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Abstract

Building 3D scene graphs has recently emerged as a
topic in scene representation for several embodied Al ap-
plications to represent the world in a structured and rich
manner. With their increased use in solving downstream
tasks (e.g., navigation and room rearrangement), can we
leverage and recycle them for creating 3D maps of environ-
ments, a pivotal step in agent operation? We focus on the
fundamental problem of aligning pairs of 3D scene graphs
whose overlap can range from zero to partial and can con-
tain arbitrary changes. We propose SGAligner, the first
method for aligning pairs of 3D scene graphs that is robust
to in-the-wild scenarios (i.e., unknown overlap — if any —
and changes in the environment). We get inspired by multi-
modality knowledge graphs and use contrastive learning to
learn a joint, multi-modal embedding space. We evaluate on
the 3RScan dataset and further showcase that our method
can be used for estimating the transformation between pairs
of 3D scenes. Since benchmarks for these tasks are missing,
we create them on this dataset. The code, benchmark, and
trained models are available on the project website.

1. Introduction

Generating accurate 3D maps of environments is a key
focus in computer vision and robotics, being a fundamen-
tal component for agents and machines to operate within
the scene, make decisions, and perform tasks. As such,
these maps should be actionable, i.e., containing informa-
tion (such as objects, instances, their position, and rela-
tionship to other elements) that allows agents to perform
an action, and represented in an easily scalable, update-
able, and shareable structure. Recently, 3D scene graphs
[2, 41, 34, 18] have emerged as a topic in scene represen-
tation, providing a structured and rich way to represent the
world. Not only do they fit the above requirements, but they
can also be a lighter-weight [6] and more privacy-aware rep-
resentation of 3D scenes than the predominantly used 3D
point clouds or voxel grids. Hence, 3D scene graphs can be

SGAligner

Figure 1. SGAligner. We address the problem of aligning 3D
scene graphs of environments using multi-modal learning and
leverage the output for the downstream task of 3D point cloud reg-
istration. Our approach operates directly on 3D scene graph level
and it is fast and robust to real-world scenarios.

easier and safer to share across agents and humans operat-
ing in the same scene [22, 47].

Given their potential, 3D scene graphs are increasingly
used in embodied agents as a representation — commonly
built on the fly — to perform robotic navigation [37, 35, 33,

, 6] and task completion [12, 1, 32, 17, 20]. Since more
and more agents are already building 3D scene graphs for
downstream tasks, we investigate how to leverage and re-
cycle them for creating 3D maps of the environment — a
pivotal step in the agent operation — directly on the scene
graph level. Specifically, we examine the fundamental prob-
lem of aligning partial 3D scene graphs of an environment
that originate from different observations. We focus on
real-world scenarios and specifically formulate the prob-
lem as follows: given two 3D scene graphs that represent
3D scenes with overlap that can range from zero to par-
tial or full and can contain changes, our goal is to find
an alignment across scene graph nodes, if it exists. Inter-
estingly enough, even though entity alignment (i.e., node
alignment) is used in knowledge graphs and in linguistics
[24, 13, 26, 46, 7,9, 38, 23], the task of aligning 3D scene
graphs of environments has not been explored. An impor-
tant note is that entity alignment in these domains assumes
that there is overlap between graphs and that all inputs con-
tain true (i.e., correct) information.
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We propose SGAligner, the first method for aligning
pairs of 3D scene graphs that is robust to in-the-wild scenar-
ios (i.e., unknown overlap — if any — and changes in the en-
vironment) (see Figure 1). We get inspired by entity align-
ment methods in multi-modality knowledge graphs [23] and
redesign them for our setting. 3D scene graphs represent
three main types of information [41, 2, 34]: semantic enti-
ties in the scene (e.g., object instances) with their 3D geom-
etry (e.g., 3D point cloud), their attributes (e.g., category,
size, and material), and relationships between the entities
(e.g., relative position and attribute similarity). The main
premise is to independently encode each of these modali-
ties with the ultimate objective of learning a joint embed-
ding that can reason about the similarity of two entities
(nodes). Given entities matched using a cosine similarity
metric, we perform scene graph alignment using the ones
with the highest similarity.

We additionally demonstrate our scene graph alignment
method on the task of 3D point cloud registration, as well
as on the downstream tasks of 3D point cloud mosaick-
ing, finding overlapping 3D scenes, and 3D alignment of
a local 3D point cloud on a prior map that may contain
changes. Instead of directly computing 3D correspondences
on the entire point clouds [14, 30, 44, 3], we use the scene
graph alignment as coarse initialization for the registration.
We further refine it by computing 3D correspondences [30]
on the individual point clouds (i.e., object instance point
clouds) of each matched entity pair. This is followed by ro-
bustly estimating [| 1] the rigid point cloud transformation
using the computed correspondences of all matched pairs.

We evaluate all tasks on the 3RScan [40] dataset, which
contains 3D point clouds of indoor scenes captured over
time, along with their 3D scene graph annotations [41].
Since 3RScan does not provide partial scene graphs of a
scene (captured at the same temporal point) or a benchmark
for 3D scene graph alignment or any of the other down-
stream tasks, we create the data, metrics, and evaluation
needed to benchmark all tasks on 3RScan. Our experiments
show that our approach reduces the relative translation er-
ror of state-of-the-art GeoTransformer [30] by 40% on point
cloud registration, while being 3 faster during the overlap
check (i.e., identifying whether the point clouds to register
spatially overlap or not), since it does not need to process
the entire point clouds. Detailed ablation studies, along
with experiments on the tasks of point cloud mosaicking
and of aligning a changed local 3D scene to a prior 3D map,
demonstrate the robustness of our approach.

We summarize the contributions of this paper as follows:

* We propose SGAligner, the first method for aligning
pairs of 3D scene graphs whose overlap can range from
zero to partial and that may contain changes.

* We demonstrate the potential of our method on the tasks
of 3D point cloud registration, 3D point cloud mosaicking

and 3D alignment of a point cloud in a larger map that
contains changes.

* We create benchmarks for scene graph alignment and 3D
point cloud registration, as well as on the other down-
stream tasks, on the 3RScan [40, 41] dataset, with data,
metrics, and evaluation procedure.

