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Abstract

The task of image feature matching aims to establish cor-
rect correspondences between images from two different
views. While approaches based on attention mechanisms
have demonstrated remarkable advancements in image fea-
ture matching, they still encounter substantial limitations.
Specifically, current graph attention network approaches face
performance bottlenecks in complex scenarios, such as low-
texture regions or occlusions. This limitation stems from
the self-attention mechanism, which, when lacking effective
guidance, can lead to divergent attention weights or incor-
rect focus on regions with low discriminability, resulting in
matching failures in low-texture environments. Inspired by
how humans focus on distinctive regions when performing
cross-view matching, we enhance attention to singular points
in images that are salient, unique and have high cross-view
matching potential during information aggregation, thereby
improving matching capability. To realize the aforementioned
strategies, we develop a novel Singularity-enhanced Graph
Attention Network (SGAT). SGAT leverages Co-potentiality
and Multi-Scale Singularity as prior guidance, and designs a
Singularity-aware Attention mechanism and a Co-potentiality
Guided Attention mechanism, specifically enhancing the per-
ception of singularity and matching potential during feature
interaction. Experimental results on multiple datasets, includ-
ing ScanNet1500, demonstrate that our method outperforms
current state-of-the-art sparse matching methods. In particu-
lar, the improvement is most pronounced in complex scenar-
ios such as low-texture environments, significantly enhancing
the accuracy and robustness of image matching and its down-
stream tasks.

Code — https://github.com/tasi-z/SGAT

Introduction
Image matching is a crucial step in 3D vision tasks
such as Structure from Motion (SfM)(He et al. 2024;
Sun et al. 2023), Simultaneous Localization and Mapping
(SLAM)(Mur-Artal, Montiel, and Tardós 2015; Mur-Artal
and Tardós 2017; Liu et al. 2025b), visual localization(Cai
et al. 2024a; Sarlin et al. 2021), and panorama stitching(Liao

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Camera Pose Estimation Accuracy Compari-
son. Our method SGAT ( ), as a sparse matching ap-
proach, achieves superior accuracy compared to state-of-the-
art sparse matchers ( ) and semi-dense matchers ( ) on the
textureless indoor scenes of ScanNet1500(Dai et al. 2017).

et al. 2023; Agarwal et al. 2009; Sun, Tao, and Qian 2019).
Common image matching methods rely on sparse interest
points, matching high-dimensional features that encode lo-
cal visual appearances. However, stable matching remains
challenging under complex conditions (such as viewpoint
changes, illumination differences, and weak textures)(Fang
et al. 2024; Sun and Tao 2019). Particularly in low-texture
scenes with large viewpoint changes, the lack of distinctive
features makes matching susceptible to noise and ambiguity.

Recently, advanced methods have begun to explore
attention mechanisms for interaction between keypoint
features within and across views. The LightGlue algo-
rithm(Lindenberger, Sarlin, and Pollefeys 2023) is a repre-
sentative work that constructs densely connected graphs be-
tween image keypoints and aggregates feature information
through attention graph neural networks, achieving signifi-
cant improvements in matching capability. However, exist-
ing attention models lack effective range constraints when
computing attention weights, making it difficult to aggregate
useful information from effective regions in complex scenes
and susceptible to interference from weakly textured or non-
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matching regions, leading to decreased matching accuracy.
Attention mechanisms in cross-view matching tasks en-

hance descriptor features by improving the perception of
semantic context and structural consistency, thereby opti-
mizing matching performance. Dense graph attention strate-
gies without prior guidance, such as LightGlue, have limi-
tations in complex matching scenarios. We observe that in
failed matching cases, keypoint attention weights are often
excessively distributed across regions with low specificity
or low matching potential. This stems from two main is-
sues: First, the feature over-smoothing problem, where irrel-
evant information from low-specificity regions contaminates
feature representations, introducing redundant geometry-
irrelevant information and reducing matching discrimina-
tive ability. Second, the feature interference problem, where
attention mechanisms aggregate features across numerous
non-overlapping regions, potentially obscuring keypoints’
distinctive features with noise information, thus decreas-
ing matching accuracy. These two issues jointly constitute
the performance bottleneck of attention mechanisms without
prior guidance: non-overlapping regions compromise fea-
ture representation purity, while low-specificity interference
weakens feature space discriminability.

