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Abstract Keypoint-based matching is a fundamental technology for different computer vision tasks, in

which keypoint detection is a crucial step and directly affects the entire performance. Based on deep learning

approaches, the learning-based keypoint detectors have been significantly developed. To further improve the

accuracy of high-level matching tasks, the extracted keypoints should provide more accurate point-to-point

correspondences and maintain a uniform spatial distribution. Based on this idea, a self-supervised learning

method of keypoint detection named repeatable adaptive point is proposed. This method consists of a self-

supervised objective and an optimization algorithm. The objective maximizes the repeatability measure with

the sparsity constraint of keypoints. This sparsity constraint is formulated by combining the non-maximum

suppression operation and the penalty function of keypoint number, which generally makes keypoints have a

uniform spatial distribution. A novel approximate alternate optimization algorithm is proposed to maximize

the above objective, whose convergence is proved in theory. The proposed detector is “adaptive” because

the combinations of it and some existing descriptors can adapt to high-level matching tasks with a fast

convergence speed. Specifically, the combinations of it and SuperPoint/HardNet descriptors achieve state-

of-the-art accuracy on three high-level tasks based on image matching, namely homography estimation,

camera pose estimation, and three-dimensional reconstruction. Furthermore, the proposed method converges

faster on new scenes compared with the state-of-the-art method that jointly optimizes the detector and the

descriptor.
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1 Introduction

Keypoints of images are sparse locations that are insensitive to both perspective distortion and illumi-
nation changes [1]. Keypoints are effective for image matching benefiting from their sparsity and repre-
sentation ability. Therefore, keypoint-based matching is fundamental for different computer vision tasks,
such as camera pose estimation [2], image recognition [3], and three-dimensional (3D) reconstruction [4].
For these tasks, keypoint detection is a significant step and directly affects the entire performance.

The traditional hand-crafted methods such as SIFT [1] and FAST [5] explicitly define the criteria to
extract the points whose neighborhood illumination has abrupt changes, or whose local gray distributions
satisfy some typical patterns. These criteria can hardly be adjusted for different scenes, which may lead
to poor accuracy when the images contain complex backgrounds or drastic changes in imaging conditions.

The learning-based methods of keypoint detection are developed to break through the above limita-
tions. The early methods like TaSK [6], TILDE [7] and LIFT [8] optimize the detectors with weakly
supervised learning approaches. This kind of method obtains the initial labels of keypoints with the
existing hand-crafted detectors, and further improves the repeatability of keypoints by optimizing the
objective functions. Considering the potentials of these methods rely on the initial hand-crafted keypoint
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detectors, the recent methods train detectors by the self-supervised approaches [9]. The general process
is to use a learnable model to predict the keypoint candidates, evaluate the properties of every candi-
date, and then optimize the model by keeping the candidates with good properties. The properties like
repeatability [10], invariance [11] and discriminability [12] are generally used in this kind of method, in
which some models [12] have been superior to hand-crafted methods in some image matching tasks.

The above learning-based methods can be divided into two categories, namely joint learning and
modular learning approaches, which are suitable for different situations. The joint learning method
optimizes the keypoint detector and descriptor jointly [11]. This kind of method makes the detector
and descriptor easier to fit each other, and therefore some of them achieve state-of-the-art accuracy.
However, once this kind of method needs to adapt to new scenes, they have to train both the detectors
and descriptors, which consumes much time and computing resources. Thus, the joint learning method
suits the situations that people plan to construct an entirely new keypoint extraction model, and the
model is generally not required to be updated in subsequent applications. In contrast, the modular
learning method trains the modular detector which is independent of the descriptor [10]. This one can
adapt to new scenes with less time and computing resources by directly utilizing the existing descriptor,
therefore being generally used as a pluggable module in modularity systems like COLMAP [13]. To fully
utilize the flexibility of the modular detector, the recent study [10] focused on improving its matching
accuracy when combined with the existing descriptors.

To improve the matching accuracy of the modular learning detector, it is important to introduce
effective guidance information into the objective function. The early modular learning detectors [7]
formulate the objective mainly based on the repeatability measure, which requires that the keypoints
being repeatedly extracted in different images captured from the same scene. With the maximization
of repeatability as the basic objective, the recent modular learning methods introduce other guidances
to improve the matching accuracy, such as pre-training the detector on a synthetic shapes dataset [9],
integrating both hand-crafted and learning-based filter kernels [10], and performing shared tree-organized
rules [14]. Although the above modular detectors obtain significant improvements compared with the
early ones, there is still a gap between them and the state-of-the-art methods on high-level matching
tasks [15], such as homography estimation, camera pose estimation, and 3D reconstruction.

The spatial distribution uniformity of keypoints is a crucial characteristic impacting the high-level task
accuracy, which is rarely considered in the existing modular detectors. Generally, it is an essential step
in the high-level tasks to estimate the global transformations between different images. The non-uniform
keypoints make the global transformation estimation overly reduce the re-projection error in some local
areas, and therefore degenerate the overall accuracy of the transformation. This phenomenon is also
discussed in the experiments of [9]. This problem can be mitigated by optimizing the spatial distribution
uniformity of keypoints, which results in two difficulties. First, it is unclear how to formulate the objective
function of the modular detector to integrate the spatial distribution uniformity of keypoints and other
characteristics like repeatability. Second, it is challenging to optimize the spatial distribution uniformity
because its formulation is likely non-differentiable.

This paper is motivated to solve the above two problems. The objective function and optimization
algorithm are introduced for the modular detector to maximize the keypoint repeatability while main-
taining the spatial distribution uniformity. As discussed in [15], sparsity is an important characteristic
to represent the uniformity of keypoints. Therefore, it should benefit the spatial distribution uniformity
by introducing the sparsity characteristic into the objective function. Specifically, sparsity is formulated
as a constraint and then integrated with the repeatability measure. Following the configuration in [15],
the constraint of sparsity is represented by combining the non-maximum suppression (NMS) operation
and the penalty function of keypoint number. Then the overall objective function is formulated to max-
imize the repeatability measure with the sparsity constraint. This objective cannot be optimized with
the popular gradient descent algorithm because the sparsity constraint is non-differentiable. Therefore,
an alternate optimization algorithm is designed to separate the original objective into two subproblems
that both can be optimized efficiently. With the above optimization, the extracted keypoints can provide
more accurate point-to-point correspondences while having a uniform spatial distribution, which normally
benefits the accuracy of high-level matching tasks.

With the above objective and optimization algorithm, the proposed keypoint detector can adapt to
high-level matching tasks with a fast convergence speed. Therefore, this detector is named repeatable
adaptive point (RAP), whose contributions are threefold.

(1) A simple but effective self-supervised objective is formulated to maximize repeatability with a
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sparsity constraint that benefits the spatial distribution uniformity of keypoints.
(2) A novel approximate alternate optimization algorithm is proposed to maximize the objective, whose

convergence is proved in theory.
(3) The above optimization objective and algorithm provide more accurate point-to-point correspon-

dences with a uniform spatial distribution, with which RAP achieves state-of-the-art accuracy on several
high-level matching tasks, namely homography estimation, camera pose estimation and 3D reconstruc-
tion.

2 Related work

Keypoint detectors consist of hand-crafted and learning-based detectors. Depending on whether the
detector needs to be jointly trained with a keypoint descriptor, the latter can be divided into jointly
learning and modular learning detectors.

2.1 Hand-crafted keypoint detectors

Humans have powerful capabilities to distinguish keypoints by judging whether a point satisfies some
criteria or not. Inspired by this, the hand-crafted keypoint detectors define some explicit criteria to judge
keypoints. A kind of famous criterion is that the point whose two-dimensional grayscale has abrupt
changes should be a keypoint, which is widely used in corner detectors such as FAST [5]. Another key
idea is to design more effective strategies to improve the repeatability of the detector against some types
of transformations. SIFT [1] extracts points in scale space and achieves strong invariance under scale
transform. SURF [16] and KAZE [17] are also based on scale space.

2.2 Learning-based detectors

Though hand-crafted detectors are widely applied in image matching tasks, it is complicated to ad-
just their parameters once they encounter scenes they cannot handle. Compared with them, learning-
based detectors have more potentials to be adapted to different applications. The basic foundation
of learning-based methods is to distinguish positive samples (keypoints) from negative samples (back-
ground). Learning-based methods can be divided into joint learning and modular learning approaches.

The joint learning method optimizes the keypoint detector and descriptor jointly. To achieve this,
LIFT [8] extracts the keypoints with a classical structure of motion (SfM) system based on SIFT [1] to
avoid acquiring pre-aligned training image sets. Then a multi-stage strategy is designed to sequentially
train three network components, namely descriptor, keypoint orientation estimator and detector. LIFT
is a weakly supervised approach because it relies on the initial keypoint label provided by an SfM system.
DELF [18] trains an attention-based keypoint module to select a set of local features that are finally
mapped to a global description vector, and the entire model can be trained with the loss of image
retrieval. LF-Net [11] is a self-supervised method learning detector and descriptor jointly. The detection
and orientation estimation processes of LF-Net are combined in a single component which simplifies the
training process. D2-Net [19] integrates the detector and descriptor seamlessly. Specifically, D2-Net uses
the floating-point description vector, which can be optimized by well-designed weighted triplet margin
ranking loss. With average precision as the measure, R2D2 [12] considers the positive sample should
be the pixel point that is more likely to be correctly matched by its own descriptor. R2D2 achieves
high matching performance benefiting from the discriminability of extracted points. POP [15] designs a
new property named informativeness to encourage keypoints to be extracted in the area containing high
information, and provides a flexible loss function to integrate different properties of keypoints.

The learning of the modular detector is independent of the descriptor. Early methods use existing
hand-crafted detectors to collect training samples. TaSK first runs the existing detector on a pre-aligned
image set, and then considers the extracted points with high repeatability as positive samples. TILDE [7]
takes SIFT [1] as an initial keypoint detector while adopts a more complex loss function with the shape
and temporal regularizations. The main disadvantage of these detectors is that they can hardly extract
potential keypoints that initial hand-crafted detectors have never explored.

