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SG-Reg: Generalizable and Efficient Scene
Graph Registration

Chuhao Liu ", Zhijian Qiao ", Jieqi Shi

Abstract—This article addresses the challenges of registering
two rigid semantic scene graphs, an essential capability when
an autonomous agent needs to register its map against a remote
agent, or against a prior map. The handcrafted descriptors in
classical semantic-aided registration, or the ground-truth anno-
tation reliance in learning-based scene graph registration, im-
pede their application in practical real-world environments. To
address the challenges, we design a scene graph network to encode
multiple modalities of semantic nodes: open-set semantic feature,
local topology with spatial awareness, and shape feature. These
modalities are fused to create compact semantic node features. The
matching layers then search for correspondences in a coarse-to-fine
manner. In the back end, we employ a robust pose estimator
to decide transformation according to the correspondences. We
manage to maintain a sparse and hierarchical scene representation.
Our approach demands fewer GPU resources and fewer com-
munication bandwidth in multiagent tasks. Moreover, we design
a new data generation approach using vision foundation models
and a semantic mapping module to reconstruct semantic scene
graphs. It differs significantly from previous works, which rely on
ground-truth semantic annotations to generate data. We validate
our method in a two-agent simultaneous localization and mapping
benchmark. It significantly outperforms the handcrafted baseline
in terms of registration success rate. Compared to visual loop
closure networks, our method achieves a slightly higher registration
recall while requiring only 52 kB of communication bandwidth for
each query frame.

Index Terms—Deep learning in robotics and automation,
multirobot systems, semantic scene understanding, simultaneous
localization and mapping (SLAM).

I. INTRODUCTION

LOBAL registration in dense indoor scenes is crucial for
G visual simultaneous localization and mapping (SLAM)
systems. It plays a key role in the performance of multia-
gent SLAM [1], multisession SLAM [2], [3], and long-term
SLAM [4] systems. Relying on image matching [5], [6], [7]
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for loop closure detection and global registration is challenging
because image matching is sensitive to viewpoint differences.
Furthermore, in multiagent SLAM, broadcasting image data de-
mand significant communication bandwidth. To address the lim-
itations of visual-based loop closure detection, semantic-aided
registration has been proposed [8], [9], [10], offering stronger
viewpoint invariance and a more data-efficient representation,
thereby reducing communication bandwidth.

Early works in semantic-aided registration explicitly maintain
the semantic objects. To match reobserved semantic objects, they
design handcrafted descriptors and similarity metrics based on
the 2-D image feature [9], projected bounding box [8], [12],
quadratic representation [13], or graph topology [10], [14], [15].
Using the calculated similarity metric, they identify matched
nodes by either setting a threshold or designing a set of verifica-
tion rules. Although these works introduced pioneering SLAM
frameworks that incorporate semantic landmarks, they often face
long-tailed cases in real-world experiments due to the noise
commonly present in the reconstructed semantic objects.

In recent years, learning-based semantic scene graph regis-
tration methods [16], [17] have emerged. These methods en-
code the semantic scene graph and determine multiple levels of
correspondences by solving partial assignment problems. They
eliminate the need for handcrafted similarity metrics between
semantic nodes. However, the current scene graph learning
methods are trained on datasets with ground-truth annotations,
resulting in a significant domain gap between the semantic scene
graphs from the annotated dataset and those in the real-world
scenarios, especially when noise is present. As a result, these
learning-based methods face challenges in generalization and
demonstrate limited effectiveness in real-world experiments.

Such real-world semantic noise and sensor noise motivate us
to propose a new data generation method. We reconstruct the se-
mantic scene graphs using three vision foundation models [18],
[19], [20] and a semantic mapping module: FM-Fusion [11].
In real-world indoor environments, the reconstructed semantic
scene graphs exhibit higher quality compared to those gener-
ated using Mask R-CNN [21] combined with earlier semantic
mapping methods [22], [23] . Although our method effectively
limits the semantic noise to appropriate levels, it cannot com-
pletely eliminate the noise. For example, as shown in Fig. 1, the
zoomed subvolumes from the two scene graphs reveal semantic
inconsistencies due to noise in real-world reconstructions. In
contrast to previous scene graph learning methods [16], [17],
which rely on ground-truth semantic annotations to generate
data, our approach introduces a new and practical challenge.
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Fig. 1. Register the semantic scene graphs in the two-agent SLAM system.
(a) Captured RGB-D sequences from the two agents in a real-world indoor scene.
The two agents move in an opposite direction, creating a large viewpoint dif-
ference between their cameras. (b) Visualization of the matched nodes between
the semantic scene graphs, which are from the two agents. The scene graphs are
constructed using FM-Fusion [ 11]. The zoomed subvolume showcases examples
of inconsistent semantic nodes. For better visualization, only a subset of the
semantic labels is displayed. (c) Registration result.

To address the challenges of noisy scene graphs and achieve
generalizable registration, we propose encoding multiple types
of information in the scene graph: semantic label, local topology,
and geometric shape. The semantic label is encoded by the
pretrained BERT [24] model, which is known for its strong
generalization capabilities and naturally accepts open-set labels.
In learning the local topology of a semantic node, we introduce
a triplet descriptor and integrate it into the graph neural network
(GNN) [25] to boost the spatial awareness of the learned feature.
It enhances the descriptive power of the local topology while
ensuring invariance to a global transformation in four degrees
of freedom (DoFs). For shape information, the shape network
reads the point cloud of each semantic node and aggregates a
geometric shape feature. We fuse all the information to generate
a comprehensive semantic node feature. The scene graph repre-
sents the original dense 3-D point cloud into sparse object-level
features, thus enabling the network layers to process the whole
scene while demanding fewer GPU resources. The last module
of our network consists of two levels of graph-matching layers:
one for matching semantic nodes and another for matching
their point clouds. Correspondences at each level are efficiently
determined using an optimal transport algorithm [26].

The back end reads the point correspondences. It prunes
outliers via maximum clique (MAC) [27] and estimates pose
through the robust estimator G3Reg [28]. The back end is
designed to tolerate a certain degree of point outliers, thereby fur-
ther enhancing the overall generalization ability in cross-domain
experiments, where the outlier ratio tends to be relative high.

This work focuses on the semantic scene graph registration
task in indoor visual-inertial SLAM conditions. We highlight
the key contributions of our work as follows.

1) Weintroduce alearning-based semantic scene graph regis-
tration approach. Our approach employs a triplet-boosted
GNN layer, which is designed to capture the semantic
nodes’ topological relationships along with spatial aware-
ness. Compared to a vanilla GNN network, it offers a
more descriptive representation of semantic nodes while
maintaining invariance under global transformations in
four DoFs.

2) The shape network generates a shape feature for each
semantic node, which is then fused into the node’s feature
representation to improve scene graph matching perfor-
mance. Thanks to the sparse nature of semantic nodes, the
computational complexity and GPU memory consump-
tion are significantly reduced.

3) We propose an automatic data generation method for
scene graph learning. We utilize the vision foundation
models [18], [19], [20] and a semantic mapping [11] mod-
ule to construct semantic scene graphs. This innovative
data generation approach enables training the network
using posed RGB-D sequences, eliminating the reliance
on ground-truth annotations. Furthermore, it significantly
reduces the domain gap between the training data and
real-world evaluation data.

4) We thoroughly evaluate our method against the baseline
model [17] using real-world reconstructed scene graphs
from 3RScan [29]. Our approach achieves significantly
higher registration recall (RR) than SG-PGM [17], while
requiring substantially less GPU resources.

5) We deploy our work in a two-agent SLAM system and
register the two scene graphs in a coarse-to-fine paradigm,
as shown in Fig. 1. With far lower communication band-
width, our registration substantially outperforms hand-
crafted semantic descriptor [15] and achieves a success
rate 0.7% higher than the combination of NetVLAD and
LightGlue [5], [7], [30].

II. RELATED WORKS
A. Image Registration

The current state-of-the-art visual SLAM systems [2], [23],
[31] rely on DBoW [32] to detect loop closure and register cam-
era poses. In VINS-Mono [31], for example, if DBoW detects
a loop closure candidate, it extracts binary robust independent
elementary features (BRIEF) descriptors and performs brute-
force matching between the looped images. Thereafter, VINS-
Mono registers images using RANSAC-based perspective-n-
point (PnP) [33]. To reject false loop closure or inaccurate
registration, the visual SLAM systems employ comprehensive
geometric verification in pose graphs [23], [31] or covisibility
graphs [2].

In recent years, learning-based image matching has been pro-
posed and primarily improves registration performance in visual
SLAM. SuperGlue [6] and LightGlue [7] encode image fea-
tures using attention layers and search feature correspondences.
NetVLAD [5] is combined with them to detect loop closure
in a coarse-to-fine paradigm [30], [34]. These learning-based
methods significantly outperform the classical loop closure de-
tection in visual SLAM. Nevertheless, in multiagent SLAM, the
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learning-based image registration methods require considerable
communication bandwidth. In addition, they often result in false
registrations under significant viewpoint disparities.

B. Point Cloud Registration

Given that visual SLAM is capable of generating a dense
point cloud map [35], it can be integrated with point cloud
registration to compute a global transformation. Traditional
methods for point cloud registration [36] involve extracting
FPFH features [37] from the input clouds and solving the pose
estimation problem using the Gaussian—Newton method. Sub-
sequently, robust pose estimators [28], [38] were introduced to
estimate poses even with a significant outlier presence.

Meanwhile, numerous learning-based point cloud registration
(PCRs) [39], [40], [41] are proposed. They use 3-D convolu-
tion network [42] or PointNet [43] as a point cloud backbone,
leveraging the extracted features to establish correspondences.
They subsequently solve the relative pose in a closed-form using
singular value decomposition (SVD) or weighted SVD [44].
Among the learning-based PCR, GeoTransformer [41] demon-
strates promising registration performance in the 3DMatch
dataset [45], which includes partial scans of point clouds in real-
world indoor environments. Despite its superior capabilities,
GeoTransformer encodes a superpoint feature and incorporates
attention layers [46] on these superpoints. Due to the density
of the superpoints, the attention operation demands substantial
GPU resources, limiting its scalability in large-scale scenes.