Regarding the problem of irrelevant feature interference,
existing research has explored detector-free methods and
identified that excessive attention to irrelevant regions nega-
tively affects matching performance. Unnecessary regional
feature interactions and matching searches may lead to
incorrect matches. AdaMatcher(Huang et al. 2022) filters
out most pixels by focusing on high-confidence candidate
matching regions, thereby reducing the influence of irrele-
vant areas; MESA(Zhang and Zhao 2024) adopts precise lo-
cal region matching strategies, effectively reducing match-
ing redundancy. Both approaches have improved match-
ing performance to some extent. On the other hand, in
detector-based matching methods, OETR(Chen et al. 2022b)
optimizes the matching process by regressing overlapping
boxes, while OmniGlue(Jiang et al. 2024) attempts to re-
duce interference by pruning dense pairwise graph connec-
tions between keypoints in two images through evaluating
foundation model feature similarities. However, these meth-
ods based on filtering strategies as hard constraints may limit
robustness in complex scenarios.

Our method is inspired by the human visual matching
process. When humans match two views of a scene, they
do not attend to all regions equally; instead, they instinc-
tively anchor their attention on “landmarks” that are partic-
ularly salient, distinctive, and likely to be visible in the other
view. Building on this intuition, we introduce two core con-
cepts to guide the attention mechanism. The first is Singu-
larity, which we define as an intrinsic property of a keypoint
that renders it semantically salient and distinctive within the
view. The second is Co-potentiality, which quantifies the
likelihood that a keypoint in one image has a valid and dis-
coverable correspondence in the other image. Unlike Singu-
larity, which is an intra-image property, Co-potentiality is an
inter-image property that accounts for factors such as over-
lapping field of view, occlusion, and pronounced appearance
changes.

Based on this insight, our work proposes the Singularity-
enhanced Graph Attention Network (SGAT). Its core idea
is to first focus on prominent, unique, and easily matchable
structures in the image, enhance attention to keypoints with
high matching potential (co-potentiality) and global singu-
larity during attention aggregation, and then perform uncon-
strained attention aggregation across the entire image after
multiple layers of matching capability enhancement.

We propose and validate the effectiveness of using sin-
gularity and co-potentiality as prior knowledge to guide
graph attention networks in feature matching. SGAT en-
hances attention interaction of intra-view features between
keypoints with singularity and high matching potential by
using keypoints’ singularity and co-potentiality as priors,
combined with Singularity-aware Attention (SA-Attention).
Meanwhile, SGAT effectively suppresses the interference of
”atypical” keypoints lacking matching potential in feature
learning. To further enhance matching robustness, we use
pre-perceived Co-potentiality Features as priors and adopt
Co-potentiality Guided Attention (CoP-Attention) to implic-
itly enhance feature matching potential perception. This de-
sign enables the network to focus not only on keypoints’
uniqueness but also on their matching potential during fea-
ture interaction, thereby more precisely guiding attention to
keypoints with genuine matching value and significantly im-
proving matching capability. As shown in Figure 1, in tex-
tureless indoor scenes, our method achieves better pose es-
timation accuracy compared to competitive sparse matching
and semi-dense matching baselines.

Specifically, our approach includes the following key
technical innovations:

• A Singularity-enhanced Graph Attention Network
(SGAT) that achieves state-of-the-art performance in fea-
ture matching across complex scenes with extensive tex-
tureless areas.

• We propose a novel Co-potentiality Estimation Network
and Multi-Scale Singularity Estimation module for pre-
cisely evaluating feature singularities at identified key-
points.

• Introduction of Singularity-aware Attention (SA-
Attention) and Co-potentiality Guided Attention
(CoP-Attention) mechanisms to enhance the robustness
of feature matching.

