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Abstract

Sparse keypoint matching is crucial for 3D vision tasks,
yet current keypoint detectors often produce spatially in-
accurate matches. Existing refinement methods mitigate
this issue through alignment of matched keypoint location-
s, but they are typically detector-specific, requiring retrain-
ing for each keypoint detector. We introduce XRefine, a
novel, detector-agnostic approach for sub-pixel keypoint re-
finement that operates solely on image patches centered at
matched keypoints. Our cross-attention-based architecture
learns to predict refined keypoint coordinates without rely-
ing on internal detector representations, enabling general-
ization across detectors. Furthermore, XRefine can be ex-
tended to handle multi-view feature tracks. Experiments
on MegaDepth, KITTI, and ScanNet demonstrate that the
approach consistently improves geometric estimation accu-
racy, achieving superior performance compared to existing
refinement methods while maintaining runtime efficiency.
Our code and trained models can be found at https :
//github.com/boschresearch/xrefine.

1. Introduction

Extracting and matching sparse keypoints remain central
to 3D computer vision systems, including structure-from-
motion, visual localization, and SLAM. Despite the grow-
ing adoption of end-to-end, fully learned pipelines [16, 32,
33], many practical systems - particularly those with memo-
ry and runtime constraints - still depend on explicitly detect-
ed and matched keypoints. Sparse approaches offer clear
benefits: they are lightweight, interpretable, and thus well-
suited if dense inference is unnecessary or infeasible.

The accuracy of keypoint-based systems is crucially in-
fluenced by the spatial accuracy of matched keypoints, i.e.,
how accurately the keypoints reflect the same physical 3D
point geometrically (see Figs. | and 2). However, recen-
t work [14] shows that even state-of-the-art detectors suf-
fer from inaccurate keypoint matches, decreasing geomet-
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Figure 1. Attention-guided match refinement efficiently im-
proves relative pose estimation. Left: Exemplary matched Su-
perPoint [5] keypoints on MegaDepth [17]. The input to our mod-
el are the 11 x 11 patches within the red dotted lines. The re-
fined keypoints of our model are presented as yellow dots. Right:
Runtime and pose estimation improvement on MegaDepth (mea-
sured as relative increase in AUCS5) of match refinement approach-
es averaged over five feature extractors: DeDoDe [8], SIFT [20],
SuperPoint [5], and XFeat [25]. We compare our generalizing
model to Keypt2Subpx [14] and the match refinement solution of
PixSfM [18]. PixSfM extracts dense S2DNet [11] embeddings for
feature-metric refinement. Depending on the use case this might
be done exclusively for the refinement. Accordingly, we show the
runtime of PixSfM with and without S2DNet inference.

AUC5 Improve

ric accuracy in downstream tasks. This limitation emerges
naturally in keypoint detectors that only process each image
separately, rendering the detection of keypoints at the exact
same position in both images inherently difficult.

To address this limitation, recent refinement networks
[14, 25] adjust matched keypoint locations by simultane-
ously considering information of both images. Given a pair
of matched keypoints, these models predict keypoint dis-
placements using either keypoint descriptors [25] or scores
and surrounding image patches [14]. While these refine-
ments improve the accuracy of downstream tasks like rela-
tive pose estimation, they require access to internal feature
extractor representations (descriptors and keypoint scores).
This necessity requires retraining for each detector architec-
ture, limiting their generality and practical deployment.

We expand on this research by proposing a novel,
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Figure 2. Example match refinements from our model on MegaDepth [17] for SuperPoint [5] keypoints. The original keypoints are shown
as red dots. In the magnified patches, the refined keypoints are shown as yellow dots. While the presented patches in this figure have a size
of 21 x 21 pixels, the refinement model receives only the 11 x 11 area framed by the red dotted rectangle as input.

detector-agnostic method for sub-pixel keypoint refinement
called XRefine. Unlike the refinement networks in [14, 25],
XRefine operates exclusively on image patches centered
at matched keypoints without requiring descriptors or key-
point scores. Thus, our model only needs to be trained
once and generalizes across a wide range of classical (e.g.,
SIFT [20]) and learned (e.g., SuperPoint [5], ALIKED [34])
detectors without requiring per-detector adaptation.

Inferring matched keypoint displacements solely from
image patches requires information from both patches,
which we realize using a cross-attention layer. Un-
like existing image-patch-based refinement methods like
PixSfM [18], the proposed method does not rely on cost-
ly feature-metric optimization, but infers the refinement in
a single forward pass. This makes XRefine lightweight and
applicable on common edge Al chips.

