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Abstract

Photorealistic scene reconstruction is paramount for
many AR/XR applications and it has been made possible
by 3D Gaussian Splatting (3DGS). However, the incremen-
tal reconstruction of 3DGS remains a challenging problem.
We propose a method to align two sets of 3D Gaussians
that are captured and optimized separately. We consider
3DGS registration as the problem of view localization and
leverage the fast rasterization and multi-view observation
for robust and accurate registration of 3D Gaussian splat-
ting. We demonstrate the effectiveness of our method on
pairwise registration benchmark, as well as the downstream
application of loop closure in Gaussian Splatting SLAM.

1. Introduction

Neural fields [26, 30, 37, 44] have become one of the
trendiest 3D representations in 3D vision due to their sim-
ple design and state-of-the-art performance. Neural fields
have introduced many important applications, e.g., 3D/4D
scene reconstruction [28, 30, 53, 57], novel view synthe-
sis [3, 15,26] and generative modelling [21,22,27]. Neural
fields usually encode the scene information (i.e., color, ge-
ometry and etc.) into a neural network, i.e., Multi-layer Per-
ceptron (MLP) or Triplanes, and reconstruct the 3D scene
using volume rendering. However, the heavy compute and
slow speed of such methods are not optimal for real-time
rendering and other down-stream applications.

Kerbl et al. [ 18] introduced rasterization-based [48] 3D
Gaussian Splatting (3DGS), which explicitly represents the
scene as a mixture of 3D Gaussians, showing superior ren-
dering speed and comparable performance in novel view
synthesis (NVS) w.r.t. neural fields. 3DGS takes as input
sparse point clouds and calibrated cameras from Structure-
from-Motion (SfM) and optimizes the 3D Gaussians (color,
position and opacity) during training. Once trained, it is
hard to add new observations to the scene, unless re-do
everything i.e., from SfM to optimization. This drawback
hinders the process of merging two sets of 3DGS that are
captured at different times and optimized separately, un-

der different coordinate systems. We consider merging two
sets of unaligned 3DGS an essential problem as it can fa-
cilitate many down stream applications, e.g. large-scale in-
cremental reconstruction [6,35] and SLAM [17,25]. Chen
et al. [5] propose to register two Neural Radiance Fields
(NeRFs) by extracting their explicit surfaces and learning
to align them, similar to the methods in point cloud regis-
tration [14,31]. VF-NeRF [36] introduces normalizing flow
to NeRF training to determine how well a 3D point is ob-
served by training views, improving the performance NeRF
registration. However, DReg-NeRF and VF-NeRF are spe-
cially designed for NeRF and thus not applicable to 3DGS
representation. Compared to NeRF, 3DGS representation
explicitly stores the color and geometry in 3D Gaussians,
somewhat equivalent to point cloud representation with ad-
ditional attributes. In this paper, we try to answer the re-
search question of:

“How to efficiently register two sets of 3D Gaussians?”
To answer this question, we consider 3DGS registration as
a mulit-camera relocalization problem by mutually localiz-
ing the training views of one 3DGS in the other 3DGS. Our
insight is that rendering loss is a good indicator of pose ac-
curacy and we use it to quantify the confidence of camera
localization for registration. We showcase its performance
on pairwise 3DGS registration, as well as mutli-view reg-
istration and its application for loop closure in Gaussian-
Splatting SLAM [24] .

2. Related work

Neural scene representation. Neural scene representa-
tion has emerged as a pivotal area of research in computer
vision and graphics, aiming to capture and reconstruct com-
plex 3D environments using neural networks. One founda-
tional approach in this domain is Neural Radiance Fields
(NeRF), which utilizes volumetric rendering to generate
high-fidelity 3D scenes from a sparse set of 2D images [20].
NeRF and its extensions have demonstrated remarkable ca-
pabilities in synthesizing novel views of scenes with intri-
cate details and realistic lighting [2, 23]. Subsequent ad-
vancements include optimization techniques for faster train-
ing and inference [ | 1], as well as incorporating multi-modal



supervision such as depth maps and point clouds to improve
reconstruction accuracy [10]. Another promising technique
is 3D Gaussian splatting, which represents scenes as a col-
lection of 3D Gaussians, allowing for efficient and flexible
rendering of complex geometries and textures [ 8].

