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Abstract— Keypoint detection and description are fundamen-
tal tasks for a variety of computer vision applications. Due to the
limited receptive field of convolutional neural networks, most
existing methods based on deep learning mainly focus on the
local features, instead of taking into account the global context
from entire image. The purpose of this work is to enhance the
detection and description process of keypoints by leveraging
global information obtained from Transformer, and to boost
the consistence between keypoints and descriptors through
their interaction. Specifically, the above two improvements are
respectively implemented through the Local & Global Context
Aggregation (LGCA) Module and Point & Descriptor Cross
Augmentation (PDCA) Module proposed in this article. The
LGCA module, which can model the long-range context, is
inserted a Feature Pyramid Network (FPN) to extract features
which contain diverse scales and different receptive fields.
Moreover, the PDCA module enhances descriptors by the
geometry information of keypoints detected, while enhancing
the keypoint detection process by the position coordinates of
correctly matched descriptors. Finally, we design a lightweight
model to improve the running efficiency. Extensive experiments
on various tasks demonstrate that our method achieves a
substantial performance improvement over the current feature
extraction methods. Code is available at: https://github.
com/mengl52634/CA2Point.

I. INTRODUCTION

Extracting and matching distinctive features from a given
image pair is a key task for various computer visual ap-
plications, such as image matching [1], image stitching [2],
Structure from Motion (SfM) [3] and Simultaneous Localiza-
tion and Mapping (SLAM) [4]-[8]. Traditional handcrafted
features [9]-[11] have been widely used in these tasks.
However, handcrafted methods typically rely on expert prior
knowledge, which made them fail to handle complex scenes
such as illumination and viewpoint changes.

On the one hand, benefiting from the success of the Con-
volutional Neural Network (CNN), learning-based features
[12]-[16] have been proposed and have achieved remarkable
performance. However, due to the inherently limited recep-
tive field of CNN, the pure CNN-based methods mainly focus
on local regions which results in poor performance in dealing
with complex scenes, as shown in Fig. 1(b).
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Fig. 1: Feature detection and matching with CAZPoint.
(a) shows the feature detection process, where the proposed
KAD increases the number of matches and DAK increases
the number of keypoints. (b) shows the comparison between
the proposed method and SuperPoint [12]. Our proposed
method can avoid keypoints in the meaningless area and
obtain more right matches under illumination and viewpoint
changes. First row: Matching results of using SuperPoint.
Second row: Matching results of using our CA%Point.

On the other hand, with the successful transfer of Trans-
former [17] from Natural Language Processing to Computer
Vision task [18], many advanced detector-based [19]-[22]
and detector-free [23]-[26] matching methods have been pro-
posed to create the correspondence across images. However,
these methods need transform descriptors from the reference
image and target image. In other words, the descriptors of
the reference image may change with alterations of the target
image, which impairs the invariance of the descriptor to some
extent. Moreover, the detector-free methods do not extract
explicit keypoints, which is inflexible for some applications
such as back-end optimization in SLAM. In this work,
we design a Local & Global Context Aggregation (LGCA)
module that utilizes both local and global contexts from CNN
and Transformer for feature detection, and explicitly extract
keypoints and descriptors.

In addition, most feature detection and matching methods
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focus on improving the discrimination of descriptors [19],
[27], but the matchability of keypoints attracts few attention.
The existing method usually could extract a lot of keypoints
by adjusting the detection threshold, but only a small portion
of the descriptors corresponding to these keypoints can be
correctly matched, as shown in the first row of Fig. 1(b). In
this work, we propose to simultaneously enhance keypoint
detection and descriptor generation using the designed Point
& Descriptor Cross Augmentation (PDCA) module, resulting
in more matchable keypoints and descriptors.