To overcome the above limitations, some modular learning methods use self-supervised approaches to
avoid the dependence on hand-crafted detectors. Quad-network [20] designs a self-supervised ranking
objective, which penalizes the inconsistent rank among different patches. This self-supervised way makes
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the detector be able to explore new keypoints. SuperPoint [9] avoids the dependence on hand-crafted
detectors by pre-training the detector on a synthetic shapes dataset in which the keypoint labels are
generated with human supervision. Note that the detector and descriptor of SuperPoint are optimized
independently apart from the shared backbone. Therefore SuperPoint is closer to the modular learning
method. SIPs [21] obtains positive samples by selecting the points that can be matched correctly by
the SIFT [1] descriptor, and achieves good matching performance while only keeping a small number of
keypoints. The recent Key.Net [10] improves the detector by integrating both hand-crafted and learning-
based filter kernels, which achieves good performance when combined with HardNet descriptor [22].

2.3 Self-supervised learning approaches

The general methodology of self-supervised learning is first training a basic model with some pretext
tasks, and then applying the basic model in downstream tasks such as image classification and object
detection. The survey [23] comprehensively reviewed the pretext tasks, such as image colorization [24],
image super-resolution [25], and image inpainting [26]. Furthermore, the recent contrastive learning [27]
achieved impressive performance by learning the visual features invariant to image transformations.

Most of the modular/joint learning models discussed in Subsection 2.2 are trained with self-supervised
learning approaches. Self-supervised learning of the keypoint detection is a particular case because
its pretext task is very similar to the downstream task. Consider the SuperPoint detector [9] as an
example. Its pretext task is to extract repeatable points from the image pairs containing homographic
transformation, while its downstream task is to extract repeatable points from the image pairs containing
viewpoint changes. This kind of similarity between the pretext and downstream tasks also exists in other
keypoint learning methods like Quad-network [20], Key.Net [10] and R2D2 [19]. This idea of contrastive
learning [27] is somewhat similar to that of keypoint learning. The main difference is that the keypoint
learning focuses on stably localizing and describing the local patches, while contrastive learning aims to
extract robust representation for the entire image.

2.4 Spatial distribution uniformity of keypoints

The spatial distribution uniformity of keypoints directly impacts the accuracy of high-level matching
tasks, while the existing methods generally involve this characteristic in indirect ways. The importance
of keypoint spatial distribution uniformity has been discussed in the existing studies. For example, the
experiments of SuperPoint [9] demonstrate that the keypoints cannot obtain good homography estima-
tion accuracy if their spatial distribution is not uniform enough, regardless of whether the repeatability
is high or not. Some methods like SIFT [1] and SuperPoint [9] locate the blob and corner points typically
scattered in the image. These configurations rely on the designated criteria that are not flexible to dif-
ferent scenes. The learning-based R2D2 [12] and POP [15] design the objective functions to improve the
matching accuracy, which generally makes the spatial distribution of keypoints more uniform. However,
these objectives need to optimize the detector and descriptor jointly, which are not suitable for the mod-
ular detector. Overall, the existing methods rarely consider designing a modular detector to optimize the
spatial distribution uniformity of keypoints. In this paper, the new objective function and optimization
algorithm are introduced for the modular keypoint detector to maximize repeatability while maintaining
spatial distribution uniformity.

3 Repeatable adaptive point

RAP is a self-supervised learning framework training a detector to distinguish the sparse repeatable
points. Here the term “adaptive” indicates that the combinations of RAP and some existing descriptors
can adapt to high-level matching tasks with a fast convergence speed. Therefore, the basic idea of
RAP is to provide more accurate point-to-point correspondences, which should benefit the accuracy of
image matching. In this section, the overview of RAP is first given, and then its objective function is
introduced.

3.1 Overview of learning framework

The designs of the optimization objective and algorithm are summarized below.
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Figure 1 (Color online) Overview of RAP learning framework, which consists of three steps. (1) Forward propagation: obtain

the score map for every input image. (2) Estimation step: estimate the ideal keypoint set by maximizing the repeatability while

maintaining the sparsity. (3) Improvement step: update the score function with the positive samples determined by the ideal

keypoint set.

(1) The repeatability measure in objective. The repeatability of keypoints is crucial to provide accurate
point-to-point correspondences. Therefore, repeatability measure is used as part of the objective.

(2) The sparsity constraint in objective. Here two aspects need to be considered to improve the spatial
distribution uniformity of keypoints. First, different keypoints should have an appropriate distance to each
other to avoid the local cluster pattern. Second, the number of keypoints also impacts how many point-to-
point correspondences can be correctly matched. Too many keypoints usually include low-quality points
easily mismatched with other points, while too few cannot provide enough correspondences for the high-
level tasks. In this paper, a sparsity constraint is formulated with the inspiration of POP [15]. Specifically,
the NMS operation is performed to maintain the appropriate distance among different keypoints. Then
a penalty function is used to restrict the keypoint number in a reasonable range.

(3) The optimization algorithm. Although the repeatability and sparsity characteristics have been
discussed in some existing studies like [9, 15], there is no straightforward way to jointly optimize the
repeatability measure and sparsity constraint because the latter is non-differentiable. In this paper, a
novel approximate algorithm is proposed to optimize the two items alternately. This algorithm is efficient
with the convergence proved in theory.

The overview of RAP is shown in Figure 1, in which the detector is represented as a learnable score
function g. This process contains three steps.

(1) Forward propagation. The step is to obtain the keypoint score. Every image I in the training set
is considered as the basic image, and multiple transformed images Tj(I), j = 1, 2, . . . , J are generated
by transforming I with function Tj which simulates the viewpoint and illumination changes. Then the
learnable score function g takes every Tj(I) as input and outputs the score map s(Tj(I)) whose resolution
is the same as Tj(I). Each score s(Tj(I))[i] representing the possibility that the ith pixel point pi becomes
a keypoint.

(2) Estimation step. Repeatability Map r(I) is calculated with multiple score maps. Each score r(I)[i]
representing the frequency that the ith pixel point pi becomes a keypoint. Then ideal keypoint set y is
obtained by maximizing the repeatability while maintaining the sparsity.

(3) Improvement step. With positive and negative points determined by the ideal keypoint set y, the
loss can be calculated and the learnable parameters of score function can be updated.

Here are more details of the first step. The score function g takes a single image as input and outputs
the score map, which is formulated as

s (Tj(I)) = g (Tj(I)|θ) , (1)

where θ denotes all learnable parameters of g. Then s(Tj(I))[i], i ∈ {1, 2, . . . ,MN} represents the possi-
bility that the pixel point pi becomes a keypoint. Here M ×N is the size of I. To simplify the notations,
sj [i] is used to replace s(Tj(I))[i] when only one basic image needs to be considered. Note sj [i] ∈ [0, 1] is
also guaranteed.

With g, the keypoints can be extracted with NMS and thresholding. For image Tj(I), the keypoint
set is

F (Tj(I)) = {pi|nms (sj [i]) > St} , (2)

where St is a fixed score threshold, and nms(·) is the NMS function which keeps the score for local
maximum and sets the score as zeros for the others [1]. Note that nms relies on the radius of neighborhood,
so it is denoted as rad which is detailed in the implementation (Subsection 4.4).
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The estimation step and improvement step construct our alternate optimization algorithm, which
is designed to optimize the objective of RAP. This objective is introduced in Subsection 3.2, and the
alternate optimization algorithm is discussed in Section 4.

3.2 Objective function of repeatable adaptive point

The objective of RAP is to maximize the repeatability of keypoints while maintaining the sparsity. The
sparsity constraint and repeatability measure are first introduced in Subsections 3.2.1 and 3.2.2 before
constructing the overall objective.

3.2.1 Sparsity constraint

The sparsity of keypoints normally contains two aspects. First, keypoints should scatter on an image
rather than form some connected regions, which has been guaranteed by the NMS process. Second, the
keypoint needs to maintain the information of images and reduce computation complexity, which means
the number of keypoints should be in a reasonable range. It is termed as the number constraint.

For a given image Tj(I), the number constraint is implemented as the penalty function:

cnum (‖F (Tj(I))‖) =

{

0, Nmin 6 ‖F (Tj(I))‖ 6 Nmax,

+∞, otherwise,
(3)

where the ‖F (Tj(I))‖ operation returns the number of elements in F (Tj(I)). Nmin and Nmax are two
constants indicating the range of number of keypoints. The advantage of this formulation is that complex
hypotheses are not required for different datasets because Nmin and Nmax can be set coarsely (e.g., fixing
Nmin = 100 and Nmax = 300 for 320× 240 image in COCO 2014 [28]).

3.2.2 Repeatability measure

As introduced in Section 1, repeatability [1] is an important property that makes keypoints be insensitive
to different changes. Its computation relies on multiple images of the same scene. To simplify notations,
pi is made to represent both the ith point in basic image and its corresponding point in every transformed
image. So sj1 [i] and sj2 [i] denote the scores of the same scene point pi in the j1th and j2th transformed
images. Therefore, r(I)[i] is used to measure the repeatability of pi in basic image I:

r (I) [i] =
1

J

J
∑

j=1

I (nms (sj [i]) > St) , (4)

where J is the number of transformation, and I(·) is indicator function.

3.2.3 Overall objective function

The objective of RAP is formulated to maximize the repeatability measure of extracted points while main-
taining the sparsity constraint. Suppose the training image dataset {Ik|k = 1, 2, . . . ,K} containing K ba-
sic images, and each basic image Ik has corresponding transformation images set {Tj(Ik)|j = 1, 2, . . . , J}.
Then the objective function is formulated as

max
θ

K
∏

k=1





∏

pi∈F∪(Ik)

r (Ik) [i]
∏

pi /∈F∪(Ik)

(1− r (Ik) [i])



 ,

s.t. ∀j, k, cnum (‖F (Tj (Ik))‖) = 0,

(5)

where F∪(Ik) represents points that are extracted as keypoints in at least one transformed image:

F∪(Ik) =

J
⋃

j′=1

{pi|pi ∈ F (Tj′(Ik))}. (6)

And
∏

pi /∈F∪(Ik)
(1− r(Ik)[i]) ≡ 1 because the points that are not in F∪(Ik) will not be extracted as

keypoints in any image. Here this item is integrated into (5) because this formulation can help the
relaxation of objective (Subsection 4.1).
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The theoretical optimal solution of (5) can achieve good sparsity and high repeatability. Let θ∗ denote
the optimal solution. With the sparsity constraint, θ∗ can extract keypoints with a reasonable number
while guaranteeing the appropriate distance among different keypoints. This sparsity characteristic can
make the spatial distribution of keypoints more uniform. With maximizing the repeatability measure,
θ∗ can extract keypoints repeatedly in different transformed images. Overall, the proposed objective
function aims to provide more point-to-point correspondences in any area of images, which benefits the
global transformation estimations in high-level tasks.

