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Abstract

Accurate feature matching between image pairs is fundamen-
tal for various computer vision applications. In detector-base
process, the feature matcher aims to find the optimal feature
correspondences, and the match filter is used for further re-
moving mismatches. However, their connection is rarely ex-
ploited since they are usually treated as two separate issues
in previous method, which may lead to suboptimal results.
In this paper, we propose an end-to-end collaborative feature
matching (CFM) method, which contains a keypoint learning
(KL) module and a correspondence learning (CL) module,
to bridge the gap between two types of works. The former
improves the discrimination of keypoints, and provides high-
quality dynamic matches for CL module. The latter further
captures the rich context of matches, and gives effective feed-
back to KL module. These two modules can reinforce each
other in a progressive manner. Besides, we develop an effi-
cient version of CFM, named ECFM, using an adaptive sam-
pling strategy to avoid the negative influence of uninforma-
tive keypoints. Experimental results indicate that both meth-
ods outperform the state-of-the-art competitors in the tasks of
relative pose estimation and visual localization.

Code — https://github.com/xinliu29/CFM

1 Introduction

Detector-base feature matching aims at estimating correct
feature point-to-point correspondences (matches) to recover
the geometric relationship of image pairs, which is indis-
pensable for a variety of computer vision applications (Ma
et al. 2021; Liu et al. 2022; Xiao et al. 2024).

As shown in Fig. 1 (a), feature keypoints encoding the
local visual appearance can first be obtained through tra-
ditional or learning-based feature detectors (Lowe 2004;
DeTone, Malisiewicz, and Rabinovich 2018). Then, matches
are established by the nearest neighbor (NN) search on fea-
ture descriptors with some heuristic tricks. However, these
matches inevitably contain a large number of mismatches
(7.e., outliers) due to the ambiguity and limited represen-
tation ability of keypoints, especially for some challenging
matching scenes, such as large viewpoint changes, occlu-
sions, blurs, and repetitive structures.
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Figure 1: (a) A typical detector-base feature matching pro-
cess containing three main steps. (b) The progressive learn-
ing process of our CFM. With the collaborative effect, it
can obtain accurate matches (more green lines and fewer red
lines). DD: detection and description. NN: nearest neighbor
search. TS: threshold selection.

To alleviate this problem, a lot of learning-based feature
matchers (Sarlin et al. 2020; Chen et al. 2021; Shi et al.
2022) conduct intra/inter-graph communication of keypoints
for augmenting the representation ability of feature descrip-
tors. Then, they adopt the Sinkhorn algorithm (Cuturi 2013)
to reject non-matchable keypoints with low matching con-
fidence. Nevertheless, the paired relationship of keypoints,
e.g., correct matches (inliers) typically adhere to consistent
constraints (such as lengths, angles, and motion), is rarely
further explored in previous methods since they primarily
focus on individual keypoints. At the same time, some match
filters (Yi et al. 2018; Cavalli et al. 2020; Dai et al. 2022; Dai,
Du, and Tang 2024) further screen the predicted matches by
employing the geometric property of matches or neural net-
works. For example, PointCN (Yi et al. 2018) solves this
problem in a correspondence classification manner based on
multi-layer perceptrons (MLPs) to remove possible outliers.
However, match filters have to tolerate the quality of input
matches that have been determined in advance, restricting
their performance ceiling (Liu et al. 2024a).

Moreover, in existing works, feature matcher and match
filter are addressed as separate issues (Ma et al. 2021). A
naive assumption is that combining them in a sequential



manner can yield more accurate results. However, this strat-
egy is hardly effective (see ablation studies). We suggest that
this might be the lack of information interaction and joint
optimization, leading to incompatibility. Meanwhile, the ex-
isting match filter, as a post-processing step, fails to provide
feedback to the feature matcher for improving accuracy.

