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Figure 1. Overview of our pipeline for 3D Gaussian Splatting from multiple unposed sparse views. A pre-trained feed-forward GS model
extracts sub 3D Gaussians from each input, while two initial images yield the main 3D Gaussians. We measure the structural closeness of
Gaussian sets using the entropy-regularized MW distance and align them in Sim(3) space with our joint 3DGS registration module. Our
method outperforms others in reconstruction quality and novel view synthesis.

Abstract

3D Gaussian Splatting (3DGS) has demonstrated its po-
tential in reconstructing scenes from unposed images.
However, optimization-based 3DGS methods struggle with
sparse views due to limited prior knowledge. Meanwhile,
feed-forward Gaussian approaches are constrained by input
formats, making it challenging to incorporate more input
views. To address these challenges, we propose RegGS, a
3D Gaussian registration-based framework for reconstruct-
ing unposed sparse views. RegGS aligns local 3D Gaus-
sians generated by a feed-forward network into a globally
consistent 3D Gaussian representation. Technically, we im-
plement an entropy-regularized Sinkhorn algorithm to ef-
ficiently solve the optimal transport Mixture 2-Wasserstein
(MW5) distance, which serves as an alignment metric for
Gaussian mixture models (GMMs) in Sim(3) space. Fur-
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thermore, we design a joint 3DGS registration module that
integrates the MWy, distance, photometric consistency, and
depth geometry. This enables a coarse-to-fine registra-
tion process while accurately estimating camera poses and
aligning the scene. Experiments on the RE10K and ACID
datasets demonstrate that RegGS effectively registers local
Gaussians with high fidelity, achieving precise pose estima-
tion and high-quality novel-view synthesis. Project page:
https://3dagentworld.github.io/reggs/.

1. Introduction

Recent advances in 3D reconstruction and novel view syn-
thesis—driven by the demand for immersive experiences in
VR, AR, and robotics—have yielded impressive results un-
der dense observations [7, 15, 17, 34, 38]. Reconstructing
3D scenes from sparse, unposed data remains a formidable
challenge, as real-world conditions often provide limited
overlap and unreliable camera poses [10].



Despite the effectiveness of Neural Radiance Fields
(NeRF) [27] in novel view synthesis, traditional NeRF
methods often require known camera poses [3, 25, 28,
35, 42], limiting their broader application. Recent ef-
forts to combine pose estimation with NeRF [4, 8, 23, 36]
face issues of difficult convergence and high computational
costs. Optimization-based 3D Gaussian Splatting (3DGS)
[6, 18, 21, 26, 29] methods have shown potential in real-
time scene reconstruction but struggle with sparse views
due to insufficient geometric priors. These limitations of-
ten lead to topological discontinuities and scale ambiguities,
significantly reducing their practicality.

In contrast, feedforward-based methods [5, 9, 19, 39,
40, 44] leverage implicit 3D priors learned from large-
scale training data, enabling direct prediction of coherent
3D Gaussians from images without iterative optimization.
This learned prior not only enhances cross-dataset gener-
alization but also regularizes the reconstruction in scenar-
ios with under-constrained geometric information [11, 41].
Recent approaches [32, 40] achieve direct inference of 3D
Gaussian representations from unposed images, eliminating
the need for iterative optimization.

However, feed-forward methods can only handle a lim-
ited number of input images, restricting their applicability
to broader scenarios. This raises an intriguing question:
Can we register locally generated Gaussian models from
a feed-forward network into a globally consistent 3D Gaus-
sian representation?

To address this issue, we propose a novel 3D Gaus-
sian reconstruction framework: RegGS, which performs
unposed sparse view reconstruction by registering feed-
forward Gaussian incrementally. Specifically, we introduce
the optimal transport-based Mixture 2-Wasserstein (M W 2)
distance between Gaussian mixture models (GMM) to align
generalized Gaussian manifolds. Through a differentiable
multi-modal joint registration pipeline, we solve for scene
alignment in the Sim(3) space.

Technically, we utilize the entropy-regularized Sinkhorn
algorithm to compute the differentiable upper bound M W2
for the W2 distance between GMMs, thereby circumvent-
ing the infinite-dimensional W2 optimization problem. By
integrating engineering techniques such as log-Sinkhorn
and Cholesky decomposition, we efficiently compute the
MW?2 distance between thousands of 3D Gaussians on
GPU, thereby accurately measuring their alignment in the
Sim(3) space.

