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Abstract

Not identical but similar objects are ubiquitous in our
world, ranging from four-legged animals such as dogs and
cats to cars of different models and flowers of various col-
ors. This study addresses a novel task of matching such non-
identical objects at the pixel level. We propose a weight-
ing scheme of descriptors, Semantic Enhancement Weight-
ing (SEW), that incorporates semantic information from ob-
ject detectors into existing sparse feature matching meth-
ods, extending their targets from identical objects captured
from different perspectives to semantically similar objects.
The experiments show successful matching between non-
identical objects in various cases, including in-class design
variations, class discrepancy, and domain shifts (e.g., photo
vs. drawing and image corruptions). The code is available
at https://github.com/Circ-Leaf/NIOM.

1. Introduction
We humans are able to find fine-grained and robust visual
correspondences between two objects even when they are
not necessarily identical or when they are captured in dif-
ferent situations. Thanks to this ability, for example, we
can find out our missing cats in a gloomy backstreet by re-
membering them basking in the sun or assembling compo-
nents to build a shelf based on their perspective drawing. In
computer vision terms, this needs fine-grained matching of
feature points between two objects, even with class discrep-
ancy and domain shift (e.g., image corruptions).

The abovementioned matching has been partially ad-
dressed in the literature. In the feature matching [24, 37,
39, 69, 79], objects to be matched are assumed identical and
captured from different perspectives. This assumption also
enables supervised training using dense correspondence ob-
tained from 3D reconstruction from image pairs. Recently,
Transformer-based dense matching methods have shown
great performance [8, 18, 30, 31, 64, 79, 95, 101, 103], and
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(a) different designs (b) class discrepancy

(d) domain shift (drawings vs. photos)(c) similar objects

(e) domain shift (blur vs. frost) (f) domain shift (clean vs. noise)

Figure 1. Non-identical object matching between various objects
and image styles is achieved by our plug-and-play method with
SuperPoint [16] keypoint detector and LightGlue [37] matcher.

there are also light-weight sparse matching methods, which
run in real time with a slight cost in accuracy [24, 29, 43, 54,
65, 68, 69, 92]. In contrast, semantic correspondence mod-
els [34, 45, 62, 98, 99] focus on matching semantically sim-
ilar parts between objects (e.g., tires of two bikes). They are
trained on datasets with sparse part-to-part correspondence
annotation and thus do not offer fine-grained matching.

In this study, we generalize feature matching and seman-
tic correspondence to non-identical object matching, where
objects to be matched are not necessarily identical (see
Fig. 1). For example, the object pair can be street clocks of
different designs or four-legged animals of different species.
Further, the non-identicality naturally requires robustness
against image corruptions and domain shifts (e.g., photo
vs. drawing) because two objects may be captured in dif-
ferent environments and domains. A crucial challenge of
achieving non-identical object matching is that we cannot
straightforwardly resort to the supervised learning frame-
work because of the ambiguity of non-identicality; there is
no ground-truth matching between non-identical objects.

We propose a plug-and-play module, Semantic Enhance-
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ment Weighting (SEW), that extends off-the-shelf match-
ers to non-identical object matching. The sparse matching
pipeline first detects keypoints in a pair of images and feeds
their descriptors into a matcher. SEW is inserted before
the matcher and weights descriptors using an object detec-
tor and Grad-CAM [73]. Due to task definition, traditional
matching relies on low-level features (e.g., color, edges, tex-
ture), which are prone to ambiguity and noise (see Fig. 2).
While these features are still vital for fine-grained match-
ing, our high-level feature weighting improves robustness.
Further, to handle the case with multiple objects in images,
we propose Non-visual Object Pairing, which determines
the pairs of similar objects to be matched between images
and eliminates mismatching between irrelevant objects.

Our experiments demonstrate that our approach signif-
icantly boosts the robustness of sparse matching methods,
including LightGlue [37] and GlueStick [54], in two tasks:
non-identical object matching and robust image matching.
For the former, we evaluate the matching results with var-
ious image pairs (a) of the same class, (b) with class dis-
crepancy, (c) with domain shift, and (d) of the same ap-
pearance, and further provide a quantitative evaluation with
a new annotation-free metric, Triangular Matching Con-
sistency (TMC). While sparse matchers alone yield scat-
tered mismatches, our method achieves fine-grained and
consistent alignment, as reflected in higher TMC scores.
For the latter, we evaluate the robustness of matching on
the MegaDepth-1500 [79] dataset under common corrup-
tions [27] in terms of the AUC score of standard relative
pose estimation. Our method outperforms the state-of-the-
art sparse matcher under various types of image corrup-
tions. The average AUC of our method even exceeds that
of dense matchers, LoFTR [79] and Efficient LoFTR [89],
which pursue matching quality at the cost of speed.

