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Abstract. Despite the recent success of Transformers in point cloud
registration, the cross-attention mechanism, while enabling point-wise
feature exchange between point clouds, suffers from redundant feature
interactions among semantically unrelated regions. Additionally, recent
methods rely only on 3D information to extract robust feature represen-
tations, while overlooking the rich semantic information in 2D images.
In this paper, we propose SemReg, a novel 2D-3D cross-modal frame-
work that exploits semantic information in 2D images to enhance the
learning of rich and robust feature representations for point cloud reg-
istration. In particular, we design a Gaussian Mixture Semantic Prior
that fuses 2D semantic features across RGB frames to reveal semantic
correlations between regions across the point cloud pair. Subsequently,
we propose the Semantics Guided Feature Interaction module that uses
this prior to emphasize the feature interactions between the semanti-
cally similar regions while suppressing superfluous interactions during
the cross-attention stage. In addition, we design a Semantics Aware Fo-
cal Loss that facilitates the learning of robust features, and a Semantics
Constrained Matching module that performs matching only between the
regions sharing similar semantics. We evaluate our proposed SemReg
on the public indoor (3DMatch) and outdoor (KITTI) datasets, and
experimental results show that it produces superior registration per-
formance to state-of-the-art techniques. Code is available at: https:
//github. com/SheldonFung98/SemReg.git
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1 Introduction

The task of estimating the relative transformation between two point clouds,
often referred to as point cloud registration, is a fundamental problem in 3D
computer vision. With the proliferation of consumer 3D imaging devices [53],
captured point clouds have increasingly been used in numerous tasks, such as
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Fig. 1: Comparison between the point-wise features and correspondences by the cross-
modal method PCR-CG and our proposed SemReg. We visualize the features by
applying T-SNE on the final point-wise features. Unlike PCR-CG, our method gener-
ates semantically consistent features as evidenced by color consistency. We visualize
established correspondences with green lines for inliers and red lines for outliers.

denoising , segmentation [32], and detection . Since it is rarely

possible to capture an entire scene in a single point cloud, the task of align-
ing multiple overlapping point clouds obtained from a given scene, known as
registration, has become highly relevant [22}23].

While early approaches for point cloud registration relied on handcrafted
features @7 recent state-of-the-art methods have shifted their focus towards
learning consistent feature representations . Typically, these methods
employ convolution networks to extract local geometry-based features, followed
by multiple attention layers to aggregate global context information. Recent ef-
forts concentrate on incorporating point-wise relative spatial information or
rotationally invariant features . However, in practice, semantically unrelated
regions are less likely to share overlap. Redundant feature interactions between
such regions would lead to erroneous matching. While extracting semantic fea-
tures from 3D geometry remains a difficult problem, huge advances have been
made in the 2D image domain . PCR-CG is a 2D-3D cross-modal method
that embeds the features learned from the 2D domain into 3D geometry-based
features. Despite some improvement in registration success, it suffers from sub-
par matching due to the lack of specific supervision for optimizing 2D feature
extraction (see Figure|[1)).