Based on the aforementioned analysis, this work mainly
focuses on detector-based feature matching methods, con-
centrating on improving the performance of both keypoints
and descriptors simultaneously. Specifically, we propose a
novel model for image feature detection that integrates local
and global contexts by LGCA module, while enhancing
keypoints and descriptors by PDCA module, as shown in
Fig. 1(a). The key contributions of this work are:

« A novel image features detection method is proposed,
which can extract robust keypoints and descriptors by
context aggregation and cross augmentation strategies.

o The proposed LGCA module can adaptively aggregate
local and global contexts. When embedding it into the
Feature Pyramid Network (FPN) [28], the multi-scale
features with global information can be extracted to
disambiguate in unreliable area.

e The proposed PDCA module can obtain more keypoints
and more accurate matches through the information
interaction between keypoints and descriptors.

o Comprehensive experiments are conducted in image
matching, pose estimation, visual localization and visual
odometry task to verify the effectiveness of our method.

II. RELATED WORK

In this section, we introduce the related work about
detector-based feature detection and matching methods,
where the former can be divided into three categories: detect-
then-describe, describe-then-detect, and detect-and-describe.
Detect-then-describe methods. Traditional handcrafted lo-
cal features [9]-[11] and early learning-based one [29]
belong to detect-then-describe pattern. These methods first
detect a set of distinctive and repeatable points by a detector.
Then, the descriptors are computed for every keypoint in a
local region centred around keypoint. Finallly, the keypoints
from different scenes are matched according to distance
metric of descriptors. Due to each component is designed
independently, improving individual component can not en-
sure to improve the performance of the whole pipeline.
Describe-then-detect methods. The existing methods first
generate dense feature descriptors. Then, sparse keypoints
are selected from these descriptors according to elaborate
rules. D2D [30] designs a relative and absolute saliency
strategy according to the expert prior, while PoSFeat [31]
and SCFeat [32] select keypoints with the trainable network.
But the handcrafted selection methods heavily rely on prior
knowledge, and learning-based strategies usually require

freezing the description network when training the detection
network, which is difficult to guarantee optimal results.
Detect-and-describe methods. Recently, several detect-and-
describe methods [12]-[15], [33]-[40] are proposed to use
a single model to jointly learn keypoint detection and de-
scription. SuperPoint [12] uses a shared feature extraction
backbone to obtain the feature map, and then obtain the key-
point heatmap and descriptors through the detection head and
the descriptor head, respectively. Many subsequent methods
[14]-[16], [37]-[39] also adopt the same design. However,
these methods only output the last feature map of the back-
bone, lacking multi-scale features. Although ASLFeat [34],
ALIKE [36] and AWDesc [38] introduce multi-scale features
through simple concatenation or summation operations, the
lack of learnable parameters may limit the performance of
the backbone. Besides, AWDesc [38] employs Transformer
[17], [18] to aggregate global information in the descriptor
head, but not in the detection head. Differently, our proposed
LGCA module can adaptively fuse local and global contexts,
and inserting it into FPN can obtain shared feature map
containing different scales and receptive fields.
Detector-based feature matching. The above methods use
the nearest neighbor (NN) search to find correspondences
across images. Recently, SuperGlue [19] and LightGlue
[20] match local features by a learning-based approach. In
addition, FeatureBooster [27] uses the geometric information
of sparse keypoints to boost the off-the-shelf descriptors like
SuperPoint [12]. However, using only sparse keypoints does
not fully exploit the information from the entire keypoint
heatmap. Inspired by [19] and [27], we propose a Keypoint
Augment Descriptor (KAD) module that directly uses feature
maps of keypoint to enhance dense descriptors. Moreover, a
Descriptor Augment Keypoint (DAK) module is proposed
to enhance keypoints through the matchability of descrip-
tors, forcing positions corresponding to correctly matched
descriptors to be detected as keypoints. Our PDCA module
is composed of the KAD and DAK.

IIT. METHODOLOGY

As shown in Fig. 2, our proposed method consists of two
components: keypoint detection and description main net-
work and PDCA Module. Give an image I, the main network
first extracts initial keypoint heatmap and descriptors, and
then the PDCA module further enhances them to obtain more
keypoints and more discriminative descriptors.