To summarize, our contributions are as follows:
• We tackle non-identical object matching, a novel task of

matching similar but not necessarily identical objects in
images, even under image corruptions and/or across dif-
ferent domains, which can be considered a generalization
of feature matching and semantic correspondence.

• We propose Semantic Enhancement Weighting (SEW),
which enhances low-level features in a plug-and-play
manner using semantic information and successfully ex-
tends various matchers to non-identical object matching.

• Our experiments show that under challenging conditions
such as class discrepancy, image corruptions, and domain
shifts, our method yields fine-grained and consistent cor-
respondences, validated by TMC and pose estimation.

2. Related Work
Image matching [24, 37, 69, 79] is a fundamental task in
computer vision with various applications [2, 14, 49, 51, 60,
71, 78, 80, 88, 93] that involves finding the fine-grained cor-

(a
) d

iff
er

en
t 

de
si

gn

(i) SuperPoint + LightGlue (ii) GeoAware-SC (random 50 pts)

(b
) s

un
lig

ht
 

an
d 

sh
ad

ow
(c

) s
ta

tu
e 

w
ith

 
bl

ur
 a

nd
 fr

os
t

(d
) c

he
et

ah
 

an
d 

 h
us

ky

(iii) GeoAware-SC (adaptive 50 pts) 

Figure 2. State-of-the-art models of sparse matching (Light-
Glue [37]) and semantic correspondence (GeoAware-SC [98]).
The latter requires reference points in one image and finding their
correspondence in the target image. To this end, 50 reference
points are sampled randomly or based on the GradCAM [73]
heatmap of YOLOv7 [87] (cf. Sec. D in the supplementary ma-
terial). Red boxes show mismatches. Orange boxes show close
matches, which are correct at the part level, but not at the pixel
level. This was typical for Geo-Aware-SC (e.g., matching between
the nose tip of the cheetah and the nostrils of the husky in (d)).
Further, Geo-Aware-SC was about ten times slower than Light-
Glue. (See Tab. B in the supplementary material).

respondence between two images. Many image matching
methods have two stages. A keypoint detector first extracts
keypoints with their positions and local feature descriptors,
and then feature matchers find matches between them.

Keypoint detectors. Classical detectors such as SIFT [40]
and ORB [67] rely on hand-crafted features. Recent
learning-based methods, including SuperPoint [16] and
DISK [84], achieve higher robustness, with lightweight [21]
and unsupervised variants [25] also proposed.

Feature matchers. Feature matchers [90, 96] find a
fine-grained correspondence between images. The feature
matchers are categorized into two types based on the den-
sity of matching points: sparse matchers and dense match-
ers. Sparse matchers (e.g., SuperGlue [69], which com-
bines Transformer attention with optimal transport; Light-
Glue [37], which introduces a hierarchical matching struc-
ture for real-time accuracy; GlueStick [54], which ex-
ploits line segments as structural features) use limited key-
points for efficiency. In contrast, dense matchers (e.g.,
LoFTR [79], DKM [17], ROMA [18]) pursue matching ac-
curacy rather than speed by matching all pixels.

Semantic correspondence models. Semantic Correspon-
dence [3, 9, 23, 45] is a task of identifying a seman-
tically similar point in the target image from the given
point in the source image, with benchmarks such as SPair-
71k [48] and PF-PASCAL [22]. Recent models include
GeoAware-SC [98], which integrates geometric cues with
pre-trained features, and unsupervised methods without an-
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notations [26]. It is also worth noting that semantic cor-
respondence models run significantly slower than sparse
matching methods because feature extraction depends on
large generative models, such as Stable Diffusion [66]. For
example, it runs roughly 10 times slower in Fig. 2.

This study addresses non-identical object matching, uni-
fying the fine-grained alignment of feature matching and
the high-level matching of semantic correspondence. This
makes supervised training technically challenging but also
offers unique applications (cf. Sec. 3.2). In another view,
we aim for matching that runs in real-time and is robust
to object identity variations, corruptions, and domain shifts.
This covers broader robustness than prior studies [5, 63, 91],
including DarkFeat [24] and SAM [43] for lighting changes.
See Sec. H in the supplementary for detailed related work.