The objective (5) can be equivalently converted to a compact representation with the exponential
transformation:

max
θ

K
∏

k=1





J
∏

j=1

exp (−cnum (‖F (Tj (Ik))‖))
∏

pi∈F∪(Ik)

r (Ik) [i]
∏

pi /∈F∪(Ik)

(1− r (Ik) [i])



. (7)

Eq. (7) can achieve maximum only if all cnum(‖F (Tj(Ik))‖) = 0, k = 1, 2, . . . ,K, which is equivalent to
(5). This objective is self-supervised because both repeatability and sparsity are maximized for model-
output point set rather than pre-selected set.

4 Alternate optimization algorithm

In this section, an alternate optimization algorithm is proposed to maximize (7). Two crucial designs
are introduced to solve this non-differentiable formulation. First, the original objective is relaxed to
overcome two obstacles in optimization (Subsection 4.1). Second, the relaxed objective is maximized
by an alternate optimization algorithm in which every iteration contains two steps named as estimation
step and improvement step, respectively (Subsection 4.2). The reasonableness of the relaxation and the
convergence of the optimization are proved in the appendixes. Because the items of every basic image Ik
are conditional independent given θ, in this section the subscript k in (7) is dropped to simplify notations.
Furthermore, r(I)[i] is replaced by r[i] to represent the repeatability of point pi.

4.1 Relaxation of number constraint

Directly optimizing objective (7) faces two obstacles. First, the repeatability and sparsity in (7) are
dependent on different variables (repeatability is dependent on F∪(I) whereas sparsity is dependent on
F (Tj(I))), which makes repeatability and sparsity hard to be handled consistently. Second, the learnable
variable θ is present in the sparsity constraint which is non-differentiable. In this subsection, the original
objective is relaxed to overcome the above two obstacles.

If the original objective is relaxed by making sparsity dependent on F∪(I) rather F (Tj(I)), then the
first obstacle can be overcome, and the relaxed objective is

max
θ

exp (−cnum (‖F∪ (I)‖))
∏

pi∈F∪(I)

r[i]
∏

pi /∈F∪(I)

(1− r[i]). (8)

Eq. (8) is an effective relaxation of (7) because they have the same theoretical optimal solution. To
simplify the explanation, the theoretical optimal solution of (7) is denoted as θ∗. According to the
definition of (7), θ∗ makes the extracted keypoints satisfy the sparsity constraint and the repeatability
of every keypoint equals 1. Then the following proposition holds, and the proof is in Appendix A.

Proposition 1. If the optimal solution of (7) is θ∗, then θ∗ is also the optimal solution of (8).
Under Proposition 1, if the theoretical optimal solution of the original objective (7) is achievable, it

is equivalent to optimize the relaxed objective (8) and the original (7) because their optimal solution is
equal. In this paper, the detector model is implemented as a convolutional neural network whose high
representation ability makes the theoretical optimal solution probably achievable.

Define binary vector f whose i-th element is a binary variable f [i] = I (pi ∈ F∪(I)), and Eq. (8) can
be converted to

max
θ

exp (−cnum (‖f‖))
∏

i

(

r[i]f [i] (1− r[i])
1−f [i]

)

, (9)

where ‖f‖ =
∑

i f [i].
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The relaxed objective (9) has overcome the first obstacle, but the second obstacle is still unsolved
because binary vector f in (9) is dependent on θ and cnum(‖f‖) is non-differentiable. Here one important
insight is that the optimal θ indicated as θopt always exists for the given training set and specific form of
score function g. For basic image I, the keypoint set extracted by θopt is termed as ideal keypoint set,
which can be represented by a binary vector y. Thus, y is dependent on the training set and the form of
g, but independent on current parameter θ.

Following the above analysis, f can be replaced with y, y can be considered as a learnable parameter,
and then objective (9) can be further relaxed as

max
θ,y

exp (−cnum (‖y‖))
∏

i

(

r[i]y[i] (1− r[i])1−y[i]
)

. (10)

4.2 Alternate optimization algorithm

In this subsection, an alternate optimization algorithm is designed to maximize objective (10). This
algorithm is iterative, and every iteration can be divided into two steps which are named as estimation
step and improvement step, respectively. The initial value of parameters is denoted as y0 and θ0, and
after t times iteration the updated parameters are defined as yt and θt. The remainder of this subsection
discusses the details of two steps.

4.2.1 Estimation step

In estimation step of the iteration t, the parameter θt−1 is fixed, and yt−1 will be updated by

yt = argmax
y

exp (−cnum (‖y‖))
∏

i

(

rt−1[i]y[i]
(

1− rt−1[i]
)1−y[i]

)

, (11)

where rt−1[i] is calculated by (4) with the fixed θt−1.
To represent the solution of (11) concisely, the index vector idx[i] is defined to represent the index of

point pi by sorting all the points in basic image I according to their repeatabilities in descending order,
i.e.,

idx[i] =
∑

i′

I (r[i] 6 r[i′]). (12)

So idx[i] ∈ {1, 2, . . . ,MN}, and smaller idx[i] corresponds to higher repeatability.
For (11), the optimal solution of y is

yt [i] =



















1, idx[i] 6 Nmin,

1, Nmin < idx[i] 6 Nmax and rt−1[i] > 0.5,

0, Nmin < idx[i] 6 Nmax and rt−1[i] 6 0.5,

0, idx[i] > Nmax.

(13)

And the proof is discussed in Appendix B.

4.2.2 Improvement step

In improvement step of the iteration t, the parameter yt is fixed which has been obtained in estimation
step, and θt−1 will be updated by

θt = argmax
θ

∏

i

(

r[i]y
t[i] (1− r[i])

1−yt[i]
)

, (14)

where r[i] depends on θ. Note exp (−cnum (‖yt‖)) is dropped in (14) compared with (9) because yt is
calculated by (13) that always satisfies Nmin 6 ‖yt‖ 6 Nmax so that cnum (‖F (Ik)‖) = 0.

With the negative logarithmic transformation, Eq. (14) can be converted to

min
θ

{

L = −
∑

i

(

yt [i] log (r[i]) +
(

1− yt [i]
)

log (1− r[i])
)

}

, (15)
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where L denotes the objective function.

In (15), the variable to be optimized is θ. If d (r[i]) /dθ can be computed effectively, objective (15)
can be optimized by existing algorithms such as gradient descent. Unfortunately, in (4) it is an obstacle
to compute gradient of the logic judgment sj [i] > St. Therefore, a differentiable function r̂ is used
to approximate r in (4). Beyond differentiability, in order to achieve effective approximation, r̂ should
maintain two same properties as r, i.e., value range and monotonicity with respect to s.

In this paper, the function

r̂[i] =
1

J

J
∑

j=1

nms (sj [i]) (16)

is selected as the approximation, which maintains the above two properties.

Replacing r[i] in (15) as r̂[i] makes the objective differentiable. The gradient for θ is

dL

dθ
=
∑

i

1

J

(

yt [i]

r̂t−1[i]
−

1− yt [i]

1− r̂t−1[i]

) J
∑

j

dŝj [i]

dθ
, (17)

where ŝj [i] = nms(sj [i]). So θ can be updated by minimizing (15) with gradient descent.

The alternate optimization algorithm is to perform the estimation step and improvement step iter-
atively. As proved in Appendix C, both the estimation step and improvement step can increase the
value of the objective function, meaning that the local maxima solution is theoretically guaranteed by
performing the iterations enough times. Therefore, the proposed alternate optimization algorithm has a
good convergence property.

4.3 Approximate optimization

Although the proposed alternate optimization algorithm converges in theory, there are two inherent
problems obstructing effective and efficient implementation. First, the estimation step actually divides
all image points into positive and negative samples, and the numbers of positive and negative samples are
very unbalanced, which may make the optimization be trapped in inappropriate local maximum. Second,
in each improvement step the gradient descend optimization itself is a slow iterative process, which leads
to very high time complexity.

To avoid imbalance of positive and negative samples, only some subsets of points are selected to update
θ in the improvement step. Four related subsets are defined as

TP = {pi|y [i] = 1} , (18)

FP = {pi|Nmin 6 idx[i] < Nmax, r[i] 6 0.5} , (19)

HN = {pi|idx[i] ∈ [Nmax + 1, Nmax + nr1‖TP‖]} , (20)

and

RN = Randomly sample nr2‖TPk‖ point from EP-TP-FP-HN. (21)

The variables nr1 in (20) and nr2 in (21) are hyperparameters controlling the ratio between positive and
negative samples.

The training set is PN = TP ∪HN ∪ RN, with which the gradient (17) is modified as

dL

dθ
=
∑

i∈PN

1

J

(

yt [i]

r̂t−1[i]
−

1− yt [i]

1− r̂t−1[i]

) J
∑

j

dŝj [i]

dθ
. (22)

To avoid the slow iterative gradient descend process, in every improvement step only a mini-batch
containing B basic images is used to calculate the gradient, and θ is updated only once by gradient
descend. The implementation with mini-batch speeding up and balance of positive and negative samples
is termed as approximate alternate optimization algorithm, and the pseudocode is listed in Algorithm 1.
In Algorithm 1, “%” represents the modular operation.
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Algorithm 1 Approximate alternate optimization algorithm

Input: Training dataset ID with K images, initial value of network parameters θ0, number range Nmin, Nmax, local radius rad,

score threshold St, mini-batch size B, transformation number J, learning rate α, negative number ratios nr1 and nr2, maximum

iterations T .

Output: θ.

Process:

t = 0;

for t from 1 to T :

k ∈ {(tB + 1)%K, . . . , (t + 1)B%K}, i ∈ {1, 2, . . . ,MN};

Compute r̂t−1
ik

with (16);

Compute yt
k[i] with (13);

Obtain TPk, HNk and RNk with (18), (20) and (21), respectively;

PNk = TPk ∪ HNk ∪ RNk;

Compute dL
dθ with (22);

θt+1 = θt − α
dLt
dθt

;

end for

θ ← θT .

4.4 Implementation details

In this subsection, the architecture and training details of RAP are introduced. In the RAP model,
what needs to learn is the score function g. In this paper, g is implemented with the architecture of
POP detector [15] which is a fully convolutional network. The final activation of g is sigmoid function,
so sj [i] ∈ [0,1] and every score sj [i] for given image can be computed in parallel. The size of every
convolutional layer is 3× 3, and the channels are 32-32-64-64-64-64-64-64-32-32-1, where the 7th and 9th
layers are transposed convolution to maintain the resolution of the score map. More architecture details
can be found in [15].

