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Abstract

Feature matching between image pairs is a fundamental prob-
lem in computer vision that drives many applications, such
as SLAM. Recently, semi-dense matching approaches have
achieved substantial performance enhancements and estab-
lished a widely-accepted coarse-to-fine paradigm. However,
the majority of existing methods focus on improving coarse
feature representation rather than the fine-matching module.
Prior fine-matching techniques, which rely on point-to-patch
matching probability expectation or direct regression, often
lack precision and do not guarantee the continuity of fea-
ture points across sequential images. To address this limita-
tion, this paper concentrates on enhancing the fine-matching
module in the semi-dense matching framework. We employ
a lightweight and efficient homography estimation network
to generate the perspective mapping between patches ob-
tained from coarse matching. This patch-to-patch approach
achieves the overall alignment of two patches, resulting in
a higher sub-pixel accuracy by incorporating additional con-
straints. By leveraging the homography estimation between
patches, we can achieve a dense matching result with low
computational cost. Extensive experiments demonstrate that
our method achieves higher accuracy compared to previous
semi-dense matchers. Meanwhile, our dense matching results
exhibit similar end-point-error accuracy compared to previ-
ous dense matchers while maintaining semi-dense efficiency.

1 Introduction
Feature matching is a fundamental computer vision task that
estimates pairs of pixels corresponding to the same 3D point
from two images. This task is crucial for many downstream
applications, such as Structure from Motion (SfM) (Schon-
berger and Frahm 2016; He et al. 2024), Simultaneous Lo-
calization and Mapping (SLAM) (Mur-Artal, Montiel, and
Tardos 2015; Mur-Artal and Tardós 2017), visual localiza-
tion (Sarlin et al. 2019; Wang et al. 2024a), image stitching
(Zaragoza et al. 2013a), etc.

Early approaches predominantly relied on feature detec-
tors, which involved identifying salient points in a pair of
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Figure 1: A visualization of dense matching results from our
proposed HomoMatcher and dense matching method RoMa
(Edstedt et al. 2024). The HomoMatcher operates within a
semi-dense framework, maintaining efficiency and enabling
the flexible expansion of dense mappings from semi-dense
results. Middle row is RoMa’s results, which show warps
with certainty values above a threshold of 0.02. Bottom row
presents our results, demonstrating our method’s capability
for dense matching refinement.

images, crafting descriptors for these points, and subse-
quently accomplishing feature matching. The focus during
this period was on creating more efficient feature detectors,
leading to the development of methods like SIFT (Lowe
2004), ORB (Rublee et al. 2011), and other learning-based
techniques (DeTone, Malisiewicz, and Rabinovich 2018).
However, the dependence on detectors significantly reduce
robustness, resulting in failures in scenarios with textureless
regions or large viewpint changes.

Recently, LoFTR (Sun et al. 2021) introduces a detector-
free method based on a coarse-to-fine paradigm. It leverages
the context aggregation and positional encoding capabili-
ties of Transformer (Vaswani 2017) to generate discrimina-
tive coarse features, making it more adept at handling tex-
tureless scene. Mutual nearest neighbor strategies are em-
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ployed to obtain coarse matches, which are then used to ex-
tract corresponding patch pairs from fine-level feature maps
with high-resolution for further refinement. Fine-matching
is performed based on the correlation and expectation calcu-
lated from the source patch center point and the target patch.
ASpanFormer (Chen et al. 2022) processes an uncertainty-
driven scheme to adaptively adjust local attention span, im-
proving model performance through stronger feature rep-
resentation. Nevertheless, the fine-matching still relies on
point-to-patch refinement. This method of calculating ex-
pectation using point-to-patch matching can be influenced
by irrelevant regions, leading to spatial variance that may
affect fine-grained accuracy (Wang et al. 2024b).