A. Keypoint detection and Description Main Network

The keypoint detection and description main network
adopts the same architecture as SuperPoint [12] containing a
feature extraction backbone and two heads (a keypoint head
and a descriptor head). In particular, we extend its backbone
into a Feature Pyramid Network (FPN) to fuse information
from different scale space. Moreover, in order to aggregate
local and global contexts into feature map directly in the
backbone, the proposed LGCA module (III-B) is embedded
before upsampling in the FPN. And we only execute the self-
attention in the middle two blocks with the lower resolution
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Fig. 2: The architecture of our proposed method. (a) Our proposed keypoint detection and description main network
consists of a backbone with LGCA and two detection heads. (b) Our proposed PDCA simultaneously enhances initial
keypoints and descriptors from main network. (c) Details of LGCA in main network. (d) Transformer block in LGCA.

to reduce computational and memory overhead. Thus, a
shared feature map F € R4 ™*HXW yith multi-scale and
different receptive field information is extracted through the
FPN with LGCA module. The feature map is then fed
into two simple heads to generate initial keypoint heatmap
S € RVHXW and descriptors D € REm<HXW Moreover,
a descriptor reliability R € R*>H*W g predicted by an
additional branch. The dimension of descriptors dim in this
work is 128. It is worth noting that the initial keypoints and
descriptors already have strong performance (see Table V).
Fig. 2(a) shows the architecture of our main network.

B. Local & Global Context Aggregation Module

Intuitively, for those keypoints that are difficult to estab-
lish correspondence only using local features, fusing global
information can gain more receptive field to disambiguate.
But for those keypoints that are easy to match, introducing
global information is unnecessary, even harmful.

We propose a Local & Global Context Aggregation
(LGCA) Module to fuse local and global contexts adap-
tively according to the scene, as shown in Fig. 2(c). To
achieve better speed-accuracy trade-off, the feature map
F; ¢ R¥mixHixWi from j-th CNN block is empirically
transformed into a fixed-size feature map F; € R&m:x32x32

to avoid being affected by changes in the size of the input
image. Each vector f/ € R%™i in F; can be regarded as
token embeddings to be input into the vanilla Transformer
[17]. As with most visual Transformer methods, we add
learnable position embeddings EL’® € RE*imi (o tokens
to retain spatial position information as follow:

O=[fli i i F) +EP (1)

where C' = 32 x 32 is a constant.

Then, these token embeddings with position information
are sent into a stack of N; = 6 identical Transformer blocks
to obtain global information. The vanilla Transformer block
is shown in Fig. 2(d), and the output of the [-th block is:

51

72! = MSA(LN(z'7Y)) + 2!
A1

z' = MLP(LN(2)) +z

2
3)

where M SA(-) donates Multi-Head Self-Attention, M LP(-)
donates Multi-Layer Perceptron, LN (-) donates Layer Nor-
malization. After reshaping and upsampling, the features
with global context F; € R¥mixHixWi are obtained.

As aforementioned, not all keypoints need global receptive
field, the LGCA module predicts a weight Wi, € REixWi
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to select positions that require global context. Finally, we add
the weighted global features with the input local features to
obtain the features with local and global contexts.

C. Point & Descriptor Cross Augmentation Module

In this section, we propose a Point & Descriptor Cross
Augmentation (PDCA) Module that aims to simultaneously
enhance the initial keypoint heatmap S and descriptors D.
The enhanced descriptors can be obtain by aggregating the
initial descriptors with the geometric information contained
by the initial keypoint heatmap, such as coordinates and
scores. And the initial keypoint heatmap is enhanced by the
matchability of descriptors to generate enhanced keypoints.
The PDCA module conforms to the following two properties:

Property 1: Those descriptors corresponding to the key-
points should be matched correctly.

Property 2: Those positions where descriptors can be
matched correctly should be detected as keypoints.

Based on the above properties, we design a Keypoint
Augment Descriptor (KAD) module to boost discrimination
of descriptors and a Descriptor Augment Keypoint (DAK)
module to increase the number of matchable keypoints.