Finally, we also propose a generalization of the approach
from two-view matches to n-view feature tracks. This en-
ables using the approach in SfM pipelines, as showcased for
3D point cloud triangulation on the ETH3D dataset [28].

We demonstrate that our approach consistently improves
the accuracy of geometric estimation tasks across standard
benchmarks such as MegaDepth [17], KITTI [10], and S-
canNet [4], achieving higher pose accuracy than existing
refinement approaches (see Fig. 1).

In summary, our contributions are:

1. A cross-attention-based architecture for sub-pixel key-
point refinement that operates on image patches alone.

2. A detector-agnostic training scheme achieving general-
ization across a wide range of keypoint detectors.

3. A model variant for consistent multi-view refinement.

4. Superior performance across diverse datasets and feature
extractors, without sacrificing runtime efficiency.

2. Related work

Sparse local feature extraction Tasks like camera pose
estimation and calibration depend on the availability of
point correspondences between images. Sparse local fea-
tures are an efficient tool for determining correspondences:

1. For each image, individually extract a set of keypoints
along with corresponding score values and descriptors.

2. Select the best keypoints per image based on their score.

3. Identify potentially corresponding keypoints between
images as those matched based on descriptor similarity.

Classical hand-crafted feature extraction, such as
SIFT [20], detects keypoints as intensity extrema using a
Difference of Gaussian pyramid. More recently, learning-
based approaches started to outperform the classical ap-
proaches. DeTone e al. introduced SuperPoint [5], a
fully-convolutional, single-forward-pass approach, lever-
aging Homographic Adaptation for self-supervised pre-
training, which was later extended to fully self-supervised
training in UnsuperPoint [3] and KP2D [30]. Other methods
focus on learning refined metrics, such as R2D2 [26], which
distinguishes descriptor reliability and keypoint repeatabil-
ity, and DISK [31], which uses reinforcement learning to
train the extractor end-to-end. Some feature extractors like
DeDoDe [8] and DeDoDev?2 [7] aim for high performance,
incorporating with DINOv2 [23] a large vision transformer
as encoder. Efficiency-focused methods use lightweight C-
NN architectures, as in XFeat [25], or compute descrip-
tors only at keypoint positions, like ALIKED [34]. While
the overall performance of local feature extraction has im-
proved over time, recent work [14] has shown that the spa-
tial accuracy of keypoints still limits the accuracy of geo-
metric downstream tasks (see Fig. 3).
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Figure 3. Effect of inaccurate keypoint locations on the accura-
cy of relative pose estimation. Left: A patch of size 21 x 21
with a true keypoint shown as red dot and yellow dots represent-
ing sampled distortions to the keypoint (from top to bottom with
a standard deviation of 1, 2, and 3 pixels). The red dotted rectan-
gle shows the 11 x 11 center area of the patch. Right: A graph
illustrating the measured AUCS pose estimation performance on
the MegaDepth1500 dataset [17], using 2048 ground truth corre-
spondences perturbed with zero-mean Gaussian noise of varying
standard deviation (STD) in pixels.

Dense feature matching An alternative to the aforemen-
tioned sparse feature extraction methods are dense feature
matching methods like LoFTR [29] and RoMa [9], which
directly process image pairs. The availability of informa-
tion from both images enables dense methods to outperfor-
m their sparse counter parts in terms of accuracy. How-
ever, dense matching approaches are computationally cost-
ly. Furthermore, extracting features independently in a first
step can be advantageous, for example, in a Simultaneous
Localization And Mapping (SLAM) context, where local
features can be stored in a map to be matched with features
of many other images recorded in the future. Match refine-
ment techniques consider information from both images af-
ter matching and therefore have the potential to bridge the
accuracy gap between sparse and dense approaches.

Approaches to match refinement Match refinement can
be applied after feature matching to adjust the image coor-
dinates of matched keypoints based on the assumption that
they represent corresponding points. This is useful as even
small inaccuracies of a single pixel or less can disturb re-
sulting estimates, e.g. of the camera pose (see Fig. 3).

One class of approaches directly uses photometric align-
ment of local patches for match refinement, e.g. Lu-
cas—Kanade (LK) alignment [21] and the inverse compo-
sitional LK [1]. Such approaches, however, are computa-
tionally expensive and limited in their accuracy [22], par-

ticularly in cases of significant appearance changes.