Several methods have also refined fine-level matching.
Efficient LoFTR (Wang et al. 2024b) employs a two-stage
refinement strategy to reduce the size of the corresponding
patches, but it still relies on computing point-to-patch corre-
lation expectations. (Chen et al. 2024) uses both patches for
fine-matching, but directly regresses the offset of the source
patch center without leveraging the geometric relationships
between the two patches. As a result, it still only achieves
semi-dense matching with a single point per patch.

To address the aforementioned issues and considering
the perspective transformation relationship among matched
patches (Zaragoza et al. 2013a), we propose a lightweight
yet effective homography estimation network to determine
the fine-grained mapping between matched patch pairs. Our
approach aligns patches by focusing on highly correlated re-
gions, leveraging richer constraints to minimize the influ-
ence of irrelevant areas and achieve more accurate results.

With the obtained homography estimation, sparse or
dense matching between the two patches can be performed
freely and rapidly. Prior to this, detector-free methods
like LoFTR encountered challenges in maintaining consis-
tency of keypoints throughout sequential image matching
in SLAM or SfM applications. Specifically, when an im-
age is matched as a target at one moment and later served
as a source, the resulting keypoints could be inconsistent,
thereby impacting the Bundle Adjustment (BA) process dur-
ing SLAM back-end optimization which needs a set of 2D
keypoint locations in multi-view images corresponding to
the same 3D point (Peng et al. 2022). Our method can obtain
match results from any position within the patches, ensuring
continuity of keypoints during sequential matching.

Compared to dense matching methods (Edstedt et al.
2023, 2024), our model maintains the efficiency of semi-
dense approaches. The fine-matching module we proposed
can be directly integrated into existing detector-free methods
utilizing a coarse-to-fine framework. We conduct compre-
hensive experiments on the LoFTR and ASpanFormer mod-
els, demonstrating that our method significantly enhances
model performance, even reaching state-of-the-art levels for
semi-dense matching methods. Remarkably, our lightweight
version also boosts the original model performances while
maintaining faster processing speeds.

We also calculated the end-point error, a deterministic
metric commonly used in the dense method (Edstedt et al.
2024), to explicitly evaluate the model’s performance in
fine-grained matching. The experimental results indicate

that our method significantly outperforms other semi-dense
approaches and achieves similar results to dense methods.

In summary, our main contributions are as follows:
• We introduce a novel fine-matching module based on ho-

mography estimation, which suppresses spatial variance
caused by irrelevant regions during refinement through
patch-to-patch global alignment, achieving more accu-
rate sub-pixel level matches.

• By leveraging homography estimation between patches,
our method provides matching results for any point
within the patch, ensuring keypoint repeatability. Addi-
tionally, it allows for densification of matches with the
efficiency of semi-dense methods.

• The proposed method can be directly integrated into ex-
isting semi-dense approaches, and experiments demon-
strate that replacing their fine-matching modules with our
method significantly improves matching accuracy.

2 Related Work
Semi-Dense Image Matching. The semi-dense matching
methods perform global matching solely at the downsam-
pled coarse level, failing to deliver dense matching results
at the original image resolution. Approaches like (Rocco
et al. 2018; Rocco, Arandjelović, and Sivic 2020; Li et al.
2020) obtain image correspondences from 4D correlation
volumes, but the limited receptive field of CNNs often leads
to lower accuracy compared to sparse methods. LoFTR
(Sun et al. 2021) first utilizes Transformer modules to semi-
dense matching, enhancing performance through context-
awareness and positional encoding. It employs a coarse-to-
fine paradigm, initially enhancing features at the downsam-
pled coarse level. These enhanced features are then used
to obtain coarse matches through a mutual nearest neigh-
bor mechanism. The matching is subsequently refined on
high-resolution fine-level features using point-to-patch cor-
relation. Subsequent works have improved matching accu-
racy by enhancing coarse-level features further. Methods
such as (Chen et al. 2022, 2024) use optical flow estimates
to focus attention on relevant regions, enhancing the dis-
criminability of coarse features. (Yu et al. 2023) introduces
a spot-guided aggregation module to minimize the impact
of irrelevant areas during feature aggregation, though it still
uses LoFTR refinement approach. (Wang et al. 2024b) notes
that LoFTR’s refinement is affected by irrelevant regions
leading to positional variance and proposes a two-stage ap-
proach: further matching fine-level patch pairs using MNN
and refining within a smaller region using refinement-by-
expectation. Motivated by similar goals, we globally align
patches and focus on highly correlated areas to reduce po-
sitional variance, significantly improving matching accu-
racy. Additionally, unlike previous methods that require
Transformer-based enhancements or feature fusion for fine-
level features before fine-matching, our approach directly
utilizes fine-level features extracted by the backbone. And
our method achieves dense matching by obtaining all corre-
spondences within the patches, as shown in Figure 1.

