Unlocking Single-View Constraints for Efficient Camera Relocalization with
Keypoint-Level Multi-View Geometric Consistency in Training
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Figure 1. Motivation of multi-view constraints. In single-view training (a), depth ambiguities can lead the network to learn incorrect
3D correspondences, which result in erroneous pose estimates at inference. By introducing keypoint-level multi-view supervision (b), our
method enforces geometric consistency across viewpoints, ensuring that the correct 3D keypoints are learned. During testing (c), these
accurate correspondences enable precise 6-DoF camera relocalization, even under challenging viewpoint changes.

Abstract

Camera relocalization aims to accurately estimate a cam-
era’s six degrees of freedom (6-DoF) pose within a known
scene, playing a key role in virtual reality, augmented real-
ity, autonomous driving, and robotic navigation. However,
camera relocalization from a single image is inherently
constrained by limited geometric information, often result-
ing in lower accuracy compared to multi-view approaches.
Yet, multi-view datasets used for training—collected with
Structure-from-Motion—embed rich geometric consistency
that is rarely exploited to its full potential. In this
work, we unlock these single-view constraints by intro-
ducing keypoint-level multi-view geometric consistency into
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the training process of scene coordinate regression. In-
stead of jointly processing whole image pairs, we select
geometrically discriminative keypoints and establish ex-
plicit correspondences across views, thereby transferring
multi-view geometric knowledge into a single-view infer-
ence framework with minimal overhead. Our pipeline fur-
ther integrates 3D Gaussian rendering to augment key-
point observations and an iterative 2D keypoint refine-
ment during pose optimization, collectively boosting re-
localization accuracy without sacrificing efficiency. Ex-
periments on indoor and outdoor benchmarks demonstrate
that our method achieves state-of-the-art performance us-
ing standard GPUs, and our code will be available at
https://github.com/DUT-ICCD/USVC _Reloc.


https://github.com/DUT-ICCD/USVC_Reloc

1. Introduction

Camera relocalization seeks to recover the six degrees of
freedom (6-DoF) pose of a camera within a known scene
from a single input image. It is a core capability in vision-
driven systems for virtual/augmented reality, autonomous
driving, and robotic navigation [21, 30, 51], where reliabil-
ity hinges on high precision under diverse viewpoints and
environments.

Despite recent advances, single-view relocalization re-
mains fundamentally constrained by limited geometric
cues. Even with dense 2D-to-3D predictions in scene coor-
dinate regression (SCR) [9-11, 39], the absence of explicit
inter-view constraints leaves depth ambiguities unresolved,
occlusions incompletely handled, and scene scale under-
determined [37]. This single-view bottleneck often erodes
accuracy in complex or visually repetitive scenes, as illus-
trated in Fig. |, while classical multi-view geometry, such
as Structure-from-Motion (SfM) [48] or SLAM [35], over-
comes these issues by optimizing reprojection error across
many viewpoints via bundle adjustment, naturally recover-
ing depth, scale, and topology.

However, integrating such multi-view constraints di-
rectly into deep neural relocalization is rarely practical for
two reasons: (i) Excessive computation. jointly process-
ing multiple high-resolution images inflates memory and
runtime, making end-to-end training on commodity GPUs
infeasible, and (ii) Incomplete viewpoint coverage. real
training datasets are limited by physical scene access and
sensor constraints, restricting the diversity of geometric ob-
servations available.

To address these above issues, we propose a novel
framework that unlocks single-view constraints by inject-
ing keypoint-level multi-view geometric consistency during
training, as illustrated in Figure 2. We integrate keypoint-
level multi-view constraints and Gaussian-based augmenta-
tion during training to strengthen 3D scene representation.
This ensures the inference to employ a keypoint-guided it-
erative refinement to recover precise poses from sparse cor-
respondences.

Note that instead of image-level bundle adjustment, we
extract geometrically reliable scene keypoints via descrip-
tor matching and confidence filtering, then establish ex-
plicit cross-view correspondences. By training on these
compact, high-salience features, we retain the benefits of
multi-view geometry while slashing the computational cost.
To broaden viewpoint diversity without demanding extra
captures, we employ 3D Gaussian splatting [34] to syn-
thesize novel, photorealistic views centered on these key-
points, providing strong geometric priors under varied per-
spectives.