To further explore their potential, we present an end-to-
end method, called collaborative feature matching (CFM),
to alleviate this incompatibility between the two types of
methods. It consists of two components: keypoint learning
(KL) module and correspondence learning (CL) module.
The embeddings learned from both modules can be used
with each other for mutual enhancement and joint optimiza-
tion. Specifically, in KL module, self attention and cross at-
tention aggregate the spatial and visual contexts based on the
intra-graph and inter-graph, to enhance the representation
ability of descriptors as (Sarlin et al. 2020). With descriptors
becoming more discriminative, high-quality matches can be
provided, and the enhanced descriptors are also exploited
as feature embedding to enrich the inputs of CL module.
In CL module, we design a local consensus block based on
the spatial and feature similarity to effectively aggregate rich
contexts of matches, and calculate the inlier scores. To im-
prove the learning of KL module, inlier confidence learned
from CL module serves as compensation to further boost the
representation of keypoints, which brings significant gains.
Meanwhile, we propose an adaptive sampling strategy via
the learned inlier confidence to avoid the negative influ-
ence of uninformative keypoints that are usually not in the
overlapping region. With this collaborative effect, these two
modules can enhance each other in a progressive manner
as illustrated in Fig. 1 (b) to improve the quality of feature
matches. Furthermore, an efficient version of CFM, called
ECFM, is developed using the adaptive sampling strategy.

Our contributions are threefold: (1) We present a CFM
that integrates both KL module and CL module, which can
progressively reinforce each other with well-designed struc-
tures, to bridge the gap between the two types of works. (2)
KL module is responsible for boosting the representation
of keypoints and providing high-quality dynamic matches.
While CL module further aggregates rich context of these
matches and provides reliable keypoint feedback. (3) Exper-
imental results demonstrate the effectiveness and rationality
of collaborative learning between the two features.

2 Related Work

Feature matching is typically addressed through detector-
free or detector-based methods. The former (Edstedt et al.
2024; Wang et al. 2024) obtain dense pixel-wise matches
by directly handling image pairs, which demands expensive
computational resources due to the immense volume of pix-
els. In contrast, the latter (Lowe 2004; Lee et al. 2023) uti-
lizes fewer distinctive keypoints to construct sparse point-
wise matches. It typically contains the following steps: 1)
feature detector, 2) feature matcher, 3) match filter (Ma et al.
2021). Recent researchers utilize neural networks to improve
the different steps of detector-based feature matching.
Feature detector. SIFT (Lowe 2004) and ORB (Rublee
et al. 2011) are arguably the most successful hand-crafted
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feature detectors widely adopted in many computer vision
tasks. Subsequently, many approaches adopt CNNs (He
et al. 2016) or Transformer (Vaswani et al. 2017) to ob-
tain distinctive and reliable positions and descriptors for
local keypoints. Notably, LIFT (Yi et al. 2016) is the
first successful learning-based local feature detector. Su-
perPoint (DeTone, Malisiewicz, and Rabinovich 2018) pro-
poses a self-supervised training method by homographic
adaptation. Along this line, subsequent learning-based lo-
cal feature detectors (Potje et al. 2023; He et al. 2023) adopt
different strategies to detect distinctive keypoints. However,
the representation and repeatability of keypoints are difficult
to guarantee since they only operate on the single image,
leading to unsatisfactory matching results (Ma et al. 2021).

Feature matcher. Recently, the graph neural network
(GNN) (Wu et al. 2022) has gained widespread attention to
boost matching accuracy. SuperGlue (Sarlin et al. 2020) ac-
cepts two keypoint sets as inputs and constructs their com-
munication with attentional GNN. Since the priors can be
learned with a data-driven approach, it achieves impressive
performance. Subsequent variants (Chen et al. 2021; Pau-
trat et al. 2023; Jiang et al. 2024) design various network
paradigms to further improve the performance. These works
aim to enhance the representation of descriptors through the
interaction of two keypoint sets. However, the paired re-
lationship of keypoints is rarely exploited in these efforts,
which is vital to distinguish matches.

Match filter. Concurrently, some pioneer works (Yi et al.
2018; Ranftl and Koltun 2018) take the feature matches as
inputs and learn to screen these matches. PointCN (Yi et al.
2018) achieves this goal based on a classification task and a
regression task. It implements a permutation-equivariant ar-
chitecture based on MLPs to handle unordered and irregular
correspondences. Subsequent methods (Zhang et al. 2019;
Zhao et al. 2021; Ye et al. 2023; Liu et al. 2024b; Dai et al.
2024; Liu, Li, and Zhao 2025) improve the network perfor-
mance by designing various network structures. These meth-
ods have shown the advantage of correspondence learning
and could serve as an effective method to remove possible
outliers. However, their performance heavily depends on the
quality of initial matches, which limits their potential.

