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Supplementary Material

In the following, we provide additional details regard-
ing GlueStick, our point-line matcher. Appendix A offers
a visualization of the generation of our line ground truth.
Appendix B gives additional insights and ablation studies
motivating our choices. Appendix C specifies some experi-
mental details to reproduce our experiments and brings ad-
ditional results. Appendix D shows matching results, as
well as failure cases of our method. Finally, Appendix E
provides visualizations of the attention for various kinds of
nodes.

A. Ground Truth Generation
Designing a line matching ground truth (GT) is challeng-

ing, due to partial occlusions and lack of repeatability of
line detectors. We provide here some visualizations of the
GT generation process.

Fig. 1 shows an example of the ground truth between two
images. Line segments can be either MATCHED (green),
UNMATCHED (red), or IGNORED (blue). The latter case
happens when the depth along the line is too uncertain or
when its reprojection in the other image is occluded. The
generation process is also illustrated in Fig. 2 for one pair
of line segments. The advantage of the proposed method
is that it recovers a large number of matches for each pair
of images, providing a strong matching signal. In compar-
ison to the method proposed in [1] which does robust 3D
reconstruction of line segments, our method is faster and
simpler. By avoiding the 3D line reconstruction step, we
can train in larger scenes with potentially noisy depth, like
the MegaDepth dataset [10].

B. Additional Insights on GlueStick
In this section, we give extra insights and motivations for

our design choices.
Choice of the Line Segment Detector. In all our train-
ing and experiments, we used the Line Segment Detector
(LSD) [7] to extract line segments. For a certain applica-
tion, such as indoor wireframe parsing [8], learned meth-
ods largely overtake classic ones [5, 20, 23, 24]. However,
learned methods struggle to generalize this power to other
contexts, tasks, or types of images. For this reason, we have

(a) GT line assignations, shown as MATCHED, UNMATCHED, and
IGNORED.

(b) Each color identifies a match (i, j) ∈ Ml of the GT.

Figure 1: Ground truth (GT) line assignations. Exam-
ples of GT line matches. Note that blue lines are located
in uncertain regions and depth discontinuities, and they are
ignored during training.

chosen LSD as the generic method to train GlueStick. Fur-
thermore, we believe that our line pre-processing, turning
an unordered set of lines into a connected graph, is bene-
ficial to make the endpoints more repeatable across views,
thus potentially making LSD more repeatable.

We ran a small experiment to compute the line repeata-
bility of different line detectors on the HPatches [2] and
ETH3D [18] datasets. We define line repeatability for a
pair of images as the percentage between the number of
line correspondences and the number of lines in the pair
of images [11]. We establish line correspondences between
images with the protocol defined in Sec. 3.4 of the main
paper and Appendix A. Tab. 1 shows that the learned base-
line F-Clip [5] obtains the highest repeatability, but detects
few lines, due to the fact that it was trained on the ground
truth lines of the Wireframe dataset [8]. On the contrary,
LSD provides the best trade-off in terms of repeatability and



(a) 3D Visualization of a scene in ETH3D [18], with the depth associated with each
point and the camera poses.

(b) GT Matching result

Figure 2: Visualization of the ground truth (GT) generation. To check if a pair of line segments lA
i and lB

j correspond
to each other, we sample points along the segment: cyan points in the right image of (a). Points are lifted using depth and
re-projected in the second image: green points in the left image of (a). We use the number of points that lie close to the
segment in the second image to build each entry CB

i;j of the cost matrix. Together with the reciprocal matrix CA we define
an assignation problem whose solution is our GT shown in (b).

HPatches ETH3D

#Lines Rep. (%) #Lines Rep. (%)

LSD [7] 307 68.72 578 47.49
ELSED [20] 243 64.66 464 48.03
HAWP [24] 366 60.86 420 38.69
SOLD2 [13] 167 65.49 332 39.86
F-Clip [5] 139 72.91 444 50.90
LETR [23] 95 70.65 311 47.70

Table 1: Line segment detection comparison. We com-
pare different line segment detectors in terms of their re-
peatability in the HPatches [2] and ETH3D [18] datasets.

number of lines. Thus, this good trade-off, as well as its low
localization error and versatility, make LSD a very suitable
choice for our approach.

We provide in Fig. 4 additional visualizations of line
segments for two traditional methods: LSD [7] and
ELSED [20], and two learned methods: SOLD2 [13] and
HAWP [24]. While traditional ones sometimes detect noisy
lines (for example in the sky), learned ones are often biased
towards their training set and do not generalize very well to
different settings, such as outdoor images.

However, is important for GlueStick to generalize and
perform well with other line segment detectors. In Fig. 3

we run GlueStick using either LSD or SOLD2 [13] lines,
and we evaluate the precision-recall of both methods on the
ETH3D dataset [18]. The latter are generic lines extracted
by a deep network, with strong repeatability and low local-
ization error [13]. It can be seen from the precision-recall
curves that 1) our GlueStick model trained on LSD lines
is able to generalize to other lines such as SOLD2 [13],
and 2) the performance is slightly better with LSD lines.
This is reasonable, since GlueStick was already trained on
these lines. In summary, we chose LSD as base detector
for downstream tasks since it remains one of the most accu-
rate detector currently available, by directly relying on the
image gradient at a sub-pixel level.