We observe that reliable correspondences naturally exist between two seman-
tically consistent regions for point cloud registration. For instance, considering
a point cloud pair where the overlapping region includes a table and a chair,
valid correspondences typically exist only between regions representing tables
or between regions representing chairs. Conversely, searching correspondences
between table and chair is less fruitful. Motivated by this, we propose SemReg, a
novel 2D-3D cross-modal point cloud registration approach that leverages seman-
tic information to learn robust feature representations. In particular, we design
a Gaussian Mixture Semantic Prior (GMSP) that fuses 2D semantic features
across RGB frames to eliminate unnecessary interactions between semantically
unrelated regions in the cross-attention stage. To achieve this, given the source
and target point clouds and their respective RGB images, we first extract and
project the high-level semantic information from the 2D images onto 3D space.
Then, for each point in the source point cloud, we compute the semantic similar-
ity with all points in the target point cloud and select the salient semantic points.
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With these salient points as centers, we compute Gaussian distributions based on
the point-wise Euclidean distance in the target point cloud. The GMSP is finally
calculated as the mixture of the resulting Gaussian distributions. The GMSP is
illustrated in Figure [2l We then propose the Semantics Guided Feature Inter-
action (SGFI) module that uses GMSP to identify the underlying semantics of
points within the target point cloud, given the initial query point in the source
point cloud. Subsequently, this prior is incorporated into the cross-attention
stage to eliminate redundant interactions among semantically unrelated regions.
By doing so, our method yields more robust features, leading to better corre-
spondences as compared to PCR-CG [52], a previous cross-modal method (see
Figure. In addition, we design a Semantics Aware Focal Loss that leverages the
cross-point-cloud semantic similarity to emphasize feature interactions within
semantically similar regions while eliminating the remaining interactions within
other regions. Also, we develop a Semantics Constrained Matching module to
exclusively perform matching between the regions sharing similar semantics.
We evaluate our proposed SemReg on the indoor 3DMatch [50] and outdoor
KITTI [13] datasets, and experimental results show that it outperforms state-of-
the-art methods. Fine alignment results showcase the robustness of the learned
features, achieving a final registration rate of 95.4% and 77.4% for 3DMatch and
3DLoMatch, respectively. Our contributions are summarized as follows:

— We propose SemReg, a novel 2D-3D cross-modal framework that exploits
semantic information in images to enhance the learning of rich and robust
feature representations for point cloud registration.

— We introduce a Semantics Guided Feature Interaction module incorporat-
ing the designed Gaussian Mixture Semantic Prior to eliminate the feature
interactions between semantically unrelated regions.

— We design a Semantics Aware Focal Loss that further emphasizes feature
interactions within semantically similar regions. We also develop Semantics
Constrained Matching that constrains the feature matching to be conducted
between regions sharing high semantic correlations.

2 Related Work

2.1 Point Cloud Registration

Correspondence-based methods. Estimating the alignment transformation
between two point clouds from reliable correspondences is the most common
approach to point cloud registration [1}/6}/10}(12}14}[19}24}[34}39}/401 45}, 48]. In
general, these methods follow a four-step pipeline: 1) extract point-wise fea-
tures, 2) form correspondences from features, 3) remove outliers (typically using
RANSAC |[31]), and 4) compute the transformation with Singular Value De-
composition (SVD). Pioneering works extract features from the local geometry.
Zeng et al. |50] employed a Siamese network to extract features from volumet-
ric blocks randomly sampled from point cloud pairs. Building on this, Gojcic
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Fig. 2: Illustration of our proposed GMSP. Given a reference point (blue dot) in the
point cloud X, we select the semantically salient points in Y (indicated by the brightest
points in Y with orange outer circle). With these points as centers, we compute the
Gaussian distribution over the point cloud Y based on Euclidean distance between
points. The GMSP (blue curve on the rightmost) is the mixture of these distributions.

et al. proposed the Smoothed Density Value (SDV) and leveraged the Lo-
cal Reference Frame (LRF) to improve generalization ability. Despite promising
results, performance is still constrained by the use of randomly selected local
feature descriptors. This limitation arises from the need to balance computa-
tional efficiency and reproducibility. In an attempt to overcome the issue, Deng
et al. employed Point Pair Features (PPF) [9] to enhance feature discrim-
inability. To process large scene data, Bai et al. adopted KPConv to
extract local feature descriptors.

The attention mechanism has proven to be significant in various fields
including natural language processing and 2D/3D visual data processing
. Predator first endeavored to incorporate self/cross attention layers
to solve two existing problems: 1) limited perception fields of the convolution
operation, and 2) the absence of cross-point-cloud interaction. Building on this
work, Lepard , introduced by Li et al., employed a rotary positional encod-
ing to reveal the point-wise distance during the attention operation. Similarly,
Qin et al. proposed GeoTransformer, a geometric self-attention module to
strengthen the model’s robustness against rotational transformations.

