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Abstract

The growing presence of vision-based systems in the physi-
cal world comes with a major requirement: highly accurate
estimation of the pose, a task typically addressed through
methods based on local features. The totality of the avail-
able feature-based localization solutions are designed un-
der the assumption of using the same feature for mapping
and localization. However, as the implementation provided
by each vendor is based on heterogeneous feature extrac-
tion algorithms, collaboration between different devices is
not straightforward or even not possible. Although there are
some alternatives, such as re-extracting the features or re-
constructing the image from them, these are impractical or
costly to implement in a real pipeline. To overcome this,
and inspired in the seminal work Cross-Descriptor [13],
we propose Cross-Feature, a method that applies a patch-
based training strategy to a simple MLP which projects fea-
tures to a common embedded space. As a consequence,
our proposal allows to establish suitable correspondences
between features computed through heterogeneous algo-
rithms, e.g. SIFT [25] and SuperPoint [10]. We experimen-
tally demonstrate the validity of Cross-Feature by evaluat-
ing it in tasks as Image Matching, Visual Localization and
a new Collaborative Visual Localization and Mapping sce-
nario. We believe this is the first step towards full Visual
Localization interoperability. Code is available at https:
//github.com/EricssonResearch/crossfeat.

1. Introduction

Nowadays, Visual Systems have become mature enough to
bridge the gap between reality and the digital world. This is
evidenced by the fact that they play a crucial role in complex
applications such as autonomous robotics, extended reality
or self-driving vehicles. There exist a plethora of commer-
cialized products that, to fulfill their purpose, estimate their
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(a) To enable matching heterogeneous features, e.g., SIFT and ORB, we
use a simple MLP that projects them to a common embedding space emb.

(b) Our patch-based training procedure increases the matchability of the
projections in case of heterogeneous features, which overcomes the limi-
tation of using the same detector from Cross-Descriptor [13].

Figure 1. In this work, we pursue improving the accuracy of Inter-
operable feature-based Visual Localization.

position in the environment by means of visual sensors, typ-
ically using local features due to their accuracy, reduced
cost and reliability [29, 49]. Nevertheless, collaboration be-
tween devices requires them to operate within an unified
coordinate system, which involves sharing maps and deter-
mining their relative poses [15]. Unfortunately, most solu-
tions for Visual Localization (VL) are based on proprietary
or specific visual pipelines that are not compatible, making
interoperability (see Fig. 1a), the ability for devices from
different vendors to work together, challenging to achieve.

There are some potential solutions for VL interoperabil-
ity, but they struggle to meet the same requirements than
their homogeneous counterparts. Sharing images across de-
vices is generally avoided due to serious privacy concerns
and increased bandwidth usage. Consequently, interoper-
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ability should occur after the devices transmit their features.
Implementing multiple feature algorithms in the same de-
vice is unrealistic, as it adds computational strain and ven-
dors may not willingly disclose their proprietary informa-
tion. A costly alternative is to set an edge/cloud unit that re-
constructs the image from local features as in [32]. Similar
challenges arise when using cloud services (e.g. Google’s
Visual Positioning System [34], Microsoft’s Azure Spatial
Anchors [20], or Niantic’s Lightship [52]), where maps may
be constructed with different or legacy features. In this case,
re-generating and maintaining separate maps of the same
scene for each local feature is expensive and inefficient.

This paper deals with the challenge of enabling matching
between heterogeneous local features for VL interoperabil-
ity, assuming that no images are stored in the maps and fea-
tures cannot be re-extracted. To the best of our knowledge,
Cross-Descriptor [13] is the only work that addresses this
task, by projecting heterogeneous descriptors to a common
representation. Despite its well-defined set up and positive
results, this approach has a main assumption that consider-
ably reduces its applicability: that all features are extracted
using an homogeneous detector, i.e., the same keypoint.

Overcoming this limitation (see Fig. 1b), we propose
what, to the best of our knowledge, is the first solution
for the Cross-Feature scenario. Our approach consists of
a novel training procedure that makes use of patch over-
lap to address the disparity between different keypoint ex-
tractors. We apply this procedure to a lightweight encoder
MLP (as in Cross-Descriptor) that maps features into a
joint embedded space. This allows to establish valid corre-
spondences between heterogeneous features, for example,
matching SIFT and ORB (see Fig. 1), which is especially
relevant for Collaborative Localization and Mapping. We
train our method for four well-known feature algorithms
(SIFT [25], ORB [39], SuperPoint [10] and DISK [58]), and
evaluate it in Cross-Feature Image Matching and Visual Lo-
calization tasks over different datasets, namely Aachen Day
& Night [48], Cambridge Landmarks [21] and 7scenes [50].
Additionally, we evaluate our method in a novel Collabora-
tive Localization and Mapping scenario where multiple de-
vices with heterogeneous feature algorithms co-exist in the
same coordinate system. In short, besides overcoming the
limitation of using an homogeneous detector from Cross-
Descriptor, we experimentally demonstrate Cross-Feature
to establish a viable first step towards interoperability.