RAP can be trained with pure image datasets without any labeling of keypoints. In this paper, MS-
COCO 2014 [28] is selected as the training dataset, which is the same as SuperPoint [9] and POP [15].
MS-COCO 2014 comprises of more than 80 thousand images, and every single image is treated as a basic
image. Multiple transformed images can be obtained by simulating the illuminations and viewpoints
changes. This process is the same as the simulations implemented in [15]. The viewpoint simulation is
implemented by the random homographic transformation. The illumination simulation contains image
blur, contrast adjustment, and other types of image augmentations.

Here are the configurations of hyperparameters. In order to stack different images into mini-batches, all
images are resized to 320×240 during training in which no multi-scale training strategy is used. Note in the
testing stage the mini-batch stacking is not necessary, and our fully convolutional architecture supports
testing images with arbitrary sizes. In every iteration, two basic images are randomly transformed ten
times, respectively, so there are twenty images in a mini-batch (i.e., B = 2 and J = 10). This configuration
makes RAP can be trained with an 8-GB GPU, while guaranteeing that every mini-batch contains
different basic images. During training the point number hyperparameters are fixed as Nmin = 100,
Nmax = 300. The score threshold St is fixed as 0.5, which is a conventional configuration for the score
outputted by the sigmoid function. Note the range [Nmin, Nmax] is actually very loose which should be
suitable for almost all images in COCO, and the influence of this parameter will be discussed with the
ablation experiment in Subsection 5.8. The negative number ratios are fixed as nr1 = 0.8, nr2 = 0.5. This
configuration is based on the idea that the positive and negative samples should be roughly balanced.
And the ablation experiment in Subsection 5.8 demonstrates that slightly changing nr1 and nr2 does
not lower the accuracy on high-level metrics. The radius of NMS is fixed as rad = 4 pixels, and the
training of RAP is always stopped after two epochs because the losses of the original RAP model and its
ablation models have been converged at this time point. Furthermore, the FCN model is implemented
with PyTorch and solved by Adam optimizer with default parameters. Specifically, the learning rate
α = 0.001, and the coefficients are used for computing running averages of gradient and its square are
set as β = (0.9, 0.999).

5 Experimental results

Considering the main purpose of keypoint detection is to solve the high-level tasks based on image match-
ing, the experiments are designed to verify the adaptiveness of RAP on homography estimation and cam-
era pose estimation tasks. RAP is also applied to 3D reconstruction. Here “adaptiveness” requires that
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the combinations of RAP and some existing descriptors can adapt to the high-level tasks, namely, achieve
state-of-the-art performances on these tasks. Both low-level and high-level metrics are applied in these
experiments. The high-level metrics directly represent the performance of RAP on high-level tasks, and
the low-level metrics can reflect the characters of RAP and explain its performance on high-level metrics.
Considering the dataset and metrics of 3D reconstruction are relatively independent, the experiments of
homography estimation and camera pose estimation are first introduced from Subsections 5.1–5.8, and
then those of 3D reconstruction are discussed in Subsection 5.9.

5.1 Evaluation datasets and protocol

In the experiments of image pair matching, three datasets are considered.
(1) HPatches dataset [29]. This dataset is divided into two subsets, namely, HPi containing only

illumination changes and HPv having slight illumination changes and more significant viewpoint changes.
(2) Webcam dataset [7]. Webcam contains violent illumination changes but no viewpoint changes. In

this paper, its testing set is used to evaluate different methods.
(3) KITTI dataset [30]. Five subsets stereo 2012, stereo 2015, flow 2012, flow 2015, and visual odometry

(VO) are used in this paper. During the evaluation, the stereo 2012 and 2015 are combined and defined
as Kdisp (the subscript disp indicates disparity), and the flow 2012 and 2015 are defined as Kflow. The
visual odometry subset is defined as KVO. Considering no comparison method is trained on KITTI, the
models are only evaluated on the training set of KITTI because the labels of the testing set are not open.

Two low-level metrics are computed with the accuracy of every keypoint.
Rep, i.e., repeatability metric in [9]. Note its definition is slight different from (4). To avoid

confusion it is denoted as Rep rather than repeatability.
Matching score (M-Score) [9]. The average ratio between correct correspondences that can be

recovered and the total number of keypoints within the shared viewpoint region.
Both Rep and M-Score depend on the error threshold ǫ whose unit is pixel (px). A match is considered

correct if its reprojection error is below the threshold ǫ.
Two high-level metrics represent the performances on homography estimation and camera pose esti-

mation tasks.
Homography estimation error (H-error) and homography accuracy (HA) [9]. It is the ratio

of the image corner points whose homography estimation error (H-error) is smaller than a given threshold
δ. Here H-error indicates the average re-projection error of the four image corners, namely, the left-top,
right-top, left-bottom, right-bottom points of the image. This metric is normally performed on stationary
or planar scenes.

Camera pose estimation error [31]. It is normally divided into translational error and rotational
error which are defined as TE and RE, respectively. The unit of TE is meter (m) and RE is degree/meter
(◦/m). Note TE and RE can be very large when few points are correctly matched, and these outliers
make the means of TE and RE on the entire dataset unstable. So in this paper TE and RE are truncated
into 2 m and 2◦/m, respectively.

In the following, the parameter settings are described for the evaluation stage. Similar to [9], all the
testing images are resized to 640× 480 so that all comparison methods can solve the full testing sets. To
be fair the recommended hyperparameters are used for every method, except the maximum number of
the extracted points is controlled. For every image, no more than 1000 points with the highest confidence
are kept. This maximum number also follows the setting in [9], which is used to avoid unreasonably high
Rep caused by too dense keypoints. NMS radius of RAP is rad = 4 which is the same as the value in
training. Both Nmin and Nmax have no impact on evaluation because keypoints are directly judged by
score threshold St. St = 0.1 is set for all evaluation sets.

5.2 Results on low-level metrics

In this subsection, different methods are evaluated on the low-level metrics Rep and M-Score. Even
though the two metrics are not directly indicative of the performance of high-level tasks, they can reveal
the characters of RAP, which is helpful to explain its performance on high-level metrics.

The comparison methods are ORB [32], the combination of ORB [32] detector and SuperPoint [9]
descriptor, SIFT [1], LF-Net [11], the combination of HesAffNet (HAN) and HardNet [22], D2-Net [19],
the combination of Key.Net and HardNet [10], SuperPoint [9], R2D2 [12], POP [15]. The proposed
RAP detector is combined with SuperPoint and HardNet descriptors, named RAP+SuperPoint and
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Figure 2 (Color online) The Rep results of different methods. The results of the proposed RAP are drawn as red. To improve

the readability, the relative Rep curves take the Rep of RAP as the baseline and show the difference between every method and

the baseline. So the relative Rep of RAP is always equal to 0.
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Figure 3 (Color online) The matching score results of different methods. The results of the proposed RAP are drawn as red and

blue lines. To improve the readability, the relative M-Score curves take the M-Score of RAP+HardNet as the baseline and show

the difference between every method and the baseline. So the relative M-Score of RAP+HardNet is always equal to 0. For Kdisp

and Kflow, the M-Scores of RAP+SuperPoint and RAP+HardNet are very similar, which can only be distinguished by the curves

of relative M-Score.

RAP+HardNet, respectively. Here SuperPoint and HardNet are selected because the two descriptors are
not optimized for specific detectors.

Both Rep andM-Score are available on HPi, HPv, Webcam,Kdisp andKflow. Note for the computations
of Kdisp and Kflow, only regions with known disparity or flow are considered. To obtain the overall
distribution of the performance, the metrics are computed for different ǫ and the curves are shown in
Figures 2 and 3. Considering the original curves of the Rep and M-Score are very close for some methods
(as shown at the top of Figures 2 and 3), the relative Rep and M-Score are also given at the bottom
of Figures 2 and 3. The relative Rep/M-Score curves take the Rep/M-Score of RAP+HardNet as the
baseline and show the difference between every method and the baseline. So the relative Rep and M-Score
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Rep:0.49, M-Score:0.29, H-error:3.69 Rep:0.38, M-Score:0.22, H-error:2.54 Rep:0.39, M-Score:0.21, H-error:3.49 Rep:0.38, M-Score:0.27, H-error:2.55

Rep:0.58, M-Score:0.22, H-error:12.42 Rep:0.57, M-Score:0.22, H-error:6.78 Rep:0.54, M-Score:0.23, H-error:6.53 Rep:0.57, M-Score:0.30, H-error:2.92

Rep:0.32, M-Score:0.14, H-error:42.03 Rep:0.46, M-Score:0.30, H-error:10.76 Rep:0.07, M-Score:0.05, H-error:21.91 Rep:0.46, M-Score:0.26, H-error:13.51

Figure 4 (Color online) The visualization for the results of keypoint matching. All extracted interest points are shown in blue

dots and matched points after the RANSAC process are shown in green lines and red dots. All images are processed in 640 × 480

resolution with ǫ = 3 and δ = 3. As introduced in Subsection 5.1, higher Rep and M-score are better, while lower H-error is better.

Compared with the baseline models, there are more keypoints kept for RAP+SuperPoint and RAP+HardNet after the RANSAC

process, and the spatial distributions of these points are generally more uniform.

of RAP+HardNet are always equal to 0.00. Similar configurations are also applied in Subsection 5.4. To
improve the readability, the y-axis ranges of the relative Rep and M-Score are set as [−0.10, 0.15] and
[−0.10, 0.10], respectively.

The results in Figures 2 and 3 demonstrate the facts as below.
(1) RAP obtains the highest or relatively high Rep for strict error threshold ǫ = 1.
(2) The M-Score of RAP+HardNet is overall highest for the strict error threshold ǫ = 1, and is lower

or similar to other state-of-the-art methods for ǫ > 2.
(3) ORB obtains high Rep and low M-Score, and ORB+SuperPoint obtains higher M-Score compared

with the original ORB.
For fact (1), RAP achieves high Rep for strict error threshold because of the definition of the re-

peatability measure. In the objective (5), the repeatability measure is defined in a relatively strict way.
Namely, only the points re-projected to the same pixel can contribute to the repeatability. This definition
makes the Rep of RAP high on ǫ = 1. RAP does not try the best to achieve the highest Rep because its
objective is a balance between repeatability and sparsity.