Direct registration methods. Another line of research involves estimating
the transformation in an end-to-end fashion . Building on the It-
erative Closest Point (ICP) method 7 substantial research has been dedicated
to employing deep learning techniques to predict soft correspondences itera-
tively . These approaches effectively mitigate the sub-optimal local
minima problem within the ICP method. Aoki et al. [2] modified the Lucas &
Kanade (LK) algorithm and adapted it to point cloud registration. Xu et al.
proposed a network architecture to simultaneously update both the predicted
transformations and overlapping masks. Exploiting the inference power of the
Transformer, Yew et al. proposed to directly regress the final set of sparse
correspondence locations, allowing transformation prediction without RANSAC.
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2D-3D cross-modal methods. In addition to depth information, RGB-D
scans also provide point-wise color information, which is usually neglected by
most methods. PCR-CG [52| pioneered the successful integration of this color
information by projecting and concatenating the 2D color channels with the
point-wise features. In contrast, we explicitly extract high-level semantic features
from corresponding 2D images and leverage them as prior information within an
innovative cross-modal framework that is able to learn more robust 3D features.

3 Motivation

Correspondence matching between points across point clouds is crucial to ac-
curate registration yet two key research gaps limit current methods: 1) improv-
ing feature similarity between salient, corresponding points across point clouds
by incorporating associated point semantics and 2) fully exploiting cross-modal
2D-3D information. Our novel approach addresses both gaps by considering in-
variant 2D features from RGB frames to enrich the respective 3D features with
rich semantic information. We further analyze these gaps below:

1) Improving feature similarity across points via semantics. To im-
pose a high degree of feature similarity, the feature output from the network
should ideally remain invariant. However, current methods solely focus on the
geometric properties of points and disregard semantic information inherent to
them when attempting to effectuate feature invariance. For example, Lepard [20]
proposes a rotary positional encoding to uncover relative point position informa-
tion which is then exploited within a transformer architecture to create position-
consistent features. Nevertheless, this encoding solely relies on Euclidean dis-
tances between points. This may lead to erroneous matching due to ambiguous
features as geometric structure alone omits crucial semantic information. For
instance, points within partial scans of a bed and table may exhibit geometric
similarities but should produce distinct features due to different semantics.

2) Fully exploiting cross-modal 2D-3D information. We observe that
current cross-modal methods, such as the pioneering work of PCR~-CG [52], only
use color information within RGB images when aligning the associated point
clouds via registration. Similar to 1) above, semantic information within the
images is not leveraged which significantly curtails performance.

We intuit that both issues are interconnected, i.e., determining point seman-
tics requires a high degree of feature invariance which is not directly available to
3D point convolution methods but may be accessible through 2D image convo-
lution advances. Therefore, we pioneer a cross-modal approach to exploit rich,
invariant 2D features of RGB frames produced by a pre-trained lightweight Di-
noV2 backbone [26]. These 2D features uncover high-level point semantics which
reinforce the final 3D features and lead to better correspondences. See Sec. [£.3]
for more details. As illustrated in Figure[I} our method produces more consistent
point features that are semantically accurate, leading to better correspondences,
while PCR-CG generates less consistent features and poor correspondences.
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Fig. 3: Our proposed SemReg. KPConv is employed to simultaneously down-sample
the point cloud into multiple resolution levels and extract point-wise local feature
descriptors. The proposed Gaussian Mixture Semantic Prior module (GMSP) generates
semantic priors 6 from 2D images. Both semantic priors and local features are then
fed into our Semantics Guided Feature Interaction module (SGFI). Subsequently, the
Semantics Constrained Matching module (SCM) establishes the final correspondences.