Kim, Pollefeys, and Barath proposed Keypt2Subpx [14],
an efficient learning-based method for match refinement
that leverages the corresponding image patches and descrip-
tors of matched keypoints. The authors argue that their re-
finement method simplifies the keypoint detection task as it
is no longer required to detect sub-pixel accurate keypoints.
Subsequently, as it is done in SuperPoint [5] and XFeat [25],
the extractor can save computational effort by providing
pixel coordinates as keypoints. Keypt2Subpx is trained to
minimize the epipolar error. Accordingly, instead of requir-
ing ground truth coordinates for matched keypoints, it is
sufficient to have ground truth essential matrices for given
image pairs, allowing the model to optimize keypoint posi-
tions directly for camera pose estimation.

Dusmanu et al. [6] propose Patch Flow, a refinement ap-
proach that aligns patches based on local optical flow and
its resulting geometric cost. Lindenberger, Sarlin ef al. im-
prove upon Patch Flow with PixSfM [18], which presents
a solution for match refinement in a multi-view scenario.
They identify matches of the same keypoint over multiple
images as tracks and then adjust the coordinates of all in-
volved keypoints jointly in a featuremetric optimization.

As described previously, the feature extractor XFeat [25]
detects keypoints only at pixel accuracy. However, Potje et
al. propose a learned match refinement module that takes
only the descriptors of matched keypoints as input and pro-
vides a sub-pixel offset as output that is added to the key-
points to improve their accuracy.

The match refinement solution presented in this paper
differs from these approaches in several aspects. In con-
trast to Keypt2Subpx [14] and XFeat [25], our model takes
only image patches at keypoint positions as input and not
the descriptors or other output of the feature extractor, like
the keypoint score. Hence, our model does not have to
be trained specifically for each feature extractor. Unlike
PixSfM [18], our method does not rely on costly feature-
metric optimization, but infers the refinement, using a light-
weight neural network, in a single forward pass. This makes
the approach fast, while giving highest accuracy in match
refinement across feature extractors (Fig. 1).

3. Method

We present XRefine, an attention-based keypoint match re-
finement model that takes only image patches as input and
provides adjusted keypoint positions as output. For best
generalizability, the model is trained feature extractor in-
dependently; we refer to this variant as XRefine general.
For best accuracy, the model can be trained specifically for
a feature extractor; we refer to this variant as XRefine spe-
cific. An overview of the approach is presented in Fig. 4.
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Figure 4. Architecture of our attention-guided match refinement. Left: The model takes 11 x 11 image patches pa i, pB,; (red dotted
rectangle) around matched keypoints (red dots) as input. A CNN extracts embeddings e ;, e,; which are updated using cross-attention.
The score head then maps the updated embeddings ef“, e'Bﬂ- to score maps Sa,i, SB,i- A soft-argmax operation on these score maps
finally yields the updated keypoint positions (yellow dots). Right: Extension to n-view problems. By using one patch as reference pyer
and using a model variant that refines only the second (non-reference) keypoint, consistent refinements can be obtained.

3.1. Architecture

The model takes two gray-scale patches p4 and pp of size
11 x 11 as input. Both patches are processed independently
by an encoder. The encoder performs five convolutions with
3 x 3 kernels, increasing the channel size from 1 to 16 with
the first operation and then to 64 with the third operation.
The first three and the last convolution are executed with-
out padding; hence, the final embeddings e4 and ep have a
size of only 3 x 3. Now, a single block of multi-head cross-
attention is applied between the two patch embeddings e 4
and ep. Each embedding is translated into a sequence of
3 x 3 = 9 tokens of dimensionality 64. To provide spatial
information for each token, a learned positional encoding
Zpos 18 added to the sequences. In order to update e4, we
use e4 as query and ep as key and value, and vise versa to
update ep. After the cross attention, a score map head indi-
vidually takes the updated embeddings as input, outputting
their respective score map. The score map head is perform-
ing a single convolution with kernel size 3 x 3, with padding
to keep the same size for the output. Then, a tanh operation
brings the values into a range of [—1, 1]. Finally, similarly
as in [14], a spatial soft-argmax is applied to each score map
to obtain the updated keypoint position. The resulting coor-
dinates are interpreted as relative coordinates to the center
of the original patch. Accordingly, they are scaled-up to
represent positions in the original 11 x 11 patch.

3.2. Training

The model is trained with the geometric training objective
proposed by Kim, Pollefeys, and Barath [14], optimizing
the epipolar error directly.

