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Abstract

Scene-level point cloud registration is very challenging when
considering dynamic foregrounds. Existing indoor datasets
mostly assume rigid motions, so the trained models can-
not robustly handle scenes with non-rigid motions. On the
other hand, non-rigid datasets are mainly object-level, so the
trained models cannot generalize well to complex scenes.
This paper presents HybridReg, a new approach to 3D point
cloud registration, learning uncertainty mask to account for
hybrid motions: rigid for backgrounds and non-rigid/rigid for
instance-level foregrounds. First, we build a scene-level 3D
registration dataset, namely HybridMatch, designed specif-
ically with strategies to arrange diverse deforming fore-
grounds in a controllable manner. Second, we account for
different motion types and formulate a mask-learning mod-
ule to alleviate the interference of deforming outliers. Third,
we exploit a simple yet effective negative log-likelihood loss
to adopt uncertainty to guide the feature extraction and cor-
relation computation. To our best knowledge, HybridReg is
the first work that exploits hybrid motions for robust point
cloud registration. Extensive experiments show HybridReg’s
strengths, leading it to achieve state-of-the-art performance
on both widely-used indoor and outdoor datasets.

Code — https://github.com/hxwork/HybridReg PyTorch

Introduction
3D point cloud registration is vital for diverse applications,
attracting incredible attention from industry and academia.
Recent data-driven methods have shown remarkable suc-
cess, particularly in indoor scenes (Bai et al. 2020; Huang
et al. 2021; Yu et al. 2021), thanks to large-scale datasets
like 3DMatch (Zeng et al. 2017), SIRA-PCR (Chen et al.
2023a), and PointRegGPT (Chen et al. 2024).

Typically, the input pair of point clouds are partially over-
lapping, with (i) rigid background motions due to the camera
motion, and (ii) non-rigid foreground motion due to moving
or deforming objects. To align the background, algorithms
should eliminate the foreground interference and determine
a 3D rigid transformation. However, most existing indoor
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Figure 1: We build HybridMatch, the first large-scale indoor
synthetic dataset with hybrid motions for 3D point cloud
registration (top). To improve the robustness, we further de-
sign HybridReg, integrating probabilistic uncertainty masks
into correspondence estimation (middle), achieving signifi-
cant boosts (below) in challenging hybrid-motion scenes.

datasets assume rigid motions in the whole scene, neglecting
common non-rigid foreground motions. So, the first chal-
lenge is the lack of a comprehensive benchmark for model
training and evaluation on scenes with hybrid motions.

Though directly training on real-captured datasets can al-
leviate this issue, data collection is highly time-consuming,
and data annotation is expensive and error-prone. An ap-
pealing alternative to overcome the data scarcity is to lever-
age simulated data, e.g., Lepard (Li and Harada 2022) intro-
duces 4DMatch, an object-level synthetic dataset for non-
rigid point cloud registration. Yet, models trained on object-
level data have proven to struggle to generalize to complex
indoor scenes (Qin et al. 2022; Huang et al. 2021), as ob-
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jects are simpler and have strong shape priors. To sum up,
the second challenge is how to design a scene-level bench-
mark for 3D point cloud registration with hybrid motions, to
efficiently account for both data collection and annotations.

Further, even with such appropriate data, algorithms still
need to handle outliers in non-overlapping regions, caused
not only by different captured views but also by the dy-
namic foregrounds. While powerful feature descriptors help
address the former, they lack specific designs to handle
the latter, as foreground points with similar local geomet-
ric structures may be outliers due to inconsistent motions
with the background. Directly applying prior methods to
hybrid-motion scenes leads to heavy performance degrada-
tion. Hence, the third challenge is how to integrate feature
extraction and correspondence matching with precise guid-
ance to account for hybrid motions.

In this work, to address the first two challenges, we draw
inspiration from FlowNet (Dosovitskiy et al. 2015) and
SIRA-PCR (Chen et al. 2023a) to create the first large-scale
indoor synthetic dataset with hybrid motions, named Hy-
bridMatch. Specifically, beyond the rigid backgrounds pro-
vided by 3D-FRONT (Fu et al. 2021a), we simulate non-
rigid motions by applying instance-level rigid motions to
objects from ShapeNet (Chang et al. 2015) on the surfaces
of some furniture and in mid-air, combined with deforming
objects from DeformingThings4D (Li et al. 2021).