1) Keypoint Augment Descriptor: As shown in the top
of Fig. 2(b), the initial descriptors and the initial heatmap
concatenated with coordinates are respectively downsampled

H

to a size of dim x - X %. The downsampled heatmap and

descriptors are transformed into D through a summation and
flattening operations. Similar to LGCA, D are mapped into
fixed size and fed into N, = 6 Transformer blocks. After
reshaping and interpolating, updated descriptors and initial
descriptors are summed by the learnable weight to obtain
enhanced descriptors D € R“#m>HxW Thyg, by explicitly
incorporating the geometric information of keypoints which
are valuable for matching into the descriptors, more robust
descriptors can be obtained. We exploit the linear transformer
[41] to reduce computation complexity in KAD.

2) Descriptor Augment Keypoint: The architecture of our
proposed DAK module is shown in the bottom of Fig. 2(b).
We predict a matching score from the initial descriptors
D. Then, initial keypoint heatmap and its previous feature
map are concatenated to generate new feature map S €
R&m>xHxW " The updated heatmap, obtained by multiply-
ing the new feature with the matching score, is added to
the initial heatmap to generate enhanced keypoint heatmap
S € RY™HXW_ This process embeds the matchability of
the descriptors into the enhanced heatmap. In the enhanced
heatmap, larger values indicate a higher likelihood of being
a keypoint, and the corresponding descriptors have a greater
probability to match correctly.

D. CA?Point-Tiny

To meet the requirements of real-time tasks, we de-
sign a lightweight version of CA%Point, termed CAZ?Point-
Tiny. And we employ knowledge distillation techniques to
train CAZPoint-Tiny to preserve the performance of the
full version CAZPoint (referred to as CAZPoint-Full for
distinction) as much as possible. As shown in Fig. 3, we
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Fig. 3: The architecture of our CA%Point-Tiny.

directly upsample and concatenate the feature maps output
by the convolutional blocks without using FPN. The number
of channels in convolutional blocks is set to 32-32-64-64.
Futhermore, LGCA is only applied to the smallest feature
map, with F; € R4mix16x16 and N, = 3. The keypoint
heatmaps, descriptors, and descriptor reliability are then pro-
duced through three branches identical to those in CAZPoint.

E. Supervision

To simplify the training process and improve the training
stability, the main network and the PDCA module are
separately trained in a supervised manner.

Main Network Supervision: Similar to [38], the keypoint
10SS Lieyp is the binary cross-entropy loss over the keypoint
heatmap S as follow:

HW
1 : ~
£keyp = HW Z ‘Cbce(si,_ﬁ Yi,j) (4)
%,J

Loee(8,y) = —a-ylog(3) — (L —y)log(1 - 8)  (5)

where Y € RHXW is pseudo-ground truth label from pre-
trained SuperPoint [12]. And we use iterative homographic
adaptation to obtain keypoints heatmap with more pseudo-
keypoints. The o = 200 is a weight term to balance the
number of ground truth keypoints and non-keypoints, § € S
andy €Y.

The descriptor loss Lgesc is the weighted triplet loss.
Given a pair of overlapping images (I*, I?), the correspond-
ing point sets (P!, P?) of size N can be obtained using
ground-truth camera parameters and depth maps. These point
sets, derived through sampling, are subsets of all pi)l(els in
the overlap area. The corresponding descriptor sets (13 , D )
can be obtained by sampling at the (P!, P?). The descriptor
loss is as follows:

N
deae’ = Y Lerip(&) (©6)
i=1
A en/m i e
Lirip(€;) = ﬁmax(o, 2|7 — 2|~ +1) (D
Di—1 €
where &; = r;d; is the reliability weighted descriptor,

A + 15 1 27 2 . oy . .
|z:||" = |Ir}id; —rid;]|2 is the positive distance of descrip-
A =~ Y ) A1 A2
tord; € D, ||&;||~ = minjey, . njzi(lrid; —rid;|2) is
its hardest negative distance. The 7 is the temperature and
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the » € R is the descriptor reliability. The loss function of
the main network is defined as:
Lmain

main (8)

desc

= Leyp +

KAD Supervision: To increase the number of matches,
we additionally select M; detected keypoints during the
training KAD, and append them to the corresponding point
set (P!, P?). Specifically, the top-M; keypoints are selected
according to the score in the initial keypoint heatmap.

