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Abstract

Image feature matching is a cardinal problem in computer vi-
sion, aiming to establish accurate correspondences between
two-view images. Existing methods are constrained by the
performance of feature extractors and struggle to capture lo-
cal information affected by sparse texture or occlusions. Rec-
ognizing that human eyes consider not only similar local ge-
ometric features but also high-level semantic information of
scene objects when matching images, this paper introduces
SemaGlue. This novel algorithm perceives and incorporates
semantic information into the matching process. In contrast to
recent approaches that leverage semantic consistency to nar-
row the scope of matching areas, SemaGlue achieves seman-
tic amalgamation with the designed Semantic-Aware Fusion
(SAF) Block by injecting abundant semantic features from
the pre-trained segmentation model. Moreover, the Cross-
Domain Alignment (CDA) Block is proposed to address do-
main alignment issues, bridging the gaps between semantic
and geometric domains to ensure applicable semantic amal-
gamation. Extensive experiments demonstrate that SemaGlue
outperforms state-of-the-art methods across various applica-
tions such as homography estimation, relative pose estima-
tion, and visual localization.

Code — https://github.com/ZeJ-Zhu/SemaGlue

Introduction

Image matching, which aims to establish accurate corre-
spondences between different images of the same scene,
is a critical procedure for various complex vision applica-
tions (Ma et al. 2021), such as panoramic stitching (Brown
and Lowe 2007), visual localization (Schonberger et al.
2018), 3D reconstruction (Koutsoudis et al. 2014), and neu-
ral rendering (Thies, Zollhofer, and Niener 2019). A well-
developed and effective image matching pipeline begins
with detecting and describing feature points in both images,
where significant efforts have been devoted to practical de-
tectors and descriptors (Lowe 2004; DeTone, Malisiewicz,
and Rabinovich 2018). Subsequently, matching algorithms
are conducted based on the visual descriptions to identify
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correspondences between two-view images. This paper fo-
cuses on determining accurate correspondences with exist-
ing feature points, better serving subsequent tasks.

A common method to establish point-to-point correspon-
dences is the Nearest Neighbor (NN). Nevertheless, the gen-
erated matches are inevitably dominated by interference fea-
tures due to the matcher’s lack of inter-/intra-image message
interactions. Thanks to the strength of deep learning, Super-
Glue (Sarlin et al. 2020) as a precursor builds a graph neural
network (GNN) (Wu et al. 2020) that aggregates information
among feature points to enhance their descriptions. Though
the following methods (Chen et al. 2021; Xue, Budvytis,
and Cipolla 2023; Lindenberger, Sarlin, and Pollefeys 2023;
Zhang and Ma 2024b) have elaborately designed more accu-
rate and powerful matchers, subject to the myopic descrip-
tors that focus on local and geometric features narrowly, they
still behave unsatisfactorily, especially in the case of extreme
situations, including sparse texture, illumination variations,
and occlusions. In fact, besides the local and geometric fea-
tures, humans that match two images with the naked eyes
further consider the high-level semantic information about
the scene and the objects, so that they rarely err even though
in texture-less or wild scenes. Thus we lean toward asking
the following questions: Q1: Can we perceive the semantic
information during matching to see more than only local or
geometric features? Q2: How to mingle the semantic infor-
mation applicably during the general matching process?

The conjecture in Q1 that additional semantic information
facilitates the matcher in discriminating some ambiguous
correspondences has been proved recently in MESA (Zhang
and Zhao 2024) and OmniGlue (Jiang et al. 2024). They
utilize semantic consistency, wherein established correspon-
dences should possess identical semantic labels, narrowing
down the exploration area for matching and enhancing the
algorithm’s robustness. However, as for Q2, both of them do
not introduce the semantic messages into the matching pro-
cess appropriately and effectively. Concretely, these meth-
ods that apply semantic priors to pre-select matching re-
gions easily ignore true correspondences if the areas are not
precise, and do not take full advantage of the abundant vi-
sual perception features. Besides, though using pre-trained
foundation visual model (Kirillov et al. 2023; Oquab et al.
2024) could provide broad semantic knowledge, it also suf-
fers from being computationally expensive and resource-
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Figure 1: Visualizing descriptions of feature points. We re-
duce the dimensions of descriptions obtained from matchers
to 3 and represent them in RGB. The left depicts the state-
of-the-art method LightGlue, the middle directly fuses the
semantic priors into a matching pipeline without bridging
the domain gaps through CDA block (i.e., w/o CDA), and
the right is the full SemaGlue that amalgamates semantic
priors applicably. SemaGlue draws feature points more con-
sistently on the same class of objects or proximity seman-
tics, which is expressed as similar colors. The descriptions
obtained by w/o CDA are more cluttered in color similar to
LightGlue with no semantic information injected.

