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Abstract

Point cloud registration is a fundamental task in 3D vi-
sion, playing a crucial role in various fields. With the
rapid advancement of RGB-D sensors, unsupervised point
cloud registration methods based on RGB-D sequences
have demonstrated excellent performance. However, exist-
ing methods struggle in scenes with low overlap and pho-
tometric inconsistency. Low overlap results in numerous
correspondence outliers, while photometric inconsistency
hinders the model’s ability to extract discriminative fea-
tures. To address these challenges, we first propose the
Overlapping Constraint for Inliers Detection (OCID) mod-
ule, which filters and optimizes the initial correspondence
set using an overlapping constraint. This module robustly
selects reliable correspondences within the overlapping re-
gion while maintaining a balance between accuracy and
efficiency. Additionally, we introduce a novel scene rep-
resentation, 3DGS, which integrates both geometric and
texture information, making it particularly well-suited for
RGB-D registration tasks. Building on this, we propose the
Gaussian Rendering for Photometric Adaptation (GRPA)
module, which refines the geometric transformation and en-
hances the model’s adaptability to scenes with inconsis-
tent photometric information. Extensive experiments on
ScanNet and ScanNet1500 demonstrate that our method
achieves state-of-the-art performance. The code will be re-
leased at OG-UPCR.

1. Introduction
Point cloud registration is a critical task in 3D vision,

with applications in navigation [30, 44, 56], pose estima-
tion [10, 17], and 3D reconstruction [42, 43]. Typically, two
frames of point clouds rely on feature extraction to estimate
correspondences, followed by robust geometric fitting tech-
niques to obtain the transformation.
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Figure 1. The objective of the proposed OG-UPCR is to effec-
tively register scenes with low overlap and photometric inconsis-
tency. The overlapping region constraint helps reduce correspon-
dence outliers caused by low overlap, while photometric incon-
sistency is adaptively adjusted through the optimizable parameters
contained in 3D Gaussians [24]. Compared to PointMBF [52], the
proposed OG-UPCR produces more consistent results between in-
put and rendered frames (highlighted in red boxes) and yields bet-
ter registration outcomes.

With the rapid development of RGB-D sensors, unsu-
pervised registration methods [12–14, 27, 40, 45, 52] have
demonstrated impressive performance. These methods ras-
terize 3D points into images using a differentiable ren-
derer [32] and employ geometric and photometric consis-
tency losses between the input and rendered frames to ex-
tract features, thereby estimating the geometric transforma-
tion between nearby frames without the need for ground
truth. However, all these methods ignore that the geometric
and photometric information between frames to be regis-
tered is not always consistent, particularly in scenes with
low overlap and photometric inconsistency. Low overlap

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

24868



complicates feature identification and correspondence es-
timation [20], while photometric inconsistency hinders the
modeling of feature consistency between input and rendered
frames, making it challenging for the model to obtain dis-
criminative features, especially in scenes with reflections
and rendering artifacts [52]. Despite the excellent regis-
tration performance of PointMBF [52], it still suffers from
low overlap and photometric inconsistency, which result in
a large number of correspondence outliers and erroneous
rendered and registration results, as illustrated in Fig. 1.

We observe that inliers must be located within overlap-
ping regions, whereas outliers can be filtered out early us-
ing overlapping constraint. Although identifying inliers and
overlaps is a chicken-and-egg situation, it can be efficiently
resolved through an iterative process. Meanwhile, recent
advances in 3D Gaussian Splatting [24] have made signif-
icant strides in novel view synthesis [4, 54], 3D genera-
tion [6, 50], and SLAM [23, 26, 46]. This technique not
only represents geometry in a smooth and continuously dif-
ferentiable manner but also preserves view-varying texture
information, which is adaptive to photometric changes. Ad-
ditionally, 3D points convert easily into 3D Gaussians, mak-
ing this approach highly suitable for RGB-D registration.

To this end, we propose OG-UPCR, an innovative un-
supervised point cloud registration framework designed
to address low overlap and photometric inconsistency, as
shown in Fig. 1. Specifically, we propose the Overlapping
Constraint for Inliers Detection module (OCID) based on
the observation that inliers must lie within overlapping re-
gions. This module leverages overlapping constraints to
detect inliers, addressing issues arising from low over-
lap. Additionally, we design the Gaussian Rendering for
Photometric Adaptation module (GRPA), which converts
3D points into 3D Gaussians and rasterizes them into im-
age space, leveraging the rich geometric and texture infor-
mation contained in the Gaussians. Based on this, nonlinear
optimization is applied to each pixel to enhance photomet-
ric adaptation and enable the model to extract discriminative
features. Moreover, this process refines the transformation
and improves overall registration.

