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Abstract

We present ON3R, an online-trained neural regressor
addressing sparse-view structureless localization, where
database images have limited visual overlap and no pre-
built 3D map. Given any sparse matches between a query
and a K-tuple of posed database views, ON3R predicts
3D coordinates for matched query keypoints, supervised
by database reprojection residuals and a monocular depth
prior. Afterwards, the absolute pose of the query is esti-
mated via P3P-RANSAC and refined with lightweight bun-
dle adjustment. Across MegaDepth, Cambridge Land-
marks, and a sparsified version of Aachen Day-Night,
ON3R outperforms existing methods. ON3R is particu-
larly effective when the data is extremely sparse — we fo-
cus on K <10 database images. The code is available at
https://github.com/ludvigdillen/ON3R.

1. Introduction

Finding the camera pose of a query image has been ad-
dressed by multiple types of methods over the years [37,
43, 52, 54].  All such methods require some representa-
tion of the world and/or posed database images defining
the coordinate system. If the world is represented by es-
timated 3D points, we call the method structure-based; if
not, it is structureless. Most research today focuses on
structure-based localization methods known for their high
accuracy, whereas structureless approaches remain under-
explored [33]. However, in sparse-view settings, low visual
overlap makes triangulation unreliable and consequently
structure-based methods brittle. Beyond this, structure-
less localization methods often offer advantages over their
structure-based counterparts in terms of reduced precompu-
tation, easier database maintenance, and lower storage re-
quirements [13]. This work addresses sparse-view struc-
tureless localization and presents a new method which we
call ON3R (Online Neural 3D Regression).

Under curated data acquisition, structure-based methods
typically dominate due to their accuracy in settings with rich
covisibility [37, 43]. However, in surveillance or station-
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Figure 1. Regressing 2D-3D correspondences with ON3R.
ON3R estimates the absolute pose of a query image by compar-
ing it to K posed database images and remains robust even when
the database images have little or no mutual overlap (i.e., star-
topology data). As input, ON3R takes sparse matches (no visual
features) between the query and each database image. For every
matched query keypoint, ON3R regresses a 3D point by training
a compact MLP on-the-fly, supervised by reprojection errors and
a monocular depth prior. The resulting 2D-3D matches are then
used to estimate the absolute pose, which, together with the re-
gressed 3D points, is refined with lightweight bundle adjustment.

ary camera setups, cameras are commonly placed with lim-
ited overlap to minimize cost, resulting in sparse coverage
(camera poses are typically obtained through offline man-
ual calibration due to the limited image overlap). In such
scenarios, localizing against live imagery is often required
due to frequent scene changes (e.g., vehicles in parking lots
or packages on factory floors). Sparse-view settings also
occur when storing all captured images is infeasible, e.g.,
when autonomous platforms rapidly acquire large volumes
of data but, due to storage or transmission constraints, retain
only a sparse subset. In this setting, the data often comes
from multi-camera systems with naturally low overlap, and
poses are obtained from on-device odometry. We target this

21794



Input
Query-database Tuple

@ Tk
q - ) - Cha¢nge d{cv Scale M
> xk () C ) —> Xk _>| Coord. Sys. |_> | e | Diff. |<_dk
7y

P

Pairwise Matches: {(x}, x,:k)}

v dév Y
Gradient Update ¢ I;rsjlect w \ Y Y
& Iterate W AL Calculate Residuals |
Xy Ky, l
Loss

L= prR) +AD () =Y dif

dN'>0 ¥>0

re Stop? |

A

7<0

Yes

Intrinsics: {Kj};'(:o

K
Database Poses: {Pf}j=1

| Neural Point Regression: Sec. 3.2 “ Monocular Depth Prior: Sec. 3.4 |

Depth at Database Keypoints: d}’cw

| Supervision & Criterion: Sec. 3.5 ”

M Output
| RANSAC+P3P |—>| BA |—> P
Standard Algorithms | 0

Figure 2. Flowchart of ON3R illustrating how our lightweight MLP that is trained per query-database tuple, regresses 3D points using re-
projection and depth (estimated using MoGe-2 [53]) residuals. Once convergence is reached (low residuals, no improvement, or maximum
epochs), the absolute pose is estimated from the resulting 2D-3D correspondences and subsequently refined through bundle adjustment.

regime and propose ON3R: it online learns 2D-3D corre-
spondences supervised by database reprojection errors and
a monocular depth prior, then estimates the pose via robust
estimation followed by lightweight bundle adjustment — in-
tegrating as a drop-in pose estimator after standard image
retrieval and matching.