intensive. Therefore, different from the above, we attempt
to propose a new scheme to realize scene perception and
semantic information injection by fully excavating seman-
tic priors from a pre-trained segmentation model as well as
enhancing local features without aggrandizing an unaccept-
able burden. As shown in Figure 1, after amalgamating the
semantic information applicably, the representations of fea-
ture points located at the same semantic area within the two-
view images are more similar to each other than before so
mismatches are much harder to produce.

However, directly fusing semantic priors to enhance
matching descriptions is unreasonable for ignoring the exist-
ing gaps between the semantic and geometric domains. Con-
cretely, in the semantic domain, semantic features, which
capture high-level contextual information, are often abstract
and insensitive to geometric transformations. And in the
geometric domain, local geometric features focus on spa-
tial relationships and structures, making them sensitive to
changes in scale, rotation, and perspective. These dispari-
ties in the nature of captured features lead to misalignment
while fusing them directly, resulting in sub-optimal descrip-
tion representations for precise matching. As shown in Fig-
ure 1, the middle column that ignores the domain gaps does
not amalgamate semantic information applicably so descrip-
tions on the same semantic category are not consistent. Thus,
we attempt to unify the features from these different do-
mains hence inherently exhibiting a higher degree of align-
ment and then amalgamating the semantic priors applicably
and effectively (Wang et al. 2024; Hu et al. 2021). Moti-
vated by (Tzeng et al. 2017; Radford et al. 2021), we ex-
plore a co-domain of the semantic and geometric domains
by seeking the relationships between their feature spaces,
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then align the semantic features from the pre-trained seg-
mentation model with the patterns of local structures in the
co-domain, hence bridging the domain gaps and yielding
more applicable semantic priors for further amalgamation.
The obtained amalgamation-applicable semantic priors pre-
serve the semantic information together with local structural
perception, thereby better serving the matching task.

Overall, to fully mine semantic priors to applicably en-
hance the geometric descriptions, we propose SemaGlue,
the semantic amalgamated representation learning frame-
work which consists of four essential parts: (a) Seman-
tic Extractor that employs SegNext (Guo et al. 2022) as
a lightweight model to extract semantic information; (b)
Cross-Domain Alignment (CDA) Block that eliminates
domain gaps between the semantic and geometric domains,
searching for amalgamation-applicable semantic priors; (c)
Semantic-Aware Fusion (SAF) Block that utilizes the pri-
ors as an instructional signal to enhance the semantic per-
ceptual representations of local descriptions; (d) Informa-
tion Interaction Block that further discriminates the feature
representations to circumvent mismatches.

In summary, this work makes the following contributions:

* We propose SemaGlue, which perceives semantic infor-
mation from a pre-trained segmentation model and inte-
grates it into the image feature matching process.

* We propose a Cross-Domain Alignment Block to align
the feature representations in semantic and geometric do-
mains thereby eliminating the domain gaps and yielding
the amalgamation-applicable semantic priors. Then the
semantic prior further guides the information propaga-
tion during the matching process with the assistance of a
designed Semantic-Aware Fusion Block.

Experiments are conducted across extensive tasks, and
the reported state-of-the-art results demonstrate the su-
periority of SemaGlue. We also provide further analysis
and ablation studies on the interpretability of our model.

Related Work
Classic Image Feature Matching

Traditional image feature matching can be divided into two
processes. The former focuses on obtaining interpretable lo-
cal descriptions and feature points, like SIFT (Lowe 2004),
ORB (Rublee et al. 2011), and Convolutional Neural Net-
work (CNN)-based approaches (DeTone, Malisiewicz, and
Rabinovich 2018; Zhao et al. 2023). While the latter seeks
to remove false correspondences in the coarse matching set,
including traditional methods (Ma et al. 2014, 2019) and
learning-based ones (Yi et al. 2018; Li, Zhang, and Ma 2023;
Zhang and Ma 2024a). However, unlike the two-phased
pipeline, we directly determine correspondences from fea-
ture points and descriptions in an end-to-end manner.