The OG-UPCR is thoroughly evaluated on the standard
datasets, including 3DMatch [53], ScanNet [9], and the
challenging ScanNet1500 [35], which contain paired views
with low overlap and inconsistent photometric information,
achieving state-of-the-art performance. Additionally, we
conduct extensive ablation experiments on individual mod-
ules to demonstrate the effectiveness of each component.

In summary, our contributions are as follows:

• We propose OG-UPCR, an unsupervised registration
framework that combines overlapping constraint with
gaussian splatting, enhancing the accuracy and robustness
of the overall registration model.

• We propose a correspondence optimization strategy us-

ing iterative random overlapping region prediction. This
module selects faithful inliers of correspondences within
the overlapping region, mitigating the impact of low over-
lap and enhancing the accuracy of geometric fitting.

• We propose a photometric adaptation module for paired
views that employs Gaussian splatting to independently
render the Gaussians of both views. This module mod-
els the photometric consistency of features across frames,
and refines the final transformation.

2. Related Work
2.1. Point Cloud Registration

Early point cloud registration methods [21, 33, 34, 39]
rely on hand-crafted feature descriptors, which are sensitive
to noise and not robust to changes in the number and density
of point clouds. Recently, deep learning feature descriptors
have demonstrated impressive performance and can achieve
better registration results. Research based on deep learn-
ing can be divided into supervised [2, 20, 29, 37, 41, 51]
and unsupervised [12, 13, 28, 36, 45, 52] methods. How-
ever, supervised methods require real poses as supervi-
sion signals, making them difficult to apply practically.
When encountering new scenes with domain gaps, they
can only rely on the trained weights to infer the registra-
tion results, which often affects their performance. Unsu-
pervised methods can be further divided into geometric-
based and RGB-D based methods according to the input
data. Among geometric-based methods, RIENet [36] pro-
poses a reliable inlier evaluation method based on neigh-
borhood consensus. UDReg [28] operates by learning the
posterior probability distribution of Gaussian Mixture Mod-
els from point clouds and then predicting distribution-level
correspondences. Since the input contains only geometric
information, these methods struggle with geometric weak
regions (such as floors, ceilings, and walls) and repeated
structures in real scenes. RGB-D based methods are able
to handle real scenes, such as LLT [45] employing a lin-
ear attention module to fuse geometric and texture features.
PointMBF [52] proposes a multi-scale bidirectional fusion
network to fully utilize the complementary information of
RGB-D. Nevertheless, these methods all employ a conven-
tional differentiable renderer to render 3D points directly,
making them susceptible to low overlap and photometric
inconsistency. In contrast, we propose the OCID module
based on overlapping constraint to help obtain more reli-
able correspondences. Additionally, we design the GRPA
module to reduce the impact of photometric inconsistency,
thereby enhancing registration accuracy.

2.2. Correspondence Optimization Strategy
The handling of correspondence outliers can be effec-

tively addressed using methods such as RANSAC. Al-
though RANSAC [15] and its variants [3, 31] are widely
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Figure 2. The overview of OG-UPCR. The backbone first extracts the features F f
P and F f

Q from the point clouds P and Q. The initial
correspondences are estimated by calculating Lowe’s ratio in the feature space, which is then optimized by the OCID module using the
overlapping constraint. Subsequently, the rigid transformation is determined through geometric fitting. Finally, based on this transforma-
tion, the Gaussian cross-rendering results generated by the GRPA module form the paired views are used to calculate the loss. This process
not only refines the final result but also aids the model in acquiring distinct features.

recognized algorithms, their performance remains sensitive
to outliers, often requiring numerous iterations to produce
relatively accurate results. SC2PCR [5] and MAC [55] are
also effective in managing correspondence outliers, but both
rely on relative spatial constraint and fail to account for
the fact that correct correspondences should be confined to
the overlapping region from global spatial constraint. This
oversight leads to inefficiency and inaccuracy, as excessive
redundant point pairs are utilized. In contrast, we propose
an overlapping constraint module based on global spatial to
select reliable correspondences, thereby improving the effi-
ciency and accuracy of the registration process.