3 Methodology
3.1 Problem Formulation

Given a pair of images (I, I, ), feature matching aims to
establish accurate point-to-point correspondences. Specifi-
cally, we can first utilize existing feature detectors (e.g.,

SIFT and SuperPoint) to obtain initial keypoints X =
{xio),.. (0)} and YOO = {ygo)a )

o Xy I 29 }, where n; and
ng are the number of keypoints. Each keypoint x

0)
(K, dl(-o)) consists of keypoint information k; € R? and ini-
tial local descriptor dZ(-O) € R<. d is the dimension of descrip-
tors. Each k; contains normalized coordinates and a detec-
tion score. Usually, matches can be produced by using NN
search on descriptors. However, when the image pair faces
large differences, the simple NN search may produce a large
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Figure 2: Overall pipeline of CFM. KL module provides high-quality matches. CL module gives reliable keypoint feedback.
x; and y, denote feature keypoints containing descriptor d;, keypoint information k; and inlier probability p,. M’ and P! are

estimated match set and inlier probability set. m? is the input match. th and F? are geometry embedding and feature embedding.
¢

ns

F!  is the input feature map. F’ , is the neighbor search space. Ff is the local context feature. Corres.: Correspondence.

wm

number of mismatches due to the ambiguity of descriptors. Meanwhile, the embeddings learned from both modules
Therefore, we use CFM to amplify the representation of key- can collaborate with each other for mutual enhancement and
points and further establish accurate matches. Finally, we joint optimization. Firstly, as the descriptors become more
can get an optimal match set M = {my, ..., m,,}, which discriminative, KL module is able to provide dynamic and
includes keypoint coordinates. ng is the number of matches. reliable input matches for CL module. Different from previ-

ous works that use only the keypoint coordinates, CL. mod-
3.2 Progressive Framework ule combines both geometry embedding and feature embed-
The correlation between feature matcher and match filter is ding to enrich the input feature maps. Specifically, an MLP
rarely explored in previous methods, which results in a lot of layer and a ResNet block (Yi et al. 2018) are adopted to
useful information being wasted. In this work, we take full process match coordinates to obtain geometry embedding
advantage of two types of methods, where KL module and Fét) € R"*4m We use the same operation on match de-

CL module can achieve iteratively reinforcing in a progres-

. A scriptors to produce feature embedding Fgf) € R*dm:
sive framework as shown in Fig. 2.

Visual descriptors encode the essential information of F(t),F(t) - RN(MLP(M(t))),RN(MLP(X(t),Y(t))),
keypoints (e.g., color, texture, and intensity), which form g f )
the foundations for matching keypoints. However, these de- where MLP() and RN() are corresponding MLP layer and
scriptors may have poor representation and repeatability ResNet block, respectively. Then, an element-wise summa-

since feature detectors only operate on the local region of
single image. Therefore, KL module is used to improve the
representation of visual descriptors based on the communi-
cation of keypoints. It takes the X~ Y*~1  keypoint
feedback P~ Y (if available) as inputs. With the learning of

tion is used to fuse the two embeddings: Fffl) = th) + F;t).
This operation can provide rich information for better learn-
ing of CL module from different aspects.

In turn, CL module offers effective keypoint feedback to

KL module. On the one hand, we utilize the learned inlier

KL module, we can obtain updated keypoints X® and Y weights to further enhance the representation ability of key-
with stronger representation of descriptors. Then, we utilize points. Inspired by (Sarlin et al. 2020), KL module adopts a
match estimation to get a match set M. In practice, M® novel dynamic keypoint encoder to encode keypoint infor-
still contains a proportion of mismatches due to the limited mation into high dimensional features. Besides the informa-
local receptive field of keypoints. Thus, CL module aims to tion provided by feature detectors, we integrate the embed-
further remove them as much as possible based on the con- dings learned from CL module to enrich the descriptors:
. . . t t t .
sistency of inliers. It takes the M@, X® and YO as inputs. igt—l) _ th—l) 4+ MLP,.(k; || pgt—1)). 5)

