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Abstract— Current 3D scene graph generation (3DSGG)
approaches heavily rely on a single-agent assumption and
small-scale environments, exhibiting limited scalability to real-
world scenarios. In this work, we introduce Multi-Agent 3D
Scene Graph Generation (MA3DSG) model, the first framework
designed to tackle this scalability challenge using multiple
agents. We develop a training-free graph alignment algorithm
that efficiently merges partial query graphs from individual
agents into a unified global scene graph. Leveraging exten-
sive analysis and empirical insights, our approach enables
conventional single-agent systems to operate collaboratively
without requiring any learnable parameters. To rigorously
evaluate 3DSGG performance, we propose MA3DSG-Bench—a
benchmark that supports diverse agent configurations, domain
sizes, and environmental conditions—providing a more general
and extensible evaluation framework. This work lays a solid
foundation for scalable, multi-agent 3DSGG research.

I. INTRODUCTION

3D scene graph generation (3DSGG) serves as a corner-
stone for comprehensive high-level 3D scene understanding.
By detecting objects and describing their relationships via
predicates, it provides valuable context for diverse tasks such
as image captioning [1], [2], image generation [3], change
detection [4], navigation [5], [6], and task planning [7], [8].

Since the introduction of the 3DSGG benchmark [9],
extensive research has primarily focused on improving per-
formance—through enhanced relational reasoning [10], the
integration of structured prior knowledge [11]-[13], and
the adoption of open-vocabulary settings [14], [15]—while
relatively little focus has been given to the scalability of
the methods. As machine agents are increasingly deployed
across a diverse and expanding set of real-world domains
[16], [17], the ability to not only achieve strong performance
but also sustain it at scale [18], [19] has become a necessity.
This raises a fundamental question: “Are current 3DSGG
methods scalable?”

Our findings, as illustrated in Figure 1, demonstrate that
contemporary 3DSGG methods encounter significant scala-
bility challenges—with runtimes up to 4x longer (vs. single-
agent methods) and data traffic up to 98x heavier (vs. naive
multi-agent methods) compared to our proposed MA3DSG.
We attribute these scalability issues to two key limitations:
(1) the prevalent reliance on single-agent paradigms; and (2)
benchmarks biased toward constrained environments.

Lastly, to enable rigorous evaluation of both performance
and scalability, we introduce MA3DSG-Bench—a flexible
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Fig. 1. Comparison of Runtime and Data Traffic. Our MA3DSG (/4.8 min,
3.7 MB) runs 4 x faster than single-agent system (SGFN, 61.8 min), and uses
98x less data traffic than multi-agent system (SGFN + SG-PGM, 364.1 MB)
in extremely large-scale environments. Unlike the single-agent baselines and
MA3DSG, which were only executed on CPUs, the multi-agent baselines
utilized GPUs on the backend due to their model complexity.

and extensible benchmark that supports diverse agent con-
figurations (single- and multi-agent), varying scales (ranging
from 1 to 47 rooms), and scene dynamics (static and long-
term condition). In contrast to prior 3DSGG benchmarks
[12], [14] that process each room in 3RScan [20] indepen-
dently using a single agent, our benchmark treats all refer-
ence rooms as a unified navigable space, enabling parallel
exploration by multiple agents. Furthermore, we incorporate
rescan sequences [20] to reflect realistic long-term environ-
mental changes. By facilitating joint perception and temporal
context modeling in dynamic multi-agent environments, our
MA3DSG-Bench sets a new standard in the field.

To summarize, our contributions are as follows:

1) Problem Formulation. We extend the 3DSGG task
to multi-agent, large-scale settings. To the best of our
knowledge, this is the first holistic effort to address the
scalability challenges in 3DSGG research.

2) Model Design. We propose MA3DSG built for the 3D
semantic scene graph domain—featuring an efficient
graph alignment algorithm. MA3DSG demonstrates
strong scalability across diverse domain sizes while
ensuring fast and robust performance.