In Fig. 1 and Fig. 3, typical sparse-view settings are
shown. We call such a data structure star-fropology, i.e.,
the query image overlaps with each retrieved database im-
age, while the database images have little or no overlap
with each other. For star-topology data, structure-based
methods can triangulate only a limited — or even no — 3D
model. Current structureless methods, however, can be used
to get the absolute pose of a query image but lack perfor-
mance. In these challenging cases where existing methods
fail, ON3R maintains competitive performance.

The core idea of ON3R is that when reasoning about
the query-database geometry, it can be beneficial to do so
jointly over database images, even if their overlap is limited.
Namely, ON3R regresses 3D correspondences for matched
query keypoints and uses the smoothness of neural networks
to reason about 3D space. The query keypoints are lifted
into 3D space with an MLP, which is trained per query su-
pervised by reprojection residuals in database images. To be
even more robust to star-topology data where depth is am-
biguous, we also use a monocular depth prior. Finally, the
absolute pose is obtained via P3P-RANSAC [12, 17] on the
2D-3D correspondences, followed by pose refinement with
bundle adjustment. See Fig. 2 for an overview of ON3R.

Our main contributions are
* We propose a novel structureless localization framework

designed for star-topology data, where database images
have little or no mutual overlap.
* We introduce a new perspective on camera localization,

where a neural network is learned from online-guided ex-
plicit geometric supervision instead of relying on prebuilt
3D maps or fragile pose regression techniques.

* ON3R achieves state-of-the-art performance on challeng-
ing sparse-view localization benchmarks, including set-
tings where structure-based methods fail.

We hope this work will encourage further research on local-

ization for sparse-view scenarios with explicit geometry.

2. Related Work

Beyond the structure-based and structureless categoriza-
tion, it is also possible to categorize methods by their
network’s scene dependency. Methods like absolute pose
regression and scene coordinate regression learn differ-
ent network weights for each scene, making them scene-
specific. In contrast, methods such as PixLoc [39] and
HLOC [37] require a 3D map to localize but have no scene-
specific weights, making them scene-agnostic. Conversely,
ONB3R learns a query-specific network.

Important localization aspects — including privacy, scal-
ability, maintainability, flexibility, speed, storage efficiency,
and accuracy — largely depend on the chosen method cat-
egory. More concretely, for structure-based or scene-
specific methods, removing an image from the database re-
quires updating the corresponding 3D descriptors or net-
work weights. In other cases, such as rapidly changing
scenes, continuously reconstructing SfM maps or retraining
large networks becomes computationally expensive.

2.1. Structure-based Localization

Traditional image-based localization methods rely on in-
crementally [43] or globally [32] constructed 3D maps.
State-of-the-art pipelines such as HLOC [37] use these
maps to determine the absolute pose of a query image.
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Figure 3. Example tuples. Each row presents a test query and a 2-tuple of database images from the MegaDepth dataset and the model
output. Keypoints with matches are shown in red, projected 3D points in green, and residuals in blue (barely visible due to their small
magnitude). For the query images, keypoints are projected into the ground truth pose for visualization. The 3D model is optimized during
training, first with a coarse network prediction, followed by refinement via bundle adjustment. In the scene visualizations, we show the
true poses of the query and database images, as well as the estimated query pose (not visible for the second row due to the viewing angle).

Given a query, HLOC [37] first retrieves the K most sim-
ilar database images. A sparse matcher — such as Su-
perGlue [38] or LightGlue [30] — on top of descriptors
like SuperPoint [10] or DISK [49] is then used for 2D-
2D image matching. Each matched database keypoint
with an associated 3D point provides a 2D-3D correspon-
dence. All such correspondences are subsequently passed
to RANSAC [17, 25] with a P3P solver [12, 35] to find the
absolute pose of the query image. These methods remain
state-of-the-art for large-scale localization but are inflexi-
ble, computation-heavy, and require significant engineering
and storage overhead.