2. Related Work

Multi-Modal Knowledge Graph Alignment. There ex-
ists vast literature in the domain of graph matching, with
methods focusing on creating single feature vectors to com-
pare on the entire graph-level (e.g., [21]). Such methods
are not applicable to our case, since the two graphs to align
have partial semantic and geometric overlap. A more rel-
evant task is that of multi-modal knowledge graph (KG)
alignment [24, 13, 26, 46, 7, 9, 8, 38, 23], which refers to
the task of aligning multiple knowledge graphs that repre-
sent information from different modalities (e.g., text, im-
ages, and videos). The goal is to integrate the knowledge
from different sources and provide a more comprehensive
understanding of the world. EVA [24] leverages visual
and other auxiliary knowledge to achieve entity alignment
in both supervised and unsupervised settings using a loss
formulation inspired by NCA-based text-image matching
[25]. More recently, approaches like [7, 23] solve the task
by learning a common embedding space for all modalities,
where similar entities in the KG have similar embeddings.
Both approaches use multiple individual encoders to obtain
modality-specific representations for each entity in the KG.
However, [23] introduces contrastive learning with intra-
modal contrastive loss and inter-modal alignment loss to
learn discriminative cross-modal embeddings while [7] only
performs common space learning to align the embeddings.
Since 3D scene graphs can be also considered as containing
multiple modalities (i.e., object instances, their 3D geom-
etry, attributes, and in-between relationships), we leverage
the above architecture and adapt it for the setting of align-
ing 3D scene graphs of environments. A point to highlight
is that KG alignment methods consider inputs as (partially)
overlapping and true, something that in the real-world sce-
nario of creating 3D maps does not hold due to noise.

3D Scene Graphs. Following the success of utilizing 2D
scene graphs [19], researchers introduced 3D scene graphs
as structured and rich representations to describe real-world
scenes [2, 18, 34, 41]. We follow the 3D scene graph
structure and dataset presented in [41]. Existing work
addresses the task of generating 3D scene graphs with a
variety of approaches; from online incremental building
[42, 15] to offline based on RGBD images and/or 3D re-
constructions [2, 41, 35]. The 3D scene graph representa-
tion has been explored in embodied Al for tasks related to
navigation and planning [37, 35, 33, 22, 6], task comple-
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Figure 2. Overview of SGAligner. Given two 3D scene graphs with partial overlap (a), we create four uni-modal embeddings (b) that
encode object, structure, attribute, and relationship information. These interact with each other to create a joint embedding space (c) where
similar nodes are located closely. We use this similarity to match nodes and create the final aligned 3D scene graph (d). We further

demonstrate the use of the alignment in 3D point cloud registration.

tion [12, 1, 32, 17, 20], variability estimation [27], and 3D
scene manipulation [10]. Although prior work has demon-
strated the applicability of 3D scene graphs in an increasing
fashion, it has not been investigated for the task of creating
3D maps of scenes. Hydra [15] approaches the latter using
hierarchical loop closure detection and 3D scene graph op-
timization to complete the non-optimised scene graph, that
is built on the fly, into a globally consistent and persistent
one as new information is captured. On the another hand,
our contribution focuses on solving graph matching solely
on the object-level. This would enable to leverage, share,
and recycle the created graphs for general agent operation.

3D Point Cloud Registration. The field of 3D point cloud
registration is well-established and active, with approaches
mainly being feature-based and end-to-end. We focus our
scope on feature-based approaches since they compute hard
correspondences and perform more robustly in real-world
scenes. Such methods [3, 14, 44, 30] consist of two steps:
local (learned) feature extraction and pose estimation with
RANSAC [11]. However, they focus on the in-vitro prob-
lem of aligning two input point clouds that have some de-
gree of overlap. This does not always hold in a real-world
scenario where there is no knowledge of whether there is
any overlap or changes between the inputs. Although some
of these methods compute matchability scores per estimated
3D point correspondences (e.g., [ 14, 30]), they assume over-
lapping input point clouds and do not have the mechanism
to discard non-overlapping ones. In addition, when the
number of individual point clouds to register becomes large,
it requires O(N2) complexity to process all possible pairs,
while failing to recognize non-aligned pairs. Last, they also
require large memory reserve to process input data if the
point clouds are large. Our method allows processing all
possible pairs faster while identifying non-overlapping pairs
before performing the final registration. In addition, it is

lightweight and can easily process large scenes, since, as
shown in our ablation studies, our method can operate with
a very limited number of points per object instance.

3. SGAligner: 3D Scene Graph Alignment

Following standard formulation [41], we define a 3D
scene graph G of a scene s as a pair of sets (N, R) with
nodes A and edges R. The nodes represent 3D object in-
stances O in the scan. Each node also contains a set of
attributes A that characterizes the visual (e.g., style and tex-
ture), geometric (e.g., shape and symmetry), and state (e.g.,
closed and empty) characteristics of the object instance, in
addition to the object categories. Instance-level point clouds
‘P are available per node. The edges R define semantic re-
lationships between the nodes such as standing on and
attached to. Given two graphs G; = (Nj,R1) and
Go = (N3, R2) of scenes sy and sy respectively, we aim
to find the set of objects in the overlapping regions of the
two scenes, denoted as entity pairs, F = {(n1,n2) | n; =
na,n1 € N1,ng € Ny}, forming node correspondences.

Our approach follows the network architecture proposed
in [23], which we modify from the language domain for
the task of 3D scene graph alignment with inputs of vary-
ing degree of overlap. The overall architecture is shown in
Figure 2. We can formulate scene graphs as a multi-modal
knowledge graph — commonly used in entity alignment —
where the semantic and geometric information included in
scene graphs is treated as the different modalities that are
encountered in knowledge graphs. The goal is to learn a
joint multi-modal embedding from individual encodings of
each modality (uni-modal), in which nodes are closely lo-
cated if they correspond to the same underlying object in-
stance and belong to different graphs. Specifically, we cre-
ate uni-modal embeddings using the three main 3D scene
graph information types: object embedding that encodes



P, structure embedding S that encodes R in the form of
a structured graph, and two meta modalities that encode
A and R between objects in the form of a one-hot vector.
To reason about the final entity alignment, similar to [23],
we create a joint embedding by combining these uni-modal
ones in a weighted manner and perform a joint optimization
using knowledge distillation across all embeddings.

3.1. Uni- and Multi-Modal Embeddings

To leverage rich information in 3D scene graphs, we pro-
cess each modality separately in our framework and create
uni-modal embeddings, which are later processed to model
complex inter-modal interactions in the joint embedding.

Object Embedding. Point clouds contain rich geometric
information about objects. Each of the individual point
cloud P; of O; is the input to the object encoder. We em-
ploy the PointNet architecture [29] as the object encoder to
extract the visual features ¢! for every node.