C. Scene Graph Construction

In order to integrate a scene graph into visual SLAM, the
initial step is to construct a scene graph. Kimera [23] and its
series of works are pioneer works in this area. Using Mask
R-CNN [21], Kimera incorporates semantic segmentation ob-
tained from images into a metric-semantic map. This map is
built upon the TSDF voxel grid map [47] and is integrated
following SemanticFusion [22]. Then, Kimera clusters the dense
metric-semantic map into hierarchical levels of representations:
objects, places, floors, and buildings. Later, S-Graph [48] and
S-Graph+[49] segment 3-D planes to build their scene graph,
which is further integrated in an optimizable factor graph. The
semantic scene graph closes the gap between robot perception
and human perception. It is regarded as the spatial perception
engine [50] for spatial intelligence in the future.

Since the release of vision foundation models, recent ad-
vancements in semantic mapping [51], [52] have increasingly
incorporated these models to reconstruct 3-D semantic maps.
Among these, FM-Fusion [11] focuses on RGB-D SLAM in
indoor environments. It integrates object detections from RAM-
Ground-SAM [18], [19], [20] to reconstruct an instance-aware
semantic map. Like Fusion++ [9], FM-Fusion represents each
semantic instance in a separate TSDF submap. It fuses seman-
tic labels using a Bayesian filter while independently model-
ing the measurement likelihood from RAM [18] and Ground-
ingDINO [19]. By leveraging vision foundation models, FM-
Fusion has achieved more accurate semantic instance segmen-
tation compared to Kimera on the ScanNet benchmark. Based on
the semantic instances, we construct a higher quality semantic

scene graph without relying on ground-truth annotations. How-
ever, RAM-Ground-SAM still predicts noisy instance segmen-
tation and incorrect semantic labels. When compared to scene
graphs generated using annotations in ScanNet or 3RScan, the
reconstructed scene graphs using FM-Fusion exhibit significant
noise.

D. Semantic Data Association

Data association between semantic representations is the most
important step to guarantee a successful registration. In seman-
tic SLAM works, The step relies on explicit representations.
Bowman et al. [12] represent each object using a bounding
box. If two object nodes belong to the same semantic category
and their intersection over union (IoU) exceeds a predefined
threshold, they are considered a match. Building on Kimera,
Hydra [15] constructs handcrafted semantic descriptors by ag-
gregating semantic histograms from nearby objects and com-
putes node similarity using these descriptors. More recently,
SlideSLAM [53] has determined object similarity based on iden-
tical semantic categories and similar bounding box shapes. To
incorporate topological information into semantic data associa-
tion, X-View [14] introduces a random walk descriptor (RWD)
that records semantic labels along walking routes. The descriptor
represents the topology information explicitly. When calculating
the similarity metric, X-View counts the number of rows with
identical RWDs to determine a similarity score. To enhance
the spatial descriptiveness of RWD, Lin et al. [10] integrate
distance information into the arrangement of RWDs. Similarly,
Liu and Shen [55] utilize spatial priors to construct RWDs.
To reduce false matches between nodes, some approaches [56]
explicitly construct edge descriptors to verify geometric con-
sistency among matched nodes. Along the same lines, Kabalar
et al. [57] employ node triplets to validate the correctness of
matched nodes.

The aforementioned semantic-related descriptors are explic-
itly represented through labels, bounding boxes, and topology,
rather than being implicitly encoded from these attributes. They
solved their targeting scenarios but faced corner cases in general
real-world evaluation. For example, in the inconsistent scene
graphs, as shown in Fig. 1, they may need to set a topology or
edge threshold for each semantic category. The parameter tuning
workload is huge.

Inspired by the learning-based graph matching models [58],
we believe training a neural network to learn semantic data
association is a promising direction. The latest version of Hy-
dra [50] proposes encoding object nodes using a GNN, though
it omits shape features. SGAligner [16] is the first work, to
our knowledge, to focus on learning scene graph matching.
It encodes multiple modalities from semantic nodes, including
semantic labels, center positions, and relationship labels. Sub-
sequently, SG-PGM enhances this approach by incorporating
shape features into scene graph learning. It samples points from
each semantic node and aggregates them using GATv2 [25].
SGAligner and SG-PGM adopted the geometric-related layers
from GeoTransformer, including its superpoint matching, point
matching, and local-to-global registration layer. Both of them
are trained and evaluated on the 3RScan dataset [29], requiring
ground-truth annotations to construct their scene graph.
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TABLE I

SUMMARY OF SEMANTIC DATA ASSOCIATION METHODS

Year Descriptor in matching nodes/objects Dense Matching Real-world Visual SLAM Experiment
Type Topology Shape Semantic Annotation LCD Baselines
Bowman ef al. [12] | 2017 Explicit X B-box X DPM DBoW
Fusion++ [9] 2018 Explicit X X 2D Points Mask R-CNN -
X-View [14] 2018 Explicit v X X SegNet DBoW,NetVLAD

Lin et al. [10] 2021 Explicit v B-box 2D Points SOLOv2 DBoW+ORB
Kimera [23] 2021 Explicit X B-box X Mask R-CNN -
Hydra [15] 2022 Explicit v B-box 2D Points Mask R-CNN -

SlideSLAM [53] 2024 Explicit X B-box X YOLO -

Found. SPR [50] 2023  Exp. & Imp. v B-box 2D Points Mask R-CNN -
SGAligner [16] 2023 Implicit v X 3D Points Ground-truth N/A
SG-PGM [17] 2024 Implicit v Point Cloud 3D Points Ground-truth N/A

Living Scenes [54] | 2024 Implicit v Point Cloud 3D Points Ground-truth N/A

SG-Reg (Ours) 2024 Implicit v Point Cloud 3D Points RAM-Ground-SAM ~ NetVLAD+LightGlue

It covers the loop closure detection module in semantic SLAM and graph match modules in scene graph registration. The methods based on implicit feature descriptor have

incorporated neural networks to predict the data association. The B-box refers to a bounding box and the LCD refers to loop closure detection.
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Fig.2. Oursystem overview. We denote the encoded node features as ' X4/ B,
where its layer index [ € {0, 1,2}.

We provide a comprehensive summary of the semantic data
association methods in Table I. Our approach is fundamentally
different from previous semantic SLAM works, which recon-
struct explicit semantic representations and create handcrafted
descriptors. In contrast, we learn to encode scene graphs. The
work most similar to ours is SG-PGM, but we have three core dif-
ferences. First, our triplet-boosted GNN encodes semantic nodes
with enhanced spatial awareness, outperforming the vanilla GAT
used in SG-PGM. Second, we avoid aggregating point cloud
features through attention layers, significantly reducing GPU
memory usage and speeding up inference. Third, we evaluate our
method in real-world SLAM experiments, whereas SG-PGM
and prior learning-based works only assess performance using
scene graphs with ground-truth annotations. We integrate the
data generation process with semantic mapping [11], allowing
us to train and evaluate our network on scene graphs constructed
from semantic mapping.

III. PRELIMINARY

As shown in Fig. 2, SG-Reg is composed of a scene graph
network and a robust pose estimator. The scene graph network
reads a pair of semantic scene graphs, {QA, QB}, as input and
produces node matches M along with point correspondences C.
Using these hierarchical matches, the pose estimator calculates
a relative transformation TE between the two scene graphs. In
the following, we summarize the scene representations used in
our approach.

A. Explicit Representation

We denote a semantic scene graph as G = {V,E}, where V
is the node set and £ is the edge set. A semantic node v; has the
following attributes.

1) sis its open-set semantic label in text format.

2) b € R? represents the bounding box length, width, and

height.

3) o € R? is its geometric center.

4) P is its point cloud.

B. Implicit Representation

It incorporates multiple modalities:

1) shape feature f; € R%, where d is the dimension of the
shape feature;

2) the node feature 'x;, where [ is the layer index. Before
the shape network, the node feature is in the dimension
O1x; € RY. After the fusion with shape features, the final
node feature is in the dimension 2x; € R4+ds;

3) point features z; € REp*d= where K, is the number
of sampled points and d, is the dimension of the point
feature;

4) we use small symbols to denote features from one node
and capital symbols to denote features from a scene graph.
For example, 2%, is a node feature, and 2X4 is the stacked
node feature from G4.

C. Node Index

For a pair of scene graphs {QA, GEB }, we denote their node
indices A = [1,...,[VA]and B = [1,...,|VE|.

D. Data Association

The scene graph network generates node matches M and
point matches C.

1) A node match m = {i, j,w, }, where m € M, consists
of the associated node indices i € A, j € B and the node
confidence w,, € [0,1].

2) A global set of point correspondences C = {(px,qx)}.
where px, qr € R3.
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Fig. 3. Visualization of a semantic scene graph from ScanNet scene0025_00.
Each node’s point cloud is distinctly colored. For node v;, we illustrate one of
its triplet. In addition, the implicit features derived from v; are displayed.

E. Transformation

The relative transformation from G4 to GZ is denoted as
TS € SE(3).

IV. SCENE GRAPH NETWORK
A. Semantic Scene Graph Construction

The semantic scene graph is constructed using FM-
Fusion [11]. We extract its semantic instances and construct
semantic nodes V in the scene graph. Those instances that are
too small or have insufficient observations are excluded. For a
node v, its semantic label s comes from the prediction from FM-
Fusion. The node can be observed multiple times by Ground-
ingDINO, and FM-Fusion fuses multiple label measurements to
predict a final label s. The point cloud P is extracted from the
instancewise submap via 3-D interpolation. The interpolation
process is similar to marching cube [59], but it only interpolates
points that have three neighboring voxels. We extract the node
center o from P. Then, we calculate the minimum bounding
box from P using O’Rourke’s algorithm [60]. The bounding
box shape b € R? is recorded, representing its length, width,
and height. We ignore the orientation from each semantic node
to minimum additional noise. Finally, a semantic node is con-
structed v = {s, b, 0, P}. We construct the representations for
other nodes and generate V.