For the third challenge, training existing models on sim-
ulated point cloud pairs proves insufficient due to the in-
creased difficulty in correspondence matching caused by hy-
brid motions. As shown in Fig. 1, their performances de-
grade as the ratio of non-rigid motion increases. To address
it, inspired by the 2D motion estimation method (Truong
et al. 2023), we propose a probabilistic model named Hy-
bridReg to learn uncertainty masks that address Hybrid
motions in robust 3D point cloud Registration. Rather than
deterministically predicting correspondences, our reformu-
lated probabilistic model computes the correspondence rela-
tionships while simultaneously learning a robust confidence
map to model correspondence-wise uncertainty. This map
indicates the reliability of the correspondence predictions,
which is crucial for accurately solving the 3D transforma-
tion. To facilitate training, we assume the output follows a
Laplace distribution and employ a simple yet effective neg-
ative log-likelihood (NLL) loss to incorporate probabilistic
uncertainty into the loss function, enhancing robust corre-
spondence matching. Our main contributions are three-fold:

• We construct HybridMatch, the first large-scale indoor
synthetic dataset with hybrid and diverse motions for 3D
point cloud registration.

• We design HybridReg, a probabilistic model to learn
uncertainty masks, guided by an effective negative log-
likelihood loss, to account for hybrid motions and en-
hance feature extraction and correspondence matching.

• Extensive qualitative and quantitative comparisons on
both widely-used indoor and outdoor datasets demon-
strate the state-of-the-art performance of our approach.

Related Work
Rigid 3D point cloud registration. Most approaches are
correspondence-based, evolved from traditional handcrafted
features (Besl and McKay 1992; Rusinkiewicz and Levoy
2001; Yang, Li, and Jia 2013; Rusinkiewicz 2019; Rusu,
Blodow, and Beetz 2009) and RANSAC (Fischler and Bolles
1981) to deep-learning-based feature descriptors (Choy,
Park, and Koltun 2019; Gojcic et al. 2019; Bai et al. 2020;
Ao et al. 2021; Poiesi and Boscaini 2022; Wang et al. 2022;
Yu et al. 2021; Yew and Lee 2022; Wang et al. 2023;
Yang et al. 2022; Li and Harada 2022; Ao et al. 2023;
Yu et al. 2023; Mei et al. 2023; Liu et al. 2023b; Chen
et al. 2023a; Liu et al. 2023a), including weighted SVD
for efficient transformation derivation (Wang and Solomon
2019a,b; Li et al. 2020a; Yew and Lee 2020; Fu et al. 2021b)
and deep robust estimators for transformation accuracy (Bai
et al. 2021; Choy, Dong, and Koltun 2020; Pais et al. 2020;
Jiang et al. 2023; Zhang et al. 2023; Hatem, Qian, and
Wang 2023). Others are correspondence-free, directly re-
gressing transformations, e.g., (Aoki et al. 2019; Xu et al.
2021, 2022), yet they struggle with scalability and gener-
alization when handling complex scenes (Qin et al. 2022).
Existing methods are mainly designed for (i) indoor scenar-
ios, such as 3DMatch (Zeng et al. 2017), 7Scenes (Shotton
et al. 2013), SIRA-PCR (Chen et al. 2023b), and PointReg-
GPR (Chen et al. 2024), or (ii) object-level scenarios, e.g.,
ModelNet40 (Chang et al. 2015), Stanford 3D Scan (Cur-
less and Levoy 1996), and AutoSynth (Dang and Salzmann
2023). All of them, however, consider only rigid motions,
ignoring the commonly existing non-rigid motions in prac-
tice, e.g., moving humans/objects. In this work, we create
the first large-scale indoor synthetic dataset with hybrid mo-
tions, enabling training and testing to effectively account for
deformable foregrounds.

Non-rigid correspondence estimation is a major topic
in dynamic reconstruction (Bozic et al. 2020b; Gao and
Tedrake 2018; Newcombe, Fox, and Seitz 2015) and ge-
ometry processing (Huang et al. 2008; Groueix et al. 2018;
Ovsjanikov et al. 2012), focusing on estimating non-rigid
correspondences from deformable point clouds or manifold
surfaces. DynamicFusion (Newcombe, Fox, and Seitz 2015)
employs projective correspondence for real-time efficiency
and is further utilized for dense correspondence learn-
ing in (Schmidt, Newcombe, and Fox 2016). VolumeDe-
form (Innmann et al. 2016) adopts SIFT (Lowe 2004) for
robust non-rigid tracking. DeepDeform (Bozic et al. 2020b)
learns sparse global correspondence for patches in deform-
ing RGB-D sequences. (Li et al. 2020b) learn non-rigid fea-
tures via a differentiable non-rigid alignment optimization.
NNRT (Bozic et al. 2020a) estimates correspondence end-
to-end with an outlier rejection network. Besides, scene flow
estimation, e.g., (Li, Kaesemodel Pontes, and Lucey 2021;
Liu, Qi, and Guibas 2019; Wu et al. 2020), is a closely-
related technique that delivers point-wise correspondence.
The key difference between our task and these works is that
non-rigid correspondences on moving or deforming fore-
ground objects are outliers and should be filtered out for ac-
curate background alignment in our scene-level task.
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Figure 2: Our framework: (i) HybridMatch is a large-scale indoor synthetic dataset with hybrid motions for point cloud regis-
tration, containing diverse movable and deformable foreground objects; and (ii) HybridReg is designed to estimate uncertainty
mask for enhancing discriminative feature extraction and accurate correspondence matching against hybrid motions.