To summarize, our contributions are three-fold as fol-
lows:

* A keypoint-based multi-view constraint formulation for
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Figure 2. From image-level to keypoint-level multi-view con-
straints: unlocking single-view efficiency. 7op: Conven-
tional image-level multi-view supervision enforces geometric con-
sistency by jointly matching M scene points across N high-
resolution images, incurring N x M storage and heavy computa-
tion, which makes its integration into single-view training imprac-
tical. Bottom: Our keypoint-guided formulation selects stable 3D
points from SfM reconstruction and reprojects each to only its vis-
ible images, reducing complexity to 1 X N while preserving strong
geometric consistency. This shift to keypoint-level constraints re-
moves the computational bottleneck, enabling multi-view geomet-
ric benefits in single-view training without sacrificing efficiency.

SCR that enriches geometric understanding while remain-
ing GPU-efficient.

* A multi-view observation pipeline for scene keypoints
that leverages Gaussian splatting augmentation to im-
prove robustness to viewpoint changes.

* A multi-view optimized training strategy and composite
loss design deliver superior performance to state-of-the-
art methods on both indoor and outdoor relocalization
benchmarks.

2. Related Work

2.1. Camera Relocalization

The development of camera relocalization can be traced
back to scene recognition, where techniques were explored
for retrieving similar images [21, 30, 51]. This evolution has
progressed from traditional bag-of-words models [3] to the
learning-based NetVLAD [1, 2] methods. Some approaches
have aimed to enhance keypoint extraction and matching
techniques, such as the generic feature point extraction and
description methods like SiLK [28], SuperPoint [20], and
Dedode [25]. Additionally, there are implicit [40, 42] and
explicit [4, 22, 27, 43] feature point methods specifically for
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Figure 3. Pipeline: injecting multi-view geometric consistency into single-view relocalization training. Given multi-view training
images and known camera poses, we identify geometrically reliable scene keypoints through descriptor matching in a sparse SfM recon-
struction. A per-scene 3D Gaussian splatting model then renders novel, viewpoint-consistent observations of these keypoints, augmenting
real images and expanding geometric coverage without additional data capture. Both real and synthetic keypoint observations are coupled
with their camera poses to enable our bundle loss—a keypoint-level multi-view constraint that the network learns during training. At infer-
ence, these learned keypoint priors guide iterative refinement of sparse 2D-3D correspondences, allowing precise 6-DoF pose estimation

from a single image input.

relocalization. The emergence of learning-based methods
has propelled advancements in relocalization techniques.
Some methods utilize convolutional networks to directly
regress camera poses [19, 31-33, 53], while others employ
random forest regression [16, 23, 50] to estimate scene co-
ordinates. Recent innovations leverage convolutional net-
works to regress scene coordinates [6—12, 44, 52], with
some scene regression methods attempting to improve lo-
calization precision by utilizing match rates [39]. Further-
more, some methods [38] have expanded to novel sensors,
such as event cameras, enabling relocalization methods to
be applied in more challenging scenes and environments.
GLACE [54] is trying to explore implicit scene geometry
constraints. FastForward [5] constructs a map representa-
tion and performs real-time relocalization of a query image
within a single forward pass. ACE-G [13] decouples the co-
ordinate regressor from the map representation, employing
a generic Transformer together with a scene-specific map

code, which facilitates generalization from mapped images
to previously unseen query images.

However, these methods primarily treat the camera re-
localization task as a scene coordinate regression task. In-
spired by recent research [39, 54], we approach camera relo-
calization as a task of geometric understanding of the scene.
By incorporating scene keypoints from [39], we implement
an explicit multi-view constrained scene coordinates regres-
sion method, which significantly enhances localization ac-
curacy.

2.2, Multi-View Constraint Optimization and Cam-
era Relocalization

Camera relocalization originates from online SLAM [35]
and offline SfM [48], both of which rely on bundle ad-
justment for accurate 3D reconstruction. Although bun-
dle adjustment remains largely confined to SLAM/StM,
several relocalization methods introduce multi-view cues:



CRGNN [58] aggregates features across neighboring im-
ages via graph networks. VGGT [55] employs a Trans-
former for implicit scene reconstruction. DUST3R [56] and
MUSTS3R [14] integrate explicit multi-view geometric con-
straints. The angle-based method [37] uses multi-view con-
sistency to improve pose estimates. Despite these advances,
they still frame relocalization as pose regression or scene-
coordinate estimation. In contrast, our approach treats relo-
calization as a network-driven exploration of 3D scene ge-
ometry, yielding further gains in pose accuracy.