2.2. Scene Coordinate Regression

We call scene coordinate regression (SCR) methods im-
plicit structure-based as they learn a neural representation
of a scene using posed database images without storing ex-
plicit scene points [2—4, 28, 46, 50]. A scene-specific net-
work is trained on top of a scene-agnostic feature extractor
by predicting 3D coordinates from image patches, super-
vised using reprojection errors. The depth of 3D points
should be ambiguous as only single-view constraints are
used, but it can be inferred due to neural network smooth-

ness. This is similar to ON3R, with the key difference
that in SCR, smoothness is enforced over visually similar
patches, whereas ON3R is smooth in the spatial domain.
SCR methods are faster than structure-based counterparts
for query pose estimation, thanks to a scene-agnostic fea-
ture backbone [3], the single-view constraints, and only
needing one inference pass to get 2D-3D matches. Never-
theless, they typically require hundreds of database images
and several minutes [3] to learn a scene-specific network
(in contrast to our query-specific network). Thus, they are
inherently scene-specific and impractical in sparse-view or
dynamic settings, as we also show in our experiments.

2.3. Structureless Localization

Structureless localization methods operate without a pre-
built 3D map, placing ON3R in this category.

Pose regression can be divided into two categories: ab-
solute pose regression (APR) [8, 22, 23] and relative pose
regression (RPR) [11, 14, 26]. RPR methods take an im-
age pair as input and predict the relative transformation be-
tween their camera poses. These approaches are typically
fast since they solve the problem end-to-end with a neural
network, though it often comes at the cost of interpretability.
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Laskar et al. [26] retrieve the most similar database images
and then use a CNN to regress the relative pose between the
query and retrieved images. The more recent method Re-
loc3r [14] uses a vision transformer backbone encoder and
decoder [15, 54-56] to encode the image pair, to then obtain
the relative pose with a pose regression head. RPR methods
are suitable as baselines in our setup, as relative poses be-
tween a query and database images can be aggregated via
motion averaging to an absolute query pose estimate.

APR methods, in contrast, regress the absolute pose of a
single image. PoseNet [23] pioneered this line of work by
solving the problem fully end-to-end with a neural network.
More recently, Chen et al. [8] observed that APR networks
often struggle when trained with limited data per scene.
To address this, they proposed combining a scene-specific
representation based on scene coordinate regression with a
scene-agnostic absolute pose regression network, thereby
improving performance in data-scarce settings. However,
APR methods still require substantially more than just a few
images, making them unsuitable for our sparse-view setup.

Foundation models have in the past few years pro-
foundly impacted the computer vision community. With
the introduction of DUSt3R [54], a wide range of 3D tasks
became directly solvable using an end-to-end neural net-
work and well-known algorithms. Following its release,
numerous extensions and derivatives have been proposed
[5, 19, 21, 27, 48, 51, 52, 57] building upon DUSt3R’s
model and dense correspondence fields. VGGT [52] ex-
tends DUSt3R to multi-view settings, taking an arbitrary
number of input images and jointly predicting camera pa-
rameters , depth maps, point maps, and point tracks.

SfM models on the fly can be created using transitive
matching, meaning that whenever a query keypoint matches
at least two database images, an implicit 2D-3D correspon-
dence is obtained as the 3D point can be triangulated from
the posed database images [18, 33, 36, 41]. The abso-
lute pose of the query is then estimated with P3P inside
RANSAC followed by potential bundle adjustment. After
that, a second pass of the method can be run with all query
keypoints added to the tracks, creating additional tracks and
more constraints for already triangulated 3D points. This
second pass is crucial when the number of tracks from the
first pass is limited. Once again, after 2D-3D matches have
been established and the refined query pose estimated, bun-
dle adjustment can be run.

Motion averaging can be used when relative poses be-
tween the query and the retrieved images have been es-
timated [13, 26, 33, 58]. Typically, the global rotations
are first estimated using rotation averaging [6, 7, 31] after
which the global translations are recovered by triangulating
camera centers in a common coordinate frame [6, 13].

3. Method

We will now describe ON3R, which takes a K-tuple of
posed database images and estimates the camera pose of
a query image. The core component is the regression of 3D
coordinates, for all query keypoints. This is done with a
compact neural network (N), trained online for each query.
Given sparse matches and a monocular depth prior, the ab-
solute pose of the query camera is estimated using the 2D-
3D correspondences. Afterwards, the solution is refined
with bundle adjustment. An overview of ON3R is given
in Fig. 2. In the following sub-sections, we present our ap-
proach in detail.