Point cloud registration. Point cloud registration is a
fundamental task in 3D vision and robotics, aiming to
find a rigid transformation between two partially over-
lapping point clouds in different reference frames. Sev-
eral hand-crafted 3D feature descriptors have been devel-
oped for local feature matching, such as FPFH [33] and
SHOT [40]. With advancements in deep learning, methods
like 3DMatch [51], PerfectMatch [12], and RPMNet [46]
focus on learning-based descriptors. Predator [14] incorpo-
rates attention mechanisms [41] to enhance 3D correspon-
dences, especially in low-overlapping regions. Transformer
architectures are further refined for superpoint matching
in works like [32, 47]. Additionally, methods such as
[16,34,50] leverage prior information like surface curva-
ture, 2D image overlap, and scene structure. Beyond cor-
respondence matching methods, another approach involves
learning equivariant representations to solve the relative
pose. Wang et al. [42] develop rotation-equivariant descrip-
tors using group equivariant learning [7]. Yu et al. [49] pro-
pose a rotation-invariant transformer method to handle pose
variations in point cloud matching. Zhu ez al. [56] directly
address pairwise rotation using equivariant embeddings.

NeRF registration. Given NeRF is a different scene rep-
resentation than point clouds and its popularity, the registra-
tion of it has become a new research direction. iNeRF [45]
proposes a method to perform image-to-NeRF registration
by back-propagating the photometric loss through the fixed
NeRF weights to optimize camera pose. NeRF2NeRF [13]
is a method that aligns two NeRFs using surface fields but
it requires user input for initialization. DReg-NeRF [5] pro-
posed an attentaion-based neural network to find the corre-
spondences in two NeRFs’ surfaces and tackle NeRF regis-
tration as point cloud registration. FV-NeRF [36] introduces
the Normalizing Flow [29] to NeRF registration to implic-
itly quantify how well each point is observed by the training
views and then uses the best-viewed points to improve the
registration performance.

3. Methodology

We first introduce preliminary of 3D Gaussian Splatting
and definition of 3DGS registration. Then we elaborate our
complete pipeline in threefold : i) finding the overlapping
region. ii) registration by camera pose estimation on 3D
Gaussian splatting. iii) fusing multiple viewpoints for ro-
bust estimation. (c.f. Fig. 1)

Preliminary. Consider two sets of 3D Gaussians P and
Q, and their training views Vp and Vq. (P,Vp) and
(Q, Vq) are captured and optimized separately.

P ={p; = (x,s,r,a,¢);[i=0..M}, (€))

where x € R3 is the position vector, s € Ri denotes the
scaling vector, r € R* denotes the rotation, represented in
unit quaternion, o € [0, 1] denotes the opacity and c the
spherical harmonics (SH) coefficients. Q is defined simi-
larly as Q = {qi = (x,S,R,a,c);]i = 0..M'}. We also
define the viewpoints used for training each 3DGS as:

VP = {(vP = (I, T,)ili = 0..N} )

where I € R *# 3 i5 the image captured at this viewpoint
with W, H being its dimensions. Ty, € SE(3) denotes the
rigid transformation from the world reference frame to the
camera reference frame. Viewpoints for Q are defined as
VQ = {v% = (I, T);[i = 0..N'}.

Problem definition. Given P and Q in different reference
frames, our goal is to recover a rigid transformation Tg =
[R[t3] € SE(3) that aligns P to Q and optimize a new
3DGS representation Q' by fusing P and Q. We assume P
and Q have spatial overlap and the scene is rigid.