Method
Overview
Fig. 2 gives an overview of our approach, which includes
(i) HybridMatch, a large-scale indoor synthetic dataset with
hybrid motions for 3D point cloud registration (Sec. ); (ii)
HybridReg, the method we designed to estimate probabilis-
tic uncertainty masks and evaluate reliability and accuracy
of the correspondence prediction against hybrid motions
(Sec. ); and (iii) our loss function design (Sec. ).

HybridMatch Dataset
Existing indoor datasets typically contain only static scenes,
yet dynamic scenes are common in the real world. To bet-
ter simulate real-world environments, our HybridMatch in-
cludes not only rigid background motions but also a diverse
range of rigid and non-rigid foreground motions for ob-
jects within the background scene, such as humans moving
around, animals wandering, and objects or furniture shifting.
This makes HybridMatch more representative of the com-
plexities found in everyday indoor environments. To achieve
this level of realism, we carefully design different strategies
for various types of motion.

Rigid scene-level background motions. We construct the
indoor scene background using 3D-FRONT, as it offers
professionally-designed room layouts and a rich variety of
furniture. To enhance the scene complexity, following (Chen
et al. 2023b), models from the ShapeNet dataset are ran-
domly scaled, rotated, and placed either mid-air in the rooms
or on existing furniture items such as tables and beds. The
rigid background motion is naturally introduced when ad-
justing the camera view in the point cloud rendering process.

Non-rigid/rigid object-level foreground motions. Given
a room layout, we consider two distinct cases of inject-
ing foreground object motions based on the rigidity of the
object: (i) Deformable non-rigid objects, such as humans
and animals. Inspired by (Li and Harada 2022), we employ

models and offsets from the DeformingThings4D dataset,
a synthetic collection, comprising thousands of animation
sequences across various categories of humanoids and an-
imals. For each scene, animation sequences are randomly
selected; half feature a single human and the other half fea-
ture multiple humans and animals. To enhance the diversity
in movement magnitude, we employ random offsets to the
human and animal models in every frame. (ii) Movable rigid
objects, such as chairs and cups. First, additional rigid mod-
els from ShapeNet are positioned around each deformable
non-rigid object in (i), with random XY-plane offsets applied
to each frame to simulate movement and introduce noise. To
augment realism, we introduce subtle movements to mov-
able furniture items, thereby enriching the scene’s plausi-
bility with hybrid motions. Care is taken to ensure that each
foreground object insertion is collision-free, maintaining the
physical plausibility of the scene.

Registration data preparation. To produce paired data
for point cloud registration, we follow (Chen et al. 2023b)
to use a virtual perspective camera to render a depth map
for each viewpoint, subsequently converting these maps into
point clouds. We limit the depth range and randomly re-
move half of the large flat surfaces, such as walls and floors,
to emphasize the foreground. To ensure scene complex-
ity, high-quality camera views are selected. The viewing
range is set to [0°,360°] horizontally and [0°,45°] vertically,
with views uniformly sampled at intervals of 30°and 15°,
respectively. Ground-truth correspondences of the overlap-
ping point cloud pairs are easily established, given the accu-
rate camera poses. Following 3DMatch, we categorize our
data into HybridMatch (>30% overlap ratio) and Hybrid-
LoMatch (10-30% overlap ratio). Based on the proportion
of non-rigid motions, each set is further divided into 10-30%
non-rigid and 30-50% non-rigid splits. To validate our data,
each pair is accompanied by a corresponding pair without
any animations, forming a rigid-only split. For each split,
we create a validation/test set, consisting of 100/1,000 pairs.
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HybridReg
Problem formulation. Given the input point cloud pair
I = (P,Q), where P ∈ RN×3 is the source point point
with N points and Q∈ RM×3 is the target with M points.
A network F with parameters θ is employed to estimate the
correspondences C, i.e., C=F (I; θ). Then, the 3D transfor-
mation {R∈SO(3), t∈R3} is derived from C.