3) Benchmark Setup. We introduce a comprehensive
MA3DSG-Bench that expands previous single-agent,
small-scale-only 3DSGG benchmarks. This contribu-
tion provides a solid foundation to guide and inspire
future research in scalable 3DSGG.
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II. RELATED WORK
A. 3D Scene Graph Generation

Current research on 3DSGG can broadly fall into two areas
based on their perspectives on 3D scene representations: hier-
archical 3D scene graphs and 3D semantic scene graphs—the
focus of our work.

1) Hierarchical 3D Scene Graphs: Hierarchical 3D scene
graphs organize entities such as buildings, rooms, objects,
and cameras into a unified structure [9]. Several works have
enlarged the estimation of such hierarchical 3D scene graphs
to large-scale environments. For example, 3D dynamic scene
graphs handle scenes with moving agents [21], Kimera
builds 3D dynamic scene graphs from visual-inertial data
[22], and Hydra incrementally constructs the layers of a
hierarchical scene graph [23]. While these approaches [9],
[21]-[25] provide a compact and efficient representation of
3D scene environments, they primarily indicate the existence
of entities for expressing relationships rather than capturing
their detailed semantic nuances of how those objects are
configured and interact. As a result, they lack the expressive
power required for diverse downstream tasks such as task
planning [7], scene change detection [4], and manipulation
of 3D scenes [26].

2) 3D Semantic Scene Graphs: In contrast to hierarchi-
cal 3D scene graphs, 3D semantic scene graphs focus on
inter-object semantics and contextual interactions [13], [27].
Following the development of the 3D scene graph dataset
[28] built on top of 3RScan [20], 3D semantic scene graph
generation from reconstructed point clouds has emerged:
GNN-based analysis [29], performance enhancement through
prior knowledge [11], instance embedding based genera-
tion [30], language-based contrastive pre-training [31], and
visual-linguistic semantics assisted training [12]. Another
stream of work has proposed to incrementally construct a
3D semantic scene graph from image sequences and depth
data [32], [33].

By explicitly delineating spatial relationships between ob-
jects and their surroundings, these graphs enhance a variety
of downstream applications, including 3D point registration
[34], 3D scene reconstruction [26], change detection [4], and
task planning [7]. Despite these advancements, conventional
approaches hardly address the inherent scalability limitations
of the 3D scene graph generation process. In this work,
we concentrate on 3D semantic scene graph research and
tackle the critical yet underexplored challenge—facilitating a
scalable 3D semantic scene graph generation for large-scale
environments.

B. Multi-Agent System

Multi-agent systems have been extensively studied for
their potential to enhance the robustness and scalability
of single-agent frameworks by harnessing the synergistic
capabilities of a swarm. In the context of simultaneous
localization and mapping (SLAM), recent works [35], [36]
enable agents to explore collaboratively through exchanging
sensor data and jointly optimizing 3D maps. Similarly,

previous studies [25], [37] present multi-agent cooperation
frameworks for fusing data from heterogeneous robots in
hierarchical 3D scene graph generation. Furthermore, a di-
verse range of approaches, including multi-domain cooper-
ation [38], probabilistic occupancy mapping [39], optimized
cooperative exploration and communication [35], [40], and
distilled collaboration graphs [41], have also demonstrated
the versatility of multi-agent systems. Building on these
notable advancements, we extend multi-agent methodologies
to the realm of a 3D semantic scene graph framework. To
the best of our knowledge, our work represents the first
comprehensive effort to develop a robust multi-agent 3DSGG
system, accompanied by a detailed and rigorous benchmark.

C. Graph Alignment

Graph alignment aims to maximize structural and attribute
consistency across graphs, and has traditionally been for-
mulated as a graph isomorphism or quadratic assignment
problem [42]-[44]. However, classical approaches often suf-
fer from high complexity as the graph size increases [42],
[45], fail to capture edge structures [46], or require equal-
sized graphs [47]. Recently, deep learning-based methods
[48], [49] learn flexible matching functions and robust node
representations. In the domain of 3D scene understanding,
partial graph matching using geometric and semantic features
improves alignment robustness and downstream performance
[34], [49]. Nevertheless, current learning-based techniques
are often limited by high training complexity, computational
overhead, and slow inference speed, which restricts their
applicability in large-scale or real-time scenarios.

