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Core Issues in 3D Reconstruction and Novel View Synthesis:

* NeRF: Strong in novel view synthesis, but relies on known camera poses and is computationally
expensive.

* 3D Gaussian Splatting: Enables efficient rendering and reconstruction, yet optimization-based
methods lack geometric priors under sparse views, leading to topology breaks and scale
ambiguity.

* Feedforward 3DGS model: Leverage large-scale data priors to quickly predict 3D Gaussians,
robust to sparse or pose-free settings. However, current models handle only few inputs and fail
to scale to large, complex scenes.

Key Challenge
Can high-quality 3D Gaussians, rapidly predicted by a feedforward model without camera poses,
be fused into a globally consistent 3D representation?
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RegGS Framework

* Feedforward network extracts local 3D Gaussians from input images.
* These local Gaussians are progressively registered into a globally consistent 3D representation.
* Enables high-quality 3D reconstruction and novel view synthesis.

Key Problem:

How to measure the similarity between two Gaussian sets?
* We introduce the Mixed Second-Order Wasserstein distance (MW2), solved efficiently via Sinkhorn

approximation, to capture their spatial proximity.
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Problem Formulation
1. Gaussian Representation:

M N
GA - Z ’w-‘ixl N(”gl 211) GB - Z ’wl? N(P"E! ZKB)
i=1 k=1

Goal: Find a Sim(3) transformation

T=(R,t,s), ReSO(3),teR’ secR

such that: T* = afgl,cgii%:})D(G‘fmaﬂGB))
2. MW2 Distance
Wasserstein-2 distance between two single Gaussians:

WV (uf, 28, N (12, 20)) = lif — i I? + Tr (B + B — 2(2{50)1/?)

MW?2 between Gaussian mixtures:  MW22(G,,Gp) = min7 € I(w,w?) Y " m,Cy
ik

With entropy regularization and Sinkhorn approximation:

TW 2 _ i
MW2, e* = min7 E T Ci + € E 7,1, 10g T3
ik ik

— This yields a differentiable registration metric for 3DGS submaps.
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3. Joint Optimization

Liotar = M Lmwz + 22Lpnoto T A3Lpepth
Total Loss Function:
* MW?2 loss: Ensures global coarse alignment (upper bound on error).
* Photometric consistency: Enforces fine-grained alignment and improves final accuracy.

* Depth consistency: Uses depth maps to suppress scale drift.

___________________________________________________________________

@ @ Diff. Sinkhorn
Approximation
Q i
Entropy
Regularization

B

Novel View Synthes@

L wA ) w
n =dlag KT(E Kdlag l?i([) )

Buuepuay
Bunapuay

0 g T=(R,t,5)€Sim(3) | l T=(R,t,5) € Sim(3)

:’" aon <
> - = )
. | Input Views Image
Feed-Forward -'\ L | R N
GS Model 4 Rendering y
efinement
Unposed Sparse Views Sub 3D Gaussians Depth Cradsatbiow Final 3D Gaussians

RegGS generates local Gaussians via a feedforward network and progressively registers them in Sim(3)
space using the MW2 distance with photometric and depth consistency constraints, fusing them into a

globally consistent 3D representation.
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Method 2x 8x 16x 32x

PSNRT SSIMT LPIPS] |PSNRT SSIM?T LPIPS| |PSNRT SSIMT LPIPS| |PSNRT SSIM{T LPIPS|
COLMAP#*[30] | 9.687 0.266 0533 | 7.171 0.135 0.676 | 18904 0.614 0294 | 22911 0.725 0.219
Splatt3R [32] 13951 0.442 0443 - - - - - - - - -
NoPoSplat [40] | 23.247 0.832 0.111 - - - - - - - - -
CF-3DGS [18] | 19.326 0.638 0277 |20329 0672 0235 |23.034 0.792 0.188 | 25596 0.865 0.133
NoPeNerf [4] 10.225 0351 0.781 | 10974 0343 0767 | 10465 0321 0.763 | 10.021 0.284 0.742
VideoLifter [13] | 14.526 0.448 0.346 | 16.651 0.564 0.273 | 14765 0452 0382 | 15.268 0483 0.344
MASt3R* [22] | 16.036 0.580 0361 |24.249 0.824 0.189 | 27.024 0.869 0.149 | 28.309 0.891 0.094
RegGS (Ours) | 24272 0.853 0.174 | 26.691 0.877 0.185 | 28.663 0913 0.147 | 28.332 0912 0.151

Novel View Synthesis Results on Re10k. Our method outperforms other unposed methods in
reconstruction quality with sparse views, and the gap widens as the number of views decreases.
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Method 2x 8x 16x 32x

PSNRT SSIMT LPIPS)|PSNRT SSIM{ LPIPS||PSNRT SSIMt LPIPS||PSNRT SSIMt LPIPS|
COLMAP* [30] | 8340 0.141 0643 | 14162 0207 0554 | 7.004 0049 0719 | 7300 0058 0716
Splatt3R [32] | 10.468 0215 0591 | - - ; ; - - ; - -
NoPoSplat [40] | 23.589 0.663 0202 | - - ; ; - - ; ] -
CE-3DGS[18] |21.654 0.604 0301 |22.212 0.629 0289 | 23458 0651 0266 |23.419 0.650 0.263
NoPeNerf[4] | 13.231 0269 0748 | 14.611 0273 0732 | 6.837 0117 0788 |11.961 0222 0.756
VideoLifter [13] | 17.921 0.327  0.405 | 18.830 0332 0.394 | 18264 0289 0412 | 19.503 0393 0.335
MASBGR* [22] | 18.390 0312 0447 | 22231 0525 0318 | 24537 0673 0240 | 25216 0.702 0.155
RegGS (Ours) | 24.291 0.703 0.237 | 25.764 0.753 0.252 | 27.745 0.834 0201 | 26.772 0.774 0.243

Novel View Synthesis Results on ACID

. 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.



W)

EEMBEKEZ (T M)

THE HONG KONG
UNIVERSITY OF SCIENCE AND
TECHNOLOGY (GUANGZHOU)

ATE RSME : 0.643

- gt

==
’
'y
r’[

N

ATE RSME : 0.143

=== gt

ATE RSME : 0.197

ATE RSME : 0.169

— gt

//

ATE RSME : 0.271

== gt

,
it |
/

P

ATE RSME : 0.223

ATE RSME : 0.024

gt

ATE RSME : 0.009

gt

ATE RSME : 0.051

==eE T gt 5 B ot
‘,\‘\\ »\\“ \
VideoLifter CF-3DGS Ours
Method REIOK ACID
8x ATE| 16x ATE] 32x ATE] |8x ATE| 16x ATE| 32x ATE]
VideoLifter| 0.335 0.291 0.232 0.272 0.206 0.145
NoPeNerf 0.844 0.902 0.597 0.684 0.413 0.455
CE3DGS 0.237 0.254 0.286 0.278 0.195 0.239
Ours 0.023 0.041 0.078 0.020 0.038 0.095

Pose estimation results on the RE10K and ACID. 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.
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RegGS achieves 3D reconstruction from sparse views without camera poses.

Main Contributions:

* Propose a MW2-based Gaussian set alignment in Sim(3) space.

* Design a differentiable joint optimization module (MW?2 + photometric + depth).
* Achieve significant improvements over existing methods on multiple datasets.
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