End-to-End Image Feature Matching

SuperGlue (Sarlin et al. 2020) first accomplishes end-to-
end image feature matching relying on GNN’s powerful
capabilities. Then, researchers attempt to further enhance
the network, e.g., KeyGNN (Jiang et al. 2023) focuses
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Figure 2: The framework of SemaGlue. We use a frozen SegNext to capture semantic information S4, S?, and transform
them into semantic priors F;“, FSB through Pre-Processing (Pre) and an additional Cross-Domain Alignment (CDA) Block.
Subsequently, at each layer, the semantic priors are first updated with the CDA block to eliminate the domain ambiguities. Then
the Semantic-Aware Fusion (SAF) Block is employed to augment the semantic perceptual presentation of geometric features,
followed by the Information Interaction Block (Self & Cross) to further circumvent mismatches. Finally, after passing through

the stacked L layers, accurate correspondences are established by performing dual-softmax on the output features FdA ’L,

more on structure-important feature points, ParaFormer (Lu
et al. 2023) designs parallel attention and U-type GNN,
IMP (Xue, Budvytis, and Cipolla 2023) emphasizes the geo-
metric information with the attitude consistency loss, Light-
Glue (Lindenberger, Sarlin, and Pollefeys 2023) makes in-
ference faster on image pairs that are intuitively easy to
match. While such a direction deserves further exploration,
these matching methods that rely on the quality of feature
points sometimes falter in challenging scenarios like sparse
texture and occlusions. Compared to the local features, high-
level semantic information is more robust to appearance
changes and more consistent with the matching tendency
of human eyes. Therefore, in this paper, we joint semantic-
geometric cues to guide end-to-end image feature matching.

Semantic Related Matching

On account of the semantic information is helpful to many
tasks, leveraging robust semantic image representations is a
promising avenue toward image matching. For area match-
ing, SGAM (Zhang, Zhao, and Qian 2023) provides an
intuitive way to predict true area matches with semantic
labels, and MESA (Zhang and Zhao 2024) searches area
matching based on SAM (Kirillov et al. 2023) segmenta-
tion by building a novel multi-relational graph structure. For
sparse matching, OmniGlue (Jiang et al. 2024) incorporates
DINOV2 (Oquab et al. 2024) and location coordinates to
produce semantic features and only aggregates information
from the DINOv2-pruned potential matching set. However,
these approaches do not effectively integrate semantic infor-
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mation. Hence we propose a novel approach to genuinely
perceive and amalgamate semantic information.

Methodology

To capture semantic priors and implement amalgamation ef-
fectively and appropriately, we first excavate semantic in-
sights from a frozen Semantic Extractor together with Pre-
Processing and an additional CDA block. Then in each layer,
we attempt to perceive the scenes more than local geomet-
ric features with the CDA block and SAF block, and finally
enhance the semantic information-assisted features with In-
formation Interaction Block to yield the correspondence re-
sults. The framework of SemaGlue is shown in Figure 2. We
will commence with an overall elucidation of the problem
formulation, succeeded by a meticulous presentation of the
implementation specifics for each block.

Problem Formulation

Given animage I € {A, B}, local feature coordinates C’ =
{el}, ¢! € R? and descriptions D' = {d!},d! ¢ R
can be obtained by an off-the-shelf feature extractor, where ¢
means the i-th feature point in image /. For learnable image
feature matching methods, the correct correspondences M
can be established as:

Fi=T(C" D", (1)

T
P = Softmax (F;;‘(ij )T) ®Softmax (FdB (F;;‘)T) .