Related Work
Descriptor-based Image Matching Methods
Traditional image matching methods (LoweDavid 2004)
rely on hand-crafted features for keypoint detection, descrip-
tion, and matching. Deep neural networks have improved
keypoint detection (Rosten and Drummond 2006; Savinov
et al. 2017; Laguna et al. 2019) and description (Tian et al.
2019; Ebel et al. 2019), with end-to-end approaches (Dus-
manu et al. 2019; DeTone, Malisiewicz, and Rabinovich
2018; Revaud et al. 2019; Luo et al. 2020; Tian et al. 2020)
like DISK (Tyszkiewicz, Fua, and Trulls 2020b), ALIKED
(Zhao et al. 2023), and DeDoDe (Edstedt et al. 2024) en-
hancing geometric invariance and 3D consistency.
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Figure 2: Pipeline Overview. (1) Given a pair of images, SuperPoint is used to detect keypoints and extract descriptors, while
frozen DINOv2 Backbone extracts DINO features. (2) Co-potentiality Estimation is then performed, obtaining Co-potentiality
Features through multi-layer Efficient Transformer on LIFT(Suri et al. 2024) upsampled features, and Co-potentiality Map
through Classifier. (3) DINO features undergo Multi-Level Feature Resample and Self-similarity Computation, utilizing Co-
potentiality Map to obtain Singularity Map. (4) Based on the keypoint positions, Point-wise Co-potentiality Features and Point-
wise Singularity Weights are extracted from the Co-potentiality Feature and Singularity Map. (5) N alternating iterations of
Intra-view Attention and Cross-view Attention are performed, with matching predicted at each layer, where Intra-view utilizes
Singularity-aware Attention (SA-Attention) and Co-potentiality Guided Attention (CoP-Attention) for attention enhancement.

Attention-based Sparse Matching Methods
SuperGlue (Sarlin et al. 2020) pioneered Transformers for
matching, using attention graph neural networks for partial
assignment. SGMNet (Chen et al. 2021), and MakeGNN (Li
and Ma 2024) improved efficiency via sparse graphs and
geometry-aware attention. LightGlue (Lindenberger, Sar-
lin, and Pollefeys 2023) adjusts network depth dynami-
cally,OmniGlue (Jiang et al. 2024) and SemaGlue (Zhang
et al. 2025b) leverage foundation models for cross-domain
generalization. Meanwhile, methods such as ResMatch and
AGNet(Deng et al. 2024; Chen et al. 2025; Li et al. 2024;
Liu et al. 2025a; Zhang et al. 2025a) incorporate various
prior knowledge to enhance matching performance. How-
ever, keypoint detection struggles in texture-poor regions.
Unlike these, our model excels in weakly-textured scenes
using singularity priors for attention enhancement.

Attention-based Semi-Dense Matching Methods
Detector-free methods like LoFTR (Sun et al. 2021) use
Transformers for coarse-to-fine dense matching. ASpan-
Former (Chen et al. 2022a) improves long-range dependen-
cies via hierarchical attention. Efficient LoFTR (Wang et al.
2024) optimizes speed with aggregated attention. QuadTree
(Tang et al. 2022) reduces complexity through token pyra-
mids. MESA (Zhang and Zhao 2024) and PRISM (Cai et al.
2024b) reduce redundancy via segmentation and pruning.
AdaMatcher (Huang et al. 2022) achieves adaptive assign-
ment. These methods, though robust, often lack efficiency

compared to sparse approaches.

Method
Overview
For a pair of images A and B with n and m keypoints (in-
dexed by α and β), the core matching task is to find the
optimal correspondence from the Cartesian product space
α × β. To this end, we extract keypoint positions PA,PB

and descriptors DA
0 ,D

B
0 . These are supplemented by fea-

tures FA,FB from a frozen pre-trained DINOv2 model. The
overall pipeline is shown in Figure 2.

Co-potentiality Estimation
To mitigate feature interference from non-matchable regions
(e.g., occluded or out-of-view areas), we introduce a Co-
potentiality estimation module. This module predicts the
probability of each feature point successfully establishing a
stable match, effectively guiding the attention mechanism.

To predict feature point co-potentiality, we first upsam-
ple the DINO features (1/14 scale) FA and FB of the im-
age pair to (1/8 scale) through LIFT. Following the design
of ELoFTR, this module employs efficient intra-view self-
attention and inter-view cross-attention mechanisms.

The transformed feature maps are upsampled and fused
with the original features to obtain co-potentiality enhanced
features FA

CoP and FB
CoP . To generate the Co-potentiality

Map, a simple linear classification head is applied to each
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patch region i of these enhanced features, yielding a Co-
potentiality Score ci. These scores collectively constitute the
final Co-potentiality Map C, which is supervised by cross-
entropy loss during training.