Dense Image Matching. Dense matching methods aim
to obtain all pixel correspondences between images. DKM
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Figure 2: An illustration of the proposed method.We use a CNN backbone to extract coarse-level and fine-level features from
the given images IA and IB . Initially, we enhance the coarse features and then obtain the coarse matching result Mc using the
MNN criterion. For each match (i, j) ∈ Mc, we extract patch pairs of size w × w from the fine-level features centered at the
upsampled position, resulting in FP

A and FP
B . We estimate the homography H between matched patches iteratively to refine the

subpixel-level matches, yielding the refined matches Mf . We can also obtain the corresponding dense matches Md.

(Edstedt et al. 2023) models dense matching as a probabilis-
tic problem and estimates a dense certainty map to filter
matching results. It follows a coarse-to-fine paradigm, re-
fining results through a multi-scale refinement module that
continuously upsamples previous matches and inputs them
along with fine-level features into a CNN for regression.
(Edstedt et al. 2024) builds on DKM, using a more power-
ful feature encoder and replacing the original CNN-based
decoder with a transformer-based decoder during coarse
matching. (Zhu and Liu 2023) replaces DKM probabilis-
tic regression with a correlation-based matching process and
applies a similar refinement strategy. Although these dense
methods offer higher accuracy, they are computationally ex-
pensive and often slow for many practical tasks. Our pro-
posed method, based on a semi-dense framework, achieves
dense matching results with comparable pixel-level accu-
racy, while being significantly faster.

Homography Estimation Traditional homography esti-
mation methods involve detecting and matching feature
points, outlier removal, and computing the homography ma-
trix using Direct Linear Transformation (DLT) (Hartley and
Zisserman 2003). (DeTone, Malisiewicz, and Rabinovich
2016) pioneered deep learning-based homography estima-
tion methods. (Nguyen et al. 2018) introduced an unsu-
pervised homography estimation approach by calculating
photometric errors. (Zhao, Huang, and Zhang 2021) in-
corporated the Lucas-Kanade (LK) algorithm (Lucas and

Kanade 1981) for iterative homography estimation. IHN
(Cao et al. 2022) further improves homography estimation
performance using global motion aggregation and correla-
tion calculations. HomoGAN (Hong et al. 2022) introduces
an unsupervised homography estimation network based on
Transformers and GANs, which improves performance but
significantly increases computational cost.

3 Method
3.1 Preliminary
As illustrated in Figure 2, our approach adopts the coarse-to-
fine paradigm pioneered by LoFTR (Sun et al. 2021). Given
a pair of images, IA and IB , our network generates coarse
matches at a downsampled resolution, which are then re-
fined using homography estimation. Initially, both images
are processed through a ResNet backbone with a Feature
Pyramid Network (FPN) for multi-level feature extraction.
The coarse-level features are extracted at 1/8 of the original
resolution, while the fine-level features are at 1/2.