Structure Embedding. 3D Scene Graphs contain infor-
mation on relationships between O, which we leverage to
encode the layout of objects in s. We represent this infor-
mation in the form of a structure graph: node features are
the relative translation between object instances, and edges
are the aforementioned relationships. We calculate relative
translation by taking the distance between the object in-
stance consisting of the highest number of relationships and
that of any other object instance in the scene. Specifically,
we compute distances using the barycenter of the convex
hull of the point clouds. We use a Graph Attention Network
(GAT) [?] to model the structural information in G; and Go
via the structure graph.

We limit the weight matrix to a diagonal matrix, as sug-
gested by [23], to minimize computations and improve the
scalability of the model. As per [23], the neighborhood
structure embedding ¢ is produced by the last GAT layer,
using a two-layer GAT model to aggregate the neighbor-
hood information over several hops.

Meta Embeddings. Along with modeling the geometric
and structural properties of the scene, we model the at-
tributes and corresponding relationships per object O; in
two separate embeddings. We regard the relationship of O;
with other objects as a bag-of-words feature vector and use
it as input to a feed-forward neural network layer to obtain
the relational embedding ¢%. We adopt the same approach
for the attributes of O; for simplicity to get the d);-“. We call
these single-layer networks meta encoders because they are
easily interchangeable and extendable to new data.

Joint Embedding. We concatenate each of the previously

discussed uni-modal features to a single compact represen-
tation ¢; for each object O; as follows:

exp(wy)

Ai =& - il 1
¢ bk | S exp(wy) ] (1

where @ denotes concatenation, X = {P,S, R, A}, and
wyy, 1S a trainable attention weight for each modality k. We
apply Lo normalization to each uni-modal feature before the
final concatenation. These embeddings are coarse-grained
without any interaction between different modalities.

3.2. Contrastive Learning

To model interaction between modalities, we formulate a
representation learning framework. A contrastive loss func-
tion encourages comparable samples, or aligned entities, to
be closer together and dissimilar samples to be farther away
in the learned representation space. Using a cross-modal
contrastive loss is a typical strategy when working with
many modalities, such as in the case of 3D scene graphs, as
it encourages samples from various modalities that are se-
mantically related to be closer together in the joint represen-
tation space. Inspired by [23], we use the Intra-Modal Con-
trastive Loss (ICL) and Inter-modal Alignment Loss (IAL)
and formulate them similarly.

During training, we assume that £ C F is available to
us as seed-aligned entity pairs. Formally, for the i!" object
node n; € Ni, we define E = {n! | n} € N>}, where
(n%,nb) is an aligned pair. We define the unaligned pairs
within the same graph as H{ = {n] | Vn] € N1,j # i},
and aligned pairs across graphs as Hi = {n% | Vng €
Na,j # i} (Figure 3). These two samples define the con-
strained joint embedding space. We model £L¢L to learn
intra-modal dynamics for more discriminative boundaries
for each modality % in the embedding space. We apply ICL
separately on each uni-modal embedding and on the joint
concatenated embedding, after L, normalization. Each uni-
modal embedding is trained individually using ICL and is
not intended to interact with others.

Our complete representation is the joint embedding
space, and our goal is to learn proper uni-modal encodings
that enable node alignment in this joint space. To achieve
this, we minimize the bi-directional KL-divergence loss be-
tween joint embedding and uni-modal embeddings as the
Inter-modal Alignment Loss (IAL). Thereby, we emphasize
on aggregating the distribution of various modalities, which
narrows the modality gap by learning interactions between
various modalities inside each entity. We train our model
end-to-end, optimizing both losses as follows:

L=rl 4y i+ > sl @
ke keK

where K = {P,S,R, A} and o is the joint embedding.
Variables o, and [, are hyper-parameters that are automat-
ically learned during training. We direct the readers to [23]
for a deeper understanding of the loss functions.



Figure 3. An example of contrastive learning pairs. Aligned
pairs across graphs are marked with green edges and unaligned
pairs within the same graph are marked with brown edges.

3.3. 3D Point Cloud Registration

In this section, we describe how we approach the task of
3D point cloud registration by leveraging our scene graph
alignment results. The output of the previously described
scene alignment method is the set of matched entity pairs
n1 and ng, in the scene graphs G; and G, respectively.
For each entity pair n{ and n}, we extract 3D point corre-
spondences from P} and Pi. The correspondences are es-
timated by an off-the-shelf correspondence extraction algo-
rithm (e.g., [30]) by running it on node pairs independently.
We collect the point correspondences across all matched en-
tities and then use the robust estimator, e.g. RANSAC [1 1]
or one of its recent variants [3 1, 4, 5], to get the transforma-
tion T € SE(3) between the point clouds of the two scenes.

Performing registration on 3D correspondences that stem
from node-to-node matches allows for being less sensitive
to changes in the point clouds and incorrect matching than
state-of-the-art techniques.

Such an approach has two major advantages: (i) it fil-
ters non-overlapping scene pairs, which should not be reg-
istered, faster than state-of-the-art point cloud registration
methods and without any need for registration. This is en-
abled by obtaining object-level (node-to-node) correspon-
dences instead of performing the registration directly on a
large-scale 3D point cloud. (ii) It performs better than stan-
dard registration methods even on point clouds with low
overlap, which we showcase with experiments in the fol-
lowing section.

4. Experiments

We evaluate SGAligner on the task of 3D scene graph
alignment (Section 4.1) and on downstream applications,
namely 3D point cloud registration (Section 4.2), 3D point
cloud mosaicking (Section 4.3), finding overlapping 3D
scenes (Section 4.4), and 3D scene alignment with changes
present in the data (Section 4.5). In our experiments we
use the 3RScan dataset [40], which consists of 1335 indoor
scenes, of which 1178 are used for training and 157 for val-
idation'. The dataset contains semantically annotated 3D

13D scene graph annotations are not publicly available for the test set,
hence we use the validation set of 3RScan as the test set in our experiments.

point clouds per scene, some of which depict the same en-
vironment over time. 3D scene graph annotations for 3R
Scan are provided in [41]. Although this allows to evaluate
the robustness of our method in the case of changed envi-
ronments, there are no annotations to evaluate in static envi-
ronments. To enable a thorough evaluation with scenes that
range in overlap (from zero to partial), we create sub-scene
graphs in single scenes from one temporal point, given their
full 3D scene graph provided in the annotations, follow-
ing standard point cloud registration benchmarks [45]. We
make our code and benchmark publicly available.