2. Related work
Local features Local features are an essential part of
several computer vision tasks such as Structure-from-
Motion [49], SLAM [29] or Visual Localization [40]. In a
nutshell, a local feature is composed by a keypoint, the loca-
tion of a point of interest; and a descriptor, a compact vector
that encodes the visual appearance of the patch around the

keypoint. For more than two decades, feature extraction has
been addressed through handcrafted pipelines, based on a
detect-then-describe pipeline. Each local feature searches
for different keypoints: SIFT [25] and SURF [4] detect
blobs, ORB [39] and BRISK [23] detect corners. Hand-
crafted descriptors also vary in their nature, as gradient-
based SIFT and SURF ensure robustness, while BRIEF [5],
ORB or BRISK employ binary features for higher effi-
ciency. In the last years, the community has shown grow-
ing interested in learning-based pipelines that reformulate
the whole feature extraction process to improve different
aspects. Some approaches focus on learning a robust de-
scriptor given a set of precomputed keypoints (typically ex-
tracted through handcrafted methods) [28, 54, 55], or just
densely over the image [16, 53]. Contrarily, other authors
have addressed the process holistically, also formulating the
keypoint detection in the learning process [10, 14, 36, 58].
Each feature offers different advantages (there exist ex-
amples of fine-tuning applications depending on the fea-
ture [17]), but they exhibit a high variability degree, as the
keypoint locations and the visual information embodied in
the descriptors vary substantially per approach.

Visual localization and mapping Visual Localization [26,
44, 56] is the task of estimating the position and orienta-
tion of a camera, given a previously build 3D map of the
environment. The task is traditionally solved through lo-
cal features, given their efficiency and the well-established
theory of multi-view geometry. The task has been typically
addressed the task through 2D-to-3D matching [6, 43, 44,
46, 56], but it becomes inefficient in case of large environ-
ments and under appearance variations [47]. Recently, the
authors of [30] proposed a simple local-global feature ag-
gregation over the 2D-to-3D matching to overcome these
problems. Hierarchical pipelines [31, 40] also improve ac-
curacy and efficiency in localization, by first retrieving sim-
ilar database images using global descriptors [1, 35, 57]
and then establish image-to-image correspondences. Other
VL works have focused on improving efficiency by learn-
ing descriptor compression [11] or quantizing the map [22].
Geometry-only methods [59, 62] localize through geomet-
ric cues only but, despite reducing privacy concerns and
computational load, their performance is still far from the
visual descriptor-based approaches.

Interoperability and feature translation The most ex-
tended assumption for localization is to design a solu-
tion assuming homogeneity in the sensor and the platform.
Some approaches have addressed different settings, as as-
suming cross-sensor localization between camera and Li-
DAR [7, 8], or cross-platform Visual Localization [37] by
characterizing the different scenes using geometry based
on planes. In [19] the authors propose an autoencoder
that enables cross-global feature Image Retrieval. The
only approach addressing heterogeneity in the local fea-
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tures is Cross-Descriptor [13], which presents several VL
scenarios for their proposed descriptor translation. How-
ever, the assumption of using the same keypoint is a lim-
itation that avoids its application in realistic interoperable
VL pipelines (as can be seen in section Sec. 5.2). Previ-
ous research [9] addresses interoperability through specific
detector-descriptor augmentation. Yet another feasible so-
lution for cross-feature VL would to apply geometry-only
methods [59, 62]. However, their limited performance in
the homogeneous scenario suggests even worse results in
the heterogeneous feature scenario (see Tab. 1).

3. Problem definition

Consider a feature algorithm A that, given an image I ∈
RH×W×C , extracts a set of N features fA, composed by a
keypoint kA = (kAu , k

A
v ) ∈ R2 and a descriptor dA ∈ RD:

A(I) = {fAi }N = {(kA
i ,d

A
i )}N , (1)

with H , W and C respectively the height, width and chan-
nels of the image, and D the dimension of the descriptor.

We address Cross-Feature translation for two feature ex-
traction algorithms A,B through a specific function tA, tB
that projects their corresponding descriptors to a shared em-
bedded space with dimension Demb, for example:

tA({dA
i }) = {demb,A

i }, (2)

such that embeddings {demb,A
i } and {demb,B

i } are com-
parable and valid correspondences can be set between
them. We define the combination of the original key-
points and the projected embeddings as projected features
{femb,A

i }N = {(kA
i ,d

emb,A
i )}N .

Correspondences between features extracted homoge-
neously, i.e., with the same algorithm, are straightforward to
define as they are one-to-one, and they can be easily mapped
between different perspectives through reprojection. How-
ever, trying to set correspondences between two heteroge-
neous features is not simple, as keypoints are distributed
differently across the image, see Fig. 2. We call this the
heterogeneous correspondence problem, which raises two
main problems, as discussed in [13]: information loss when
keypoints do not overlap in parts of the image, and the one-
to-many associations between near heterogeneous features.