Furthermore, we incorporate the global distribution of
the MW2 distance, photometric consistency, and depth
geometry into a joint 3D Gaussian registration module,
enabling elastic scale alignment and topology adaptation
within Sim(3). By performing a coarse-to-fine incremen-
tal 3DGS registration followed by global optimization, we
achieve high-precision camera pose estimation and high-
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quality scene reconstruction. Our contribution can be sum-
marized as:

* We construct an optimal transport framework for Gaus-
sian Mixture Models in the Sim(3) space and efficiently
compute the M W, distance using the entropy-regularized
Sinkhorn algorithm, thereby providing a differentiable
alignment metric for 3D Gaussian distributions.

We propose a 3DGS joint registration module that
achieves precise camera pose estimation and scene reg-
istration by jointly utilizing MW2 distance, photometric
consistency, and depth geometry.

Experiments on the RE10K and ACID datasets demon-
strate that RegGS significantly improves pose estimation
accuracy and the quality of novel view synthesis, offering
broad possibilities for practical applications.

2. Related Work

2.1. NeRF-based Pose-Free Reconstruction

Novel view synthesis, particularly in the absence of ac-
curate camera poses, has garnered significant attention in
recent years. Traditional Neural Radiance Fields (NeRF)
methods [3, 25, 27, 42] have achieved remarkable results.
However, these methods usually rely on known camera
poses for training, limiting their applicability in scenarios
where pose information is unavailable or unreliable which
is very common in real-world scenarios.

Several approaches have been proposed to extend NeRF
to handle unposed input images. Among them, [8, 12] in-
tegrate camera pose estimation with NeRF rendering, lever-
aging a recurrent GRU module for pose and depth estima-
tion. Similarly, [33] employs a weighted Procrustes analy-
sis and an optical flow network to establish correspondences
for pose estimation. More recently, CoPoNeRF [20] intro-
duced a unified framework that integrates correspondence
matching, pose estimation, and NeRF rendering, allowing
for end-to-end training and improved performance in chal-
lenging scenarios with extreme viewpoint changes. Addi-
tionally, methods like Nope-NeRF [4] leverage depth infor-
mation to constrain the optimization process.

While NeRF-based methods show promise, their re-
liance on dense ray sampling leads to slow training and in-
ference, struggles with extreme viewpoint changes and min-
imal overlap, and high computational costs.

2.2. Optimization-based Pose-Free 3DGS Recon-
struction

3D Gaussian Splatting (3DGS) [21] offers an alternative by
representing the scene with a set of 3D Gaussians, which
can be rendered efficiently. However, traditional 3DGS also
relies on accurate camera poses and sparse point clouds
from Structure-from-Motion (SfM) pipelines like Colmap.
To address this, Colmap-Free 3DGS [18] proposes a



method to optimize the 3D Gaussian representation directly
from unposed images. By incorporating pose estimation
into the optimization loop, this approach eliminates the
need for precomputed poses, making it more flexible and
applicable to a wider range of scenarios.

Similarly, videoLifter uses pre-trained models [22, 37]
to reconstruct globally consistent 3D models from uncali-
brated monocular videos, reducing error accumulation and
computational costs. Yet, it struggles with sparse view re-
construction challenges. While optimization-based meth-
ods can achieve high-quality reconstructions, they struggle
to efficiently handle sparse viewpoint scenes and face chal-
lenges in learning complex 3D spatial relationships.

2.3. Feedforward-based Pose-Free 3DGS Recon-
struction

Feed-forward approaches aim to alleviate this by predicting
the 3D representation directly from the input images in a
single pass. NoPoSplat [40] exemplifies this by using a neu-
ral network to map unposed images to a 3D Gaussian rep-
resentation in a canonical space, enabling fast and efficient
reconstruction without iterative optimization. Other feed-
forward methods, such as pixelSplat [5] and MVSplat [9],
predict Gaussian primitives from posed images, leveraging
geometric priors like epipolar geometry or cost volumes.

In contrast, NoPoSplat operates without poses by di-
rectly predicting Gaussians in a canonical space, demon-
strating improved performance, especially in scenarios with
limited overlap between input views. However, feed-
forward Gaussian models typically handle only a limited
number of input images, limiting their application in sce-
narios with large coverage and sparse viewpoints.

Consequently, we explored a method based on 3D Gaus-
sian registration to achieve incremental unposed sparse
view reconstruction. This approach not only leverages the
excellent scene priors of feed-forward models but also en-
ables high-quality reconstruction in broader sparse view
scenarios, which is of practical importance.