2.3. Gaussian Splatting
As a novel scene representation and efficient differ-

entiable renderer, 3D Gaussian Splatting [24] has shown
its significant advantages in novel view synthesis [4, 48,
54], 3D generation [6, 50] and SLAM [23, 26, 46].
SplaTAM [23] introduces an online tracking and mapping
system based on the underlying 3D Gaussian representa-
tion, without requiring the real pose. However, it relies on
dense RGB-D frame inputs, making it difficult to obtain
accurate poses with sparse input. PixelSplat [6] proposes
that the radiance field parameterized by 3D Gaussian prim-
itives can be learned and reconstructed from sparse views.
NoPoSplat [48] integrates PnP [18] and 3DGS [24] to es-
timate poses from sparse views, achieving superior novel

view synthesis. Nevertheless, these methods estimate poses
from an image-based perspective, resulting in the loss of
3D information. In contrast, the proposed GRPA module
derives a more precise geometric transformation from the
point cloud perspective, producing rasterized outputs inde-
pendent of true pose data. This approach exhibits robust
generalization and achieves accurate registration even with
sparse inputs.

3. Method
3.1. Problem Statement and Overview
Problem Statement. Given point clouds P ∈ RN×3 and
Q ∈ RN×3, the purpose of the registration task is to
obtain a transformation matrix T = {R, t}, that aligns
P and Q in the same coordinate system. This transfor-
mation matrix consists of a rotation matrix R ∈ SO (3)
and a translation vector t ∈ R3. The correspondence set
C = {pi,qj |pi ∈ P,qj ∈ Q} is estimated by feature ex-
traction and matching. The transformation can be deter-
mined by:

argmin
R,t

n∑
i=1

∥R · pi + t− qj∥22 , (1)

where ∥·∥22 denotes the Euclidean norm, n is the number of
correspondences that can be found in paired point clouds.
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Overview. In this paper, we propose an OCID module and
a GRPA module to address challenges associated with low
overlap and photometric inconsistency. The OG-UPCR pro-
cesses paired point clouds and their corresponding RGB-
D frames as input, following the PointMBF [52] to extract
feature descriptors. Using these descriptors, we compute
an initial correspondence set by measuring distances in the
feature space. The OCID module then filters this initial set
based on an overlapping region constraint, selecting reliable
seed points for geometric fitting, which produces a coarse
transformation, denoted as T0

gs, as described in Section 3.2.
This transformation serves as the initial pose for the GRPA
module, where 3D points are first converted into 3D Gaus-
sians and then projected onto an image using a Gaussian
splatting renderer, which is subsequently refined to obtain
the final result, TR

gs, as detailed in Section 3.3. Addition-
ally, the entire registration framework is trained in an end-
to-end unsupervised manner using geometric and photomet-
ric consistency losses between input and rendered frames,
as discussed in UR&R [13]. An overview of OG-UPCR is
provided in Fig. 2.
Feature Extraction. Building upon prior research, we em-
ploy KPConv [38] and ResNet [19] to extract multi-scale in-
formation from the point clouds and images. Subsequently,
a multi-scale bidirectional fusion method [52] generates
distinctive fused feature descriptors F f

P ∈ RN×C3D and
F f
Q ∈ RN×C3D for point clouds P and Q.

3.2. Correspondence Estimation
Initial Correspondence Set Acquisition. After obtaining
the feature descriptors of the point clouds, we follow previ-
ous method [13, 45, 52] to obtain the initial correspondence
set based on Lowe’s ratio [25]. For a point pi, its Lowe’s
ratio can be computed as:

ri =
D
(
pi,q

1nn
j

)
D
(
pi,q2nn

j

) , (2)

where D (·) represents the Euclidean distance in the fea-
ture space and qknnj is the k-th similarity point in the point
cloud Q. We assign weights to each correspondence using
the formula w = 1− r. Next, we apply the top-k algorithm
to select the weighted correspondences, resulting in a corre-
spondence set from CP→Q. We choose an equal number of
correspondences from CQ→P in a similar manner to create
the initial correspondence set:

Cinitial = {(p,q, w)m : 0 ≤ m < 2k} , (3)

where k denotes the top k weights. The resulting correspon-
dence Cinitial will be input into the OCID module for further
optimization.
Overlapping Constraint for Inliers Detection. This mod-
ule is designed to detect inliers from the initial correspon-
dence set, facilitating efficient registration in scenarios with

low overlap. Existing works [5, 55] directly remove outliers
based on the consistency graph but neglect the importance
of the overlapping region constraint, leading to significant
computational expenses. As shown in Fig. 2, the module
consists of two components, which are detailed below.
Random Overlapping Region Prediction. As is well
known, Weighted SVD [8] produces an approximate geo-
metric transformation by performing singular value decom-
position on the weights of the correspondence set. The ac-
curacy of this transformation will be affected by the inliers
in the correspondence, meaning that the higher the weight
of the inliers, the more accurate the transformation will be.
Motivated by this and inspired by RANSAC [15], we first
randomly select a partial subset from the initial correspon-
dence:

Cn = {(p,q, w)n : 0 ≤ n < 2rk} ∈ Cinitial, (4)

where r denotes the proportion of the subset in the ini-
tial correspondence, which is set to 0.2. Next, we apply
Weighted SVD to obtain the transformation Ts of this sub-
set. Unlike similar previous work [13, 45, 52], we do not
directly leverage the common L2 distance to assess whether
Ts is correct, which is prone to fall into local optima. In-
stead, we propose a novel approach based on overlapping
region prediction. Using Ts, we predict the overlapping
area of the point cloud and evaluate its success by the over-
lap ratio Op, which is defined as:

P ′ = Ts ⊙ P, (5)

Op =
1

N

NP ′∑
n=1

J∥p′
n − qn∥2 < τK, (6)

where J·K is the Iverson bracket, ⊙ represents the rigid
transformation, NP ′ is the number of points of the point
cloud P ′ and τ is set to 5cm. If Op exceeds the thresh-
old Othr, the prediction is considered successful. This im-
plies that most of the correspondences within the selected
subset are inliers, and the subset is classified as a positive
subset, receiving a higher weight in the initial correspon-
dence set. To meet these conditions, we multiply the weight
of the points in the subset of successful predictions by a re-
ward factor, thereby increasing their proportion in the initial
correspondence. Conversely, if the prediction fails, it indi-
cates that the selected subset contains a high percentage of
outliers. In this case, the corresponding weights in those
subsets are multiplied by a penalty factor, which is defined
as follows:

wn =

{
wn · wr, Op ≥ Othr

wn · wp, Op < Othr
, (7)

where wr and wp denote the reward factor and penalty fac-
tor, and wr · wp = 1 to ensure the balance change of a cor-
respondence when it is selected into the subset many times.
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The above prediction process is repeated N times. After
completing the random overlapping region prediction, the
weights of the individual correspondences within the initial
correspondence set are significantly optimized, with inliers
receiving higher weights and the weights of outliers being
reduced. To enhance the efficiency of the algorithm, we also
use the top-k algorithm to select the appropriate correspon-
dence. The optimized set of correspondences can be defined
as follows:

Cf =
{
(p,q, w)f : 0 ≤ m < 2kf

}
, (8)

where kf means that the top-k algorithm is used to select
items with larger weights to speed up the algorithm. We
also provide a pseudocode and simple flowchart in Supple-
mentary Material. 2.
Global-to-Local Inliers Detection. The optimized corre-
spondence set Cf already exhibits a high inlier ratio. How-
ever, one issue remains: the selected correspondences are
concentrated in specific local regions rather than uniformly
distributed. This concentration hinders the subsequent ge-
ometric fitting. To address this challenge, we propose a
global-to-local inlier detection module based on spatial con-
sistency, as shown in Fig. 2. First, we compute the second
order spatial compatibility (SC2) [5] of the optimized cor-
respondence set globally, which can be defined as:

SC2
ij = Cij ·

N∑
k=1

Cik · Ckj , (9)

Cij =

{
1, dij ≤ dthr
0, dij > dthr

, (10)

dij =
∣∣∥pi − pj∥2 − ∥qi − qj∥2

∣∣ , (11)

where pi,pj and qi,qj denote two sets of correspondence
points in Cf , and dthr is set to 10cm. Subsequently, the
optimized weights wf are employed to find the seed points
with the maximum confidence score within their neighbor-
hood, defined by a radius R, ensuring that the correspon-
dences are uniformly distributed. To ensure that the selected
seed points are reliable inliers, we measure the correspon-
dence of the seed point and its top-K neighbors based on
the constructed SC2 metric to further prune potential out-
liers. Finally, these seed points and their neighboring points
form multiple consensus sets.
Geometric Fitting. To project images of the transformed
point clouds P and Q using a Gaussian renderer, it is nec-
essary to estimate their geometric transformation. This esti-
mation is achieved through geometric fitting. Following [5],
we estimate the geometric transformation according to each
consensus set. Finally, we choose the transformation with
the highest number of inliers as the result T0

gs.

