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This supplementary material provides the following in-
formation: first, we report additional experimental re-
sults on the Image Matching Workshop challenge [6], the
HPatches benchmark [2], the InLoc Indoor Visual Local-
ization dataset [16], and the Aachen Day-Night dataset [13].
Second, we provide further implementation details. Third,
we explain the protocol for generating pseudo-ground-truth
intrinsics and extrinsics for the Local Feature Evaluation
benchmark [15]. Fourth, we show co-visibility statistics for
the collaborative mapping experiments. Finally, we present
an ablation study comparing different architectures and loss
formulations.

1. Additional experimental results

In this section, we report additional experimental re-
sults. First, we evaluate our method on the Image Match-
ing Workshop (IMW) challenge [6] as well as the HPatches
descriptor evaluation benchmark [2]. Next, we provide a
per-scene breakdown on the full sequences of the HPatches
dataset [2]. Then, we study the impact of the joint embed-
ding dimension in the scenario of localization to a collabo-
rative map on the Aachen Day-Night dataset [13].

1.1. Image Matching Workshop challenge

We evaluate the performance of descriptor translation on
the stereo and multi-view tasks of the IMW challenge [6].
Given the large number of methods to consider', we re-
strict the evaluation to the 3 validation scenes as follows:
the smallest one (Reichstag) is used for parameter tuning
(thresholds for the ratio test and RANSAC), while the other
two (Sacre Coeur and Saint Peter’s Square) are used for
evaluation. We use the 2048 OpenCV SIFT keypoints with
default parameters provided by the authors. For consis-
tency, we retrain the encoder-decoder approach on patches
extracted according to OpenCV SIFT keypoints on the same
3190 random internet images part of the Oxford-Paris revis-
ited retrieval dataset distractors [11].

IThe benchmark rules limit each team to a maximum of 2 submissions
per week to avoid parameter tuning on the test set.
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Table 1: Image Matching Workshop challenge. We report
results on the IMW challenge under two evaluation proto-
cols: directional translation and collaborative mapping us-
ing the joint embedding.

We report results under two evaluation protocols in Ta-
ble 1. First, we consider the case of directional translation.
For a given direction (A — B), in each image pair, we use
the target description algorithm (B) in the first image and
we translate source descriptors to target ones in the second
image. Note that this does not correspond to a realistic sce-
nario on the multi-view task, as the same image might use
different descriptors in different image pairs. Second, we
consider the case of collaborative mapping using the joint
embedding. To this end, we randomly split the images of
each dataset into balanced subsets, one for each descrip-
tion algorithm. Following the original evaluation proto-
col, we run each method three times and report the average
over all runs. Once again, we notice an increase in perfor-
mance when translating handcrafted to learned descriptors
and matching them against natively extracted ones. Further,
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Table 2: InLoc Indoor Visual Localization. Localization
under continuous deployment. A reference map is built
using the database description algorithm. The descriptors of
this map are translated to a target query descriptor. Cross-
device localization. A reference map is built using the
database description algorithm. The descriptors of query
images are translated to be compatible with the map.

in the binary collaborative scenario, the results are generally
in between the results of the individual descriptors.

1.2. HPatches benchmark

To analyze the raw matching performance between orig-
inal and translated descriptors, we evaluate our method on
the HPatches benchmark [2]. There are three different
tasks, notably patch verification, image matching and patch
retrieval. For the translated methods (denoted A — B), we
use the target description algorithm (B) directly in the ref-
erence patches and we translate source descriptors to target
ones for all other patches. Results are reported in Figure 1.
As in our previous experiment, we notice an improvement
in performance when translating handcrafted to learned de-
scriptor. Furthermore, while some translated descriptors
achieve worse performance than the baselines (e.g., Hard-
Net — SOSNet), all three tasks are possible in this previ-
ously unfeasible cross-descriptor scenario.

1.3. InLoc Indoor Visual Localization dataset

We also evaluate descriptor translation on the challeng-
ing InLoc Indoor Visual Localization dataset [16]. We fol-
low the regular evaluation protocol for local features [16].
For each query, we retrieve top 10 related images accord-
ing to NetVLAD [ 1] global descriptors. 2D-2D matches are
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Table 3: Localization to collaborative maps — embedding
dimension. The database images are partitioned in 4 bal-
anced subsets, one for each description algorithm. We use
SOSNet for query images. Both database and query de-
scriptors are translated to the joint embedding space.

established between the query image and each retrieved im-
age. Next, keypoints in database images are back-projected
to 3D using the ground-truth LiDAR scans to obtain a set of
2D-3D matches. Finally, RANSAC pose estimation is ran
for each set of 2D-3D matches and the pose with the highest
number of inliers is selected. For this experiment, we use
DoG keypoints extracted using COLMAP.

