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A. Model Architecture

Fig. 9 shows the architecture of RaCo’s keypoint detec-
tor and covariance estimator. We modify the architecture
of ALIKED-N(16) [72] by replacing the deformable con-
volution layers [74] with standard convolutions. We add
the covariance estimator head which operates on the con-
catenated multi-scale features {F1,F2,F3,F4} to produce
the map of the Cholesky decomposition L from which
Σ ∈ RH×W×2×2 is constructed. We observed that the co-
variance estimator head obtains a lower validation NLL loss
when it shares the multi-scale features. Fig. 10 shows the
architecture of our ranker module, which is simply a se-
ries of residual blocks that take as input the normalized
RGB image and produce the ranker map R. The image
is normalized using the standard ImageNet statistics, i.e.,
mean µ = [0.485, 0.456, 0.406] and standard deviation
σ = [0.229, 0.224, 0.225].

We train RaCo in two stages, first by training the detector
head and the multi-scale feature encoder with the training
objective Ldetector. After this stage is complete, we freeze the
detector head and multi-scale feature encoder’s weights for
the second stage.

In the second stage, we use the inference time settings
for the detector, which means that we use the soft-argmax
around a patch of the selected keypoint for subpixel sam-
pling following [20, 72]. This is crucial for the training of
the ranker and covariance estimator, as they require the infer-
ence time distribution of the keypoint correspondences and
reprojection error. The ranker and covariance estimator can
be trained in any order and combined later to obtain RaCo,
as they do not depend on each other.

B. Evaluation Metrics

Here we define the metrics reported in our evaluations in
Sec. 4.

Number of Matches: We establish keypoint correspon-
dences (matches) between two views in the following way:
every keypoint in for example view A is projected via the
ground truth geometric transformation (either homography
transformation or relative poses and ground truth depth) into
the other view B. The same is done in the reverse direction
and the nearest neighbors of every keypoint are computed.
Matches/correspondences are declared to be pairs of key-
points which are mutual nearest neighbors, within a fixed
matching radius.

Repeatability: We define repeatability as the fraction of cov-
isible points that have a corresponding detection in the other

image, within an x-pixel reprojection error. We compute the
repeatability for each view separately and report the average
repeatability of both views. We report this value at various
matching thresholds.
Localization Error: This is the average reprojection error
of all matched keypoints in both views, reported in pixels.
A lower localization error in our setting indicates a more
spatially accurate keypoint detector.
Homography Corner Error AUC: For image pairs related
by a ground truth homography, we evaluate the quality of
the estimated homography by measuring the average corner
reprojection error. Specifically, the corners of one image
are warped using the estimated homography and compared
against the ground truth corner locations. The mean Eu-
clidean distance between the warped and true corner posi-
tions (in pixels) defines the homography corner error. Fol-
lowing prior work [15], we summarize performance by com-
puting the Area Under the Curve (AUC) of the cumulative
distribution of corner errors, up to different pixel thresholds.
A higher AUC indicates more accurate and robust homogra-
phy estimation.
Pose Error AUC: For image pairs with ground truth relative
poses, we evaluate the accuracy of the estimated relative cam-
era pose. The pose error is defined as the maximum of the
angular error in rotation and the angular error in translation.
We summarize performance by reporting the Area Under the
Curve (AUC) of the cumulative distribution of pose errors,
computed up to thresholds of 5◦ and 10◦. A higher AUC
indicates more accurate and robust pose estimation.
Repeatability AUC: As described in Sec. 4.3, we evalu-
ate rotation equivariance by measuring repeatability while
rotating one of the two views in-plane over 360◦. We then
compute the Area Under the Curve (AUC) of the repeata-
bility–rotation angle plot (see Fig. 5), where the rotation
angles are normalized to the range [0, 1]. An ideal rotation-
equivariant detector achieves a repeatability AUC of 1.
Multiview Triangulation Metrics: Following [56], we re-
port accuracy, the fraction of reconstructed 3D points within
a threshold of the ground truth surface (precision), and com-
pleteness, the fraction of ground truth points within a thresh-
old of the reconstruction (recall).

C. Supplementary Experimental Details
C.1. Homography Estimation

Here we add more details about the evaluation in Sec. 4.2.
Fig. 15 contains some qualitative examples of repeatable
keypoints for different detectors.
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Figure 9. Keypoint detector and covariance estimator model architecture. We use a multi-scale architecture with two heads, one which
implements the detector and another which implements the covariance estimator. The network takes as input the RGB image I, normalizes it
to Inorm and extracts multi-scale features Fi, i ∈ {1, 2, 3, 4}. The detector head outputs the globally normalized heatmap P. The covariance
estimator is a lightweight head which outputs the Cholesky decomposition map L over the whole image.
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Figure 10. Ranker model architecture. The ranker is a simple
standalone model that comprised of residual blocks. It takes as
input the normalized image and outputs the single channel ranker
score map R.