Fact (2) reveals an important characteristic that RAP provides more accurate point-to-point correspon-
dences. The M-Scores of RAP-based models (e.g., RAP+SuperPoint and RAP+HardNet) are normally
higher than those of the baseline models (e.g., SuperPoint, HAN+HardNet and Key.Net+HardNet).
Therefore, the improvement of M-Score should benefit from the high Rep of RAP on strict ǫ. Intuitively,
the correspondences with higher accuracy should give more contributions to high-level tasks, and the
low-accuracy correspondences may reduce the contribution. So this characteristic of RAP can explain its
superiority on high-level tasks, which is detailed in Subsection 5.3.

For fact (3), the reason why the ORB detector obtains high Rep is that the keypoints tend to form local
clusters that bias to the Rep metric. This kind of pattern is also discussed in SuperPoint [9]. The cluster
pattern of ORB points brings negative impacts on the performances of ORB and ORB+SuperPoint on
high-level tasks, which is discussed in Subsection 5.4.

5.3 The uniformity of spatial distribution

Besides providing accurate point-to-point correspondences, another motivation of RAP is to make key-
points have a uniform spatial distribution. In this subsection, the spatial distribution of RAP points and
their impacts are discussed.

Several specific matching results are first visualized to show the characteristics of RAP. The visual-
ization results are shown in Figure 4. To explore the impacts on high-level matching tasks, the metric
homography estimation error (H-error) is also shown in Figure 4. Compared with the baseline Super-
Point/HAN+HardNet, RAP+SuperPoint/RAP+HardNet normally obtains better H-error. According to
Figure 4, there are more keypoints kept for RAP+SuperPoint/RAP+HardNet after the random sample
consensus (RANSAC) process [33]. This indicates that RAP can provide more accurate point-to-point



Yan P, et al. Sci China Inf Sci November 2022 Vol. 65 212103:14

Table 1 The spatial uniformity ratio of different methods

HPi HPv Webcam

ORB+SuperPoint [9, 32] 0.350 0.256 0.309

SIFT [1] 0.429 0.364 0.346

R2D2 [12] 0.597 0.403 0.501

SuperPoint [22] 0.623 0.443 0.507

RAP+SuperPoint 0.597 0.425 0.525

HAN+HardNet [22] 0.487 0.370 0.427

RAP+HardNet 0.604 0.429 0.530

correspondences, which can be kept after the RANSAC process and therefore contribute to the homogra-
phy estimation. This is consistent with the superiority of RAP on M-Score with ǫ = 1. Furthermore, the
spatial distribution of RAP is more uniform compared with the HAN detector, which should also benefit
the homography estimation.

Then the spatial distribution uniformity is quantitatively evaluated for the extracted points. Here a
metric named spatial uniformity ratio is defined which is a compact quantitative metric based on the
spatial distribution frequency histogram. Image I is first divided into m × m grids. The number of
keypoints in every grid is counted, and therefore the frequency histogram with m2 bins is obtained.
Note only the keypoints kept after the RANSAC process contribute to the frequency histogram. Use
numlarge to indicate the number of bins whose frequency is larger than given threshold Nthre, and Nthre =
0.5 · ‖F (I)‖/(m2) in this paper. Then spatial uniformity ratio is defined as numlarge/(m

2). Therefore,
larger spatial uniformity ratio means the distribution of keypoints is more uniform. The main results of
spatial uniformity ratio are in Table 1.

In the above experiments, the spatial distribution of RAP keypoints is generally more uniform than
those of the typical hand-crafted and learning-based methods. This uniform spatial distribution should
benefit from the sparsity constraint. With the NMS operation, different keypoints typically have enough
distance to each other to avoid local clusters. With the number constraint, RAP tries to extract enough
keypoints scattering on the image. This kind of spatial distribution generally provides more point-to-point
correspondences in different areas, which leads to a more accurate estimation of the global homography
parameters, and therefore improves the performance on H-error.

RAP+SuperPoint does not improve the uniformity compared with SuperPoint. The high uniformity
of SuperPoint should benefit from its pre-training on the synthetic shapes dataset, in which the ge-
ometry vertexes normally have an appropriate distance to each other. However, RAP+SuperPoint can
provide more accurate point-to-point correspondences according to the experiments in Figure 3 which
explains why RAP+SuperPoint obtains better H-error. Furthermore, the spatial uniformity ratio of
ORB+SuperPoint is low. Even though it obtains a high M-Score (Figure 3), its performance on high-
level metrics is poor which will be demonstrated in Subsection 5.4. This phenomenon also verifies the
importance of the uniform spatial distribution of keypoints.

5.4 Results on high-level metrics

According to the results in Subsection 5.3, RAP has superiority on H-error metric, which may benefit
from more accurate point-to-point correspondences and the uniform spatial distribution of keypoints.
In this subsection, RAP is further evaluated on different datasets with high-level metrics HA, TE and
RE. HA is available on HPi, HPv and Webcam datasets, and TE and RE are available on KVO. In
the computations of TE and RE, the image sequences of KVO are first downsampled with five-frame
interval, and then every two consecutive images are grouped as an image pair, which makes the camera
displacement in each image pair is large enough (the mean is 4.78 m) to ensure significant appearance
difference between the two images.

In the calculations, the RANSAC process is repeated ten times, and the means and standard deviations
(Std) are obtained. Only the means of HA are shown in Figure 5 to ensure readability, and both the
means and Stds of TE and RE are recorded in Table 2. For the Std of HA, some representative results on
δ = 3 are shown as examples, which are shown in Table 3. Overall, the Stds of our RAP+SuperPoint and
RAP+HardNet are comparable to the state-of-the-art Key.Net+HardNet, SIFT and SuperPoint, which
verify the relative stability of performance of RAP.

The HA, TE and RE results in Table 2 and Figure 5 indicate the following facts.
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Figure 5 (Color online) The homography accuracy (HA) of different methods. The results of the proposed RAP are drawn as

red and blue lines. To improve the readability, the relative HA curves take the HA of RAP+HardNet as the baseline and show the

difference between every method and the baseline. So the relative HA of RAP+HardNet is always equal to 0.

Table 2 Relative pose estimation error of different methodsa)

TE ↓ RE ↓

ORB [32] 0.502±0.272 0.686±0.309

ORB+SuperPoint [9, 32] 0.253±0.138 0.424±0.207

SIFT [1] 0.289±0.171 0.437±0.221

LF-Net [11] 0.424±0.258 0.566±0.282

HAN+HardNet [22] 0.119±0.057 0.243±0.107

D2-Net [19] 0.274±0.143 0.499±0.209

Key.Net+HardNet [10] 0.239±0.151 0.382±0.192

SuperPoint [9] 0.114±0.053 0.227±0.090

R2D2 [12] 0.112±0.046 0.231±0.091

POP [15] 0.113±0.060 0.221±0.099

RAP+SuperPoint 0.106±0.058 0.221±0.098

RAP+HardNet 0.124±0.061 0.225±0.099

a) The underlined results have no significant differences.

Table 3 The standard deviation of homography accuracy for δ = 3

HPi HPv Webcam

SIFT [1] 0.050 0.091 0.113

SuperPoint [9] 0.053 0.121 0.218

Key+HardNet [10] 0.029 0.129 0.094

RAP+SuperPoint 0.032 0.116 0.123

RAP+HardNet 0.024 0.113 0.116

(1) On HA metric, RAP achieves the state-of-the-art accuracy. Specifically, RAP+HardNet obtains
best HA in almost all situations except that it is inferior to SIFT on HPv. Note it is significantly superior
to SIFT on HPi and Webcam. RAP+SuperPoint is also competitive in all situations.

(2) SIFT obtains the highest HA on HPv for δ 6 2.
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Table 4 The homography accuracy on δ = 3 with the PROSAC process

HPi HPv Webcam

SIFT [1] 0.751 0.508 0.423

SuperPoint [9] 0.899 0.480 0.598

Key.Net+HardNet [10] 0.884 0.399 0.652

R2D2 [12] 0.886 0.443 0.634

POP [15] 0.917 0.524 0.696

RAP+SuperPoint 0.916 0.504 0.657

RAP+HardNet 0.929 0.527 0.746

(3) On TE and RE metrics, RAP+SuperPoint and RAP+HardNet achieve similar performances com-
pared with the state-of-the-art methods. Considering the high variances, there are no significant differ-
ences between the six underlined methods in Table 2.

(4) ORB+SuperPoint is relatively poor on the HA, TE and RE metrics.

Fact (1) demonstrates that the proposed RAP has superiority on the homography estimation task.
This superiority should benefit from more accurate point-to-point correspondences. As shown in Subsec-
tion 5.2, RAP achieves a high M-Score on strict ǫ. This performance indicates that it can provide more
matched points with high accuracy, which is crucial to estimate the overall transformations like homogra-
phy matrices. The similar conclusion is also found according to fact (2), in which SIFT obtains high HA
on HPv benefiting from its high M-Score on sub-pixel precision. Specifically, when the error threshold
of M-Score is set as ǫ = 0.5, SIFT’s M-Score on HPv is 0.131, which is higher than RAP+SuperPoint
(0.103) and RAP+HardNet (0.105). SIFT’s high M-Score on sub-pixel precision may be induced from
its sub-pixel interpolation process [1]. When the coordinates of SIFT points are rounded as integer, its
HA on HPv for δ = 1 drops to 0.228 from 0.304, which is slightly poor than RAP+SuperPoint (0.232)
and RAP+HardNet (0.231). The above analyses demonstrate that high M-Score on strict ǫ is the key to
achieving superior HA, which can explain RAP’s superiority on HA metric.

Fact (3) demonstrates that RAP achieves state-of-the-art performance on TE and RE metrics, but
it does not significantly outperform HAN+HardNet, SuperPoint, R2D2 and POP. The reason may be
that the consistency constraint in pose estimation (epipolar constraint) is much looser than that in
homography estimation (point-level constraint), which makes the RANSAC process of pose estimation
is not as effective as that in homography estimation. Therefore, more mismatches may be kept after the
RANSAC process in pose estimation, which weakens the advantages of RAP that provides more accurate
correspondences. This problem can be mitigated if more constraints can be brought into the estimation
process. For example, in Subsection 5.9, the additional constraints of multi-view stereo are applied in 3D
reconstruction, in which the superiority of RAP is more significant.

Fact (4) further verifies that spatial distribution uniformity is a crucial factor determining the high-level
metrics. Note that the combination ORB+SuperPoint obtains competitive M-Score but poor HA, TE
and RE. The reason may be that the spatial distribution uniformity of ORB points is low. As analyzed
in [9], ORB points tend to form local clusters, which can hardly represent the entire transformation
between two images. Different from ORB, RAP obtains a competitive M-Score with a uniform spatial
distribution. Therefore, RAP+SuperPoint can provide accurate point-to-point correspondences in more
image areas, benefiting the estimation of homography and pose parameters.