Dataset Generation. To create the sub-scene graphs, we
first generate sub-scenes per scene on the geometry level
(i.e., partial point clouds). Scene point clouds in [40] are
generated from RGBD frames. To imitate a realistic set-
ting, we create sub-scenes by selecting groups of sequential
frames and reconstructing the depicted scene’s point cloud.
Frames across groups are unique and there is a possibility of
3D spatial overlap in the generated point clouds. We show
examples of sub-scenes generated using this approach in
Figure 5, alongside the camera trajectory used to capture the
corresponding scan in [40]. We generate a total of 6728 sub-
scenes from the training scenes and 827 sub-scenes from the
validation scenes. We create pairs using the sub-scenes gen-
erated from the same scene, such that the spatial overlap in
a pair ranges from 10-90%. This results to 11752 pairs for
training and 1452 pairs for testing. In Figure 4, we report
statistics on the spatial overlap of the generated pairs. For
simplicity, hereafter we refer to sub-scenes as scenes (s in
Section 3).
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Figure 4. Overlap statistics for the generated sub-scenes. We
show the percentages of sub-scene pairs per overlap range for both
training and test set w.r.t the entire generated dataset.

The individual point clouds of object instances in the
generated data will have a varying number of points. To use
them as input to PointNet (Section 3.1), we require them
to have the same size. We use a size of 512 for training
and showcase in the ablation studies that our method can
provide similarly robust performance in lower resolutions



Figure 5. Visualization of data generation process. We visualise the creation of sub-scenes given a larger single scene (parent) for which
RGB-D frames and camera poses are available. Given a point cloud from [40] (middle column), we create multiple sub-scenes (left and
right columns) and showcase the used camera trajectory. Different colors depict the camera trajectory and 3D spatial area of each sub-scene

in the parent scene.

(e.g., 64). We use farthest point sampling to downsample
each P; of object O; as

Pi = {0k © pr}r=1,/P|, 3)

where § represents the Kronecker delta, p is a point in P,
and |.| is the cardinality of P, i.e, the number of points.

4.1. 3D Scene Graph Alignment

In this section, we evaluate SGAligner on the 3D scene
graph alignment task. We utilize cosine similarity on the
joint embedding space to calculate the similarity between
two matched entities (nodes) and employ the standard met-
rics Mean Reciprocal Rank (MRR) and Hits@K, where



K={1,2,...,5}. MRR denotes the mean reciprocal rank
of correct matches. Hits@K denotes the ratio of correct
matches appearing within top K matches, based on their co-
sine similarity ranking. A formal definition of these and all
other metrics used is provided in Appendix A.

We compare SGAligner to using different modalities,
and as a result embeddings, as well as with a baseline from
entity alignment in the language domain. For the latter pur-
pose, we adapt the Entity Visual Alignment method (EVA)
[24] for 3D scene graphs by replacing the visual encoder
with PointNet architecture [29], same as P in our approach.
It is important to note that none of the approaches use it-
erative learning, instead, 30% of the anchor pairs are used
during training following standard formulation. Please note
that when employing only the instance level point clouds P
there is no IAL used.

Node Alignment. We first evaluate our method on node
alignment, for which results are in Table 1. As evident, our
method, even when using a single modality, outperforms
EVA [24] with a margin of approximately 2%. Furthermore,
and as expected, each modality in our method contributes
to improved performance in all metrics. Interestingly, using
all modalities provides at K=2 better results than only P
at K=5, and at K=3 it is already better than any of the other
combinations at K=5. To further verify the robustness of our
method and hence its suitability for real-world applications,
we also compare the performance of our method using both
ground truth and predicted 3D scene graphs as input dur-
ing inference (in both cases the network has been trained on
ground truth data). We compute the scene graph predictions
using the pre-trained network for 3D scene graph genera-
tion given 3D point cloud of [41]>. As shown, although as
expected the performance drops, SGAligner is still able to
provide reasonable matches despite the noise in the input.
The success and failure case presented in Figure 6, shows
that the existence of the same exact object in multiple repli-
cas creates erroneous matches; when the objects are more
discriminative, SGAligner provides accurate results.

We further ablate the results of our method (on ground
truth data) for scenes of different overlap to evaluate the ro-
bustness in cases where few nodes can be matched. Results
are reported in Table 2. As expected, the performance drops
with lower overlap, however, the gap between the very high
and very low overlap is not drastic.

In order to deeper understand the effect of semantic noise
to SGAligner’s performance, we provide experiments with
controlled semantic noise on the test data. Specifically, we
consider the following scenarios of noise: (i) only relation-
ships are removed?; (ii) only object instances are removed —

2We refer the reader to Table 2 in [41] for an evaluation on scene graph
prediction of this method.

3Ground truth annotations do not offer an exhaustive list of relation-
ships and attributes per node. We remove edges from these annotations.

Mean Hits @ 1
RRT K=1 K=2 K=3 K=4 K-=5

w/ Ground Truth 3D Scene Graphs

EVA [24] | 0867 0.790 0.884 0.938 0.963 0.977
P 0.884 0.835 0.886 0921 0938 0.951
P+S 0.897 0.852 0.899 0931 0945 0.955
P+S+R | 0911 0.861 0916 0.947 0961 0.970
SGAligner | 0.950 0923 0.957 0974 0.9823 0.987

w/ Predicted 3D Scene Graphs
SGAligner \ 0.882 0.833 0.881 0918 0.937 0951

Method

Table 1. Evaluation on node matching. We compare the perfor-
mance of SGAligner for different modality combinations, as well
as for ground truth and predicted scene graphs.