3. Non-Identical Object Matching
We introduce non-identical object matching, matching be-
tween unnecessarily identical objects in two images. For
example, a dog and a cat are not identical but still have
similar structures, such as two eyes, four legs, and one tail.
The same mass-produced products, such as cars of the same
model, have the same appearance but are still not identical
(e.g., owned by different people) and can appear in images
with largely different backgrounds and lighting conditions.

3.1. Task formulation
We introduce a more formal setup of non-identical object
matching. To this end, we first present fine-level image
matching (i.e., dense pixel-wise matching, as opposed to
coarse-level image matching tasks such as semantic corre-
spondence) as a general task and then discuss feature match-
ing and non-identical object matching as special cases.

Problem 1 (fine-level image matching) Let X be the im-
age domain. Given two images xA,xB ∈ X , let DA =
{(pA

i ,d
A
i )}

nA
i=1 be nA keypoints in image xA, where pA

i ∈
[0, 1]2 and dA

i ∈ [0, 1]d are its position and descriptor of
the i-th keypoint. We define DB = {(pB

i ,d
B
i )}

nB
i=1 for im-

age xB similarly. Let L( · ) be a (conceptual) matching loss
function. The task can be formalized as follows.

min L({mkl}k=1,...,nA,l=1,...,nB
) (1)

s.t. mkl ∈ [0, 1],∀k ∈ {1, . . . , nA}, l ∈ {1, . . . , nB}
(2)

nA∑
l=1

mkl ≤ 1,∀k ∈ {1, . . . , nA} (3)

nB∑
k=1

mkl ≤ 1,∀l ∈ {1, . . . , nB}. (4)

The matching coefficient mkl = 1 indicates that the k-th
keypoint in image xA and the l-th keypoint in image xB

(a) fine-grained matching (b) object warping

Figure 3. Non-identical object warping. Homography is estimated
from fine-grained matching of city clocks with different styles.

is matched and otherwise mkl = 0. Each keypoint in one
image has at most one matched point in the other image.
This condition is implemented by the last two constraints.

In the feature matching task, where an identical object is
captured from different angles in two images, matching loss
L({mkl}k,l) measures the discrepancy between a camera
pose computed the matching {mkl}k,l and the ground truth.

Our task, non-identical object matching covers a broader
class of matching. Given two images xA,xB ∈ X that
contain (potentially non-identical) objects to be matched,
image xI can be characterized by several attributes
(oI , yI , PI , DI) for I ∈ {A,B}. If oA = oB , then the
objects to be matched are identical. If oA ≡ oB , they are
the same in appearance but not necessarily identical (e.g.,
two cars of the same model). If yA = yB , they belong to
the same class (e.g., the car class). If PA = PB , then they
are captured from the same camera pose. If DA = DB , they
are captured in the same domain (e.g., the drawing domain).

The classical feature matching corresponds to the case
with oA = oB (consequently, oA ≡ oB and yA = yB),
PA ̸= PB , and DA = DB . In words, it considers identical
objects captured from different camera poses in the same
domain. In contrast, non-identical object matching encom-
passes yA ̸= yB (consequently, oA ̸= oB and oA ̸≡ oB),
PA ̸= PB , and DA ̸= DB . Note that we practically assume
oA and oB to be similar in some sense. Below, we highlight
two important special cases, both assuming PA ̸= PB .

Class discrepancy (yA ̸= yB). Four-legged animals, such
as tigers and cats, belong to different classes but have sim-
ilar structures (two eyes, four legs, and a tail). Despite dif-
ferences in color, texture, and shape, we humans can still
find part-by-part matches. However, it is not trivial to de-
sign matching methods to find fine-grained correspondence
while being robust to detail differences.

Domain shift (oA ≡ oB , DA ̸= DB). We humans can
know the flower in the painting on the wall depicts that in
the garden. This is a robust fine-grained matching of an
identical object in different domains. Typical domain shifts
include photos vs. drawings and clean vs. corrupted im-
ages. For instance, if xA is a photo and xB is a painting,
the latter lacks colors, textures, and shadows, causing its
descriptors to differ significantly. Without sufficient robust-
ness, this discrepancy leads to missing correspondences.
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3.2. Distinction from prior tasks and applications
Non-identical object matching relates to feature matching
(i.e., fine-level perspective alignment) and semantic cor-
respondence (i.e., coarse-level part correspondences be-
tween similar objects). However, achieving fine-grained
and semantic alignment of different objects simultaneously
is technically non-trivial and has interesting applications.