4. Training method

This section describes our proposed method, addressing
the Cross-Feature problem through a patch-based technique
that solves the heterogeneous correspondence problem. We
describe the translation architecture, the training method,
the loss functions and the implementation details.

Figure 2. Example of the feature maps used for training the Cross-
Feature approach for two images of different size and visual con-
tent. In the first two columns we can see the patches with Tw = 15
over the feature positions extracted by two different algorihtms
(SIFT and ORB). The last column displays the resulting overlap
between the two feature maps. So, even for a patch of considerable
size, the overlap between heterogeneous features can be small, de-
pending on the image and the keypoint distribution.

4.1. Encoder architecture

Inspired by the simplicity of Cross-Descriptor [13], we ad-
dress the projection function to the embedded space tA as
a 2-layer Multi-Layer Perceptron encoder MLPA. Unfortu-
nately, due to the heterogeneous correspondence problem, it
is not trivial how to define a decoder architecture as in [13].
Consequently, we just focused on the encoder.

4.2. Training on feature maps

The goal of the training procedure is to enforce similar-
ity between embedded features from heterogeneous algo-
rithms whose keypoints are close and push them apart oth-
erwise. Since heterogeneous features can only be related
by their keypoint positions, we propose to generate associa-
tions through feature maps, whose overlapping regions (see
Fig. 2) generate the required correspondences for training.

Consider two images taken at the same scene I1 and I2,
with U1→2 ∈ RH×W×2 denoting the dense ground-truth
correspondence map between them. This correspondence
map can be computed using optical flow, stereo matching
or synthetic transformations, e.g., homography or reprojec-
tion. Thus, if pixel p1 = (u1, v1) in I1 corresponds to pixel
p2 = (u2, v2) in I2, then U1→2(u1, v1) = (u2, v2).

Given the image Ik and the algorithm A with its
corresponding encoder MLPA, we define a feature map
as Fk,A ∈ RH×W×Demb , that we handcraft to store
the projection of the features to the embedded space
{femb,A

i }. A straightforward approach to construct the
feature map would follow [32], placing each embedded
descriptor demb,A

i at the 2D location where its corre-
sponding keypoint kA

i is present. However, the resulting
overlap between feature maps computed with two different
detectors will be minimal or even null (see Fig. 2), making
it impossible to learn any valid Cross-Feature correspon-
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dence. To increase the overlap, we set a patch of size
Tw centered at the 2D location of the feature (see Fig. 2).
Thus, for the i-th feature, we place its embedded descrip-
tor demb,A

i in all the positions of a patch around its keypoint
[kA

u,j − Tw/2 ... kA
u,j + Tw/2]× [kA

v,j − Tw/2 ... kA
v,i − Tw/2]

on the feature map. However, when multiple adjacent fea-
tures appear in the same feature map, their patches might
overlap, leading to feature map positions filled with two or
more different embedded features. We considered different
aggregation methods to solve this issue, but we finally
opted to deal with this through a last-served method, which
we will discuss in the Computational cost subsection.
Feature maps are initialized with a null value ∅, and then
subsequently filled for all projected features. Note that, as
features tend to be distributed unequally in the image, a
high part of the positions in the feature map will be empty
(see in Fig. 2), which will be uninformative during training.

4.3. Loss functions

To train our encoder, we chose a differentiable approxima-
tion of Average Precision (AP) [18] as the loss function, as
it is a global metric that optimizes local descriptor learn-
ing for Nearest Neighbor matching. We found that this loss
function was the only one that rendered some performance,
compared with other local ranking losses (e.g., triplet loss
[2, 54, 55]) which were not sufficiently informative to make
the model learn, since they depend on the samples chosen
per batch. The loss Li→j is computed for a pair of feature
maps Fi and Fj and the ground-truth correspondence map
relating them Ui→j . We define as Vi,j the set of query pixel
positions (u, v) in Fi that are non empty, and whose cor-
responding position within a threshold in Fj (using Ui→j)
has a valid embedded descriptor, i.e., is not empty. These
correspondences are defined as positives, where we enforce
similarity between the feature projections femb,X

k present
in those positions. Similarly, for each query, we define the
negative matches as all the non-empty pixel positions in Fj

that do not hold a correspondence with the query, whose
corresponding pixel is farther than a threshold. Similarly
to [18], the AP for each query position APi→j(u, v) is com-
puted by ranking the union of positive and negative matches
in terms of the distance. The final loss is computed as:

Li→j =
1

|Vi,j |
∑

(u,v)∈Vi,j

1−APi→j(u, v). (3)

We will describe the losses that arise for the minimal set: a
pair of images I1 and I2, and a pair of extracting algorithms
A and B. This way, three different valid combinations for
the loss arise (the remaining combination LSS is dropped
because it is trivial and uninformative):
• Different image, same algorithm (e.g., LDS

1,A→2,A): max-
imizes matchability between feature projections from an

homogeneous algorithm, increasing the projection robust-
ness to appearance variations due to perspective changes.