Overlap | Mean Hits @ 1
(%) RRT K=1 K=2 K=3 K=4 K-=5

10-30 0.872 0.806 0.886 0.927 0.948 0.962
30-40 0908 0.859 0917 0.949 0968 0978
40-50 0941 0908 0950 0.973 0980 0.985
50-60 0960 0937 0967 0982 0989 0.994

60- 0979 0.966 0982 0.990 0.994 0.995

All data ‘ 0950 0923 0957 0974 0982 0.987

Table 2. Evaluation on node matching per overlap range. Even
when the spatial overlap between inputs is low, SGAligner is able
to produce meaningful results. As a note, the average number of
overlapping nodes for the 10-30% overlap is 9.3, i.e., K=5 does
not exhaustively cover all overlapping nodes.

their corresponding attributes and any relationships that in-
clude them are also removed; (iii) both relationships and ob-
ject instances are removed; (iv) object instances are wrong
(i.e. they have the wrong semantic label); and (v) both re-
lationships and objects are wrong. Noise is applied to each
input scene graph randomly to 15-40% of the modified se-
mantic. For (iv) and (v), we randomly assign any other se-
mantic label, i.e., a chair could be labeled as floor, or rela-
tionship, e.g., standing on instead of close by. Re-
sults, including those on the full ground truth dataset (GT)
and with predicted 3D scene graphs (Pred.) for reference,
are in Table 3. Note that the training set remains the same.
As shown, the noise that our method can handle the best is
that of missing objects (ii). This means that the relation-
ships between objects can be more important than having
information on all objects in the scene, however not by a
large margin. What drops the performance drastically is
wrong semantic labels for objects and relationships. This
means that missing information is less harmful than wrong
information in the 3D scene graph, regardless of whether it
is about objects or relationships. Hence, it can be useful for
autonomous agents building maps to have an understanding
of uncertainty in the information. Comparing the results for
scenarios (iii) and (iv) with the use of predicted 3D scene



graphs, we observe that for the former the values are signif-
icantly lower. This has to be taken into account in case of
real-world applications, especially if generalization of the
scene graph prediction algorithm is unknown.

Affected | Mean Hits @ 1
Modules | RRT K=1 K=2 K=3 K=4 K=5

() S. R 0906 0.858 0915 0949 0.964 0974

(i1) All 0924 0.878 0942 0.968 0.977 0.985
(iii) All 0902 0.848 0918 0.949 0.964 0.975
(iv) P 0.661 0563 0.643 0.699 0.743 0.776

) P,S,R | 0587 0479 0.573 0.632 0.674 0.709

GT None 0950 0923 0957 0974 0.982 0.987
Pred. None 0.882 0.833 0.881 0918 0.937 0951

Table 3. Evaluation on node matching with controlled semantic
noise. Best values are in underlined bold. Second best in bold.

3D Scene Graph Alignment. Entity alignment provides
pairs of matched nodes. Here, we evaluate how well
two scene graphs can be aligned given the predicted node
matching. In theory, since the scenes are rigid, two pairs
of matched nodes would be enough to perform the align-
ment, if there was no noise in the matches. Since in reality
matches are noisy, we evaluate 3D scene graph alignment
with top-2, top-50%, and all of the matched nodes. We
choose top matched nodes based on an increasing ranking of
their similarity distances. To measure this performance we
introduce the Scene Graph Alignment Recall (SGAR) met-
ric. Similar to the standard recall metric, we calculate the
amount of correct alignments of SGAligner. We provide
these results in Table 4 for both ground truth and predicted
scene graphs. As shown, results with top-2 perform the best
in both cases. This means that SGAligner can identify at
least two matches that are very closely located in the joint
embedding space. In addition, SGAR for the top-2 matches
is approximately the same for both ground truth and pre-
dicted scene graphs, which further shows that our approach
can robustly align them.

Input Scene Graph Alignment Recall 1
Scene Graphs | R@top-2 R@top-50% R@All

Ground Truth 0.964 0.948 0.738

Predicted 0.963 0.856 0.450

Table 4. Evaluation on 3D scene graph alignment. Top-2
matches are the most robust for correct alignment, since adding
matches of decreasing similarity introduce more noise than new in-
formation in calculating the alignment. We report for both ground
truth and predicted scene graphs.

4.2. 3D Point Cloud Registration

In this section, we evaluate the performance of
SGAligner for 3D point cloud registration on the same data.
We employ the state-of-the-art Geotransformer [30] as a

3D correspondence extraction method, as per Section 3.3.
We compare the performance of our approach to standard
approaches and use Geotransformer directly on the point
clouds of the two scenes to register. Please note that in
our case, we use Geotransformer to extract correspondences
from individual point clouds on the level of object instances
only for the matched nodes. In all cases, we use the Geo-
transformer model trained on the 3DMatch dataset [45].

We compute the standard metrics of Chamfer distance
(CD) as in [43], relative rotation error (RRE), relative trans-
lation error (RTE), feature match recall (FMR), and reg-
istration recall (RR). RR is calculated with the standard
threshold of RMSE = 0.2.

Results for 3D point cloud registration for overlapping
scenes are shown in Table 5. Our method is consistently
providing best results in all metrics w.r.t. the standard reg-
istration approach, despite the less geometric information
in the point clouds we use; specifically on CD, we achieve
a 49.4% improvement (K=2). This is an expected behavior
since our alignment method, even when it contains incorrect
matches, is still providing an initialization to the task and
narrows down the search space for correspondences. With
respect to self baselines, our method with K=2 performs the
best. The drop in K=3 can be attributed to the following:
more matches per each node of which one is correct, means
that more outliers are provided to RANSAC, which it can-
not easily handle. Since the gap of Hits@K between K=2
and K=1 is larger than that between K=3 and K=2, K=2 can
still provide a boost of inliers to RANSAC even though it
will also increase outliers with respect to K=1. We include
examples in Figures 6 and 7.

Methods | CD. RRE(>)! RTE(m)| FMR(%) 1 RR(%)?1

GeoTr | 002247 1813 279 98.94 98.49
. K=1 1001677 1425 2.88 99.85 98.79
5 K=2 | 001111 1012 1.67 99.85 99.40
© k=3 | 001525 1736 2.55 99.85 98.81

Table 5. 3D Point Cloud Registration. SGAligner with K=2
provides the best results on this task, followed by K=3. GeoTr
achieves consistently worse results than any of the SGAligner ver-
sions. Best values are underlined bold. Second best in bold.

We further ablate the results on this task for scenes of
different overlap. As shown in Table 6, our approach out-
performs the standard one per overlap, and even provides
better results for scenes with 30% overlap or higher than
the standard approach can do on 60% or higher.

Overlapping vs Non-Overlapping Scenes. In practical
and real-world applications, we do not always know if two
scenes are overlapping or not. While standard point cloud
registration approaches compute a matchability score, they
typically train and test only on overlapping scenes and do
not have the mechanism to discard non-overlapping ones.
Here, we demonstrate how our approach can indirectly
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Figure 6. Qualitative Results. Given input 3D scene graphs (left), we showcase a success (top) and a failure (bottom) case of SGAligner
for alignment (middle) and registration (right). The existence of the same exact object in multiple replicas creates erroneous matches (nodes
outlined in red) which cannot be recovered in registration. When objects are more discriminative, SGAligner provides accurate matching.