III. METHODOLOGY

A. Problem Formulation

For each agent k € {1,...,K}, we define a collection
of RGB-D observation sequences as Sk = {sk}™  where
Ry denotes the number of rooms visited by agent k. Each
sequence sX, which corresponds to the scanned data of the
r-th room explored by agent k, is a temporally ordered

sequence of frames as sk = <If1,1f2,...,1frk ,
? ? str

denotes the RGB-D frame captured at time step ¢ and T*
is the total number of frames recorded in room r by agent
k. Based on these observations, the objective of MA3DSG
is to let each agent incrementally construct the local 3D
scene graph GF = (V¥ £F), where V¥ denotes the set of
semantic entities (nodes) and 5f denotes the relationships
(edges) between entities for room r. These partial graphs are
integrated into a unified global scene graph G' = Ulegf
in a decentralized and collaborative manner. We address the
challenges posed by dynamic scenes and the integration of
conflicting partial graphs, using a function f: G! x G2 x --- x
G" — G with G* defined in its own frame F¥. Notably, the
scene graph is updated over time as V,(r +1) = V,(t) + AV
and &,.(t + 1) = &,(r) + A&, thereby ensuring the adjustment
to long-term dynamic objects of the environment.

where I},
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The overall architecture of the proposed MA3DSG. Each agent incrementally generates 3D semantic scene graphs in a large-scale environment.

The framework consists of multi-agent exploration, 3D semantic scene graph generation, and graph alignment, where agents collaboratively construct and

integrate local scene graphs into a unified global representation.

B. Overview

We propose a decentralized multi-agent framework for 3D
scene graph generation, addressing the need for scalable and
efficient scene understanding in large-scale environments.
Unlike single-agent approaches constrained to small do-
mains, MA3DSG utilizes multiple agents to collaboratively
explore diverse regions, as shown in Figure 2. It consists
of three core components: (1) Multi-Agent Exploration, en-
abling distributed coverage of large spaces; (2) 3D Semantic
Scene Graph Generation, where agents incrementally build
local 3D semantic scene graphs; and (3) 3D Semantic Scene
Graph Alignment, a lightweight algorithm that integrates
local graphs into a unified global representation. By shar-
ing information through overlapping exploration, MA3DSG
enhances completeness and reduces overhead—increasing its
utility in real-world scenarios.

C. 3D Semantic Scene Graph Generation

1) 3D Global Segmentation Map (3D GSM): Each agent
performs incremental geometric segmentation [50] on the
input RGB-D sequence to generate the 3D global segmen-
tation map (GSM). 3D GSM consists of multiple segments
U = {uy,uy,...,u,}, with each segment containing the point
cloud P, = {p; | p; € R*}. With each new incoming frame, 3D
GSM is updated by incorporating new segments or eliminat-
ing old ones. Each segment u; is characterized by multiple
properties: the centroid p; € R3, the standard deviation of
the points o;, the size of the axis-aligned bounding box b; =
(by,by,b;) € R3, the maximum length /; = max{by,by,b,},
and the volume Vv; = b, - by - b,. Subsequently, segments for
each instance are integrated into the reconstructed scene, with
each instance treated as a node.

2) Feature Graph: Leveraging the seminal SGFN [32],
the node encoder generates node features v; by extracting a
latent feature vector E(P;) of the point cloud using Point-
Net [51]. To address scale insensitivity from normalization,
spatial-invariant properties are concatenated to E(P;). The
edge encoder, consisting of three multi-layer perceptrons
(MLPs), computes edge features e;; for any two neighboring
nodes i and j (i # j) by processing their relative spatial
properties. Formally, the node/edge features are defined as:

Vi = [E(P,‘),O'i,ln(bi>7ll’l(vi>7ll’l<l[)], (1)

_ Vi li
el]:fi([ApzjaAGljaAbl]aln (> 71n <>D7 (2)

Vi lj
where [-] denotes a concatenation function and f; represents
MLPs. The feature-wise attention network (FAN) [32] is

employed, where node and edge features are robustly updated
in the message passing layer as follows:

+1 _
V;n - fv (V?,l?je./\e/l.)((l) (FAN(V:”,E:"}, vlj’ﬂ))) ’ (3)
et = fo (VI el v )

where f, and f, denote MLPs and A/ (i) denotes the set of
neighbors of node i.