• Same image, different algorithm (e.g., LSD
1,A→1,B ): this is

the simplest case for the Cross-Feature, as it enforces sim-
ilarity for overlapping embedded projections from hetero-
geneous features on the same image. Note that the corre-
spondence map is the identity Ui→i(u, v) = (u, v).

• Different image, different algorithm (e.g., LDD
1,A→2,B):

this is the most complex and representative case for
the Cross-Feature, as it enforces overlapping projec-
tions from heterogeneous algorithms under perspective
changes to be similar.
Each loss type is the average of its four variants, e.g.:

LDS =
1

4
(LDS

1,A→2,A + LDS
2,A→1,A+

LDS
1,B→2,B + LDS

2,B→1,B), (4)

and the final loss is the sum of the three averaged losses:

L = LDS + LSD + LDD (5)

4.4. Implementation details
Training data and sampling. We replicate the data and
sampling conditions from the ones released in R2D2 [36].
The dataset consists on randomly transformed pairs from
the Aachen Day-Night Dataset [45, 48], extracted with the
help of SfM, from where dense correspondences were esti-
mated using optical flow. It also contains distractors from
the Oxford-Paris Revisited dataset [33]. For the sampling,
images are randomly cropped to a size of 192x192, and we
consider pixels on a regular grid with a step of 8 pixels. For
further information, we refer to [36].
Features. For training and validating Cross-Feature, we
employed four well-known handcrafted and learned fea-
tures: SIFT [25] (using the OpenCV extractor and the ko-
rnia descriptor [38]), ORB [39] (using the implementation
from ORB-SLAM2 [29]), the open-source implementation
of SuperPoint [10] and the release version of DISK [58].
Training parameters. Training took 30 epochs, using
Adam optimizer, batch size of 5, a learning rate of 0.001 and
weight decay of 0.0005. We define the positive and negative
thresholds for correspondences to be 4 and 8 respectively,
and we set the full patch window size to Tw = 15 pixels (ra-
dius of 7). Training each encoder took ∼ 70 hours in a desk-
top computer equipped with NVIDIA GeForce RTX 4090
and a 13th Gen Intel(R) Core(TM) i9-13900K. The MLP
encoder has 2 hidden layers of size 1024 for all features,
using ReLU activation followed by batch normalization af-
ter each linear layer except the last. Similarly to [13], we
set the shared embedding space dimension to Demb = 128,
and it is l2 normalized. During training, we observed that
each patch contained by average ∼ 300 features.
Runtime. The simplicity and compactness of the MLP ar-
chitecture makes the Cross-Feature suitable for real-time in-
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ference, taking 0.35 and 25 ms to project 4k features to the
embedded space in GPU and CPU, respectively.
Computational cost. However, despite the lightweight-
ness of the encoder, the computational cost derived from
the training is substantially high. The reasons for this arise
from the density of the feature maps and the wide variety
of loss functions that need to be defined per extractor al-
gorithm and per image. This has a quadratic cost and limits
the training scalability of this approach. In our experiments,
we observed that training for more than a pair of extrac-
tors was not computationally affordable, so we limited each
training to two algorithms. As we run our tests for four dif-
ferent algorithms, we found two ways to proceed. First op-
tion is to run a specific training per each pair of algorithms,
so the learned embedding space is dedicated for each com-
bination. This gives better results per algorithm pair, but
requires using different sets of weights depending on the
pair (i.e., the SIFT encoder weights will not be the same
when matching with ORB and DISK). This does not allow
for multi-algorithm collaboration and, ultimately, for Visual
Localization Interoperability. The second option is to reach
a common embedding space for the four features in a sub-
optimal manner, by first training the encoders for an algo-
rithm pair and then train the remaining algorithm encoders
by freezing the weights of one of the encoders from the
first training. This reduces the performance for the second-
stage pairs, but we opted for it, since is the approach that
more closely aligns with a real shared embedding space for
all features. For this, we first trained the SIFT-SuperPoint
encoders, and then we froze the SIFT encoder weights to
train it separately with ORB and DISK. We found empir-
ically that, due to the many-to-many associations arising
from multiple adjacent heterogeneous features, using aggre-
gation methods (e.g. average) between overlapping patches
in the same feature map made the training process impracti-
cal, as it substantially increased the number of gradients and
the training time (30− 50×). Consequently, we decided for
a extreme simplification: set a single embedding feature in
each feature map position, in a last-served basis. This dras-
tic simplification solves the computational cost problem by
substantially reducing the amount of available information,
but we found it functional as the many-to-many associations
are represented across different batches.

5. Experimental results
To experimentally assess the validity of our method to
set valid Cross-Feature correspondences, we evaluate three
different tasks: Image Matching, Visual Localization and
a newly proposed Collaborative Visual Localization and
Mapping scenario.