These coarse features undergo feature enhancement
through iterative self/cross attention modules after posi-
tional encoding, implemented via a transformer. Some re-
cent methods employ adaptive attention areas (Chen et al.
2022) or Deformable Attention (Chen et al. 2024) to further
enhance feature representation. Upon obtaining discrimina-
tive coarse features, a score matrix is derived from the in-
ner product of features, and a preliminary match probability
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matrix Pc is obtained using a dual-softmax operator. Next,
coarse matching results Mc are determined using Mutual-
nearest-neighbor (MNN):

Mc = {(i, j) | ∀(i, j) ∈ MNN(Pc),Pc(i, j) ≥ θc} , (1)

where i, j represent positions on the 1/8 downsampled im-
ages of IA and IB , respectively, and θc is the probability
threshold for coarse matching. To achieve sub-pixel accu-
rate matching, feature patches are cropped from the fine-
level features centered around Mc for refinement. Previous
methods would choose a reference point in the source patch
during the fine-matching stage, followed by feature correla-
tion and exception. However, this method can be influenced
by irrelevant regions, contributing to spatial variance.

As demonstrated in (Zaragoza et al. 2013b), small patches
between images can be successfully aligned using homogra-
phy estimation. We propose a method to align patches us-
ing homography estimation, focusing only on regions with
high correlation and ignoring those with low relevance. This
alignment of highly correlated regions between patches re-
sults in a mapping matrix, leading to more precise and robust
outcomes. Details are provided in the following sections.

3.2 Homography Estimation for Fine Matching
We extract patch pairs of size w × w from the fine-level
features centered around the coarse match results (i, j), and
view the number of matches to the batch dimension for pro-
cessing. Given N matches from coarse matching, the result-
ing patch features are FP

A , FP
B ∈ RN×D×w×w, where we

set w as a fixed value.
Inspired by direct SLAM methods (Engel, Schöps, and

Cremers 2014), we aim to optimize a homography matrix
to minimize the differences between corresponding regions
after mapping the patches. Unlike traditional SLAM meth-
ods that optimize based on photometric error, our approach
uses correlation to refine and update the homography. We
sample correlations using the latest estimated homography
matrix and input them as feature values into the network,
effectively reducing the influence of irrelevant areas due to
their low correlation values.

Correlation Computation Based the patch features, we
create the correlation volume C ∈ Rw×w×w×w by comput-
ing the dot product between all feature vector pairs:

Cijkl = ReLU(FP
A (i, j)TFP

B (k, l)). (2)
To extend the receptive field , we apply average pooling

to C over the last 2 dimensions with a stride of 2, producing
an additional correlation volume C

1
2 ∈ Rw×w×w/2×w/2.

Iterative Homography Estimation We iteratively esti-
mate the homography H, initially set as the identity matrix.
A unit coordinate grid X ∈ R2×w×w is generated on the
reference patch FP

A and projected onto X′ ∈ R2×w×w on
FP
B using the current estimate of H. For each coordinate po-

sition x = (u, v) in X and x′ = (u′, v′) in X′, the map-
ping is performed using Equation 3. We then sample the 4D
correlation volume C with X′ using a local square grid of
fixed search radius r, resulting in correlation slices Sk of

w
w

w S w

2r+1
��−1

4D Correlation Volume Sampled Correlation Slice

2r+1

Croped Patch of �� Croped Patch of �� 

��−1

��−1

Figure 3: Visualization of sampling a 4D correlation volume
using homography estimation Hk−1. The top row illustrates
the process of sampling a 4D correlation volume, which has
dimensions w×w×w×w, into a w×w×(2r+1)×(2r+1)
4D correlation slice. The bottom row demonstrates how each
pixel location is sampled from the correlation patch using a
(2r+1)× (2r+1) window based on pixel mapping results.

size w×w× (2r+1)× (2r+1). For the 1/2 down-sampled
C

1
2 , we scale X′ by a factor of 0.5 and apply bilinear inter-

polation to sample and obtain S
1
2 ,k. The sampling process is

illustrated in Figure 3. u′k

v′k

1

 ∼

 Hk
11 Hk

12 Hk
13

Hk
21 Hk

22 Hk
23

Hk
31 Hk

32 1

[
u
v
1

]
. (3)