3.1. Problem Formulation

Our goal is to estimate the 6-DoF world-to-camera pose
Py = [Ro|to], where Ry € SO(3), to € R3, of a query image
with known intrinsics Ky by comparing it to a K-tuple of
database images with known intrinsics {K;}/<, (note that
K with subscript denotes intrinsics and without subscript
denotes tuple length) and extrinsics {(R;,¢;)}/<,. The
main input to ON3R is a set of matches between %uery key-
points {z;0}¥ ; and database keypoints {z;;} fvzl j—1» With
a mask {mij}fv:’szl indicating match presence (m;; = 1)
or absence (m;; = 0). This gives M; = S~ | m,; active
keypoints per database image and M = Z]K:1 M; overall.

3.2. Neural Point Regression

The network A/ predicts a 3D point, X, in the world coordi-
nate system given a 2D query keypoint, x;¢, yielding 2D-3D
correspondences { (70, X;)}Y; used to estimate the abso-
lute pose. At every network iteration, the 3D points are
projected to each database images by,

xi\]/ = d—j\ﬂ, with  X;; = R; X; + 5, Q)
(]

where d{\j[ is the depth (third element of X;;). Then, we
measure consistency with the matched keypoints,
iy = oy = 55 @i DT, @)
Residuals are retained only where m;; = 1 (i.e., a match
exists), corresponding to applying the match mask m;; to
ré, yielding g, k=1,2,..., M (M = Y10, S5 my).
Note that, similar to SCR, this does not require the keypoint
to be seen in multiple map images. Importantly, the network
is trained from scratch for each new query-database tuple.
When the query keypoints are input to ON3R, they are
first normalized using the query image width and height to
be in the range [0, 1]. Then, a fixed positional encoding
[sin(2/2), cos(2fx)]‘}:0 is applied. It is then concatenated
with the normalized coordinates, =, and input to a 7-layer
MLP that outputs a 3D world coordinate for each query
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keypoint. Note that no visual features are used and that
each keypoint is processed separately. See Appendix A for
details on how we initialize the bias of the final layer and
apply a similarity transform to the database poses, placing
the initial predictions in a plausible region of the scene.

3.3. Monocular Depth as Prior

In cases where the database images have no overlap at all,
the network cannot infer the point depth by simply mini-
mizing reprojection residuals. To solve this issue for most
cases, we regularize the depth in the reference views using
the monocular depth estimator MoGe-2 [53]. MoGe-2 pre-
dicts metric scale depth for single images and sets a clear
state-of-the-art on several benchmarks. Since our scenes
are not necessarily in metric scale, we convert our predicted
depths, d{e‘[ , to metric scale by estimating a global scale fac-
tor . Let d{c\[, dﬁ/‘, k =1,..., M denote depths from our
network and MoGe-2, respectively. The scale factor v min-
imizes

M &2

> wp (v — ) = 3)

2 : c od 27
] s + min(rf, s ;)

aligning our depths with MoGe-2’s metric scale. The
weights wj, downweight outliers based on the reprojection
residuals rj, and depend on the robust scaling factor s used
in our loss (see Eq. (6) and Appendix C). The starting scale
factor for the depth loss is s{;, = 292, where f is the focal

length. Setting the derivative of Eq. (3) to zero yields
M M
v =Y widla [ widtay, )
k=1 k=1

We can then compute depth residuals in the same scale as
image coordinates by

g = (yd —dt) Ja. )

If v < 0, residuals may be small despite opposite depth

signs. For such cases, we omit supervising on r,‘f.

3.4. Supervision

The residuals rf, (Eq. (2)) and ?"g (Eq. (5)) are used in a
modified version of the robust Cauchy loss where

2
p(r) = s (1 + ;) . ©6)

The difference between this and the standard Cauchy
loss [1] is that we multiply the logarithmic term by s rather
than by s2. Why we do this, how we robustly scale s dur-
ing training, and how the value of s determines the network
stopping criterion is specified in Appendix C.

Finally, we also add a depth loss that is activated when-
ever v < 0, penalizing 3D points appearing behind their

corresponding database camera, forcing the 3D scene to be
in front of the reference views. Added together, the full net-
work loss can be formulated as

d .
=2 p(rﬁ)+{kz”’(r’“) L)

_ N £y <
d£/>0 Zk: dk 1f*‘}/ = 07

with A = 0.1. Before adding the reprojection term to the
loss, we let the network train a few dozen epochs to obtain
a crude depth estimate.

3.5. Robust Estimation and Bundle Adjustment

Once the network has converged, all 2D-3D correspon-
dences regressed by the network are inserted into P3P-
RANSAC [12, 17, 25], giving an initial query pose esti-
mate. Then, the query pose and the 3D points are refined
with bundle adjustment, where the database poses are fixed.
Inside the bundle adjustment, the residuals are input to the
robust Cauchy loss, and the objective is minimized with the
Sparse Schur Complement trick implemented in Ceres [1].