HPatches: We consider 540 image pairs from HPatches [4].
For comparable metrics, all images are resized so that the
shorter side is 640 pixels.

DNIM: This dataset is based on the Archive of Many Out-
door Scenes (AMOS) [28, 29] and consists of sequences of
images taken by one fixed camera per sequence, at various
times across the day. We randomly sample pairs of images

from DNIM [73] such that there is a minimum time differ-
ence of half an hour between the capture time of the two
images. The dataset contains images of the same scene taken
at different times of the year, and we additionally create pairs
by randomly sampling one image from each time of the year.
This results in 428 random image pairs. To additionally eval-
uate the robustness of the keypoint detectors we augment the
images with random homographies.

Evaluation protocol: We first extract a fixed number of
keypoints per view, 1024 keypoints for HPatches and 256
for DNIM. The images in DNIM are of low resolution, have
low texture and the images at night suffer from shadow
clipping. Forcing too many keypoints leads to spurious key-
point detections. We use the ground truth homography trans-
formation to reproject points between views to compute
the correspondences at a matching radius of 3px. We es-
timate the homography using the Direct Linear Transfor-
mation (DLT) [25] algorithm on all correspondences, as
implemented in PoseLib [33]. For evaluation, we compute
the homography corner error and report the area under the
recall curve at thresholds of 1px and 3px.



C.2. Relative Pose Estimation

Here we add more details about the evaluation in Sec. 4.2.

MegaDepth1800: This dataset is a subset of the test set of
MegaDepth [36] introduced in [37]. The dataset provides
depth images, camera poses, and covisible image pairs from
a large scale Structure-from-Motion (SfM) reconstruction
of the scene. There are 4 diverse scenes in this subset. This
data is used to project keypoints between views. We resize
the images such that the longer side is 1600px long.

ETH3D-Two-View: Based on the multi-view indoor & out-
door ETH3D [56] dataset, we create the ETH3D-Two-View
subset. It contains covisible image pairs, ground truth depth
images from a LiDAR scanner and ground truth camera
poses. Our subset consists of 1171 image pairs across 13
scenes. We resize the images such that the longer side is
1024px long.

Evaluation protocol: We first extract a fixed number of key-
points per view, 2048 keypoints for both datasets. We use the
ground truth camera poses and depth to reproject points be-
tween views and compute the correspondences at a matching
radius of 5px. We employ a robust pose estimation pipeline
using RANSAC [21] from the PoseLib library [33]. We in-
dividually optimize the inlier threshold for each method to
ensure a fair evaluation of performance. We select the op-
timal threshold from the set of {0.5, 1.0, 1.5, 2.0, 2.5, 3.0}.
The pose error is measured as the maximum angular differ-
ence between the ground-truth and estimated rotation and
translation. We report the area under the recall curve (AUC)
at angular thresholds of 5◦ and 10◦.

C.3. Rotation Equivariance

We provide video examples in the supplementary material
demonstrating our model’s rotation equivariance evaluated
in Sec. 4.3. Across a full 360◦ rotation of the second view,
our model consistently produces more matches and exhibits
greater matching stability compared to baselines.

In Fig. 11 we show the results of the same evaluation as
in Sec. 4.3 for the design choice of not using special archi-
tectures such as rotationally equivariant convolutions [10].
We include REKD [34] in our comparison, it is a model that
uses rotationally equivariant convolutions based on [67].

Looking at Fig. 5 and Fig. 11, detectors often exhibit some
periodicity at a frequency of 90◦, including ALIKED [72]
and REKD [34]. This can be attributed to two factors: a)
as opposed to our strong rotation augmentations, learned
detectors are often trained with rotation augmentations at
90◦ intervals and they are more equivariant specifically at
these rotation angles, and b) the interpolation artifacts from
rotating a grid of square pixels disappear at rotation angles
that are multiples of 90◦. This has been studied in Fig. 7 of
[34].
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Figure 11. Addtional rotation ablations on HPatches [4]. We
plot the repeatability@2px over the rotation angle between image
pairs just as in Fig. 5. We ablate our method against our method
with equivariant convolutions [67], ours without rotation agumen-
tations, and REKD [34], a recent baseline which uses rotationally
equivariant convolutions (ReCONVs). Adding equivariant convolu-
tions only adds minor stability at large computational cost. The gap
between our model and REKD is large, even without equivariant
convolutions, suggesting that the proposed rotation augmentations
are effective.

C.4. Keypoint Ranking

In Sec. 4.4, we evaluate keypoint ordering by extracting a
fixed number of keypoints per view: 1024 for HPatches [4]
and 2048 for MegaDepth1800 [36, 59]. To assess perfor-
mance at a given keypoint budget n, we sort the extracted
points in descending order by either detector or ranker score
and consider only the top n points for matching.