Results computed using feature embeddings projected
to the common shared space with our method are named
CFemb. The main baseline to compare our method with

is Cross-Descriptor [13], which projects descriptors to a
common embedded space. We denote it as CDemb. This
approach was retrained for this work, using DoG from
OpenCV as detector, and SIFT, SuperPoint and BRIEF de-
scriptors (we found DISK descriptor more difficult to de-
couple from the available architecture, so we evaluated this
representative subset). As BRIEF is a descriptor-only al-
gorithm, we combined it with different detectors, for ex-
ample DoG from SIFT (denoted as DoG:BRIEF in the
experiments) or Oriented FAST from ORB (denoted as
OrFAST:BRIEF). Note that, despite Cross-Descriptor ap-
proach was trained combining DoG with different descrip-
tors, in the heterogeneous evaluations we followed a more
realistic cross-feature approach, so we used the original
setup for each feature (DoG with SIFT, Oriented FAST with
ORB, full SuperPoint network) . Similarly to our approach,
we set the encoder MLP with 2 hidden layers of 1024 for all
descriptors and trained it for 30 epochs, with the remaining
parameters as described in their paper.

5.1. Image Matching

To evaluate the potential of the embedded features to be
identified as correspondences, we measure the raw match-
ing performance on the HPatches [3] benchmark. We use
the test split, consisting of a total of 116 sequences of 6
images recorded in different scenarios, half of them under
photometric changes and half under perspective changes.
We excluded 8 sequences [12] from the dataset. We mea-
sure the Mean Matching Accuracy (MMA) [27] (mean per-
centage of correctly matched points), and the number of
inliers. The reprojection threshold error is varied between
1 and 5 pixels, using mutual Nearest Neighbors to search
for matches. When using heterogeneous features, the map
feature is applied on the first image of the sequence, while
the query algorithm is applied on the remaining five. We
use SIFT and SuperPoint as map features, and, to limit the
amount of results, both plus ORB as query. We separate
the matching performance obtained from the same or from
heterogeneous feature extractors. We use the standard non-
translation case for the map features as baseline, denoted as
Direct; and we follow the naming convention map − query
for the heterogeneous feature cases.

Matching performance, shown in Sec. 5.1, demonstrates
a high difference when the features projected to the em-
bedding space are generated from the same or from het-
erogeneous feature extractors. In the first case, translat-
ing descriptors to the embedding space reduces the overall
matchability compared to the standard approach, with our
method improving compared to Cross-Descriptor, probably
since the LDS loss specifically enforces similarity between
different perspectives. On the other hand, we can observe
that Cross-Descriptor demonstrates poor performance when
applied to different features, as it was designed to work un-
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Figure 3. Performance on the HPatches sequences dataset. We av-
erage results on MMA and number of inliers for all the sequences,
comparing embeddingswhen using homogeneous features (left)
than heterogeneous ones (right). Note the difference in scale.

der the same keypoint assumption. The results show that
our method is able to produce a small but consistent set
of heterogeneous correct matches with a lower difference
in keypoint position throughout the different 3D views, a
promising result. However, it also generates a high number
of outliers in the heterogeneous scenario, a concern to be
addressed by future work. Matching SIFT and SuperPoint
results in the best performance, presumably due to a higher
overlap between their keypoints.

5.2. Visual Localization
We evaluated our proposed method on Visual Localization
in three different datasets capturing different environments:
• Aachen Day & Night [48], which captures outdoor im-

ages from the historical center of Aachen. The dataset
consists of ∼4.3k images captured at day for the database,
and 922 for evaluation, counting 824 for day and 98 for
night. We retriangulate the maps by using ground-truth
camera poses and 3D models by VisualSfM [61].

• Cambridge Landmarks [21], recorded outdoors with a
smartphone at five historical buildings within the Univer-
sity of Cambridge. The train and the test splits are com-
posed by different sets of walking trajectories around the
landmarks. We retriangulate the maps by using ground-
truth camera poses and 3D models by VisualSfM [61].

• 7Scenes [50], depicting 7 different indoor scenes with a
total of 46 sequences from which 18 were used for testing,
as in the original test split.
We use HLoc [40] to create the map and for subsequent

localization. We set a maximum of 4k features to be ex-
tracted each image. Maps for the outdoor datasets were
created by matching each image with 20 co-visible images
retrieved using NetVLAD [1], while in the case of 7scenes
we employed the models provided by PixLoc [42]. Regard-
ing the localization, for the outdoor datasets, we retrieved
the 20 most similar database images with NetVLAD, while

Table 1. Evaluation on Aachen Day and Night benchmark [48]
for the compared methods. We show results for homogeneous
and heterogeneous algorithms, grouping them depending on the
algorithm used for mapping. Best results for each homoge-
neous/heterogeneous case in bold.