Feature extraction. We first downsample the source and
target points to obtain superpoints P̂ and Q̂ as in (Qin et al.
2022). Utilizing KPConv-FPN (Thomas et al. 2019), we ex-
tract features of the point clouds, with the associated learned
features denoted as FP̂ ∈RN̂×d and FQ̂∈RM̂×d.

Geometric transformer. Following (Qin et al. 2022), we
employ geometric self-attention mechanisms to learn global
correlations among superpoints within each point cloud.
Here, we describe the computation for P̂ , and the same
process applies to Q̂. Given the input feature matrix X ∈
RN̂×dt , the self-attention feature Z ∈ RN̂×dt is computed
as the cumulative weighted sum of all projected input fea-
tures: Zi =

∑N̂
j=1 ai,j(XjW

V ), where the weight coeffi-

cient ai,j = Softmax(
(XiW

Q)(XjW
K+Ri,jW

R)T√
dt

). Ri,j ∈
Rdt represents the geometric structure embedding, which
includes pairwise distances and angular information among
points. W denotes the projection matrix, whose superscripts
Q, K, V , and R correspond to queries, keys, values, and ge-
ometric structure embeddings, respectively. Then, to encode
inter-frame geometric consistency, cross-attention mecha-
nisms are adopted. The cross-attention feature ZP̂ ∈RN̂×dt

for P̂ is computed as ZP̂
i =

∑M̂
j=1 ai,j(X

Q̂
j W

V ), where the

weight coefficient ai,j=Softmax(
(XP̂

i WQ)(XQ̂
j WK)T

√
dt

).

Uncertainty mask generation. Previous methods typi-
cally predict correspondences C directly by C = F (I; θ),
however, it does not provide confidence measures. Instead,
our objective is to estimate the conditional probability den-
sity function p(C|I; θ), which allows us to capture the un-
certainty associated with the predictions. To achieve this, we
design a network to predict the parameters Φ(I; θ) of a fam-
ily of distributions, i.e.,

p(C|I; θ) = p(C|Φ(I; θ)) = Πi,jp(ci,j |φi,j(C; θ)). (1)

For tractable estimation, we assume conditional indepen-
dence between the predictions for the i-th source point and
the j-th target point. Here, ci,j ∈ {0, 1} is the ground-truth
correspondence relationship, and φi,j ∈Rn denotes the pre-
dicted parameters, including both the predicted correspon-
dence relationship and the confidence. For simplicity, we
omit the subscript i, j in the subsequent discussion.

Compared to the direct prediction approach C=F (I; θ),
the parameters Φ(I; θ) of the predictive distribution en-
code additional information about the correspondence, in-
cluding its uncertainty. Following previous works (Ilg et al.
2018; Kendall and Gal 2017; Truong et al. 2023), this is
done by predicting the variance of the correspondence. In

these cases, the predictive density p(c|φ) is modeled using
Laplace distributions:

L(c|σ2) =
1√
2σ2

e
−
√

2
σ2 |c−µ|

, (2)

where the mean µ and variance σ2 are predicted by the net-
work as (µ, σ2) = Φ(I; θ) for each point pair. σ2 serves
as the uncertainty mask, indicating higher confidence for
matching pairs likely to overlap and lower confidence for
non-overlapping or foreground regions.

To predict the uncertainty mask, we first compute the
cross-attention feature GP̂ ∈ RN̂×dt for P̂ after obtaining
the self-attention features HP̂ and HQ̂, i.e.,

GP̂
i =

∑M̂

j=1
ai,j(H

Q̂
j W

V ), (3)

where ai,j = Softmax(
(HP̂

i WQ)(HQ̂
j WK)T

√
dt

) is the weight
coefficient computed by applying a row-wise softmax on
the cross-attention score. Similarly, we can derive the cross-
attention feature GQ̂ for Q. GP̂ and GQ̂ exhibit robust ge-
ometric characteristics and awareness of hybrid motions be-
tween the input point clouds. Finally, we use an MLP, Φ with
parameters θ followed by a sigmoid layer, to regress the un-
certainty masks, i.e., σ2

P̂ , σ
2
Q̂ = Sigmoid(Φ(GP̂ ,GQ̂; θ)).