3. Method

As shown in Fig. 2, our method initializes a main map
from two images using a pretrained feed-forward Gaus-
sian model, and generates sub Gaussians for each sub-
sequent image. By measuring similarity between the
GMMs through an optimal transport M W2 distance by an
entropy-regularized Sinkhorn approach, our differentiable
joint 3DGS registration module estimates the Sim(3) trans-
formation before merging local Gaussians into the main
map. Finally, we perform a global refinement of the 3D
Gaussians with adaptive pruning, yielding high-fidelity re-
constructions even from unposed sparse views.
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3.1. Registration Problem Modeling

The core of our work is 3DGS registration. An intuitive
approach is to use 3DGS center points as registration refer-
ences. However, these center points cannot accurately re-
flect the geometric structure of the scene. Here, we intro-
duce a statistical model, Gaussian Mixture Model (GMM)
[16], which can describe the structural distribution of 3D
Gaussians based on their attributes. Specifically, we first
define the main 3D Gaussians between two frames, with
the main Gaussians G4 and sub Gaussians G? expressed as
GMMs:

M
G =" wiN w2, €

=1

N
G = S wE NGl S5,
k=1
where p represents the mean of the Gaussian distribution,
Y represents the covariance matrix, and weights satisfy
S,wdt =1,3, wP = 1, obtained through opacity nor-
malization.

It is notable that we do not consider color information
(spherical harmonic coefficients), as color information is
unstable due to lighting angle variations. Our goal is to find
the optimal affine transformation 7' € Sim(3) parame-
ters, including rotation R € SO(3), translation ¢ € R3, and
scaling factor s € R, such that the structural difference be-
tween the transformed sub Gaussians 7(G?) and the main
Gaussians G4 is minimized. The objective function is:

(@3]

T* =arg min D
TESIm(3)

(9".76"). 3
where D is a distance metric function used to measure the
difference between two sets of 3D Gaussian distributions.
After the Sim(3) transformation of the sub-map, the param-
eters of each Gaussian component change according to the
following relationships:

sE —?RYPRT.

pi =sRui +t, @

Under the above transformation, we compute the match-
ing relationship between Gaussian components in the main
Gaussians G4 and the transformed sub Gaussians T(QB )
by minimizing the D distance.

3.2. Optimal Transport MW, Distance

Inspired by previous research [I], we adopt the 2-
Wasserstein (W>) distance as the fundamental metric to
measure geometric differences between two sets of 3D
Gaussian distributions. For two Gaussian components
N(p, B4 and N (pZ', £8"), the square of their W2 dis-
tance is defined as:

’ ’ N\ 1/2
W2 = —uf P+ T (E{wz,{? —2(zt%y) ) )
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Figure 2. Pipeline of Unposed Sparse Views Gaussian Splatting with 3DGS Registration (RegGS). First, we use a pre-trained feed-
forward Gaussian model to construct a main Gaussians from two initial images. Then, for each new input, a sub Gaussians is generated
and aligned with the main Gaussians. Specifically, by solving the optimal transport M W2 distance with an entropy-regularized Sinkhorn
approximation, our differentiable 3DGS joint registration module estimates the Sim(3) transformation and merges the sub Gaussians into
the main Gaussians. Finally, we perform refinement of the global Gaussians, yielding a high-fidelity 3D reconstruction.

where the position term ||ui! — 2 "||? reflects the Euclidean
offset between distribution centers, and the covariance term
eliminates rotation effects through matrix square roots, be-
coming zero when ¥ = %5 .

However, directly computing the W5 distance between
GMMs requires solving an infinite-dimensional optimiza-
tion problem, which is computationally infeasible [2]. To
address this, we introduce the “GMM transport” method,
which constrains the optimal transport plan to the Gaus-
sian mixture subspace, transforming the continuous prob-

lem into a discrete linear assignment problem [16]. Its
mathematical form is:
M N
MW3(P,Q) =  inf ik Cliks 6
2(P,Q) weH(TA,wB)Z:EWk k (6)

where Cj, is the transport cost for the Gaussian pair (i, k),
and II(w?,w?) is the set of transport plans satisfying
Symik = wP and Y, mp = wil. In this case, MW,
forms an upper bound of Wo, satisfying MW (g, p11) >
Wa(po, pe1) [16].