M =TIndex (P > ), 3)

where FCIl e RN 'xc is the position-embed local features,
T (-,-) is amultilayer perceptron (MLP), ® is the Hadamard
production, P is the assignment matrix, and Index (-) fil-
ters outliers that do not satisfy the certain condition. Differ-
ent from the above, SemaGlue attempts to incorporate high-
level scene object comprehension, i.e., the semantic infor-
mation into learnable image feature matching, thereby en-
abling the matcher to access broader ranges of messages be-
yond local geometric features. Thus, Eq. (1) is modified as:

Fi=T(C", D" S"). 4)

In the common-used multi-layer framework, the features of

points are updated from Fé’o = FCIl in Eq. (1), and the out-
put in Eq. (4) of each layer can be re-written as:

Fy'=T(C" F;"' 8" t=1,....L. (5

Finally, we transform the matching problem into designing
an effective network that can process information from dif-
ferent domains and help the establishment of matching.

Semantic Extractor

We employ the pre-trained SegNext encoder (Guo et al.
2022) to offer a semantic insights. The Semantic Extractor
first captures an intermediate semantic feature map S”:

ST = Foog(T1), (©6)

where Z! € RH"*W'x3 is the RGB tensor of image I, St e

AT TR ~ s T .
RATWIxCo T — HL Wyl — W2 and F,, signifies the
SegNext encoder, which is frozen during training.

Pre-Processing

It is essential to perform a Pre-Processing on S’ for the
shape requirement of input in the CDA block. We first
project it with a convolutional network Conv(-) to trans-
fer the channel length Cs to C, and then further per-
form Flatten(-) and bilinear interpolation Interp(-) thus the

shape of the input semantic priors could be the same as F/ £
F! = Interp(Flatten(Conv(S7)), (7

I . .
where Fﬁ € RN XC are the captured semantic priors that
will be injected into the matching process.

Cross-Domain Alignment Block

In the ¢-th layer, with local geometric features Ffl’e_l and

semantic priors Fﬁ of the same shape as input, we can di-
rectly fuse them using a variety of simple strategies. How-

ever, Fy*l that focus on spatial structures and Fi that
perceive high-level semantic information exist in different
domains (i.e., geometric and semantic domains). Direct fu-
sion will ignore the domain gaps between them, result-
ing in sub-optimal descriptions and an unstable training
process. Consequently, CDA block attempts to serve as a

bridge between the semantic and geometric domains, es-

tablishing connections between Fé’e_l and Fg , yielding
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(a) Cross-Domain Alignment Block (b) Semantic-Aware Fusion Block
Figure 3: Structure details of Cross-Domain Alignment
Block and Semantic-Aware Fusion Block.

amalgamation-applicable semantic priors Fi’g in layer £. To
achieve this purpose, as shown in Figure 3(a), we first seek
the relationship between the feature space of these domains
by calculating the feature correlations of Ffl’e_l and Fﬁ :

Al = Softmax ((QI)TKI/aZ) , (8)

Q' = WIN(F!), K" = W{LN(F,™"), 9

where Q, K € RN"*C thus Al € ROXC, W and W,
are learnable weights, LN(-) indicates the layer norm (Ba,
Kiros, and Hinton 2016) and o € R are learnable scal-
ing parameters. The obtained A{’z is the feature correlation

matrix of Fé’é_l and Fi , which can guide the domain align-
ment process and lead to eliminating the domain gaps. Thus,

we narrow the distance of Fé’l_l and F! with .A{’Z:

),

. 1,0
where Wf, are also learnable weights, F', are the ex-
cavated amalgamation-applicable semantic priors. With
Egs. (8) and (10), CDA block bridges the domain gaps to

make full preparations for the applicable amalgamation of

Fi’e into the matching process, thus the process can per-
ceive the high-level semantic information, improving the
performance in complex cases. It is worth noting that we
perform an extra CDA block after the Pre-Processing for
producing better Fg as the input of the CDA block in each
layer. The positive effect will be discussed in ablation stud-

ies.