Non-identical object matching is challenging because
it does not readily fit into supervised training. There is
no available dataset with fine-grained human annotation
of matching between distinct objects, and the construction
would be laborious. In contrast, feature matching relies
on supervised training with ground-truth homography from
3D reconstruction, while semantic correspondence relies
on sparse part-level annotations. Yet its standard metric,
PCK [22, 48], evaluates only coarse part matches and is
therefore inadequate for fine-grained alignment.

The applications of non-identical object matching are
unique and cannot be attained by feature matching and
semantic correspondence. A fine-grained matching with
robustness to class discrepancy allows transferring fine-
grained landmark annotations. For example, computer vi-
sion for animals works on datasets targeting a single animal
species, such as facial datasets of dogs [46], cats [47], and
cattle [12]. Non-identical object matching allows transfer-
ring their annotations to other animals. Its robustness to
domain shift can also compare the sketch or blueprint of a
product to a real one, which helps workers assemble parts
and build it up. Figure 3 illustrates a simple example, non-
identical object warping, that is not covered by prior tasks.

4. Proposed Method
We propose a plug-and-play module, Semantic Enhance-
ment Weighting (SEW), that can be inserted into various
sparse matchers, such as SuperGlue [69], LightGlue [37],
and more [7, 54]. Sparse matchers consist of a pair of a key-
point detector and a feature matcher. Our module processes
the keypoints before feeding them to the feature matcher.
Particularly, given a pair of images xA,xB ∈ X , The
keypoint detector outputs collections of keypoints DA =
{(pA

i ,d
A
i )}i, DB = {(pB

i ,d
B
i )}i. The proposed mod-

ule then computes weighted descriptors d̃A
i , d̃

B
i for each

dA
i ,d

B
i , respectively. Lastly, the feature matcher performs

matching using D̃A = {(pA
i , d̃

A
i )}i, D̃B = {(pB

i , d̃
B
i )}i.

As will be shown in Sec. 5, this simple pipeline works
surprisingly well and adapts pretrained sparse matching
models without any training, addressing the technical chal-
lenge in non-identical object matching discussed above.

4.1. Semantic Enhancement Weighting
The proposed weighting module uses an object detector and
a visual explanation model. This study used YOLOv7 [87]

and Grad-CAM [73]. Let x ∈ X be an image, and let D =
{(pi,di)}ni=1 be the collection of n keypoints of x.

First, the object detector is applied to x and detects the
objects with their classes. For each of the detected objects
(say, the k-th object), the visual explanation model gives
pixel-wise class-activation scores or a heatmap Hk. Let
Hk,pi

∈ [0, 1] be the heatmap score of Hk at pi. Then,
the scores at pi are aggregated as Hpi

:= maxk Hk,pi
.1

Finally, the weighted descriptor d̃i is computed by

d̃i =
1 +Hpi

max
j∈{1,··· ,n}

(1 +Hpj
)
· di ∈ [0.5, 1]d. (5)

We empirically found that the addition of base value 1 and
the normalization by the maximum value is important. For
example, the simplest approach d̃i = Hpidi ∈ [0, 1]d

ends up with a scarcity of matching because of the heatmap
scores on the keypoints on background tend to be too low,
i.e., Hpi

≈ 0. Although such keypoints will not likely
appear in the matching results, they seem to help the key-
points on objects to be matched. If one instead uses d̃i =
(1 +Hpi

)di ∈ [1, 2]d, this also affects negatively. We con-
sider that this is because of the softmax operations used in
the subsequent feature matching. We next discuss how the
weighting of descriptors impacts the matching.

4.2. Effect of weights in feature matcher
We now illustrate how our weighting module affects the
subsequent feature matching. We take LightGlue [37] as
an example, but a similar discussion holds for other feature
matchers. For simplicity, let αi be the weight in Eq. (5),
i.e., d̃i = αidi. The matcher takes as input the keypoints
D̃A = {(pA

i , d̃
A
i )}i, D̃B = {(pB

i , d̃
B
i )}i. The vectors

d̃A
i = αA

i d
A
i , d̃

B
i = αB

i d
B
i are the i-th weighted descrip-

tors of image xA,xB , respectively. Below, symbols with
and without ·̃ present those with and without weighting.