3.3. Gaussian Rendering
This module is designed to help the model adapt to

inconsistent photometric information between the input
and rendered frames. Previous approaches [13, 45, 52] rely
on traditional differentiable renderer [32] to directly project
3D points into the image space, which makes their models
susceptible to significant viewpoint changes and limits the
ability to extract more discriminative features. To overcome
these challenges, we draw inspiration from [22, 26] and
introduce the 3D Gaussian splatting technique. Addi-
tionally, we propose a photometric adaptation mechanism
for each pixel to resolve the inconsistencies caused by
viewpoint changes, thereby enabling the model to learn
more discriminative features for registration.
Gaussian Rendering for Photometric Adaptation.
Specifically, each point can be represented by a Gaus-
sian [22] with eight parameter values: its point position
µ3D ∈ R3, RGB color c ∈ R3, radius r, and opacity
o ∈ [0, 1]. Each Gaussian affects a point in 3D space
x ∈ R3 as follows:

g (x) = o exp

(
−∥x− µ3D∥2

2r23D

)
, (12)

each pixel ρ in the differentiable rendered RGB image can
then be rendered as follows:

Rgs
rgb (G,T) =

n∑
i=1

cigi (ρ)

i−1∏
j=1

(1− gj (ρ)) , (13)

where g (ρa) can be obtained from Eq. (12) and (13), but
with µ3D and r3D of the splatted 2D Gaussians in pixel
space:

µ2D = KT
µ3D

d
, r2D =

f

d
, (14)

where K is the camera intrinsic matrix, T is the extrinsic
matrix, f is the focal length of the camera, and d is the
depth. To further enhance the adaptability to photometric
changes, we optimize the nonlinear photometric adaptation
of each pixel:

Rgs′

rgb = exp (α) ·Rgs
rgb + β, (15)

where α and β are both learnable parameters. A similar dif-
ferentiable rendered depth image can be expressed as fol-
lows:

Rgs
depth (G,T) =

n∑
i=1

digi (ρa)

i−1∏
j=1

(1− gj (ρa)) . (16)

This module refines transformations by rendering and com-
paring them to minimize the discrepancy between the ren-
dered object and the actual observations in the query image.
The loss function can be defined as:

LP
gs = LP

rgb + LP
depth, (17)
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LP
rgb =

∥∥∥Rgs′

rgb

(
GQ,T0

gs

)
− IP

∥∥∥
1
, (18)

LP
depth =

∥∥∥Rgs
depth

(
GQ,T0

gs

)
−DP

∥∥∥
1
, (19)

where GQ denote Gaussians associated with the point cloud
Q, IP and DP correspond to RGB image and depth image.
LQ
gs can be obtained in the same way. For the point cloud

Q, we set the extrinsic matrix corresponding to its Gaussian
as T0

gs, the rendering viewpoint of the camera as T0 (T0 is
the identity matrix), and the opposite for the point cloud P .
The input initial transformation T0

gs can be refined into the
final result TR

gs output after GRPA module.

3.4. Loss function
As in previous works [13, 45, 52], the loss function con-

sists of photometric, depth, and correspondence consistency
losses without the need for ground truth. It can be defined
as follows:

L = λgsLgs + λcorrLcorr, (20)

where Lgs represents the photometric and depth consisten-
cies loss as defined in Eq. (17), Eq. (18) and Eq. (19),
λgs and λcorr control the magnitude of these losses en-
suring they are within an appropriate order of magnitude.
Lcorr represents the correspondence consistency loss of Cf ,
which can be donated as:

Lcorr =
∑

(p,q,w)f∈Cf

wf

(
TR
gs ⊙ pf − qf

)2
/2kf , (21)

where ⊙ represents the rigid transformation.

4. Experiments
4.1. Experimental Settings
Dataset. Following [52], OG-UPCR has been evalu-
ated on several indoor real-world scene datasets, including
3DMatch [53], ScanNet [9] and ScanNet1500 [35]. Among
them, 3DMatch and ScanNet generate view pairs by sam-
pling an interval of 20 frames, resulting in 3DMatch con-
taining 122k/1.5k/1.5k view pairs and ScanNet containing
1594k/12.6k/26k view pairs for training/validation/test, re-
spectively. ScanNet1500 contains 1500 view pairs with
an average interval of 480.8 frames between views, which
makes it more challenging for the registration task.
Metrics. Following the convention [12, 13, 45, 52], we
evaluate OG-UPCR by three evaluation metrics: rotation
error, translation error, and chamfering error. In analysis,
we report the mean and median values of these metrics and
assess their accuracy across various thresholds.
Competitors. We compare OG-UPCR with other meth-
ods, which can be primarily divided into three categories:
(1) Conventional methods, including SIFT [25], Super-
Point [11] and FCGF [7]. (2) Supervised methods, in-
cluding 3DMVReg [16], REGTR [49], BUFFER [1], and

PARENet [47]. (3) Unsupervised methods, including
UR&R [13], BYOC [12], LLT [45], PointMBF [52], and
CCAP [52]. For the supervised methods, we verify their
generalization on ScanNet using the officially provided
weights trained on 3DMatch.