4. Experiments

We first present the metrics used for the experiments. After
that, we carefully go through all the baselines, as this type
of extremely sparse setting has no standard baselines. We
evaluate our method by subsampling existing localization
datasets with dense map coverage. This choice is driven
by the difficulty of obtaining accurate ground truth poses
in genuinely sparse real-world scenes, where reconstruc-
tion pipelines often fail or require substantial manual ef-
fort. This follows established practice in prior work (see
e.g. [20]), where images from dense view-graphs are se-
lectively removed to simulate sparse coverage. We bench-
mark our method for tuple lengths 2, 3, and 4 on the datasets
MegaDepth [29] and Cambridge Landmarks [23]. For both
datasets, we test on 300 tuples for each tuple length. Next,
we compare the localization performance on sparsified ver-
sions of the Cambridge Landmarks and Aachen Day-Night
datasets between the state-of-the-art HLOC and ON3R. Si-
multaneously, we show that our network settings are insen-
sitive to the dataset and the tuple length, as we use the same
hyperparameter configuration for every experiment. If not
mentioned otherwise, we use LightGlue [30] as a matching
method and SuperPoint [10] as keypoint detector and de-
scriptor. In Appendix B, we show that ON3R can also be
applied with the dense matcher RoMa [16] on MegaDepth
and ScanNet [9]. All experiments were run on an NVIDIA
GeForce RTX 4090. More details on the network architec-
ture and hyperparameters are given in Appendix D. To get a
better sense of the type of sparse-view data we evaluate on
and the 3D reconstruction that ON3R outputs, see Fig. 3.
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K =2

(er,et)d  (e1,62,€3,64)T  (em,e0)d

K =3 K =4
(emr,et)d (e

(e1,62,€3,€4) T 1,62,€3,€4) 7

Transitive Matching
Motion Averaging

134,1.89 4.7, 18.0,41.3,62.7

1.40,3.06 0.7, 3.7,21.7,63.0

0.28,0.38 10.0,37.3,74.7,89.7  0.18,0.28 10.7,45.3, 88.0, 96.7
0.66,2.50 0.0, 4.7,28.7,68.0

0.74,4.06 0.0, 3.7,20.3,55.3

VGGT 1.11,3.67 0.0, 23,143,580 0.80,295 0.0, 0.7,19.7,63.7 0.78,2.65 0.0, 2.3,23.3,65.7
Reloc3r 0.90,2.83 0.0, 2.0,16.3,64.7 0.61,2.14 0.0, 1.0,26.0,71.7 0.61,2.78 0.7, 1.3,25.0,68.0
ACE 27.62,435 00, 03, 1.3,11.3 2891,3.65 0.0, 0.0, 1.3, 8.0 28.03,3.94 0.0, 0.0, 2.7,11.7
ON3R 0.37,045 7.7,27.3,71.0,85.0 0.21,0.30 9.3,42.3,85.3,94.0 0.15,0.21 13.3,55.3,94.0, 97.7

Table 1. Results on MegaDepth for K = 2, 3, 4. Metrics are median rotation/translation errors (¢ g, ;) and recall (1—£4).

4.1. Metrics

For all experiments, we report a subset of the following met-
rics: the median rotation error in degrees, the median trans-
lation error in meters, and recall measured at thresholds
g1 = (1°,0.1m), e = (2°,0.25m), €3 = (5°,0.5m),e3 =
(5°,1m),e4 = (10°,5m). Recall is defined as the percent
of test queries for which both the rotation and translation
errors fall below the specified thresholds. The rotation error
and translation errors are calculated as

r(RT R)— AT 7
(er,e1) = (arccos %, |RTt — RTt||2). (8)

For simplicity, the median rotation and translation error
are denoted as e and ¢; in the tables. We use bold and
underline to highlight the best and the second best method.

4.2. Baselines

We have five different baselines for our main experiments.
(1): Transitive matching (as explained in Sec. 2.3) with
a second pass and bundle adjustment after both passes.
(2): Matching+motion averaging first estimates a relative
pose Pj_.o between each query-database pair. Then, Re-
loc3r’s [14] motion averaging module is used to convert the
K relative pose estimates to one absolute pose estimate. For
the rotation part, we obtain K absolute query rotation esti-
mates R((JJ) = R;_,oR;,j = 1,..., K in world-to-camera
form. After that, the absolute rotation is chosen as the me-
dian rotation in the quaternion representation. For the trans-
lation part, the sum of squared distances from the estimated
camera center to the translation rays, coming from the rel-
ative pose estimates, is minimized using a least squares
solver. For both transitive matching and motion averaging,
the same input matches as for ON3R are used.