We employ the optimal transport Sinkhorn algorithm
[14] to compute the MW, distance. Since the two sets
of Gaussian spheres are not in one-to-one correspondence
and are numerous, to avoid local minima, accelerate con-
vergence, and enable fuzzy matching, we employ an en-
tropy regularization strategy to construct a differentiable
Sinkhorn approximation. The optimization objective is:

2
W275 -

min

reM(wA,w

. Zm;chk—FEkalogm;c , (D
) ik i,k
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where e controls the regularization strength. We solve
this problem through Sinkhorn iterations: initially, we ini-

tialize the kernel matrix K;; = exp(—Cix/€); subse-
quently, we alternately perform scaling updates:
= e W ®)
Kopt-1)’ KTu®"
After T iterations, we obtain the transport plan
7 = diag(u'") Kdiag(v'™), ©)

and finally calculate the entropy-regularized Wasserstein
distance

Wie = miCix. (10)
This method reduces the computational complexity to
O(MN) while ensuring gradient differentiability. The
proof of gradient consistency for the entropy-regularized
Sinkhorn W5 distance, along with the complexity calcula-
tions, can be found in the appendix.

3.3. Differentiable Joint 3DGS Registration

To establish an efficient and stable 3D Gaussian registra-
tion model, we propose a differentiable framework based on
quaternion parameterization and multi-objective joint opti-
mization. In traditional methods, pose parameterization of-
ten faces redundancy or singularity issues, and our proposed
Sinkhorn approximation of MW, distance is not an exact
solution, making single-objective optimization prone to lo-
cal optima. Therefore, we design a strategy that integrates
quaternion pose representation, multi-loss joint optimiza-
tion, and adaptive weight allocation, with mathematical for-
mulation and implementation details as follows.



Pose Parameterization Design: We represent a Sim(3)
transformation by decomposing it into a quaternion rota-
tion q € S3, a translation t € R?, and a logarithmic scale
log s € R, forming the parameter vector 8 = [q; t;log s] €
R8. This formulation guarantees positive scaling via s =
exp(log s) and enforces ||q|| = 1 using projected gradient
updates. When applied to Gaussian components, the update
formulas for mean and covariance are:

pe =s- RlQ)ug +t,

B’ 2 B T (1)
X 57 R(q)Xy R(q)

where the rotation matrix R(q) is analytically generated
from the quaternion q = [w,z,y, 2] "

1—2y% — 222 22y — 2wz  2zz+ 2wy
2cy + 2wz 1 — 222 — 222 2yz — 2wx
2z — 2wy 2yz+ 2wz 1 —2z? — 2?
12)
Our experiments show that quaternion rotation con-
verges significantly faster than Lie algebra rotation while
achieving equivalent accuracy.
Multi-Loss Joint Optimization: To balance global dis-
tribution alignment and precise geometric consistency, we
construct a joint loss function:

R(q)

Liotal = A1 Lmw, + A2Lphoto + A3LDepths (13)

where the global alignment term Lyw,

W2 (G2, T(GP)) is calculated using the differen-
tiable Sinkhorn algorithm from Sec. 3.2, driving the overall
matching of Gaussian distribution centers and covariances;
the local photometric term uses the 3DGS differentiable
rendering pipeline [21] to generate RGB images from
aligned viewpoints, enhancing precise map alignment
through pixel-level L1 loss. The local photometric loss is
described as:

1
Lpnoto = ﬁ Z ‘IA(P) - IT(B)(Z’) N (14)
epP

where T'(G?) represents applying the current Sim(3) trans-
formation with parameters @ to the source distribution
GP; depth is similarly rendered using the 3DGS differen-
tiable rendering pipeline [21], with invalid regions excluded
through an effective depth mask M,,, suppressing scale drift
and topological distortion. The depth geometric constraint
term is described as:

1 v v
‘CDepth = M Z |DA (p) — DT(B)(p)| )

pEM,y

15)

where DY (p) € R* and Dipy(p) € R™ are depth maps
under viewpoint v, and M, is the valid depth mask.

