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Sec. 1 presents implementation details for our base-
line methods (c.f . Sec. 5 - “Baselines” in the main pa-
per). Sec. 2 provides visualisations comparing the original
and the Structure-from-Motion (SfM) pseudo ground truth
(pGT), complementing Figures 1, 3, 5, and 6 in the main pa-
per. Sec. 3 extends Figure 4 in the main paper by providing
3D alignment statistics for all scenes in the 7Scenes [16]
and 12Scenes [18] datasets. Finally, Sec. 4 provides de-
tailed plots for the localization results presented in Sec. 5 of
the main paper.

1. Implementation Details
In the following, we detail how we adjusted the source

code of Active Search [14], hLoc [11, 12], R2D2 [6], and
DSAC* [4] and provide training details for the latter.

1.1. Active Search (AS)

We use the source code of [14], but replace the original
RANSAC method with the LO-RANSAC [8] implementa-
tion from [13]. Local optimisation is implemented by min-
imising the sum of squared reprojection errors over a subset
of the inliers of the best pose found so far. In addition, we
perform non-linear optimisation of the pose by minimising
the sum of squared reprojection errors over all inliers after
LO-RANSAC. In both cases, Ceres [1] is used to imple-
ment the optimisation. Based on preliminary experiments,
both modifications significantly improve performance.

We set the inlier threshold for LO-RANSAC to 1% of
the image diagonal1 and use 10k visual words trained on
an unrelated outdoor dataset for prioritization. For the SfM
pGT, which provides an estimate of the radial distortion of
the test images, we undistort the SIFT [9] feature positions
in the test images before RANSAC-based pose estimation.

AS requires a SfM model of the scene for 2D-3D match-
ing. We use COLMAP to build these models by triangu-
lating the 3D structure of the scene from the known pGT

1While we observed better results when tuning the threshold per scene,
we want to avoid overfitting to the test set and thus use the same setting for
all scenes.

poses of the training images. To establish the matches re-
quired for triangulation, we use COLMAP’s image retrieval
pipeline [15] to match each training image against the top-
100 retrieved other training images. In addition, we match
each training image against each other training image that
has a pGT pose difference below 2m and 45◦. For the orig-
inal pGT of 7Scenes, we obtained better results by relaxing
the thresholds COLMAP uses for triangulation. As in the
main paper, we account for the transformation between the
depth and the RGB cameras when building the SfM models
for the original 7Scenes pGT.2

1.2. Hierarchical Localization (hLoc)

Similar to Active Search, hLoc [11,12] is based on local
features. Whereas Active Search relies on SIFT [9], hLoc
employs SuperPoint features [5], a modern learned alterna-
tive. Active Search directly matches features extracted from
the test image against descriptors associated with the 3D
points. In contrast, hLoc first employs an image retrieval
stage to identify a set of training images that potentially
show the same part of the scene as the test image. The fea-
tures found in the test image are then only matched against
the 3D points visible in the top-k retrieved training images.
For matching, the SuperGlue [12] approach is used to im-
prove matching quality. The resulting 2D-3D matches are
then used to estimate the camera pose by applying a P3P
solver inside a RANSAC loop.

We use the source made publicly available by the authors
and use their default settings. While the original publica-
tion describing the hierarchical localization pipeline [11]
uses NetVLAD [2] descriptors, we use DenseVLAD [17]
descriptors instead. DenseVLAD is a non-learned alterna-
tive to NetVLAD, where densely extracted RootSIFT [3]
features are pooled into a VLAD [7] descriptor. We chose
DenseVLAD as it, in our experience, performs better for the
7Scenes and 12Scenes datasets than NetVLAD and use the
top-20 retrieved images.

2Note that the SfM pGT directly provides poses for the RGB images
and it is not necessary to account for the transformation.



1.3. DenseVLAD+R2D2

DenseVLAD+R2D2 [6] follows the workflow of image
retrieval as well as structure-based methods where, first, the
most similar training images are retrieved using global im-
age representations, and second, these image pairs are used
for local feature matching. Same as for our hLoc experi-
ments (we use exactly the same retrieval results), for im-
age retrieval during localisation, we use DenseVLAD [17]
features and for mapping, we use a list for matching train-
ing images that was obtained as a result of finding co-
observations of reconstructed 3D points (using the AS map
as basis). For local feature matching, and in addition to Ac-
tive Search and hLoc (which use SIFT resp. SuperPoint),
here we use R2D2 [10] features. DenseVLAD+R2D2 uses
COLMAP for both, 3D point triangulation of the map
and image registration using 2D-3D correspondences. The
matches are obtained using the nearest neighbors in descrip-
tor space (L2-norm), cross-validation, and geometric verifi-
cation.

Instead of triangulating keypoint matches using the cam-
era poses, for DenseVLAD+R2D2 (+D), we construct the
3D map by projecting the keypoints to 3D space using the
provided and registered [20] depth maps. For localization,
we follow the same method as described above.