In addition, to ensure that the initial descriptors will be
enhanced, we design a new loss to force the discriminability
of enhanced descrlptors (d1 d?) € (D', D?) to be better

than the initial ones (d d Bk

N+ M,

Z max(0, M —mi)  (9)

i—1 Etrip (mz)

where mj, = 0.8 is the margin used to control the degree of
descriptor enhancement. The loss for KAD is defined as:

1
st = o
d N + M,

N+M,
> Livip(mi) + 8- L5222

i=1

LEAD = (10)

where 5 = 0.1 is a weight to regulate the second term.
DAK Supervision: The purpose of DAK is to increase the
number of keypoints. We randomly select M5 positions from
all descriptors matched correctly, and append them to label
Y to obtain new label Y . For the selected points, if they
are not already included in the pseudo-keypoints ground
truth Y, this operation will increase the number of detected
keypoints. If they are already present in Y, it indicates that
these keypoints are highly reliable and stable. In this case, the
operation effectively assigns greater weight to these reliable
keypoints. Equation (4) is then used for training the enhanced
keypoint heatmap S. The difference is that « is set to 150
due to increase in the number of ground truth keypoints.
CA?Point Tiny Supervision: To employ the knowledge
distillation to improve the performance of CAZPoint-Tiny,
we use CAZ?Point-Full as the teacher model to transfer
knowledge. Our knowledge distillation framework consists of
three distillation losses formulated using the Mean Squared
Error (MSE) loss keypoint heatmap distillation loss L4 =

HW Z?}] (S, — S5 ,)? reliability distillation loss L4 =
T > W( RS ;)% and descriptor distillation loss
Lid = iam Z’?JVCVd"”(Dﬁj . — Dg ;)% The total loss

of CAZPoint-Tiny is defined as:

LY = Lyeup + Laese + Lha+ Lra + Lag (1)

IV. EXPERIMENTS

In this section, we first introduce the implementation
details in training and experiments. Then, we evaluate the
performance of our method for the tasks of homography
estimation, relative pose estimation, visual localization, and
visual odometry. Finally, a complete ablation study is con-
ducted to verify the effectiveness of each component.

A. Implementation Details

The proposed method implemented by Pytorch [42]. In
the LGCA and PDCA module, the number of attention head
is set to 8. For training, we adopt the same dataset as [38]
which contains 11,800 image pairs with 400 x 400 image
size. The size of point sets N is set to 400. The M; in KAD
is set to 400, and the M, in DAK varies with the actual
number of matches during the training. The Adam optimizer
is used to optimize the network with the initial learning rate
0.001. The network converges after 50 epochs of training
on 2 Tesla V100-SXM2 GPUs with a batch size of 2. For
inference, the keypoint detection threshold is set to 0.85 and
the non-maximum suppression radius is 4. All experiments
are run on a single NVIDIA RTX 3090 GPU.