D. 3D Semantic Scene Graph Alignment

Merging a stored 3D scene graph with a newly generated
graph is a significant challenge due to the complexity of the
subgraph matching process, which arises from variations in
graph size and structural differences. The task is inherently
NP-hard, and its complexity is further exacerbated by the
dynamic nature of objects in our test benchmark scenarios,
where positions and states are subject to change. To ad-
dress this, we propose a novel incremental graph alignment
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algorithm that seamlessly integrates newly generated 3D
scene graphs with existing data. The algorithm enhances
robustness by aligning the new graphs with stored data,
updating nodes and edges that have changed, and leveraging
prior information to infer unscanned regions. The proposed
graph merging consists of two key stages:

« Graph Alignment: The agent identifies the intersection
subgraph between the newly generated query graph and
the existing reference graph.

« Graph Update: The agent updates existing node/edge
attributes or infers graphs for newly encountered regions
as it continues along its trajectory.

1) Graph Alignment: A partial query graph and a ref-
erence graph containing label information are given. When
the query graph G, contains more than six nodes, an anchor
node is randomly selected as the starting point for the
search (line 12). The process begins by identifying nodes
in the reference graph that share the same label as the
anchor node. For each candidate node, the search expands
iteratively by traversing neighboring nodes in the query
graph (line 13) and attempting to find corresponding matches
in the reference graph. This search recursively identifies
triplet (node—edge—node) matches to maximize the alignment
between the two graphs (line 1-9). The objective is to extract
the intersection subgraph that best corresponds to the query
graph. If the intersection subgraph exceeds the alignment
threshold length 6y, the corresponding nodes and edges are
merged, and the 3D information of the reference graph is
updated (line 15-17). Otherwise, if the match size falls below
6., the agent adds the query graph to the reference graph
as new nodes and edges (line 18).

2) Graph Update: 1f the partial query graph and the
reference graph are aligned, the remaining triplets in the
reference graph G, are updated in one of three ways, based
on the newly recognized object O in G, to improve the
accuracy of the 3D information:

(1) Matching Node: If the centroid distance between object
O and an existing node v is below threshold 6,;, the
Intersection over Union (IoU) between their bounding
boxes exceeds Bjp,y, and their labels are identical, then
O and v are treated as the same. The 3D attributes of v
are refined by updating its bounding box to the union
of bounding boxes of O and v, and the existing edge
e is replaced with the corresponding edge from G,.

(i) Conflicting Label: If the centroid distance is less than
645 and the IoU exceeds Opp,y, but the labels differ,
then the existing node v is replaced with a new node
corresponding to O. The new node inherits the class
label and 3D spatial properties of O, including the
bounding box coordinates, and the edge e connected
to v is also updated accordingly.

(iii) New Node: If the centroid distance exceeds 0, O is
regarded as novel and inserted into the scene graph as
a new node. The corresponding edge structure from G,
is also added to maintain relational consistency.

Algorithm 1 Graph Alignment Algorithm for Agent &

Input: Query Graph G, Reference Graph G,
Output: Updated 3D Scene Graph G,

1: procedure GRAPHSEARCH(q, Gy, G, map,visit)

2: visit < visit U{q}

3. for each neighbor u of g in G, do

4 if u ¢ visit then

5: for each v in neighbors of map[q] in G, do
6 if G,u].label = G,[v].label then

7 maplu)] < v

8 map < GraphSearch(u, G4, G, map, visit)
9: return map

10: procedure SCENEGRAPHUPDATE(Gy, Gy)

11:  map,visit + Init()

12: anchors < SelectRandomNodes(G,)

13:  for node Ny, in anchors do

14: mapmax <— GraphsearCh(Nanc7quGramap~,ViSit)

15: if len(mapyqy) > threshold 6, then
16: G, + GraphUpdate(G,, Gr) > update G,
17: return G,

18: G+ G,.Add(G,)
19:  return G,

> just add G, as new graph

IV. MA3DSG-BENCH
A. Evaluation Scenarios

MA3DSG-Bench evaluates performance under two stan-
dard scenarios.