Once the node set V is constructed, we compute the distance
between each pair of nodes. The distance can be calculated from
the node’s center. If their distance is less than a threshold 7,
we connect an edge between them. The distance threshold 7, is
decided by node’s shape size, meaning that larger nodes connect
to more distant nodes and a greater number of nodes. We record
the generated edge set £. As shown in Fig. 3, we visualize an
example of scene graph G = {V, £}.

The input semantic scene graphs {G#,GZ} have a relative
transformation in four DoFs, including 3-D position and relative
yaw rotation. Relative rotation in roll and pitch angle is already
estimated by visual-inertial SLAM [31] accurately.

B. Triplet-Boosted GNN

First, we initialize the input features for the GNN module. We
run BERT [24] to encode semantic labels and run a single-layer
MLP to encode bounding box size. A node v; € V4 has its node
feature initialized as follows:

= [BERT(s;)|[MLP; (b;)] (1)

where x; € R? and [-||-] denotes a concatenation.
The current attentional GNN incorporates a relative position
encoding (RPE) in its self-attention aggregation [7]

RPE(0;,0;) = ®"(0; — 0;) 2)

where o;,; are the nodes centers and ®% is a rotary encoding.
RPE has been shown to enhance learning in vision tasks [7],
[61] and language tasks [24]. However, RPE exhibits a critical
limitation in 3-D geometric tasks: it is variant to yaw-angle
rotations. Specifically, when the input graphs are transformed
by a yaw-angle rotation, RPE fails to produce rotation-invariant
features, which are essential for robust matching in such scenar-
i0s.

To address the challenge, we design a triplet descriptor to
enhance GNN learning. The triplet descriptor is designed to be
invariant to a global transformation in four DoFs. As shown in
Fig. 3, we set a semantic node v; € YA as the anchor of a triplet
and randomly sample two of its neighbor nodes {vj, vy} tobe
the corners of the triplet. The triplet feature is t - Incomputing
tt Gk We keep the corner nodes v; and vy, in an anticlockwise
order along the z-axis in a visual SLAM coordinate [31].

Mathematically, the triplet feature is defined as follows:

if (e;; xe;p). >0
if (ei,j X ei,k)z <0

i
_ J
ik i
(k5]
where the relative position vector e; ; = 0, — 0;, and (- X ),
is the z-axis value after a cross product. Then, an ordered triplet
feature is initialized

3

t1 g = 0%511°xk]lg5 ) )

g} & 18 a geometric embedding

gir=["(lei; M= (lei )™ (@ - éix)] (5)

where the length of triplet edges |e; ;|,|e; x| € R and
é;; and €; j, are the normalized vectors. The term (&; ; - &; 1)
represents cosine value of the triplet angle. Sinusoidal functions
1’ and 4" are applied to embed the edge length and the triplet
angle. The sinusoidal functions have been used in GeoTrans-
former [41] to encode their geometric scalars.

Now that we have illustrated the creation of triplet features, we
explain how to integrate them into a GNN. The triplet-boosted
GNN reads the initialized node features °X“ and outputs them
as ' X4, The residual message passing update for all  in A is

1Xi = OXi + MLP[OXZ”HIZ] (6)

To compute the message feature m;, we first sample a set of
triplets from its associated edge set £(i, -). The feature is then
computed using an attention mechanism [46], which aggregates
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the embeddings of all sampled triplets
Z i (WY (t5)) - (M

(4:k)€E(i,), 07k

m,; =

The attention score a} & 1s computed by a softmax over all of
the query—key similarities:

o ), = softmax; (WQ(tj-,k) (WK(té,k))T> ®)

where WX W& and WV are projection encoders before the
attention layer. This step leverages the attention mechanism to
aggregate relevant triplets associated with each node.

We follow (6) to encode all the nodes in G# and GZ. The
outputs after the triplet-boosted GNN are

{IXA7 1xB|le c R\A\Xd7 le c R\B\Xd}. 9)

Compared to the vanilla graph attention network [25], the
triplet boosts the spatial awareness of the GNN. Compared to the
GNN incorporated with RPE [7], our approach ensures that the
features remain invariant to yaw rotation. In addition, our process
aligns more closely with human intuition. Humans recognize
a room layout by describing its object topology with spatial
awareness. For example, a human may refer to a couch in his
office facing a television and having a table on its left-hand
side. Our triplet descriptor captures local topology with spatial
awareness, mimicking human intuition. In the SLAM domain,
similar triplet descriptors [62], [63], [64], [65] have been pro-
posed, although they represent the triplet explicitly. We believe
triplet is a relatively stable local structure in the cross-domain
scenario we target. Even under noisy scene graphs, if a node
feature aggregates one or two correct triplets, it is still highly
likely to find the correct match.

C. Shape Network

The shape network generates geometric features at two levels.
Itincludes a point backbone that learns point features and a shape
backbone that learns the nodewise shape features.

Given a pair of scene graphs {G*, GB}, we extract their global
point cloud {X, Y}, where each point is annotated with its
parent node index. We downsample them into four resolutions
{tx 'y}, where the layer index I = {0,1,2,3}. The parent
node index is maintained during downsampling.

In the following steps, we explain encoding for {!X'}; and it
goes the same way for {!{’};. As shown in Fig. 4, the point back-
bone generates point features in multiple layers. We only take the
second finest level of point features as a hidden state feature H.
We did not take the finest level of point cloud features, because
they are redundant, as noted in previous work [41]. Utilizing
the node indices maintained in 'X’, we can directly sample the
nodewise points from H4. During sampling, we only keep K,
points for each node. If a node finds too few or too many points,
we adjust the number to K, through random sampling or zero
padding. The sampled nodewise points and features are P and
ZA.

The shape backbone has one layer of encoder and decoder. It
aggregates point features following the annotated node indices
in !X’ and generates nodewise shape features F4. Its decoder

Point Backbone Shape Backbone

{FA,PA, 24,74}

{IX}l mxl 25 {lX}lvHA s

—

{'Yh B {'Y},H? Q (72,p5 28 25)
*

e

Floor

Output Feature Output Feature

Kernel

Input Kernel

Output Input Output

Fig. 4. Visualization of the shape network structure and its point aggregation
kernels. Point backbone uses grid subsampling to decide aggregation kernels,
which are small and dense. Shape backbone following instance segmentation to
create aggregation kernels, which are large and sparse.

generates decoded point features 74, allowing dense supervi-
sion of the shape backbone during training.

We summarize the output representations of G* as follows:

1) node shape feature FA e RMIxds,

2) node points P4 € RHXKpx3,

3) node point feature Z4 € RA*Kpxd-.

4) decoded point feature Z# € RIAXEpxd=

At the last step of the shape network, we fuse the shape
features into the node features by concatenation

2xA _ [1XAHFA],2XA c R‘A‘X(d+(i5)_

Notice that the shape fusion can run before the triplet-GNN
or after the triplet-GNN. We investigate the influence of early
fusion and late fusion in our experiment in Section VII-D3.

Some previous PCR works [39], [41] also employ a point
cloud backbone to extract point cloud features. The uniqueness
of our method stems from the addition of a shape backbone after
the point backbone. This approach offers two key advantages.
First, it reduces the density of the output features from the point
backbone. In the previous point cloud learning methods [39],
[41], they run multiple attention layers on the hidden state
features after the point backbone. Due to the densely distributed
hidden state features, their attention layers consume a huge
GPU memory and can only run on small-scale scenes. Second,
the shape backbone generates a shape feature to represent the
geometric attribute of each semantic node, enabling the direct
fusion of shape features with other modality features to create a
compact semantic node feature.

D. Hierarchical Graph Match

With the learned node features and their point features, we
can run hierarchical graph matching layers to search for cor-
respondences. As shown in Table II, we summarize the node
assignment matrix AX and point assignment matrix A%, The
decoded point assignment matrix AZ s used to supervise the
shape network training and is skipped in the inference.
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TABLE II
ASSIGNMENT MATRIX DIMENSIONS

Input Dimensions Inf.
Node Assignment AX — {IX4 IXB} |A| x |B| v
Point Assignment AZ  {M,Z4 ZP} M| x K, x K, V
Point Assignment AZ  {M, 24,28} M| x K, x K, X

The Inf. refers to the assignment computed at the inference stage. M refers to the
ground-truth node matching during the training.

Next, we illustrate the construction of the assignment matrix at
each level. In previous work, SuperGlue [6] formulates the graph
matching problem as a differential partial assignment problem.
It determines the optimal match by the Sinkhorn algorithm [26].
We use similar techniques in graph matching.

At the node match layer, we calculate the node similarity
matrix and the node assignment matrix as follows:

Slxj = Linear(xi)TLinear(xj) V(i,j) e Ax B (10)
X _ X X
A%, = St (85,) Sofin (S5), (1)

We take dual normalization in computing A to suppress the
negative match pairs. If an assignment score AZX] is higher than
a threshold and it is a mutual top-k score in AX, we extract it
as a matched node pair m = {4, j, w}, where match confidence
w = Affj. Thus, we predict a set of node matches M.

Guided by the node matches M, the point matching layer
searches for the point correspondences C. Regarding a matched
node pair (4,7), its point similarity matrix is calculated as
follows:

SZ. — (ZA)T B gz

: RKPXKP

12)
Then, we apply the optimal transport algorithm [26] on Sfj
to compute the point assignment matrix AZ . i € RE»*Kp The
optimal transport algorithm can be seen as a dlfferentlal version
of the Hungarian algorithm [66]. It has been applied to solve
the bipartite matching problem in SuperGlue [6] and GeoTrans-
former [41].

