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Figure 1. Robust Visual Localization with R-SCoRe. Left: Point cloud of Aachen reconstructed by R-SCoRe. Right: On the large-scale
Aachen Day-Night dataset [53, 56] using only daytime training images, R-SCoRe achieves 64.3% accuracy under the (0.25m, 2°) threshold
for nighttime query images. It outperforms all previous SCR methods (circles) by a large margin. With a small map size of only 47MB at
a comparable accuracy, R-SCoRe is an attractive alternative to traditional methods (triangles).

Abstract

Learning-based visual localization methods that use
scene coordinate regression (SCR) offer the advantage of
smaller map sizes. However, on datasets with complex illu-
mination changes or image-level ambiguities, it remains a
less robust alternative to feature matching methods. This
work aims to close the gap. We introduce a covisibility
graph-based global encoding learning and data augmenta-
tion strategy, along with a depth-adjusted reprojection loss
to facilitate implicit triangulation. Additionally, we revisit
the network architecture and local feature extraction mod-
ule. Our method achieves state-of-the-art on challenging
large-scale datasets without relying on network ensembles
or 3D supervision. On Aachen Day-Night, we are 10×
more accurate than previous SCR methods with similar map
sizes and require at least 5× smaller map sizes than any
other SCR method while still delivering superior accuracy.
Code is available at: https://github.com/cvg/
scrstudio.

*Corresponding author (fangjinhua.wang@inf.ethz.ch).

1. Introduction

Visual localization is the task of estimating the 6-DoF pose
of a camera in a known scene with a query image. It is a
fundamental problem in computer vision, with applications
in augmented reality, autonomous driving, and robotics.

Classical feature matching methods [19, 50, 51, 55] have
matured through years of research and now provide robust
and accurate localization results. However, these methods
typically require explicit 3D scene representations, where a
large number of descriptors are stored, leading to substan-
tial map sizes, especially for large-scale scenes. In contrast,
pose regression [11, 30, 31, 44, 59, 65, 71, 73] and scene
coordinate regression (SCR) [4–6, 8, 9, 21, 36, 68] aim to
implicitly encode scene information in neural networks.

SCR methods follow a structure-based paradigm similar
to feature matching, i.e., estimating pose from 2D-3D cor-
respondences but replacing explicit matching with regress-
ing the correspondences directly. They are usually limited
to small scenes [9] and have yet to match feature matching
methods in terms of accuracy and robustness. Recent ad-
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vances [68] extend SCR to large-scale scenes using a single
model. However, its performance is still not on par with fea-
ture matching methods, especially in complex scenes with
challenging illumination changes [53, 56].

In this work, we conduct a detailed analysis of the design
principles behind the SCR framework, including local and
global encoding, network architecture, and training strate-
gies. Based on this analysis, we propose to revisit SCR to
enhance the robustness and accuracy of SCR methods for
large-scale visual localization tasks. As shown in Fig. 1, our
robust SCR (R-SCoRe) improves the night-time localiza-
tion accuracy for SCR methods to 64.3% under the (0.25m,
2°) threshold on the Aachen Day-Night dataset, all with a
map size of only 47MB. R-SCoRe significantly outperforms
previous SCR methods and achieves accuracy comparable
to feature matching techniques.

Tab. 1 summarizes the practicability of R-SCoRe in com-
plex large-scale scenes. While feature matching methods
are also accurate, their map size can be prohibitively large,
sometimes more than two orders of magnitude [19, 50,
51]. Compared to SCR methods with similarly small map
sizes [9, 68], R-SCoRe is at least one order of magnitude
more accurate. While we still clearly outperform other
SCR methods, we maintain fast inference and significantly
smaller map sizes – all without the need for scene-specific
depth supervision. Our contributions are as follows.
• We propose learning a global encoding and performing

data augmentation based on the covisibility graph. To ad-
dress the ambiguity of image retrieval features in complex
large-scale scenes, we used multiple global hypotheses
during testing.

• To unbias the network from neglecting near points, we
introduce a depth-adjusted reprojection loss and show
that this allows for accurate localization without scene-
specific ground truth coordinate supervision.

• To our knowledge, R-SCoRe is the first attempt of an SCR
approach to achieve state-of-the-art performance on com-
plex large-scale scenes without using an ensemble of net-
works or 3D model supervision.