Another probable factor influencing the high-level metrics is the RANSAC process. Considering the
indeterministic RANSAC process may bias our RAP, it is important to verify the stability of RAP
for different random sample approaches. RANSAC is replaced with the progressive sample consensus
(PROSAC) [34] which is another widely used approach to obtain robust matching. With this configura-
tion, RAP still achieves consistent superiorities on high-level metrics. Take HA on δ = 3 as an example,
the main results with PROSAC are shown in Table 4. This indicates that the superiorities of RAP are
consistent with two popular random sample processes. So the probable bias of RANSAC should not be
the main reason for RAP’s high HA.

Overall, the combinations of RAP and some existing descriptors achieve state-of-the-art performances
on high-level metrics, which verifies the adaptiveness of RAP on high-level tasks. Furthermore, the high
M-Score on strict ǫ and the uniform spatial distribution can explain the superiority of RAP.
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Table 5 The P-value of the T-test for the metrics homography accuracy and pose estimation error

HA Pose error

HPi HPv Webcam TE RE

RAP+SuperPoint vs. SuperPoint 0.076 0.138 0.387 0.473 0.751

RAP+SuperPoint vs. POP 0.622 0.431 0.017 0.546 >0.999

RAP+HardNet vs. HAN+HardNet <0.001 0.047 <0.001 0.673 0.385

RAP+HardNet vs. Key.Net+HardNet 0.001 <0.001 0.022 <0.001 <0.001

RAP+HardNet vs. POP 0.343 0.864 0.519 0.370 0.840

5.5 Statistical tests for the results on high-level metrics

As shown in Tables 2 and 3, the standard deviations of some HA and pose estimation results are relatively
high. Therefore, some statistical tests are required to demonstrate whether the results of RAP and the
existing models have significant differences. Here the low-level metric is not considered because the
computations of low-level metrics do not involve the RANSAC process and therefore their standard
deviations are equal to zero. Considering the standard deviations of different methods are normally
different, Welch’s T-test that does not rely on the equal-variance assumption is performed. To ensure
stability, the evaluation process is repeated 50 times for every method to obtain the T-test results.

The purpose of T-test is to judge whether the means of two Gaussian distributions are equal. The
indicative result of T-test is P-value which represents how likely the two means have no difference. In
another word, a small P-value indicates that the means of two Gaussian distributions have a significant
difference. In general, one can assume that the result of a method on a metric follows the Gaussian
distribution. Therefore, T-test can be performed for the results of two methods on a metric, and P-
value can be used to evaluate how likely their accuracy has a significant difference. The smaller P-value
indicates that the difference is more significant. The value 0.1 is a popular threshold of P-value, namely,
the P-value smaller than 0.1 indicates that the accuracy of the two methods has a significant difference.

The P-value results of T-test for different pairs of methods are recorded in Table 5. The number
marked in bold represents that the P-value is lower than 0.1 and the accuracy of the RAP model is better
than the comparison model according to the results in Figure 5 and Table 2. The number with the box
represents that the P-value is lower than 0.1 and the accuracy of the RAP model is poorer than the
comparison model.

According to the T-test results, RAP+Superpoint significantly outperforms SuperPoint on the HA
of HPi, while obtaining similar accuracy on the other metrics. RAP+HardNet has more significant
superiorities compared with HAN+HardNet and Key.Net+HardNet. Therefore, the combination of RAP
and SuperPoint/HardNet descriptor is significantly superior to the baseline model. Compared with the
state-of-the-art POP model, RAP+Superpoint and RAP+HardNet obtain similar accuracy on almost
all the situations, which further verifies the effectiveness of the combinations of RAP and the existing
descriptors.

5.6 Convergence speed

As a modular learning method, the proposed RAP should converge faster on new scenes compared with
the joint learning methods. To verify this, the convergence speeds of POP [15] and RAP are compared
on HPatches dataset [29]. Here POP is selected as the comparison method because it is one of the
state-of-the-art methods and the architecture of POP detector is identical to RAP, which makes the
comparison representative and equitable. The experimental results are shown in Figure 6. The training
and evaluation are performed on every HPatches sequence separately, and the curves in Figure 6 are the
statistics of the evaluation results. This process consists of four steps.

(1) Initialization. Use q, q = 1, 2, . . . , Q to index the sequences in HPatches dataset. Here Q = 57 for
HPi subset and Q = 59 for HPv. Every sequence contains six images. For any qth sequence, both RAP
and POP models are initialized randomly at the start of training.

(2) Training. Train the RAP and POP models on the qth HPatches sequence. Note the training use
no label because both the two methods are self-supervised.

(3) Evaluation. During training, a number of time points are sampled uniformly. The models’ M-Score
and HA on the qth sequence are evaluated at these time points. Because RAP is a modular detector, it
is combined with HardNet descriptor [22] when computing the M-Score and HA metrics.
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Figure 6 (Color online) The convergence speeds of the proposed RAP and the comparison method POP [15]. Here M-Score and

HA are computed on ǫ = 3 and δ = 3, respectively. Overall, RAP can converge on an HPatches sequence [29] with about 20 s,

while POP needs about 300 s to obtain a competitive accuracy. The training is performed with a GeForce GTX 1080 GPU.

Table 6 Inference time of different methods (ms)

ORB SIFT LF-Net HAN D2-Net Key.Net SuperPoint R2D2 POP RAP (ours)

Time 9 17 79 98 160 128 12 282 28 28

(4) After the training and evaluations on all sequences, the M-Score and HA of all sequences are
averaged at every time point. Then the curves of M-Score and HA are constructed along the time axis,
as shown in Figure 6.

The results in Figure 6 demonstrate that RAP converges much faster on new scenes compared with the
joint learning methods (about 10× faster). The main reasons are that RAP only optimizes the detector
while POP needs to optimize both the detector and descriptor, and the optimization algorithm of RAP
is also simpler compared with that of POP.

5.7 Inference time

The runtimes of different methods are measured with an i7-7700K CPU and a GeForce GTX 1080 GPU.
Here only the time consumption of detection is concerned. But for D2-Net, SuperPoint and R2D2, the
computations shared by detection and description are inevitable to be counted in. All runtimes are
measured for resolution 640× 480, which is recorded in Table 6. Our RAP achieves 35 fps.

The time complexity of RAP inference is analyzed as below. As discussed in the existing work [35],

the time complexity of a CNN with d layers is O(
∑d

l=1 nl−1 · ker
2
l · nl · wl · hl). Here l is the index of

a convolutional layer, and d is the number of convolutional layers. nl is the number of filters in the
l-th layer. nl−1 is also known as the number of input channels of the l-th layer. kerl is the spatial
size of the filter. wl and hl are the spatial width and height of the output feature map. Following the
discussion in [35], the max-pooling layers can be ignored because their time complexity is the same or
lower compared with that of the convolutional layers. Therefore, RAP can be considered as an 11-layers
CNN, namely d = 11. As introduced in Subsection 4.4, kerl = 3 and nl 6 64 for any l = 1, 2, . . . , d.
Overall, the time complexity of RAP is

O

(

d
∑

l=1

nl−1 · ker
2
l · nl · wl · hl

)

= O

(

11
∑

l=1

nl−1 · 3
2 · nl · wl · hl

)

6 O

(

11
∑

l=1

64 · 32 · 64 · wl · hl

)

6 O

(

11
∑

l=1

64 · 32 · 64 · w1 · h1

)

⇒ O (w1 · h1) ,

(23)

where w1 and h1 are equal to the width M and height N of the input image. Therefore, the time
complexity of RAP is O(M · N), meaning that its time consumption is proportional to the area of the
input image.
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5.8 Ablation experiments

The results of different ablation models are shown in Table 7. First, the impacts of several hyperparam-
eters are discussed, namely the NMS radius rad, the range of point number in training [Nmin, Nmax] and
the negative number ratios nr1, nr2. Second, several ablation models of the image transformations are
performed to demonstrate the influences of different image transformations. Finally, some other ablation
models are constructed to give a deeper analysis of RAP. All the above variants are combined with the
SuperPoint descriptor, and the notation “+SuperPoint” is ignored in Table 7 to simplify expressions. All
results are evaluated with ǫ = 1 and δ = 1.

NMS radius. In the first part of Table 7, RAP-rad2 and RAP-rad8 make NMS radius rad = 2 and
rad = 8, respectively. Note the original RAP sets rad = 4 as introduced in Subsection 4.4. The results
indicate that different NMS radii influence RAP on low-level metrics like Rep and M-Score, but the effect
is slight on high-level metrics such as HA, TE and RE. The reason may be that the high-level metrics
are less sensitive to the number of point-to-point correspondences once the number is enough to estimate
the transformation parameters reliably. Specifically, too small or large NMS radii generally lower the
number of correctly matched points according to the results on Rep and M-Score. However, most of the
correspondences are kept so that the homography and pose parameters can still be estimated reliably.
Furthermore, larger NMS rad generally leads to higher spatial uniformity ratios. For example, the ratios
of RAP-rad2 and RAP-rad8 are 0.61 and 0.67 respectively on HPi, and are 0.43 and 0.46 on HPv. The
reason should be that larger NMS rad results in longer distances among different keypoints, and then
keypoints tend to scatter on the image more uniformly.

Number constraint and negative number ratios. In the second part of Table 7, RAP-num-[50,
600] sets Nmin = 50 and Nmax = 600, which is looser than the setting of the original RAP, namely
Nmin = 100 and Nmax = 300. RAP-num-[10,+∞] applies a much looser range by setting Nmin = 10
and Nmax = +∞. RAP-num-[0, +∞] fully removes the number constraint from the objective. RAP-
num-[0, +∞] extracts no keypoint and therefore the metrics cannot be calculated (recording as “×” in
Table 7). The reason is that outputting no keypoint is the optimal solution of RAP-num-[0, +∞] without
the constraint of keypoint number. RAP outperforms RAP-num-[10, +∞] on almost all metrics, which
further verifies the importance of the sparsity constraint. The performance of RAP-num-[50, 600] is close
to that of RAP, which demonstrates that the range of point number [Nmin, Nmax] can be very loose. With
the loose configuration of the keypoint number, RAP is flexible to be trained on the large-scale dataset
containing different scenes.