We select the mutual top-k pairs in Af ; as the point corre-
spondences C; ;

Ci;j = {Pr-aklpr € P ar € PP,k € mtop-k(AZ,)} (13)

where {77{4,73;3 } are the nodewise points, as illustrated in
Section IV-C. Finally, we search point correspondences in all
the matched nodes M and construct a global set of point
correspondences C = {(px, qx) }-

E. Training
1) Loss Function: We train the network as follows:
L= ﬁgnn + ﬁshape~ (14)

Lgnn is proposed to supervise the triplet-GNN and the node
match layers, while Lgape is proposed to supervise the shape
backbone. Speciﬁcally

Z Z 1og lAX

l 1,2 (i,5)eM

s5)

gnn* a

where M is ground-truth node matches and [ is the layer index
of the node features. Since the dual normalization in (11) already
suppresses the negative pairs, Ly, has implicitly involved a
negative loss term. Thus, we omit the loss penalty regarding
the negative match pairs.

The shape loss is constructed by designing a contrastive
loss [67] on shape features and an optimal transport loss [41]
on the decoded point features {f/*, 7}

1
ﬁsha e = S gl Eot(ifa ZB)
P oM (Z_%G:M( !

+Lcom(f fB) + Lcom(fiAa fJB))

Jj oo

(16)

where M is the ground-truth node pairs. We explain the contrast
loss and optimal transport loss terms as follows:

exp(fA - fB)
Lem(FA,£5) = R
Eke/\/’ exp(f f )
Lon(2,2]) =~ > logAZ;(u,v)
(u,v)€C;
— Z logA (u, Kp) Z logA ,V)
ueN? veN 7

where N is the set of negative nodes compared with v;, C} j
is a set of the ground-truth point matches between {v;, v},
and N7 is the set of unmatched points in P;. The loss term
Lo s designed to supervise the point matching between two
associated semantic nodes. It pulls the features of the matched
points closer, while pushing the features of the unmatched points
further apart.

2) Generate Ground-Truth Match: The ground-truth node
match set M and each set of negative nodes \; are selected by
calculating the intersection between node pairs. We compute the
IoU between the nodes’ point clouds to decide an intersection.
Ground-truth point matches N7 are those points with their
relative distance less than a threshold (i.e., 0.05 m).

V. ROBUST POSE ESTIMATOR

Given a set of correspondences C = {(px, qx)}, we follow
the G3Reg framework [28], which employs a distrust-and-verify
approach, for robust transformation estimation. G3Reg gener-
ates multiple transformation hypotheses and uses a geometric
verification function to select the optimal one.

In the hypothesis proposal step, a pyramid compatibility graph
is constructed. Specifically, for two pairs of correspondences
(pi,q;) and (p;,q;), we test their compatibility

1P = pilly = llai — aylla| < 0. a7
Here, §;; is a threshold that helps reject potential outliers in the
correspondence set C.

By gradually increasing d;;, we obtain a pyramid graph that
becomes denser at each level. For every level, an MAC is
identified using the graduated MAC solver from G3Reg [28].
The correspondences in this clique form a potential inlier set

C*. A candidate transformation (R*,t*) is then determined as
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follows:
R*,t* = argmin min (r (d, Pr) , &%)
ReSO(3)teR? (o "0 Ve
(18a)
dp = qr — (Rpr + t) e

di (£F +REERY) "4y, if instance centers

r (kapk) =
dgdka

otherwise
(18c)

where ¢ is the inlier cost threshold, and X is the statistical
covariance matrix of the instance point cloud. This optimization
problem can be solved using GNC [68].

We then introduce an evaluation function g to determine the
most suitable transformation based on the geometric information
of the original point clouds X and )

R,t = g(REE5 | X)) (19)

arg min
Re(R;, }te(t), }

where m is the index of a candidate transformation.

The function g is designed based on the geometric distri-
bution of the voxelized point cloud, utilizing point-to-plane
and point-to-point distances. More details are available in [28].
The predicted transformation T% is created from the optimal

candidate (R, ?).

While the aforementioned framework demonstrates impres-
sive performance for registration with very low inlier ratios
(IRs), its efficiency and robustness may be compromised when
dealing with higher IRs and repetitive correspondence patterns.
To address these limitations, we introduce two practical strate-
gies aiming at enhancing both the efficiency and the robustness
of the system.

First, while MAC pruning [69] demonstrates superior robust-
ness at low IRs, its computational cost grows linearly with IR
in practice. In contrast, GNC provides comparable accuracy but
faster execution at high IRs. Our hybrid approach, therefore,
activates MAC only when the GNC-estimated IR falls below a
certain value, such as 0.3. Otherwise, we take the prediction from
GNC as the candidate transformation. The strategy achieves
optimal speed—accuracy tradeoff. Second, repetitive structure
tends to create dense and intraconsistent point correspondences,
which may construct a large outlier clique and disable the MAC
inlier selection strategy [38]. To mitigate this, we apply nonmax-
imum suppression to the correspondences. For correspondences
(pi»q;) and (pj,q;), if |p; — p;l|3 is less than a predefined
threshold, we retain only the correspondence with the higher
score.

The outlier pruning and the robust pose estimator do not suffer
from the generalization issues. They guarantee the registration
performance in cross-domain evaluation, which may hold a high
outlier ratio.

VI. TWO-AGENT SLAM

To demonstrate how scene graph registration helps SLAM
tasks, we integrate SG-Reg into a two-agent SLAM system to

|—1 L L EE L L L] agentA
RAM* gA: SG-Reg msgh agentB
GroundingDINO* FM-Fusion —p Scene Graph Server = —> Comm
Efficient-SAM* : i 1|ms9
I H ' Comm
Depth ' Scene Graph
P S H Network ™ LOOP’; E
-Mono es
RGB — ! e
IMU -t ' Pose Estimator E
)
ROS Master
Fig. 5. Two-agent SLAM system structure. Module marked with * runs in
offline.

detect loop closures and register the scene graphs. The structure
of the implemented system is illustrated in Fig. 5.

A. Coarse-to-Fine Communication

We introduce a coarse-to-fine communication strategy to
achieve optimal performance that balances accuracy and com-
munication bandwidth. Initially, each agent broadcasts its coarse
message at a steady rate (i.e., 1 Hz), allowing SG-Reg to match
semantic nodes. At a query frame, if a minimum number of
nodes are matched, the agent sends a request message to its
remote agent. In response, the remote agent publishes a dense
message, enabling the agent to execute the complete registration
pipeline shown in Fig. 2. To prevent the dense messages from
being published too frequently, we establish a minimum interval
between the query frames that allow for sending request mes-
sages. In the following, we highlight the format of the broadcast
messages from agent-A:

1) coarse message: {X*, 04};

2) dense message: {X*4, 04, X'};

where node features X € |A| x d, node center points 04 €
|A| x 3, and the stacked point cloud X is as illustrated in Section
IV-C.

To enhance the performance of receiving a coarse messages,
we maintain the latest point correspondences C in the program.
Upon receiving a coarse message, we merge the matched nodes’
center with C and construct the final correspondence set C,
if C is available. Or we construct C only using the matched
nodes’ center. Each time reading a C, SG-Reg predicts a global
transformation T% without an initial transformation.

B. SG-Reg Deployment

We implement the network modules in SG-Reg using
LibTorch,! enabling us to call the neural network from a C++
executable program. We integrate SG-Reg with other SLAM
modules. Each network block in SG-Reg is deployed separately,
allowing the SLAM system to match semantic nodes with or
without fusing shape features.

C. SLAM Integration

As shown in Fig. 5, we use VINS-Mono [31] to compute
visual-inertial odometry. RAM-Ground-SAM [18], [19], [70]

![Online]. Available: https:/pytorch.org/cppdocs/
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TABLE III
DATASET SPLITS FOR TRAINING AND EVALUATION

Train using Train using

3RScan-GT  ScanNet-Mapping
3RScan-GT evaluation Sec. VII-B -
ScanNet-Mapping evaluation - Sec. VII-D
3RScan-Mapping evaluation Sec. VII-C

processes the RGB sequences and save their prediction before
the experiment. FM-Fusion [11] reads the prepared data from
RAM-Ground-SAM and runs in real time.

VII. EXPERIMENT

We execute a series of experiments to assess our method.
These experiments reveal the following advantages of our ap-
proach, which align with our declared novelties in Section I.
1) Scene graph matching: Improvement is achieved through
the triplet-boosted GNN and shape integration discussed
in Section VII-D.

2) Generalization: Our method’s registration capability is
validated on a cross-domain dataset (see Section VII-C)
and within areal-world SLAM system (see Section VII-E).

3) Efficiency: Encoding the sparse scene representation re-
quires far fewer GPU resources in Section VII-C, enhances
communication efficiency in Section VII-E, and acceler-
ates inference speed in Section VII-F.

4) Self-supervised training: Our training approach, explained
in Section VII-A4, involves data automatically generated
from posed RGB-D sequences.

A. Setup

1) Benchmarks: We run our method on two public datasets:
ScanNet [71] and 3RScan [29].

The 3RScan dataset provides ground-truth scene graph anno-
tations [16], [17], which we refer to as 3RScan-GT. In addition,
considering the difference between ground-truth annotations and
real-world data, we use the semantic mapping [11] method
to automatically label the two datasets and refer to them as
3RScan-Mapping and ScanNet-Mapping. The division of the
training and testing sets follows the original settings of the
datasets. As shown in Table III, we train the baseline method and
our method using 3RScan-GT and ScanNet-Mapping separately.
We evaluate their cross-domain performance in Section VII-C.

Beyond reconstructed scenes, we evaluate our method in
a customized two-agent SLAM benchmark. Our scene graph
registration modules are deployed into a SLAM system, and it
registers scene graphs between two agents in a coarse-to-fine
strategy. The benchmark is based on RGB-D and inertial se-
quence data that are collected in the real-world environment.