2.3. Model Rendering based Camera Relocalization

Recent view-synthesis advances (e.g., NeRF [41], Gaus-
sian splatting [34]) allow arbitrary-view rendering for
data augmentation. Many relocalization methods—such
as LTVL [17, 18, 57, 60]—refine camera poses by it-
eratively optimizing against rendered images, and SFN-
eRF [57] further incorporates shadow removal and multi-
resolution hash encoding to handle lighting variations. GS-
ReLoc [26] leverages 3DGS models to augment image re-
trieval databases. STDLoc [29] introduces a sparse-to-
dense pose estimation framework based on Gaussian splat-
ting. However, these approaches remain constrained by un-
stable 2D homography. In contrast, we stress 3D structural
constraints—Ilargely neglected in prior work—by employ-
ing Gaussian rendering to densely sample key scene points,
thereby improving keypoint observation and 3D geometry
understanding.

Overall, on one hand, our method addresses the defi-
ciency in previous camera relocalization approaches regard-
ing the inadequate utilization of multi-view constraints. On
the other hand, our approach leverages the latest Gaussian
rendering techniques to actively enhance scene observation
under multi-view constraints. These improvements ulti-
mately lead to a significant enhancement in the effective-
ness of camera relocalization.

3. Method

Our approach enhances Scene Coordinate Regression
(SCR) by explicitly incorporating multi-view geometric
constraints at the keypoint level, thereby avoiding the high
computational overhead of image-level bundle adjustment.
In addition, we leverage recent advances in 3D Gaussian
splatting to synthesize viewpoint-consistent observations,
enriching geometric diversity and improving scene under-
standing.

As shown in Fig. 3, we operates in two stages:
(1) Training stage: sparse scene reconstruction, keypoint
selection, Gaussian-based view augmentation, and multi-
view—optimized network training;
(2) Testing stage: keypoint-guided iterative pose refine-
ment for accurate 6-DoF camera pose estimation.

3.1. Training Stage

The training stage aims to learn a robust scene-coordinate
regression network Cy, that integrates strong geometric pri-
ors via multi-view constraints. We begin by reconstruct-
ing a sparse scene from multi-view images, identify geo-
metrically informative scene keypoints with stable visibil-
ity and descriptors, enrich their observations via Gaussian
splatting, and finally optimize the network with losses com-
bining per-view accuracy and cross-view consistency.

3.1.1. Sparse Scene Reconstruction

We reconstruct a sparse 3D point cloud X = {X; }§V:1
from the input training images using Structure-from-Motion
(SfM) [48]. SfM serves purely as a geometric backbone,
providing: (i) camera extrinsics (R;,t;), where R; €
SO(3) and t; € R?; (ii) camera intrinsics K € R3*3; (iii)
sparse 3D scene points X; in world coordinates; and (iv)
associated multi-view descriptors for each point. This stage
is crucial for building the geometric foundation from which
multi-view constraints can be derived.

3.1.2. Acquisition of Scene Keypoints

We focus training on geometrically salient 3D keypoints
that maintain consistent multi-view visibility and descrip-
tor similarity. [39] For each point X € X, we define its set
of multi-view observations as:

O(X) = {(xi, di) }ils,

where x; € R? is the image coordinate in view ¢, and d; €
RP is the associated descriptor vector.

To quantify descriptor consistency, we compute a match-
ing score:

M(X):ZwiQ(¢(X>vdi)7 (D

where the mean descriptor ¢»(X) and similarity function
q(-) are defined as:

D(X) = lid q(u,v) = exp B U
n p (2] ) 20_2 *
Here, w; € RT are per-view importance weights and o > 0
is the kernel bandwidth parameter.

We retain only high-confidence keypoints via score
thresholding:

K={XeX | MX)>7}, 7=15[39. 3)

This filtering discards unreliable observations (e.g., due to

occlusion or low texture), concentrating training on features
with stable multi-view support.



3.1.3. Training Buffer Generation

To efficiently utilize selected keypoints, we construct a
training buffer that integrates augmented and real multi-
view observations.