4.2. Evaluation on ScanNet
We first evaluate our OG-UPCR on the widely used

ScanNet, with training weights from 3DMatch and Scan-
Net, respectively. The former validates the generalization
performance comparison with other methods, and the latter
evaluates the conventional cases.
Trained on 3DMatch. As shown in Table 1, the generaliza-
tion experimental results trained on 3DMatch demonstrate
that our method achieves the state-of-the-art registration re-
sults compared with all other methods, both unsupervised
and supervised. This indicates that our method has excel-
lent adaptability to unseen scenes, balancing both registra-
tion accuracy and generalization.
Trained on ScanNet. When there is no domain gap
between the training set and the test set, our method
also achieves the best registration results, as shown in
Table 1. Even when the baseline is almost saturated,
our method still shows significant accuracy improve-
ments across each evaluation metric, with average re-
ductions in rotation/translation/chamfer distance errors of
40.0%/34.5%/41.3%, respectively. This demonstrates that
our proposed method also delivers excellent registration
performance in conventional cases.

4.3. Evaluation on ScanNet1500
Following previous work [52], we conduct experiments

on the challenging ScanNet1500 dataset to further demon-
strate the effectiveness of our method. As shown in Table 2,
our method outperforms all other unsupervised and super-
vised methods on the most stringent accuracy metric, and
performs only slightly worse than the supervised method
with the best generalization performance on the most per-
missive accuracy metric. The ScanNet1500 includes view
pairs with low overlap and significant viewpoint variations,
which pose substantial challenges for existing unsupervised
methods. These conditions hinder the performance of previ-
ous methods, as geometric and photometric consistency be-
tween view pairs is greatly affected. In contrast, our method
maintains strong performance by identifying reliable corre-
spondences through overlapping constraint and further op-
timizing the model using the Gaussian Splatting technique.

4.4. Ablation Studies
Analysis of Each Component. We conduct a comprehen-
sive ablation study for each component. The OCID module
comprises two key components: Random Overlapping re-
gion prediction (RO) and Global-to-Local inliers detection
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Table 1. Pairwise Registration accuracies and errors on ScanNet. Pose Sup means training with ground truth. The best result is shown in
bold and the second best is underlined.

Rotation(°) Translation(cm) Chamfer(mm)
Accuracy Error Accuracy Error Accuracy ErrorMethod Train set Pose Sup

5 10 45 Mean Med 5 10 25 Mean Med 1 5 10 Mean Med
Time(s)