B. Homography Estimation

Setup. HPatches [1] is an image matching and homogra-
phy estimation benchmark with illumination and viewpoint
changes. Following [15], we resize the shorter image edge
to 480 for features extraction, and report the keypoints Re-
peatability, Mean Matching Accuracy (MMA), Homography
Estimation Accuracy (Hom. Est. Acc.), Homography Estima-
tion AUC (Hom. Est. AUC), Match Score (M.S.), the number
of keypoints extracted and matched within the covisible area,
and the number of correctly matched keypoints for threshold
€ = 3. We compare CA%Point with sparse feature extractors
including SuperPoint (SP) [12], D2-Net [13], R2D2 [14],
DISK [35], SFD2 [37], AWDesc [38] and SiLK [15], sparse
feature booster and matchers including FeatureBooster (FB)
[27], SuperGlue (SG) [19] and LightGlue (LG) [20].
Results. As shown in Table I, when using detection threshold
to extract keypoints, our method outperforms all methods in
terms of Hom. Est. Acc., Hom. Est. AUC, and M.S.. Only
the MMA and Repeatability are slightly lower than the DISK
[35]. However, when the number of keypoints increases to
10k, all metrics show a significant increase, except for the
M.S., because more keypoints introduce more mismatches. It
is worth noting that our method outperforms sparse boost-
ing and matching methods in almost all metrics and the
lightweight CA2?Point-Tiny shows impressive performance,
even exceeding CA?Point-Full.

C. Relative Pose Estimation

Setup. We use the image pairs from MegaDepth-1500 [23],
[43] to show the performance of CA2Point for relative pose
estimation. Following [20], we resize the larger dimension
to 1600 and extract 2048 features per image. We solve an
essential matrix using RANSAC and LO-RANSAC with
LM-refinement [44], respectively, and report the AUC of
the pose error at thresholds 5°, 10°, and 20°. We compare
CAZPoint with semi-dense matchers including LoFTR [23],
MatchFormer [25], ASpanFormer [26] and Efficient LoFTR
[24]. As for sparse keypoint detection and matching methods,
we compare with SuperPoint [12] with different matchers
including Nearest-Neighbor(NN), SuperGlue [19], LightGlue
[20], SGMNet [21], and MambaGlue [22]. For fairness, we
train the LightGlue matcher based on the CAZPoint.
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TABLE I: Evaluation results of homography estimation on HPatches [1]. The top two results are marked with bold and
underline. MNN is the Mutual Nearest Neighbor matcher. Ours-F and Ours-T denote CA?Point-Full and CA2Point-Tiny,

respectively.

Method Repeatability Hom. Est. Acc.  Hom. Est. AUC MMA M.S. # of keypoints(e = 3)

e=1 €e=3 e=1 e€=3 e€=1 €e=3 e=1 e€=3 e=1 =3 pre- post-  right
SuperPoint [12] + MNN 0329 0.606 0441 0.829 0.207 0.527 0414 0730 0.268  0.485 810 507 393
D2-Net [13] + MNN 0.088 0374 0.066 0424 0.023 0.175 0.134 0476 0.071 0.240 2283 1062 547
R2D2 [14] + MNN 0269 0.609 0433 0750 0.190 0488 0410 0754 0.186 0.320 1805 666 577
DISK [35] + MNN 0373 0.690 0447 0.810 0.220 0.522 0.521 0.845 0.320 0.515 3149 1797 1621
SFD2 [37] + MNN 0298 0.605 0357 0.812 0.152 0469 0399 0770 0.249  0.492 978 600 481
AWDesc [38] + MNN 0335 0599 0500 0.852 0.222 0.559 0455 0784  0.298  0.520 1048 675 545
Ours-F (a = 0.85)+MNN 0376 0.636 0.571 0.896 0.293  0.614 0.503 0.809 0333 0.546 1028 670 561
Ours-T (o = 0.85)+MNN  0.359 0.617 0.566 0.888  0.291 0.621 0486 0.778 0306  0.498 1048 641 522
SiLK (top-10k) [15]+MNN  0.564 0.791 0.621  0.857 0.398 0.649  0.555 0.690 0.238 0.300 10108 3976 3028
Ours-F (top-10k)+MNN 0574 0816 0.588 0.872 0.363  0.630 0.622 0.829 0.255 0.336 10001 3835 3363
Ours-T (top-10k)+MNN 0.600 0.813 0.633 0.891 0385 0.665 0.618 0.835 0.249 0.330 10001 3724 3305
SP [12]+FB [27]+MNN 0329 0.606 0409 0.819 0.186 0.501 0.416  0.738 0276  0.504 810 527 408
SP [12]+SG [19] (Indoor) 0329 0.606 0.393 0.790 0.184 0488 0416 0.754 0290 0.538 810 572 436
SP [12]+SG [19] (Outdoor)  0.329  0.606  0.483  0.848 0.216 0549 0493 0.909 0303 0.578 810 519 468
SP [12]+LG [20] 0329 0.606 0445 0.840 0.197 0525 0478 0.882 0301 0.569 810 524 461
Ours-F (a = 0.85)+MNN 0376 0.636 0.571 0.896 0.293 0.614 0.503 0.809 0333 0.546 1028 670 561
Ours-T (o = 0.85)+MNN  0.359 0.617 0.566 0.888  0.291 0.621 0486 0.778 0306  0.498 1048 641 522