Multi-Scale Singularity Estimation
Global Singularity Computation The singularity of an
image patch is determined by the number of highly sim-
ilar regions within the image. When a patch exhibits few
similar regions, its singularity becomes more pronounced,
thereby providing a more stable and reliable basis for fea-
ture matching.To perform Global Singularity Computation
(GSC), we compute the global singularity via Global Self-
Similarity Computation (GSSC).For scale k, for patch re-
gion i to be predicted, we compute its local region singu-
larity measure ski , and finally obtain the singularity measure
map Sk at scale k:

ski = GSC(F k, i) = 1− 1

N

N∑
j=1

⊮[sim(fk
i , f

k
j ) > τ ] (1)

where sim(fk
i , f

k
j ) represents the cosine similarity between

pixel-level features at positions i and j in feature map F k,
N is the total number of pixels in the feature map F k, τ is
the similarity threshold, and ⊮[·] is the indicator function.

Figure 3: Multi-Scale Singularity Estimation Module.

Multi-Scale Singularity Computation Single-scale sin-
gularity measurement underestimates regional singularity
when semantic elements contain repetitive regions with high
self-similarity. We therefore propose a multi-scale measure-
ment approach (shown in Figure 3) that fuses scores across
different scales with the Co-potentiality Map C to compute
the final singularity map Sms.

Sms = C ⊙
4∑

k=1

wk · Upsample(Sk) (2)

where wk is the weight associated with scale k, C represents
the Co-potentiality coefficient, and Upsample denotes the
upsampling operation.

Subsequently, Point-wise Co-potentiality Features and
Point-wise Singularity Weights are extracted at the keypoint

Figure 4: Visualization of Singularity Maps across four
different scenarios. Red indicates higher confidence levels
while blue indicates lower confidence.

level from Sms and FCoP , respectively. Visualization results
of the singularity score maps in different scenarios are pre-
sented in Figure 4.

Singularity and Co-potentiality Enhanced
Attention
We sequentially apply three attention mechanisms to op-
timize pre-extracted keypoint descriptors: (1) Singularity-
aware Attention (2) Co-potentiality Guided Attention and
(3) Cross-View Attention.

Singularity-aware Attention To enhance attention effec-
tiveness and focus on key matching points, we propose
Singularity-aware Attention. This approach recognizes that
keypoints have varying importance, with highly singular
points deserving more weight during attention aggregation.
We implement this by introducing a learnable bias matrix
Al into the self-attention formula:

DSA
l = softmax

(
QlK

T
l√

dk
+Al

)
Vl +Dl−1 (3)

where DSA
l is the layer l output features, and Ql, Kl, Vl

are query, key, and value matrices from input features Dl−1.
The bias matrix Al is constructed as follows: for any ele-
ment aijl in the attention score matrix, its bias value depends
on the singularity score Sms

j of the keypoint j :

aijl = αl · Sms
j (4)

Here, Sms
j is the normalized singularity score of keypoint j,

and αl is a learnable scalar parameter. This bias value aij is
broadcast to all rows in the j-th column of the matrix Al.
This design ensures that keys with higher singularity scores
receive higher initial scores, leading to greater weights after
the Softmax operation. Importantly, this is not a hard con-
straint but rather provides flexible guidance for the network
to learn from.
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Figure 5: Singularity and Co-potentiality Enhanced Atten-
tion Module. SA-Attention utilizes the estimated Singularity
Map for attention weighting to enhance singularity aware-
ness, while CoP-Attention employs cross-attention with Co-
potentiality Features to implicitly enhance feature matching
potential awareness.

Co-potentiality Guided Attention Using pre-perceived
Co-potentiality Features FA

CoP and FB
CoP as prior knowl-

edge, we employ Co-potentiality Guided Attention (CoP-
Attention) to implicitly enhance the feature matching poten-
tial awareness.

Specifically, we employ a Transformer-based enhance-
ment module where the descriptor features refined by self-
attention, DSA

l , serve as the Query. The co-potentiality fea-
tures, FCoP , are utilized as both the Key and the Value. This
process yields the co-potentiality guided attention output,
denoted as DCoP

l .

Cross-View attention Subsequently, Cross-View atten-
tion is performed to achieve mutual updates between key-
points of the two images, resulting in Dl. Next, a lightweight
match head module is employed to estimate the matchabil-
ity scores ℓσA

j , ℓσB
j , and the soft partial assignment matrix

ℓPij.

Supervision
The training process consists of two stages, with supervi-
sion losses designed separately for covisibility estimation
and matching network.