The results are shown in Table 2. As with previous ex-
periments, we notice a significant uptick in performance
when matching translated hand-crafted descriptors against
natively extracted learned ones, notably for the lower local-
ization threshold.

1.4. Localization to collaborative maps

We train our encoder-decoder approach with varied joint
embedding dimensions. We present results in the case of lo-
calization to crowd-sourced maps on the Aachen Day-Night
dataset [13] in Table 3. To recall, in this scenario, the set
of database images is split in 4 balanced subsets, one for
each description algorithm. For query images, we extract
SOSNet [ 7] descriptors. Both query and database features
are then translated to the joint space for matching. Increas-
ing the dimensionality past 128 does not have any benefits
in terms of performance. Interestingly, the 64-dimensional
variant performs better than SIFT [7] despite using a het-
erogeneous map. Finally, even the 32-dimensional variant
drastically outperforms native BRIEF [4] localization.

1.5. HPatches sequences

We present a per-scene comparison between state-of-the-
art descriptors on the full HPatches sequences [2] following
the evaluation protocol of Dusmanu et al. [5]. We report the
absolute difference between the area under the mean match-
ing accuracy curve up to 5 pixels for different pairs of de-
scriptors in Figure 2. Despite SOSNet [ 7] drastically out-
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Figure 1: HPatches. We report verification, matching, and retrieval results on the HPatches dataset. Color of the marker
indicates Easy, Hard, and Tough noise. For the patch verification task, diamonds and stars show results with negatives from
the same sequence and from different sequences, respectively. For the image matching task, crosses and triangles denote

illumination and viewpoint results, respectively.

performing BRIEF [4] and SIFT [7] overall, the handcrafted
descriptors achieve better matching accuracy on a signifi-
cant number of scenes. Similarly, while HardNet [9] and
SOSNet have a similar overall performance, there are still
small scene-to-scene variations. Thus, it is unclear whether
existing learned descriptors (e.g., SOSNet) are the best un-
der all conditions.

2. Further implementation details

To encourage and facilitate future research on the
topic of collaborative localization and mapping from
heterogeneous devices, the code of our method and the
evaluation protocols will be released as open source
at https://github.com/mihaidusmanu/cross-
descriptor-vis—-loc—-map.

The architectures used throughout our experiments are
detailed in Table 4. Our approach was implemented in
Python using PyTorch [10] and Kornia [12]. For the learned
descriptors, we use the official Liberty [|8] pre-trained
weights released by the authors. Training the encoder-
decoder approach for all 4 description algorithms takes
around 30 minutes on a single NVIDIA RTX 2080Ti.

3. Pseudo-ground-truth generation

Similar to other datasets [13, 6], we generate pseudo-
ground-truth intrinsics and extrinsics for the Local Feature
Evaluation benchmark [15] via an initial Structure-from-
Motion process. For each dataset, there are four steps:

e We extract SOSNet [17] descriptors around DoG [7]
keypoints obtained using COLMAP [14] with default
parameters. We exhaustively match all images using a

mutual nearest neighbors matcher enforcing the ratio
test [7] with a threshold of 0.9.

* We run COLMAP [14] for geometric verification and
mapping. All images with less than 100 3D points are
not considered during the next steps.

* We run geometric verification and mapping again on
the remaining images — this time all intrinsics are fixed
to the estimates from the previous step.

* We rescale the final model with respect to Google
Maps by manual correspondence clicking to obtain fi-
nal pseudo-ground-truth metric poses.

4. Collaborative mapping — co-visibility

Figures 9 and 10 report additional co-visibility statistics
for our approaches to collaborative mapping from hetero-
geneous descriptors on the benchmark of Schonberger et
al. [15]. The “Embed” approach translating everything to
the joint embedding space generally manages to have more
balanced models. This is especially noticeable in the per-
centage of 3D points containing at least one BRIEF descrip-
tor in their tracks. However, this comes at a cost, as learned
features (i.e., HardNet, SOSNet) are less represented than
in the “Progressive” approach.