With the learning of CL module, we can get a corresponding

inlier probability set P") to determine refined matches as the
output. The overall process can be represented as:

where || denotes the concatenation operation. MLP,,,.(-) is
used to transform the feature dimension. When ¢ = 1, we

only utilize initial keypoint information k;, where X\ =

%

XM y® = g(xt-1 yt=b pl=iy M d”. And p{* ) is the inlier probability in the (¢ — 1)-th
M® — £ (X(t) Y(t)) @) iteration to represent the confidence of keypoint as inlier. In-

’ ’ jecting this learned adjustment makes keypoints with similar

PY = cM® XM y®), 3) confidence have similar input information, helping to bet-

ter distinguish these features. The element-wise summation

operation combines the features for descriptor augmenta-
(t=1)

where /C, C, and & represent KL module, CL module, and
match estimation (NN search in this paper), respectively.

This process is executed iteratively for reliable matches. tion. The augmented position-embedded feature X and

7316



f{(t Y enable the following graph network to reason about
both appearance and position jointly via the attention mech-
anism. On the other hand, some uninformative keypoints,
which are usually not in the overlapping region of matching
images, may cause the negative influence for network learn-
ing (Liu et al. 2023). Therefore, we propose an intuitive and
effective adaptive sampling strategy to avoid updating these
keypoints. This strategy can generate a mask score for each
keypoint based on the inlier probability:

1, POX) > e
1) (v.) — ) 7 ms
Ms (Xz> - {0, P(t)(XZ‘) < €m,

where €,, is a sampling threshold to mitigate the over-
pruning problem. Keypoints with low inlier weights will
not participate in subsequent network learning, avoiding the
computation and interference of uninformative keypoints.

(©)

3.3 Keypoint Learning Module

When matching a given ambiguous keypoint, people of-
ten repeatedly look back and forth between the two im-
ages. They need to search for and examine helpful contex-
tual clues to recognize the correct matching keypoints (Chun
2000). This indicates that matching keypoints is an iterative
process, requiring attention to be focused on specific loca-
tions (Sarlin et al. 2020). Here, KL. module utilizes the self
and cross attention with mask score to explore the context
and enhance the representation of keypoints.

Specifically, given the input X~ and Y*~Y, we first
construct the complete intra-graph (within images) and
inter-graph (between images) as (using X as an example):

(t—l)

X® =X Fiik + F, %)

i = MIPs(Fe(anl) 1X0), ®
t—1)

F), = MLPo(FC(Att)) || X" 7Y). )

X® is the renewed descriptor of keypoints in I, at the ¢-th

iteration. Fg(t)s and Fgé are self and cross attention features.
MLPg/¢(-) are 3-layer MLPs. FC(-) denotes a fully con-

nected layer. Att% and Attg% are self and cross attention
contexts using mask score of each keypoints:

-1)

O KO VY = re"Y), (10)
. Ms(t)(X(t—l))Q(t) (K(t))T .
At = sm( N X X vl a
) (x =D\ (&) (1 (ONT
At — s M X \/)gQX LS RV OE)

sm(-) represents the row-wise softmax function. Mask score
Ms® is used for avoiding the negative influence of uninfor-
mative keypoints. For simplicity, we omit the formulation
of multi-head attention, which can enhance the representa-
tion of features. Meanwhile, we adopt the same operation
to obtain local feature Y*). The intra-graph and inter-graph
enable each keypoint to be associated with other keypoints,
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while self and cross attention operations can selectively ag-
gregate their contexts. Therefore, the enhanced feature X®

and Y® have more strong representation due to the mutual
communication of keypoints.

3.4 Correspondence Learning Module

Previous feature matchers (Sarlin et al. 2020; Shi et al. 2022)
directly utilize the Sinkhorn algorithm or NN search on

X® and Y® to establish keypoint matches. However, the
paired relationship between keypoints (i.e., correspondence)
is rarely explored further, which is also vital for distinguish-
ing matches. For example, the inliers typically conform to
consistent constraints, such as lengths and angles, while mis-
matches exhibit random distribution. In this work, leverag-
ing the consistency, we present a CL module to further dis-
tinguish matches and provide reliable keypoint feedback.