4 Method

4.1 Problem Definition

Given two partially overlapping point clouds X € R™*3 and Y € R"*3 with
their corresponding RGB images I, [, € RW*"*3_ our task is to establish a set
of correspondences C* = {(C,,,C,,) | C,, € R3,C,, € R i = 1,...,t}. Then
the rigid transformation T} = {R*,¢*}, with R* € SO(3) and t* € R?, which
aligns X to Y, can be obtained by solving the following equation:

R t"=min > [R-Cy+1-C,l5. (1)
" (Cay,Cy,)ECH

4.2 Local Feature Encoder

Typically, point clouds generated from RGB-D data are dense and noisy. We
follow previous works and employ KPConv to extract multi-
level local-geometry features as follows:

(X, FYY=r(X), {Y.F'}=n), (2)

where X € R™>*3, Y € RV*3 FX ¢ R™' % and FY € R"*dk are the
outputted down-sampled points and their corresponding features. m’ and n’ are
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the numbers of the downsample points. The KPConv-like network x(-) comprises
a series of ResNet-based convolutional layers and multiple downsampling layers
(detailed in Section 2.1 in the supplementary document). We designate the first
layer in the decoder as the backbone output layer since the point number of this
layer (~ 1.5K) closely aligns with the number of semantic features that can be
acquired for each point cloud (~ 2K, as detailed in Section .

4.3 Semantics Guided Feature Interaction

Despite recent advances in neural architectures for 3D registration, extracting
transformation invariant features remains a great challenge. Fortunately, recent
work in 2D representation learning [26] has shown promise in generating in-
variant 2D feature representations. Motivated by this, we propose a Semantics
Guided Feature Interaction (SGFI) module that hierarchically exploits the ro-
bust 2D features to determine underlying semantics that drive the 3D regis-
tration in a cross-modal manner. It consists of three components: 1) Gaussian
Mixture Semantic Prior (GMSP), 2) Semantics Embedded Self-attention, and
3) GMSP Guided Cross-attention. The core idea of our method is to extract
rich, invariant 2D features that carry semantic information and project them
onto 3D space. These 2D-3D semantic features are first used as embeddings in
the self-attention layer and further exploited to generate a Gaussian Mixture
Semantic Prior (GMSP) that captures point-wise semantic information between
source and target scenes. These priors are then used in the cross-attention step
to enhance point features that are decoded to obtain correspondences.

Gaussian Mixture Semantic Prior. Given corresponding images I, I, €
Rw*h>x3 we use a semantic feature extractor S(-) to obtain dense semantic
features S, € R %% and S, € R *d::

S* = P(norm(S(13))), SY = P(norm(S(1y))), (3)

where P(-) is the 2D-t0-3D projection function with the provided depth channel
and camera parameters while norm(-) represents a Lo normalization operator.
In our implementation, we adopt a pre-trained lightweight DINOv2 [26] back-
bone as the semantic feature extractor S(-), which remains fixed during training.
Note that the projected semantic features S*, SY are respectively aligned with
the sparse point clouds X and Y. As a result, the semantic features for z; € X
and y; € Y are denoted as s7 and s?, respectively. We design the Gaussian Mix-
ture Semantic Prior to reveal the semantic correlation across two point clouds.
Following common practices [17,20,/27], point cloud pairs with an overlap ratio
under 10% are excluded. We therefore assume that semantically related regions
exist under such a setting. For point z;, we compute the cosine similarity be-
tween s7 and each sé’ € 5Y. We then select those point pairs with similarity over
a threshold 7 to form a set of salient semantic correspondences (27

07 = {(s7,5) | (57,0 > n,s! € 7). @)

R
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Fig. 4: The impact of our proposed GMSP. Given a point (red dot) in the source point
cloud, the second figure from the left shows the result without the GMSP. Conversely,
the three figures on the right side depict the semantic priors after integrating the
Gaussian mixture with different support radius . We can observe that semantics priors
with the Gaussian mixture are smoother at the regions with high semantic similarity.