In another aspect, RAP-nr-1.0-1.0 sets nr1 = 1.0, nr2 = 1.0. Compared with the original RAP with
nr1 = 0.8 and nr2 = 0.5, RAP-nr-1.0-1.0 keeps more negative samples during training. The performance
of RAP-nr-1.0-1.0 is similar to that of RAP, especially on the high-level metrics. The reason should be
that the setting of nr1 = 1.0 and nr2 = 1.0 can also roughly balance the positive and negative samples.
Overall, the performance of RAP is relatively robust for the range of point number [Nmin, Nmax] and the
negative number ratios nr1 and nr2.

Image transformations. In the third part of Table 7, different kinds of image transformations
are removed from the training process to investigate their contributions. Compared with the original
RAP, RAP-w/o-noise does not perform Gaussian/Poisson noises and average/median blurs. RAP-w/o-
contrast does not perform contrast normalization. RAP-w/o-invert does not randomly invert training
images. RAP-small-Homo performs slighter homographic transformation, whose scale range is [0.75, 1.25]
and rotation range is [−20◦, 20◦]. Note the scale and rotation ranges of RAP are [0.5, 1.5] and [−90◦, 90◦],
respectively. RAP-only-i only performs the illumination transformations, while RAP-only-v only performs
the homographic transformations.

According to the results of RAP-w/o-noise, RAP-w/o-contrast, RAP-w/o-invert and RAP-only-v,
removing one or more kinds of illumination transformations decreases the accuracy on HPi and HPv, but
its impact on KITTI TE and RE is much slighter. The reason should be that both the HPi and HPv

containing illumination changes (the illumination changes in HPi are significant and those in HPv are
slighter), which cannot be handled without illumination transformations in training. The illumination
changes between the nearby frames in KITTI sequences are negligible, which makes the illumination
transformations unnecessary in training.

In another aspect, removing the viewpoint transformation or limiting it in a small range decreases
the accuracy on HPv and KITTI TE and RE, but increases the accuracy on HPi. This conclusion
can be derived from the results of RAP-small-Homo and RAP-only-i. The degeneration on HPv and



Yan P, et al. Sci China Inf Sci November 2022 Vol. 65 212103:20

Table 7 Results of ablation models

Rep M-Score HA Pose error

HPi HPv HPi HPv HPi HPv TE (m) ↓ RE (◦/m) ↓

RAP-rad2 0.40 0.25 0.25 0.21 0.68 0.17 0.11 0.21

RAP-rad8 0.37 0.27 0.23 0.24 0.69 0.22 0.12 0.24

RAP 0.41 0.31 0.27 0.27 0.69 0.23 0.11 0.22

RAP-num-[0, +∞] × × × × × × × ×

RAP-num-[10, +∞] 0.37 0.24 0.22 0.21 0.64 0.20 0.11 0.22

RAP-num-[50, 600] 0.40 0.28 0.25 0.24 0.69 0.22 0.12 0.23

RAP-nr-1.0-1.0 0.38 0.28 0.24 0.24 0.70 0.23 0.12 0.23

RAP 0.41 0.31 0.27 0.27 0.69 0.23 0.11 0.22

RAP-w/o-noise 0.37 0.26 0.24 0.23 0.70 0.22 0.11 0.22

RAP-w/o-contrast 0.40 0.28 0.25 0.24 0.69 0.21 0.11 0.23

RAP-w/o-invert 0.41 0.26 0.24 0.22 0.69 0.20 0.12 0.23

RAP-small-Homo 0.42 0.25 0.27 0.22 0.71 0.17 0.11 0.22

RAP-only-i 0.50 0.01 0.37 0.01 0.81 0.00 0.93 0.33

RAP-only-v 0.37 0.23 0.23 0.20 0.60 0.18 0.12 0.24

RAP 0.41 0.31 0.27 0.27 0.69 0.23 0.11 0.22

RAP-self 0.41 0.31 0.21 0.07 0.74 0.15 1.22 1.34

RAP 0.41 0.31 0.27 0.27 0.69 0.23 0.11 0.22

RAP-f 0.43 0.32 0.28 0.28 0.70 0.21 0.10 0.21

KITTI is understandable because the viewpoint changes cannot be adapted without the homographic
transformations in training. The superiority of RAP-small-Homo and RAP-only-i on HPi may be induced
by lowering the difficulty of model learning. Specifically, learning RAP to adapt to both illumination
and viewpoint changes is more difficult than learning RAP-only-i to suit only illumination changes.
However, ignoring the viewpoint transformations in training is not practical for image matching tasks
which normally involve some levels of viewpoint changes.

Overall, the image transformations used in the training do contribute to the performance of RAP.
Removing one or more of them normally decreases the matching accuracy. This kind of degeneration will
be especially significant when the illumination or viewpoint transformations are fully discarded.

Finetune and extra supervisions. In the fourth part of Table 7, two ablation models are constructed
to give a deeper analysis of RAP. RAP-self uses the last 64-channel feature map of score function g as
the descriptor which makes RAP itself can finish matching tasks. RAP-f further finetunes the original
RAP on the testing dataset before evaluation. Note the RAP-f is still fully self-supervised because no
point-to-point correspondence labels are used. The performance of RAP-self indicates that the features
extracted from the RAP model itself are not good descriptions. The reason may be that its objective
is not related to the discriminability of features. Thus, the reason for its good performance on HPi is
possible that it is biased to the dataset without viewpoint change. RAP-f outperforms RAP on most
of the datasets. Note that RAP-f directly optimizes the repeatability and sparsity characteristics on
the HPatches and KITTI datasets, mitigating the differences between the training and testing datasets.
Therefore, it is easier for RAP-f to achieve higher matching accuracy on the testing datasets. Overall,
the self-supervised finetuning approach is an effective way to adapt RAP to specific scenes.

Considering the improvements of RAP-f, bringing extra point-to-point correspondence labels into the
training process should benefit the performance of RAP. The experiments are designed as below. First,
Kdisp and Kflow are combined and the obtained set is defined as the Disp-Flow-set. Then three variants
RAP-DF, RAP-Homo and RAP-HomoDF are trained with 75% samples of Disp-Flow-set from scratch.
Finally, the obtained three variants are evaluated on the rest 25% samples. The differences between the
three variants are their viewpoint simulation. Whereas RAP-Homo is the original RAP which performs
random homographic transformation to simulate viewpoint change, RAP-DF directly uses training im-
age pairs and their disparity and optical flow label to recover viewpoint change. RAP-HomoDF uses
homographic simulation, disparity and optical flow labels. The results are shown in Table 8.

RAP-DF has low generalization because the training set in this experiment is too small (about 300
image pairs). RAP-Homo obtains reasonable performance because the homographic simulation is complex
enough to learn meaningful viewpoint invariance. Furthermore, RAP-HomoDF outperforms RAP-Homo
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Table 8 Results of the ablation models with or without the disparity/optical-flow information

Rep M-Score

Kdisp Kflow Kdisp Kflow

RAP-DF 0.000 0.020 0.000 0.028

RAP-Homo 0.399 0.375 0.398 0.390

RAP-HomoDF 0.403 0.393 0.404 0.406

Table 9 3D reconstruction results of different methods

Dataset Method #Reg. images Track length Reproj. error (px) ↓ #Dense points

D2-Net [19] 501 6.33 1.28 1.46 M

R2D2 [12] 344 7.60 1.19 0.17 M

Madrid SuperPoint [9] 518 7.75 1.11 1.76 M

Metropolis HAN+HardNet [22] 520 8.20 0.89 1.74 M

1344 images POP [15] 554 8.86 0.84 1.91 M

RAP+SuperPoint 478 7.92 1.02 1.67 M

RAP+HardNet 434 9.06 0.84 1.56 M

D2-Net [19] 1053 5.08 1.19 3.49 M

R2D2 [12] 917 8.15 1.15 3.63 M

Gendarmen- SuperPoint [9] 963 6.84 1.16 3.90 M

markt HAN+HardNet [22] 1028 7.01 0.96 4.33 M

1463 images POP [15] 993 8.15 0.91 4.08 M

RAP+SuperPoint 980 6.89 1.08 3.87 M

RAP+HardNet 999 7.80 0.88 4.13 M

D2-Net [19] 785 5.32 1.24 2.73 M

R2D2 [12] 652 11.05 1.27 0.96 M

Tower of SuperPoint [9] 730 8.42 1.12 2.79 M

London HAN+HardNet [22] 789 8.02 0.85 2.96 M

1576 images POP [15] 727 10.27 0.82 2.95 M

RAP+SuperPoint 708 8.96 1.07 2.66 M

RAP+HardNet 700 10.84 0.82 2.75 M

because RAP-HomoDF encounters more complex and realistic viewpoint changes during training.
Overall, both the repeatability measure and sparsity constraint are crucial to ensure the performance

of RAP, and self-supervised finetuning is an effective way to further adapt RAP to target scenes. It is
also important to make the training dataset cover more realistic transformations.

5.9 Application to three-dimensional reconstruction

In this subsection, 3D reconstruction is used to evaluate RAP since it is an important task in computer
vision containing both non-planar and wide-baseline situations. The ETH benchmark [36] is adopted to
evaluate the performance. The widely used evaluation implementation1) is conducted, which is based on
the COLMAP system [13]. In this process all testing images are maintained in their original resolutions,
and no limitations of the maximum number of keypoints are applied.

The metrics are Registered Images (Reg. Images), Track Length, Reprojection Error (Reproj. Error)
and Dense Points [36]. Reg. Images are the number of images that take part in the SfM modeling.
Track Length is the number of verified image observations per point in the SfM model. Then Reproj.
Error reflects the accuracy of the reconstruction, and Dense Points measure the completeness of the
reconstruction. As introduced in [36], Reproj. Error and Dense Points are two key metrics that directly
evaluate the accuracy and completeness of the obtained 3D model, and Reg. Images and Track Length
can reflect more details of the reconstruction process.

Every method is repeated three times, and the means and standard deviations (Std) of all metrics are
recorded. The means of all metrics are shown in Table 9, and the Std results are summarized below.
The Stds of the above metrics are relatively low once the entire reconstruction processes are finished
successfully. For example, for Reg. Images, Track Length, Reproj. Error and Dense Points on Madrid

1) https://github.com/ahojnnes/local-feature-evaluation.
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Metropolis, the Stds of R2D2 are 13.2, 0.46, 0.02, 0.03 M, and that of RAP+HardNet are 10.6, 0.39,
0.01, 0.12 M. Results in Table 9 demonstrate the following facts.