Uncertainty-aware superpoint matching. To determine
superpoint correspondences, we follow (Qin et al. 2022)
to first normalize HP̂ and HQ̂ onto a unit hypersphere.
Then, we compute the Gaussian correlation matrix S ∈
RN̂×M̂ , where si,j = exp(−||hP̂

i − hQ̂
i ||22). Besides, a

dual-normalization operation (Rocco et al. 2018; Sun et al.
2021) is performed on S to suppress ambiguous matches.
To further enhance the robustness against incorrect matches
caused by hybrid motions, we mask the correlation matrix
S using our generated uncertainty masks. We then select the
largest Nc entries as the superpoint correspondences, i.e.,

Ĉ = {(p̂xi , q̂yi)|(xi, yi) ∈ topkx,y(sx,y ·(1−σ2
x,y))}, (4)

where p̂xi
and q̂yi

are superpoints in P̂ and Q̂, respectively.

Transformation estimation. To recover the 3D transfor-
mation between the inputs based on the estimated correspon-
dences, we employ both the RANSAC algorithm and the
deep robust estimator LGR proposed by (Qin et al. 2022).

Loss Functions
The loss function consists of an uncertainty mask loss Lum

for uncertainty prediction, an overlap-aware circle loss Loc

for superpoint matching, and a point matching loss Lp. Both
Loc and Lp are implemented following (Qin et al. 2022).
The overall loss for training is L = Lum + Loc + Lp.

Uncertainty mask loss Lum. As customary in probabilis-
tic regression (Ilg et al. 2018; Kendall and Gal 2017; Truong
et al. 2023), we employ the negative log-likelihood loss to
train the uncertainty mask generator:

− log p(C|Φ(I; θ)=−
∑

i,j
log p(ci,j |φi,j(I; θ)), (5)
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Methods

HybridMatch HybridLoMatch

rigid-only 10-30% non-rigid 30-50% non-rigid rigid-only 10-30% non-rigid 30-50% non-rigid

RRE ↓ RTE ↓ RR ↑ RRE ↓ RTE ↓ RR ↑ RRE ↓ RTE ↓ RR ↑ RRE ↓ RTE ↓ RR ↑ RRE ↓ RTE ↓ RR ↑ RRE ↓ RTE ↓ RR ↑
PREDATOR† 1.7 6.7 98.7 4.6 19.2 31.6 5.6 24.5 26.6 2.0 7.6 89.9 9.7 34.9 6.2 8.2 30.4 5.0
CoFiNet† 1.3 5.2 99.2 3.8 12.9 33.6 4.0 17.8 28.2 1.8 7.2 93.0 7.5 25.0 5.0 6.2 29.4 5.8
GeoTrans† 0.8 3.2 98.9 3.7 13.6 27.6 4.0 17.6 22.6 1.1 4.2 91.3 5.7 18.3 5.2 5.7 25.5 1.4

PREDATOR‡ 1.1 4.4 98.9 2.4 8.7 80.8 2.8 12.6 75.4 1.4 5.3 94.6 5.1 17.5 33.2 4.2 17.5 24.4
CoFiNet‡ 1.4 5.8 98.2 2.8 10.6 82.4 3.3 14.6 78.0 1.8 7.3 88.9 5.1 18.0 29.8 4.7 23.1 25.6
GeoTrans‡ 0.6 2.3 99.3 1.4 5.6 95.6 1.6 8.1 93.6 0.8 3.4 93.8 3.3 12.3 64.2 3.2 13.7 61.0
Our HybridReg‡ 0.5 2.1 99.2 1.2 5.4 97.4 1.5 7.1 96.6 0.8 3.3 93.9 3.0 12.2 75.6 2.8 12.3 73.6

Table 1: Evaluation results on our HybridMatch and HybridLoMatch. †: the model is only trained on 3DMatch. ‡: the model is
trained on our HybridMatch. The best and second-best results are marked in bold and underlined for better comparison.

# Samples

HybridMatch HybridLoMatch

10-30% non-rigid 30-50% non-rigid 10-30% non-rigid 30-50% non-rigid

5000 2500 1000 500 250 5000 2500 1000 500 250 5000 2500 1000 500 250 5000 2500 1000 500 250

Feature Matching Recall (%) ↑
PREDATOR 95.2 96.0 96.2 96.2 95.4 94.0 94.2 93.6 93.2 94.0 66.8 68.4 68.4 70.2 67.4 62.8 64.0 64.8 63.8 61.8
CoFiNet 96.0 96.4 96.2 96.4 95.6 93.0 94.6 95.2 95.2 95.0 59.4 61.4 63.2 63.4 64.0 53.4 55.2 58.8 59.4 59.4
GeoTrans 99.9 99.8 99.8 99.8 99.8 99.4 99.4 99.6 99.4 99.4 93.2 92.8 93.4 92.2 92.0 91.4 91.4 90.4 91.6 90.8