SIFT - 55.2 75.7 89.2 18.6 44.3 17.7 44.5 79.8 26.5 11.2 38.1 70.6 78.3 42.6 1.7 -
SuperPoint - 65.5 86.9 96.6 8.9 3.6 21.2 51.7 88.0 16.1 9.7 45.7 81.1 88.2 19.2 1.2 -
FCGF - ✓ 70.2 87.7 96.2 9.5 3.3 27.5 58.3 82.9 23.6 8.3 52.0 78.0 83.7 24.4 0.9 0.129
3DMVReg 3DMatch ✓ 87.7 93.2 97.0 6.0 1.2 69.0 83.1 91.8 11.7 2.9 78.9 89.2 91.8 10.2 0.2 -
REGTR 3DMatch ✓ 86.0 93.9 98.6 4.4 1.6 61.4 80.3 91.4 14.4 3.8 80.9 90.9 93.6 13.5 0.2 -
BUFFER 3DMatch ✓ 95.9 98.4 99.2 2.4 0.9 79.6 92.3 96.9 5.7 2.4 93.6 97.3 98.6 4.2 0.2 0.177
PARENet 3DMatch ✓ 97.5 98.3 99.5 1.9 0.7 85.9 95.7 97.0 3.9 1.8 94.2 97.9 98.6 4.2 0.2 0.165
UR&R 3DMatch ✓ 92.3 95.3 98.2 3.8 0.8 77.6 89.4 95.5 7.8 2.3 86.1 94.0 95.6 6.7 0.1 0.070
UR&R 3DMatch 87.6 93.1 98.3 4.3 1.0 69.2 84.0 93.8 9.5 2.8 79.7 91.3 94.0 7.2 0.2 0.071
BYOC 3DMatch 66.5 85.2 97.8 7.4 3.3 30.7 57.6 88.9 16.0 8.2 54.1 82.8 89.5 9.5 0.9 -
LLT 3DMatch 93.4 96.5 98.8 2.5 0.8 76.9 90.2 96.7 5.5 2.2 86.4 95.1 96.8 4.6 0.1 0.125
PointMBF 3DMatch 94.6 97.0 98.7 3.0 0.8 81.0 92.0 97.1 6.2 2.1 91.3 96.6 97.4 4.9 0.1 0.079
CCAP 3DMatch 95.6 98.1 - 2.4 0.7 81.5 92.3 - 3.7 1.9 - - - - - -
Ours 3DMatch 97.9 98.9 99.5 1.8 0.7 87.7 96.2 98.6 3.8 1.8 95.5 98.4 98.8 3.3 0.1 0.136
UR&R ScanNet 92.7 95.8 98.5 3.4 0.8 77.2 89.6 96.1 7.3 2.3 86.0 94.6 96.1 5.9 0.1 0.071
BYOC ScanNet 86.5 95.2 99.1 3.8 1.7 56.4 80.6 96.3 8.7 4.3 78.1 93.9 96.4 5.6 0.3 -
LLT ScanNet 95.5 97.6 99.1 2.5 0.8 80.4 92.2 97.6 5.5 2.2 88.9 96.4 97.6 4.6 0.1 0.125
PointMBF ScanNet 96.0 97.6 98.9 2.5 0.7 83.9 93.8 97.7 5.6 1.9 92.8 97.3 97.9 4.7 0.1 0.079
CCAP ScanNet 97.1 98.2 - 1.9 0.6 85.9 93.6 - 3.9 1.8 - - - - - -
Ours ScanNet 98.3 99.2 99.7 1.5 0.7 88.8 96.7 99.0 3.3 1.7 96.1 98.8 99.1 2.8 0.1 0.136

Table 2. Pairwise Registration accuracies and errors on ScanNet1500. The performance of our method is comparable to the supervised
BUFFER method and significantly surpasses other unsupervised methods.

Method Train set Pose Sup
Rotation(°) Translation(cm) Chamfer(mm)

Accuracy Error Accuracy Error Accuracy Error
5 10 45 Med 5 10 25 Med 1 5 10 Med

LLT 3DMatch 36.1 49.9 79.9 10.0 17.2 29.9 46.6 29.6 23.5 40.4 48.3 12.1
PointMBF 3DMatch 51.1 60.8 82.9 4.7 31.5 44.2 59.3 13.8 44.8 57.5 63.3 1.7
BUFFER 3DMatch ✓ 74.9 82.5 90.9 1.8 47.4 66.5 81.0 5.0 66.5 79.5 84.2 0.3
PARENet 3DMatch ✓ 65.6 71.9 88.6 3.1 50.1 71.7 83.3 4.7 61.7 77.9 82.7 0.3
Ours 3DMatch 76.9 83.4 89.3 1.6 49.5 68.4 80.9 5.1 67.9 80.2 83.4 0.3
LLT ScanNet 43.7 54.6 80.3 7.5 24.0 36.1 52.9 20.6 31.7 47.8 53.4 6.6
PointMBF ScanNet 55.9 65.9 84.9 3.4 37.1 49.9 63.1 10.0 48.5 62.1 67.2 1.2
Ours ScanNet 81.3 85.9 91.2 1.5 53.5 72.1 83.3 4.3 72.4 83.3 85.9 0.3

(GL). For the GRPA module, we use a conventional differ-
entiable renderer [32] instead. As shown in Table 3, the
results reveal the following: 1) The baseline performs worst
on both datasets when none of the proposed components
are used. 2) Adding the GRPA module improves registra-
tion performance on both datasets, indicating that the GRPA
refines transformation. 3) The complete OCID module sig-
nificantly improves registration, with a notable increase in
performance on ScanNet1500: 22.2% in rotation accuracy
(< 5◦), 14.6% in translation accuracy (< 5 cm), and 20.4%
in chamfering accuracy (< 1 mm). This shows the OCID
module’s effectiveness in low-overlap scenes. 4) Addi-
tionally, using RO and GL separately results in improved
registration performance for the entire framework. While
the performance improvements on ScanNet are similar for
both methods, RO achieves greater performance gains on
ScanNet1500, demonstrating that the inclusion of overlapp-
ping constraint is particularly effective in scenarios with low
overlap. 5) Finally, the complete framework with all com-

ponents shows the best performance on both ScanNet and
ScanNet1500, highlighting its strong adaptability.