The homography matrix is parameterized by displace-
ment vectors at the four corners of the patch, represented
as the displacement cube D. We estimate the homography
residual using a CNN-based decoder. At the k-th iteration,
the decoder takes as input the concatenation of the correla-
tion slices Sk, S

1
2 , and the coordinates X and X′k. The de-

coder consists of several convolutional-based units, each re-
ducing the spatial resolution by a factor of 2 until it reaches
a 2× 2 resolution. A final 1× 1 convolutional layer projects
the feature map into a 2 × 2 × 2 cube ∆Dk, representing
the estimated residual displacement vectors for the four cor-
ners. The displacement cube Dk is updated by adding ∆Dk

to Dk−1. The updated Hk is derived from Dk using direct
linear transformation (Abdel-Aziz, Karara, and Hauck 2015)
and is then used to project X in the next iteration.

3.3 Matching Densification
After K iterations, the homography transformation ma-
trix H for each pair of patches is obtained. The center of
the source patch can then be mapped using Equation 3 to
achieve fine-level matching results Mf consistent with the
previous fine-matching module. Additionally, for sequential
images, the matching result of IA at the previous time in-
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(a) Target warp (b) �� =  2 (c) �� =  3 (d) �� =  4

Figure 4: Visualization of the impact of different expansion
radius (re) on match densification. From left to right, the
images show the warp target and the warp results of dense
matching obtained with expansion radius of re = 2, 3, 4.
The zoomed details of the spire further illustrate the reliabil-
ity of our model’s densification.

stance can also be mapped onto the corresponding patch,
ensuring keypoint repeatability.

Based on the obtained patch-level homography transfor-
mation, we can also easily achieve dense matching. Since
the fine-level is at a resolution of 1/2, we can generate an
expanded grid Ge centered at each patch with a step of 0.5
to obtain a dense matching result that can be up-sampled to
the original size of the image. For example, if the expansion
radius re = 0.5 on the fine-level patch, then:

Ge =

[
(−0.5,−0.5) (0,−0.5) (0.5,−0.5)
(−0.5, 0) (0, 0) (0.5, 0)
(−0.5, 0.5) (0, 0.5) (0.5, 0.5)

]
. (4)

Let X = Ge+⌊w
2 ⌋ denote the coordinates on FA

P , we can
use H to obtain dense matching results Md.

Matches Mc are obtained at a 1/8 resolution. Ideally,
re = 2 ensures dense matching results. However, since
coarse matching Mc uses the Mutual Nearest Neighbor
(MNN) method, many-to-one matching results are sup-
pressed to at most one, so re may need to be increased to
achieve dense matching. The effects of different re values
on densification are shown in Figure 4. In cases where the
densification results of different patches overlap, we select
the mapping from the patch whose center is closest to the
overlapping point as the final matching result.

3.4 Supervision
Our proposed fine-matching module can be seamlessly in-
tegrated into existing coarse-to-fine semi-dense matching
models. These models typically employ a hybrid loss func-
tion that incorporates both coarse and fine matching results
for training supervision. During training, we retain all origi-
nal losses except for the fine-level loss, defining the overall
loss as L = Lc +Lf . Lc includes losses associated with the
coarse matching stage, such as the log-likelihood loss com-
puted using the coarse ground truth Mgt, and in some cases,
like in AspanFormer (Chen et al. 2022), an additional opti-
cal flow loss derived from the optical flow obtained during
the coarse matching phase.

The fine-level loss is calculated directly by computing the
L2 loss between the refined matching results and the ground
truth. All coordinates are normalized according to the size
and center points of the respective patches to maintain a con-
sistent scale with the coarse-level loss. Here, we use the den-
sified refined matching for loss calculation, with each patch
being supervised by (2× re/0.5 + 1)2 point pairs. Homog-
raphy estimation can typically be computed with four point
pairs, thus the densified Lf ensures effective supervision for
the homography estimation.