CL module contains the input embeddings, several
ResNet blocks (Yi et al. 2018), the local consensus block,
and the learning blocks. ResNet block is a basic learning
structure, containing two MLP layers, several normalization
operations, and ReLU to process matches. To explore the
rich local context of matches, neighbor consistency has been
employed in previous match filter works (Liu et al. 2021;
Liu and Yang 2023). Inspired by CLNet (Zhao et al. 2021),
we design a new local consensus block via additional spatial
similarity to seek reliable neighbors. Specifically, we first
conduct a neighbor search space:

FO) =F" 8. (13)

£ )} € R"*dm s the middle feature map

F) — {f@,...,
to measure high-dimensional feature similarity. ® is the
Hadamard product. Meanwhile, inherent low-dimensional
spatial similarity S as a regulator is calculated as:
2.
ij
2)

Sij = max(O, 1-— (14)
where maxz(0,-) is a non-negative operation. d;; denotes
the length difference between two matches based on the
coordinates. Two matches with the d;; smaller than the
distance hyper-parameter €; are regarded spatially com-
patible. Local neighbors are determined by Euclidean dis-
tance on Fgfg Then, we construct a local neighbor graphs

Q-(t) = {V(t) Egt)} for each match m(t). Nodes V(t) =
{ S), S 1 m! )} represent the k-nearest neighbors of m( )
Directed edges &; = {eg?, o egtk)} link mz(- ) and its neigh-
bors in V; based on F(), The edge is built as:

(1) _ (g (g _ py 5
e) = (" [ £ —£),j=1,2,..k. (15

1 07
m;;. Thus, we can obtain the neighbor embedding G ®
R™***2dm of all matches. Then, local context can be aggre-
gated in a grouped manner (Zhao et al. 2021):

are feature maps of m; and its j-th neighbor

Fl(t) — (Oonvz(COﬂfUl (g(t)))7 (16)



Dataset \ YFCC100M \ Scannet

Feature \ RootSIFT \ SuperPoint \ RootSIFT \ SuperPoint
Matcher | @5° @10° @20° | @5° @10° @20° | @5° @10° @20° | @5° @10° @20°
NN-RT/MNN | 26.7 432 59.4 6.5 154 28.5 9.1 19.8 32.7 94 21.6 36.4
AdaLAM 275 445 60.5 | 20.8 36.5 51.9 8.2 18.6 31.0 6.7 15.8 27.4
OANet 224 363 50.3 19.2 345 50.3 10.7  23.1 374 10.0  25.1 38.0
NCMNet 343 535 70.2 | 27.7 46.1 63.5 9.5 21.7 35.8 6.0 14.0 25.7
DeMatch 33.1 52.2 68.6 | 21.4 40.2 59.7 - - - - - -
SuperGlue* - - - 399 60.5 76.4 - - - 16.2 326 49.3
SuperGlue 35.1 54.2 709 | 332 535 70.8 147 294 45.6 120 263 424
SGMNet 348 541 709 | 33.0 53.0 70.0 144 299 46.0 164 321 48.7
LightGlue 358 553 720 | 39.5 595 75.5 155 31.0 47.0 154 312 47.5
EIMP 36.8 56.3 72.8 | 379 579 74.0 153  30.8 46.6 159 324 48.9
IMP 36.7 56.6 729 | 394 594 75.2 156 309 47.4 16.6  33.1 494
ECFM 374 573 735 | 419 61.7 77.0 16.2 322 48.6 17.2  33.6 494
CFM 37.1 56.9 732 | 43.0 62.6 777 | 16.5 32.7 49.2 | 17.8 34.6 50.7

Table 1: Quantitative results on outdoor YFCC100M and indoor Scannet dataset. Bold indicates the best.

where Convy(+) and Conwvs(-) denote the successive con-
volution layers with 1 x % kernels and 1 x g kernels, re-

spectively. g is the number of groups. Fl(t) € R>1xdm
represents the local context feature. Then, the learning
blocks contain several ResNet blocks and a global consensus
block (Zhao et al. 2021) to encode global contextual infor-

mation for getting the output feature map F(()Qt Finally, the

feature is processed to obtain the inlier probability set P:
P = tanh(ReLUMLP(F"),))) € [0,1), (17

in which thu)t is the output feature of the CL module.
tanh(-) and ReLU(-) represent activation functions. P e
R™*1 denotes the inlier weight, which indicates the proba-

bility of each initial match as an inlier.