Stage I: Co-potentiality Estimation Loss In the first
stage, we employ the Binary Cross-Entropy (BCE) loss
function to train the Co-potentiality estimation module. This
module models the Co-potentiality of each grid region as a
binary classification problem, aiming to predict the match-
ing probability between grid points across two images.
Based on the above definition, the Co-potentiality Estima-
tion Loss Lcop can be expressed as:

Lcop =
1

N

H∑
i=1

W∑
j=1

BCE(lij ,Mij) (5)

where: lij ∈ R represents the logit value output by the
model at position (i, j), Mij ∈ {0, 1} is the binary label
at the corresponding position in the mask image, H,W are
the height and width of the feature map respectively, N =
H ×W is the total number of grid points, and BCE denotes
the binary cross-entropy loss.

Stage II: Matching Network Loss In the second stage,
the matching network learns to generate an assignment ma-
trix P that describes image matching relationships. Similar
to Stage I, the ground truth matching set M is determined
through two-view geometry, excluding outlier sets A and B.
The total loss function for the matching network is formu-
lated as:

Lassign = −
∑
ℓ

 1

|M|
∑

(i,j)∈M

log(ℓPij)

+
1

2|A|

∑
i∈A

log(1− ℓσA
i ) +

1

2|B|

∑
j∈B

log(1− ℓσB
j )


(6)

where the first term represents the matching loss that en-
courages high probabilities for correct correspondences, and
the second and third terms represent the outlier losses for
images A and B respectively, which promote proper identi-
fication of outlier features.

Experiments
In this section, we comprehensively evaluate the proposed
SGAT method. We first introduce the implementation de-
tails, then compare with existing methods on three main
tasks: indoor relative pose estimation, outdoor relative pose
estimation, and homography estimation. Finally, we analyze
the effectiveness of each component through ablation stud-
ies.

Implementation Details
We train on the MegaDepth dataset, which comprises over
1 million images from 196 landmarks with SfM reconstruc-
tions. For co-potential estimation, we extract patch features
from DINOv2 ViT-B/14 (patch size of 14, feature dimension
of 768). The matching network consists of 9 attention layers
(each with 4 heads and 256 dimensions): the initial 4 lay-
ers incorporate Singularity Maps in SA-Attention, while the
remaining 5 use unconstrained self-attention.

The training process is divided into two stages: (1) train-
ing the Covisibility Estimation module from scratch using
the AdamW optimizer (learning rate of 4× 10−3, batch size
of 4, for 30 epochs); (2) fine-tuning initialized with GIM-
LightGlue weights, extracting 2048 SuperPoint keypoints
(learning rate of 1× 10−5, batch size of 16, for 10 epochs).

Regarding network hyperparameter configuration, in the
Global Singularity Computation module, the similarity
threshold τ is set to 0.7. For multi-scale feature fusion, the
weights wi are uniformly set to 1

4 . The attention weight-
ing coefficient α1 is adaptively learned through end-to-end
training. Detailed hyperparameter ablation studies are pro-
vided in the appendix.
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Method ScanNet ScanNet++ MegaDepth1500 Times(ms)
@5° @10° @20° @5° @10° @20° @5° @10° @20°

SP+NN 9.54 21.68 37.17 3.4 8.57 16.3 31.7 46.8 60.1 18.1
DISK+NN 8.62 19.81 33.01 2.96 7.17 13.2 36.7 52.9 65.9 43.2

ALIKED+NN 8.93 20.95 35.45 3.46 8.26 15.09 41.9 58.4 71.7 28.6
DeDoDe+NN 10.22 22.07 35.37 3.78 8.56 15.08 49.4 65.5 77.7 85.8

LoFTR 16.73 33.63 49.66 6.72 14.4 23.5 52.8 69.2 81.2 117.9
ASpanFormer 18.66 36.97 54.20 8.57 17.66 27.9 55.3 71.5 83.1 171.5

ELoFTR 18.66 36.84 54.38 7.78 16.33 25.97 56.4 72.2 83.5 65.2
SuperGlue 17.20 35.13 53.67 7.59 16.83 27.92 48.5 66.2 79.3 49.9

LightGlue-O 15.96 33.49 51.26 6.52 15.07 25.63 49.9 66.8 79.9 39.0
LightGlue-G 16.45 34.62 52.54 7.63 16.71 27.58 50.3 67.9 80.9 38.9

SGMNet 14.53 31.02 48.62 6.44 14.52 24.66 43.2 61.6 75.6 45.1
OmniGlue 13.52 28.1 44.22 5.2 11.68 20.04 44.31 61.75 75.56 123.5

SGAT(Ours) 22.84 43.29 61.45 9.82 20.79 33.25 50.7 68.2 80.7 50.1

Table 1: RANSAC relative pose estimation results across ScanNet1500, ScanNet++, and MegaDepth1500 datasets. We evaluate
all methods using models trained on the MegaDepth dataset. The AUC of pose errors under different thresholds is shown, where
all input images are resized to 640× 480. Second-best results are underlined, and best results are shown in bold. LightGlue-O
and LightGlue-G denote the official pre-trained LightGlue model and the LightGlue model trained by GIM, respectively.