Furthermore, previous methods use coarse matches ob-
tained through Mutual Nearest Neighbor (MNN) for fine-
level supervision, which suppressed one-to-many patch pair
results. This approach is beneficial for coarse matching su-
pervision as it eliminates matching ambiguities. However, it
limits the diversity of samples available for homography es-
timation. To address this, we have additionally incorporated
the suppressed yet correct matches, which are excluded by
MNN, into the supervision of the fine-matching module.

4 Experiments
4.1 Implementation Details
Following (Wang et al. 2024b), our model is trained on the
MegaDepth dataset (Li and Snavely 2018), which consists of
outdoor scenes. All subsequent experiments are conducted
on this trained model to evaluate its generalization capabili-
ties. We integrate the homography estimation fine-matching
module into LoFTR (Sun et al. 2021) and ASpanFormer
(Chen et al. 2022) for separate training sessions, naming the
models LoFTR Homo and ASpan Homo, respectively. The
threshold for obtaining coarse matches is set at θc = 0.2.
The size of patches cropped from the fine-level features is
w = 9. The correlation search radius during iterative ho-
mography estimation is r = 1, with K = 3 iterations. The
densification radius used during loss calculation is re = 2.
The model training utilizes the Adam optimizer with a learn-
ing rate of 1 × 10−3 and a batch size of 8 for 30 epochs on
8 V-100 GPUs. Additionally, we train a heavy version with
parameters w = 17, r = 3, and K = 3 to investigate the full
capabilities of the model, indicated by †.

4.2 Two-view Pose Estimation
Datasets. We employ the MegaDepth (Li and Snavely
2018) and ScanNet (Dai et al. 2017) datasets to validate our
model’s matching capability for relative pose estimation in
both outdoor and indoor settings. MegaDepth consists of 1
M image pairs from 196 3D scenes, providing ground truth
relative poses and depth maps calculated using COLMAP.
We follow the training and validation splits used in previous
methods (Sun et al. 2021), with the validation set compris-
ing 1500 randomly selected image pairs from scenes 0015
and 0022. Images are resized with the longest edge to 832
and 1152 for training and validation, respectively.

ScanNet is a large-scale indoor dataset containing 1613
image sequences, presenting challenges due to textureless
surfaces and varying viewpoints. We evaluate using the same
1500 test image pairs as (Sarlin et al. 2020), with all test
images resized to 480× 640.
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Category Method MegaDepth ScanNet

AUC@5↑ AUC@10 ↑ AUC@20 ↑ AUC@5↑ AUC@10 ↑ AUC@20 ↑

Sparse SP+SG 49.7 67.1 80.6 16.2 32.8 49.7

Semi-Dense

LoFTR 52.8 69.2 81.2 16.9 33.6 50.6
ASpanFormer 55.3 71.5 83.1 19.6 37.7 54.4

LoFTR (E) 56.4 72.2 83.5 19.2 37.0 53.6
Affine 57.3 72.8 84.0 22.0 40.9 58.0

LoFTR Homo∗ 55.1 (↑2.3) 71.8 83.4 18.4 (↑1.5) 35.4 51.8
ASpan Homo∗ 57.1 (↑1.8) 73.0 84.1 22.0 (↑2.4) 40.5 57.2
ASpan Homo† 57.8 (↑2.5) 73.5 84.4 22.1 (↑2.5) 40.9 57.5

Dense DKM 60.4 74.9 85.1 26.6 47.2 64.2
RoMA 62.6 76.7 86.3 28.9 50.4 68.3

Table 1: Results of two-view pose estimation on the MegaDepth (Li and Snavely 2018) and ScanNet (Dai et al. 2017) datasets.
Both datasets are evaluated using the same model trained on MegaDepth. ∗ indicates that our fine-matching module is inserted,
and † denotes the heavy version. Improvements compared to the original method are shown in parentheses.