Table 3. Ablation studies on OG-UPCR. The model is trained on
ScanNet. The best result is shown in bold.

OCID
GRPA Test set

Rotation(°) Translation(cm) Chamfer(mm)

RO GL
Accuracy Error Accuracy Error Accuracy Error

< 5 Med < 5 Med < 1 Med
✕ ✕ ✕

ScanNet

96.0 0.8 83.9 1.9 92.8 0.1
✕ ✕ ✓ 97.4 0.8 84.9 1.9 94.6 0.1
✓ ✓ ✕ 97.7 0.7 85.7 1.8 95.1 0.1
✕ ✓ ✕ 97.5 0.8 85.5 1.9 95.0 0.1
✓ ✕ ✕ 97.2 0.8 84.7 1.9 93.9 0.1
✓ ✓ ✓ 98.3 0.7 88.8 1.7 96.1 0.1
✕ ✕ ✕

ScanNet1500

56.3 3.4 36.5 10.0 48.5 1.2
✕ ✕ ✓ 65.1 2.1 42.3 6.8 57.1 0.5
✓ ✓ ✕ 78.5 1.6 51.1 4.9 68.9 0.3
✕ ✓ ✕ 73.9 1.9 46.1 5.7 65.5 0.4
✓ ✕ ✕ 74.7 1.6 46.7 4.8 66.4 0.3
✓ ✓ ✓ 81.3 1.5 53.5 4.3 72.4 0.3

Validation of the OCID for Inliers Detection. To evaluate
the effect of the OCID module on the detection of inliers,
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Inlier ratio: 65.1%

Ours PointMBF

RRE: 30.54

RTE:  113.62

Ours

RRE: 1.741

RTE:  4.208

Figure 3. The visualization of point cloud registration results for PointMBF and the proposed OG-UPCR is presented. The results in
the first row depict registration case with low overlap, while the results in the second row illustrate registration case with inconsistent
photometric information caused by significant viewpoint variation.

Overlap Ratio: 30.7%

Inlier Ratio: 51.5%

Inlier Ratio: 78.5%Inlier Ratio: 48.5%

Overlap Ratio: 33.1%

w/o OCID Ours

Inlier Ratio: 86.5%

Figure 4. Validation of the OCID for Inliers Detection. It is ev-
ident that after incorporating the OCID, the correspondences are
constrained to the overlapping regions (highlighted in pink), which
simplifies geometric fitting and improves registration accuracy.

we visually compared the results before and after incorpo-
rating it. As shown in Fig. 4, after integrating the OCID
module, the proportion of inliers is significantly increased
in scenarios with low overlap, which facilitates subsequent
geometric fitting and enhances the overall performance of
the registration model.
Validation of the GRPA for Photometric Adaptation. To
explore the impact of the GRPA, we replaced it with a tra-
ditional differentiable renderer and compared the rendered
results. As shown in Fig. 5, the results demonstrate that
incorporating the GRPA significantly reduces artifacts and
enhances inter-frame consistency. This improvement is es-
sential for ensuring consistent feature descriptors, as further
discussed in Supplementary Material 4.4.
Qualitative Results. The qualitative results, compared with
PointMBF, are shown in Fig. 3. OG-UPCR achieves su-
perior registration results and identifies more accurate cor-

Ours GTw/o GRPA

RGB_P

RGB_Q

DEPTH_P

DEPTH_Q

Figure 5. Validation of the GRPA for Photometric Adaptation.
Comparison of the rendered results reveals that after applying the
GRPA module, the artifacts are significantly reduced, leading to
improved consistency between the input and rendered frames.

respondences, demonstrating enhanced adaptability to low
overlap (first row). Additionally, our method performs bet-
ter under inconsistent photometric conditions in the scene
(second row), indicating greater robustness.

5. Conclusion
We introduce OG-UPCR, a framework for unsupervised

point cloud registration. The method consists of two
primary modules: OCID and GRVA. The OCID module
enables the model to adapt to low-overlap scenes while
maintaining a balance between accuracy and efficiency.
The GRVA module refines the initial geometric transfor-
mation, enhancing the model’s robustness to inconsistent
photometric information. Extensive experiments on public
datasets demonstrate the effectiveness of the proposed
method.
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