Algorithm
% localized queries

Method (0.25m, 2◦) (0.5m, 5◦) (5m, 10◦)

Map Query Day Night

H
om

og
. Direct SIFT SIFT 80.8 90.4 95.6 55.1 68.4 80.6

GoMatch [62] SIFT SIFT 3.6 6.6 16.0 0.0 0.5 3.7

CDemb [13] SIFT DoG:BRIEF 67.6 73.5 78.8 9.2 13.3 20.4

H
om

. Direct SuperPoint SuperPoint 88.3 94.9 97.9 86.7 91.8 98.0

GoMatch [62] SuperPoint SuperPoint 2.9 4.7 15.5 0.5 0.5 9.9

H
et

er
og

en
eo

us

GoMatch [62] SIFT SuperPoint 0.2 0.2 4.9 0.0 0.0 4.1

Im. Reconstr. [32] SIFT
SuperPoint 34.0 43.6 52.2 5.1 5.1 7.1

ORB 30.5 37.4 45.6 0.0 1.0 1.0
DISK 32.5 43.9 54.5 2.0 2.0 5.1

CDemb [13] SIFT SuperPoint 20.4 28.2 42.6 2.0 2.0 3.1
OrFAST:BRIEF 4.1 5.8 12.9 0.0 0.0 1.0

CFemb SIFT
SuperPoint 56.3 66.4 78.6 17.3 20.4 29.6

ORB 31.3 36.7 47.2 3.1 3.1 6.1
DISK 33.5 40.9 54.1 4.1 6.1 10.2

H
et

er
og

en
eo

us

GoMatch [62] SuperPoint SIFT 0.2 0.2 4.9 0.0 0.0 4.1

Im. Reconstr. [32] SuperPoint
SIFT 77.8 85.7 90.0 51.0 59.2 77.6
ORB 56.3 63.6 74.0 7.1 8.2 12.2
DISK 60.9 70.6 78.5 16.3 19.4 32.7

CDemb [13] Superpoint SIFT 9.7 12.3 16.6 0.0 0.0 0.0
OrFAST:BRIEF 1.0 1.0 1.3 0.0 0.0 0.0

CFemb Superpoint
SIFT 43.1 49.3 59.2 6.1 6.1 7.1
ORB 13.5 16.5 24.9 1.0 1.0 2.0
DISK 45.1 53.2 65.4 8.2 12.2 14.3

for 7scenes we used the top-10 DenseVLAD [57] retrievals
provided by PixLoc. To limit the number of experiments,
we use SIFT and SuperPoint for creating the maps, while
the four algorihtms can serve as query. Mutual Nearest
Neighbor is the matcher for all cases, except when creating
the map with SuperPoint, where we used SuperGlue [41].

Additionally, for Aachen, besides Cross-Descriptor, we
used two more baselines to compare our method to. The
first one is GoMatch [62], a geometry-only method that uses
keypoint information to estimate matches between the im-
age and the map. As it only uses the position of the key-
points for its embeddings, it can be applied to Visual Local-
ization with heterogeneous detectors. The second baseline
is a re-implementation of the image reconstruction network
proposed in [32], a U-Net architecture followed by a CNN
that outputs a reconstruction of the image given a feature
map. We trained a specific reconstruction network for each
feature with a discriminator network based on VGG16 [51].
For the VL task, we simulated the case of an intermediate
edge unit processing the features, so the reconstruction net-
work is applied to the query features. Once the query image
is reconstructed, the map features can be extracted from it
and subsequently perform homogeneous matching. Note
that this approach requires high computational resources
and its inference time is also high (more than 100 ms).

Results for the four baselines in Aachen can be seen
in Tab. 1, comparing the methods depending on the algo-
rithm used to create the map and whether the localization
uses homogeneous either heterogeneous algorithms. Per-
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formance in the heterogeneous case is still far from homo-
geneous. However, our method outperforms the remaining
baselines in heterogeneous Visual Localization. Despite
Cross-Descriptor encoders demonstrate good performance
in the homogeneous detector case (SIFT vs DoG:BRIEF),
it demonstrates low performance when the detector is dif-
ferent. Note that, for our method, results are not bidirec-
tional for each pair of algorithms. This can be explained
by the fact that the feature employed for mapping heavily
influences the amount and the spatial distribution of the re-
constructed 3D points, becoming especially biased towards
points of interest reliable for that feature, which then im-
pacts the localization. GoMatch reveals low performance in
this dataset (we did not find any other work reporting its re-
sults), and it becomes even lower in the heterogeneous algo-
rithm case. We believe that GoMatch poor performance is
due to the reduced overlap between query and map images,
as it is not a sequential dataset, and the challenging dynamic
conditions. The image reconstruction achieves good results
when applying SuperPoint over the reconstructed images,
but its performance drops noticeably when applying SIFT,
as the handcrafted descriptor is not able to perform so good
in the presence of the reconstruction artifacts.

As our method was trained on images from Aachen,
to evaluate its generalizability to other datasets, we com-
pare its performance with Cross-Descriptor in Cambridge
(Tab. 2) and 7scenes (Tab. 3). Cross-Descriptor follows the
same trend than in Aachen dataset for the heterogeneous
feature case, even failing to localize in some scenes. Our
proposed method demonstrates to perform also in these dif-
ferent environments. Querying projected DISK features to
a SuperPoint database reports the best results, which can
be explained by the information contained in their learned
visual descriptors being more useful to create valid Cross-
Feature correspondences.

