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Supplementary Material

A Additional Experiments

A.1 Performance using Different Detectors

All the results in the main paper use the DaD [19] detector. We investigate the
performance of LoMa using different detectors in Tab. [6} For fair comparison,
we retrain the descriptor with an ensemble of detectors and use this for all the
subsequent comparisons. To create an ensemble 68|, we uniformly sample key-
points from DeDoDe v2 [17], DISK [61], ALIKED [76], and DaD [19]| during
training. We then train separate matchers (one for each detector) and one en-
semble matcher that is jointly trained with keypoints randomly sampled from all
detectors. We find DaD to be overall the strongest detector, regardless of setting.
Generally, slightly better performance is achieved by specializing the matcher on
one detector.

Table 6: Detector ablation. Performance (mAA@10px on the validation set of Hard-
Match) comparison between training with a single detector and randomly sampling
multiple detectors (ensemble).

Method Ensemble Training Single Detector
DeDoDe v2 |17] 47.0 47.3
DISK [61] 44.3 45.3
ALIKED |[76] 48.9 49.0
DaD |19] 51.0 51.3

A.2 Dependence on the Number of Keypoints

Throughout the main paper, we evaluate with N = 4096 keypoints. We study the
performance for fewer keypoints in Tab. |7} The performance difference between
2048 and 4096 keypoints is negligible for other sparse matchers, but LoMa ben-
efits slightly from increasing the number of keypoints beyond 2048. Performance
degrades significantly below 2048 keypoints.

A.3 HPatches

We evaluate on HPatches [5] following the LoFTR [56] protocol. The dataset
contains planar scenes with homographies. We report the results in Tab. |8} The
lightweight LoMa-B'28 achieves the highest score.
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Table 7: Varying max number of keypoints. We report the AUCQ20 for different
number of maximum keypoints.

Method MegaDepth-1500 ScanNet-1500

Max Num. Keypoints — 512 1024 2048 4096 512 1024 2048 4096
SP+SG 70.9 75.4 76.5 76.4 44.5 48.1 49.0 49.1
SP+LG 70.6 74.8 76.4 76.4 43.9 47.6 48.6 48.9
LoMa-B (ours) 80.3 82.7 83.1 83.6 58.3 63.3 66.4 68.2

Table 8: HPatches. Performance on HPatches [5|.

Method HPatches

AUCQ— @3px @5px @10px
SP+SG 64.4 75.6 86.0
SP+LG 64.2 75.5 85.5
DISK+LG 60.4 724 835
ALIKED+LG 66.2 76.9 86.3

LoMa-B'?® (ours) 67.2 78.1 87.8
LoMa-B (ours) 66.5 77.5 87.3
LoMa-L (ours) 66.5 77.8 87.5
LoMa-G (ours) 66.4 77.5 873

A.4 SatAst

We evaluate astronaut to satellite matching on SatAst [20]. The dataset features
large in-plane rotations and scale changes, making it difficult for most matchers.
We report the results in Tab. [4, where we find that, while beating other sparse
matchers, LoMa struggles with rotations.

A.5 Oxford Day-and-Night

In the main paper, we report the median performance on the night queries of
Oxford Day-and-Night |71]. We use the HLoc [51] pipeline with NetVLAD-50 [2].
The benchmark contains four outdoor scenes (Bodleian Library, H.B. Allen Cen-
tre, Keble College, Observatory Quarter) and one indoor scene (Robotics Insti-
tute). In Tab. we report the results per scene.

A.6 WxBS

To better understand the relative performance of the matchers, we report the
accuracy (PCK) at different pixel thresholds in Fig. [9]
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Table 9: SatAst. Astronaut to satellite matching on SatAst IZO]

Method SatAst
AUCQ — @10px
SP+SG 19.8
SP-+LG 12.8
DISK+LG 0.0
ALIKED+LG 12.1
LoMa-B (ours) 18.8
LoMa-L (ours) 21.3
LoMa-G (ours) 22.9

Table 10: Oxford Day-and-Night. Full results for night queries. Reporting percent-
age of correctly localized test images within (0.25m, 2°) / (0.5m, 5°) / (1m, 10°)

Bodleian Library H.B. Allen Centre

Keble College

Observatory Quarter

Robotics Institute

SP+SG 21.6/26.5/30.8
SP+LG 20.5/25.3/28.8
DISK+LG 14.8/17.5/20.1
ALIKED+LG 22.2/27.3/31.0

LoMa-Bjog(ours)
LoMa-B (ours)
LoMa-L (ours)
LoMa-G (ours)