Dataset generation Training our models requires image
pairs with overlapping field-of-view and known relative

poses. We use two different training paradigms for the spe-
cific and general model: For the feature extractor specif-
ic datasets for XRefine specific, we use the respective fea-
ture extractor and detect 4096 keypoints with highest score
values in each image. They are then matched, using mu-
tual nearest neighbor matching (MNN), double soft max
(DSM) [8], or LightGlue [19], depending on the extractor.
To train XRefine general, we randomly select 4096 pixel co-
ordinates with available depth information in the first image
and project it into the second image to create a matching
pair of keypoints. Then, both keypoints are randomly per-
turbed by adding a vector with x and y values sampled from
a zero-mean normal distribution with a standard deviation
of 1.5 pixels. We also tested smaller and larger standard
deviations, as well as a uniform distribution, but observed
best results with this setting. Subsequently, 11 x 11 image
patches are cropped at the center of each matched keypoint.

We train on MegaDepth [17], splitting the dataset as
in [29] into 45900 train samples, 655778 evaluation sam-
ples, and 1500 samples for validation (also referred to as
MegaDepth1500). Each sample represents two views with
partially overlapping content. Images are loaded with the
GlueFactory [24] library, resizing them to 1024 pixels on
the longer side, while keeping the aspect ratio.

Details Our training runs for 120 epochs. In each epoch,
2048 matches are randomly sampled for each image pair of
the training split of MegaDepth [17]. We use PyTorch 2.1.2,
the Adam optimizer [15] with a learning rate of 0.0001,
and a batch size of 8. We validate after each epoch on
MegaDepth1500 [17]. The weights for a given setup are
selected as those with highest AUCS performance on the
validation dataset within two trainings with different seeds.



Dataset Refinement  Avg.(%) Min.(%) Max.(%)

MegaDepth Keypt2Subpx 8.07 0.91 28.61
MegaDepth PixSftM 11.92 0.30 33.60
MegaDepth XRefine general 15.42 2.28 42.26
MegaDepth XRefine specific 15.99 3.80 41.92

ScanNet Keypt2Subpx 6.26 -0.51 10.56
ScanNet PixStM 8.74 -3.77 17.81
ScanNet  XRefine general 16.34 3.43 27.11
ScanNet  XRefine specific 17.52  4.29 29.11
KITTI Keypt2Subpx 0.23 -0.43 1.07
KITTI PixSftM 0.75 -0.72 2.01
KITTI XRefine general  1.07 -0.38 291
KITTI XRefine specific  1.18 -0.21 2.73

Table 1. Summary of results for the extractors DeDoDe [8],
SIFT [20], SuperPoint [5], and XFeat [25] on each of our three e-
valuation datasets MegaDepth [17], ScanNet [4], and KITTI [10].
We present the average, minimum, and maximum improvement of
the AUCS relative to the results without match refinement.

3.3. Generalization to n images

The proposed model adjusts keypoint locations across two
views. However, some 3D vision tasks require consistent
keypoints across n views. One example is Structure-from-
Motion which typically builds feature tracks consisting of
T > 2,T € N matched keypoints. Naively applying our
refinement to individual image pairs within a track could
result in inconsistent refinements across pairs. To address
this issue, we propose an architecture variant which only
adjusts the second keypoint (see Fig. 4). In this variant,
we still perform cross-attention between feature maps, but
the score map S; as well as the keypoint shift d; are only
inferred for the second image.

Given a feature track {uj,us,..ur}, we then de-
fine one of the keypoints as reference u,.r, and ap-
ply the refinement to all other keypoints by passing
pairs {(Uyer, U2), (Uret, U3), ...(Uref, ur—1)} to the mod-
el. Thereby, all keypoints are refined towards the reference
keypoint, resulting in a consistently refined track.

4. Evaluation

We evaluate match refinement for relative pose estimation
in Sec. 4.1 and point cloud triangulation in Sec. 4.2.

4.1. Relative pose estimation

We evaluate on the photo-tourism dataset MegaDepth [17],
the indoor dataset ScanNet [4], and the KITTI [10] visual
odometry dataset. Our use of MegaDepth [17] is described
in Sec. 3.2. Due to the large size of the evaluation dataset,
we consider only every 10th image pair, i.e. 65577 pairs.
For ScanNet [4], we evaluate on the 1500 samples selected

in [27], resizing images to 640 x 480. For KITTI, we use the
2790 image pairs selected in [12] at a size of 1240 x 376.