Gaussian—Splatting—Enhanced Observations. We train a
per-scene 3D Gaussian splatting model [34] using all train-
ing images and high-confidence keypoints K. This model
generates photorealistic, viewpoint-consistent renderings
that preserve geometric structure more faithfully than planar
homographies [11], improving the network’s generalization
across views.

Gradient Decoupling for Multi-View Constraints. En-
forcing multi-view constraints directly over all training im-
ages is computationally costly. Following ACE [11], we de-
couple gradient computation at the keypoint level by storing
tuples:
(k, di, Ry, ti, ud™(Xy)),

where k is the keypoint index, dj its descriptor, in there
the descriptor dy, is from ACE feature backbone, (R;,t;)
the camera pose of view i, and u?*® € R? its ground-truth
projection.

Keypoint-Driven Multi-View Correspondences. Given
(R;,t;) and X € K, the projection is:

(X)) =m(X;Rit;) = K(RX +t;) eR?, ()
yielding consistent correspondences that form the basis of
our bundle loss.

3.1.4. Loss Functions

We supervise the network with two complementary losses:

Per-View Reprojection Loss. Following ACE [11], for all
valid coordinate predictions V, predicted y; € R? and
ground-truth x; € R? under pose h} = (R}, t}):

i b
* En(Xi, th
Ln(Xm}’i»hi) = {;( _Z;z”O l)
% %

ify, €V,
otherwise,
with
ex = [7(yishy) — xi3.
Multi-View Bundle Loss. Grouping by keypoint ID sy:
Gj = {Xk | s =7}, (6)
the bundle loss for group j is:
Li= Y >l — g3 ™
XK€EG; i€V
Total Loss. Our final objective combines the two losses:
Liotal = AnLx + As Y _ Lj, ®)
J

where \; = 1.0 and A\g = 1.0 are weighting coefficients
balancing single-view accuracy and multi-view consistency.

3.2. Testing Stage

During inference, the pipeline adapts our keypoint-oriented
training to estimate the camera pose from a single input im-
age. Unlike training, where dense and augmented obser-
vations are available, testing relies on sparse yet discrim-
inative 2D-3D correspondences derived from the selected
scene keypoints.

3.2.1. Dense Scene Coordinate Initialization

Given a query image I, we feed it into Cy to predict:
Y ={y, e R¥|peQ},

where p denotes a pixel and (2 is the image domain. We
then apply RANSAC-PnP [36] to (p, ¥,) to obtain an initial
pose (R ¢(0),

3.2.2. Keypoint-Guided Iterative Refinement

We refine the initial pose by iteratively leveraging KC:

Keypoint Mask Extraction. Project each X; € K into the
query image:

ul = 7(x;; RO, 10), )

construct a binary mask M () indicating projected keypoint
positions.

Sparse 2D-3D Correspondence Refinement. From M (%),
extract:

Y ={(p.yy)) | MD(p) = 1},
and update (R(*+t1) ¢(*+1)) with RANSAC-PnP.
Iterative Update. Repeat until:

|ROHD = RO||p + 1D 0], <6,
ort = Thax.
3.2.3. Final Output

The converged pose (R(™), (7)) is returned as the final es-
timate, benefiting from multi-view-informed training and
keypoint-guided refinement.

3.3. Implementation

Network Architecture. Our framework comprises two
main modules: (i) a scene coordinate regression network
C'4 based on a ResNet backbone; and (ii) a feature extrac-
tion network F), instantiated with the ACE descriptor ex-
tractor [11].

Data Processing and Scene Modeling. The implementa-
tion builds upon the open-source ACE codebase in PyTorch
and employs COLMAP for Structure-from-Motion (SfM)
reconstruction. To accelerate modeling of indoor scenes,
we limit the number of input images to at most 500, se-
lected via farthest-point sampling in camera-pose space to
preserve spatial coverage. For larger scenes, additional im-
ages can be used at the cost of increased computation.



Table 1. Pose relocalization results compared with other methods on 7Scenes dataset within (5°, Scm).