~ Tl
F; = AP'WILN(FL! (10)

Semantic-Aware Fusion Block
After obtaining the amalgamation-applicable semantic pri-

Il " .
ors F'_ that mitigate domain gaps and have the same shape

as local geometric features Ffl’e_l, the amalgamation then
could be simply and appropriately conducted. To fully per-
ceive the abundant semantic information to guide the match-
ing process, we propose an attention-based SAF block that



inherently adjusts the amalgamation thereby selectively fus-
ing the most relevant semantic information to the geomet-
ric feature representations. As shown in Figure 3(b), SAF
block first employs the layer norm and MLP for initial fea-
ture manufactures, and draws the correlations between the

s and the geometric features Ffl’éfl us-
ing a trainable soft assignment approach like the attention
mechanism (Vaswani et al. 2017) to calculate a semantic-

aware attention map AL"*:

ALY = Softmax (QI(KI)T/\/a) ,

. . ~ 1,0
semantic priors F'

(1D

Q' =WILN(F, ), K' = WELLN(EYD,  (12)
where Q', K' € RN"*C thus ALY ERNIXN . Then fuse
the semantic information to geometric features as:

= AY'WILN(FL, (13)
FQSKF’Z LLRRN(FLCY ) FYS, (4
where || denotes the concatenatlng by channels, and

FFEFN(:,-) means a feed-forward network (FFN) that com-

presses the channel length to C. From Eqgs. (11) to (14), Aé’e
controls the information flow through each feature point, al-
lowing each point to selectively focus on the messages from

the semantic priors Fi’l. And the output Fflzf as the new de-
scriptions of feature points maintain both semantic and ge-
ometric information, enabling the matching process to rea-
sonably perceive the scenes, leading to better matching per-
formance even if in the case of sparse texture and occlusions.

Information Interaction Block

After the exploration of semantic-aided descriptions Ffl’f
with CDA and SAF blocks, we perform Information Interac-
tion Block to achieve intra- and inter-image communication
and discover more robust representations of feature points.
Similar to SuperGlue (Sarlin et al. 2020), we construct G*_;
and G¢ for all feature points, and we utilize FFN once

CI'Obh
more in the middle to recover the neglected information:

1.0 N
self gself(Fds 7Fds ) (15)
1.0
Fffn - Fself + FFN( self || F(ié )7 (16)
Fil‘f)'ab gfross(Fﬁ“na Ff{?f) (17)

The Gqair and Geross here indicate the GAT (Velickovic et al.
2018) and the general formula is:

G(F',F/)=F'+FFN(F' | AV’), (18)
A = Softmax (QI(K‘])T/\@) , (19)
Q =w,F K’ =W, F/ V' =W, ,F/. (20)

Furthermore, for Gy.ir, we adopt a relative positional encod-
ing R(-) € REXY (Su et al. 2024). Re-write Eq. (19) as:

A = Softmax (QIR(CJ . CI)(KJ)T/\/5> . @

Then the output of layer ¢ or the input of layer ¢ + 1 is re-

ceived as F’ d Fgrﬁw until the last layer yielding Fé’L

And the final matching results can be obtained by Egs. (1)
to (5) with the ultimate features Fé’L of all points.
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Loss Function

Following the settings of loss function in (Lindenberger, Sar-
lin, and Pollefeys 2023), we first predict the matchability
score o, B¢ with linear projection and then compute

the augmented assignment matrix PABL gt each layer:
ol! = Sigmoid(MLP(F%")), (22)
PAB7£ — (O_A,Z) B ¥4 @ PAB @ (23)

L AB,f T
where P is the matching similarity in Eq. (2). And the
matching loss is:

L= f% Z <|]\1/[| Z longjB"Z+
(4,jEM)
Zlog

Zlog 1— o"”
i€A jEB

) , (24)

where M is the GT correspondence with a low reprojection
error, and A, B are unmatchable points.

|A| 2\3}

Implementation Details

We set the number of stacked network layers to 9 (i.e., L =
9). Following the approach outlined in (Lindenberger,
Sarlin, and Pollefeys 2023; Zhang and Ma 2024b), we
adopt the same datasets for two-stage training, Oxford and
Paris (Radenovi¢ et al. 2018) for synthetic homography
pre-training and MgedaDepth (Li and Snavely 2018) for
fine-tuning. Specifically, in the first stage, images are re-
sized to 640 x 480 and we extract 512/1024 feature points
with SP (DeTone, Malisiewicz, and Rabinovich 2018)/A-
LIKED (Zhao et al. 2023). The batch size is set to 48 with
a learning rate of 0.0001, which is reduced by 20% every
epoch after 20 epochs and the training is terminated af-
ter 40 epochs. In the second stage, images are resized to
1024 x 1024 with zero padding, feature points are extracted
up to 2048. Batch size is 16 while the learning rate is 0.0001
for 20 epochs then decayed by a factor of 10 over 10 epochs
until 40 epochs. We retain full resolution for the input image
of SegNext in the whole training process. Besides, the chan-
nel C is set to 480 for Eq. (6) and C is 256 for Eq. (7). All
processes are conducted with a single RTX3090 GPU.