3.5 Loss Function

We utilize keypoint learning loss £ and correspondence
learning loss L,, to optimize each KL module and CL
module, respectively. £;, guarantees that keypoints possess-
ing more discriminative descriptors attain higher matching
scores. As (Sarlin et al. 2020), we use classification loss to
minimize the negative log-likelihood of matching matrix:

Ek = — Z logﬁmf Z logﬁi,nﬂf Z 10g75m+17j.
(i,5)EPIE iepot jePpat

_ (18)

P9t is the ground-truth matching matrix, and P9" is its

expansion including an additional row and column. P €

R™+1xn+1 g the matching matrix computed by the dis-

tance of descriptors. £,,, aims to accurately distinguish cor-

rect matches, which is a binary cross entropy loss:
Ly =H(r®P,L), (19)

where L is the ground-truth label determined by epipolar
distances. 7 is temperature vector to alleviate label ambigu-
ity. The final loss formulates as: £ = Ly + L,,,. We apply £
to each iteration and compute the average loss.
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4 Experiments
4.1 Evaluation Protocols

Datasets. We construct experiments on relative pose estima-
tion task to evaluate the performance on different matching
scenes. The outdoor scene is Yahoo’s YFCC100M (Thomee
et al. 2016) dataset containing challenging tourist images.
The indoor scene is the ScanNet (Dai et al. 2017) dataset
consisting of large-scale RGB-D image pairs. Furthermore,
we use the Aachen Day-Night (v1.0 and v1.1) (Sattler et al.
2018) datasets for visual localization task.

Evaluation. To obtain the relative pose, we estimate es-
sential matrix to recover the rotation and translation vec-
tors. The angular differences between ground truth vectors
and estimated ones are selected as error metrics. Following
benchmark (Sarlin et al. 2020), the cumulative error curve
(AUC) at different thresholds (5°, 10°, and 20°) is the core
default metric. For visual localization task, we use the per-
centage of correctly localized queries under the thresholds
(0.25m/2°, 0.5m/5°, and 5m/10°) as evaluation metric.

4.2 Implementation Details

Following IMP, we train the network models on the
MegaDepth (Li and Snavely 2018) dataset from scratch. It
contains large-scale tourism landmarks collected from the
Internet. Adam (Kingma and Ba 2014) optimizer with 500k
iterations and a batchsize of 16 is used for optimizing net-
work models. The initial learning rate is set as 10~%. After
200k iterations, the learning rate decreases by a factor of
0.999992 and then remains fixed at 10~6. Traditional Root-
SIFT and learning-based SuperPoint have been selected to
extract 1024 feature keypoints as network inputs. Our KL
module is executed T(9) times, while CL module runs only
during the 6th and 9th iterations to avoid excessive over-
head. The head in attention of KL module is set to 4. The
feature dimension d,,, neighbor number k, group number g,
distance hyper-parameter ¢4, and sampling threshold ¢, in
CL module are experientially set as 128, 9, 3, 0.2, and -0.9.



Aachen v1.0 | Day Night

MNN 85.4/93.3/972 755/86.7/92.9
SuperGlue* | 89.6/95.4/98.8 86.7/93.9/100.0
SuperGlue 87.3/94.4/97.3 84.7/92.9/99.0
SGMNet 86.8/94.2/97.7 83.7/91.8/99.0
IMP 87.5/94.4/98.3 87.8/93.9/100.0
ECFM 88.5/95.5/98.2 87.8/94.9/100.0
CFM 89.4/95.5/98.4 87.8/93.9/100.0
Aachen v1.1 | Day Night

MNN 87.9/93.6/96.8 70.2/84.8/93.7
SuperGlue* | 89.8/96.6/99.4 75.9/90.1/100.0
SuperGlue 88.8/95.4/98.7 75.0/91.1/974
SGMNet 88.7/96.2/98.9 75.9/89.0/99.0
IMP 89.6/95.8/99.0 754/91.1/99.5
ECFM 89.9/95.8/99.0 75.9/91.6/99.5
CFM 89.6/96.0/99.0 75.4/91.6/99.5

Table 2: Results with different thresholds (0.25m/2°,
0.5m/5°, and 5m/10°) on Aachen v1.0 and v1.1 dataset.