Indoor Pose Estimation

∆T Method RANSAC AUC
@5° @10° @20° mAA

1

SGAT(Ours) 0.1479 0.3180 0.5112 0.2102
LightGlue-G 0.1354 0.2937 0.4793 0.1948
LightGlue-O 0.1217 0.2728 0.4534 0.1806

ELoFTR 0.1514 0.3091 0.4895 0.2054

2

SGAT(Ours) 0.1624 0.3331 0.5063 0.2157
LightGlue-G 0.1307 0.2868 0.4502 0.1856
LightGlue-O 0.1257 0.2730 0.4416 0.1792

ELoFTR 0.1550 0.3001 0.4540 0.1979

3

SGAT(Ours) 0.1562 0.3129 0.4755 0.2041
LightGlue-G 0.1185 0.2631 0.4161 0.1692
LightGlue-O 0.1084 0.2425 0.3922 0.1579

ELoFTR 0.1363 0.2738 0.4101 0.1775

4

SGAT(Ours) 0.1530 0.3037 0.4535 0.1969
LightGlue-G 0.1016 0.2368 0.3757 0.1508
LightGlue-O 0.1008 0.2190 0.3517 0.1427

ELoFTR 0.1235 0.2470 0.3677 0.1588

Table 2: Relative pose estimation results on the ScanNet-IS
dataset. The table shows AUC values for pose error at differ-
ent thresholds on Interval-Sampled ScanNet (larger intervals
indicate less overlap and more challenging matching). All
input images are resized to 640 × 480 resolution. Second-
best results are underlined, while best results are shown in
bold.

We evaluate our method on ScanNet1500(Dai et al.
2017), ScanNet-IS(Interval-Sampled from the ScanNet test
set) , and ScanNet++(Yeshwanth et al. 2023). Compar-
isons are made against descriptor-based methods (Su-
perPoint (DeTone, Malisiewicz, and Rabinovich 2018),
DISK (Tyszkiewicz, Fua, and Trulls 2020a), ALIKED (Zhao
et al. 2023), DeDoDe (Edstedt et al. 2024)), semi-dense
matchers (LoFTR (Sun et al. 2021), ELoFTR (Wang et al.

Experiment MMA DLT RANSAC
@1px @3px @1px @3px @1px @3px

ALIKED+NN 47.2 79.5 6.1 19.69 21.64 51.39
DISK+NN 37.9 81.6 1.74 5.2 34.34 55.19
SP+NN 23.9 65.4 2.92 7.62 32.59 49.6

ELoFTR 66.6 90.1 29.85 54.36 38.84 61.65
ASpanFormer 72.0 94.3 39.67 65.99 28.04 57.2

SGMNet 26.5 80.7 29.45 62.86 32.73 55.05
SuperGlue 28.4 86.2 32.56 65.84 33.77 56.93
LightGlue-O 29.6 88.4 36.13 68.09 34.71 57.78
SGAT(Ours) 29.9 90.2 37.02 68.77 34.72 57.21

Table 3: Homography estimation results on the HPatches
dataset. The Mean Matching Accuracy (%) at different
thresholds and the AUC (%) of corner reprojection error
for homography estimation using both non-robust estimator
(DLT) and robust estimator (RANSAC) are reported.

2024), ASpanFormer (Chen et al. 2022a)), and sparse
matchers (SuperGlue (Sarlin et al. 2020), SGMNet (Chen
et al. 2021), OmniGlue (Jiang et al. 2024), LightGlue (Lin-
denberger, Sarlin, and Pollefeys 2023; Shen et al. 2024).

SGAT consistently outperforms competing methods
across these datasets. As shown in Table 1, on ScanNet1500,
it surpasses ELoFTR at all thresholds. On ScanNet++, it
achieves a higher mAA compared to ASpanFormer. Com-
putational times for different method categories are also re-
ported to highlight efficiency.