We compare XFeat specific and XFeat general with three
state-of-the-art match refinement approaches described in
Sec. 2: Keypt2Subpx [14], PixSfM [18], and the refine-
ment approach proposed in XFeat [25]. For Keypt2Subpx,
weights for only a few feature extractors are publicly avail-
able; therefore, we train the model with the same procedure
described in Sec. 3.2. We observe very similar performance
of our re-trained Keypt2Subpx weights as for the publicly
available weights. Details can be found in the appendix.
The PixSfM solution for match refinement is independent
of the feature extractor, so we can use the publicly avail-
able solution. The XFeat refinement approach is trained
specifically for a variant of XFeat [25] that is called XFeat*,
which, in contrast to the default XFeat, extracts features at
two image sizes, and is reported to achieve better perfor-
mance when using a larger number of features per image.
We use the weights provided by the authors and use the
XFeat solution only for XFeat*.

If not specified differently, we extract always 2048 fea-
tures per image and match features using mutual nearest
neighbor matching (MNN), double soft max (DSM) [8], or
LightGlue (LG) [19]. For essential matrix estimation, we
employ, as suggested in [14], GC-RANSAC [2] with 1000
iterations and a threshold of 1 pixel.

In terms of evaluation metrics, we follow [13], measur-
ing pose estimation performance as area under curve (AUC)
of pose errors that represent the maximum of translation di-
rection error and the rotation error of the estimated pose
compared to the given ground truth. We report the AUC for
thresholds of 5, 10, and 20 degrees. The reported values are
averages from 10 repetitions of the same experiment.

Main results As a brief overview, Tab. 1 summarizes
the results over the evaluated feature extractor and match-
er pairings, including DeDoDe [8], SIFT [20], SuperPoint
(SP) [5], and XFeat [25]. Individual results are shown in
Tab. 2 for MegaDepth [17], Tab. 3 for ScanNet [4], and
Tab. 4 for KITTI [10]. More feature extractors are present-
ed in the appendix. Results for XFeat* are not included in
the summary Tab. 1, as it is an outlier extractor that was not
intended to be used without match refinement and therefore
has an unusually large benefit from it, e.g. for XFeat general
an improvement of 158.51% on MegaDepth and 484.70%
on KITTI for the AUCS. Furthermore, the XFeat refine-
ment approach is not included in the summary table, as it
can be only evaluated on XFeat*, but individual results can
be found in Tabs. 2 to 4.

Overall, we observe that XRefine performs significantly
better than existing methods, including Keypt2Subpx [14]
and the match refinement method of PixSfM [18]. It can
further be observed that XRefine specific performs a bit bet-



Extract+Match ~ Refinement ~AUCS5 AUC10 AUC20 Extract+Match ~ Refinement AUCS5 AUC10 AUC20
SP+MNN 3491 45.00 53.56 SP+MNN 11.51 23.87 37.92
SP+MNN Keypt2Subpx 36.20 46.09 54.32 SP+MNN Keypt2Subpx 12.36 25.07 39.20
SP+MNN PixStM 38.30 47.96 55.86 SP+MNN PixStM 13.56 26.78 40.66
SP+MNN XRefine general 38.87 48.50 56.35 SP+MNN XRefine general 14.63 28.23 42.33
SP+MNN XRefine specific 38.86 48.50 56.36 SP+MNN XRefine specific 14.86 28.38 42.48
SP+LG 5848 71.41 80.83 SP+LG 19.48 37.40 54.79
SP+LG Keypt2Subpx 60.16 72.73 81.78 SP+LG Keypt2Subpx 20.31 38.21 5543
SP+LG PixStM 62.05 74.15 82.72 SP+LG PixSfM 21.25 39.29 5593
SP+LG XRefine general 62.86 74.83 83.27 SP+LG XRefine general 22.49 40.58 57.27
SP+LG XRefine specific 63.07 75.02 83.40 SP+LG XRefine specific 21.90 40.10 56.83
DeDoDe+DSM 34.88 48.64 60.84 DeDoDe+DSM 10.13 21.04 3242
DeDoDe+DSM  Keypt2Subpx 44.86 58.08 68.84 DeDoDe+DSM  Keypt2Subpx 11.20 23.02 34.99
DeDoDe+DSM PixStM 46.60 59.09 69.20 DeDoDe+DSM PixSfM 1044 21.85 33.98
DeDoDe+DSM XRefine general 49.62 62.20 72.06 DeDoDe+DSM XRefine general 11.55 23.15 35.27
DeDoDe+DSM XRefine specific 49.50 62.12 72.07 DeDoDe+DSM XRefine specific 11.71 23.55 35.51
SIFT+MNN 19.76  26.53 33.00 SIFT+MNN 5.83 1232 20.14
SIFT+MNN Keypt2Subpx 19.94 26.67 33.09 SIFT+MNN Keypt2Subpx  5.80 12.37 20.16
SIFT+MNN PixStM 19.82 2649 32.82 SIFT+MNN PixStM 561 11.88 19.36
SIFT+MNN XRefine general 20.21 26.95 33.31 SIFT+MNN XRefine general 6.03 12.71 20.65
SIFT+MNN  XRefine specific 20.51 27.31 33.69 SIFT+MNN  XRefine specific 6.08 12.79  20.72
XFeat+MNN 36.45 47.89 57.81 XFeat+MNN 10.28 22.04 35.77
XFeat+MNN Keypt2Subpx 38.01 49.06 58.52 XFeat+MNN Keypt2Subpx 11.27 2332  37.08
XFeat+MNN PixStM 40.06 50.99 60.13 XFeat+MNN PixSfM 12.08 2440 38.23
XFeat+MNN  XRefine general 41.46 52.37 61.35 XFeat+MNN  XRefine general 12.51 25.49 39.43
XFeat+MNN  XRefine specific 41.94 52.83 61.78 XFeat+MNN  XRefine specific 12.97 26.07 40.02
XFeat*+MNN 18.80 30.26 42.25 XFeat*+MNN 832 18.65 3221
XFeat*+MNN  XFeat-Refine. 31.18 43.25 54.15 XFeat*+MNN  XFeat-Refine. 12.89 2630 41.17
XFeat*+MNN  Keypt2Subpx 33.11 45.18 55.96 XFeat*+MNN  Keypt2Subpx 13.23 26.29 40.66
XFeat*+MNN PixSftM 34.63 46.07 56.16 XFeat*+MNN PixSfM 1242 2499 39.25
XFeat*+MNN XRefine general 37.96 49.62 59.60 XFeat*+MNN XRefine general 14.16 27.23 41.63
XFeat*+MNN XRefine specific 38.36 49.99 59.90 XFeat*+MNN XRefine specific 14.16 27.50 41.99