Our HybridReg 99.8 99.8 99.8 99.8 99.8 99.6 99.6 99.6 99.6 99.6 92.8 92.8 92.8 92.6 93.0 94.4 94.4 94.8 94.6 94.8
Inlier Ratio (%) ↑

PREDATOR 32.4 34.8 36.5 36.7 35.1 29.4 31.6 33.1 32.9 31.8 11.4 12.2 13.0 13.2 12.6 9.8 10.5 11.1 11.0 10.9
CoFiNet 23.4 26.7 31.2 32.9 34.0 21.3 24.5 28.7 30.5 31.6 7.7 8.7 10.9 11.8 12.4 7.1 7.9 9.7 10.6 11.2
GeoTrans 36.5 36.5 36.4 36.7 36.4 33.6 33.6 33.7 33.6 33.6 18.2 18.3 18.3 18.3 18.4 33.6 17.3 17.4 17.3 17.2

Our HybridReg 58.6 58.7 58.7 58.8 58.6 54.4 54.4 54.4 54.3 54.3 34.4 34.3 34.3 34.3 34.3 33.8 33.9 33.7 33.7 33.7
Registration Recall (%) ↑

PREDATOR 65.2 73.4 79.2 80.8 80.6 57.2 69.8 74.6 75.4 71.4 19.6 26.8 33.2 32.4 30.6 15.6 21.2 24.2 22.8 24.4
CoFiNet 79.0 80.4 82.4 80.6 79.8 75.6 78.0 77.8 77.2 72.2 27.2 27.8 29.8 27.6 27.2 21.6 24.8 25.2 25.6 24.8
GeoTrans 92.8 91.4 89.0 88.6 90.0 91.0 86.8 88.6 86.8 86.4 52.6 51.4 54.4 49.2 51.8 52.4 55.2 43.8 50.0 50.8

Our HybridReg 97.4 96.4 97.6 97.2 96.4 96.6 97.4 97.8 95.0 96.0 75.6 73.0 75.2 73.0 70.8 76.2 75.8 75.0 74.2 72.4

Table 2: Evaluation results on HybridMatch and HybridLoMatch.

where p(c|φ) can be substituted by the Laplace distribution
as detailed in Eq. 2. Taking into account both source and
target uncertainty masks, Lum is formulated as

Lum=− log(
∑

i,j
e− log(2)−αi,j−

√
2e

− 1
2
αi,j ·|ci,j−µi,j |), (6)

where αi,j=log(σ2
P̂ ·σ2

Q̂)i,j . Naturally, we use µi,j=si,j in
the Gaussian correlation matrix S to denote the correspon-
dence prediction for the point pair i, j. To avoid division by
zero, we use a numerically stable log-sum-exp function and
introduce a regularization term 1− σ2

P̂ ·σ2
Q̂.

Overlap-aware circle loss Loc. To prioritize high-overlap
matches, we compute the overlap-aware circle loss on P ,

LP
oc=

1

|A|
∑

GP
i ∈A

log[1+
∑

GQ
j ∈εip

eλ
j
iβ

i,j
p (dj

i−∆p) ·
∑

PQ
k ∈εin

eβ
i,k
p (∆n−dk

i )].

(7)
Here, A is the set of anchor patches in P that have at least
one positive patch in Q. For each anchor patch GP

i ∈A, εip
and εin denote the sets of its positive and negative patches in
Q. dji is the feature distance, and λj

i = (oji )
1
2 and oji repre-

sents the overlap ratio between GP
i and GQ

j . βi,j
p =γ(dji−∆p)

and βi,k
n =γ(∆n−dki ) are the positive and negative weights,

respectively. The margins ∆p and ∆n are set to 0.1 and 0.4,
respectively. The same goes for the loss LQ

oc on Q.

Point matching loss Lp is computed for the ith patch as

Lp,i = −
∑

(u,v)∈Mi

log z̄iu,v−
∑
u∈Ii

log z̄iu,mi+1−
∑
v∈Ji

log z̄ini+1,v, (8)

where Mi denotes the set of ground-truth point correspon-
dences extracted with a matching radius τ from each Ĉ∗

i and
{Ĉ∗

i } denotes the randomly sampled Ng ground-truth point
correspondences. z̄iu,v is the element in the u-th row and the
v-th column of the soft assignment matrix Z̄i. Ii and Ji de-
note the sets of unmatched points in the two patches.