(3): VGGT [52] is run by estimating the poses of all
database images in the query’s coordinate frame. After
that, all query-database relative pose estimates are con-
verted to the world coordinate frame using the motion av-
eraging module in Reloc3r. (4): Reloc3r [14] relative pose
estimates are converted to a query absolute pose as above.

(5): the SCR method ACE [3] is the last baseline. For
smaller scenes like ours with only a few images, feature

extraction is nearly instantaneous, but head training still re-
quires several seconds to tens of seconds. Across all tested
configurations, the results were both slow and inaccurate,
so we report only one of the faster variants to enable testing
across multiple datasets. Notably, extending head training
yielded no significant accuracy improvements.

4.3. MegaDepth

MegaDepth [29] is a large outdoor dataset comprising many
scenes. As ON3R is trained online, only the two test
scenes are used. Star-topology data can be sampled us-
ing the covisibility data coming with the dataset. The
star-topology sampling algorithm first searches for difficult
query—database tuples. If too few are found, the covisibil-
ity threshold is relaxed and sampling is repeated (see code
for details). Because MegaDepth scenes are not in metric
scale, we have manually estimated the metric scale factor
using Google Maps to get more realistic translation errors
in the evaluation.

As seen in Tab. I, our method surpasses the baseline
methods with a large margin, with the difference being most
prominent for only two database images (K = 2). Transi-
tive matching comes closest, though it still clearly lags be-
hind. The accuracy of pose regression methods is simply
too low, and ACE has a hard time inferring depth with only
single-view constraints when training on so few images.

4.4. Cambridge Landmarks

Cambridge Landmarks [23] is a dataset covering five out-
door sites around the Cambridge campus. As we want our
test set to consist of star-topology data, we need to use
covisibility information. We therefore construct it from

COLMAP [37, 43-45] SfM data and define covisibility as

|31232| (ﬁ + ﬁ) where S; and S5 are the sets of 3D

points for two images.

In Tab. 2, we report the experimental results. As on
MegaDepth, we achieve state-of-the-art performance. In-
terestingly, our method and transitive matching estimate
translation considerably more accurately than other meth-
ods, whereas VGGT is competitive in terms of estimating
the orientation. Across all tuple lengths, ON3R achieves
the highest or tied highest overall recall, confirming its ro-
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K =2

K =3

K=4

(er,et)d  (e1,e2,e3,e4)T (emrset)d  (e1,€2,e3,€4)T  (em,et)d  (e1,€2,€3,€4)7
Transitive Matching 2.49,1.02 5.7,23.7,49.7,61.0 0.71,0.31 12.3,41.0,78.0,90.0 0.39,0.18 25.3,58.0, 91.7, 99.0
Motion Averaging 1.17,1.69 1.7, 6.0,38.0,74.3 0.98, 1.02 2.3,10.7,49.3,83.3  0.85,0.94 4.3,17.7,51.7,87.0
VGGT 0.63,1.52 1.3, 57,353,773  0.61,0.90 2.0, 10.0, 53.7,90.0  0.45, 0.66 4.0,20.7,61.7,93.3
Reloc3r 0.88,1.72 1.0, 6.3,30.3,74.0 0.83, 1.40 0.0, 6.3,41.3,83.0 0.64,0.91 2.0,13.7,53.3,88.3
ACE 18.36,8.46 0.0, 0.0, 2.0,13.0 12.12,6.19 0.0, 0.0, 5.0,29.7 8.39,3.67 0.0, 1.3,12.3,48.3
ON3R 0.91,0.51 8.7,28.3,68.7,87.3  0.66,0.32 12.0,41.0,79.0,95.3 0.40,0.18 23.0, 60.0, 90.0, 99.0

Table 2. Results on Cambridge Landmarks for K = 2,3, 4. Metrics are median rotation/translation errors (er, €¢) and recall (€1-€4).