Source Semantic similarity > 7 r=0.1

For each s? € (27, its corresponding y; acts as the center of a Gaussian

distribution. Then the Gaussian Mixture Semantic Prior 6% € R with respect
to x; € X and yi € Y is defined as:

T 1 X
ik:W Z <5iaS?>djk, (5)

(] T Y x
57 ,s]-EQi

where dji is the Gaussian correlation matrix based on their Euclidean distance.
Given a pair of points y;,yr € Y, d;j, can be computed as dj, = exp(—||y; —
ykll3/7?), where the hyper-parameter r is empirically set to 0.1. The impact of
7 is visualized in Figure [} The overall computation process of the Gaussian
Mixture Semantic Prior is visualized in Figure [2}

Semantics Embedded Self-attention. In the self-attention layer, query,
key, and value triplets are obtained from the same point cloud. We explain the
computation process using the point cloud X only. We first fuse the local feature
f¥ € FX with its corresponding 2D semantic feature:

[ 7+ siWs, (6)
where W, € R% >4 is a learnable matrix. Then the query (q), key (k), and value
(v) can be computed as follows:

qz:fszqsak]:fgzwljavj:f]zWSa (7)

where Wg', W¢, and W € R%*4 are learnable projection matrices. Then the
update of features f can be formulated as follows:

e @a Y agu)e, (8)
J

where W$ € R24%4 is a learnable projection matrix and @ denotes the concate-
nation operator. The attention score a;; = softmax(qikf /\/d).

GMSP Guided Cross-attention. In the cross-attention module, the query
comes from one point cloud while the key and value come from the other. We de-
sign a GMSP-Guided Cross-attention module, aiming to strengthen the feature
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interactions between semantically similar regions while suppressing the others.
To achieve this, we formulate the feature interaction by exploiting the Gaussian
Mixture Semantic Prior . Concretely, given a key f from point cloud X, 07
acts as a semantic prior, where the weights indicate the semantic correlation
between f and a certain region in point cloud Y. The attention score € is
defined as follows: ]

L EWwe

ij — \/@ )
where W, and Wi € R4 are learnable projection matrices. Then the cross-
attention update of f¥ can be formulated as follows:

(9)

fEe fE+ (o) a f)WS, (10)
J
where W¢ € R?4*4 s a learnable matrix. The attention score a;; = softmax(e;;).

4.4 Semantics Constrained Matching

Reliable correspondences exist between points or regions that share similar se-
mantic information. To leverage this, we design a Semantic Constrained Match-
ing module to perform feature matching only within the region sharing high
semantic similarity. It enables us to eliminate the potential erroneous matching
between semantically unrelated regions. To achieve this, we first compute the
point-wise matching score:

1
Sis =
1] \/a
where W,,, € R%*? is a learnable projection matrix. Then, we determine whether
a pair of points lies in the same semantic region by exploiting the mutual Gaus-
sian Mixture Semantic Prior, i.e., 67; and 9;41-. Specifically, we apply the dual-

softmax [29] on s;;, then we set the matching score C; ; of a pair of points z;
and y; to be zero if both 67, and 9;-’2- are under a predefined threshold 7,,:

Sij Sij
Ci’j = ‘XZ"] . |YZ|$] . [[max(@fj, 0?7) > Tm]], (12)
o1 Sik Dj—1 Skyj

where [-] is the Iverson bracket.

4.5 Supervision Loss

Semantics Aware Focal Loss. We design a Semantics Aware Focal Loss by
considering the following: 1) our matching process should exclusively operate
on points situated within identical semantic regions; therefore, the supervision
of point pairs outside of those regions is unnecessary. 2) We aim to enhance
the feature interactions among similar semantic regions. To achieve this, we
construct a set of salient semantic correspondences 2% similar to Eq. :
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2F ={(i,7) | (si,8) >m,si € 9%, s € SV}, (13)

where 7, is a similarity threshold. During the training phase, we align the two
point clouds with ground truth transformation and obtain a set of ground truth
matches rg4; by selecting the point pairs lower than a predefined threshold. The
rest of the point pairs form a set of negative matches Il ;. Our loss is therefore
defined as L = Lp + Ly, where Lp and Ly aim to maximize and minimize
confidence scores of positive and negative pairs respectively:

Lp=—t5 3 ofl=Ci.j) logCli.s) (14
(i,7)€EP
LN:fﬁ S ac(i, )" log(1 - C(i ). (15)

(1,7)EN

where C(i,j) is the confidence matrix from Eq. and P € kg NN and
N € II,, N 2Y. a and v are empirically set to 0.25 and 2, respectively.