2) Evaluation Metrics: Node recall (NR) and node preci-
sion (NP) evaluate scene graph matching performance. If the
IoU between the nodes’ point cloud is higher than a threshold
Tiow = 0.3, we treat it as a true positive (TP) node pair. Otherwise,
it is a false positive (FP) pair. Then, we can compute the NR
and NP, similar to the recall and precision in image matching

TABLE IV
TRAIN AND EVALUATION ON 3RSCAN-GT

NR(%) NP(%) IR(%) RR(%)
SG-PGM 63.5 45 15.7 79.4
Ours 85.2 58.1 22.5 82.0

task [6]. In the registration task, we follow GeoTransformer [41]
and use IR and RR to evaluate the accuracy. With the predicted
transformation, if the root-mean-square error (RMSE) between
the aligned point cloud is within a threshold (i.e., RMSE<
0.2 m), we treat the prediction as a successful registration. RR
is the portion of the successful registration.

3) Baselines: We compare our registration performance
against SG-PGM [17] and GeoTransformer [41]. In two-agent
SLAM, our approach is compared with Hydra [15], [50] and
HLoc [30]. Hydra and HLoc executes offline in the benchmark.

4) Training Data: In ScanNet-Mapping data, each ScanNet
sequence is segmented into multiple sub-sequences. We select a
pair of the subsequences as a source and a reference sequence.
A random transformation in four DoFs is incorporated into each
pair of the scene graphs. We run FM-Fusion on each subse-
quence. Hence, we can have a large number of scene graph pairs
for training and evaluation. Since the ground-truth annotation
from ScanNet is not used, we claim a self-supervised scene
graph training is used in our method. The training method can be
extended to other indoor RGB-D SLLAM data, and it does not re-
quire the ground-truth semantic annotation. In 3RScan-GT data,
we directly applied the data generation from SGAligner [16].

5) Implementation: We train our network using an Adam
optimizer with a learning rate of 0.01. The training data in-
volve 1990 pairs of scene graphs reconstructed from ScanNet-
Mapping and the 3RScan-GT dataset. The pretrain of the shape
network takes 64 epochs. The rest of the training takes 80 epochs.
We run the training process and all experiments on a desktop
computer with an Intel-i7 CPU and a Nvidia RTX-3090 GPU.

B. 3RScan Benchmark

This section evaluates the differences in accuracy between
different methods using completely accurate training and val-
idating annotations. We use the officially published version of
SG-PGM [17] and train and validate our model and SG-PGM
using 2178 pairs of scene graphs from 3RScan-GT. We make
two adaptions in our trained SG-PGM. First, we use BERT to
encode their semantic labels, which is identical to our method.
The original version of SG-PGM generates a semantic histogram
from each of its semantic labels and constructs a semantic feature
vector. Since Bert is a stronger semantic encoder, we apply
it in SG-PGM to ensure a fair comparison. Second, SG-PGM
reads the relationship labels of the edges. We assign all of the
relationship labels to none. This is because the scene graphs in
3RScan-Mapping do not provide any relationship labels, and we
set them to none in the two versions of the training.

As shown in Table IV, our NR and NP are significantly higher
than SG-PGM. Our RR is slightly higher than that of SG-PGM.
This reflects that we maintain a decisive advantage in semantic
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TABLE V
SCENE POINTS NUMBER IN EACH SPLIT

TABLE VI
SCENE GRAPH REGISTRATION PERFORMANCE

Small Median Large NR(%) NP(%) IR(%) RR(%)

Points in thousand(k) 61k to 133k 146k to 210k 210k to 330k GeoTransformer 47.9 47.9 14.5 76.3

All the scene points are downsampled at 2-cm voxel size. Small SG-PGM 352 22.5 5.5 408

Ours 66.8 40.6 204 80.3

GeoTransformer 25.6 27.1 10.6 6l1.5

Median SG-PGM 26.8 15.7 3.9 7.7

node matching. However, our advantage in RR is less significant. Ours 58.8 36.9 19.9 76.9
This is probably because using ground-truth semantic anno- GeoTransformer - - - -

. e h £ nod tchi S Large SG-PGM 26.2 12.0 1.6 27.3
tations will improve the accuracy of node matching. So, our Ours 51.9 328 14.4 727
method cannot fully demonstrate its robustness and superiority. GeoTransformer ~ 43.8 41.9 139 74.2

For scene graph registration, real-world data always contain Overall SG-PGM 329 200 50 350

Ours 64.9 389 195  79.0

segmentation variances and false predicted semantic labels,
which greatly affect accuracy. Therefore, we believe training on
3RScan-GT cannot reflect the actual usability of the scene graph
registration method but shows an upper bound in accuracy. The
experimental results of this section are only used as a reference
to prove that our method is also superior to the baseline method
in an ideal application scenario.

C. Cross-Domain Benchmark

Deep learning methods are often limited by their general-
ization performance. Considering that our method aims to be
applied in the long-term use of robots, we believe it is necessary
to evaluate the cross-dataset performance. In this section, we
evaluate in detail the generalization, accuracy, and efficiency
of our method and two baselines on a validation dataset that is
different from their training dataset.

1) Baseline Setup: We use the officially published version of
GeoTransformer [41] and SG-PGM [17]. We train them using
ScanNet-Mapping and evaluate them in 3RScan-Mapping to
test the generalization ability in the different data domains. We
make similar modifications to the realization of SG-PGM, as in
Section VII-B. We keep all the parameters in the 3-D backbone
identical, such as voxel size and point feature dimension. We
also turn OFF the ICP [72] refinement for all the methods to
ensure a fair comparison.

2) Registration Accuracy: We split the 100 pairs of scenes
from 3RScan-Mapping into three sets: 76 small pairs, 13
medium pairs, and 11 large pairs. The grouping is based on
the maximum number of points in each pair. We summarize the
scene points range of each split, as shown in Table V.

As the median-size scene shown in Fig. 6, the semantic scene
graphs in 3RScan-Mapping exhibit significant semantic noise,
including oversegmented objects and noisy point cloud recon-
struction. Our method generates more correct node matches and
fewer false node matches than SG-PGM. It demonstrates pre-
ciser and more robust scene graph matching performance than
SG-PGM. Compared with GeoTransformer, our semantic nodes
are much sparser than the superpoints from GeoTransformer.
Thanks to the strong descriptiveness features, our node matching
precision is higher than the superpoint matching precision in
GeoTransformer.

To discuss the registration performance, we introduce the def-
inition of pseudo inliers, the correspondences after outlier prun-
ing and being treated as inliers by the estimator. As introduced

In each split, the best metrics are presented in bold and the second best metric are
underlined.

in Section V, we prune the outliers in point correspondences via
MAC. Similarly, GeoTransformer and SG-PGM prune outliers
via a local-to-global registration [41], based on a weighted
SVD [44]. The baseline works and SG-Reg all have pseudo
inliers. We compute the pseudo inlier ratio (PIR), the ratio of true
inliers within the pseudo inliers. As shown in Fig. 6, our IR and
PIR are higher than those of GeoTransformer, demonstrating
more accurate point matching. In the final registration result,
both SG-Reg and GeoTransformer successfully align the scenes.

However, in SG-PGM, the presence of adversarial outliers
leads to registration failure. As shown in Fig. 6, these outliers are
geometrically consistent and thus more challenging to remove.
Despite efforts to prune outliers, these adversarial outliers persist
in the pseudo inliers. While adversarial outliers also appear
in GeoTransformer and our result, SG-PGM is particularly
susceptible as it cannot effectively prune them due to its high
outlier ratio. In addition, SG-PGM’s outlier pruning method,
which relies on a batch of weighted SVD [44], may impede
its ability to eliminate adversarial outliers. It searches for a
mini-batch of correspondences that contains the largest number
of pseudo inliers. Consequently, this mini-batch, which includes
the adversarial outliers, is likely to receive the highest confidence
score, leading to a false SVD prediction.

Then, we summarize the quantitative results in Table VI. As
shown in Table VI, our overall performance is much better than
SG-PGM. We outperform SG-PGM in each level of matches
and the final registration results. Considering that our method
and SG-PGM have adopted a strategy of explicitly fusing node
features and shape features, this significant accuracy gap further
demonstrates the scientific validity of our encoding method. It
also validates that our method is able to register scene graphs
across data distribution, demonstrating strong generalization
ability.

Compared with GeoTransformer, our method achieves
slightly better performance, improving RR by 4.8% and the
IR by 5.6%. However, in median-sized scenes, we significantly
outperform GeoTransformer, achieving a 15.4% higher RR.
This demonstrates that the primary advantage of incorporating
semantic information for registration lies in achieving higher
recall in larger scenes. In larger scenes, frequent similar geo-
metric structures exist, such as point clouds from multiple chairs
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TABLE VII
ANALYSIS POINT CORRESPONDENCES AND THEIR PSEUDO INLIERS

GeoTransformer SG-PGM Ours
Inlier Rate (%) 14.2 5.0 19.5
Pseudo Inlier Rate (%) 31.5(+17.3) 18.7(+13.7)  50.3(+30.8)

The improvements after prune outliers are highlight as a precision gain.

or numerous books. Relying solely on 3-D point features to
register large scenes is extremely challenging. By incorporating
semantic information, we enhance the descriptive ability of the
encoded 3-D features.

We also report the pseudo inliers to support our improvement.
As shown in Table VII, our PIR is higher than that of SG-PGM
and GeoTransformer. A higher PIR increases the likelihood that
the pose estimator will predict an accurate transformation T In
addition, we note that each method in Table VII has a PIR greater
than its IR. However, our PIR has improved by 30.8%, which
represents a larger gain than the baseline. This suggests that
SG-Reg generates fewer adversarial outliers, allowing for more
effective pruning of outliers and resulting in a greater precision
gain after outlier removal.