Table 2. Pose estimation results on MegaDepth [17]. Bold indi-
cates best performance and underscores second best per feature.

ter than XRefine general which is expected as XRefine spe-
cific is specifically trained for the respective detector, and
can therefore exploit learned priors, such as the magnitude
of keypoint displacements.

Differences across datasets While the performance gains
achieved through refinement are significant on MegaDepth
and ScanNet, we observe only small performance gains on
KITTI for most detectors. This can be explained by the rel-
atively simple visual odometry use case: in contrast to the
more challenging MegaDepth and ScanNet datasets, KIT-
TI visual odometry presents only minor visual appearance
changes in the paired images. Hence, state-of-the-art fea-
ture extractors often deliver sufficiently accurate keypoints
even without refinement.

Table 3. Pose estimation results on ScanNet [4]. Bold indicates
best performance and underscores second best per feature.

Differences across detectors It can further be observed
that the effectiveness of match refinement depends on the
keypoint detector. We observe significant performance
gains for SuperPoint, DeDoDe, XFeat and XFeat*. Since
SuperPoint and XFeat are providing keypoint positions on-
ly with pixel accuracy, their gain from match refinement can
be expected. On the other hand, the performance of SIFT
benefits only marginally, if at all, from match refinemen-
t, which could be explained by its elaborate Difference of
Gaussian pyramid based keypoint detection approach.

Runtime evaluation Table 5 shows the computation time
of all refinement methods averaged over 10000 image pairs
with 2048 64-dimensional XFeat [25] features per image,
evaluated on an Nvidia RTX A5000 GPU. While XRefine
is with 3.61ms only marginally slower than Keypt2Subpx



Extract+Match AUCS5 AUC10 AUC20
SP+MNN 83.11 90.74 95.16

Refinement

SP+MNN Keypt2Subpx 83.07 90.70 95.15
SP+MNN PixStM 84.11 91.28 95.44
SP+MNN XRefine general 84.22 91.33 95.46
SP+MNN XRefine specific 84.37 91.40 95.49

SP+LG 83.37 90.84 95.12

SP+LG Keypt2Subpx 83.63 90.93 95.14
SP+LG PixStM 84.22 91.30 95.39
SP+LG XRefine general 84.34 91.35 95.40
SP+LG XRefine specific 84.42 91.38 95.40

DeDoDe+DSM 83.98 91.31 95.42
DeDoDe+DSM  Keypt2Subpx 84.21 9142 95.50
DeDoDe+DSM PixStM 84.17 91.35 95.45
DeDoDe+DSM XRefine general 84.24 9142 95.50
DeDoDe+DSM XRefine specific 84.50 91.54 95.57
SIFT+MNN 83.79 91.32 95.51