5.3. Collaborative Mapping and Localization

Extending the Collaborative mapping scenario proposed
in [13], we devise a scenario in which multiple devices
using heterogeneous feature algorithms coexist. In this sce-
nario, a subset of devices will be in charge of the mapping
(as they may have higher processing capacity), while a set
of lightweight devices (e.g., phones, XR devices) will query
the existing map to obtain a precise pose estimate. As men-
tioned earlier, we assume that images are not stored in the
map, so new features cannot be extracted.

This scenario is implemented in the Cambridge Land-
marks [21] dataset. We first split the mapping sequences for
each scene in two (note that ShopFacade is skipped since it
has a single mapping sequence), re-triangulating a differ-
ent submap for each mapping feature (i.e., SIFT and Su-
perPoint). To create a common global map, both partial
submaps are just aligned using the ground-truth poses from

VisualSfM [61], and all their descriptors are projected to the
embedding space. We applied no further post-processing
algorithm: the submap elements are just stacked. Despite
other more elaborated techniques could be used for merg-
ing the 3D points from both submaps, we found that they
do not apply for submaps created from heterogeneous fea-
tures. The resulting map is queried with all features.

Results for this collaborative scenario are shown in
Tab. 4, comparing our method to Cross-Descriptor. Cross-
Descriptor achieves good performance when using the same
features of the map, but its performance decreases when
DoG:BRIEF is used (as some parts of the map are con-
structed with SuperPoint), and fails when another detector is
used (i.e., OrFAST). We can see that our method allows for
an effective embedded feature space that enables interoper-
ability for mapping and localization, with all query methods
obtaining similar results. When the scene is bigger, query-
ing with mapping features (SIFT, SuperPoint) achieve bet-
ter performance, as matching is homogeneous in part. We
can see that performance is in general lower than Tab. 2,
which is understandable as the map contains heterogeneous
features and some parts of the scene may have duplicated
information. However, as the map is the result of aligning
two submaps without any merging technique, downstream
performance and consistency cannot be ensured. For exam-
ple, this map contains a higher number of 3D heterogeneous
points than its homogeneous counterpart, which we believe
that ease the localization compared with the single feature
maps, as these describe diverse elements of the scene. We
also think that this is what allows for similar performance
between all the query features.

6. Conclusions and Future work
In this paper, we presented a novel approach to effectively
deal with the problem of matching features from heteroge-
neous feature extraction algorithms. We propose a patch-
based training strategy based on overlap that allows a com-
pact and fast MLP encoder to project features so that they
can be used to create valid Cross-Feature correspondences.
This allows what, to the best of our knowledge, is the first
approach performing Cross-Feature tasks, such as Image
Matching and Visual Localization. We extensively evalu-
ate our method in different benchmarks and demonstrate
that it outperforms the baselines, which show limited per-
formance. In addition, our Cross-Feature method allows us
to propose a new Collaborative Localization and Mapping
scenario where multiple devices may co-exist for mapping
and localization, by using different algorithms and project-
ing their features to the common embedded space. We be-
lieve that our approach sets an initial step towards Interop-
erability in feature-based Visual Localization.

This works represents a first step towards a novel re-
search topic: Cross-Feature matching, which has many
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Table 2. Evaluation on Cambridge Landmarks [21] for the compared methods. We show results for homogeneous and heterogeneous
algorithms, grouping them depending on the algorithm used for mapping. Best results in bold, N/A refers to unsuccessful localization.

Method Algorithm Median error (m, ◦)

Map Query ShopFacade KingsCollege OldHospital StMarysChurch GreatCourt
H

om
og

. Direct SIFT SIFT 0.05, 0.23 0.15, 0.25 0.19, 0.31 0.10, 0.28 0.30, 0.14

CDemb [13] SIFT DoG:BRIEF 0.05, 0.22 0.15, 0.25 0.18, 0.29 0.10, 0.28 0.29, 0.14

Direct SuperPoint SuperPoint 0.04, 0.19 0.12, 0.21 0.16, 0.30 0.07, 0.21 0.16, 0.11

H
et

er
og

en
eo

us

CDemb [13] SIFT SuperPoint 0.09, 0.34 0.18, 0.32 0.32, 0.57 0.15, 0.46 0.96, 0.48
OrFAST:BRIEF N/A N/A N/A N/A N/A

CFemb SIFT
SuperPoint 0.06, 0.25 0.15, 0.25 0.25, 0.38 0.11, 0.32 0.43, 0.23

ORB 0.06, 0.27 0.15, 0.25 0.26, 0.41 0.10, 0.32 0.61, 0.29
DISK 0.07, 0.29 0.18, 0.28 0.50, 0.72 0.17, 0.59 2.60, 1.68

CDemb [13] Superpoint SIFT 0.24, 1.12 0.25, 0.37 0.91, 1.18 0.18, 0.59 1.30, 0.77
OrFAST:BRIEF N/A N/A N/A N/A N/A

CFemb Superpoint
SIFT 0.05, 0.26 0.16, 0.27 0.38, 0.59 0.10, 0.32 0.56, 0.33
ORB 0.10, 0.52 0.20, 0.32 0.57, 0.76 0.12, 0.38 0.83, 0.44
DISK 0.06, 0.32 0.18, 0.29 0.32, 0.50 0.12, 0.37 0.61, 0.28

Table 3. Evaluation on 7Scenes dataset [50] for the compared methods. We show results for homogeneous and heterogeneous algorithms,
grouping them depending on the algorithm used for mapping. Best results in bold, N/A refers to unsuccessful localization.