Overlap (%) CD] RRE/(°) RTE(cm)| FMR (%)1 RR(%)71
& 10-30 | 0.09788 8.830 13.56 94.57 92.25
S| 30-60 | 000584  0.156 0.24 97.28 97.36
S| 60- | 000177  0.048 0.07 99.47 99.31
| 1030 | 005160  5.660 8.48 99.23 95.35
5| 30-60 | 0.00127 0.045 0.05 99.68 98.34
| 60- |0.00046  0.018 0.02 99.92 99.93
Table 6. 3D Point Cloud Registration per overlap. For our

method we use the best performing (K=2). SGAligner for overlap
> 30% is performing better than GeoTr for > 60%. Best values
are underlined bold. Second best in bold.

provide a solution to this problem, without any additional
supervision. We formulate it as to how well a method
can identify whether a pair of scenes overlaps. For the
state-of-the-art Geotransformer, we compute a scene-level
matchability p by averaging over all correspondence match-
ability scores and consider two scenes as overlapping if

¢ > 0.2. For our approach, we compute a scene-level
alignment score £ by averaging the total number of matched
nodes (for K=1) and consider two scenes as overlapping if
£>0.2.

To evaluate this task, we create a new test set that in-
cludes overlapping and non-overlapping scenes from the
data we generate. Specifically, we use all 1452 of the over-
lapping pairs in the test set we previously created, and sam-
ple 1452 non-overlapping pairs from the rest of the sub-
scenes created in the data generation process. Please note
that these pairs can be from same sub-scene or different sub-
scene, captured at same or different temporal point. The
training set remains the same and contains only overlapping
pairs. We compute the precision, recall, F1-score, and time
in milliseconds required to make the overlap decision for
all pairs. Results are in Table 7. Our approach runs 3 times
faster than Geotransfomer since it does not process the en-
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Figure 7. Registration Results for SGAligner and [30]. Columns
(1)-(ii) represent registration on overlapping pairs. (iii)-(iv) show
incorrect results of [30] for non-overlapping pairs, where our
alignment score is zero (i.e., there is no registration output to re-
port for SGAligner). Since these pairs are not overlapping, there
is also no ground truth registration.

tire point cloud, which can be computationally demanding.
In addition, it leads to comparative performance while be-
ing able to identify more overlapping pairs correctly.

We choose 1 and ¢ based on the best performing value
of u for Geotransformer. Specifically, we observed that a
higher value (0.4) leads to no true positives and a lower one
(0.1) leads to lower precision (66.94%) since it identifies
more false positives. This is understandable given that it
was not trained on this data. However, (0.2) for a metric
measuring average point correspondence similarity is low.
For £ we observe only a slight decrease in precision when
using 0.2 instead of the best performing value (0.4). In
contrast, our approach does not require such difficult-to-set
thresholding scheme.

Average Time

Method ‘ Prec. (%) 1 Recall (%)1T F1(%)7T Per Scene (ms) |

GeoTr [30] 99.63 80.98 89.34 442.50
Ours 92.03 90.94 91.48 139.64

Table 7. Overlap Check for Point Cloud Registration. Our
method performs comparably or better than GeoTr, while being
about x 3 faster to perform the check.

4.3. 3D Point Cloud Mosaicking

In this section, we aim at reconstructing the 3D scene
from a set of partial point clouds observing parts of the
scene. We proceed by selecting one of the point clouds
as the origin and then estimating the absolute pose (i.e.,
3D translation and rotation) between the origin and each
remaining point cloud in the set. One can imagine this pro-
cedure as 3D point cloud mosaicking. Please note that there
is no guarantee that all partial clouds overlap with the one

chosen as origin. While this could be alleviated by form-
ing all possible pairs and forcing global consistency, solv-
ing the 3D mosaicking problem falls outside the scope of
this paper. We only aim to demonstrate the potential of the
proposed algorithm for this problem.

We perform the pairwise registration for all pairs using
the method described in Section 3.3. In Table 8, we report
results and compare with Geotransformer [30], using the
same reconstruction paradigm. The evaluation metrics we
use focus on the geometric aspects of accuracy and com-
pleteness [39] of the resulting reconstruction, as well as on
precision, recall, and Fl-score of registered point clouds.
SGAligner has higher performance on 3 out of 5 metrics,
and is mainly affected in completion and precision. The
performance drop is due to the fact that for some scenes
with low overlap, SGAligner fails to perform node align-
ment and, hence, registration with the incorrect alignments
fails. In these scenes, GeoTr has a better complete context
of the entire scene unlike the only object-based context in
our approach. Furthermore, it is interesting to note that our
K=1 method performs better than K=2. This is expected
since there are more spurious matches from K=2 that lead
to worse performance. Two success cases are shown in Fig-
ure 8 and a failure in Figure 9 (the graphs are shown sim-
plified for visualisation purposes and do not represent the
entire available graph).

Methods ‘ Acc|l Comp| Precision? Recall? F1-Score

GeoTr [30] | 0.20721  0.03835 0.94180 0.79118 0.83667
£ K=l 0.00944  0.09347 0.90873 0.97444 0.93575
5 K=2 | 0.01215 0.10641 0.89234 0.97042 0.92345

Table 8. Point cloud mosaicking from multiple point clouds.
SGAligner performs best in 3 out of the 5 metrics, with K = 1.
The drop in the other 2 is due to a few low overlap pairs where
node alignment fails, hence, registration too. Best values in bold.

4.4. Finding Overlapping Scenes

We discussed that SGAligner provides less than O(N?)
computation complexity when addressing the task of reg-
istering multiple 3D scenes for which we have no knowl-
edge of whether they overlap or not. Another approach
to avoid full registration on all pairs (standard registration
methods), is to use a retrieval-based approach. We consider
the following approach as baseline: (i) extract local 3D key-
points for all available 3D point clouds [48]; (ii) generate
a 3D descriptor per extracted keypoint [36]; (iii) accumu-
late the 3D keypoint descriptors into a global descriptor for
each point cloud [16], and (iv) perform kNN search to rank
global descriptors based on the queried one. Similarly here,
this experiment serves as a demonstration of the potential of
SGAligner and does not aim to solve the task.

Specifically, given a point cloud, we extract keypoints



Figure 8. Qualitative Results on Point Cloud Mosaicking. Given partial point clouds of a scene and the corresponding 3D scene graphs,
we showcase two example results on Point Cloud Mosaicking and the creation of a unified scene graph using the methodology discussed
in Section 4.3. The solid lines show the relationships between objects and dashed lines represent the ground truth entity pairs F.