Scene DSAC[10] DSAC++[6]Cas. [16] DSAC*[9] ACE[11] EMR [39] STD(S) [29]STD(S+D) [29Durs
Chess 94.6% 93.8% 100% 96.7% 100% 100% 100.0% 99.3% 100%
Fire 74.3% 75.6% 99.7% 92.9% 99.5% 99.9% 100 % 100% 100%
Heads 71.7% 18.4% 100% 98.2% 99.7% 100 % 99.8% 100% 100 %
Office 71.2% 75.4% 99.5% 87.1% 100% 99.5% 99.2% 99.8% 99.6%
Pumpkin 53.6% 55.9% 90.9% 60.7% 99.9% 99.9% 100% 99.9% 100 %
Redkitchen 51.2% 50.7% 90.7% 65.3% 98.2% 99.7% 98.4% 100% 99.9%
Stairs 4.5% 2.0% 94.2% 64.1% 81.9% 88.6% 80.8% 94.7% 96.7 %
Average 60.2% 60.4% 96.4% 80.7% 97.0% 98.2% 96.88% 99.09% 99.45 %
Table 2. Results under smaller thresholds. Accuracy for errors within (2°, 2cm) and (1°, 1cm).
Within (2°, 2cm) Within (1°, 1cm)

DSAC* ACE EMR STD(S) STD(S+D) Ours DSAC* ACE EMR Ours
Chess 32.8% 99.0% 99.6% 97.20% 98.70%  99.8% 0.5% 81.9% 91.8% 96.4 %
Fire 55.2% 87.1% 95.2% 9490% 98.75%  98.1% 14.8% 57.0% 63.9% 74.4%
Heads 87.3% 98.2% 98.9 % 94.50% 98.40% 98.6% 40.0% 85.3% 87.1% 92.5%
Office 32.1% 81.0% 91.2% 80.68% 94.88% 95.2% 5.9% 28.0% 60.4% 69.9%
Pumpkin 19.8% 84.5% 88.9% 85.65% 85.10% 95.2% 4.7% 27.0% 60.7% 67.6%
Redkitchen 14.9% 87.0% 94.9% 78.66% 97.710%  96.8% 2.6% 45.5% 73.9% 74.2%
Stairs 11.4% 24.1% 38.0% 32.50% 78.60%  65.2% 1.1% 4.0% 8.1% 25.5%
Average 36.2% 80.1% 86.7% 80.58% 93.16% 92.7% 9.9% 47.0% 63.7% 71.5%

Training Configuration. We train C, using the AdaBelief
optimizer with an initial learning rate of 1x107%, a fea-
ture pool size of 8 x 10°, and a total of 32 epochs. For
Gaussian-based augmentation, we adopt 3D Gaussian splat-
ting [34], supervising on all training images but restricting
augmentation to high-confidence SfM keypoints filtered by
matching-rate thresholds. The Gaussian model is optimized
for 30,000 iterations with random view-angle sampling to
cover unseen perspectives and enrich geometric diversity.

Hardware and Runtime. All experiments are conducted
on a dual NVIDIA GeForce RTX 2080Ti setup. Under
the indoor scene image-limit protocol described above, per-
scene training requires approximately 30 minutes.

3.4. Differences from Recent SCR Methods

The primary distinction between our approach and recent
SCR methods lies in the integration of multi-view con-
straints during training. To achieve this, we shift the
utilization of multi-view constraints from an image-based
paradigm to a point-based one, and leverage 3D Gaussian
splatting to augment multi-view observation capabilities.
From the perspective of incorporating explicit geometric
constraints into existing SCR pipelines, to the best of our
knowledge, our approach is the first of its kind.

4. Experiments

4.1. Overview

We conducted careful experimental validation on publicly
available datasets, including the indoor dataset 7Scenes
and the outdoor datasets Cambridge Landmarks. In the
7Scenes dataset [50], ground truth (GT) poses were ob-
tained using the KinectFusion system. However, scene
coordinate regression methods are better suited for poses
from SfM frameworks, so we used SfM-derived poses as
pseudo ground truth (pGT). The Cambridge Landmarks
dataset [33] contains six outdoor scenes captured by pedes-
trians with a Google LG Nexus 5 smartphone. Ground truth
was obtained using SfM, with a 2Hz sampling rate and ap-
proximately 1-meter intervals between camera positions.

4.2. Indoor

Table | summarizes results on 7Scenes. By exploit-
ing multi-view geometric constraints, we outperform prior
methods, achieving > 99.5% accuracy within (5°, 5 cm)
on every scene—including 96.7% on the challenging Stairs.
Extending the comparison in Table 2 to tighter thresholds,
we obtain an average of 92.7% at (2°, 2 cm) (most scenes
< 90%) and exceed 96.4% in Chess and 92.5% in Heads at
(1°, 1 cm). Figure 5 visualizes estimated trajectories against
ACE and EMR, clearly showing smaller pose errors, even
in Stairs.