In the feature matcher, the descriptors are first converted
to key and query vectors using matrices Wq,Wk ∈ Rd×d.

q̃I
i = Wqd̃

I
i = αiWqd

I
i = αiq

I
i (6)

k̃I
i = Wkd̃

I
i = αiWkd

I
i = αik

I
i , (7)

where I ∈ {A,B}. Then, the self-attention score aIij be-
tween i-th and j-th keypoints of image xI is calculated as

ãIij = q̃I⊤
i R

(
pI
j − pI

i

)
k̃I
j (8)

= (αI
iα

I
j ) ·

(
qI⊤
i R

(
pI
j − pI

i

)
kI
j

)
(9)

= (αI
iα

I
j ) · aIij , (10)

1The max operation outperformed other candidates including mean,
sigmoid, and softmax operations in our preliminary experiments.
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Figure 4. Pipeline of the matching. The keypoint detection and feature matching are done by off-the-shelf models. The proposed plug-
and-play module, SEW, computes the heatmap scores of objects and weights the descriptors with this semantic information.

where R : R2 → Rd×d denotes the rotary-encoding [76].
Therefore, our weighting by heatmap scores leads to the
weighting of attention scores. The self-attention scores re-
flect the internal relationship of objects and background,
thereby extracting better feature representations in the sub-
sequent steps of the feature matcher. Roughly speaking,
noting that αI

i ∈ [0.5, 1.0] for all i and I ∈ {A,B}, we have
αI
iα

I
j ≈ 1 between the keypoints on objects, αI

iα
I
j ≈ 0.5

between one on object and the other on background, and
αI
iα

I
j ≈ 0.25 for between those on the background. This is

reasonable because we want nice feature representations for
object keypoints for nice matching. Nevertheless, such nice
representations should be obtained by taking into account
the background conditions, e.g., to compensate for the over-
all lighting conditions. If one uses αI

i = Hpi as discussed
earlier, i.e., Hpi ≈ 0 for background keypoints, the feature
representations cannot take into account the background.

Similarly, our weighting affects the cross-attention score
aAB
ij between the i-th keypoint of image xA and the j-th

keypoint of image xB , computed from the key vectors.

ãAB
ij = k̃A⊤

i k̃B
j = (αA

i α
B
j ) · aAB

ij . (11)

As discussed earlier, αA
i α

B
j is large between keypoints of

the objects, encouraging matching between objects.

4.3. Non-visual Object Pairing
We next propose Non-visual Object Pairing for the case
where images contain multiple objects. In such a case, it
is essential to determine which object in one image should
be matched with another object in the other image, and the

weighting module should exploit the heatmaps of them and
exclude those of irrelevant objects. Otherwise, the local
spurious similarity of objects causes scattered and incon-
sistent matching; see Fig. 5 (bottom right), where a nose of
a dog and an ear of a cat match.

A pair of similar objects for matching can be determined
using visual or non-visual features. For the former, we can
use the feature vectors extracted from an intermediate layer
of the object detector. This can be done simultaneously dur-
ing the heatmap computation process. For the latter, text
embedding (e.g., by the CLIP text encoder) of object la-
bels may be a reasonable choice. The text embedding vec-
tors can be pre-computed for all the classes if one pursues
fast matching. The visual and non-visual features are com-
plementary, and the choice should depend on the use case.
For example, given (lesser panda, raccoon, giant panda),
the visually similar pair is (lesser panda, raccoon), while
(lesser panda, giant panda) is more conceptually similar.

We here provide concrete procedures in the Non-visual
Object Pairing based on non-visual features. Suppose that
an image xA contains nA objects, and let YA = {yAi }

nA
i=1

be their class labels. We define YB = {yBi }nB
i=1 similarly

for the other image xB . Let T be a pretrained text encoder
that maps a label y to an embedding vector T (y). Partic-
ularly, we used the CLIP text encoder [59]. The adapter
determines the object pair (i, j) to be matched based on the
cosine similarity between the embedding vectors as follows.