TABLE III: Visual localization evaluation on the Aachen
Day-Night benchmark v1.1 [45]. The best results for each
group are marked with bold.

TABLE II: Evaluation results of relative pose estimation
on MegaDepth [43]. The group-specific best results are
marked with bold. { indicates model trained on top of our

method. -
Method Day Night
Method RANSAC AUC LO-RANSAC AUC (0.25m, 2°) / (0.5m, 5°) / (1.0m, 10°)
5°/10° /20° o LoFTR [23] 88.7/95.6/99.0  78.5/90.6/99.0
E MatchFormer [25] 533/69.7/81.8 66.5/78.9/ 875 Efficient LoFTR [24] 89.6 / 96.2 / 99.0 77.0/91.1/99.5
8 Asz.mFormer [26] 58.3/73.3/84.2 69.4 / 81.1 / 88.9 —  NN+mutual 84.8 /903 /93.8 65.3/72.4 1 85.7
Efficient LoFTR [24] 58.4 /734 /84.2 69.5 / 80.9 / 88.8 g SuperGlue [19] 88.2/95.5/98.7 86.7 /92.9 / 100.0
Q- .
£ SuperGlue [19] 49.7/67.1/80.6  65.8/78.7/87.5 2 SGMNet [21] 86.8/94.2/97.7  83.7/91.8/99.0
£ SGMNet [21] 432/61.6/756  59.8/74.1/83.9 » F+NN+mutual 84.7/91.5/944  68.6/80.1/88.0
¢ MambaGlue [22] 50.1/67.5/803 658/787/876 ’os F+LightGlue' 89.2/96.2/98.9 87.5/94.1/100.0
» F+NN+mutual 353/508/63.8  559/682/77.0 T+NN+mutual 84.6/90.3/94.1  66.0/78.5/859
5 F+LightGlue]L 50.9 / 68.1 / 80.6 66.8 / 80.5 / 88.2
©  T4NN+mutual 33.0/48.3 / 60.9 53.4/652/73.9

Results. Table II shows that CA2Point outperforms all fea-
ture extraction and matching methods in the sparse group.
Notably, our CAZPoint-Full with LightGlue achieves com-
petitive performance compared to the semi-dense method
LoFTR. And CA2Point-Tiny also shows promising results
with a slight performance degradation, while boosting the
running efficiency.

D. Outdoor Visual Localization

Setup. We evaluate long-term visual localization in the
Aachen Day-Night benchmark [45]-[47] using the Hierar-
chical Localization pipeline [48]. We estimate a camera pose
with RANSAC and a Perspective-n-Point(PnP) solver, and
report the pose recall at multiple thresholds. We compare
our method with semi-dense matchers and sparse feature

extractor SuperPoint [12]. Following [20], we extract up
to 4096 features for sparse extractor and match them with
different matchers.

Result. As shown in TableIll, CA%Point outperforms Super-
Point when using the same matchers and is even competitive
with semi-dense matchers when paired with LightGlue. The
lightweight version shows promising performance with a
trade-off between speed and accuracy.