Experiments

We evaluate SemaGlue on several tasks in this section to
demonstrate how significant the role the applicable semantic
information plays in image feature matching. Subsequently,
through ablation studies, we analyze the overall novelty
based on semantic priors and evaluate the effectiveness of
the CDA block in resolving domain variances.

Homography Estimation

Homography estimation is a fundamental task in com-
puter vision to determine a linear image-to-image map
in a homogeneous space. We conduct this experiment on
Hpatches (Balntas et al. 2017) referring to (Sun et al. 2021).
Initially, all images are resized such that their smaller dimen-
sion is 480 pixels. We employ SP (DeTone, Malisiewicz,



Acc AUC

Feature+Matcher ’ DLT RANSAC
@lpx @3px|@1px @3px|@1px @3px

MNN 26.8 74.710.35 1.90 [32.05 51.06
SuperGlue 32.7 92.7 |132.08 64.96|33.48 56.16
SGMNet 31.9 89.0 {17.93 48.39|32.27 53.86

SP ResMatch 31.1 87.3 |31.23 64.53|32.28 55.05
IMP 31.2 87.7 |24.02 54.32|33.49 56.06
LightGlue 33.6 94.6 |34.67 66.36|34.87 56.36
SemaGlue (Ours)| 34.2 95.9 [35.76 67.56|34.50 57.10

Table 1: Homography estimation on Hpatches.

Figure 4: Qualitative illustration of relative pose estimation.

and Rabinovich 2018) to extract up to 1024 feature points
for each image, identifying correspondences with image fea-
ture matching methods, and finally estimate the homography
transformation with both non-robust Direct Linear Trans-
form (DLT) and a robust estimator like RANSAC (Fischler
and Bolles 1981). To assess the results, we try to classify
a correspondence to be right or not in each image pair
and calculate the accuracy (Acc.) at 1 and 3 pixels as the
same as (Lindenberger, Sarlin, and Pollefeys 2023). Addi-
tionally, the mean reprojection error of the four image cor-
ners, as detailed by (DeTone, Malisiewicz, and Rabinovich
2018), is calculated to report the area under the cumula-
tive error curve (AUC) at multiple thresholds (1 and 3 pix-
els). We choose the Mutual Nearest Neighbor (MNN) as a
baseline, comparing SemaGlue with SuperGlue (Sarlin et al.
2020), SGMNet (Chen et al. 2021), ResMatch (Deng et al.
2024), IMP (Xue, Budvytis, and Cipolla 2023), and Light-
Glue (Lindenberger, Sarlin, and Pollefeys 2023). The re-
sults presented in Table 1 demonstrate that SemaGlue con-
sistently outperforms all other methods.

Relative Pose Estimation

Recovering camera relative pose (rotation and translation)
from two-view images is a crucial step in numerous vi-
sion applications. The accuracy of relative pose estimation
serves as an indicator of the image feature matching perfor-
mance. Following the experimental protocols in (Sarlin et al.
2020), we select MegaDepth-1500 (Li and Snavely 2018)
and YFCC100M (Thomee et al. 2016) datasets. We first con-
strain the maximum dimension of images to 1600 pixels,
then detect up to 2048 feature points with both SP (DeTone,
Malisiewicz, and Rabinovich 2018) and ALIKED (Zhao
et al. 2023) per image. We utilize DLT, RANSAC (Fischler
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AUC
Feature+Matcher DLT RANSAC MAGSAC++

@5° @10°]@5° @10°]@5° @10°
MNN 0.1 0.21 [29.3144.8527.73 42.22
SuperGlue  [32.34 47.68|48.44 65.70|60.88 75.25
SGMNet 4.78 11.22(39.95 58.4947.63 64.56
Sp ResMatch  |26.38 41.0143.86 61.37(54.26 69.59
IMP 32.96 48.59(44.94 62.45|56.86 71.87

OmniGlue — — [47.4065.00 — —
LightGlue |39.14 55.22|47.78 65.51|61.45 75.29
SemaGlue (Ours)(45.79 61.38/49.41 66.86(63.94 76.85
MNN 0.55 1.94144.62 59.8747.71 62.67
ALIKED  LightGlue [45.03 60.40(50.85 67.39|64.17 76.83
SemaGlue (Ours)(49.00 64.38|51.55 68.66(64.89 77.42

Table 2: Relative pose estimation on MegaDepth-1500.

