects the paired segment properties into a latent
space.

4.2 Graph Neural Network Architecture and Weights Updating

Fig. 3 describes our GNN network with two core components: 1 Feature-wise Attention Graph Convolution
Layer (FAN-GCL); and 2 Equivariant Graph Convolution Layer (EGCL). The FAN-GCL, proposed by Wu
et al. (2021b), is used to handle the large input querieX) of dimensionsd, and targets T of dimensionsd
by utilizing multi-head attention. On the other hand, EGCL, proposed by Satorras et al. (2021), is used to
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maintain symmetry-preserving equivariance, allowing us to incorporate the bounding box coordinates; as
node features and update them through the message-passing mechanism.

ESGNN has 2 main layers, each consisting of a FAN-GCL followed by an EGCL, forming a total of 4
message-passing layers. For each main layer, the formulas for updating node and edge features are de ned
as:

" Update FAN-GCL:
" . o _
Vit SO vis max FAN v;;ej ;v ;

o ey
€ " =0 Vii€.Vj

Update EGCL:

0 0 11
X
h(*D = h{) + g, @concat@n("; ! AA
j2N (i)
ei(j”l) = g, concat hi('); hj('); kxi(') xj(')kz;ei(j') ;
X
Xi(|+1) = Xi(l) + (Xi(l) Xj(l)) coord (ei(jl)):
j2N (i)
Equivariance of ESGNN We provide a detailed proof of equivariance in the Appendix B.

5 Temporal Graph Matching Network

Leveraging the symmetry-preserving properties of our scene graph extractor, we hypothesize that its node and
edge embeddings can remain inherently distinguishable, especially fasomorphic scene graphs subjected to
rotations and translations. This unique feature opens the gate for e cient temporal scene graph matching:
Given multiple point cloud sequences containing overlapping regions, our model can reliably match the
corresponding parts, regardless of viewpoint changes. As a result, multiple scene graphs can be aligned and
fused into a uni ed, spatially consistent global graph over time.

Figure 4 illustrates our graph matching model. The core idea is to generate a compact representation for
each unique triplet hsubject, predicate, objedt, then merge identical ones by their similarity. This approach
avoids explicit graph isomorphism search, while being designed to ensure order-invariant and scale to graphs
of any size.

Triplet Representation For each triplet hsubject, predicate, objedt we:
" Concatenate the predicate (edge) embedding with the Object-node embedding to produce a Predi-
cate Object vector.

Pass the Predicate Object vectors connected to the same Subject through a linear layer and sum-
pooled to ensure permutation invariance.

Fuse the pooled vector with the Subject-node embedding, then re ne it through a second linear layer
and a self-attention block to capture higher-order context.

The result is a compact, rotation-invariant Triplet embedding for every local scene graph.

Similarity-based Graph Matching Given two sequences, we compute cosine similarities between all
Triplet embeddings and perform top-K retrieval. Pairs whose similarity exceeds a xed threshold are treated
as the same physical object; the corresponding local graphs are merged node by node to build the global
scene graph.
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Figure 4: Temporal Graph Matching pipeline. First, node and edge embeddings derived from scene graphs
of dierent sequences (a). For each sequence, edge embeddings are concatenated with the target node
embeddings to create Predicate-Object embeddings (b), which then pass through a linear layer followed by
sum pooling (c). For each node, the embeddings from all associated edges are concatenated and processed
through another linear layer and self-attention mechanism to generate the nal representation of each segment
(d). These nal Triplet Embeddings are utilized for top-K retrieval graph matching (e).

Training Objective  We train the graph matching model such that distances between similar Triplet em-

beddings are minimized, while those between dissimilar embeddings are maximized. We achieve this us-

ing Contrastive Loss Hadsell et al. (2006), a well-established method for training embeddings Reimers &

Gurevych (2019). Unlike traditional loss functions that aggregate over samples, Contrastive Loss operates

on pairs:

1Y
2

where (Y; X1;X3) are pairs of Triplet Embeddings, Dy is a distance function, andm > 0 is a margin. We
use Siamese Cosine Similarity Reimers & Gurevych (2019) fdd, with hard-positive / hard-negative mining
to focus learning on the most ambiguous cases.

L(W;Y; X1;X2) = (Dw)? + %maX(O;m Dw)?;

6 Experiment

We evaluate TESGNN on the 3DSSG dataset Wald et al. (2020) and compare the results with state-of-the-
art works. Section 6.3 provides results for scene graph generation from 3D point clouds, in comparison to
3DSSG Wald et al. (2020) and Scene Graph Fusion (SGFN) Wu et al. (2021b). Our method is evaluated
on full scenes given geometric segments mentioned in Section 3.2. Section 6.5 reports our Temporal Graph
Matching.

6.1 Dataset

Scene Graph Extraction: We use the 3DSSG Wald et al. (2020} - a popular dataset for 3D scene graph
evaluation built upon 3RScan Wald et al. (2019), adapting the setting from SGFN Wu et al. (2021b). At

the time this paper is written, 3DSSG is the only dataset for semantic scene graph generation. The original
3RScan contains 1482 3D reconstructions/snapshots of 478 naturally changing indoor environments. After
being processed with ScanNet Dai et al. (2017) for geometric segmentation and ground truth scene graph
generation, the nal dataset consists of 1061 sequences from 382 scenes for training, 157 sequences from 47
scenes for validation, and 117 sequences from 102 scenes for testing. We tested TESGNN on both 2 dataset
versions|20 and 1160. The 120 contains 20 objects and 8 predicates, andl60 contains 160 objects and 26
predicates.

Temporal Graph Matching: While reproducing prior works including SGAligner Sarkar et al. (2023)
and SG-PGM Xie et al. (2024), we identi ed limitations in their dataset. Since their work does not contain

Lhttps://github.com/ShunChengWu/3DSSG
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