3.1. Finding the overlap

As pointed out by Huang et al. [14], finding the overlap
between source P and target Q is essential in point cloud
registration. Given that 3D Gaussians can be understood as
an point cloud with additional attributes, we believe this in-
sight still holds in 3D Gaussian splatting registration. 3DGS
is that it not only encodes the scene geometry but also en-
codes the appearances. Instead of finding the similarity in
3D structure, we find the viewpoints in both 3DGS that
share the same visual content, which is closer to image re-
trieval. Here, we use NetVLAD [!] to training views Vp
and Vq and retrieve two image pairs as the cadidate view
for later camera localization.

3.2. Camera localization as registration

We consider 3D Gaussian registration as a camera re-
localization problem and leverage the multi-camera obser-
vation to quantify the uncertainty in camera localization to
find the best transformation between P and Q. We first
demonstrate that estimating relative transformation Tg be-
tween P and Q is equivalent to localizing the viewpoints
Vp in Q. Consider a viewpoint v and its corresponding
image IF. After training, we can render image ilP at vP
on P. We first transform all the Gaussians to the camera
frame of the viewpoint and render iIP using differentiable
rasterization [18]:
if =o(T,P). 3)
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Figure 1. Method overview. We represent source 3DGS in blue and target 3DGS in yellow. For simplification, we do not visualize the
points with their raw appearance. The arrows demonstrate the flow of the method. We first find the viewpoints in P and Q with the most
covisibility. Then we use the render the source viewpoints in target 3DGS and back-propagate the loss using differentiable rasterizer of
[24] to optimize the pose of the viewpoints. After getting the relative transformation of selected viewpoints, we fuse them as the final

estimate, leveraging multiview information.

Here ® denotes the rendering function. We only multiply
T, with the centers of P. Then we insert an identity matrix

(T™'T) into Eq. (3) and get

1

I = o ((T5 TR ) (TEP)) @

As shown above, to get the same rendering iIP in the ref-

. . . -1
erence frame of Q, the new viewpoint pose is (TY Tg ).
Therefore, the problem is now turned into finding the view-
point in Q that generates the same rendering as in P.

Camera pose optimization. Our goal is to find the best
renders in Q for all viewpoints in P. Here, we keep
the parameters of Q fixed and optimize the camera poses
{TP" € SE(3)|i = 0..M} to find the most similar render
by minimizing the rendering loss [25]:

M
o min who T Beo s 5)
T3 eSE(3),Q, =g
vie[o,M]

where El’;h ., is the photometric loss:
Epo = [|2(T5Q) - 1|, , (6)

and EF

geo

is the geometric loss:
Egeo = [[@4(T7Q) - T, , @)

< renders depth image at given viewpoint and I¢ is the
rendered depth at its training view after optimization. We
use the differentiable rasterizer implemented in [25], which
provides analytical Jacobian of SE(3) w.r.t. 3D Gaussians.

Optimization setting. We optimize each viewpoint for
100 steps and select the pose TS+ with the smallest render-
ing loss £ as its camera pose in the target frame. We use
Adam optimizer [19] and set the learning rate to be 0.003.
After the per-viewpoint optimization, we get the poses of
each viewpoint in both P and Q. Then we can get the rela-

G 3 . 2 ~ 0 1 .
tive transformation for registration T3 = TS T\,
3.3. Fusing multi-camera

We get multiple estimates {(T'2", £;)|i = 0..M} and
the corresponding rendering loss for Gaussian Splatting reg-
istration. Now we proceed to fuse them and output the fi-
nal estimate. Our key insight is that the rendering loss of
a viewpoint is an approximate of the uncertainty in its pose
estimation. We map the rendering loss of all viewpoints into
a probabilistic distribution of camera pose:

o(L;) = Kl/ﬁi - fori=0,1,...,M.  @®

> j=1 1/L;
Then we compute the mode of the distribution as the final
transformation:

M
T2 =Y o(L) T )
=0

To keep Tg on the SE(3) manifold in Eq. (9), we av-
erage the estimated transformations in Tg = [R €
SO(3)|t € R3] separately. For R, we apply rotation aver-
aging [4]. Here, we complete the methodology for pairwise
3D Gaussian splatting registration. Next, we showcase one
downstream application of 3DGS registration in Gaussian-
Splatting-based SLAM. This is an application of our GS
registration method for multi-view 3DGS registration.