1.4. DSAC*

We use the public code of DSAC* [4] with default pa-
rameters. DSAC* supports different training modes util-
ising varying degrees of supervision. To achieve best re-
sults, we follow Brachmann and Rother [4] and initialize
the DSAC* network using scene coordinate ground truth.
Brachmann and Rother render ground truth scene coor-
dinates using 3D models of each scene provided in the
7Scenes and 12Scenes datasets, respectively. Next to the
pseudo ground truth camera poses of these datasets, the 3D
models are an additional output of (RGB-)D SLAM. Hence,
these 3D models would add an additional, non-trivial de-
pendency of DSAC* training to the underlying dataset ref-
erence algorithm. To restrict the influence of the refer-
ence algorithm to pGT poses alone, we train DSAC* us-
ing ground truth scene coordinates that we obtain from the
measured depth map of each image. We backproject the
depth map to 3D using the camera calibration parameters,
and transform them to scene space using the pGT pose. For
7Scenes, we manually register depth maps to RGB images
using the calibration parameters provided by [20].

Since the DSAC* code does not support a camera model
with radial distortion, we instead undistort RGB images us-
ing COLMAP before passing it to the DSAC* pipeline. We
only do this for experiments with the SfM pGT since the
(RGB-)D SLAM pGT assumes zero radial distortion.

We follow Brachmann and Rother [4] and train DSAC*
for 1.1M iterations (initialization + end-to-end). This took

approximately 16 hours per scene on a GeForce RTX 2080
Ti, which is considerably faster than the 60 hours reported
in [4], presumably due to more recent hardware. Compared
to the results published in [4], we observe slightly reduced
accuracy, e.g. 82.9% versus 85.2% for DSAC (RGB) on
7Scenes (averaged over all scenes). We attribute this slight
difference to our use of measured depth maps in the ini-
tialization training stage, which are more noisy and contain
holes as well as large areas of invalid depth compared to the
rendered ground truth scene coordinates used in [4].

2. Visual Comparisons of pGT

Visualisation of pGT reference poses. We plot depth-
based SLAM pGT versus RGB-based SfM pGT for the
Pumpkin scene of 7Scenes in Fig. 1. For this scene, we
observe the largest visual drift between both versions of the
pGT. We also show estimated camera trajectories for Ac-
tive Search, DSAC* and DSAC* (+D), the top-performing
methods depending on the pGT version, for both versions
of the pGT. While the depth-based SLAM pGT on this
scene seems to have defects that make it hard for all re-
localization methods to follow the ground truth trajectory,
results look smoother for the SfM pGT. Still, both DSAC*
re-localizers fail to follow the SfM pGT exactly, exhibiting
small, consistent offsets w.r.t. the pseudo ground truth tra-
jectory. We observe similar, yet less pronounced, patterns
for other scenes of 7Scenes, c.f . Fig. 2. Visual differences
between the pGT versions are smaller for the 12Scenes
dataset, see Fig. 3, but still noticeable.

Visualisation of SfM point clouds. In addition to the SfM
point clouds for the Red Kitchen and apt2/kitchen scenes
shown in Fig. 3 of the main paper, we show point cloud
visualisations for all scenes. In contrast to the main paper,
we also show the pGT poses as red dots.

Fig. 4 and Fig. 5 show the 7 scenes of the 7Scenes
dataset. Fig. 6 to Fig. 8 show the 12 scenes of the 12Scenes
dataset. As already seen in the main paper, the SfM pseudo
ground truth results in less noisy point clouds.

3. Quantitative Comparisons of pGT
Fig. 4 in the main paper shows cumulative distributions

over 3D alignment statistics for the 7Scenes and 12Scenes
datasets (c.f . Sec. 4, “Evaluation based on 3D alignment
metrics” in the main paper for details). While Fig. 4 in the
main papers shows average statistics over all scenes in each
dataset and one selected scene per dataset. In this document,
we show the distributions for all scenes of the two datasets.

Fig. 9 shows the cumulative distributions for all scenes of
the 7Scenes dataset. As can be seen, the original (RGB-)D
SLAM pGT results in a more accurate alignment for most
scenes compared to the SfM pGT. For the Red Kitchen and
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Figure 1. Comparison of pGT on 7Scenes Pumpkin. a) SfM-based reference poses (blue) versus SLAM-based reference poses (orange).
b) We show estimated camera positions for Active Search (green), DSAC* w/ RGB inputs (cyan) and DSAC* w/ RGB-D inputs (purple).
The respective reference poses, SLAM pGT on the left and SfM pGT on the right, are shown in red. We show close-up views in c).
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Figure 2. Comparison of pGT on 7Scenes. Left: Comparison of the pGT reference poses. Middle: Re-localization results based on the
SLAM pGT. Right: Re-localization results based on the SfM pGT.
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Figure 3. Comparison of pGT on 7Scenes. Left: Comparison of the pGT reference poses. Middle: Re-localization results based on the
SLAM pGT. Right: Re-localization results based on the SfM pGT.

Stairs scenes, there is little difference between the two ver-
sions of the pGT and the SfM pGT produces a (slightly)
more accurate alignment for the test/train pairs.