AUC

Feature+Matcher DLT RANSAC MAGSAC++
@5° @10°]@5° @10°]@5° @10°

MNN 0.01 0.11 [15.7229.66|15.6 29.19

SuperGlue  [19.06 33.07(39.47 59.7547.77 66.94

SGMNet 9.84 19.85|34.22 54.50(35.26 55.75

SP ResMatch 18.10 31.00|35.17 55.81(42.81 62.67
IMP 24.2139.79(38.68 59.16/47.08 66.11

LightGlue |21.64 35.98|38.27 58.91|47.75 66.75
SemaGlue (Ours)(30.14 46.94/40.10 60.35(49.38 68.15
MNN 0.08 0.37 |32.34 52.32{32.72 51.72

ALIKED  LightGlue |27.94 44.18|43.89 63.8049.89 68.33
SemaGlue (Ours)(36.63 54.76|44.65 64.51(52.29 69.98

Table 3: Relative pose estimation on YFCC100M.

and Bolles 1981) and MAGSAC++ (Barath et al. 2020) as
geometric model estimators. The AUC of the maxima error
of rotation and translation at different thresholds (5°,10°)
is reported. We choose the same comparative methods as
homography estimation. We also report the results in Om-
niGlue’s paper (Jiang et al. 2024) on Megadepth1500 and
include dense matching methods LoFTR (Sun et al. 2021)
and PDC-Net+ (Truong et al. 2023) on YFCC100M for
further comparisons. All results are presented in Tables 2
and 3, and qualitative results are illustrated in Figure 4 us-
ing the epipolar error to determine the correspondence ac-
curacy, where a higher proportion of green indicates smaller
epipolar error and red indicates a larger error. Additionally,
we indicate the estimated rotation and translation errors as
well as the percentage of correct matches in the top left cor-
ner. SemaGlue consistently outperforms all other methods,
demonstrating that incorporating high-level semantic infor-
mation enables the matcher to better perceive and under-
stand scenes, thereby recovering camera poses accurately.

Visual Localization

Visual localization that estimates the 6-degree of-freedom
camera pose of a given reference image concerning its 3D
scene model also requires robust and precise matching al-
gorithms. Following (Chen et al. 2021), we incorporate
different matching methods into the official Hloc (Sarlin
et al. 2019) pipeline and assess them on Aachen Day-Night



Day Night
Feature+Matcher - rom =00y 0 5m, 5277 (5.0m, 10°)
COTR 82.47/91.9/96.8 75.5790.8/99.0
LoFTR 83.9/92.6/97.2 79.6/91.8/100.0
MNN 86.0792.0/95.5 73.5779.6/88.8
SuperGlue  |87.9/95.0/97.9 84.7/92.9/99.0
gp  SOMNet [86.5/93.2/97.2 82.7/91.8/99.0
ResMatch  |86.8/93.7/97.2 81.6/91.8/98.0
LightGlue  |88.0/93.8/97.5 84.7/91.8/99.0
SemaGlue (Ours)|88.6 /95.1/97.8 86.7/91.8/99.0

Table 4: Visual localization on Aachen Day-Night v1.0.