3.4. Loop closure in SLAM

In the SLAM system, the errors of motion estimation
accumulate, causing the pose estimate to drift over time.
When the sensor moves back to a previously visited loca-
tion, it can use this information to correct its position es-
timate and adjust the map accordingly. Loop closure in-
cludes closure detection, pose graph construction and opti-
mization. We use MonoGS [24] as the Gaussian Splatting
SLAM system and follow Loopy-SLAM [20]’s method for
loop edge detection and pose graph optimization. The only
change we apply to MonoGS is to make it create submaps
every 15 keyframes. Then we apply our 3DGS registration
on the 3DGS submaps as the loop edges of the pose graph.

4. Experimental results

We evaluate our method on Objaverse and Replica, at
object-level and scene-level, respectively.

4.1. Datasets

We evaluate our task on two datasets: Objaverse [9]
and Scannet [8]. We also evaluate our method at scene-
level, on Scannet [8]. We use the RGB-D camera trajec-
tories in Scannet and run the Gaussian Splatting SLAM
(MonoGS) [25] to generate submaps with 3D Gaussians and
apply our registration to the submaps.

Objaverse. Follow [5], we use 1700+ objects from Obja-
verse [9], which is a large-scale 3D object dataset originally
designed for text-to-3D tasks. There are 30+ categories and
each categories has 40-80 objects. For each object, it con-
tains 120 rendered images following the camera trajectory
generated in [5]. The 120 images are then clustered in two
parts using KMeans. With the images and camera poses, we
use the 3DGS implementation [ 8] to get the two represen-
tations for each object.

Replica. Replica [38] is a dataset of high quality recon-
struction of various indoor spaces. It includes detailed ge-
ometry, high-resolution textures, glass and mirror surface
information, and both semantic and instance segmentation.
The dataset is designed for machine learning and Al train-
ing purposes, compatible with the Al Habitat framework.
Here we follow NICE-SLAM [57] and evaluate on 7 scenes
in Replica.

4.2. Baseline methods

We compare our method with the following baselines:
Fast global registration [54] (FGR) and DReg-NeRF [5].
FGR is a descriptor-based method that iteratively refine the
matches on surface and remove false matches. DReg-NeRF
is a learning based registration method for NeRF. To com-
pare with DReg-NeRF, we use the same viewpoints and
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Figure 2. Rendering loss v.s. iteration for camera localization.

train a NeRF from them and apply same transformation to
the NeRFs for fair comparison.

4.3. Evaluation metrics

Rotation error (RE). It measures the geodesic distance
between two rotations:

trace (RTE) -1
RE = arccos — 5 ) (10)

where R denotes the predicted rotation matrix and R the
ground truth. trace() denotes the trace of a matrix.

Registration recall (RR). It is the fraction of rotation er-
rors smaller than a threshold. We use as thresholds RE <
5° in our experiments. Follow [39,57], we use ATE RMSE
to evaluate.

Rendering. The rendering quality after registration are
evaluated by peak signal-to-noise ratio (PSNR), SSIM [43]
and LPIPS [52].

4.4. Object-level registration

We first show that there is a strong correlation between
the rendering loss and rotation error in pose estimation. As
shown in Fig. 3, as optimization goes on with more itera-
tions and rendering loss decreases, the angular error in rel-
ative pose estimation decreases.