2. Related Work

Feature Matching. Most state-of-the-art visual localiza-
tion methods rely on feature matching [19, 50, 51, 55].
These methods typically adopt a structure-based paradigm,
establishing 2D-3D correspondences between keypoints in
a query image and 3D points in a scene. Camera pose is
solved with geometric constraints, often a Perspective-n-
Point (PnP) solver [26, 47] within a RANSAC framework
[2, 17, 25] to effectively manage outliers. These methods
commonly construct a Structure-from-Motion (SfM) map
of the scene, which contains both 3D points and their de-
scriptors [19, 22, 24, 49, 58]. To efficiently establish 2D-

Methods Size Time Acc. w/o Depth

FM [19, 50, 51] ✗ ✓ ✓ ✓

PR [31] ✓ ✓ ✗ ✓

SCR

[64] ✗ ✗ ✓ ✗
[5, 36, 70] ✗ ✓ ✓ ✗
[4, 9, 68] ✓ ✓ ✗ ✓
R-SCoRe ✓ ✓ ✓ ✓

Table 1. Comparison with other methods on complex large-
scale scenes [53, 56]. Feature matching (FM) methods are accu-
rate but need a large map size. Pose regression (PR) methods are
fast but less accurate. We maintain a small map size while achiev-
ing remarkable accuracy.

3D matches, they often follow a two-level approach [50].
First, potentially relevant database images are retrieved us-
ing image retrieval techniques [1, 48, 75]. This is followed
by 2D-2D matching with the query image [39, 50, 51].

However, a significant limitation of these methods is the
necessity to store all descriptor vectors of the 3D model,
which can lead to storage challenges, particularly in large
maps. To address this issue, various compression tech-
niques have been proposed. These include reducing the
number of 3D points [12, 13, 23, 37, 72] or compressing de-
scriptors [20, 28, 29, 34, 40, 54, 67, 72]. Recently, several
studies [46, 69, 74] have proposed alternative approaches
that eliminate the need for explicit descriptor storage. In-
stead, these methods advocate for direct matching against
geometric representations, such as point clouds or meshes.

Pose Regression. These methods [11, 30, 31, 44, 59, 65,
71, 73] directly estimates the camera pose of a query image
with a neural network. However, they tend to struggle with
generalization and often only achieve an accuracy similar to
image retrieval methods [57].

Scene Coordinate Regression. Following a similar
structure-based localization paradigm as feature matching
methods, SCR methods [4–9, 14, 15, 21, 36, 45, 60, 66, 68,
70] regress 2D-3D correspondences between the query im-
age and the scene, and estimate the camera pose using ge-
ometric constraints. Though SCR methods are more accu-
rate than pose regression methods, they usually still struggle
with large-scale scenes [9].

Recently, several approaches have been proposed to im-
prove the scalability and performance of SCR in large-scale
scenes. These methods often rely on ground truth 3D coor-
dinates and aim to handle large scenes by dividing them into
smaller segments, such as spatial regions [5], voxels [64],
or hierarchical clusters [36, 70]. Recent advancements have
explored alternatives that do not require ground truth 3D
supervision. For example, ACE [9] uses reprojection loss
only for training. GLACE [68] further introduces a global
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Figure 2. R-SCoRe pipeline. (a) Following the SCR workflow in [68], we concatenate patch-level local encodings with image-level global
encodings as input to a scene-specific MLP. (b) We learn contrastive global encodings from the covisibility graph using Node2Vec [27].
During training, global encodings are sampled from neighboring nodes for data augmentation. During inference, we retrieve global
encodings from the k nearest training images via NetVLAD [1] as hypotheses and select the one yielding the most RANSAC inliers. We
enhance the SCR MLP with a refinement module and introduce a depth-adjusted reprojection loss to reduce bias toward distant points.

encoding mechanism that eliminates the need for scene seg-
mentation. Despite these improvements, these methods still
encounter limitations under challenging conditions, such as
significant changes in illumination.

3. Method

Our Scene Coordinate Regression (SCR) workflow is de-
picted in Fig. 2a. During training, we have access to a co-
visibility graph to learn global encodings which are con-
catenated to the local encodings. During inference, we re-
trieve global encoding hypotheses from the k nearest train-
ing images and predict 2D-3D correspondences: we run
PnP for each hypothesis and select the one yielding the most
RANSAC inliers. Fig. 2b illustrates our detailed R-SCoRe
pipeline, where we split SCR into coarse and refinement
blocks and introduce covisibility-based global encoding and
data augmentation techniques.

3.1. Preliminaries

Visual Localization. Given a test image Itest with known
intrinsic Ktest, the goal is to estimate its extrinsic, i.e., the
rigid transformation [Rtest|ttest] from world coordinate to
camera coordinate. The scene is typically given by a set
of training images Itrain with known ground truth poses
[Rtrain|ttrain] and intrinsics Ktrain.