(1) RAP+HardNet outperforms five existing methods on Reproj. Error. RAP+SuperPoint also obtains
better Reproj. Error compared with SuperPoint.

(2) The Dense Points of RAP+SuperPoint/HardNet are slightly poorer than SuperPoint, HAN+
HardNet and POP, but normally better than D2-Net and R2D2.

(3) Compared with SuperPoint, HAN+HardNet and POP, the Track Length of RAP+SuperPoint/
HardNet are generally higher, and the Reg. Images are generally lower.

Facts (1) and (2) demonstrate that RAP improves the accuracy of the 3D reconstruction results while
maintaining reasonable completeness. Fact (3) gives more details on how RAP obtains the superiority.
Generally, higher track length provides more repeated observations to reduce the Reproj. Error, and
lower Reg. Images indicate that fewer images contribute to the reconstruction, which may influence the
density of the 3D model.

The above results can be explained by RAP’s actual values on low-level metrics. The M-Score of
RAP+SuperPoint/HardNet is high on strict ǫ, so keypoints are more likely to be accurately matched
across different images, which benefits Track Length and Reproj. Error metrics. But its M-Score is
relatively low when ǫ > 2, so the entire matched points are fewer, which lower Reg. Images metric. Note
the Dense Point of RAP+SuperPoint/HardNet is not decreased significantly. The reason may be that the
accurately matched points contribute more to Dense Point while that with low accuracy is more likely to
be filtered out.

According to the above results, RAP+SuperPoint/HardNet should be the preferred method when the
accuracy of the 3D model is more important. This further verifies the adaptiveness of RAP on high-level
tasks based on image matching.

5.10 Discussion

The effectiveness of RAP has been verified with the above experiments. In this subsection, the analyses
are given for how the objective and the optimization algorithm contribute to the performance of RAP.
Then the discussions are given for the potential applications of RAP and its weaknesses and improvement
directions.

The effects of the proposed objective and optimization algorithm. For the Rep metric, RAP
obtains relatively high accuracy on the strict error threshold especially ǫ = 1. The reason should be that
the definition of repeatability is strict in the objective of RAP. According to (4), the repeatability is accu-
mulated on every pixel point, which is equivalent to computing the repeatability with the error threshold
as 0.5. This strict configuration prefers the keypoints that can be localized accurately. Therefore, RAP
obtains relatively high Rep on ǫ = 1.

The spatial distribution of keypoints is also important for the matching accuracy as discussed in
Subsections 5.3 and 5.4. According to the visualization results and the evaluation on spatial uniformity
ratio metric, the keypoints of RAP have a uniform spatial distribution. This characteristic mainly benefits
from the sparsity constraint introduced in Subsection 3.2.1. As defined in (3), the sparsity constraint
contains two aspects. First, the NMS process guarantees that different keypoints have enough distance
to each other rather than forming some local clusters. Second, the keypoint number constraint requires
that the number of keypoints is in a reasonable range. The ablation experiments in Subsection 5.8 also
verify the contribution of the sparsity constraint. Therefore, the sparsity constraint makes RAP extract
relatively enough keypoints with a uniform spatial distribution.

For the M-Score metric, RAP obtains high accuracy on a strict error threshold especially ǫ = 1.
This superiority should mainly benefit from its high Rep performance on strict error threshold. On the
other hand, the uniform spatial distribution of RAP may also benefit its M-Score. Intuitively, compared
with keypoints having uniform spatial distribution, the keypoints with cluster patterns are more difficult
to be correctly matched because the points in the same cluster are harder to be distinguished. This
explains why the M-Score of RAP+SuperPoint on ǫ = 1 is higher than that of ORB+SuperPoint while
the relationship on Rep is inverse.

The above analyses explain how the objective of RAP leads to the high M-Score on strict error threshold
and the uniform spatial distribution. These two important characteristics make RAP achieve superior
performance on high-level metrics as discussed in Subsections 5.4 and 5.9. In another aspect, the alternate
optimization algorithm efficiently solves the objective of RAP, which guarantees the fast convergence
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speed as shown in Subsection 5.6. Overall, it is the objective and optimization algorithm of RAP that
makes it effective and efficient to adapt to high-level matching tasks, and therefore becomes an adaptive
keypoint detector.

Applications. RAP is suitable for the applications like camera calibration and image mosaic consid-
ering its good performance on homography estimation. It can also be applied in simultaneous localization
and mapping (SLAM), engineering survey and other applications taking 3D reconstruction as the core
technology. Furthermore, RAP has the potential to be applied in the matching of remote sensing images
because it is easy to transfer the RAP model to the new domain with self-supervised learning.

Limitations and improvement direction. The main limitation of RAP is that its accuracy is
lower than some existing methods on the scenes containing significant viewpoint changes. As shown
in Figure 5, RAP is inferior to SIFT [1] on HPv dataset. The reasons may be that SIFT performs the
scale and orientation estimations in the matching process, which improves the ability to handle viewpoint
changes. A probable improvement direction is to modify the architecture of RAP by introducing the scale
and orientation estimations into the model. Another limitation is that RAP can only locate keypoints
with pixel-level precision, it is valuable to improve the model to achieve sub-pixel precision.

6 Conclusion

In this paper, RAP is presented based on a fully self-supervised learning framework with the objective
by incorporating the repeatability measure and sparsity constraint. With this objective and the effective
alternate optimization algorithm, the combinations of RAP and some existing descriptors can adapt
to the high-level matching tasks with a fast convergence speed. This ability makes RAP suitable for
different applications taking image matching as the core technology, and has the potential to be applied
in other domains because it is easy to transfer the RAP model by self-supervised learning. Future studies
will investigate how to further improve the location precision of RAP, and how to use the processes of
scale and orientation estimations to improve the accuracy on the scenes containing significant viewpoint
changes. RAP can also be formulated as a weakly supervised learning framework in other applications
that have a small number of labeled training samples.
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Appendix A Proof of Proposition 1
Proof. If the optimal solution of (7) is θ∗, then this solution makes the repeatability of every extracted point equal to 1 under

the sparsity constraint. So at θ∗, the following equation holds:

∀j1, j2, F
(

Tj1 (I)
)

≡ F
(

Tj2 (I)
)

, (A1)

i.e., the keypoints of every transformed image correspond to the same point set. So

∀j, F (Tj(I)) ≡ F∪(I). (A2)

So at θ∗ objective (7) can be equivalently converted to (8), which means θ∗ is also achievable for (8). Similar to the discussion of

Proposition 1, θ∗ is also the theoretical optimal solution of (8). So θ∗ is the optimal solution of (8).

Appendix B Proof of the solution in the estimation step
The objective in estimation step is (11). In this section, the conclusion is proved that Eq. (13) is the optimal solution of (11).

Proof. Consider rt−1[i] ∈ [0, 1], rt−1[i] > 1− rt−1[i] if and only if rt−1[i] > 0.5. Then the optimal solution of

ŷt = argmax
y

∏

i

(

rt−1[i]y[i]
(

1− rt−1[i]
)1−y[i]

)

(B1)

is

ŷt [i] =

{

0, rt−1[i] 6 0.5,

1, rt−1[i] > 0.5.
(B2)

Comparing (B1) with (11), notice Eq. (B2) is also the optimal solution of (11) if Nmin 6 ‖ŷt‖ 6 Nmax. When Eq. (B2) itself

cannot ensure Nmin 6 ‖ŷt‖ 6 Nmax, point pi with higher repeatability is more preferential to be set with yt [i] = 1. By discussing

different cases of ‖ŷt‖, the optimal solution of (11) can be obtained. If ‖ŷt‖ 6 Nmin, then

yt [i] =

{

1, idx[i] 6 Nmin,

0, idx[i] > Nmin.
(B3)
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If Nmin < ‖ŷt‖ 6 Nmax, then

yt [i] =

{

0, rt−1[i] 6 0.5,

1, rt−1[i] > 0.5.
(B4)

If ‖ŷt‖ > Nmax, then

yt [i] =

{

1, idx[i] 6 Nmax,

0, idx[i] > Nmax.
(B5)

The combination of (B3)–(B5) is equivalent to

yt [i] =























1, idx[i] 6 Nmin,

1, Nmin < idx[i] 6 Nmax and rt−1[i] > 0.5,

0, Nmin < idx[i] 6 Nmax and rt−1[i] 6 0.5,

0, idx[i] > Nmax,

i.e., the solution of (13) is obtained.

Appendix C Proof of the convergence of proposed alternate optimization algorithm
For the proposed alternate optimization algorithm, the objective is (10). To simplify notations the objective function is defined as

O, i.e.,

O(θ, y) = exp (−cnum (‖y‖))
∏

i

(

r[i]
y[i]

(1− r[i])
1−y[i]

)

. (C1)

Note O is the function of θ and y because both the two are parameters to be optimized. The function O is bounded because

O(θ, y) ∈ [0, 1].

This section needs to prove that with appropriate learning rate in improvement step, the two inequalities below hold, i.e.,

O(θt−1, yt) > O(θt−1, yt−1) (C2)

and

O(θt, yt) > O(θt−1, yt). (C3)

Proof. Inequality (C2) holds because yt is the optimal solution of O(y|θt−1), which has been proved in Appendix B.

According to improvement step discussed in Subsection 4.2, θt is obtained by optimizing −log(O(θ|yt)) with the gradient descent

algorithm and the initial parameter value is θt−1. So θt is the nearby local minimum point of θt−1. So with the premise for a

appropriate learning rate, the inequality −log(O(θt|yt)) 6 −log(O(θt−1|yt)) holds, which is equivalent to (C3).


	Introduction
	Related work
	Hand-crafted keypoint detectors
	Learning-based detectors
	Self-supervised learning approaches
	Spatial distribution uniformity of keypoints

	Repeatable adaptive point
	Overview of learning framework
	Objective function of repeatable adaptive point
	Sparsity constraint
	Repeatability measure
	Overall objective function


	Alternate optimization algorithm
	Relaxation of number constraint
	Alternate optimization algorithm
	Estimation step
	Improvement step

	Approximate optimization
	Implementation details

	Experimental results
	Evaluation datasets and protocol
	Results on low-level metrics
	The uniformity of spatial distribution
	Results on high-level metrics
	Statistical tests for the results on high-level metrics
	Convergence speed
	Inference time
	Ablation experiments
	Application to three-dimensional reconstruction
	Discussion

	Conclusion
	Proof of Proposition 1
	Proof of the solution in the estimation step
	Proof of the convergence of proposed alternate optimization algorithm