E. Monocular Visual Odometry

Setup. The KITTI [49] dataset is one of the most mainstream
odometry and SLAM benchmarks. We replace ORB feature
extractor in the original ORB-SLAM?2 [5] with the proposed
CA2Point-Tiny, which is called CA-SLAM. Following ORB-
SLAM?2 [5], the Root Mean Square Error (RMSE) of the
Absolute Trajectory Error (ATE) is used to evaluate the
accuracy of visual odometry. We use the EVO tool [50] to
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TABLE IV: Evaluation results of visual odometry on the KITTI [49] dataset. RMSE (m) of ATE is reported.

Methods 00 02 03 04 05 06 07 08 09 10
ORB-SLAM2 [5] 7152 35.69 1.16 1.14 3614 5147 1692 4863 58.00 7.95
SP-SLAM 77.68 41.88 1.63 029 3654 5121 1793 4834 5507 6.05
CA-SLAM 7796 4332 1.06 029 3699 48.70 1599 4479 48.12 6.14

compute ATE between ground truth trajectories and predicted
trajectories and report the median RMSE error of the ATE
over five executions for each sequence. We compare CA-
SLAM with ORB-SLAM2 [5], and SP-SLAM which is
implemented by replacing ORB features with SuperPoint
[12] in [5]. We disable the loop closing for all methods to
only evaluate the performance of visual odometry.

Results. As shown in Table IV, our CA-SLAM outperforms
ORB-SLAM? [5] in most sequences, with an average supe-
riority of over 0.5m. For sequence 09, CA-SLAM shows a
decrease of up to 9.88m compared to [5]. In addition, CA-
SLAM also outperforms SP-SLAM in almost all sequences.
This is attributed to the fact that our CA2Point can extract
more discriminative keypoints and descriptors.

F. Ablation Study

To verify the effectiveness of each proposed module
in CAZPoint, we conduct detailed ablation study on the
HPatches dataset with results shown in Table V. The model
[A] is an extension of the SuperPoint [12] backbone that in-
corporates FPN for upsampling and feature aggregation. For
model [B], the LGCA module is inserted into FPN to capture
global context during the feature extraction process. Then,
the model [C] enhances the discrimination of descriptors
output by model [A] through the KAD module. For model
[D], more keypoints can be detected by the DAK module.
The model [E] is the full model of our CAZPoint. Finally,
the model [F] is the lightweight version of our CA2Point.

Compared to the [A], the performance on the HPatches is
improved using the LGCA and KAD module. Although the
DAK module results in a slight decrease in MMA and M.S.,
the model [D] actually detects more matchable keypoints
than [A] (929 vs. 851). And the model [E] also performs bet-
ter than the model [B] and [C], which indicates that the DAK
module is beneficial for overall performance improvement.
The lightweight CA%Point-Tiny achieves a trade-off between
speed and accuracy, with significantly high computational
efficiency and competitive matching accuracy.

V. CONCLUSIONS

In this work, we propose a novel keypoint detection and
description method named CA?Point, with a LGCA module
to obtain local and global contexts and a PDCA module to
simultaneously enhance keypoints and descriptors. With the
help of the context aggregation and the cross augmentation,
our proposed method can extract more keypoints and more
discriminative descriptors for matching under some chal-
lenging scenarios. And we design a lightweight version of
CAZPoint to achieve a balance between speed and accuracy.

TABLE V: Ablation study. We report Homography Esti-
mation Accuracy (HA), Mean Matching Accuracy (MMA),
matching score (M.S.) and average running time per image
on HPatches datasets.

Models  LGCA PDCA HA  MMA  MS.  Time
KAD DAK e=3 e=3 e=3 (m)

[A] X X X 0872 0785 0484 273
[B] v X X 0879 0803 0534 419
[ X v X 0895 0797 0504 607
D] X X v/ 0886 0784 0483 394
[E] v v vV 0896 0809 0546 873
[F] CAZ2Point-Tiny 0888 0778 0498 221

Experiments on various downstream tasks demonstrate the
superiority of our method. Future works include jointly
training the keypoint detection and description main network
and the PDCA module to further improve performance and
introducing the loop closure in the Visual SLAM task to
improve the localization accuracy.
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