Method Algorithm Median Pose Error (cm, ◦)

Map Query Chess Fire Heads Office Pumpkin Kitchen Stairs

H
om

og
. Direct SIFT SIFT 2.59, 0.88 2.16, 0.90 1.11, 0.86 4.00, 1.14 5.74, 1.62 4.69, 1.55 5.61, 2.14

CDemb [13] SIFT DoG:BRIEF 2.63, 0.90 2.16, 0.89 1.13, 0.89 4.10, 1.18 5.91, 1.66 4.72, 1.54 8.61, 2.14

Direct SuperPoint SuperPoint 2.43, 0.85 2.26, 0.89 1.05, 0.75 3.36, 1.00 5.43, 1.36 4.60, 1.48 5.09, 1.44

H
et

er
og

en
eo

us

CDemb [13] SIFT SuperPoint 3.64, 1.08 3.05, 1.13 2.36, 1.61 5.52, 1.58 7.69, 2.08 5.98, 1.75 23.98, 6.52
OrFAST:BRIEF N/A N/A N/A N/A N/A N/A N/A

CFemb SIFT
SuperPoint 3.24, 0.99 2.91, 1.09 2.31, 1.55 5.41, 1.53 7.59, 2.22 5.55, 1.68 20.62, 5.39

ORB 2.74, 0.94 2.55, 1.00 1.70, 1.18 4.68, 1.34 6.84, 1.93 5.20, 1.63 14.63, 3.92
DISK 3.69, 1.26 4.00, 1.52 5.64, 3.29 8.71, 2.45 9.38, 2.56 7.04, 2.07 48.19, 47.19

CDemb [13] Superpoint SIFT 3.50, 1.15 3.63, 1.35 3.21, 2.02 6.17, 1.68 8.19, 2.16 6.49, 1.87 N/A
OrFAST:BRIEF N/A N/A N/A N/A N/A N/A N/A

CFemb Superpoint
SIFT 3.24, 1.12 3.21, 1.21 3.14, 2.05 6.12, 1.73 8.13, 2.03 6.14, 1.80 34.59, 20.98
ORB 2.93, 0.99 3.01, 1.15 1.88, 1.27 4.68, 1.32 7.15, 1.94 5.52, 1.65 12.26, 3.22
DISK 2.97, 1.05 3.29, 1.23 1.99, 1.35 5.10, 1.42 7.10, 1.98 5.85, 1.76 16.27, 4.41

Table 4. Evaluation on four Cambridge Landmarks [21] scenes of
the Collaborative Localization and Mapping scenario. We use a
map created by merging two different independent submaps cre-
ated with SIFT and SuperPoint, and then queried by all features.

Method Query Median error (m, ◦)

KingsCollege OldHospital StMarysChurch GreatCourt

CDemb [13]
SIFT 0.33, 0.42 0.30, 0.56 0.14, 0.41 0.34, 0.18

SuperPoint 0.21, 0.31 0.38, 0.64 0.11, 0.31 0.85, 0.45
DoG:BRIEF 0.60, 0.78 0.39, 0.59 0.17, 0.54 0.41, 0.20

OrFAST:BRIEF N/A N/A N/A N/A

CFemb

SIFT 0.18, 0.27 0.22, 0.40 0.10, 0.32 0.30, 0.15
SuperPoint 0.18, 0.27 0.22, 0.40 0.10, 0.32 0.30, 0.15

ORB 0.19, 0.28 0.32, 0.46 0.11, 0.37 0.59, 0.28
DISK 0.18, 0.27 0.37, 0.58 0.14, 0.41 0.42, 0.47

downstream applications. Despite promising, the match-
ing results of our proposal are still far from the perfor-
mance of the homogeneous case, with a high number of
outliers, a major concern to be addressed by future work.
We envision different ways to improve the matching per-
formance, such as an additional translation module using
the match information to correct the location of the hetero-
geneous keypoints and ensure that both features represent

the same physical point (with a subsequent positive impact
on the downstream tasks); or to make use of global con-
text in the features (e.g., encoding geometric information
for enhanced projections [60] as in [9]) or in the match-
ing process (e.g., using end-to-end matchers [24, 41]). We
discussed several computational limitations of our work
that require future optimization to improve performance or,
eventually, a whole redesign. For example, the many-to-
many assignation problem or the scalability concern in or-
der to enable simultaneous learning of a real common em-
bedding space for multiple features. Furthermore, we be-
lieve that this paper opens up a wide set of paths for re-
search in Visual Localization Interoperability, for example,
to study approaches merging and optimizing 3D maps cre-
ated from heterogeneous features or to adapt current collab-
orative SLAM pipelines to allow Cross-Feature.
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