Scene Coordinate Regression. The SCR pipeline employs
a neural network f to directly regress the 3D coordinate
y = f(F(x)) for each 2D keypoint x with feature F(x).
Without the need to store large point clouds with descrip-
tors, SCR methods implicitly represent the scene with a
neural network, which usually results in a smaller map size.

Scalable SCR without 3D ground truth. Recent ad-
vances [9, 68] allow SCR to scale to large scenes without
scene-specific 3D supervision. To reduce ambiguities in
large scenes, GLACE [68] (Fig. 2a) concatenates a local
patch-level encoding with an image-level global encoding

as the keypoint feature F(x). The local encoder is a pre-
trained DSAC* [6] backbone, following [9]. The global
encoder uses a pretrained image retrieval model [75] with
Gaussian noise augmentation to prevent overfitting to triv-
ial solutions, cf . [68]. To accelerate training, all features are
precomputed and buffered in GPU memory, from which a
random sample is drawn for each batch.

Without ground truth scene coordinates, the output 3D
point y is reprojected with the ground truth pose R, t and
intrinsics K, and compared to the keypoint location x in 2D:

e2(x, y) = ||x− π(K(Ry + t))||2, (1)

where π converts homogeneous to Cartesian coordinates.
Instead of explicitly grouping corresponding observa-

tions into tracks, this underconstrained supervision is ap-
plied to each independent prediction. Prior works [45, 68]
suggest that implicit triangulation can still occur as the net-
work tends to produce similar outputs for similar inputs.

The reprojection error is fed into a dynamic robust loss,
cf . ACE [9], to focus on points accurately regressed:

ldynamic(e2(x, y)) = τ(t)ρ

(
e2(x, y)

τ(t)

)
, (2)

where ACE [9] uses tanh as robust loss (ρ := tanh). Based
on the relative training time t ∈ [0, 1], the bandwidth τ(t)
is adjusted dynamically during training:

τ(t) =
√
1− t2τmax + τmin. (3)

Keypoints x whose regressed 3D point y fall outside the
valid frustum are penalized differently. Valid points are de-
fined to lie within a valid depth range [dmin, dmax] in front
of the camera. Further, their reprojection error e2(x, y)
must be smaller than a threshold emax. For invalid points,
we penalize their distance to a pseudo ground truth point ȳ:

linvalid(y) = ||y − ȳ||2, (4)

where ȳ is computed by the inverse projection of the pixel
x using a fixed target depth dtarget.

11538



3.2. Network Architecture
We adopt the MLP architecture and position decoder from
GLACE [68], scaling the network width with scene size. As
illustrated in Fig. 2b, we also introduce a refinement mod-
ule at the end of the network, which adjusts the final output
y by predicting an offset from the intermediate prediction
y0. The coarse coordinate y0 is reintroduced into the re-
finement module through positional encoding [43, 63] using
sine and cosine functions with periods ranging from 0.5 to
2048, which is added to the intermediate feature. This em-
pirically improves training stability and allows the network
to achieve lower training reprojection errors more rapidly.

3.3. Input Encoding

Analysis. In implicit triangulation, reprojection constraints
are grouped based on input similarity. Therefore, the de-
sired properties of input encodings are as follows: posi-
tive pairs observing the same points should produce simi-
lar features, while negative pairs observing distinct points
should yield clearly distinguishable features. Additionally,
it is preferable for the encodings to be low-dimensional to
minimize memory requirements.

Local Encoding. At the local patch level, features should
differentiate observations of the same point from those of
different points. The requirement aligns with the proper-
ties of local descriptors used in traditional feature match-
ing, suggesting that we can directly leverage their local
feature extractors. We investigate pretrained feature ex-
tractors for both dense and sparse matching methods, such
as LoFTR [62] and Dedode [24]. To lower memory con-
sumption during training, we apply PCA to all the fea-
tures from the training dataset, reducing their dimension-
ality while retaining most of the variance. We experimen-
tally observe that reducing the dimensionality to 128 di-
mensions preserves over 90% of the variance on various
datasets [35, 53, 56].