Table 3. Pose relocalization results compare with other methods on Cambridge Landmarks dataset.

. Cambridge Landmarks Average
Method Publication Year Type Depth Court King’s Hospital Shop St.Mary’s (cm/°®)
AS (SIFT) [47] TPAMI 2016 FM X 24/0.1 13/0.2 20/0.4 4/0.2 8/0.3 14/0.2
hLoc(SP+SG) [45] CVPR 2019 FM X 16/0.1 12/0.2 15/0.3 4/0.2 7/0.2 11/0.2
pixLoc [46] CVPR 2021 FM X 30/0.1 14/0.2 16/0.3 5/0.2 10/0.3 15/0.2
GoMatch [61] ECCV 2022 FM X N/A  25/0.6 283/8.1 48/4.8 335/9.9 N/A
HybridSC [15] CVPR 2019 FM X N/A  81/0.6 75/1.0 19/0.5 50/0.5 N/A
PoseNet17 [32] CVPR 2017 APR X 683/3.5 88/1.0 320/3.3 88/3.8 157/3.3 267/3.0
MS-Transformer [49] ICCV 2021 APR X N/A  83/1.5 181/2.4 86/3.1 162/4.0 N/A
SANet [59] ICCv 2019 SCR v 328/2.0 32/0.5 32/0.5 10/0.5 16/0.6 84/0.8
SRC [24] 3DV 2022 SCR v 81/0.5 39/0.7 38/0.5 19/1.0 31/1.0  42/0.7
DSAC* [9] TPAMI 2021 SCR X 98/0.5 27/0.4 33/0.6 11/0.5 56/1.8 45/0.8
ACE [11] CVPR 2023 SCR X 43/0.2 28/0.4 31/0.6 5/0.3 18/0.6 25/0.5
Poker(ACEx4) [11] CVPR 2023 SCR X 28/0.1 18/0.3 25/0.5 5/0.3 9/0.3 17/0.3
EMR [39] ACM MM 2024 SCR X 46/0.5 21/0.4 23/0.6 5/04 _12/0.6 22/0.5
GLACE [54] CVPR 2024 SCR X 19/0.1 19/0.3 17/0.4 4/0.2 9/0.3 14/0.3
ACE-G [13] ICCV 2025 SCR X 51/0.3 21/0.3 23/0.5 7/03  25/0.8 25/0.4
Ours CVPRF 2026 SCR X 40/0.1 17/0.3 20/04 5/0.3 14/0.5 19/0.3
Table 4. Ablation study on 7Scenes datasets (In percentage).
Scene Within(5°,5cm) Within(2°,2cm) Within(1°,1cm)
EMR Normal Small 3DGS | EMR Normal Small 3DGS | EMR Normal Small 3D GS
Chess 100.0% 100.0% 100.0% 100.0% | 99.6% 993% 99.8% 99.8% | 91.8% 92.7% 95.9% 96.4%
Fire 99.9% 100.0% 100.0% 100.0% | 952% 97.8% 97.8% 98.1% | 63.9% 13.5% 744% 74.4%
Heads 100.0% 100.0% 100.0% 100.0% | 98.9% 99.8% 98.0% 98.6% | 87.1% 925% 923% 92.5%
Office 99.5% 99.5% 99.5%  996% | 912% 93.9% 94.6% 95.2% | 60.4% 61.6% 68.0% 69.9%
Pumpkin 99.9% 100.0% 100.0% 100.0% | 88.9% 90.3% 942% 952% | 60.7% 60.6% 66.0% 67.6%
Redkitchen | 99.7% 98.9% 99.8%  999% | 949% 919% 96.5% 96.8% | 73.9% 72.5% 134% T4.2%
Stairs 88.6% 92.9% 964%  96.7% | 38.0% 60.6% 655% 652% | 81% 229% 23.9% 25.5%
Average 98.2% 98.7% 994%  99.5% | 86.7% 90.5% 92.4% 92.7% | 63.7% 68.0% 70.6% 71.5%
4.3. Outdoor Table 5. Compared with the use of the gating mechanism, within

In Table 3, we report median translation and rotation errors
on the Cambridge Landmarks dataset. Consistent with our
indoor results, our method outperforms other SCR-based
approaches in most scenes, yielding the lowest average me-
dian errors. The sole exception is St Marys, where dense
tree cover occludes key structures and degrades geometric
estimation. EMR [39] addresses this via a gating mecha-
nism with a more generalized branch.