Reference 1

Reference 2

Figure 9. Failure on Point Cloud Mosaicking. Similar to the success cases in Fig. 8, we also showcase a failure case of our approach
on point cloud mosaicking. The solid lines show the relationships between objects and dashed lines represent the ground truth entity pairs
F. The red circle on the ground truth point cloud depicts the area where the failure is the most visible and red arrow demonstrates the

misalignment of SGAligner between a sink and a floor.

from the entire scene based purely on geometry and with-
out any notion of object-ness or semantics. We randomly
select 500 keypoints and their descriptors per scene, which
we use to train [16] so as to generate optimized global de-
scriptors. During inference and given a query point cloud
and its corresponding global descriptor, we perform a KNN
search to identify the closest neighbors of it in the rest of
the point clouds. We evaluate on Mean Reciprocal Rank
(MRR) and compare with SGAligner.

Results are shown in Table 9. We evaluate on differ-
ent point cloud densities, ranging from using the full point
cloud density offered in [40] to random subsampling for 10,
20, 30, and 50%. Please note that in SGAligner, we do not
use the entire scene, only objects in the scene graph. As
described in the main paper, we downsample object point
clouds using farthest point sampling to 512 points. Any fur-
ther subsampling takes place on the 512 points. We follow
the same protocol for SGAligner and perform evaluation
per subsampled scene level.

As expected, the retrieval-based method is performing
well when there is a dense point cloud, since our method

employs a limited amount of points per object instance.
However, VLAD+KNN cannot retain a robust performance
when density decreases, already reaching lower perfor-
mance than SGAligner at 10% subsampling. In contrast,
our approach is barely affected by a changing density since
it already operates on lower-resolution point clouds. This
showcases that the topological information encoded in 3D
scene graphs can lead to more robust results when deal-
ing with common failure cases in global descriptors (i.e.,
changes in point cloud density).

4.5. Aligning 3D Scenes with Changes

In this section, we investigate the task of aligning a
new 3D scene (target) on a prior 3D map (source), where
the new scene can overlap fully or partially with the prior
map and may contain changes (both geometric and seman-
tic). Specifically, we investigate the following scenarios: (i)
aligning a local 3D scene on a larger prior map that con-
tains no changes — here overlap of the local scene with the
map is 100%; (ii) aligning a local 3D scene on a larger
prior map that contains changes; and (iii) aligning a local



Subsampling % | VLAD + KNN SGAligner

0 0.557 0.383
10 0.316 0.356
20 0.276 0.343
30 0.222 0.339
50 0.162 0.312

Table 9. Mean Reciprocal Rank (1) comparison with a
retrieval-based approach. Best results per subsampling level are
in bold. SGAligner is robust to point clouds of lower density,
showcasing the potential for light-weight and privacy-preserving
communication between agents. Overall best in underlined bold.

3D scene on a local prior map that contains changes. We
approach this as a 3D scene graph alignment task. For (i) we
use as large maps the 3D scene graphs of the entire scenes
offered in [40, 41]. For local 3D scenes we use the data
generated above. The results in Table 10 show that perfor-
mance depends on the size of the prior map, whether there is
full or partial overlap, and on the existence of temporal dif-
ferences. They also demonstrate that our method can han-
dle the alignment of maps that showcase temporal changes,
even if not explicitly trained for this purpose.

Mean Hits @ 1 No. of
RRT K=1 K=2 K=3 K=4 K=5| Pairs

@i | 0970 0952 0976 0989 0.993 0.995 827
@) | 0934 0.907 0933 0960 0966 0972 110
(i) | 0.886 0.833 0.894 0.928 0.946 0.957 | 2262

Table 10. Alignment of a local 3D scene to a prior 3D map with
differences in overlap and changes. Although the harder the sce-
nario (iii) the lower the performance, our method can handle tem-
poral changes even if not specifically trained for this.

4.6. Ablation Studies

We provide ablation experiments on SGAligner to fur-
ther understand the performance of the node matching task.

Intra-graph alignment. To further validate how our model
performs on aligning nodes between two 3D scene graphs
(source-reference) with no/partial overlap, we formulate the
Intra-Graph Alignment Recall (IGAR) metric. It measures
the fraction of the nodes in the source graph that are aligned
(K=1) with nodes in the same source graph or, in other
words, how many node matches out of total are self-aligned.
We provide these results in Table 11. We do not explicitly
model not self-matching nodes within the same graph, yet,
IGAR values show that our method rarely performs this.

1 |pred{n’ = n’}|
IGAR= — Y +————1 4
GAR > 7 meN (4

where, i # j, pred{n’ = n’} is the set of nodes in the graph

which SGAligner aligned with nodes in the same graph, F
is the set of ground truth anchor pairs, A is the set of objects
in a single graph, and M is the total number of graphs.

Method | IGAR | (%)
P 16.9
P+S 16.5
P+S+R 13.1
SGAligner 8.2

Table 11. Evaluation on node self-alignment. SGAligner has not
been explicitly modeled to not create self-matches but still is able
to differentiate between nodes from the same and different graphs.

Commonly confused classes. We compute a confusion ma-
trix to identify which object categories are most frequently
misaligned during entity alignment and if our method fails
on certain semantic classes (e.g., chair, table, etc). In Figure
10, we show the confusion matrix on all 4 module combina-
tions of SGAligner. As expected, the object encoder mod-
ule P, although performing well, confuses the most wall
and floor classes. This is due to the fact that purely on a se-
mantic level, without encoding any positional/structural in-
formation, these classes are similar. We can further observe
that SGAligner is robust to certain classes like pillow, tv,
and lamp, but classes like wall, floor, and fridge are easy to
misalign, albeit less than in P.

Robustness to missing positional information. We evalu-
ate the performance of SGAligner on node alignment when
all the relationships encoding positional information be-
tween the nodes, such as left and standing on, are
missing. Results are in Table 12. As expected, the structure
module S suffers from this compared to the full ground-
truth experiment, since the number of edges encoded in the
neighborhood of an entity gets reduced. However, overall,
our method does not show a drastic drop in performance.
This can be attributed to the fact that we do not discrim-
inate between different types of relationships in our en-
coders. This is an important robustness characteristic, es-
pecially when working with predicted scene graphs where
the relationships could be missing or incorrectly labelled.
This also shows that once trained with full ground truth,
our method is able to handle missing data during inference
which would be useful for an autonomous agent.