(yAi , y
B
j ) = argmax

yA∈YA, yB∈YB

T (yA)⊤T (yB)

∥T (yA)∥∥T (yB)∥
, (12)
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bird
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fox

dogcheetah

bird

Feature Matching
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Figure 5. Non-visual Object Pairing converts class labels from an
object detector into embeddings using the CLIP [59] text encoder
and compares them with cosine similarity to identify semantically
similar object pairs. The GradCAM [73] heatmap of object detec-
tor YOLOv7 [87] generated for the chosen object pair is used for
our weighting method, enhancing matching with multiple objects.

where ∥ · ∥ denotes the L2 norm of vector. Then, the
weighting module only uses the Grad-CAM heatmaps of
the i-th object in xA and the j-th object in xB . The pro-
cess is almost the same when visual features are used; the
text embedding vectors are replaced by the feature vectors
from the intermediate layer of the object detector. Finally,
the weighting module uses the corresponding heatmaps for
weighting the descriptors. Figure 5 shows this pipeline.

5. Experiments
In this section, we demonstrate the effectiveness of the pro-
posed method in non-identical object matching tasks. Sec-
tion 5.1 presents various qualitative comparisons from state-
of-the-art sparse feature matching methods. Section 5.2
then introduces Triangular Matching Consistency (TMC), a
new annotation-free metric that allows us to quantitatively
evaluate non-identical object matching itself. Section 5.3
presents quantitative evaluations. In the latter experiment,
as there are no available datasets providing fine-grained
matching between non-identical objects, we examine the
matching results between identical objects under 15 types
of corruptions, which measures the robustness to domain
shifts. We emphasize that while semantic correspondence
is a conceptually similar task to ours, it does not target
fine-grained matching, and thus, our experiment setup (i.e.,
datasets, baseline methods, and metrics) is based on feature
matching literature.

Setup. The sparse matching pipeline involves a keypoint
detector and a feature matcher. For the former, we adopted
pre-trained SuperPoint [16], extracting 2,048 keypoints.
For the latter, the extracted keypoints are matched using ei-
ther pretrained SGMNet [7], GlueStick [54], and the state-
of-the-art method, LightGlue [37], with and without the
proposed method. We additionally tested a detector-free
dense matcher, LoFTR [79] and Efficient LoFTR [89]. We
downloaded the pretrained models from their official repos-
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Figure 6. Typical categories of non-identical object matching. (a)
A combination of SuperPoint [16] and LightGlue [37] only finds a
small number of correspondences, and many of them are incorrect.
(b) Our method SEW significantly improves the matching.

itories (details provided in the supplementary material). All
experiments used NVIDIA GeForce RTX 3090 GPU and
24GB memory.

5.1. Matching Non-Identical Objects
Here, we perform the matching of non-identical objects and
evaluate them qualitatively.

Datasets. We collected various images with objects from
the COCO [36] and ImageNet [15] datasets. To prepare the
drawing version of several images, we used the DreamStu-
dio2, which is backended by the Stable Diffusion [66].

Robust matching across non-identical objects. We exam-
ined four cases: (i) same class (i.e., yA = yB , DA = DB),
(ii) class discrepancy (i.e., yA ̸= yB , DA = DB), (iii)
domain shift (i.e., oA ≡ oB , DA ̸= DB), and (iv) same
appearance (i.e., oA = oB). For all the cases, we have
a perspective difference (i.e., PA ̸= PB). Due to the
page number restriction, we only present a limited num-
ber of matching examples here, but more results can be
found in Sec. A in the supplementary material. Figure 6
shows the matching results with and without the proposed
method in the four cases. As shown in Fig. 6 (a), Super-
Point and LightGlue alone fail to distinguish objects from
the background or match corresponding animal structures.
In contrast, Fig. 6 (b) shows that the proposed method
significantly reduces unreasonable matches (e.g., human
and racket, animal eye and mouth) while increasing cor-
rect part-to-part matchings. Particularly, it (i) increased
racket matches while reducing mismatches between people,

2https://beta.dreamstudio.ai/generate
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(a) SGMNet (b) GlueStick (c) LightGlue
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Figure 7. The results with different matchers [7, 37, 54]. Super-
Point [16] is used for the keypoint detection. The introduction of
SEW increases the matching of eyes and noses between the chee-
tah and husky and decreases mismatching in the background.

(ii) aligned corresponding animal parts, (iii) matched front
wheels despite domain gaps, and (iv) significantly increased
matches despite background and angle variations. Notably,
structural features, such as eyes and noses, are successfully
matched between different classes. We consider that the
heatmaps of these animals gave similar importance to the
eyes or mouth, thus increasing the number of matches be-
tween the same parts of the body. In addition, the results for
the same class and appearance showed a decrease in mis-
matches with the background, which means that the back-
ground and foreground had relatively lower similarity.