We use registration recall, MeanRE and MeanTE to eval-
uate the registration results on Objaverse. Fig. 4 is a qual-
itative result of the object-level registration. It showcases
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Figure 3. Qualitative results on scene-level 3D Gaussian Splatting Registration.

Figure 4. Qualitative result on Objaverse. Left (input view), mid-
dle (estimated view) and right (target view).

that the proposed method can align two sets of 3DGS in
the same reference frame, generating very similar renders
from the same viewpoint. Our method outperforms the two
baseline methods on Objaverse dataset on registration recall
(RR) and MeanTE. Our method is also faster than the two
baseline methods: GS-Registration takes around 1 second
to register a pair while FGR and DRegNeRF take more than
2 seconds. In this experiment, we use the ground truth cam-
era pose to train the 3D Gaussian Splatting for each object.

Method RR [RE<5°]T  MeanRE[°]|  MeanTE |
FGR [55] 18.18 2.45 5.35
DRegNeRF [5] 20.45 2,67 1.87
Ours 25.06 3.06 0.87

Table 1. Registration performance on Objaverse test set.

4.5. Scene-level registration

We also validate our method on scene-level dataset
Replica. To simulate the real-world conditions, we do not
use ground truth camera poses anymore, instead we esti-
mate the camera pose using a Gaussian Splatting SLAM
system [24]. We create a set of 3DGS from GS-SLAM
every 15 keyframes created by the tracking system as a
submap. We generate the ground truth transformation us-
ing GT camera poses. Gaussian Splatting SLAM only in-
cludes odometry and mapping, the loop closure detection
and correction are missing. For loop closure detection, we
use NetVLAD [!] and follow the standard method in [20].
To construct the pose graph, there are two types of edges:
odometry edges and loop edges. For odometry edges, we
use the estimates from Gaussian Splatting SLAM front-end



Rm 0 Rm 1 Rm 2 Off 0 Off 1 Off 2 Off 3 Off 4 Mean
MonoGS(submap) 0.53 0.41 0.36 0.55 0.63 0.4 0.45 1.9 0.65
MonoGS(submap) + LC (FGR [55]) 1.44 1.01 1.13 2.57 10.6 26.13 1.68 2.29 5.86
MonoGS(submap) + LC (ours-S) 0.4 0.44 0.47 0.31 0.54 0.35 0.45 0.68 0.46
MonoGS(submap) + LC (ours-M) 0.42 0.39 0.48 0.27 0.59 0.24 0.36 0.7 0.43

Table 2. Absolute trajectory error (cm) on Replica dataset. S denotes single viewpoint and M multiple viewpoints.

tracking system. For loop edges, once we detect the clo-
sure submap pair using NetVLAD image descriptors, we
apply our 3DGS registration to detected loop edges. Here,
our 3DGS registration serves as a basic module for loop
closure in SLAM. We evaluate the ATE of MonoGS [24]
submap system before and after loop closure in Tab. 2. We
also directly apply fast global registration (FGR) [54] to
loop edges as a baseline. From Tab. 2, we can see that the
conventional registration algorithm for point cloud repre-
sentation does not work very well because the centers of
3D Gaussians do not necessarily lie on the surface thus in-
troducing error to the pose graph. As an ablation study,
we compare the loop closure results with 3DGS registra-
tion using a single view or multiple viewpoints. Our full
method using multi-view images has the best performance,
demonstrating the effectiveness of design choices. Fig. 5
is the qualitative result of depth rendering after registering
the source and target 3DGS, showing good alignment at the
pixel level.
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Figure 5. Qualitative results on scene-level registration.

5. Conclusion

In this project, we propose a method to register two sets
of unaligned 3D Gaussian Splatting, leveraging the training
viewpoints, fast differentiable rasterization and visibility se-
lection for overlapping regions. We validate our method
on both object-level and scene-level datasets. We finally
showcase a potential application of our 3DGS registration
on SLAM loop closure.
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