Similarly, Fig. 10 shows the cumulative distributions for
all scenes of the 12Scenes dataset. Again, we observe that
the original (RGB-)D SLAM pGT results in more accurate
3D alignments compared to the SfM pGT. However, for
most scenes, the difference between both versions of the
pGT is smaller than for the 7Scenes dataset.

4. Visual Re-Localization Evaluation

As an extension to Fig. 7(a) of the main paper, we show
cumulative pose error plots and cumulative DCRE [19] er-
ror plots for all scenes of 7Scenes and 12Scenes, sepa-
rately. See Fig. 11, Fig. 12 and Fig. 13 for pose error plots,
max. DCRE error plots and mean DCRE error plots, respec-
tively, for 7Scenes. We show the corresponding plots for
12Scenes in Fig. 14, Fig. 15 and Fig. 16.
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Figure 4. Visualisation of SfM point clouds for the 7Scenes [16] dataset. The left column shows the Structure-from-Motion (SfM) point
clouds obtained by triangulating the 3D scene structure using the original pGT. The right column shows the SfM point clouds of the SfM
pGT. The red dots denote the pGT camera positions of the test and training images. From top to bottom: Chess, Fire, Heads, Office.



Figure 5. Visualisation of SfM point clouds for the 7Scenes [16] dataset. The left column shows the Structure-from-Motion (SfM) point
clouds obtained by triangulating the 3D scene structure using the original pGT. The right column shows the SfM point clouds of the SfM
pGT. The red dots denote the pGT camera positions of the test and training images. From top to bottom: Pumpkin, Red Kitchen, Stairs.
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Figure 6. Visualisation of SfM point clouds for the 12Scenes [18] dataset. The left column shows the Structure-from-Motion (SfM)
point clouds obtained by triangulating the 3D scene structure using the original pGT. The right column shows the SfM point clouds of the
SfM pGT. The red dots denote the pGT camera positions of the test and training images. From top to bottom: apt1/kitchen, apt1/living,
apt2/bed, apt2/kitchen.



Figure 7. Visualisation of SfM point clouds for the 12Scenes [18] dataset. The left column shows the Structure-from-Motion (SfM)
point clouds obtained by triangulating the 3D scene structure using the original pGT. The right column shows the SfM point clouds of
the SfM pGT. The red dots denote the pGT camera positions of the test and training images. From top to bottom: apt2/living, apt2/luke,
office1/gates362, office1/gates382.



Figure 8. Visualisation of SfM point clouds for the 12Scenes [18] dataset. The left column shows the Structure-from-Motion (SfM) point
clouds obtained by triangulating the 3D scene structure using the original pGT. The right column shows the SfM point clouds of the SfM
pGT. The red dots denote the pGT camera positions of the test and training images. From top to bottom: office1/lounge, office1/manolis,
office2/5a, office2/5b.
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Figure 9. 3D alignment statistics for the 7Scenes [16] dataset. We show cumulative distributions (cdfs) of the 3D alignment errors
between the depth maps of train/train and test/train image pairs with a visual overlap of at least 30% for the original (RGB-)D SLAM and
the SfM pseudo GT.
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Figure 10. 3D alignment statistics for the 12Scenes [18] dataset. We show cumulative distributions (cdfs) of the 3D alignment errors
between the depth maps of train/train and test/train image pairs with a visual overlap of at least 30% for the original (RGB-)D SLAM and
the SfM pseudo GT.
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Figure 11. Pose error for 7Scenes. We show cum. distributions of the pose error (max. of rotation and translation error) for all scenes of
7Scenes [16]. Dotted vertical lines correspond to 1cm,1◦ and 3cm,3◦ thresholds for reference.
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Figure 12. Max. DCRE for 7Scenes. We show cum. distributions of the DCRE (Dense Correspondence Re-Projection Error [19]) for all
scenes of 7Scenes [16], taking the max. re-projection error per test image. The dotted line corresponds to 1% of the image diagonal.
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Figure 13. Mean DCRE for 7Scenes. We show cum. distributions of the DCRE (Dense Correspondence Re-Projection Error [19]) for all
scenes of 7Scenes [16], taking the mean re-projection error per test image. The dotted line corresponds to 1% of the image diagonal.
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Figure 14. Pose error for 12Scenes. We show cum. distributions of the pose error (max. of rotation and translation error) for all scenes of
12Scenes [18]. Dotted vertical lines correspond to a 1cm,1◦ threshold for reference.
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Figure 15. Max. DCRE for 12Scenes. We show cum. distributions of the DCRE (Dense Correspondence Re-Projection Error [19]) for
all scenes of 12Scenes [18], taking the max. re-projection error per test image. The dotted vertical line corresponds to 1% of the image
diagonal.
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Figure 16. Mean DCRE for 12Scenes. We show cum. distributions of the DCRE (Dense Correspondence Re-Projection Error [19]) for
all scenes of 12Scenes [18], taking the mean re-projection error per test image. The dotted vertical line corresponds to 1% of the image
diagonal.