Experiments
Datasets and Evaluation Metrics
Datasets. To evaluate effectiveness on hybrid motions,
we use the proposed HybridMatch/HybridLoMatch, which
is divided into three splits: rigid-only (11.3k/14k pairs),
10-30% non-rigid (7.3k/8.5k pairs), and 30-50% non-rigid
(4k/5.5k pairs). To assess robustness in indoor scenes, we
employ the 3DMatch dataset (Zeng et al. 2017), compris-
ing 62 scenes, with 46/8/8 scenes used for training/vali-
dation/testing. 3DMatch and 3DLoMatch are categorized
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Figure 3: Qualitative comparison on HybridMatch and 3DMatch.

Methods 3DMatch 3DLoMatch

RRE ↓ RTE ↓ RR ↑ RRE ↓ RTE ↓ RR ↑
PerfectMatch 2.2 7.1 78.4 3.5 10.3 33.0
FCGF 2.0 6.6 85.1 3.2 10.0 40.1
D3Feat 2.2 6.7 81.6 3.4 10.3 37.3
PREDATOR 2.0 6.4 89.0 3.1 9.3 59.8
CoFiNet 2.0 6.2 89.3 3.3 9.4 67.5
GeoTrans 1.6 5.3 91.5 2.5 7.4 74.0
RegTR 1.6 4.9 92.0 2.8 7.7 64.8

Our HybridReg 1.6 5.2 92.7 2.5 7.5 73.1

Table 3: Registration results on 3DMatch and 3DLoMatch.

based on >30% and 10%-30% overlap ratios. To evaluate
the generalizability in outdoor scenes, we transfer models
trained on 3DMatch to the ETH dataset (Pomerleau et al.
2012), including 4 scenes with 713 pairs of 132 point clouds.

Evaluation metrics. We adopt several metrics follow-
ing (Qin et al. 2022; Chen et al. 2023b): (i) Registration Re-
call (RR), the fraction of successfully registered pairs whose
transformation error RMSE<0.2m/0.2m/0.5m for Hybrid-
Match/3DMatch/ETH; (ii) Inlier Ratio (IR), the fraction
of inlier correspondences with residuals <0.1m/0.1m/0.2m
for HybridMatch/3DMatch/ETH; (iii) Feature Matching Re-
call (FMR), the fraction of pairs with IR>5%; (iv) The
median of the average Relative Rotation Error (RRE);
and (v) The median of the average Relative Transla-
tion Error (RTE) for successfully registered pairs whose
RMSE<0.2m/0.2m/0.5m for HybridMatch/3DMatch/ETH.

Implementation Details
To stabilize training, the uncertainty mask generator is first
trained with L1 loss for 30 epochs, then fine-tuned with un-
certainty mask loss for 20 epochs. Adam optimizer (Kingma
and Ba 2015) is used with a batch size of 8 and a learning
rate of 1e-4. All experiments run on 8 NVIDIA Tesla P40
GPUs. Please refer to our supp. material for more details.

Evaluation on HybridMatch
We compare the quantitative registration results of our
method with recent state-of-the-art approaches in Tab. 1 and
Tab. 2. As revealed in Tab. 1, either transferring pre-trained

Figure 4: Visualization of correspondences and uncertainty
masks, where unreliable non-rigid regions are marked in red.

model weights from 3DMatch to our HybridMatch rigid-
only split or direct training on our data yields high RR,
validating our synthetic data. However, models trained on
rigid-only data struggle with hybrid motions, particularly in
scenarios with significant foreground motion and low over-
lap. Incorporating hybrid-motion data into training improves
performance but remains inferior to rigid-only scenes, high-
lighting the need for algorithmic enhancements. Our Hy-
bridReg significantly outperforms other methods across al-
most all metrics, demonstrating robust registration capabil-
ity for both rigid-only and challenging non-rigid scenarios.
Specifically, our method achieves a 20.7% increase in RR
compared to the second best on the most challenging test
split (HybridLoMatch, 30-50% non-rigid). Qualitative re-
sults in Fig. 3 also illustrate our method’s superior perfor-
mance. We visualize our uncertainty masks in Fig. 4, where
the precise masks improve the correspondence accuracy.

Evaluation on Rigid Benchmark
Evaluation on indoor 3D(Lo)Match. Results on the
rigid-only 3DMatch dataset are presented in Tab. 3. Our Hy-
bridReg achieves state-of-the-art performance on 3DMatch
and competitive results on 3DLoMatch, highlighting its abil-
ity to preserve the strength on rigid-only scenes effectively.
Fig. 3 also indicates the effectiveness of our method.