DUCI DUC2
Feature+Matcher  +om =69y 70 5m, 10°) 7 (1.0m, 10°)

MNN 30.3/48.5/57.1  23.7/38.2745.0
SuperGlue  |44.9/66.2/78.8  46.6/74.0/77.1
op  SOMNet  [39.9/56.6/702 39.7/59.5/65.6
ResMatch  |42.9/61.6/73.7 38.2/62.6/69.5
LightGlue  |44.0/64.1/75.8 42.7/67.9/73.3
SemaGlue (Ours) | 47.5/68.2/80.3  47.3/73.3/75.6

Table 5: Visual localization on Inloc.

v1.0 (Sattler et al. 2018) and Inloc (Taira et al. 2018). Specif-
ically, with COLMAP (Schonberger and Frahm 2016), we
initially triangulate a 3D point cloud from all reference
images with known poses and calibration, then retrieve
20 reference images for each query image on Aachen
Day-Night v1.0 and 40 reference images on InLoc with
NetVLAD (Arandjelovic et al. 2016), matching the query
image and the retrieved ones with image feature matching
methods, where the feature points are detected up to 4096
by SP (DeTone, Malisiewicz, and Rabinovich 2018). Finally,
camera poses can be estimated by RANSAC (Fischler and
Bolles 1981) and a Perspective-n-Point solver. We report
the pose recall in Tables 4 and 5 at multiple distance and
orientation thresholds. We choose similar comparison meth-
ods as relative pose estimation. For Aachen Day-Night v1.0,
we further add dense matching methods LoFTR (Sun et al.
2021) and COTR (Jiang et al. 2021), showing SemaGlue’s
promising performance in visual localization.

Analysis

We analyze SemaGlue by evaluating its zero-shot perfor-
mance on unseen data, computational efficiency, and abla-
tion experiments, highlighting its practicability and the im-
pact of high-level semantic understanding.

Zero-Shot on Unseen Data  Since OmniGlue (Jiang et al.
2024) is designed to show strong generalization in zero-shot
missions, we test the generalization ability of different fea-
ture matching algorithms on the indoor dataset Scannet (Dai
et al. 2017). Results are depicted in Table 6. SemaGlue ex-
hibits powerful robust generalization, surpassing LightGlue
with a 6.1% improvement on AUCQ5°.

Computational Usage Image feature matching often re-
quires real-time performance. Figure 5 shows runtime
and memory usage statistics, highlighting that SemaGlue
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Figure 5: Computational usage.
RANSAC
Matcher @5 @lo°  @20°
MNN 9.70 2227 37.11
OmniGlue 14.00 28.29 44.30
LightGlue 1423  30.29 46.87
SemaGlue (Ours) | 15.10 31.25 48.36
Table 6: Zero-shot on Scannet.
CDA DLT RANSAC
Num. | Ex. Extra Inherent SAF @5° @I0® @5° @Io
(a) 38.78 54.39 47.34 65.46
b)) | V v 14225 58.34 47.35 64.92
© |V v v |44.88 60.63 48.00 65.66
@ | v v v 42.52 58.10 47.89 65.15
e | v Vv v v |45.79 61.38 49.41 66.86

Table 7: Ablation on MegaDepth1500. Ex. is the Semantic
Extractor. Extra means the extra CDA block after the Pre-
Processing. Inherent indicates the CDA block at each layer.

achieves optimal performance across tasks while maintain-
ing real-time nature and competitive resource consumption.

Ablation Studies We conduct ablation studies by per-
forming relative pose estimation on MegaDepth-1500 (Li
and Snavely 2018), and reporting AUC with DLT or
RANSAC (Fischler and Bolles 1981) in Table 7. (a) serves
as the baseline. (b) integrates semantic information with
only SAF while ignoring the domain gaps. (c) attempts to
add CDA blocks to each layer but overlooks the extra one be-
fore the first layer that refines the features to initially bridge
the domain gaps. (d) consists of the full CDA blocks but
removes the SAF blocks. (e) is the full SemaGlue. Results
reveal that SemaGlue benefits from all its ingredients.

Conclusion

We explore a new framework called SemaGlue for image
feature matching, which perceives the semantic informa-
tion during matching, fusing the semantic priors and the
local geometric descriptions to enhance the representations
of feature points thereby improving the matching perfor-
mance, especially in the case of sparse texture and occlu-
sions. SemaGlue proposes a novel Cross-Domain Align-
ment Block to bridge the domain gaps between geometric
and semantic features, and utilizes a Semantic-Aware Fusion
Block to achieve applicable semantic amalgamation. Exten-
sive experiments demonstrate the impressive performance
of SemaGlue and prove its practicability and generalization
ability when used as the cornerstone for many visual tasks.
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