5 Experimental Results

5.1 Datasets

3DMatch dataset. The 3DMatch dataset [50] is a widely used RGB-D in-
door scene dataset designed for point cloud registration tasks. It consists of 46
scenes for training, 8 for validation, and 8 for testing. Following the approach
of Predator [17], the test set is further subdivided into two evaluation subsets
based on their overlapping ratio: 3DMatch and 3DLoMatch. Specifically, scene
pairs with an extremely low overlapping ratio (i.e., less than 10%) are excluded.
Those with an overlapping ratio below 30% are classified as 3DLoMatch, while
the remaining pairs are included in the 3DMatch evaluation set.

KITTI dataset. The KITTI odometry dataset [13] comprises 11 LiDAR-
scanned sequences of outdoor driving scenes with corresponding RGB frames.
Following the protocols of [6,|17], we divide the sequences into three segments:
0-5 for training, 6-7 for validation, and 8-10 for testing. According to [3}/6], we
only evaluate point cloud pairs within a distance of 10 meters from each other.
The results are shown in Section 4.1 in the supplementary document.

5.2 Results

Evaluation metrics. Following [17,20], our method is evaluated on five metrics:
1) Inlier Ratio (IR), 2) Feature Matching Recall (FMR), 3) Registration Recall
(RR), 4) Relative Rotation Error (RRE), and 5) Relative Translation Error
(RTE). IR measures the fraction of correspondences with a distance less than
0.1m under the ground-truth transformation. FMR estimates the fraction of the
point cloud with an inlier ratio exceeding 5%. RR calculates the fraction of point
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Table 1: Registration evaluation results on 3DMatch and 3DLoMatch, with the top
and second-ranking results highlighted in bold and underlined, respectively.

3DMatch 3DLoMatch
Method Reference FMR IR RR FMR IR RR
PerfectMatch |15] CVPR 2019 94.7 36.0 81.5 61.9 11.4 36.6
FCGF |[15] ICCV 2019 95.2 56.9 88.2 60.9 21.4 45.8
D3Feat |3 CVPR 2020 95.8 39.0 85.8 69.3 13.2 40.2
SpinNet |1 CVPR 2021 97.6 47.5 88.6 75.3 20.5 59.8
Predator [17] CVPR 2021 96.7 58.0 91.8 78.6 26.7 62.4
CoFiNet [48 CVPR 2021 98.1 49.8 89.3 83.1 24.4 67.5
YOHO |40 ACMMM 2022 98.2 64.4 90.8 79.4 25.9 65.2
PCR-CG [52] ECCV 2022 97.4 - 89.4 80.4 - 66.3
GeoTransformer |27 CVPR 2022 97.9 71.9 92.0 88.3 43.5 75.0
RegTr [20] CVPR 2022 - - 92.0 - - 64.8
Lepard |20] CVPR 2022 98.3 55.5 93.5 84.5 26.0 69.0
RoReg [41] TPAMI 2023 98.2 81.6 92.9 82.1 39.6 70.3
RolTr 49| CVPR 2023 98.0 82.6 91.9 89.6 54.3 74.7
SIRA-PCR |5 ICCV 2023 98.2 70.8 93.6 88.8 43.3 73.5
Point-TTA + DGR |16| ICCV 2023 - - 92.5 - - 50.7
Point-TTA + PointDSC |16] ICCV 2023 - - 93.5 - - 57.8
SemReg(ours) - 98.6 56.2 94.7 | 89.8 294  75.9

cloud pairs with a transformation RMSE less than 0.2m, indicating the quality
of the final alignment. RRE measures the rotational error in degrees and RTE
measures the translation error in centimeters. See supplementary for details.