1) Static Collaborative Perception (SCP): Multiple
agents collaboratively operate within a large-scale indoor
environment with no dynamic objects. Multiple agents si-
multaneously explore distinct regions and incrementally con-
struct a unified 3D scene graph. This scenario evaluates the
system’s capability to accurately and consistently integrate
spatial and semantic information from diverse viewpoints
into a cohesive graph representation.

2) Long-term  Dynamic Collaborative  Perception
(LDCP): This scenario introduces temporal dynamics,
where changes occur over an extended period. Initially,
agents construct a scene graph through collaborative
exploration, similar to SCP. However, upon revisiting the
same location after a significant time lapse, agents encounter
changes such as objects that have moved, appeared, or
disappeared entirely. Since such scenarios frequently
occur in real-world indoor environments, LDCP assesses
the system’s ability to detect and reconcile temporal
inconsistencies by updating nodes and edges, thereby
enhancing real-world applicability.

B. Evaluation Dataset

To evaluate the scalability of MA3DSG, we reformulate
the 3RScan [20] and 3DSSG [28] datasets by assuming that
all 47 room scenes in the test set can belong to a single,
unified domain, rather than evaluating them independently
as in prior works. This unified setting, designed to evaluate
robustness under diverse layouts, serves as a valid basis for
assessing instance-level perception accuracy within rooms.
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Fig. 3. Unified domain evaluation. (a) Prior works treat each explored scene
separately. (b) A newly annotated final 3D scene graph reflects temporal
changes from randomly ordered visits for the LDCP scenario.

TABLE I
THE NUMBER OF STATIC/DYNAMIC OBJECTS.

. Dynamic
# of Instances Static moved removed changed
1,588 1,110 214 70 194
TABLE II

UNIFIED 3D SEMANTIC SCENE GRAPH SIZES IN THE EACH SETTING.

SCp LDCP
# of Nodes 1,588 1,518
# of Edges 5,546 5,054

As shown in Figure 3(a), although originating from the same
physical environment, the scenes were previously treated
as independent, with separate 3D scene graph generation
and evaluation. Within the unified domain, as illustrated in
Figure 3(b), agent k incrementally constructs a 3D scene
graph by exploring randomly ordered S* in our benchmark.
To simulate realistic multi-agent deployment, each agent’s
trajectory is randomly generated while controlling the over-
lap ratio—defined as the fraction of one agent’s trajectory
intersecting another’s—to maintain a balanced and realistic
coverage distribution across agents. In particular, we utilize
the rescans of each room, where object configurations are
rearranged, to generate a newly annotated final 3D scene
graph that captures both spatial and temporal changes—
including 478 dynamic objects, as shown in Table 1.

C. Metrics

1) Accuracy: Following prior works [32], [33], we eval-
uate our method on triplet, object, and predicate prediction
tasks. While prior work primarily reports recall@k, we also
include precision and F1, as high recall alone does not en-
sure meaningful graph construction—excessive relationship
predictions can introduce noise, reducing interpretability.
Moreover, whereas previous studies focus only on semantic
labels, we also incorporate spatial accuracy by considering
the object’s center position and 3D bounding box IoU—
ensuring alignment between the generated 3D scene graph
and the environment’s actual geometry.

2) Efficiency: We assess the efficiency of the 3D scene
graph generation system by computing the total graph align-
ment time, the whole scenario completion time, and the per-
agent data traffic, defined as the mean total volume of data
transmitted per agent.