Covisibility Graph Based Global Encoding. Image-level
global features should distinguish between covisible and
non-covisible image pairs, i.e. whether the images are view-
ing the same part of the scene, to resolve ambiguities in
local encodings. Although global encodings with image-
level receptive fields can help, they may still be insufficient
to resolve ambiguities in complex environments, as shown
in Fig. 3. This limitation can lead to imperfect grouping
of reprojection constraints during training, thereby impair-
ing the effectiveness of implicit triangulation. Furthermore,
we point out that the learned SCR function may lack (Lips-
chitz) smoothness [32] w.r.t. the global encodings if adapted
naively, e.g. minor variations in the global encoding can re-
sult in significant shifts in corresponding 3D points and con-
sequently reduce generalization at test time.

To address these issues, we propose to directly learn

0.00 0.25 0.50 0.75 1.00 1.25 1.50
Distance

0

1

2

3

De
ns

ity

R2Former
Covisible

False
True

0 1 2 3 4 5
Distance

0.0

0.5

1.0

1.5

Node2Vec
Covisible

False
True

(a) Distribution of feature distance for covisible and non-covisible pairs.

0.0 0.2 0.4 0.6 0.8 1.0
Recall

0.0

0.2

0.4

0.6

0.8

1.0

Pr
ec

isi
on

R2Former (AP=0.24)
NetVlad (AP=0.60)
Node2Vec (AP=0.93)

(b) Precision Recall Curve of predicting covisibility by feature distance.

Figure 3. Comparison of global encodings. Aligning the
learning of global encodings with the covisibility graph topol-
ogy (Node2Vec [27]) helps distinguish covisible and non-covisible
pairs (a) and predict covisibility by feature distance (b).

embeddings aligned with the covisibility graph’s topol-
ogy using Node2Vec [27], which samples sequences with
weighted random walks and optimizes node embeddings
with a Skip-gram [42] objective. For training images, the
covisibility graph is easily available. It can be estimated
from the frustum overlap of ground truth poses (see the sup-
plementary for more details). At test time, however, co-
visibility information is unknown, so we propose generat-
ing multiple global encoding hypotheses by retrieving the
nearest training images using NetVLAD [1] features. The
global encoding of each retrieved image serves as a hypoth-
esis, and we select the hypothesis yielding the maximum
RANSAC inliers for the final localization result.

This approach effectively decouples training-time and
test-time ambiguities: during training, the network focuses
on learning scene structure without ambiguity, while at test
time, multiple hypotheses enable the resolution of complex,
often multimodal ambiguities.

Covisibility Graph Based Data Augmentation. Our Cov-
isibility Graph Encoding effectively learns a low-ambiguity
global encoding. However, data augmentation is still nec-
essary to prevent the network from distinguishing covisible
pairs based on distinct global encodings. Instead of sim-
ply adding isotropic Gaussian noise [68], we introduce a
graph-based data augmentation strategy. In this approach,
rather than applying isotropic noise, we randomly replace
an image’s global encoding with that of a neighboring im-
age from the covisibility graph. Specifically, with probabil-
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Figure 4. Statistics of reprojection error for points with differ-
ent depths. The kernel density estimation (KDE) of reprojec-
tion error distribution conditioned on disparity from SCR models
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observe that far points (low disparity) exhibit a lower reprojection
error. (Detector-free LoFTR [62] with an 8 × downsampled output
has a larger 2D keypoint error than Detector-based Dedode [24].)

ity p = 0.5, the current image’s global encoding is retained,
while with probability 1 − p, it is replaced by the global
encoding of a randomly sampled neighboring image.

3.4. Output Supervision

Depth Bias in Reprojection Loss. Fig. 4 displays statis-
tics collected from training SCR models with various local
encodings across different datasets. It indicates that points
closer to the camera empirically exhibit higher reprojection
errors compared to distant points, hence we observe a bias
toward distant points. This bias is magnified by training
with the robust loss Eq. (2), as the supervision signal tends
to neglect (nearby) points with higher reprojection errors
(cf . Fig. 5). Assuming the training time distribution of cam-
era poses to be representative for testing, regressing near
points fewer and less accurately during testing diminishes
the positional localization accuracy. We conjecture that to
facilitate implicit triangulation for near points, a higher re-
projection error should be allowed to compensate for the
reprojection of nearby points being more sensitive to pose
variations and coordinate inaccuracies.