We show a qualitative comparison of point-clouds in Fig-
ure 1 1. We compare the real-world point-clouds (i.e., where
each description algorithm only has access to a quarter of
images) with the proposed crowd-sourced reconstruction.
Our method is able to successfully match descriptors of dif-
ferent types yielding significantly more complete 3D mod-
els. On the most difficult landmark containing strongly
symmetric structures and multiple night images (Gendar-
menmarkt), we notice that some individual reconstructions
are unable to recover the correct ground-truth scene geom-
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BRIEF SIFT HardNet / SOSNet
Layer Batch Activation Ou.tput Layer Batch Activation Ou.tput Layer Batch Activation Ou.tpm
norm. dim. norm. dim. norm. dim.
Encoder Encoder Encoder
input 512 input 128 input 128
hiddenl v ReLU 1024 hiddenl v ReLU 1024 hiddenl v ReLU 256
hidden2 v ReLU 1024 hidden2 v ReLU 1024 hidden2 v ReLU 256
embed 128 embed 128 embed 128
Decoder Decoder Decoder
embed 128 embed 128 embed 128
hiddenl v ReLU 1024 hiddenl v ReLU 1024 hiddenl v ReLU 256
hidden2 v ReLU 1024 hidden2 v ReLLU 1024 hidden2 v ReLLU 256
output Sigmoid 512 output ReLU 128 output 128

Table 4: Architectures. We use shallow MLPs with 2 hidden layers for all methods. For the handcrafted algorithms
(BRIEF [4], SIFT [7]) we use larger hidden layers as these descriptors encode lower level image structures. The joint
embedding is /> normalized and so is the output if required (i.e., in the case of SIFT [7], HardNet [9], SOSNet [17]).

etry (notably BRIEF and SIFT).

5. Ablation study

In this section, we study the impact of architecture and
losses on our data-driven translation approach. For this
purpose, we consider the full sequences of the well-known
HPatches dataset [2]. Following the protocol introduced by
Dusmanu et al. [5], we report the mean matching accuracy
of a mutual nearest-neighbor matcher for different thresh-
olds up to which a match is considered correct. In each
sequence, the first image is treated as query and matched
against the other five. For translation experiments, the query
descriptors are translated from a source description algo-
rithm (e.g., SIFT [7]) to a target one (e.g., HardNet [9])) and
matched against natively extracted descriptors (e.g., Hard-
Net) in the other images.

5.1. Naive matching

We first try naively matching different descriptors by
running nearest neighbor search from one descriptor space
to the other. Results are reported in Figure 4. BRIEF can-
not be matched against SOSNet due to the different dimen-
sionality. SIFT does not yield any correct matches when
matched directly against SOSNet. This is also valid for
HardNet, despite using the same backbone architecture and
training data as SOSNet. Thus, it is impossible to naively
match different descriptors and, without cross-descriptor
matching, the final 3D models would be disconnected.

5.2. Pair vs. encoder-decoder

We compare a pair network trained specifically for SIFT
to HardNet translation with an encoder-decoder network
trained for all 4 description algorithms. We use the same
dataset and hyper-parameters. We set the number of weights

of the pair network equal to that of the encoder of SIFT con-
catenated with the decoder of HardNet. Results are reported
in Figure 3. The performance of both approaches is similar.
Howeyver, the encoder-decoder network can be trained once
no matter the number of description algorithms and has the
advantage of a joint embedding.

5.3. Number of description algorithms

In Figure 5, we show an ablation based on the number
of different description algorithm used during training. We
report the matching performance when matching HardNet
to SOSNet features in the joint space. We consider 3 vari-
ants of the encoder-decoder architecture trained with dif-
ferent algorithm subsets: 4 was trained with all descriptors
(BRIEF, SIFT, HardNet, SOSNet), 3 with SIFT, HardNet,
SOSNet, and 2 only with HardNet and SOSNet. As can
be seen, the performance gain is marginal when training
exclusively with the learned methods. We believe the per-
formance loss when compared to raw descriptors is due to
enforcing consistency between different methods.

5.4. Loss

We investigate the effect of different losses on the
encoder-decoder approach.