Registration results. Registration recall (RR) is the primary indicator of
registration performance as it directly reflects the quality of the final registra-
tion results. Following [17], we report the registration recall results. Concretely,
we run 50K RANSAC iterations on the established correspondences to esti-
mate the final transformation. Notably, similar to Lepard |20], our approach is a
coarse registration approach, where our correspondences are established at the
coarse points. Specifically, the number of our established correspondences is at
the scale of 0.1K-1K. In contrast, the number of the established dense corre-
spondences by other methods, such as GeoTransfromer [27] and CoFiNet [4§],
is at the scale of 6 K-7TK. As shown in Table [I] our method achieves an out-
standing RR performance in both 3DMatch and 3DLoMatch evaluation sets,
reaching 94.7% and 75.9%, respectively. Comparing to the recent state-of-the-
art methods, our approach outperforms SIRA-PCR [5] by 1.1% and Lepard |20]
by 1.2% on 3DMatch. We also achieve superior performance on 3DLoMatch,
surpassing GeoTransformer [27] by 0.9% and RoReg [|41] by 1.2%. Visualizations
of registration samples are shown in Figure 5] We note that the coarse matching
strategy results in more outliers under the same inlier threshold, as compared
to a fine-grained approach such as GeoTransformer. However, borderline corre-
spondences (outliers above but near the threshold) can also benefit successful
registration [20]. As a result, we observe that a higher IR does not necessarily
guarantee a higher RR. Please refer to the supplementary for detailed analysis.
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Fig. 5: Visualization comparisons between Lepard and our proposed SemReg.
Additional visualizations are shown in the supplementary.

Correspondence results. As shown in Table[T] despite the FMR saturating
near 99%, our method still outperforms all state-of-the-art methods consistently,
achieving a superior performance of 98.6% on the 3DMatch. This advantage is
also evident on the 3DLoMatch, where our method achieves the leading result
of 89.8%, surpassing SIRA-PCR [5] by 1.0% and Lepard by 5.3%.

Table 2: Fine alignment evaluation results on 3DMatch and 3DLoMatch, with the top
and second-ranking results highlighted in bold and underlined, respectively.

Method 3DMatch 3DLoMatch

RRE RTE RR RRE RTE RR

RANSAC
Predator 2.72 78 91.8 4.4 11.6 62.4
GeoTransformer 2.31 7.7 92.0 3.96 10.6 75.0
Lepard 2.48 7.2 93.5 4.10 10.8 69.0
SemReg(ours) 2.30 6.7 94.7 3.94 11.2 75.9
RANSAC+ICP

Predator 2.06 6.2 92.3 3.46 9.8 65.2
GeoTransformer 1.91 7.2 91.8 2.82 95 74.5
Lepard 1.96 6.0 93.9 3.17 8.9 71.3
SemReg(ours) 1.83 6.1 95.4 2.71 9.5 77.4

Fine alignment results. Our proposed SemReg is characterized as a coarse
registration approach, indicating a higher potential for fine alignment. To demon-
strate this fine alignment capability, we follow Lepard and conduct additional
experiments. We use the final RANSAC estimated transformation as the initial
pose and subsequently refine the alignment using the point-to-point ICP algo-
rithm. We compare the RTE, RRE, and RR on both 3DMatch and 3DLoMatch
evaluation sets. Please note that we obtain the results of GeoTransformer by
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Table 3: Ablation results showcasing the impact of Semantics Constrained Match-
ing (SCM), Semantics Aware Focal Loss (SAFL), Semantics Embedded Self-attention
(SESA), and GMSP Guided Cross-attention (GGCA) on the registration task. The “”
sign represents the corresponding module being removed.

3DMatch 3DLoMatch
SCM  SAFL - SESA - GGOA | pyg IR RR | FMR IR RR
- - - - 97.6 45.3 92.1 82.3 226 665
v - - - 97.3 474 923 85.7 242 66.9
v v - - 97.6 50.1 93.0 86.2 26.4 72.0
v v v - 98.5 534 937 86.6 27.3 73.7
v v - v 98.6 55.2 94.0 87.3 28.6 74.8
v - v v 98.0 54.6 94.3 87.7 28.8 75.1
- v v v 98.2 53.7 941 86.9 28.1 4.7
v v v v | 986 562 947 | 884 294 759

re-running the provided code along with the pre-trained weights, as they did not
provide these metrics in their original paper. As shown in Table [2 our proposed
SemReg achieves a remarkable RR improvement from 94.7% to 95.4% and from
75.9% to 77.4% for 3DMatch and 3DLoMatch, respectively. After the ICP re-
finement, our method outperforms the second-best methods Lepard [20] by 1.5%
and GeoTransformer [27] by 2.9% for 3DMatch and 3DLoMatch, respectively.
Our proposed SemReg also showcases competitive performance on the other two
metrics. For RRE, our method achieves the top results consistently both before
and after the ICP refinement. It also achieves the second-best results on the
RTE, after the ICP refinement.