Differentiable Gradient Path: To achieve end-to-end op-
timization, we calculate the gradient of the loss with respect
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to parameters 6. For the M W, term, its gradient propagates
through the transport plan 7}, and the chain rule:

. B/ . B/
aEMW2 _ ijk 80;5 Guk E)C;k/ 8Ek 7 (16)

00 — ous’ 06 oxE" 00
where the Jacobian matrix of quaternion rotation

OR(q)/0q is implicitly solved by automatic differen-
tiation. The gradients of photometric and depth terms are
back-propagated through the rendering pipeline:

OLphoo _ 1~ 4 rmy, 01T opf
OLpepth 1 OD7 (g, aka'
_— = i DU - Dv N

90 |M,U‘ Z Slgn( A T(B)) aﬂkB/ 90 '

pPEM,

(18)
where the rendering gradients I /du and D /duP" are
analytically derived from the 3DGS volume rendering for-
mula [21].

The joint optimization of these three components allows
for fast and robust registration of 3DGS sub-maps. Sub-
sequently, the next frame is inferred as a sub-map by the
pre-trained model, continuously updating the main map to
complete the reconstruction.

3.4. Joint Training

Joint 3DGS Registration. Feed-forward Gaussian models
often produce targets with vastly different scales. To avoid
falling into local optima, we perform scale normalization
before optimization. We begin by calculating the average
value of depth rendered from sub Gaussian map, which is
generated by the feed-forward Gaussian model, denoted as
Dg,p, and scale it to a common scale. Moreover, in joint op-
timization, to enhance the efficiency of iterative optimiza-
tion, initialization is also necessary. We compare the depth
values of the main Gaussians function D, with those of
the sub Gaussians function Dy, to determine the initial rel-
ative scale Sj;-

Computational Efficiency. To achieve efficient compu-
tation of large-scale Gaussian MW, distances, we map
Sinkhorn iteration operations, including matrix scaling, co-
variance matrix Cholesky decomposition, and Wasserstein
distance calculation to GPU through tensorized operations,
achieving efficient computation between Gaussian pairs
through batch parallel processing. To address the risk of
exponential term overflow in entropy regularization, we de-
sign a logarithmic space accumulation strategy that main-
tains numerical stability when computing MW, while uni-
formly regularizing covariance matrices as ¥ <— X +10767
to ensure positive definiteness.
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Figure 3. Qualitative Comparison on the RE10K [43]. NoPoSplat: 2x views; others: 16x views. Our method not only registers the 3D
Gaussians but also enhances novel view synthesis through global refinement.

M | 2x 8x 16x 32%
ethod

PSNR1T SSIM{T LPIPS||PSNR?T SSIMfT LPIPS||PSNRT SSIMfT LPIPS||PSNRT SSIM?T LPIPS|
COLMAP*[30] | 9.687 0266 0533 | 7.171 0.135 0.676 | 18.904 0.614 0.294 [ 22911 0.725 0.219
Splatt3R [32] 13.951 0442 0443 - - - - - - - - -
NoPoSplat [40] | 23.247 0.832 0.111 - - - - - - - - -
CF-3DGS [18] | 19.326 0.638 0.277 |20.329 0.672 0.235 |23.034 0.792 0.188 |25.596 0.865 0.133
NoPeNerf [4] 10225 0.351 0.781 | 10974 0.343 0.767 | 10465 0.321 0.763 | 10.021 0.284 0.742
VideoLifter [13] | 14.526 0.448  0.346 | 16.651 0.564 0273 | 14.765 0.452 0382 | 15.268 0.483 0.344
MASE3R* [22] | 16.036 0.580 0.361 |24.249 0.824 0.189 |27.024 0.869 0.149 | 28.309 0.891 0.094
RegGS (Ours) |24.272 0.853 0.174 | 26.691 0.877 0.185 | 28.663 0.913 0.147 | 28.332 0.912 0.151

Table 1. Novel View Synthesis Results on the RE10K [43]. The terms “2x”, “8x”, “16x”, and “32x” represent the number of views in
the input images. An asterisk (*) indicates reconstruction with 3DGS. A dash (-) indicates that the input is not supported by the method.
Our method outperforms other unposed methods in reconstruction quality with sparse views, and the gap widens as the number of views

decreases.

4. Experiment

4.1. Experiment Setup

Datasets. To evaluate the effectiveness of our method, we
conducted experiments on the RE10K [43] and ACID [24]
datasets. The RE10K dataset includes indoor and outdoor
scene videos, while ACID consists mainly of aerial shots of
natural landscapes captured by drones. Both provide cam-
era poses and intrinsic parameters. Following the setup in
[40], we use the test sets of each dataset for evaluation.