GreatCourt KingsCollege OldHospital ShopFacade StMarysChurch

(er,et)d | (e2,€4) (er,e0)d | (e2,€4)7 (er,et)d | (e2,€4) (er,et)d | (e2,€4) (er,et)d | (e2,€4) T
HLOC, K =5 30.80,27.91| 04,413 0.66,0.43 | 22.5, 86.3 0.62,0.40 | 23.6, 94.5 64.98, 16.66 | 23.3, 42.7 53.50,24.03| 0.0, 0.0
ON3R, K =5 23.73, 5.23| 4.1,323 0.57,0.37 | 28.0, 85.1 0.61,0.34 | 33.5, 93.4 5.75, 2.47|25.2, 51.5 4.88,13.35 | 11.1, 35.5
HLOC, K = 10 2.69, 3.92| 34,547 0.48,0.34 | 33.5, 91.3 0.44,0.29 | 37.9, 98.4 2.01, 0.43]38.8, 61.2 6.93,16.83 | 13.0,39.3
ON3R, K =10 0.85, 1.41]10.4, 64.1 0.35,0.28 | 43.7, 99.7 0.53,0.30 | 44.5, 98.9 1.54, 0.34|40.8, 69.9 0.91, 0.35 | 38.3,70.6
HLOC full 0.11, 0.18 | 62.4,99.9 0.21, 0.11 | 74.6, 100.0 0.30, 0.14 | 67.6, 100.0 0.20, 0.04 | 95.2,100.0 0.22, 0.08 | 96.4,99.8
ONB3R full 0.12, 0.22]55.9,99.1 0.22,0.12 | 77.0, 100.0 0.35,0.16 | 62.1, 98.9 0.20, 0.05 | 96.1, 100.0 0.24, 0.07 | 96.0, 99.8

Table 3. Full retrieval on subsampled Cambridge Landmarks scenes. Each scene is subsampled so that only K database images
remain, from which both HLOC and ON3R retrieve all. For reference, we also show the performance of HLOC and ON3R when retrieving
K =10 images (the HLOC default) from the full database. In this non-sparse setting, HLOC performs slightly better.

bustness under extremely sparse conditions.

4.5. Comparison to Structure-based Localization

To compare ON3R against state-of-the-art structure-based
approaches, we compare with HLOC [37] on Cambridge

Day

Night

(e2,€3,e4) 1

(e2,€3,e4)1

HLOC sparse 38, 64,125 2.6, 5.8, 99
ON3R sparse 3.5, 7.5,22.7 3.1, 52,157
HLOC full 89.1, 96.1, 99.3 74.3, 89.0, 99.0
ON3R full 67.1,86.2,95.1 58.6,79.1,90.1

Landmarks [23] and Aachen Day-Night v1.1 [40, 42, 59].

4.5.1. Cambridge Landmarks

We test on two versions of the Cambridge Landmarks
dataset: one with 5 and one with 10 images retained per
scene. Both methods retrieve all available database im-
ages during localization. The results in Tab. 3 show that
our approach outperforms HLOC, being worse on only 5
metrics, and better on the remaining 35 metrics. HLOC per-
forms competitively only on OldHospital, while our method
achieves superior results on all other scenes.

4.5.2. Aachen Day-Night

For Aachen, we create a 99% sparsified version of the
outdoor dataset where only 67 of 6697 images remain.
This makes absolute pose estimation difficult: database im-
ages may not be covisible, rendering triangulation infeasi-
ble and depths inestimable from query-database correspon-
dences. Another challenge is maintaining robustness to out-
liers among the K retrieved images. HLOC handles this
well, as false image pairs typically yield few correspon-
dences that RANSAC [17] can reject.

In our pipeline, it is crucial that the regressed 3D scene
remains within the query camera frustum. As the network
is a relatively smooth function over function input (query

Table 4. Sparsified Aachen. Comparison between HLOC and
ON3R on Aachen Day-Night v1.1 under 99% database sparsity,
using K = 3 retrieval. For reference, we also report results for
HLOC and ON3R on the full database with K = 50. Note that
ON3R is not designed for such a large retrieval setting, although
it still functions correctly. ON3R is inherently more sensitive to
faulty retrieval, as all residuals and database poses influence both
the learning process and the initialization of the 3D point cloud.

image coordinates), residuals from outliers must be down-
weighted to avoid erroneous reconstructions. Our problem
addresses this with the robust Cauchy loss, though the setup
continues to be inherently difficult. Initializing the scene
origin is also challenging, as database cameras may lie in
widely separated parts of the map.