5.3 Ablation study

We conduct extensive ablation experiments to study the significance of each
component in our proposed SemReg. We perform ablations on the four modules
that we proposed: 1) Semantics Constrained Matching (SCM), 2) Semantics
Aware Focal Loss (SAFL), 3) Semantics Embedded Self-attention (SESA), and
4) GMSP Guided Cross-attention (GGCA). When ablating the SCM and the
SAFL modules, we substituted them with the matching module and the focal
loss used in Lepard [20], respectively. Similarly, for the SESA and the GGCA
modules, we substitute them with a vanilla attention module. The results are
listed in Table[3] In general, when all our modules are removed from the pipeline
(row 1), the RR drops dramatically from 94.7% to 92.1% and 75.9% to 66.5%
for 3DMatch and 3DLoMatch, respectively. We summarize the ablation study
by answering the following questions:

How effective are the SESA and GGCA modules? Registration per-
formance saw a significant drop when the SESA and GGCA modules were both
removed (row 3). Removing either the SESA or the GGCA module weakens the
performance by over 0.7% (row 4 and row 5). Additionally, Figure |§| showcases
the robustness of our GMSP under an extremely low overlap ratio, which enables
GGCA to learn reliable feature representations.



14 Fung. et al.

Overlap ratio
12.53%

-
(a) ground truth (b) source (c) target (d) GeoTransformer (e) Our SemReg

Fig. 6: An extremely low overlap case where only a chair is in the overlapping region.
Given a query point from the source (red dot in (b)), our GMSP can still identify
the semantically related region in the target (red area in (c)) and achieve successful
registration (see (e)) while GeoTransformer yields a poor result (shown in (d)).

Is the SCM module significant? When only SCM is applied, the RR
saw an improvement of 0.2% and 0.4% (row 2) for 3DMatch and 3DLoMatch,
respectively. The removal of the SCM module exhibits a similar trend, resulting
in a decrease of over 0.6% for RR (row 7).

Is the SAFL helpful? As shown in row 6, without the SAFL module, RR
decreases by 0.4% for 3DMatch and 0.8% for 3DLoMatch.

These findings demonstrate the effectiveness and necessity of our proposed
modules in boosting registration performance. Ablation experiments on the hy-
perparameters 7,,, 7, and the number of SGFI blocks are in the supplementary.

6 Limitation

Our method is designed to perform registration on the point clouds derived
from RGB-D images since it requires the aligned 2D image to extract semantic
features. Consequently, our SemReg is cross-modal and does not directly operate
on standalone point cloud data. However, in the absence of respective RGB
frames, a promising solution is to first render 2D images from the point cloud
data (see Section 4.2 in the supplementary document), which can be subsequently
used to extract semantic features. We will further explore this in future work.

7 Conclusion

In this paper, we presented SemReg, a novel cross-modal point cloud registra-
tion framework that leverages semantic information inherent in 2D images to
learn robust feature representations. Specifically, we design a Gaussian Mixture
Semantic Prior that fuses 2D semantic features across RGB frames to reveal
semantic correlations between regions across the point cloud pair. Subsequently,
we propose the Semantics Guided Feature Interaction module that uses this prior
to emphasize the feature interactions between the semantically similar regions
during the cross-attention stage. In addition, we design a Semantics Aware Focal
Loss that facilitates the learning of robust features, and a Semantics Constrained
Matching module that performs matching only between regions sharing similar
semantics. We conduct experiments on both indoor and outdoor datasets, and
experimental results show the superiority of our method.
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