26.1/31.8/36.1
24.1/28.9/32.5
25.1/30.4/34.3
25.1/30.4/35.0

44.3/57.5/64.1
43.4/54.1/61.5
9.6/11.4/14.7
42.8/55.5/62.6
60.1/71.1/76.6
57.5/69.7/73.7
62.1/71.9/76.0
61.9/73.7/78.2

10.7/13.6/17.3
10.0/14.2/18.3
0.5/ 0.8/1.1
10.3/13.5/18.3
14.2/17.8/22.0
15.3/21.0/25.2
15.4/21.1/26.0
15.8/21.4/27.5

48.1/54.4/58.0
47.9/53.5/57.7
16.8/20.4/22.9
45.1/53.9/58.9
54.8/62.2/67.1
54.7/62.4/66.2
56.0/64.6/69.2
58.9/66.0/69.7

71.1/73.6/74.5
70.1/71.8/73.0
53.2/57.5/60.5
57.2/61.4/63.6
73.8/76.1/77.0
70.9/74.1/74.7
71.5/74.9/76.0
72.2/75.2/76.5
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Fig.9: WxBS accuracy at different thresholds.
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A.7 Scaling the Descriptor

As shown in Fig. the HardMatch validation loss of the descriptor saturates
at around 50K steps and then slowly increases. Thus, we limit the descriptor

training to only 50K steps (compared to 250K for the matcher).
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(a) HardMatch validation loss during descriptor (b) Pareto curve for a single image pair per GPU.

training.

Fig. 10: Descriptor scaling (a) and pareto curve for batch size of 1 (b).

A.8 Inference Speed for a Single Image Pair

In the main paper, we evaluate the speed using a batch size of 16. In many
applications, inference will run with a single image pair at a time (batch size
of 1). In Fig. |[10b] we show the speed for our different model sizes for different

stopping layers L = {3,5,9}.
A.9 Map-free Visual Relocalization Benchmark

In Tab. we compare to additional matchers on the validation set (using DA3
depths for consistency). We also evaluated LoMa-G on the official benchmark,
achieving an AUC and precision (VCRE<90px) of 92.5 and 75.7, respectively.

Table 11: Additional Map-free Baselines. TBD

Metric MASt3R LoFTR RoMa LoMa-G

Prec. 1t 734 39.7  59.7  68.9
AUCT 916 73.5 844 903
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B Details on Evaluation

For all LoMa evaluations, we use an internal resolution of 784 x 784, N = 4096
DaD keypoints, and L = 9 layers.

B.1 Relative Pose Estimation

The evaluation protocol follows from LoFTR [56] and is also used in e.g. RoMa [21]
and RoMa v2 [20]. We use a RANSAC pixel threshold of 7 = 0.5. We use the
standard AUC metric. The AUC metric evaluates the error of the estimated
Essential matrix relative to the ground truth. For each image pair, the error is
defined as the maximum of the rotational and translational errors. Since metric
scale is unavailable, the translational error is measured using the cosine of the
angular difference. The recall at a threshold 7 is defined as the fraction of pairs
whose error is below 7. The metric AUCQ7° is computed as the normalized in-
tegral of the recall curve with respect to the threshold from 0 to 7, divided by
7. In practice, this integral is approximated using the trapezoidal rule over the
set of errors produced by the method on the dataset.

B.2 Image Matching Challenge 2022

We run the official Kaggle competition and use 200K iterations of MAGSAC |6}
7] with an inlier threshold of 7 = 0.2. We report the mean average accuracy
(mAA). The metric evaluates the estimated Fundamental matrix against the
hidden ground truth using rotational error (in degrees) and translational error (in
meters). A pose is considered correct if both errors fall below specified thresholds.
This is evaluated over ten uniformly spaced threshold pairs. The mAA is the
average accuracy across all thresholds and images, balanced across scenes.

C HardMatch

C.1 Further Details on Evaluation

Following WxBS [42], our main method for evaluating the hand-labeled cor-
respondences in HardMatch is through the estimation of a Fundamental ma-
trix. Specifically, each method finds matches between the two images and ro-
bustly estimates the fundamental matrix using the OpenCV implementation of
MAGSAC [6)/7] with an inlier threshold of 7 = 0.25 pixels. We compute the per-
cent of keypoints (PCK) in the ground truth correspondences consistent with
the estimated Fundamental matrix for epipolar pixel thresholds going from 0 to
20. We compute the pixel errors at a resolution of 640 x 640 and do not evaluate
on the approximately 20 pairs we label dynamic.
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C.2 Correspondence Evaluation

An alternative methodology involves directly matching the ground truth key-
points. This has the benefit of working even for image pairs where a Fundamen-
tal matrix is not well defined, e.g. dynamic scenes and non-perspective cameras.
For dense matchers,we sample the warp at the ground truth keypoint locations
in I* and find the pixel error to the ground truth correspondences in IZ. For
sparse matchers, the most straightforward way is to append the ground truth
keypoints to the detected keypoints in I** and record the pixel error between
the estimated and true matches in I5. As illustrated in Tab. LoMa performs
the best also on this evaluation.