Matching loss. We first study the usefulness of the match-
ing loss. For this purpose, we randomly select 512 patches
from our training dataset. We extract the 4 descriptors from
each patch and map them to the joint space using their as-
sociated encoders. Finally, we use t-SNE [8] for visualiza-
tion. For clarity, we only plot 128 descriptors of each type
in Figure 7. Training without a matching loss yields a rep-
resentation that cannot be used for cross-descriptor match-
ing. However, HardNet and SOSNet seem coherent sug-
gesting that learned descriptors focus on similar informa-



BRIEF vs. SOSNet

20
o
S 15
(]
8 10
N
g 0 "l"""m|||||IIIII|||n...---.“““““|||“|||"||||||||||
. |||||HH|
o
© —10-
&) —— illumination
S —15 1 i i
> —— viewpoint
20 Sequence
SIFT vs. SOSNet
20
o
S 15-
(]
8 10 A
;o)
?'é o M. _ ---"nnnrm|||||||||||||||||||||||||||||||||||
¥ |||||H\|
Ln
© —10-
&) —— illumination
S —15 1 i i
= —— viewpoint
20 Sequence
HardNet vs. SOSNet
S
[¢]
8 1
[«]
5 “““NII I
e |||||| i
R
a
: il ||||HN|N|“N
o,
© 11
O o oo
> = viewpornt |
—2 Sequence

Figure 2: HPatches sequences breakdown. We report the
per-scene absolute difference in the area under the mean
matching accuracy curve up to 5 pixels between different
descriptors. While SOSNet has a better overall perfor-
mance, it does not outperform BRIEF or SIFT on all scenes.
Similarly, while smaller, there are still scene-to-scene dif-
ferences between the two learned descriptors.
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Figure 3: Pair vs. encoder-decoder. We report the perfor-
mance of SIFT to HardNet translation on the full sequences
from the HPatches dataset. The encoder-decoder (ED) net-
work performs on par with the pair network despite being
trained for 4 description algorithms at once.
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Figure 4: Naive matching. Matching different descrip-
tors by running nearest neighbor search from one descriptor
space to the other does not yield any correct matches.

tion. When leveraging the matching loss, all descriptors are
well aligned. Furthermore, as shown by Figure 6, enforcing
matchability in the joint space does not have a significant
impact on the pair-wise translation.

Final loss. We study three variations of the final loss used
for training. First, we consider the formulation presented
in the main paper which takes into account interactions be-
tween all encoders and decoders:

1
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Figure 5: Number of description algorithms. The perfor-
mance gain is minimal when training the encoder-decoder
approach using the learned descriptors only.
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Figure 6: Matching loss. We report the performance of
SIFT to HardNet translation on the full sequences from the
HPatches dataset. The matching loss makes the joint space
suitable for establishing correspondences and does not have
a negative impact on pair-wise translation.
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Second, the translation loss can be replaced by the tradi-
tional auto-encoder loss [3] defined as:
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while the matching loss is kept as is:
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Figure 7: t-SNE visualization of the joint space. We visu-
alize the embedding of 128 training patches with different
description algorithms. Without matching loss, the hand-
crafted and learned descriptors are not coherent.
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Figure 8: Loss ablation. We report the performance of
SIFT to HardNet translation on the full sequences from the
HPatches dataset. We train our encoder-decoder approach
with different losses. Taking into account the interaction
between encoders and decoders of different description al-
gorithms is required for better performance.
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Third, we propose a linear relaxation of our losses as:

mear = ‘Cz o ) (5)

Gl = 37 22, Fort
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with o a permutation of {1,...,|.A|} chosen randomly at
every optimization iteration. In each case, the final loss is a
weighted sum of the translation and matching losses:

L.,=LT +aLM . (7

We train the encoder-decoder approach for all 4 descrip-
tion algorithms (i.e., BRIEF, SIFT, HardNet, SOSNet) with



the same architecture and hyper-parameters using each loss
independently. We report the results for SIFT to HardNet
translation in Figure 8. The auto-encoder loss performs
poorly as it does not consider the interaction between the
encoders and decoders of different description algorithms.
To speed up the training process (especially for larger col-
lections of algorithms), one can use the linear variant of our
losses as it yields similar performance.
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Figure 9: Co-visibility statistics — “Embed”. For the
“Embed” approach, we report the % of 3D points contain-
ing 1 — 4 distinct algorithms in their tracks on the left. On
the right, we visualize the co-occurence, i.e., the percent-
age of 3D points containing descriptors originating from 2
given description algorithms in their tracks.
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Figure 10: Co-visibility statistics — “Progressive”. For
the “Progressive” approach, we report the % of 3D points
containing 1 — 4 distinct algorithms in their tracks on the
left. On the right, we visualize the co-occurence, i.e., the
percentage of 3D points containing descriptors originating
from 2 given description algorithms in their tracks.
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