(a) �� (b) �� (c) RoMa (d) ASpanFormer (e) Ours

Figure 5: Visualization of end-point-error(EPE). The gradients colored from blue to red represent increasing EPE.

Comparative methods. We compared our method against
three types of approaches: 1) Sparse methods based on
the SuperPoint (DeTone, Malisiewicz, and Rabinovich
2018) keypoint detector and SuperGlue (Sarlin et al. 2020)
matcher, 2) Detector-free semi-dense matchers, including
LoFTR (Sun et al. 2021), ASpanFormer (Chen et al. 2022),
Efficient LoFTR (Wang et al. 2024b), and Affine-based
Matcher (Chen et al. 2024), 3) Dense matchers, including
DKM (Edstedt et al. 2023) and RoMa (Edstedt et al. 2024).

Evaluation protocol As with previous methods, we use
the matching results to compute the essential matrix and re-
cover the relative poses. This computation is performed us-
ing OpenCV’s RANSAC implementation with settings con-
sistent with (Sun et al. 2021). We report the AUC of the pose
error at thresholds of 5, 10, and 20 degrees.

Furthermore, we note that relative pose estimation intro-
duces randomness, and the differences between methods sig-
nificantly diminish when using advanced RANSAC tech-
niques (Wang et al. 2024b). Therefore, we additionally mea-
sure the end-point error (EPE) on testing split of MegaDepth
dataset, reporting the percentage of correct keypoints at spe-
cific pixel thresholds, known as the percent correct keypoint

(PCK) (Edstedt et al. 2024). To ensure a fair comparison
across different methods, we use the pixel error between the
sparse matching points used for calculating the relative pose
and the ground-truth correspondences at the original image
resolution. Consistent with (Edstedt et al. 2024), we set the
thresholds at 1px, 3px, and 5px.

Results. As for the relative pose metrics shown in Tab.
1, merely replacing the fine-matching module with our pro-
posed homography estimation method has significantly im-
proved the performance of both LoFTR (Sun et al. 2021)
and ASpanFormer (Chen et al. 2022) on two datasets.
On the MegaDepth dataset, the AUC@5 for ASpan Homo
based LoFTR improved by 4.4%, and for ASpan Homo,
it increased by 3.3%. Furthermore, the ASpan Homo can
achieve performance comparable to the previous state-of-
the-art semi-dense methods.

The PCK results in Tab. 2 and the qualitative examples in
Figure 5 demonstrate that our method significantly outper-
forms previous semi-dense matching methods in pixel-level
accuracy. Dense methods, like RoMa (Edstedt et al. 2024)
with its DINOv2 backbone, often rely on heavier and more
complex architectures, leading to slower runtimes in prac-
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Method @1px ↑ @3px ↑ @5px ↑ Runtime↓

LoFTR 50.6 86.8 92.8 350 ms
ASpanFormer 54.3 90.1 95.6 412 ms
LoFTR (E) 54.4 88.6 93.3 178 ms
LoFTR Homo∗ 57.5 88.9 93.5 379 ms
ASpan Homo∗ 60.2 91.6 96.1 442 ms
ASpan Homo† 62.5 92.5 96.5 697 ms

DKM 62.0 90.7 94.8 1175 ms
RoMA 63.7 92.0 96.0 1527 ms

Table 2: Results for end-point error (EPE) on MegaDepth.
All methods are measured using the fine-level matching at
the real image resolution, computing pixel offset. We report
the percentage of correct keypoints (PCK) with an EPE less
than 1 pixel, 3 pixels, and 5 pixels.