4.4. Ablation Study

Our approach combines multi-view geometric constraints
with Gaussian-based observation enhancement. Table 4
reports ablations: the “Normal” setting (multi-view only)
already outperforms the baselines in Tables | and 2, and
adding 3D Gaussian splatting (“3D GS”) further reduces
pose errors. To improve inference speed, we introduce a
scaled-feature variant (“Small”’), which incurs only a slight
accuracy drop while reducing runtime from 1800 ms to

(5°, 5cm).

Method ACE [11] Ours Gating [39] Threshold
Chess 100% 100% 100% 0-100
Fire 99.5% 100% 100% 0-24
Heads 99.7% 100% 100% 0-28
Office 100%  99.6% 100% 19-81
Pumpkin  99.9% 100% 100% 0-93
Red Kit.  98.2%  99.9% 99.9% 0-42
Stairs 81.9%  95.7% 96.8% 33-33
Average 97.03% 99.46%  99.53% -

100 ms. As shown in Table 6, this yields higher accuracy
without substantially enlarging map size or mapping time.
We also evaluated a gating mechanism across various pose-
error thresholds (Fig. 4). Although it yields a minor gain
within (5°, 5 cm), it offers no benefit at tighter thresholds
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(a) Ratio curves within (5°, 5cm).

(b) Ratio curves within (2°, 2cm)& (1°, Icm).

(c) Median error curves.

Figure 4. Ratio Curves and Median Error Curves. We plotted ratio curves and median error curves under different threshold values using
the gating mechanism in the 7Scenes dataset. Since the accuracies of (5°, 5 cm) and (2°, 2 cm) are relatively similar, we individually
present the accuracy curve for (5°, 5 cm) in Figure 4a to facilitate clear comparison. In Figure 4b, we display the accuracy curves for (2°,
2 cm) and (1°, 1 ecm). Additionally, Figure 4c illustrates the median error curves for both translation and rotation errors.
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Figure 5. Trace Comaprison. We visualized the differences between the estimated pose trajectories and the ground truth (GT) pose
trajectories. In the visualization, the red curve represents the GT trajectory, the blue curve represents the estimated trajectory, and the
green lines connect corresponding points between the two trajectories. Consequently, longer green lines indicate larger errors, and more
prominent green regions signify greater instability in the estimated trajectory.

Table 6. Computation comparison.

Method DSAC* hLoc ACE EMR Ours
Map Size 28 MB ~3.5GB 4MB ~10MB 11 MB
Time 900 min 200 min 5 min 20min 30 min

and introduces threshold-selection instability; the average
accuracy improvement is merely 0.07 %. We attribute our
robust performance to Gaussian splatting’s enhancement of
sparsely observed regions and to multi-view geometric opti-
mization’s reduction of residual errors. Given the negligible
benefit and added complexity of gating, it is omitted in our
final design.

4.5. Limitations

Our method achieves state-of-the-art indoor accuracy of
(5°, 5cm) and competitive outdoor results. However,
its multi-stage pipeline—SfM reconstruction, keypoint ex-
traction, and successive training of keypoint-selection,
Gaussian-splatting, and scene-coordinate-regression net-
works—is more elaborate than end-to-end regressors such

as PoseNet. Furthermore, the per-scene training time of ap-
proximately 30 minutes leaves considerable room for opti-
mization.

5. Conclusion

In this work, we tackled the core limitation of single-view
scene coordinate regression, the absence of explicit multi-
view geometric constraints, by shifting the optimization
focus to geometrically reliable keypoints and augmenting
their observations through 3D Gaussian splatting. This de-
sign preserves the depth—scale—topology benefits of multi-
view geometry while staying GPU-efficient, effectively re-
moving the single-view bottleneck without the computa-
tional burden of image-level bundle adjustment. On chal-
lenging indoor benchmarks, our approach not only sur-
passes prior counterparts under stringent pose-error thresh-
olds but also shows consistent robustness in visually repeti-
tive scenes. Looking ahead, we aim to extend the keypoint-
centric training paradigm to large-scale environments and
integrate adaptive view synthesis, further strengthening ge-
ometric generalization across domains.
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