Depth Adjusted Reprojection Error. We propose normal-
izing the reprojection error in Eq. (1) based on the depth of
the predicted scene coordinate. Specifically, the observation
standard deviation, σo, is defined as:

σo =

√(σ3

d

)2

+ σ2
2 , (5)

where we denote the variance of the noise of the 2D obser-
vations by σ2

2 . The variance of the 3D prediction is denoted
by σ2

3 and by d the depth of the point. The reprojection error
is then adjusted accordingly:

e3(x, y) =
e2(x, y)

σo
=

e2(x, y)

σ2

√√√√ d2

d2 +
(

σ3

σ2

)2 . (6)

Selective Application of Depth Adjustment. The bias to-
wards distant points may sometimes actually be beneficial,
as underconstrained points can be pushed farther along the
ray, making them easier to identify as outliers during test
time. Therefore, we apply our depth-adjusted reprojection
loss only to the intermediate coarse scene coordinate output
y0 during training (Fig. 2b), and retain the original reprojec-
tion loss for the final output. To mitigate the concentration
of the supervision signal on points with low projection er-
ror, we replace tanh with the Geman-McClure [3] robust
loss function which has a heavier tail than tanh:

ρ(x) =
9x2

9x2 + 4
. (7)

In order to guide the convergence of the regressed points,
y, by the intermediate output y0 (affected by the normalized
loss from Eq. (6)), we also apply a consistency loss at the
beginning of the training:

lconsistency = λ(t)||y − y0||2, (8)

where λ(t) is a dynamic weight that decreases to 0 in a co-
sine schedule during the first 50% of training time.

λ(t) =

{
1
2 (1 + cos 2πt) , if t ∈ [0, 0.5]

0, otherwise
, (9)

where t is the relative training time.

Optional Depth Supervision. When depth is available, we
can also benefit from direct depth supervision. The depth
does not need to be accurate since we mainly use the depth
for initialization. Specifically, we simply replace the consis-
tency loss between intermediate and final output in Eq. (8)
with a ground truth coordinate supervision loss:

ldepth = λ(t) (||y − ȳ||2 + ||y0 − ȳ||2) , (10)

where ȳ is the pseudo ground truth computed by the inverse
projection of the pixel given the depth, pose, and intrinsic.

4. Experiments
4.1. Datasets
We use the Aachen Day-Night [53, 56] and the Hyundai De-
partment Store dataset [35] to evaluate R-SCoRe on com-
plex large-scale indoor and outdoor scenes.

Aachen Day-Night. It is a large-scale benchmark for out-
door visual localization, covering the historic inner city of
Aachen, Germany, over an area of approximately 6 km2. It
presents significant challenges due to varying illumination
conditions, especially between day and night. The dataset
includes 4,328 daytime images for training, along with 824
daytime query images and 98 nighttime query images.
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Methods w/o Depth Size Aachen Day Aachen Night
HLoc+SPSG [19, 50, 51] Yes 7.82GB 89.6 95.4 98.8 86.7 93.9 100
AS [55] Yes 750MB 85.3 92.2 97.9 39.8 49.0 64.3
Cascaded [16] Yes 140MB 76.7 88.6 95.8 33.7 48.0 62.2
QP+R.Sift [41] Yes 30MB 62.6 76.3 84.7 16.3 18.4 24.5
Squeezer [72] Yes 240MB 75.5 89.7 96.2 50.0 67.3 78.6
PixLoc [52] Yes 2.13GB 64.3 69.3 77.4 51.1 55.1 67.3
Neumap [64] No 1.26GB 80.8 90.9 95.6 48.0 67.3 87.8
HSCNet [36] No 213MB 71.1 81.9 91.7 32.7 43.9 65.3
HSCNet++ [70] No 274MB 72.7 81.6 91.4 43.9 57.1 76.5
ESAC (×50) [5] No 1.31GB 42.6 59.6 75.5 6.1 10.2 18.4
ACE (×50) [9] Yes 205MB 6.9 17.2 50.0 0.0 1.0 5.1
GLACE [68] Yes 27MB 8.6 20.8 64.0 1.0 1.0 17.3
R-SCoRe (Dedode [24]) Yes 47MB 74.8 86.9 96.4 64.3 89.8 96.9

+ Depth No 47MB 79.0 88.5 96.4 66.3 89.8 96.9

Table 2. Aachen Day-Night evaluation. The map size and percentages of query images within three thresholds: (0.25m, 2°), (0.5m, 5°),
and (5m, 10°) and are reported. We report our results with Dedode [24] local encoding and optional depth supervision. Feature matching
(FM) methods [19, 50, 51] are more accurate, but the map size is large. R-SCoRe achieves comparable accuracy with a small map size.

Hyundai Department Store. It is a large-scale indoor vi-
sual localization benchmark, covering three floors of a de-
partment store. Each floor consists of multiple sequences
captured over four months, spanning an area of approxi-
mately 10,000 m2. It presents challenges beyond its large
scale, including dynamic objects, illumination changes, and
textureless regions. B1 is particularly challenging as the
training images are captured under low-lighting conditions,
while the query images are brightly illuminated. The dataset
includes 44,283 training images and 5,927 test images.