On ScanNet-IS (Table 2), the advantages become more
pronounced with larger sampling intervals, demonstrating
robustness to minimal overlap.

For descriptor-based methods, we report the total time
for descriptor extraction and nearest neighbor matching. For
sparse and semi-dense matching methods, we report only the
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Figure 6: Qualitative Results. Our method is compared
with the sparse matching pipeline SuperPoint (DeTone,
Malisiewicz, and Rabinovich 2018)+LightGlue-GIM (Shen
et al. 2024) and the semi-dense matcher ELoFTR(Wang
et al. 2024). In image pairs containing textureless regions
and large viewpoint changes, our method can perform
matching robustly. Red indicates an epipolar error exceed-
ing 5× 10−4 (in normalized image coordinates).

inference time of the matching network.

Outdoor Pose Estimation
We evaluate our method on the MegaDepth dataset using
1,500 image pairs from the ”Sacre Coeur” and ”St. Peter’s
Square” scenes. As shown in Table 1, SGAT achieves supe-
rior performance among sparse matching methods.

Homography Estimation
We evaluate homography estimation on the
HPatches(Balntas et al. 2017) dataset, which contains
planar scene image sequences captured under different
viewpoints and lighting conditions. As shown in Table 3,
among sparse matching methods, SGAT achieves the best
results on both MMA and DLT metrics.

Ablation Studies

Method Pose Estimation AUC

@5° @10° @20°

1) LightGlue-G (baseline) 16.45 34.62 52.54
2) CoP Feature → frozen DINOv2 14.79 30.44 47.32
3) Remove CoP-Attn 21.95 41.65 59.87
4) SA-Attn → Vanilla 21.44 41.58 60.14
5) SW: Add → Mult 19.91 38.75 57.16
6) Singularity → Single-scale 22.6 42.55 60.88
7) DINOv2 → ResNet-50 21.38 41.62 60.24
Full Model 22.84 43.29 61.45

Table 4: Ablation Studies.

In this section, we conduct a series of ablation experi-
ments to analyze the effectiveness of key components in
our proposed Singularity-enhanced Graph Attention Net-
work (SGAT). All ablation experiments are performed on

the ScanNet1500 dataset using pose estimation AUC as the
evaluation metric, with results shown in Table 4.

Co-potentiality Feature’s Impact and CoP-Attention
Necessity: To verify conditional features’ importance in
CoP-Attention, we replaced them with frozen DINOv2 fea-
tures (Table 4, Row 2), showing performance degradation
compared to the baseline and complete model. This in-
dicates pre-perceived Co-potentiality Features are crucial
for attention guidance. We also validated CoP-Attention by
removing it while keeping SA-Attention (Row 3), which
improved over baseline but remained below the complete
model, showing both mechanisms’ importance.

SA-Attention Effectiveness and Feature Process-
ing: Replacing SA-Attention with standard Vanilla Self-
Attention while keeping CoP-Attention (Row 4) decreased
performance similarly to removing CoP-Attention. We stud-
ied singularity weighting (SW) by changing from addi-
tion to multiplication (Row 5), finding significant degrada-
tion. Testing single-scale versus multi-scale singularity mea-
surement (Row 6) demonstrated multi-scale’s advantages in
comprehensive feature capture.Substituting the frozen DI-
NOv2 with an ImageNet-pretrained ResNet-50 for prior
computation (Row 7) still yielded substantial improvements
compared to the baseline, indicating that the performance
gains are not solely dependent on DINOv2’s characteristics
but rather stem from the inherent design of SGAT.

These ablation experiments validate each SGAT net-
work module’s effectiveness, showing SA-Attention and
CoP-Attention’s collaborative enhancement of image fea-
ture matching in complex scenes.

Conclusions
In this paper, we propose the Singularity-enhanced Graph
Attention Network (SGAT) to address the performance bot-
tleneck of existing attention-based image feature matching
methods in challenging scenarios such as low-texture envi-
ronments. SGAT enhances the perception of high-matching-
potential regions through multi-scale singularity measure-
ments as prior knowledge, combined with Singularity-
Aware Attention (SA-Attention) and Co-potentiality Guided
Attention (CoP-Attention) mechanisms. Experimental re-
sults on multiple benchmark datasets demonstrate that this
method significantly outperforms existing state-of-the-art
approaches, exhibiting superior matching performance and
robustness particularly in complex scenarios with weak tex-
tures.
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