Evaluation on outdoor ETH. To assess generalizability,
we transfer models trained on 3DMatch to the ETH dataset,
following (Wang et al. 2023; Chen et al. 2023b). As shown in
Tab. 5, our method outperforms the baseline (GeoTrans) and
most other methods in RR, showcasing strong generalization
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Models

HybridMatch HybridLoMatch

10-30% non-rigid 30-50% non-rigid 10-30% non-rigid 30-50% non-rigid

RRE ↓ RTE ↓ RR ↑ RRE ↓ RTE ↓ RR ↑ RRE ↓ RTE ↓ RR ↑ RRE ↓ RTE ↓ RR ↑
(a) Baseline (3D-FRONT) 2.0 8.5 52.8 2.5 12.4 44.8 4.6 16.5 18.8 4.3 19.0 14.8
(b) + Non-rigid Foreground Motion 1.6 7.5 90.4 2.0 9.6 86.2 3.7 14.9 54.0 4.1 16.5 48.6
(c) + Rigid Foreground Motion 1.4 6.0 94.0 2.0 9.4 89.2 3.5 14.1 62.8 3.3 15.4 54.2
(d) + Delete Planes 1.2 5.4 97.4 1.5 7.1 96.6 3.0 12.2 75.6 2.8 12.3 73.6
(e) Baseline (GeoTrans) 1.4 5.6 95.6 1.6 8.1 93.6 3.3 12.3 64.2 3.2 13.7 61.0
(f) w/ Uncertainty Mask + L1 Loss 1.4 5.9 94.2 1.7 8.6 95.2 3.4 13.2 66.2 3.4 15.5 61.8
(g) w/ Uncertainty Mask + NLL Loss 1.2 5.4 97.2 1.5 7.2 96.6 3.0 12.2 75.5 2.8 12.4 73.2
(h) + Uncertainty-aware Correlation 1.2 5.4 97.4 1.5 7.1 96.6 3.0 12.2 75.6 2.8 12.3 73.6

Table 4: Ablation studies of our proposed HybridMatch (top) and HybridReg (bottom).

ETH

# Samples 5000 2500 1000 500 250

PerfectMatch 81.4 73.5 59.3 46.5 35.0
D3Feat 59.1 50.4 49.7 44.6 29.1
FCGF 42.1 36.1 29.5 26.3 18.9
PREDATOR 74.7 72.9 67.7 60.3 51.7
CoFiNet 83.9 82.7 81.9 77.4 68.8
GeoTrans + RANSAC 80.9 76.8 73.3 72.8 70.8
GeoTrans + LGR — 85.6 —

Our HybridReg + LGR — 86.5 —

Table 5: Registration recall comparison on ETH. All models
are trained on 3DMatch. —: results with different samples
are not applicable for LGR since it uses all correspondences.

capability in outdoor scenes. The qualitative comparison in
Fig. 5 shows our method’s effectiveness in addressing chal-
lenging cases with complex, unseen structures.

Ablation Study
We conduct extensive experiments on our HybridMatch and
HybridReg to evaluate the impact of each component. The
hybrid-motion test set is fixed for consistent evaluation.

HybridMatch. We detail the construction of our Hybrid-
Match in Tab. 4 (a-d). By incrementally incorporating com-
ponents into our baseline, we assess their contributions to
the model’s performance on the test set. Comparing Rows
(a) and (b), injecting non-rigid motions from DeformingTh-
ings4D significantly boosts registration performance. Rows
(c-d) and (b) demonstrate that adding rigid motions to se-
lected foreground objects (c) and removing planes to balance
geometric structures (d) help the model focus on background
motion, thereby improving performance.

HybridReg. To understand the efficacy of components in
HybridReg, we ablate each of them as shown in Tab. 4 (e-h).
Initially, we integrate the uncertainty mask learning mod-
ule into the baseline, employing two loss variants for su-
pervision. Comparing Rows (f-g) and (e), the negative log-
likelihood (NLL) loss outperforms the L1 loss in enhancing
uncertainty modeling and learning capabilities, leading the
model to better identify inlier correspondences, such as rigid

Figure 5: Qualitative comparison on ETH.

background and immovable foreground. Further, comparing
Rows (g) and (h), using the predicted uncertainty mask to
refine the Gaussian correlation matrix yields an additional
performance boost by suppressing incorrect matches.

Conclusion
We introduce HybridReg, a novel 3D point cloud registra-
tion framework to account for hybrid motions and to en-
hance robustness. To our best knowledge, we create the first
large-scale indoor synthetic dataset, HybridMatch, tailored
for point cloud registration with hybrid motions. In addi-
tion, we propose a probabilistic uncertainty mask learning
module to mitigate the impact of outliers, guided by an ef-
fective negative log-likelihood loss, enhancing feature ex-
traction and correspondence matching. Experimental quan-
titative and qualitative results manifest the state-of-the-art
performance of HybridReg consistently on various indoor
and outdoor benchmarks.
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