4.3 Comparative Results

Baselines: We compare CFM with state-of-the-art detector-
based feature matchers, including SuperGlue (Sarlin et al.
2020), SGMNet (Chen et al. 2021), LightGlue (Lin-
denberger, Sarlin, and Pollefeys 2023), and IMP (Xue,
Budvytis, and Cipolla 2023), and match filters, i.e.,
AdalLAM (Cavalli et al. 2020), OANet (Zhang et al. 2019),
NCMNet (Liu and Yang 2023), and DeMatch (Zhang et al.
2024), as well as several existing detector-free methods
(LoFTR (Sun et al. 2021), PDC-Net+ (Truong et al. 2023),
and DKM (Edstedt et al. 2023)). We show the results of orig-
inal model (SuperGlue*) and the retrained model by SGM-
Net (SuperGlue). NN search via descriptors with ratio test or
mutual check is used to obtain feature matches. The match
filters take matches estimated by the NN search as inputs.

Relative Pose Estimation. Table 1 shows the compari-
son results on YFCC100M. We can see that NN search and
match filters generally perform worse than feature match-
ers, especially when SuperPoint is used to extract feature
points. This is due to the limited generalization ability of the
learning-based feature detector, so the quality of estimated
initial matches solely using NN search is difficult to guaran-
tee. Feature matchers can further improve the discrimination
of keypoints by integrating both geometric information and
descriptors. Therefore, when feature matchers are equipped,
the performance improves dramatically, e.g., AUCQ5° from
6.5% of MNN to 33.2 % of SuperGlue. CFM and ECFM
can obtain the best results in all settings by combining the
advantage of keypoint and correspondence learning, achiev-
ing more precise relative poses. Furthermore, ECFM may re-
move some essential keypoints, resulting in a slight degrada-
tion when using SuperPoint, which is consistent with EIMP.
However, our ECFM decreases significantly less than EIMP,
proving the advantage of our adaptive sampling strategy.
The results on Scannet are reported in Table 1. Indoor
scenes are more challenging than outdoor scenes due to
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CFM

~ NCMNet IMP

Figure 3: Visualization on the outdoor and indoor scenes.
Correct matches (green) and mismatches (red) are exhibited.

Datasets | MegaDepth1500 | YFCC100M ‘rt(ms)
Method ‘ @5° @10° @20° ‘ @5° @10° @20° ‘
SuerGlue(18)[44.8 62.5 76.4 |345 546 71.7| 81
LoFTR 52.8 69.2 81.2 [39.8 60.0 76.1 | 189
PDC-Net+ |51.5 67.2 785 |37.5 58.1 74.5 | 740
DKM 604 749 85.1 [44.1 63.7 784 | 655
CFM 540 68.2 79.2 43.0 62.6 777 | 96
HCFM 554 699 80.5 |44.3 64.0 78.6 | 211

Table 3: Results on MegaDepth1500 and YFCC100M (some
results are from Dematch) compared with dense methods.
AUC and runtime are reported.

repetitive structures and texture-less regions. Our methods
show superior performance compared to the state-of-the-arts
in both settings. Overall, these results highlight the gener-
alization ability of our models to establish precise matches
for the pose estimation. Furthermore, Fig. 3 exhibits some
qualitative results on both challenging datasets. The pro-
posed methods can consistently establish reliable matches
when image pairs face occlusions, large viewpoint varia-
tions, repetitive structures, textureless objects, etc.

Visual Localization. Table 2 reports the comparative re-
sults on the Aachen dataset for large-scale localization. This
task evaluates the robustness of methods when facing severe
illumination changes. We can see that our CFM and ECFM
are able to achieve competitive results on both scenes, es-
pecially for nighttime images, compared to other competi-
tors. Noteworthily, SuperGlue* undergoes additional pre-
training in the large-scale image retrieval benchmark (Rade-
novié et al. 2018), obtaining significant gains than retained
SuperGlue. Our models are solely trained on the MegaDepth
dataset. This further proves the strong generalization ability
of our methods on the real challenging application.