3) Computational Efficiency: SG-Reg requires significantly
fewer floating-point operations per second (FLOPS) and con-
sumes less GPU memory compared to baseline models. This en-
hanced computational efficiency arises from its ability to encode
scenes at a higher compression ratio. As illustrated in Fig. 7(a),
SG-Reg reduces a scene to dozens of semantic nodes, while
GeoTransformer compresses it into hundreds of superpoints.
Given that attentional operations [46] on an input feature set have
a computational complexity of O(n?), where n is the number
of input features, performing attentional operations on semantic
nodes is far more computationally efficient than on superpoints.

To verify our analysis, we design a study that runs a sin-
gle GNN layer from GeoTransformer, SG-PGM, and SG-Reg.
We conduct the study in all of target scenes. As shown in
Fig. 7(b), SG-Reg consumes the least GPU memory and re-
quires far fewer FLOPS than the two baseline models. Even
for large scenes exceeding 210K points, our reserved GPU
memory remains below 11 GB, and the FLOPS are below
2215 MFLOPS. In contrast, GeoTransformer requires more
than 1 000 000 MFLOPS, significantly higher than ours. Be-
sides, GeoTransformer cannot inference the large scenes due
to memory limitations; it exceeds the maximum GPU memory
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Fig. 7. (a) Sparsed 3-D representations from the 3RScan scenes in the cross-

domain benchmark. (b) Reserved memory and computational complexity on a
Nvidia RTX-3090 GPU. The MFLOPS are shown in exponential scales.

TABLE VIII
EVALUATE REGISTRATION IN SCANNET-MAPPING

NR(%) NP(%) IR(%) RR(%)
SG-PGM 64.6 53.3 29.1 94.0
Ours 86.2 63.1 63.4 99.1

capacity of 24 GB on the Nvidia RTX-3090. SG-PGM, our
closest baseline, exhibits efficiency that falls between SG-Reg
and GeoTransformer, as it inherits the superpoint encoding from
GeoTransformer, necessitating more GPU resources than our
approach.

D. ScanNet Benchmark

We further evaluate our performance in ScanNet-Mapping
evaluation split, which includes 218 pairs of scene graphs. In
the ScanNet benchmark, apart from overall accuracy, we focus
on exploring the factors that influence scene graph matching,
including the effects from GNN backbone, shape fusion strategy,
and perception field of the semantic nodes.

1) Registration Comparison: As shown in Table VIII, with-
out considering cross-domain performance, our NR and NP are
largely higher than SG-PGM. Our RR is slightly higher than
SG-PGM. We report the source domain results to show each
method’s upper bound.

2) Triplet-Boosted GNN Evaluation: We demonstrate that
the triplet-boosted GNN can learn the node features with
stronger spatial awareness. Three baseline GNN backbones are
used as baselines: vanilla GAT [25], the RPE GAT used in
LightGlue [7], and Geometric Transformer [41]. We apply each
GNN backbones to replace the triplet-boosted GNN we use.
All methods are trained and evaluated on ScanNet. To focus

TABLE IX
EVALUATION OF GNN LAYER ON THE SCANNET-MAPPING SPLIT

Node Rec.(%) Node Pre.(%)

Vanilla GAT 72.9 47.7

RPE GAT 75 52.7
Geometric Transformer 711 46.2
Triplet-boosted GNN (Ours) 76.8 57.5

To focus on evaluating the GNN layers, the shape features are not fused in this
study.

on evaluating the influence of GNN, we skip the shape fusion
module in all the baseline methods and our method. We directly
use the node features after the GNN to match the semantic nodes.

In the office scene depicted in Fig. 8, the triplet-boosted GNN
generates more TP matches and fewer FP matches. The scene
features multiple objects within the same semantic categories,
positioned closely together. The vanilla GAT only considers a
semantic topological relationship. It struggles with these am-
biguous objects, resulting in the highest number of FP matches.
In contrast, the RPE GAT, which is boosted by a variant relative
position information, performs slightly better than the vanilla
GAT. Furthermore, since the triplet feature is invariant to a
global transformation in four DoFs, the triplet-boosted GNN
outperforms the RPE GAT.

Next, we analyze the quantitative results. As shown in Table
IX, our method achieves the highest NR and NP in scene graph
matching. It proves that the triplet-boosted GNN can learn the
local topological relationships while distinguishing their spatial
distribution. On the other hand, the other GNN backbones per-
form less satisfactorily. Interestingly, we find that the geometric
transformer performs even poorer than a vanilla GAT. In point
cloud registration tasks, geometric transformer [41] is used to
encode superpoints and perform very well. However, in scene
graph registration tasks, semantic nodes have a larger geometric
variance. Many of them are partially observed, with some being
oversegmented. This may introduce extra noise to a node center,
which is later propagated into its learned geometric embedding.
As aresult, geometric transformer performance is degenerated.

3) Evaluate Shape Fusion: We run an ablation study to eval-
uate the impact of shape feature. In the no fusion setting, the
node features {1 X“ 1 X5} after the triplet-boosted GNN are
used to search node matches. In the early fusion setting, shape
features are fused into node features [°X 4/ 2 ||F4/ 5] before the
triplet-boosted GNN, while in late fusion, they are fused into
node features [' X4/ B||F4/5] after the GNN.

We visualize the scene graph matching results using different
fusion approaches in Fig. 9. As shown, a few shelves and a
table are incorrectly matched in the no shape fusion mode but
are rejected after shape fusion due to their differing shapes. In
addition, some objects are correctly matched after shape fusion,
which were missed in the no fusion mode due to semantic noise.
This demonstrates how the fused shape features enhance the
performance of scene graph matching.

We summarize the quantitative results of the fusion ap-
proaches in Table X. As shown, the late fusion strategy out-
performs the others in graph matching. This suggests that while
the shape feature is less critical for learning the graph topology,
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Fig. 9.  Scene graph matching at a ScanNet scene. We highlighted a few FPs
that are rejected after the fusion, and a few TPs that are matched after the fusion.
(a) No shape fusion. (b) Late fusion.

TABLE X
ABLATION STUDY ON THE FUSION STRATEGY

Node Rec.(%) Node Pre.(%)

No fusion 76.8 57.5
Early Fusion 79.8(+3.0) 60.7(+3.2)
Late Fusion (Ours) 86.2(+9.4) 63.1(5.6)

The improvements relative to the no fusion mode are annotated.

it becomes more significant when fused after the triplet-boosted
GNN. In this work, we employ the late fusion strategy, as
illustrated in our system structure in Fig. 2.

True Positive (TP) Match

(b)

GNN backbone.

False Positive (FP) Match

Results are from ScanNet scene0655_02. (a) Vanilla GAT.

E. Two-Agent SLAM Benchmark

The following experiment estimates the relative localization
between agent-A and agent-B. The agents have their local co-
ordinates system, denoted as O“ and OF. At a query frame,
whose frame index is ¢, the agent pose estimation in its local
coordinate is Tg‘ or Tf. The benchmark focuses on register-
ing the local coordinates between two agents and predicting a
relative transformation T%, where T € SE(3).

1) Data Collection: We collect the experiment data using
a visual-inertial hardware suite [73]. It has an Intel RealSense
D-515 camera to capture RGB-D sequence and a DJI A3 flight
controller that provides IMU data streaming. The experiment
involves ten pairs of RGB-D sequences inside an academic
building. Among them, five pairs of sequences have camera
trajectories in opposite directions, as the example scene shown
in Fig. 1. We generate ground-truth transformation T% by
manually aligning the reconstructed point cloud, following with
an ICP refinement.

2) Evaluation Metrics: With the predicted transformation
T% and ground-truth transformation T%, we compute their
relative translation error (RTE) and the relative rotation error
(RRE). If RTE< 0.2 m and RRE < 5°, we call it a successful
registration.

3) Using Hydra and HLoc: When using Hydra and HLoc
in agent-A, we assume that it has received all the keyframes
broadcasted from agent-B between time stamp [to, ¢,], where
t4 is the time stamp at the query frame. The image keyframes
in agent-A and agent-B are {Z'}; and {Z”},, where the frame
index i € [0, .

In the Hydra implementation, we mainly utilize its loop
closure detection module.> We input our scene graph into
Hydra, which is used to construct the handcrafted scene graph
descriptor, as introduced in [15] and [50]. The scene graph
sent to Hydra is identical to the one sent to our method. Hydra

2[Online]. Available: https://github.com/MIT-SPARK/Hydra
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retrieves matched frames using the handcrafted descriptor
during the global matching step, identifying the top-ten images
from the set {Z};. It then verifies the matched images using
DBoW2. In the local matching step, we implement the image
registration module from Kimera.> Specifically, it performs
brute-force matching of ORB features between the query image
Igf and Hydra’s candidate images. The candidate image with
the highest number of matched ORB features is selected as
the final matched image IZB. Subsequently, it uses the query
depth image D(‘;‘ and the image correspondences to solve
a RANSAC-based PnP problem [33], predicting a relative
transformation Tfl. By utilizing their local pose estimation T:;‘
and TP, the implemented Hydra predicts a T%.

We noticed that the latest version of Hydra [50] introduces a
GNN-based scene graph descriptor. However, it does not publish
the source code or its model weight. So, we can only choose the
handcrafted descriptor to compare.

In the implemented HLoc,* it runs NetVLAD to retrieve the
top-k matched images and we set £ = 10. Next, it runs Light-
Glue to match features in each of the retrieval images. HLoc
selects the candidate image with the most matched features as
the final loop image IlB . Similar to the pose estimation in Hydra,
we take the image matching result and the depth image D;‘ to
run RANSAC-based PnP [33]. With their local pose estimation,
we predict the relative transformation TZ.

We run Hydra and HLoc in an offline setting. They can access
the same data streaming from the two agents as our method.
In designing the communication strategy for HLoc and Hydra,
we follow the communication mechanism in D2SLAM [1],
which relies on image matching modules to detect loop closure.
We assume that each agent incrementally broadcasts its live
image and live image features (i.e., NetVLAD and DBoW).
And we record the bandwidth that belongs to each type of
message.