4.2. Benchmark Results

Aachen Day-Night. As shown in Tab. 2, R-SCoRe en-
hances the performance of scene coordinate regression
(SCR) based methods [5, 36, 68, 70], achieving compet-
itive results with a single low-map-size model without
the need for scene-specific depth supervision. While R-
SCoRe is competitive with the best performing method,
HLoc [19, 50, 51], we forfeit some ground at highest ac-
curacy. However, R-SCoRe demands 170× less memory
to store the map. This huge gap could already render SCR
based methods as an attractive alternative for some appli-
cations. Most other feature based methods (FM) also de-
liver significantly larger maps. While delivering compara-
ble performance for the Aachen Day dataset, they all fall be-
hind R-SCoRe on the Aachen Night dataset. The only FM
method [41] with a comparable map size is outperformed on
all metrics, e.g. [41] is 4-5× worse in accuracy on the night
dataset. Compared to other SCR methods that work without
depth supervision [9, 68] R-SCoRe is 10× superior in ac-
curacy. The so far most accuracte SCR based method [64]
produces large maps (27× larger) and is prohibitively slow

in inference. The next most accurate SCR method, [70] is
outperformed by 46% at night and highest threshold, while
R-SCoRe maintains a 6× smaller map size – without the
need for depth supervision. We observe a small gain in per-
formance if we utilize depth for supervision of R-SCoRe.

Hyundai Department Store. R-SCoRe again significantly
outperforms the SCR based methods [5, 68], including re-
cent ensemble networks [5, 9], see Tab. 3. Compared to
the state-of-the-art feature matching based localization [50]
we achieve competitive results with a single low-map-size
model and forfeit some ground at the highest accuracy
threshold. However, our model is at least three orders of
magnitude smaller for either feature [22, 49] incorporated
into [50], which can be a valuable advantage in practice.
Recall that depth supervision is not necessary for R-SCoRe,
but if available, it can also enhance performance further.
The B1 scene exhibits strong illumination changes and we
observe significantly better performance when using local
encodings from Dedode instead of LoFTR [62].

4.3. Implementation Details
Most hyperparameters follow default values [68] and ex-
tensive tuning is not performed, as we empirically find the
approach remains robust within a reasonable range, apart
from the trade-off between network size and performance.

Input Encodings. For local encodings, we perform PCA
to reduce their dimensionality to 128. The global encod-
ings are represented in 256 dimensions, consistent with the
R2Former [75] feature dimension used in GLACE [68] for
fair comparison. We estimate the covisibility graph based
on camera poses, using a weighted frustum overlap method
(details provided in the supplementary materials), with a
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Methods Dept. 1F Test Dept. 4F Test Dept. B1 Test
HLoc+D2-Net [22, 50] (78.0 / 82.8 / 88.0) / 398GB (84.2 / 89.8 / 92.0) / 183GB (73.7 / 79.3 / 87.2) / 505GB
HLoc+R2D2 [49, 50] (80.6 / 84.3 / 89.4) / 166GB (85.3 / 91.0 / 93.1) / 76GB (75.2 / 80.3 / 87.6) / 210GB
PoseNet [31] (0.0 / 0.0 / 0.4) / 41MB (0.0 / 0.0 / 0.1) / 41MB (0.0 / 0.0 / 0.1) / 41MB
ESAC (×50) [5] (43.3 / 66.3 / 77.0) /1.4GB (45.2 / 62.5 / 73.1) / 1.4GB (3.5 / 8.2 / 12.6) / 1.4GB
ACE (×50) [9] (14.1 / 54.4 / 75.5) / 205MB (27.3 / 70.9 / 84.1) / 205MB (2.7 / 14.4 / 29.3) / 205MB
GLACE [68] (5.6 / 21.3 / 48.6) / 42MB (8.4 / 29.8 / 51.6) / 42MB (0.9 / 4.4 / 11.9) / 42MB
R-SCoRe (LoFTR∗ [62]) (63.2 / 82.4 / 92.4) / 127MB (62.2 / 82.7 / 90.9) / 50MB (26.9 / 50.7 / 69.6) / 130MB

+ Depth (67.3 / 84.5 / 92.6) / 127MB (70.5 / 87.0 / 92.9) / 50MB (30.8 / 53.7 / 72.7) / 130MB
R-SCoRe (Dedode [24]) (61.4 / 80.2 / 90.9) / 127MB (60.2 / 79.3 / 87.9) / 50MB (60.1 / 77.3 / 89.6) / 130MB