Table 12: Correspondence Evaluation. HardMatch evaluation where, for sparse
matchers, ground truth correspondences are appended to detected keypoints.

Method HardMatch
PCK@ — 5px 10px 15px 20px
Dense Matchers

RoMa 52.9 60.9 64.1 66.0
UFM 35.2 47.1 53.4 56.7
RoMa v2 53.2 64.5 70.4 73.3
Sparse Matchers, 2048 keypoints
SP+SG 37.6 39.3 40.2 40.6
SP+LG 39.3 45.1 47.8 49.5

LoMa-B (ours) 64.3 71.4 74.5 76.0
LoMa-L (ours) 65.8 72.7 76.0 77.4
LoMa-G (ours) 68.0 74.0 76.8 78.2

C.3 Dataset statistics

Images in the HardMatch dataset date between the early 20th century until now

(¢f. Fig.[11a]) and has a global geographic footprint (¢f. Fig. [L1b]). Most of the
images are taken at the start of the 21st century in Europe.

C.4 Qualitative Pairs with Matches

In Fig. we illustrate some representative examples for challenging groups in
HardMatch. In Fig.[13] we display a random collection of pairs and the matches
detected by LoMa-G (inliers during Fundamental matrix estimation with 7 =5
are colored green).
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Fig. 11: HardMatch statistics. The dataset consists of images taken from all over
the world and from over a century apart. The highest concentration is geographically
in Europe and temporally in the 21st century.
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Fig. 12: Hard groups of HardMatch. For hard Doppelgéingers in HardMatch, all
the matchers fail.
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Fig.13: LoMa-G matches from HardMatch. Inliers at 5px threshold for
MAGSAC lQHZ] colored green while outliers are colored red.
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C.5 Results by Category and Group

The HardMatch dataset is sourced from 100 Wikimedia Commons categories.
We list the categories of the test dataset in Fig. We also report the detailed
performance breakdown of different groups in Tab.

Table 14: Detailed HardMatch Performance. Performance (mAA@10px) on dif-
ferent groupings of HardMatch.

Method Aerial Celestial Doppelgianger Drawing Illumination Nature Seasonal Temporal Viewpoint

Feedforward Reconstruction

MASt3R, 13.0 20.2 25.4 29.1 32.3 39.5 29.7 32.3 18.2
VGGT a&j 12.9 8.7 14.8 17.9 32.2 27.7 30.6 32.0 15.6
Dense Matchers

LoFTR 12.9 25.9 19.3 21.3 33.5 39.5 34.3 38.6 10.5
RoMa ai 27.2 26.1 28.7 41.2 50.0 54.2 51.3 55.0 20.8
UFM |75] 14.4 30.7 22.4 30.4 32.0 33.0 40.3 41.7 15.0
RoMa V! 28.7 28.3 34.1 34.3 49.1 54.4 46.5 50.5 28.6
Sparse Matchers, 4096 Keypoints

SP+SG 52 28.1 23.5 27.2 34.5 41.5 42.2 40.8 8.6
SP+LG 12.9 25.1 22.1 26.8 32.8 40.0 37.2 39.2 8.3
DISK+L 12.0 6.3 16.8 20.0 25.3 30.7 29.2 36.9 9.6
ALIKED-L @ 14.0 16.4 21.5 26.0 34.2 40.9 39.1 41.6 10.5
LoMa-B (ours) 31.6 28.1 30.3 41.0 51.7 54.4 54.6 55.6 26.0
LoMa-L (ours) 35.6 35.8 35.9 43.0 54.5 55.2 56.4 57.6 30.3
LoMa-G (ours) 36.9 35.7 36.3 40.4 55.0 56.0 58.8 59.4 30.9

D Progressive Match Refinement

We qualitatively examine the detected matches at different stopping layers in
Fig.

E Visualizing a Training Batch

To better understand our training data mix we randomly sample a batch of 32
image pairs and plot them in Fig.
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Fig.14: HardMatch categories from easy to hard. We plot the PCK@10px of
LoMa for different categories in the test set.



LoMa: Local Feature Matching Revisited 11

() L=1 ' (f) L=9

Fig. 15: Refining matches through depth. The descriptor fails to match the pair
(L = 0) but as the features are passed through the layers of the matcher, the pair
gradually becomes matchable.
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Fig. 16: Visualization of training batch. We visualize a random training batch of
32 image pairs to highlight the diversity in our training data.
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