Method @3px ↑ @5px ↑ @10px ↑

SuperGlue 53.9 68.3 81.7
LoFTR 65.9 75.6 84.6
ASpanFormer 67.4 76.9 85.6
LoFTR (E) 66.5 76.4 85.6
ASpan Homo∗ 70.2 79.6 87.8

Table 3: Homography Estimation results on Hpatches
dataset (Balntas et al. 2017).

tical applications. In contrast, our approach achieves com-
parable fine-grained matching accuracy with significantly
lower computational cost. Furthermore, the heavy version
surpasses DKM (Edstedt et al. 2023) in accuracy. On a sin-
gle V100 GPU with MegaDepth images resized to 1152 res-
olution, ASpan Homo runs in 442 ms, the heavy version in
697 ms, while RoMa, using the official code, takes 1527 ms.

4.3 Homography Estimation
The HPatches dataset (Balntas et al. 2017) provides multiple
sets of sequential images of the same scenes under varying
viewpoints and illumination conditions, along with the cor-
responding ground truth homographies. Following the eval-
uation protocol of LoFTR (Sun et al. 2021), we resize the
shorter side of the images to 480. We compute the mean er-
ror of corner points and report the Area Under Curve (AUC)
at three pixel thresholds: 3px, 5px, and 10px, using the same
RANSAC method employed by other approaches to per-
forming homography estimation. The experimental results
in Tab. 3 show that our method significantly outperforms
previous sparse and semi-dense methods.

4.4 Ablation Study
Fine-level Supervision. Benefiting from our model’s ca-
pability to generate dense matching results, we are able to
compute a dense fine-level loss. We conducted ablation stud-
ies to compare semi-dense supervision, where each coarse-
matched patch pair produces only one refinement match-
ing point, against dense supervision. Additionally, we per-

Method EPE PCK↑ Pose Est AUC

@1px @3px @5 @20

semi-dense fine loss 58.6 90.5 56.5 83.8
+ dense fine loss 59.1 90.8 57.0 84.0
+ suppressed matches 60.2 91.6 57.1 84.1

Table 4: Loss ablation study on MegaDepth.

w/r/K
EPE PCK↑ Pose Est AUC↑ Runtime ↓

@1px @3px @5 @20

orig 54.3 90.1 55.3 83.1 29.4 ms
5/1/1 55.6 90.6 56.2 83.3 13.7 ms
9/1/1 58.5 91.5 56.5 83.9 38.7 ms
9/1/3 60.2 91.6 57.1 84.1 58.7 ms
9/3/1 59.9 91.9 57.3 84.0 53.4 ms
9/3/3 60.3 91.9 57.1 84.2 101.4 ms

Table 5: Prameters ablation study on MegaDepth. The run-
time is measured for 1152×1152 images on one V100 GPU.

formed an experiment to assess the impact of incorporating
suppressed yet correct matches into the supervision. The re-
sults in Tab. 4 demonstrate that densified loss significantly
improves the pixel accuracy of fine matching outcomes, and
increasing sample diversity during the refinement training
phase can further boost the model’s performance.

Efficiency Evaluation Within the ASpanFormer (Chen
et al. 2022) framework, we conducted experiments on
the original fine-matching module and our proposed
homography-based fine-matching module with various hy-
perparameters (w, r,K), as shown in Tab. 5. Since our im-
provements are specific to the fine-matching process, we
only report the runtime for this module. It is evident that
heavier model parameters lead to higher accuracy, but also
result in increased runtime. Notably, compared to the orig-
inal fine-matching module, the model with 5/1/1 param-
eters achieves higher matching accuracy more efficiently
while also maintaining the capability for densification. This
demonstrates the potential of our proposed method to be-
come the optimal choice for the fine-matching module
within the semi-dense matching paradigm. Furthermore, our
model demonstrates that increasing complexity can yield
corresponding performance improvements, offering options
for offline tasks that prioritize accuracy over latency.

5 Conclusion
In this work, we introduce a powerful fine-matching module
based on lightweight yet effective homography estimation.
By aligning patch pairs from coarse matches, our approach
reduces the influence of irrelevant areas. Dense matching
results enable comprehensive supervision during training,
which in turn significantly enhances model performance.
The optimized version with 5/1/1 parameters outperforms
previous methods while also offering greater efficiency.
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