Results from this experiment, evaluated on visuallocal-
ization.net, are reported in Tab. 4. At lower thresholds, per-
formance is largely tied between HLOC and ON3R. How-
ever, at the upper threshold ¢4 = (10°,5m), ON3R has
81.6% and 58.6% higher recall at day and night, respec-
tively. One reason for this could be that ON3R, unlike
HLOC, does not rely on covisibility between database im-
ages, enabling localization for star-topology structured data.
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Figure 4. Network smoothness on KingsCollege. A dense recon-
struction of KingsCollege from Cambridge Landmarks learned by
our network. The green points are the only ones used during train-
ing, whereas the rest of the pixels (the concave hull of the query
keypoints) lifted to 3D space are given for free following the net-
work smoothness. The 3D points here have not been refined with
bundle adjustment, so in practice, the locations of the query key-
points are even more precise.

4.6. Ablation Study

In Tab. 5, we modify individual components of our method
to analyze their impact. Evidently, bundle adjustment is
highly important for accuracy while adding merely 20 mil-
liseconds of computation time. The monocular depth prior
is also a crucial component, even though it accounts for
40% of the total processing time. For this particular dataset,
the maximum number of network epochs can be reduced
by a factor of 10 without a substantial drop in performance.
Interestingly, removing MoGe-2 and limiting training to a
maximum of 50 epochs provides a fast alternative when
speed is prioritized. Lastly, we tested the DISK [49] de-
scriptor and observed that it yields higher accuracy than Su-
perPoint [10] but at a higher computational cost.

time [s]l eg,e: €1,€2,€3,64 T
ON3R 055 037,045  7.7,27.3,7L0, 85.0
w/o BA 0.53 4.11,9.31 0.0, 0.3, 7.0,33.0
w/o MoGe-2 0.33 0.55, 0.84 6.7,21.0,54.3,65.3
50 epochs 0.41 0.39, 0.47 7.7,25.3, 66.0, 79.3
50 ep. w/o MoGe-2 0.26 0.58, 0.86 6.0, 19.3,52.7,64.3
DISK [49] 0.62 0.31,0.41  8.0,31.7,71.3,87.7

Table 5. Ablation study for the K = 2 case on MegaDepth. By
default, ON3R uses 500 maximum epochs and SuperPoint [10].

4.7. Additional Results

Timings for all methods on Megadepth are presented in
Tab. 6. The timings of ON3R include SuperPoint key-
point extraction and description, LightGlue matching, and
all parts of our module (e.g., monodepth estimation, train-
ing from scratch, pose estimation, and bundle adjustment).
As seen, our method is the second slowest, mainly due to the
online training. However, the overall runtimes remain of the
same order of magnitude (disregarding ACE). We believe
that ON3R could be made significantly faster, at least for
some datasets, without noticeable performance drops (see
Tab. 5). Nevertheless, if speed is the primary concern, other
methods may be more suitable.

Finally, we demonstrate in Fig. 4 that our network is
smooth over spatial query coordinates. As seen, even if the
network only regresses a sparse set of 3D keypoints, it can
learn good 3D locations for the other pixels as well. As ex-
pected, the network is best in regions with high keypoint
density, whereas on the pillars where almost no keypoints
exist, the network is less accurate. For more examples like
this, see Appendix E.l. For a visualization of how the 3D
scene output by ON3R gradually improves over training
epochs, see Appendix E.2.

K=2[s1l K=3[sll K=4[]l
Transitive Matching 0.13 0.21 0.27
Motion Averaging 0.08 0.11 0.15
VGGT 0.17 0.23 0.26
Reloc3r 0.23 0.33 0.43
ACE ~3 ~3 ~3
ON3R 0.55 0.63 0.73

Table 6. Timings on MegaDepth for different tuple sizes K.

5. Conclusion

This work introduces an intuitive route to absolute pose
estimation when facing sparse, low-overlap database im-
ages. Namely, regressing 2D-3D correspondences super-
vised by database reprojection residuals and a monocular-
depth prior, followed by P3P-RANSAC and lightweight
bundle adjustment. The approach works without a prebuilt
3D map and delivers improvements over existing methods
when only a few low-overlapping database images are avail-
able. ON3R remains sensitive to retrieval outliers and bias
initialization errors, and is limited by the computational cost
of online training. Promising directions include initializing
from a pretrained encoder to reduce training time, using ex-
tra samples from the query image to regularize the network,
analyzing and shaping the loss landscape to mitigate local
minima, and tightening robustness under poor retrievals.
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