+ Depth (63.9 / 83.3 / 90.8) / 127MB (76.7 / 89.3 / 93.0) / 50MB (61.5 / 77.6 / 88.8) / 130MB

Table 3. Hyundai Department Store Test Set evaluation. The percentages of query images within three thresholds: (0.1m, 1°), (0.25m,
2°), and (1m, 5°) and the map size are reported. R-SCoRe achieves competitive accuracy with a small map size. ∗We use LoFTR [62]
outdoor, trained on MegaDepth [38], instead of the indoor model trained on ScanNet [18] for the B1 scene with strong illumination change.

maximum viewing frustum depth of dv = 50 for outdoor
scenes and dv = 8 for indoor scenes.

Output Supervision. The supervision uses a dynamic ro-
bust loss bandwidth strategy inspired by ACE [9]. For
coarse intermediate outputs, the parameters, see Eq. (3), are
set to τmin = 1 and τmax = 50. In contrast, τmax = 25 is used
for the final output, which allows the refinement layer to fo-
cus on the most accurate predictions while the initial layers
do not ignore the optimization of relatively inaccurate pre-
dictions. Fixing σ2 = 1 in the depth-adjusted reprojection
loss, Eq. (6), allows us to control the behavior by adjust-
ing τ and σ3

σ2
. For indoor scenes, σ3 = 3 is applied, while

σ3 = 8 is used for outdoor scenes to account for different
scales. We perform optional depth supervision using depth
images rendered from the 3D model for the Hyundai De-
partment Store dataset and Multi-View Stereo depth maps
for the Aachen Day-Night dataset.

Network Architecture. We adopt the MLP architecture
and position decoder from GLACE [68] with expansion ra-
tio m = 2 for the MLP, and 50 clusters for the position de-
coder. With MLP width w=256

⌈√
n/1000

⌉
for n training

images, we scale the parameter count proportionally.

Training. We found that adopting the optimization settings
from ACE Zero [10] enhances both stability and conver-
gence speed compared to the original ACE [9]. Specifically,
we reduce the warmup ratio of the one-cycle learning rate
schedule [61] from 0.25 to 0.04 and lower the peak learning
rate from 5×10−3 to 3×10−3. For our evaluation we adopt
similar training parameters to GLACE [68], including a lo-
cal feature buffer size of 128M, a large batch size of 320K
and a training duration of 100k iterations.

Testing. At test time, we retrieve the 10 nearest training
images with NetVLAD [1]. The global encoding and re-
trieval features for training images are precomputed and
compressed using Product Quantization [28]. For final pose

Dept. 1F Val Dept. B1 Val
ACE [9] 68.7 87.5 95.9 14.1 28.3 45.8
LoFTR∗ [62] 72.3 88.7 95.5 29.4 51.3 69.6
Dedode [24] 70.6 86.6 95.5 57.7 74.7 86.7

Table 4. Ablation study of local encoders. Accuracy at (0.1m,
1°), (0.25m, 2°), and (1m, 5°) thresholds are reported. Utiliz-
ing pretrained, off-the-shelf feature extractors improves the per-
formance, especially under challenging conditions (B1).

Dept. 1F Val
R2Former [75] w/ Gaussian 34.1 60.1 78.3

+ Multi Hypotheses 42.1 74.5 92.2
+ Covis Augmentation 62.0 83.8 94.8
+ Covis Encoding 72.3 88.7 95.5

Table 5. Ablation study of global encodings. We experiment
with using multiple hypotheses at test time, applying covisibil-
ity graph-based data augmentation during training, and learning
global encodings directly from the covisibility graph. Accuracy at
(0.1m, 1°), (0.25m, 2°), and (1m, 5°) thresholds.

estimation, we utilize PoseLib [33] with a maximum repro-
jection error of 10 pixels and up to 10,000 RANSAC iter-
ations. On our PC (NVIDIA RTX 2080 GPU & Intel i7-
9700K CPU), the average inference time for a 640×480
query image is 140 to 270 ms in total.
• Global: NetVLAD (20ms), Retrieval (<1ms)
• Local: LoFTR (7ms) or DeDoDe (50ms)
• MLP: w = 768 (70ms) or 1280 (160ms)
• Pose Solving: 40ms

4.4. Ablation Study Results
In our ablation studies, we investigate the impact of the dif-
ferent components in R-SCoRe. We evaluate on the valida-
tion split for the Hyundai Department Store dataset. Since
the Aachen Day-Night dataset does not provide a validation
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Aachen Day Aachen Night
FM Covis 75.4 87.6 95.8 64.3 89.8 95.9
Pose Covis 74.8 86.9 96.4 64.3 89.8 96.9

Table 6. Ablation study of covisibility graph. Building the
covisibility graph using frustum overlap performs similarly to uti-
lizing feature matching. Accuracy at (0.25m, 2°), (0.5m, 5°), and
(5m, 10°) thresholds.