4) Registration as a Rigid Body: It is important to note that
this benchmark focuses on evaluating the registration between
agents while neglecting the pose drift within the trajectory of
a single agent. In a previous multiagent benchmark [74], the
system relies on Hydra to detect loop closures across agents.
The loop closure measurements are combined with odometry
constraints to construct a pose graph, which is then further
optimized. In this study, we evaluate only the registration per-
formance, treating each local trajectory or scene graph as a rigid
body representation.

5) Running Rate: We run Hydra, HLoc, and SG-Reg in every
ten keyframes. To ensure a fair comparison, we standardize the
number of query frames across all methods. Specifically, even
if a method identifies too few correspondences, we still execute
the registration process to predict a transformation. As a result,
the number of query frames for each method remains nearly
identical.

6) Robust Pose Average: Since a single estimation at a query
frame can be noisy, we run the robust pose average from Kimera-
Multi [75] in multiple consecutive query frames. Specifically,

3[Online]. Available: https://github.com/MIT-SPARK/Kimera- VIO
4[Online]. Available: https://github.com/cvg/Hierarchical-Localization

the predicted poses at the query frame and the previous X
queried frames are collected and sent to the robust pose av-
erage function, where X is the selected window size. The pose
average module generates a refined pose as the final result. It
is designed to enhance the stability of the method. If multiple
relative transformations are predicted with a few outliers, pose
averaging should improve the performance. On the other hand,
if the predictions are robust, the robust pose average module
brings limited enhancement. Thus, it can be used to verify the
stability of the predicted relative transformations.

7) Qualitative Results: We start the evaluation by visualizing
a sample loop closure detection frame. As shown in Fig. 10,
Hydra recalls a false loop closure. The semantic histogram at
the query frame and the false loop frame are closely similar,
resulting in an ambiguous handcrafted descriptor. Their DBoW
descriptors are similar as well. So, Hydra matches them in the
global retrieval step. Then, their ORB features are also falsely
matched. It demonstrates a false loop closure in large viewpoint
differences. The images observing different subvolumes create
two closely similar handcraft descriptors. Similarly, HLoc fails
at the same query frame, as shown in Fig. 10. It falsely matches
an unrelated image due to its similar appearance. On the other
hand, our method searches correspondences between 3-D scene
graphs, which tolerates vastly larger viewpoint differences. Once
the scanned 3-D scene graphs overlap, our method can success-
fully register the scenes.

We further visualize the registration results on a 3-D point
cloud map with sequences of camera poses. As shown in Fig. 11,
our method registers the scenes at a higher success rate than
Hydra and HLoc. Hydra fails most of the query frames due to its
handcrafted semantic descriptor and the classical ORB-based
image matching. The handcrafted semantic descriptor cannot
capture the spatial distribution of the objects. So, it frequently
matches the FP images. Moreover, their ORB-based image
matching suffers from a significant viewpoint difference. Thus,
most of its querying frames fail.

HLoc’s success rate is much higher than that of Hydra. How-
ever, it still generates around 60% failed registration frames.
The two agents move in vastly different trajectories, generating
significant different viewpoints. NetVLAD and LightGlue are
both affected by the viewpoint differences. So, their success
rate is less satisfied.

Another interesting phenomenon is that our query frames
with success registration are spatially close to each other, as
shown in Fig. 11. This is because our method requires a longer
initialization. At the beginning of the sequence, our integrated
scene graphs have very few semantic nodes and a low overlap
ratio. As the scene graphs grow, they gradually have a larger
intersection. Hence, nearly all of our query frames failed ini-
tially, while those in the latter half of the sequence were mostly
successful. Conversely, as shown in Fig. 11, the successful loop
closure frames in HLoc are spatially distributed in variances.

To verify the stability of the three algorithms, we conducted
a robust pose-averaging experiment to refine the predictions.
According to our previous introduction, the pose averaging
rejects outliers in the estimated transformation. Therefore, when
the algorithm is robust enough to noise, pose averaging has a
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displayed. On the right, the image matching results for the query frame are presented. At the query frame, HLoc achieves RTE at 15.1 m and Hydra achieves RTE
at 17.4 m, both fail the registration.
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Fig. 11. Registration visualization in an office scenario. The first row shows the original results, while the second row shows the results after pose averaging
using three nearest measurements. Each registration result is represented in a line. A registration is successful if its predicted camera pose has an RTE < 0.2 m

and RRE < 5°. For a better visualization, we align the camera poses with ground-truth transformation and incorporate a vertical translation. (a) Hydra. (b) HLoc.
(c) SG-Reg (Ours).

minimal impact. When the algorithm has drastic randomness, method: while it requires a relatively higher scene overlap and

its accuracy can be improved after pose averaging. adopts a conservative approach to registration, it consistently
As shown in Fig. 11, pose averaging has a minimal impact achieves accurate and stable results without significant jitter.
on Hydra due to its low success rate. In contrast, HLoc achieves Considering HLoc is a powerful baseline, we explain the main

a higher success rate after pose averaging, demonstrating that  differences between HLoc and our method. Our method first per-
HLoc is significantly affected by random noise. This also high-  forms object-level registration based on semantic center points
lights the effectiveness of the pose averaging module in estimat-  and further does point-level refinement on the objects. Therefore,
ing a reliable pose from multiple predictions with variations.  our method utilizes significantly fewer feature points than HLoc
However, as shown in Fig. 11, pose averaging has little effect and occupies a much smaller transmission bandwidth. However,
on our results. We attribute this to the inherent stability of our our method requires more data for initialization. When the scene
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TABLE XI
EVALUATE REGISTRATION SUCCESS RATE (SR)

Original Pose Avg@3 Pose Avg@5
‘ SR (%) RTE(m) ‘ SR (%) RTE(m) ‘ SR (%) RTE(m)
Hydra 3.7 0.108 4.7 0.111 4.1 0.113
HLoc 31.7 0.118 34.1 0.121 35.6 0.119
Ours 324 0.106 32.0 0.105 31.5 0.107

We report the averaged RTE from the succeed registration. Pose Avg@JX refers to the
robust pose average using X frames.

IoU is too low, our method may be unable to find overlapping
objects, leading to registration failures. On the other hand, HLoc
uses more feature points and requires higher computational
complexity, but it increases the possibility of registration success
in low repetition scenarios.

In the following comparison with HLoc, we aim to verify
whether our method can achieve similar or even better accuracy
than HLoc with much less communication bandwidth and faster
inference speed.

8) Quantitative Results: As shown in Table XI, Hydra recalls
very few success frames. It is because Hydra focuses more on
the back end of scene graph optimization, which involves bundle
adjustment [23] and mesh optimization. In this benchmark,
we evaluate the registration accuracy at a single loop closure
measurement, which makes Hydra less competitive. Specif-
ically, Hydra suffers from limited descriptiveness due to its
handcraft semantic descriptor, frequently false retrieval images
from DBoW?2, and inaccurate image matching by the brute-force
method.

HLoc is a competitive baseline with which to compare. Sur-
prisingly, our success rate is higher than that of HLoc before
conducting pose averaging. After the pose averaging refinement,
as explained earlier, HLoc improves, while our method remains
unaffected. Therefore, HLoc shows a better success rate. How-
ever, our method always maintains an advantage in accuracy.
This means that our method tends to be conservative but precise.
HLoc performs registration even when the IoU is small, which
may result in matching results with significant bias.

The experiment results also align with our initial estimation
of the advantages and disadvantages of HLoc and our method.
As shown in Fig. 12, HLoc can provide registration earlier and
at a higher registration success rate when the scene overlap is
low. However, it is easily affected by noise and can hardly cope
with large changes in perspective. Our method requires a long
initialization time, but it can ensure the stability of registration
accuracy, pose a sustained growth in success rate, and is robust to
significantrelative viewpoints. Considering that our method uses
much less bandwidth, its drawbacks are completely acceptable.

Meanwhile, we point out that SG-Reg is not adversarial
with image registration methods. In future works, they can be
combined into a unified factor graph to optimize.

9) Communication Bandwidth: A significant advantage of
our method is the communication bandwidth. As shown in
Table XII, our method only takes 3.9% of the communication
bandwidth that HLoc would take at each query frame. Even if we
exclude the RGB images from HLoc, we require less than 11%
bandwidth of theirs. The enhanced communication efficiency
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Fig. 12.  Loop closure success rate over the sequence length. Avg@ X refers
to the robust pose averaging in X consecutive loop frames.

TABLE XII
COMMUNICATION BANDWIDTH COMPARISON

Message Number  Dimension Bandwidth
SG-Descriptor 1131 339 1,497 kB
Hydra ORB 622k 32 77,746 kB
RGB 1,131 640 x 480 1,017,900 kB
Overall - - 970 kB/Frame
NetVLAD 1131 4096 18,096 kB
HLoc SuperPoint 460k 259 463, 864 kB
RGB 1,131 640 x 480 1,017,900 kB
Overall - - 1326.1 kB/Frame
Nodes 17k 132 8,472 kB
Ours Points 2918k 4 40, 347 kB
Overall - - 52 kB/Frame

Our messages contain the semantic nodes and points. Their message format is
introduced in Section VI. We report the accumulated number of each representation. The
corresponding averaged bandwidth is in the overall rows.

TABLE XIIT
ABLATION STUDY OF COMMUNICATION STRATEGY

Averaged interval time(s)

Success rate BW
Coarse message  Dense message
A 0.98 s None 34.9% 10.1 KB
B 098 s 95 s 57.8% 109.1 KB
C 0.98 s 54s 62.3% 163.6KB
D 0.98 s 34 63.3% 223.7 KB

Setting a turns OFF the dense message broadcast and fully relies on the coarse
messages. BW refers to the averaged bandwidth over the query frames.

is due to the sparsified scene representations. We broadcast the
encoded node features in the coarse message, which requires an
extremely low data bandwidth. We publish a coarse message in
every registration frame and only publish a dense message if the
other agent requests it. It reduces the amount of dense messages
that need to be published.