C.5. Multiview Triangulation

Fig. 12 provides the results of Sec. 4.5 at two more coarse
thresholds of 1 cm and 2 cm.

C.6. Multiview Triangulation Detector Evaluation

Setup: We evaluate the quality of the keypoints on a down-
stream task of multiview triangulation. We follow the setup
of Sec. 4.5 and extract keypoints and correspondences on
the ETH3D [56] dataset. We triangulate the matches to form
a pointcloud on which we run 3D point only bundle ad-
justment, where the camera parameters are held constant.
For keypoint extraction, we resize the images such that the
largest side is 1024px long just as in Sec. 4.2, and extract
4096 keypoints per image.

Baselines: We compare ALIKED [72], DaD [20] and Su-
perPoint [15] against our model with their default settings.
We compare the F1 score computed using the accuracy and
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Figure 12. 3D triangulation on ETH3D [56]. We plot the triangu-
lated point clouds’ accuracy against completeness within 1 cm and
2 cm. Each point corresponds to the fraction of the original point
cloud retained after filtering based on different spatial uncertainty
metrics.

F1 Score (%) @ τ cm

τ = 0.5 τ = 1.0 τ = 2.0

SuperPoint [15] 0.30 1.66 6.50
ALIKED [72] 0.29 1.58 6.01
DaD [20] 0.32 1.71 6.69
Ours 0.33 1.76 6.71

Table 4. F1 scores (%) at different thresholds for various methods.
The best and second best results for each metric are colored.

completeness following [56] and Appendix B of the point
cloud at thresholds of 0.5 cm, 1 cm, and 2 cm. We run our
method with the learned covariances and use it to weight the
reprojection errors in bundle adjustment.
Results: Tab. 4 shows that our model is competitive with the
other learned methods on accuracy and achieves the highest
completeness over those thresholds.

D. Qualitative Examples
In Fig. 13 and Fig. 14 we provide some qualitative examples
of RaCo’s outputs. We visualize the detector scoremap, the
ranker scoremap and an interpretable map of the uncertainty
estimate on images from datasets used in Sec. 4.2.

We construct the rightmost maps in Fig. 13 and Fig. 14
from the covariance map, Σ ∈ RH×W×2×2, for each pixel.

Each pixel’s color is determined by the angle of the major
axis of its covariance ellipse. The color intensity is weighted
by |Σ|, a measure of the pixel’s total spatial uncertainty, such
that regions of higher uncertainty appear whiter.

Fig. 15 contains some qualitative examples of repeatable
keypoints for different detectors.

Qualitative examples of our ranker module are demon-
strated on HPatches [4] in Fig. 16. By independently reorder-
ing keypoints in each view based on their ranking scores,
the ranker significantly boosts repeatability at the illustrated
budgets of 128 and 256 keypoints.
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Figure 13. RaCo’s outputs on HPatches and DNIM. (left) Keypoints overlayed on the input image (middle left) The detector probability
score map (middle right) The ranker score map (right) The weighted map of the angle of the major axis of the estimated covariance ellipsoid
described in Appendix D. Our detector learns corner like features that maximize the repeatability objective. The ranker learns an ordering of
these keypoints, notice how more prominent corners are assigned a higher ranker score, less prominent corners are ranked lower, followed by
edge like features. Textureless regions are assigned the lowest rank as they are the least likely to be matched.
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Figure 14. RaCo’s outputs on MegaDepth and ETH3D. (left) Keypoints over the image (middle left) Detector score map (middle right)
Ranker score map (right) The weighted map of the angle of the major axis of the estimated covariance ellipsoid described in Appendix D.
The estimated covariances are very interpretable, in regions of low texture the rightmost plot is more white as the uncertainty in those regions
is higher. On edge, corner and blob like image features, the uncertainty is much lower. Further, the angle of the major axis of the estimated
ellipsoid follows the angle of the edge. This is clearly seen in the second row around the metallic helical like structure.



Figure 15. Qualitative examples of two-view matching. The repeatable points (•), unmatched points (•) and the non-covisible points (•)
are showed for examples from HPatches [4] and MegaDepth [36] from the evaluation in Sec. 4.2. We additionally report the repeatability of
each detector. Despite being trained solely on image pairs of perspective image crops, our model generalizes to images with real viewpoint
and illumination changes.



Figure 16. Qualitative Analysis of Keypoint Ranking. We provide a qualitative evaluation of our keypoint ranking method by visualizing
keypoints and their matches for three examples from HPatches [4] from the evaluation in Sec. 4.4. With a fixed budget of 256 keypoints per
view, ordering by our ranker scores (r) significantly increases the number of matches compared to ordering by detector scores (p). This
demonstrates the ranker’s ability to prioritize matchable keypoints (• at a budget of 256) while de-prioritizing unmatchable ones (•). The
keypoints that would be matched had the full budget been considered are also shown (•). We also report repeatability scores at keypoint
budgets of 128 and 256.
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