SIFT+MNN Keypt2Subpx 83.43 91.14 9544
SIFT+MNN PixStM 83.19 91.03 95.39
SIFT+MNN  XRefine general 83.47 91.17 95.45
SIFT+MNN  XRefine specific 83.61 91.24 95.49
XFeat+MNN 81.55 89.99 94.79
XFeat+MNN Keypt2Subpx 82.42 90.47 95.00
XFeat+MNN PixStM 83.19 90.93 95.27
XFeat+MNN  XRefine general 83.92 91.26 95.39

XFeat+MNN  XRefine specific 83.78 91.21 95.37
XFeat*+MNN 13.79 19.99 24.07

XFeat*+MNN  XFeat-Refine. 77.59 8698 92.55
XFeat*+MNN  Keypt2Subpx 72.99 84.01 90.43
XFeat*+MNN PixSfM 78.73 87.90 93.17

XFeat*+MNN XRefine general 80.63 89.05 93.85
XFeat*+MNN XRefine specific 80.90 89.30 94.11

Table 4. Pose estimation results on KITTI [10] odometry. Bold in-
dicates best performance and underscores second best per feature.

with 3.43ms, the feature-metric optimization approach of
PixSFM is significantly slower with 70.28ms. Additionally,
PixSFM extracts feature embeddings for the entire images
with S2DNet, which, if included in the measurement, re-
sults in a runtime of 1435.71ms. The XFeat-Refinement
approach, on the other hand, is with a runtime of 0.55ms
very light weighted, but also limited in its accuracy.

Ablation results In Tab. 6, we present results for sev-
eral variants of our proposed model for XFeat [25] on
MegaDepth1500 [17]. Small General and Small Specif-
ic represent XRefine general and XRefine specific as de-
scribed in Sec. 3. Removing the cross-attention layer (S-
mall Specific - No Attn.) significantly reduces performance
as information is no longer exchanged between the matched
keypoint regions. Replacing the score map head with de-

Refinement Method Runtime (ms)

XFeat-Refinement 0.55
Keypt2Subpx 343
XRefine (ours) 3.61
PixSfM without S2DNet 70.28
PixSfM with S2DNet 1435.71

Table 5. Runtime measurements on a NVIDIA RTX A5000.

Refinement AUCS AUCI10 AUC20 t(ms)

37.95 5243 64.83

Small Specific - No Attn.  41.20 5496 6632 2.46
Small Specific - Co-Sim 45.58 59.14 69.72 3.54
Small Specific - Only 2nd  46.53 59.70 69.88 3.34
Small General 46.86 60.05 70.28 3.61

Small Specific 4752 60.53 70.68 3.59
Small Specific - Desc. Attn. 47.55 60.76 70.86 4.34
Large General 49.00 61.97 71.70 19.68
Large Specific 50.05 62.82 7232 19.71

Table 6. Results for variants of our model on MegaDepth1500 [17]
with XFeat [25] features and MNN matching. In bold, we high-
light the two models for which results are presented in Tabs. 1 to 4.

#KP per image  Refinement AUCS5 AUC10 AUC20
2048 37.95 5243 64.83
2048 Keypt2Subpx 40.46 54.63 66.31
2048 XRefine general 46.86 60.05 70.28
2048 XRefine specific 47.52 60.53 70.68
4096 40.16 54.00 65.62
4096 Keypt2Subpx 42.62 56.18 67.04
4096 XRefine general 48.01 60.90 70.70
4096 XRefine specific 48.79 61.33 71.01
8192 39.59 5343 6491
8192 Keypt2Subpx 41.36 54.86 6591
8192 XRefine general 47.19 60.18 69.98
8192 XRefine specific 47.97 60.62 70.38
16384 39.58 5329 64.78
16384 Keypt2Subpx 41.39 54.89 65.92
16384 XRefine general 47.14 60.04 69.90

16384 XRefine specific 47.93 60.66 70.37

Table 7. Results for varying numbers of extracted keypoints (KPs)
per image on MegaDepth1500 [17] with XFeat [25] features and
mutual nearest neighbor matching.

scriptor cosine similarity (Small Specific - Co-Sim), as in
Keypt2Subpx [14], is marginally faster but less accurate and
sacrifices generalizability, because this model requires per-
descriptor training. Refining only the second keypoint (S-
mall Specific - Only 2nd), as proposed in Sec. 3.3, lowers