To further evaluate the influence of communication rate and
registration accuracy, we run an ablation study. It defines a min-
imum interval time for publishing dense messages. We change
the interval time and run the experiment in four settings. Results
from each setting are summarized in Table XIII.

As shown in Table XIII, from setting A to setting D, the
success rate gradually increases as the interval time between
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TABLE X1V
ANALYSIS COMPLEXITY IN COMPUTING THE SIMILARITY MATRIX

Input Dimensions Dot Product

VAS VA Operations
DM (JA[- Kp) xd=  (IB]- Kp) xd=  (|A]- Kp) - (|B] - Kp)
CFM (M| x Kp xd. |M|x K, xd. M| Kp- Ky

DM denotes dense matching, while CFM denotes coarse-to-fine matching.

TABLE XV
COMPARE RUNTIME IN MILLISECOND (MS) ON 3RSCAN BENCHMARK

Steps GeoTransformer  SG-PGM Ours
Point&Shape Backbone 23.6 60.1 20.3
GNN&Attention Layers 71.2 59.0 2.45

Match Layers 91.7 52.7 28.6
Pose Estimator 15.7 10.9 90.51
Total 202.3 182.7 142.7

We mark our pose estimation time using T because it runs on CPU, while the
baselines estimate pose on GPU.

publishing dense messages decreases. This demonstrates that
dense messages significantly improve the likelihood of success-
ful registration. However, the success rate approaches its optimal
level at a certain communication rate, beyond which further
improvements are marginal. In this experiment, we selected the
setting of Group C for its optimal balance between registration
success and communication efficiency.

10) Coarse-to-Fine Versus Dense Matching: To investigate
how the coarse scene graph matching improves registration
performance, we conducted an ablation study by disabling
coarse-to-fine matching and directly applying dense matching.
Specifically, the dense matching method brute-force matches
point features between the two scenes, while the coarse-to-fine
method (ours) matches point features only between matched
semantic nodes.

In the coarse-to-fine point matching, we select the point
features from the matched nodes M and build {Z#, Z”}. We
then compute the similarity matrix

S7 = g(z4,2°) (20)

where g(+) is the similarity function in (12). In dense matching,
it concatenates the point features in all the semantic nodes to
construct {Z*, Z"} and run (20). They build the point features
{ZA, ZB } differently, where we illustrate their computational
complexity in Table XIV.

As shown in Table XIV, dense matching requires heavier dot
product operations. To verify the analysis, we select a scene to
perform dense matching. The result shows that the dense match-
ing results in a high outlier ratio and requires higher computation
FLOPS than the coarse-to-fine matching. See supplementary
material for details.

F. Runtime Analysis

1) Runtime in 3RScan: As shown in Table XV, our GNN and
match layers are significantly faster than the baseline methods.
It benefits from our sparsified scene representation. Our triplet-
based GNN learns on the semantic nodes, while the geometric

transformer learns on the densely distributed superpoint. So it
runs much faster. This enhanced GNN speed is consistent with
our FLOPS analysis in Fig. 7(b).

One limitation is that our pose estimator is relatively slower
than the baseline. Their estimator runs faster because they run
weighted SVD [44] on GPU. They organize the point corre-
spondences in an array of patches. An SVD thread solves a
patch of correspondences. Since the patches are gathered into
a batch, solving it on GPU is very fast. On the other hand, our
pose estimator handles a global set of point correspondences,
which is processed on the CPU. Since the correspondences
are dense, solving the MAC and the robust estimator can be
relatively slow. Despite the slower runtime in pose estimation,
our total registration is still faster than the baseline methods. If
we only consider the network inference, our inference is three
times faster than the baselines.

2) Runtime in SLAM: In the two-agent SLAM, we save our
median results and rerun each step on the PyTorch platform.
Then, we record the time consumption on PyTorch and compare
it with HLoc. It is designed to compare the inference time in the
same platform since our network is deployed by LibTorch in the
SLAM system. Also, as HLoc runs offline, it ensures that we
compare with HLoc fairly.

As shown in Table XVI, LightGlue is the most time-
consuming step in HLoc. Global matching can also be slow when
the sequence is long, as HLoc searches candidate images within
the time stamp interval [0, ¢,]. Consequently, longer sequences
result in a greater number of images to search through. For
instance, in a frame toward the end of the sequence, global
matching can take 51.5 ms, which is twice the average time
shown in Table XVI.

Compared to HLoc, our total computation time is significantly
faster. As shown in Table XVI, our total processing time is
considerably less than that of HLoc, even when receiving dense
messages. Within our framework, the shape network and pose
estimator account for the majority of the inference time due
to their inputs being dense points. For Hydra’s loop closure
detection, it runs quite fast, including its semantic descriptor
construction and similarity calculation. Those operations require
low computing resources. Despite its fast inference time, Hydra
detects too few loop closures and is a less competitive baseline
method.

However, although our key modules run faster than HLoc,
we point out that our method cannot run in real time yet. One
bottleneck is the point cloud preprocessing operation, adapted
from GeoTransformer [41]. It uniformly downsamples the point
cloud into multiple layers of point cloud. It searches the nearby
points at each layer, generating a hierarchical point cloud ag-
gregation structure. Due to the large size of our point cloud and
it runs on CPU, it can take up to 900 ms in one query frame.
GeoTransformer and SG-PGM also run the same preprocessing
step and take a similar time. Similar to them, we treat the
preprocessing operation as a step in the data loader, which is not
considered in the runtime. Besides, since data loading time in
HLoc is notinvolved either, we exclude ours in Table X VI, which
is a fair comparison. Considering that real-time performance
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TABLE XVI
(A) REGISTRATION TIME IN THE TWO-AGENT SLAM. (B) SEMANTIC MAPPING TIME

Hydra® HLoc SG-Reg

Steps Time(ms) Steps Time(ms) Steps Coarse(ms)  Dense(ms)
Object&DBoW 0.5 NetVLAD 18.9 Shape Network - 38.2
Global Match 14.3 Global Match 23.5 T-GNN 2.1 2.1 Time (ms)
ORB Extract 23.8 SuperPoint 15.4 Node Match 1.5 2.0 RAM* [18] 29.8
Brutal Match 0.9 LightGlue 173.6 Point Match - 22.4 GroundingDINO* [19] 130.2
RANSAC-PnP 10.3 RANSAC-PnP 15.61 Pose Estimator 12.1f 43.91 EfficientSAM™ [70] 43.6

Total 49.6 Total 247 Total 15.7 108.6 FM-Fusion [11] 62.8

(a)

(b)

‘We report the average time in each frame. Modules or method marked in * run on CPU. FM-Fusion runs in real time, while the foundation models* run offline.

is not our motivation in this article, we leave it to be better
implemented in future work.

3) Mapping Runtime: We report the semantic mapping time
for reference. Semantic mapping is a high-level perception
function in SLAM systems. Multiple modules use it as a shared
front end [51], [52]. As a result, we excluded its timing from
the scene graph registration timing and reported it separately.
In computing the runtime, we run all the foundation models
offline and run FM-Fusion in real time. FM-Fusion loads the
pregenerated results from foundation models to construct the
scene graph. As shown in Table XVI(b), our semantic mapping
module can run in approximately 14 Hz. With the foundation
models, the system should be able to run at 4 Hz. If the SLAM
system requires the semantic perception running at a slower
rate [50], the overall inference speed is acceptable for a semantic
SLAM system.

G. Limitations

In the two-agent SLAM benchmark, we neglect the pose
drift for each agent. Since VINS-Mono [31] provides accurate
odometry over short camera trajectories (< 150 m), we assume
that the scene graph and trajectory of each agent are rigid bodies.
However, a desired multiagent SLAM system should account
for pose drift for each agent and further reconstruct an optimal
SLAM representation. To address this limitation, we believe that
combining the correspondences from SG-Reg with the image
matching constraints from HLoc for optimization is a promising
direction. SG-Reg can provide an accurate initial alignment
between agents, which can then be followed by scene graph
optimization frameworks [48], [74] to correct pose drift for each
agent.

Moreover, we find some failed registration in the long-tailed
scenes, such as empty rooms and scenes in symmetric layout.
We provide their results in the supplementary material, which
can be further improved in the future.

VIII. CONCLUSION

In this work, we propose a learning-based registration method
that aligns two semantic scene graphs without requiring an
initial value. The neural network encodes coarse semantic node
features, which are fused from their semantic label, local topol-
ogy with spatial awareness, and geometric shapes. Besides,
our network encodes the dense point cloud that are belong

to each semantic node. Then, the network searches for cor-
respondences at two levels: coarse semantic nodes and dense
point clouds. In the optimization stage, we employ a robust
pose estimator to compute the transformation based on these
correspondences. Thanks to automatic data generation, we train
the network in a self-supervised manner without the need for
any ground-truth semantic annotations. In the evaluation, we
compare our method with point cloud registration networks and
semantic registration networks. Our approach achieves a higher
recall rate, particularly in medium and large scenes. In addition,
our GPU inference requires less than 2.2 GFLOPS, while the
baseline can require up to 1314 GFLOPS. We deploy SG-Reg in
a two-agent SLAM system to align the coordinates between the
two agents. In real-world indoor scenes, SG-Reg significantly
outperforms handcrafted descriptors in Hydra. When compared
to the state-of-the-art image matching network HLoc, SG-Reg
achieves a similar registration success rate. However, in frames
with large viewpoint differences, SG-Reg registers the scene
more accurately and robustly than HLoc. In addition, our com-
munication module requires only 3.9% of the bandwidth that
HLoc demands. On the other hand, we recognize the system
demands heavy front-end modules to reconstruct the semantic
maps. In the two-agent benchmark, we ignore the pose drift
within each agent and register their maps as two rigid bodies. De-
spite these limitations, our system is generalizable, offers higher
computational efficiency during inference, and communicates
data using lower bandwidth.
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