Robustness to point cloud resolution. To validate the ro-
bustness of our method, we provide an ablation study of
SGAligner on node alignment while varying the resolu-
tion of the point cloud, P;, of each object O;. The re-
sults are in Table 13. Please note that the default setting
is 512 points per object. Since we operate on a node-to-
node level instead of raw metric level, SGAligner is able to
retain performance on node alignment while the number of
points per object goes down from 512 to 64, with a drop in
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Figure 10. Object Confusion Matrices of the 4 module combinations of SGAligner: object encoder (P); object and structure encoders
(P + S); object, structure and relationship encoders (P + S + R); and the proposed method with all modules (SGAligner). High values
indicate that an object (denoted on y-axis) is often recognized as the object denoted on x-axis — everything but the diagonal should be 0.



o Mean Hits @ 1
Modalities | ppy K=1 K=2 K=3 K=4 K=5
P 0.884 0835 088 0921 0938 0951
P+S | 0880 0.830 0.882 0918 0936 0.948
P+S+R | 0893 0844 0898 0933 0949 0959
SGAligner | 0.948 0921 0952 0971 0979 0.985

Table 12. Evaluation on node matching with missing positional
relationships. We compare the performance of SGAligner for
different modality combinations — module S suffers the most since
layout information is an important part of its graph structure.

MRR of about 3%. This is an interesting robustness charac-
teristic, especially when working with embodied robots on
low compute applications. Potentially, our module can be
plugged into 3D scene graph construction and optimisation
pipelines such as Hydra [15] and Kimera [35] since it can
help align 3D data with low point cloud density, typical for
real-time applications.

PC res. Mean Hits @ 1
RRT K=1 K=2 K=3 K=4 K-=5
64 0923 0.892 0915 0936 0.952 0.967
128 0934 0906 0929 0948 0.962 0.971
256 0946 0914 0941 0968 0.976 0.982
512 0950 0923 0957 0.974 0.982 0.987

Table 13. Evaluation on node matching with different point
cloud resolutions. We compare the performance of SGAligner
varying the number of points per object, abbreviated as PC res.,
provided as input to the object encoder, P. The drop in perfor-
mance is small considering that we drastically downsample up to
x 8 the initial resolution.

5. Conclusion

We presented SGAligner, the first method capable of
aligning 3D scene graphs directly on the graph level, that
is robust to the in-the-wild scenarios, such as unknown
overlap between scenes or changing environments. We
demonstrated that aligning the scenes directly on the scene
graph level can improve downstream tasks (e.g., point cloud
alignment) in terms of accuracy and speed. We believe our
work could unlock agents to leverage this emerging scene
representation for creating 3D maps of the environment,
further using it for and sharing it with downstream tasks.
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A. Appendix

In this section, we provide additional details about im-
plementation and evaluation metrics used in the paper.

A.1. Implementation Details

Inspired by MCLEA [23], we use a multi-layered GAT
with 2 layers and each hidden unit being 128-dimensional.
All modules output a 100-dimensional embedding and the
joint embedding, being a weighted concatenation, is 400-
dimensional. We use 77 for ICL loss as 0.1 and 75 for IAL
loss as 1.0. We train our model for 50 epochs on an NVIDIA
GeForce RTX 3060 Ti 8GB GPU with a batch size of 4
using AdamW [28] optimizer and a learning rate of 0.001.

A.2. Evaluation Metrics

The evaluation metrics that we use to assess performance
in Section 4 are formally defined in this section.
A.2.1 Alignment Metrics

Inspired by works in multi-modal entity alignment [23], we
define the alignment metrics as follows:

Hits @ K represents the fraction of true anchor entities
present in the top k predictions:

1 n
H vy ) = — Ir, <k 5
k(1 Tn) n;[r ] 5)
where, I[x < y] = 1 when z < yelse 0 and k €

[1,2,3,4,5].

Mean Reciprocal Rank (MRR) corresponds to the arith-
metic mean over the reciprocals of ranks of true triples.

n

1
MRR(ry,...,1) = EZri_l (6)

i=1

A.2.2 Registration Metrics

Feature Matching Recall (FMR) [14][30] measures the
fraction of point cloud pairs for which, based on the number
of inlier correspondences, it is likely that accurate transfor-
mation parameters can be recovered with a robust estimator
such as RANSAC. It should be noted that FMR simply ver-
ifies whether the inlier ratio (IR) is higher than a threshold
T =0.05. It does not examine if the transformation can ac-
tually be inferred from those correspondences, which is not
always the case because of the possibility that their geomet-
ric arrangement is (almost) degenerate, such as when they



are situated closely together or along a straight edge.

1 M
FMR =+ ;[[mi >T] (7)

where M is the number of all point cloud pairs.

Registration Recall (RR) is the fraction of registered
point cloud pairs for which the transformation error is
smaller than 0.2m. The transformation error is the root
mean squared error of the ground truth correspondence H*
after applying the predicted transformation Tp_,g.

1
(P* ;50" JEH®
3
1
RR =+ > [RMSE; < 0.2m] 9)

i=1

Relative Rotation Error (RRE) is the geodesic distance
in degrees between estimated and ground-truth rotation ma-
trices.

trace(RT - R —1)
2 )

RRE = arccos( (10)

Relative Translation Error (RTE) is the euclidean dis-
tance between estimated and ground-truth translation vec-
tors.

RTE = ||t — 1| (11)

We compute mean RRE and RTE between all the regis-
tered point cloud pairs.

Chamfer Distance measures the quality of registration.
Following [43], [14], we use the modified Chamfer distance
metric :

CD(P.Q) = 15 3 mingeq..|IT () — alf3+
pEP

> mingep,,,lla = Te%(0)l13

@ =

(12)
where, P, and Q... are raw/clean source and target
point clouds respectively.

A.2.3 Mosaicking Metrics

The definition of full 3D point cloud mosaicking metrics is
provided in Table 14.

Metric Definition
Acc meanye p(miny-ep-||p — p*|])
Comp meanp cp* (TmnpePHP P*ll)

Recall | meany«cp-(minyep|lp — p*|| < 0.05)

2kprecisionkrecall

Precision | meanpep(miny-cp-+||p — p*|| < 0.05)
‘ precision+recall

Table 14. 3D Mosaicking Metric Definitions. p and p* are
ground truth and mosaicked point clouds respectively.