Supervision Dept. 1F Val Dept. 4F Val
Original 62.3 82.2 93.7 59.1 82.2 97.6
Adjusted 70.6 86.6 95.5 63.9 84.2 98.3

Depth 76.8 88.1 95.6 68.5 84.9 98.5

Table 7. Ablation study of supervision methods. Origi-
nal refers to the original reprojection error supervision, Adjusted
refers to our depth-adjusted reprojection error supervision, and
Depth uses ground truth depth for supervision. Accuracy at (0.1m,
1°), (0.25m, 2°), and (1m, 5°).

split, we evaluate on the test set.

Local Encoding. As shown in Tab. 4, for large scale indoor
scenes with small illumination changes, alternative off-the-
shelf local feature extractors [24, 62] achieve similar or even
superior performance compared to the original ACE [9].
Note that this finding contradicts earlier investigations [9]
that prefer a specifically trained backbone in their work.
Additionally, local descriptors trained on MegaDepth [38],
especially Dedode [24], demonstrate greater robustness in
scenes with significant illumination changes.

Global Encoding. Retrieving global encodings from train-
ing images avoids the domain gap. Better retrieval method
and multiple hypotheses verification can help resolve am-
biguities. Without retraining (Tab. 5), utilizing multiple
global hypotheses at test time (+ Multi Hypotheses) results
in a direct performance improvement in complex scenes.
The performance improves significantly, once we incorpo-
rate our covisibility graph-based data augmentation dur-
ing training. In particular, we replace isotropic Gaussian
noise [68] with our more precise covisibility-based tech-
nique (+ Covis Augmentation). Finally, learning the global
encoding directly from the covisibility graph (+ Covis
Encoding) reduces the interference between non-covisible
training images and thereby facilitates implicit triangula-
tion, especially in indoor scenes with significant ambiguity.

Finally, we also explore the effect of computing the co-
visibility graph via feature matching [19, 51]. As shown
in Tab. 6, using a more accurate graph yields no significant
improvement, indicating that R-SCoRe is robust to the qual-
ity of the covisibility graph. Therefore, our simple frustum
overlap-based graph is sufficient for effective performance.

Supervision. Our depth-adjusted supervision effectively
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Figure 5. Ablation study of depth distribution after training
with different supervision methods. Our depth-adjusted super-
vision matches the distribution of ground truth depth for supervi-
sion as compared to the original.

mitigates the bias towards distant points and enhances the
implicit triangulation of nearby points. As demonstrated
in Fig. 5, depth-adjusted supervision significantly alters the
depth distribution of predicted points, alleviating the pre-
vious ignorance of nearby points. This adjustment brings
the distribution closer to that achieved with ground truth
depth supervision, demonstrating a substantial reduction in
the bias inherent in the original supervision approach.

In Tab. 7, we observe that depth-adjusted supervision
also leads to notable improvements in localization accuracy,
particularly under stricter thresholds, where accurate trans-
lation estimation relies heavily on near points. Even without
ground truth depth supervision, depth-adjusted supervision
enables the model to achieve competitive performance.

5. Conclusion

In this work, we revisited scene coordinate regression
(SCR) methods for robust visual localization in large-scale,
complex environments. We analyzed the design principles
of input encoding and training strategies, identifying sev-
eral areas for enhancement. Our proposed R-SCoRe in-
cludes a covisibility graph-based global encoding learning
and data augmentation strategy, a depth-adjusted reprojec-
tion loss to improve the implicit triangulation, and also
other improvements including better architecture and local
feature. Our contributions advance the state-of-the-art in
SCR and demonstrate that SCR-based localization methods
can achieve competitive performance in large-scale applica-
tions. While operating at comparably very small map sizes,
R-SCoRe trails the state-of-the-art FM-based localization
methods only at the strictest error thresholds. Although
out-of-distribution generalization remains challenging, and
gaps persist in handling extreme cases, given the relatively
small history of SCR, we are positive the accuracy gap can
be closed completely in the near future.
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