For the unposed sparse views reconstruction task, the
number of views we reconstructed are 2, 8, 16, and 32. To
simulate sparse input, both training and testing views are
equidistantly sampled from the videos. For 2-view scenar-

ios, we sample every 40 frames for videos with significant
motion and every 60 frames for scenes with less motion.
For scenarios with 8, 16, and 32 views, training views are
equidistantly sampled throughout the entire video. The test
set includes all frames not used for training.

Evaluation Metrics. To evaluate novel view synthesis
(NVS), we use PSNR, SSIM, and LPIPS as metrics. For
pose estimation evaluation, we use ATE RMSE as a met-
ric. For 3DGS registration evaluation, we use the MWy, dis-
tance. As illustrated in Fig. 5, the proposed MW5, distance
precisely quantifies the proximity between two GMMs.
Baselines. We compare our method with methods for un-
posed reconstruction in the NVS task, including: Colmap
[30, 31], NoPoSplat [40], NoPe-NeRF [4], VideoLifter
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Figure 4. Qualitative comparison on the ACID [24]. NoPoSplat: 2x views; others: 16x views. Our method is applicable to both indoor
scenes and drone-captured videos, demonstrating superior novel view synthesis performance.

M \ 2% 8x 16x 32%
ethod

PSNRT SSIM?T LPIPS| |PSNRT SSIMT LPIPS||PSNRT SSIMT LPIPS||PSNRT SSIM{ LPIPS|
COLMAP*[30] | 8340 0.141 0.643 | 14.162 0207 0.554 | 7.904 0.049 0.719 | 7.300 0.058 0.716
Splatt3R [32] 10468 0.215 0.591 - - - - - - - - -
NoPoSplat [40] | 23.589 0.663 = 0.202 - - - - - - - - -
CF-3DGS [18] |21.654 0.604 0301 |22212 0.629 0289 |23.458 0.651 0.266 |23.419 0.650 0.263
NoPeNerf [4] 13231 0.269 0.748 | 14611 0.273 0.732 | 6.837 0.117 0.788 | 11.961 0.222 0.756
VideoLifter [13] | 17.921 0.327 0.405 | 18.830 0.332 0.394 | 18.264 0.289 0.412 | 19.503 0.393 0.335
MASE3R* [22] | 18.390 0.312  0.447 | 22231 0.525 0318 [24.537 0.673 0.240 | 25216 0.702 0.155
RegGS (Ours) |24.291 0.703 0.237 | 25.764 0.753 0.252 | 27.745 0.834 0.201 | 26.772 0.774 0.243

Table 2. Novel View Synthesis Results on the ACID [24]. The terms “2x”, “8x”, “16x”, and “32x” represent the number of views in
the input images. An asterisk (*) indicates reconstruction with 3DGS. A dash (-) indicates that the input is not supported by the method.
The data shows that our method also outperforms other unposed reconstruction methods in drone-captured scenes. As the scene becomes

sparser, the gap between our method and the others increases.

Method RE10K ACID

8x ATE| 16x ATE| 32x ATE| |8x ATE| 16x ATE] 32x ATE]
VideoLifter| 0.335  0.291 0232 | 0272 0206 0.145
NoPeNerf | 0.844  0.902 0.597 | 0684 0413 0.455
CE3DGS | 0237 0254 0286 | 0278  0.195 0.239
Ours 0.023  0.041 0.078 | 0.020  0.038 __ 0.095

Table 3. Pose estimation results on the RE10K [43] and ACID
[24]. We evaluate the pose estimation accuracy of our method with
different numbers of input views. Our method outperforms other
baseline methods in terms of pose accuracy.

Non-Overlapping

o 1l

Pre-Registration Post-Registration

fip-

MW?2: 39.66

MW2:112.41

MW2:5723.12

Figure 5. MW3, distances effectively quantify alignment levels be-
tween sets of 3D Gaussians under various conditions. Notably, the
rightmost case aligns with the correct position.

[13], CF-3DGS [18], MARSIt3R [22], and Splatt3R [32].
Implementation Details. The hardware used in our exper-
iments is the NVIDIA A6000. Our method is implemented
using PyTorch, with NoPoSplat [40] as the backbone. In
the pose estimation of training frames and the scale estima-
tion of sub Gaussians, we perform joint optimization. After
completing registration and optimization for all frames, we
perform global refinement to further refine the scene.