V. EXPERIMENTS
A. Baselines

We compare our MA3DSG with two types of baselines:

« Single-Agent Baselines: Conventional 3DSGG research
includes 3DSSG [28] and SGFN [32]—the prevalent
setting. In these methods, a single agent is responsible
for generating the complete 3D scene graph. Unlike
other baselines, the 3DSSG processes the entire point
cloud at once, making total runtime measurement in-
appropriate for evaluating incremental 3D scene graph
generation.

o Multi-Agent Baseline: Due to the challenges of con-
structing multi-agent systems, the literature lacks estab-
lished baselines for direct comparison. To address this,
we introduce strong baselines by combining SGFN with
recent modules: SGAligner [34] and SG-PGM [52],
denoted as SGFN+SGAligner and SGFN+SG-PGM.

B. Comparative Studies

In all experiments, we set five agents with an overlap ratio
of 0.2 for the multi-agent setups. For MA3DSG, several
thresholds were determined empirically through ablations,
where we set 6, to 1.5 meters, 6., to 3, and By, to 0.4.

1) Static Collaborative Perception (SCP): Table III com-
pares MA3DSG against single-agent and multi-agent base-
lines in the SCP setting, demonstrating that it achieves
performance comparable to both. Across all domain sizes,
MA3DSG maintains R@1, P@1, and F1@1 on par with
those of the single-agent SGFN, with no substantial de-
cline. Specifically, MA3DSG exhibits deviations in triplet
Fl1@1 ranging from +1.5/-1.3%, in object F1@1 from -3.1/-
4.4%, and in predicate F1@1 from +0.8/-4.4%. MA3DSG
also operates 2.8x fo 4.2x faster than SGFN, with the
advantage increasing as domain size scales. This stability
stems from MA3DSG’s incremental updates, which preserve
prior information and leverage multi-agent observations to
address unscanned regions—unlike full graph replacement
in single-agent approaches. However, this mechanism intro-
duces potential errors, such as conservative predictions from
inconsistent updates, missed relationships, or noise accumu-
lation over iterative updates, especially in large domains.
In contrast, SGFN+SG-PGM exhibits a more pronounced
performance gap relative to SGFN with deviations in Triplet
Fl@1 ranging from -1.5/-6.5%, in object F1@1 from +0.5/-
1.7%, and in predicate F1@1 from -1.9/-10.6%.

2) Long-term  Dynamic  Collaborative  Perception
(LDCP): Table IV shows quantitative results for the
LDCP setting, which introduces temporal inconsistencies
requiring adaptive refinement and continuous 3D scene
graph updates. When comparing SGFN and MA3DSG,
the deviations range up to +1.9/-0.4% in triplet F1@]I,
+9.6/+0.3% in object F1@1, and +2.4/-0.5% in predicate
Fl1@1. MA3DSG operated 3.4x to 4.1x faster in terms
of processing efficiency, with greater gains as domain size
increased. These results underscore MA3DSG’s ability
to adeptly manage dynamic scene changes by integrating
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TABLE III
QUANTITATIVE EVALUATION OF ACCURACY AND EFFICIENCY UNDER THE SCP SETTING.