Comparisons with Dense Methods. To further verify
the advantage of CFM, comparisons with more advanced
detector-free methods are reported in Table 3. HCFM
is a huge version of CFM by adding CL module af-
ter each KL module. Without relying on expensive pixel-
wise learning, CFM and HCFM can achieve competitive
(MegaDepth1500) or even better (YFCC100M) results com-
pared with dense competitors. Moreover, our methods sig-
nificantly outperform SuperGlue(18) that contains 18 atten-
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Figure 4: Performance comparisons under the different number of keypoints, where feature keypoints are extracted by (a)
traditional RootSIFT and (b) learning-based SuperPoint. Furthermore, (c) runtime is also reported.

Methods @5° @10° @20°
SuperGlue* + NCMNet 353 558 73.3
SuperGlue* + CLNet 352 558 73.2
IMP + NCMNet 33.1 534 70.9

IMP + CLNet 32.1 526 71.1
SuperGlue* + CLNet* (re) | 34.6  54.8 72.0
SuperGlue* + CLNet (re) | 38.8  59.0 75.5

Table 4: Comparison of different combinations between fea-
ture matchers and match filters. (re) means that match filter
is retrained using input matches provided by SuperGlue*.

tion modules, highlighting the limitations of single keypoint
learning. This also indicates the effectiveness and rationality
of our collaborative learning.

4.4 Ablation Studies

We further construct ablation studies to examine the effects
of each component in CFM on YFCC100M dataset.

Main components. Table 4 presents the results of com-
binations between off-the-shelf feature matcher and match
filter. CLNet* additionally adds the feature embedding as
CFM. We observe that the latter does not further improve
the former, even after re-training the matching filters, which
demonstrates the information incompatibility between the
two methods. In our work, KL module is used for obtain-
ing distinctive descriptors and providing high-quality input
matches. And CL module is designed to capture the rich con-
text of matches and give effective keypoint feedback. Here,
we evaluate the performance gains of each main compo-
nent in CFM as shown in Table 5. The gap between them
can be alleviated by joint optimization, achieving better re-
sults (38.8% reported in Table 4 vs 43.0% AUC@5°). At
the same time, the embeddings learned from both modules
can be used with each other in a progressive manner. There-
fore, when CL module is equipped with the FE and SS, and
KL module uses the KF, the performance will be further im-
proved owing to the information interaction. Notably, with
the aid of KF, the gains are more significant. This further
demonstrates the feasibility and effectiveness of using cor-
respondence learning to provide reliable feedback.

The keypoint number. This is critical for feature match-
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KL CL FE SS KF | @5 @10° @20°
v v 39.2 593 75.3
v v Y 40.5 606  76.2
v v v v 411 613 76.6
v v v v v |430 625 77.7

Table 5: Ablation studies regarding the gains of main com-
ponents. FE: the feature embedding provided by KL mod-
ule. SS: the spatial similarity in local consensus block. KF:
the keypoint feedback provided by CL module.

ing, affecting both accuracy and speed. Here, we present
comparisons with several methods for the different num-
ber of RootSIFT and SuperPoint keypoints as shown in
Fig. 4 (a) and (b), respectively. As expected, the perfor-
mance of all methods improves with the increasing number
of keypoints. Our methods show notable performance gains
over other competitors, thanks to the collaborative effect.
Notably, when using RootSIFT, ECEM outperforms CFM,
primarily due to the removal of uninformative keypoints.
Meanwhile, ECFM obtains more significant gains as the
keypoints increase. Moreover, Fig. 4 (c) presents the runtime
comparisons. IMP and EIMP are significantly slower than
other methods since they require camera pose computation
at each iteration. Our ECFM shows significant efficiency
benefiting from the adaptive sampling strategy compared to
CFM. Especially, when using more keypoints, ECFM works
faster than SuperGlue*, indicating its potential in efficiency.
Overall, our methods achieve the best performance and com-
petitive efficiency across different number of keypoints.

5 Conclusion

In this paper, we develop a collaborative feature matching
(CFM), including KL. module and CL module, to bridge the
gap of previous two methods. These two modules enable
mutual enhancement in a progressive manner. With the col-
laborative effect, our method can acquire more reliable fea-
ture matches and recover accurate relative poses under chal-
lenging matching scenes. Experimental results on different
benchmarks indicate that the proposed methods outperform
state-of-the-art feature matching competitors.
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