ETH3D indoor ETH3D outdoor
Refinement Method Accuracy (%) Completeness (%) Accuracy (%) Completeness (%)
Icm 2cm S5cm | lem 2cm  Scm lcm 2cm 5cm | lecm 2cm  Scm
78.89 87.73 9449 | 0.61 226 9.03 || 54.08 69.29 83.64 | 0.10 0.59 4.08
XRefine general 84.31 90.80 96.04 | 0.63 2.25 8.78 || 62.83 76.10 87.76 | 0.12 0.63 4.14
PixSfM KA 89.09 9355 9696 | 0.71 243 9.19 || 70.55 8239 9146 | 0.15 0.76 4.70

Table 8. Triangulation results of different refinement methods on ETH3D indoor and outdoor datasets. Our proposed n-view refinement
consistently improves triangulation accuracy. PixSfM yields most accurate results for this use-case, as it performs a joint keypoint refine-
ment across the full tracks, rather than separate pairwise refinements. Keypt2Subpx and the XFeat-Refinement approach cannot be applied
for this use-case as it is limited to 2-view refinement which would yield inconsistent tracks.

accuracy slightly due to its restriction. Finally, incorporat-
ing an additional attention mechanism with the average de-
scriptor (Small Specific - Desc. Attn.) yields a small accu-
racy gain but at a disproportionately increased runtime.

Large General and Large Specific are similar to Small
General and Small Specific, but they make use of a larger
architecture. In contrast to the small models, the large mod-
els reduce the embedding size to 5 x 5 instead of 3 X 3,
by adding padding once more in the encoder. Also, they
employ three cross attention blocks between the patch em-
beddings, instead of only one. We observe significantly im-
proved pose estimation results for the large variants, but al-
so a significantly increased runtime. These models could be
used in use cases without strict runtime requirements.

Varying numbers of keypoints We investigate the effect
of having varying numbers of keypoints extracted per im-
age. Results for XFeat matches are presented in Tab. 7.
XFeat reaches best performance at 4096 keypoints per im-
age. With 21.49% the relative improvement of the AUC5
metric from using XRefine specific refinement at this num-
ber of keypoints per image is a bit smaller than it is at 2048
keypoints per image with 25.22%, but still significant. For
larger numbers of keypoints per image the performance of
XFeat, with and without refinement, decreases slightly. The
reduced advantage of using refinement with larger number-
s of keypoints per image might be explained by a higher
chance of obtaining a consistent set of accurate matches.

4.2. Point cloud triangulation

To demonstrate the benefit of the proposed refinement in n-
view 3D vision problems, we evaluate its effect on 3D point
cloud triangulation. Using the ETH3D dataset [28], we fol-
low the protocol from [18] and use n-view feature tracks to
triangulate a sparse 3D model, given reference camera pos-
es and intrinsics. Evaluation is based on the PixSfM [18]
repository with SuperPoint and MNN matching, where we
integrated our refinement, but deactivated the feature-metric
bundle adjustment for all methods, to compare only the ef-
fect of keypoint refinement.

Tab. 8 shows that our n-view refinement introduced in
Sec. 3.3 consistently improves triangulation accuracy com-
pared to no refinement, demonstrating the suitability of
XRefine for 3D vision tasks beyond relative pose estima-
tion. The improvement achieved by PixSfM is not reached
which is expected as PixSfM is designed to jointly optimize
all keypoints within a track, whereas our approach takes
separate pairs of keypoints as input. While the joint opti-
mization of PixSfM results in highest accuracy, it comes at
the cost of computation time: While PixSfM scales quadrat-
ically with track length T, i.e. with O(T"?), our pairwise re-
finement exhibits linear scaling O(T). Together with the
generally higher computation time of PixSfM for a single
image pair (see Tab. 5), this shows a trade-off between ac-
curacy and runtime. While our refinement is significantly
faster, most accurate n-view triangulation results can be ob-
tained by the global refinement used in PixSfM.

5. Conclusion

We presented a novel match refinement model that out-
performs other state-of-the-art refinement methods in its
impact on pose estimation performance without sacrific-
ing computational efficiency. This is achieved through
cross-attention between image patch embeddings without
requiring detector-specific inputs like descriptors or score
maps. It was shown that the model can be trained in a
generalized manner, making it applicable to any keypoint
detector without retraining. While extending the approach
from two views to n views yielded clear improvements in
3D point cloud triangulation, future work may enhance this
further by adapting the architecture to directly accept n
image patches as input. This would enable globally optimal
refinement and potentially lead to higher accuracy gains
in multi-view applications. Overall, this work represents
a step toward more accurate 3D vision, and can be readi-
ly incorporated into existing sparse keypoint-based systems.
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