Method Domain Size Triplet Object Predicate Traffic. Align.  Total.
(#of rooms) R@l P@l Fl@el R@l Pe@l Flel Re@l Pe@l Flel (MB)  (sec)  (min)
Single-agent approach
5 3.1 3.2 3.1 27.1 325 29.5 15.2 19.5 17.0 - - -
15 16.8 15.5 16.1 315 37.7 34.4 26.3 39.2 315 - - -
3DSSG 25 18.6 15.5 16.9 32.6 36.5 34.4 29.7 37.9 333 - - -
47 14.8 9.0 11.2 34.0 334 33.7 259 26.8 26.3 - - -
5 19.6 7.6 10.9 52.1 33.1 40.5 25.9 234 24.6 - - 6.4
15 204 9.5 13.0 51.7 30.7 38.5 25.7 26.3 26.0 - - 17.1
SGFN 25 24.3 10.5 14.7 55.8 30.7 39.6 30.5 27.7 29.0 - - 32.7
47 26.4 9.6 14.1 56.2 29.4 38.6 32.0 25.8 28.6 - - 61.8
Multi-agent approach
5 14.7 5.4 7.9 50.0 34.3 40.7 18.9 16.4 17.6 43.2 11.7 2.5
. 15 10.8 4.7 6.6 46.1 30.5 36.7 14.6 15.8 15.2 116.2 35.1 4.9
SGFN + SGAligner 25 16.2 6.9 9.7 51.1 31.7 39.1 20.9 20.2 20.5 181.7 56.5 9.1
47 225 8.8 12.7 50.0 31.3 38.5 27.5 24.6 25.9 364.2 107.1 16.6
5 13.8 52 715 52.1 33.8 41.0 19.6 17.3 18.4 43.1 3.50 24
15 10.6 4.6 6.5 46.7 30.4 36.8 14.8 16.0 154 116.1 10.5 4.5
SGFN + SG-PGM 25 16.2 6.9 9.7 51.3 31.0 38.6 21.2 204 20.8 181.6 16.9 8.5
47 22.5 8.8 12.6 50.0 31.0 383 28.1 254 26.7 364.1 32.1 153
5 21.1 7.9 11.5 479 30.7 37.4 25.9 24.0 24.9 0.3 0.0 2.3
15 17.3 8.9 11.7 514 25.5 34.1 21.1 22.1 21.6 1.0 0.01 4.3
MA3DSG (Ours) 25 25.7 11.8 16.2 54.9 27.2 36.4 31.2 28.5 29.8 1.7 0.01 8.2
47 24.2 9.5 13.7 55.8 25.6 35.1 27.7 222 24.6 3.7 0.02 14.8

* For each domain size, the top three F1 scores for each metric group are highlighted using three levels of color intensity, while the best efficiency result is shown in bold.

TABLE IV
QUANTITATIVE EVALUATION OF ACCURACY AND EFFICIENCY UNDER THE LDCP SETTING.

Predicate

Domain Size Triplet Object Traffic. Align.  Total.
Method i
(#of rooms) R@l Pe@l Fl@el R@l Pel Flel Re@l Pe@el Flel (MB)  (sec)  (min)
Single-agent approach
5 3.1 32 3.1 24.0 28.7 26.1 12.2 15.8 13.8 - - -
15 11.2 9.4 10.2 27.7 32.8 30.1 18.3 26.6 21.7 - - -
3DSSG 25 13.3 9.9 114 28.1 30.8 29.4 22.1 26.8 242 - - -
47 10.9 6.0 7.7 29.5 28.6 29.1 20.6 20.3 20.5 - - -
5 4.2 1.4 2.1 44.8 28.5 24.8 9.2 8.2 8.7 - - 222
15 9.2 3.6 5.2 44.6 26.2 33.0 14.2 13.8 14.0 - - 69.7
SGFN 25 12.1 43 6.3 47.9 25.8 33.5 18.3 15.3 16.7 - - 95.8
47 14.2 43 6.6 47.6 24.6 324 19.5 14.6 16.7 - - 166.7
Multi-agent approach
5 6.1 1.9 2.9 44.8 29.3 354 14.6 12.5 13.5 33.1 7.1 124.9
. 15 8.9 39 54 36.9 27.3 31.4 17.5 20.7 18.9 408.1 124.7 18.5
SGEN + SGAligner 25 8.8 33 4.8 416 258 31.8 175 161 168 575.6 1851  25.0
47 11.9 43 6.4 39.6 254 31.0 21.2 18.8 19.9 1013.2  350.6 46.8
5 5.1 1.6 2.4 46.9 29.0 35.9 154 134 14.3 124.8 9.91 6.7
15 8.6 3.8 5.3 37.6 27.3 31.6 17.7 21.0 19.2 408.0 373 17.0
SGFN + SG-PGM 25 8.6 33 4.7 42.0 25.8 31.9 17.7 16.3 17.0 575.5 55. 22.7
47 11.1 4.1 6.0 394 25.3 30.8 20.1 17.9 19.0 1013.1 1049 42.7
5 8.1 2.6 4.0 43.8 28.4 34.4 11.0 9.6 10.2 1.0 0.03 6.5
15 10.6 4.2 6.0 449 26.4 333 16.7 16.2 16.4 4.5 0.13 16.4
MA3DSG (Ours) 25 134 4.7 7.0 49.1 25.8 33.9 18.8 154 16.9 6.1 0.19 21.8
47 13.1 4.0 6.2 48.3 25.0 33.0 18.9 14.1 16.2 11.6 0.37 41.0