4.2. Experimental Results and Analysis

Novel View Synthesis: As shown in Tab. 1, Tab. 2, Fig. 3
and Fig. 4, our method significantly outperforms other un-
posed reconstruction methods in terms of PSNR and SSIM.
NoPe-NeRF [4] fails to converge; VideoLifter [13] pro-
duces distorted renderings under sparse views; and CF-
3DGS [18] suffers from artifacts due to inadequate detail
capture. For LPIPS, we generally lead, though we occa-
sionally fall short in some cases, due to noise introduced by
global refinement when improving PSNR.

Pose Estimation: Our method can also be applied to pose
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Figure 6. Trajectory Comparison on the RE10K [43]. Our
method and the baseline are under 16-view input. Our method
achieves higher pose estimation accuracy than other unposed
methods and is applicable to various scenes and camera motions.

Ours

estimation. As shown in Tab. 3 and Fig. 6. We conduct ex-
periments on the RE10K [43] and ACID [24] datasets under
8, 16, and 32-view input conditions. The poses estimated
by the baseline methods were aligned with the ground truth
(GT) poses for comparison. Table 3 presents the perfor-
mance of our method. Compared to other unposed methods,
our method demonstrates a more pronounced performance
gap, especially in sparse view conditions.

4.3. Ablation Studies

Ablation Study on Loss Function: In this section, we
investigate the 3DGS joint optimization loss function de-
scribed in Sec. 3.3. To validate the performance of our de-
signed loss function, we conduct experiments on the RE10K
[43] dataset by testing the results when each individual loss
term is omitted. The input is set to 16 views, and the eval-
uation metrics used for comparison are ATE, PSNR, SSIM,
LPIPS, and MW. To facilitate the comparison of the MW
loss, we normalize its values to a range of O to 100, repre-
senting the baseline for convergence.

As shown in Fig. 5, the MW, distance measures the
closeness of the Gaussian scene structure distribution. Ex-
periments in Tab. 4 demonstrate that the MW, loss supports
coarse alignment and pose estimation but may lead to lo-
cal minima and misalignment when used alone. Photomet-
ric loss is essential for refining registration and improving
NVS, yet it may cause submaps to converge to separate spa-
tial regions. Depth-consistency loss stabilizes pose and ge-
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| ATEL PSNRT SSIMt LPIPS| MW/

w/o Photo 1.184 16.06 0.52 0.44 58.8
w/o Depth 0.160 20.97 0.72 0.29 57.8
w/o MW?2 1.151 1941 0.67 0.31 67.7
RegGS (Ours) ‘ 0.098 23.09 0.79 0.23 56.5

Table 4. Ablations on Loss Functions. The performance of our
method degrades when any loss term is removed, demonstrating
the effectiveness of the loss functions we employ.

| ATEL PSNRT SSIM{ LPIPS| MW2|
wilo JR | 1164 1141 034  0.60  100.0
RegGS (Ours) [ 0.098 23.09 079 023 565

Table 5. Ablations on key Modules. The results show that precise
pose estimation and 3DGS registration depend on the 3DGS joint
registration (JR) module.

ometry but fails to converge in isolation. These results un-
derscore the necessity of jointly optimizing all loss terms
for accurate registration.

Ablation Study on Key Module: The key module in our
approach is the joint 3DGS registration. We perform exper-
iments following the same setup as in the previous exper-
iments. As shown in Tab. 5, when the 3DGS joint regis-
tration module is removed, there is a significant decline in
scene reconstruction and pose estimation accuracy, indicat-
ing the critical role of this module in accurate pose estima-
tion and 3DGS registration.

4.4. Limitations

Our method is influenced by the performance of feed-
forward Gaussians; poor quality generation by these models
can lead to registration and fusion failures. Additionally, the
training time increases significantly with more input views
due to the MW, distance, indicating the need for further
optimization. In cases of large inter-frame motion, the reg-
istration process may also fail to converge.

5. Conclusion

This paper presents RegGS, an incremental 3D Gaussian
reconstruction framework for unposed sparse view settings.
We constructed a GMM alignment metric in Sim(3) space
based on the optimal transport MW5 distance, and effi-
ciently computed the MW5 distance using the entropy-
regularized Sinkhorn algorithm, thereby circumventing the
infinite-dimensional optimization problem. By jointly op-
timizing MWs, photometric, and depth-consistency losses,
RegGS achieves progressive coarse-to-fine registration of
both camera poses and scene structure. Experiments on
REIOK and ACID demonstrate superior pose estimation
and novel view synthesis compared to prior methods, high-
lighting RegGS’s potential for real-world applications.
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