Effect of the Fine-tuning. Again in Fig. 3, we compare our
final GlueStick model with its pre-trained version on homo-
graphies, GlueStick - H. The plot shows that pre-training on
homographies is already sufficient to get very high perfor-
mance on ETH3D - better than the previous state-of-the-art
line matchers. Fine-tuning on MegaDepth [10] with real
viewpoint changes can however further improve the robust-
ness of our matcher, as demonstrated by the stronger per-
formance of the final model.

Dependence on Point Matches. When jointly matching
two kinds of features, one caveat is often that one type of



Figure 3: Additional ablation study on the ETH3D
dataset [18]. We report the precision-recall curve of the
line matching, as well as Average Precision (AP) in the
legend. Our �nalGlueStickmodel running with LSD [7]
lines is compared to its pre-trained version on homogra-
phies (GlueStick - H), and the �nal model using SOLD2

lines [13] (GlueStick - SOLD2 lines).

feature takes the lead and the other relies mainly on the �rst
one. While we know from SuperGlue [17] that point-only
matching is already very strong on its own, we show here
that our architecture is very robust to the absence of key-
points and that line-only matching is still possible. We ran
an evaluation of the precision, recall, and average precision
(AP) of the line matching on 1000 validation images of our
homography dataset (images taken from the 1M distractor
images of [14]), and tested different maximum numbers of
keypoints per image. The results showed in Fig. 5, high-
light that our line matching is extremely robust to the lack of
keypoints. The precision remains indeed constant, and the
recall and AP are decreasing by at most 5% when switch-
ing from 1000 keypoints to no keypoints. Thus, this study
con�rms that our matcher can be used in texture-less areas
where no keypoints are present, and is still able to match
lines with high accuracy.
Impact of the Line Length. While we adopted a line repre-
sentation based on the endpoints, one may wonder whether
GlueStick can handle very long lines, and how it performs
with respect to the line length. We studied this on the
ETH3D [18] by categorising lines into three categories of
length (in pixels):Short([0; 50)), Medium([50; 150)), and
Long([150; + 1 )). The results are shown in Fig. 6. It can
be seen that the best performance is obtained for long lines,
showing that GlueStick is still able to match lines even with-
out context in the middle of the line. This result is due to
the fact that long lines are more stable across views, while
short ones are often noisy and not very repeatable.
Robustness to Small Image Overlaps.The image over-

lap and scale changes between images can play a large
role in matching. To study the effect of image overlap on
GlueStick, we revisited our line matching experiment on
the ETH3D dataset [18] and separated the pairs of images
into three categories of image overlap:Small ([0; 0:33)),
Medium([0:33; 0:66)), andLarge([0:66; 1]). Overlap is de-
�ned as the proportion of pixels falling into the other image
after reprojection. It is computed symmetrically between
the two images, and the minimum of the two values is kept.
Results are available in Fig. 7. While the performance natu-
rally decreases with smaller overlaps, GlueStick maintains
a strong performance on such hard cases.

C. Experimental Details

In this section, we �rst provide additional baselines to the
experiment on ScanNet for homography and relative pose
estimation. Secondly, we give details and visualizations of
the pure rotation estimation between two image pairs, and
its application to image stitching. Thirdly, we provide a
comparison of methods on homography estimation on the
HPatches dataset [2]. Finally, we give the full results of
visual localization on the 7Scenes dataset [19], though the
performance on most scenes is already saturated.

C.1. Relative Pose through Homographies

The experiment in Tab. 1 of the main paper was meant to
evaluate the quality of homographies retrieved from points,
lines or points+lines features. Homographies were evalu-
ated by decomposing into the corresponding relative pose
and evaluating the latter on the ScanNet dataset [4]. For
the sake of completeness, we also report here the results
that would be obtained with a more ef�cient method to ob-
tain the relative pose: the 5-point algorithm to obtain the
essential matrix [12], later decomposed as a relative pose.
Tab. 2 demonstrates that the quality of relative poses re-
trieved through essential matrices is much higher than with
homographies - as could be expected. GlueStick remains
nevertheless the top performing method among all base-
lines. Note that we use here the outdoor models for all
methods, for fairness reasons as GlueStick was only trained
on outdoor data.

C.2. Pure Rotation Estimation

In this section, we describe the details of the pure rota-
tion algorithm used to perform the experiment of Sec. 4.4.2
of the main paper. Inside a Hybrid RANSAC [3], we de-
sign minimal and least square solvers to estimate the rota-
tion based on points, lines, or a combination of both.

Images are cropped from the panorama images of
SUN360 [22] and projected with a calibration matrixK 2
R3� 3. Fig. 8 shows some examples. The relation between



(a) LSD [7] (b) ELSED [20] (c) SOLD2 [13] (d) HAWP [24]

Figure 4:Comparison of line segment detectors.Learned methods such as SOLD2 [13] and HAWP [24] may not generalize
well in all situations, such as outdoors. Traditional ones such as LSD [7] and ELSED [20] produce a lot of overlapping
segments and sometimes noisy ones. We decided to use LSD for its high versatility and accuracy.