* For each domain size, the top three F1 scores for each metric group are highlighted using three levels of color intensity, while the best efficiency result is shown in bold.

multi-agent observations and refining graphs incrementally.
In contrast, the comparison between SGFN+SG-PGM and
SGFN shows F1@1 deviations ranging from +0.3/-1.6%
in triplet, +11.1/-1.6% in object, and from +5.6/+0.3% in
predicate. While SGFN+SG-PGM leverages multi-agent
collaboration to achieve faster execution than SGFN, its
dependency on point cloud registration leads to higher
processing time and computational cost than MA3DSG.
C. Efficiency Analysis

1) Alignment Time: MA3DSG substantially reduces com-
putational overhead compared to multi-agent baselines. It
achieves consistently low alignment latency—0.02 seconds

in SCP and 0.37 seconds in LDCP—even in large-scale
domains. In contrast, SGFN+SG-PGM incurs significantly

higher alignment costs, highlighting the efficiency of our
multi-agent communication and scene graph integration.
Notably, MA3DSG performs inference entirely on CPU,
emphasizing its lightweight and hardware-efficient design.

2) Data Traffic: To assess the communication efficiency,
we compute traffic differently depending on the agent con-
figuration. For the multi-agent baselines, the communication
cost includes both the graph data and the point cloud data ex-
changed among agents. In contrast, MA3DSG transmits only
lightweight graph representations rather than full point cloud,
resulting in substantially lower traffic overhead. MA3DSG
reduces communication cost by a factor of 98.4x in the SCP
and 87.3x in the LDCP—highlighting its strong scalability
in extremely large-scale 3D environments.
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Fig. 4. Qualitative results of SGFN and MA3DSG. We visualize (a) incrementally scanned point clouds, (b) ground truth instance segmentation, (c)
ground truth 3D Semantic Scene Graph, (d) SGFN-generated, and (¢) MA3DSG-generated 3D Semantic Scene Graphs. For the same room, the upper row

shows SCP results and the lower row shows LDCP results.

D. Qualitative Results

Figure 4 presents a qualitative comparison of 3D scene
graphs under realistic, dynamic indoor environments, pro-
jected onto 2D for visualization purposes. The top row
corresponds to the initial reference scan, while the bottom
row shows the rescan data acquired after a time interval when
an agent revisits the same room. As observed in (a) and
(b), notable scene changes occur; the table changes from
circular to rectangular, various furniture shifts, and lighting
conditions vary due to open curtains. Notably, MA3DSG
merges prior graphs when later agents encounter unscanned
areas, preserving richer nodes such as shelves and cabinets,
as well as edges that SGFN often overlooks.

VI. CONCLUSION

We introduced MA3DSG, a multi-agent framework for 3D
scene graph generation that incrementally updates graphs,
leveraging shared agent knowledge to achieve scalability
and efficiency in large-scale settings. In the process, we
developed MA3DSG-Bench, a novel benchmark tailored to
evaluate 3DSGG scalability across diverse agent configu-
rations, domain sizes, and dynamic conditions—surpassing
prior single-agent, small-scale benchmarks. Together, these
contributions establish a robust foundation for multi-agent
3DSGG research. Future work will refine the graph update
mechanism, enhance robustness to scene variations, and opti-
mize computational performance in dynamic environments.
These efforts aim to advance scalable multi-agent 3DSGG
systems, setting a new standard for the field.
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