Different matchers. Figure 7 presents the results with
other matchers, showing that our method boosts all of them
to match corresponding parts between different animals.

5.2. Triangular Matching Consistency
Direct quantitative evaluation of non-identical object
matching is difficult, as fine-grained ground-truth corre-
spondences between non-identical objects are inherently
ambiguous. We therefore introduce Triangular Matching
Consistency (TMC), an annotation-free metric. TMC mea-
sures the agreement between direct matching (A,C) and
one-hop matching via (A,B) and (B,C), where A,B,C
are semantically related images. By selecting (A,C) to be
highly similar, their direct matches provide a reliable ref-
erence, and a robust our task method should approximate
them even through the one-hop path. TMC reports error
magnitude (RMSE), accuracy (PCK), and coverage (Re-
call). See Sec. E and Fig. C for the details.

Dataset. We build an image set of 1,500 triplets for TMC.
We use animal images from the Wild category of the Animal
Faces dataset [11]. This dataset contains diverse animal face
images, including dogs, cats, lions, tigers, and more. For
each image Ai, we generate a new view Ci of the same ob-
ject by applying a 0.9× pinch-out geometric transformation.
Then, another species image Aj (j ̸= i) is used as B, form-
ing (A,B,C) = (Ai, Aj , Ci). Here, (A,C) are identical-
instance pairs with viewpoint change, while B provides a
semantically similar but different object. This design al-
lows us to use (A,C) as a reliable reference while introduc-

Table 1. Triangular Matching Consistency (TMC) results for the
wild category in the Animal Faces dataset [11]. Sparse matchers
(LightGlue (LG), GlueStick (GS)) with SuperPoint; dense match-
ers (LoFTR, ELoFTR) are shown for reference. Metrics include
RMSE (lower is better), PCK, and Recall at distance thresholds of
0.01, 0.05, and 0.10 of the image size. Our method SEW shows
large improvements across all metrics. See Sec. F for details.

Matching Method RMSE↓ PCK↑ Recall↑
0.01 0.05 0.10 0.01 0.05 0.10

Sparse Matcher
(with SuperPoint)

LG 0.14 54.0 68.9 68.2 70.2 76.9 81.4
LG+SEW 0.07 73.8 87.8 92.6 73.8 87.7 92.9

GS 0.16 49.0 62.1 62.3 63.8 71.3 73.0
GS+SEW 0.08 68.8 81.0 86.6 67.3 82.1 86.3

Dense Matcher
(detector-free)

LoFTR 0.19 52.7 61.9 66.8 57.3 62.1 65.7
ELoFTR 0.14 64.5 73.7 76.7 65.9 73.3 76.9

ing non-identical variation through B, which is essential for
evaluating our new task.

Results. Table 1 summarizes the evaluation. RMSE mea-
sures geometric error, and our module reduces it to about
half of each baseline. It even outperforms dense detector-
free methods. PCK measures the proportion of matches
within a tolerance. It improves at all thresholds, with the
largest gains at broader ones and clear benefits even un-
der strict settings. This shows that our method enhances
consistent matching between corresponding object parts.
Recall measures how well one-hop correspondences cover
the A↔C baseline, and it also increases with our module.
Across all three metrics, it indicates that our method en-
hances the matching consistency of non-identical objects.

5.3. Robust Image Matching
We next quantitatively evaluate the proposed method on a
standard image matching task with common corruptions. To
our knowledge, image matching methods have only been
evaluated clean images in literature, except for a few spe-
cialized to low-lighting [24] and thermal imaging [83]. We
address two cases: (i) both input images are corrupted, and
(ii) only one of them is corrupted. The former shows robust-
ness to corruptions, while the latter shows it to domain shifts
(i.e., clean image domain vs. corrupted image domain).

Dataset. We used the MegaDepth-1500 [79] test set be-
cause it contains many objects, making it suitable for a fair
evaluation of the non-identical object matching task. This is
not the case with other standard datasets [4, 13, 70, 72, 82].
MegaDepth [35] dataset consists of 3D reconstructed data
from one million images for two popular phototourism des-
tinations, with camera poses and depth maps computed via
COLMAP [71] and refined as ground truth. Common Cor-
ruptions [27] simulates the 15 types of corruptions that oc-
cur when images are captured. The severity level of corrup-
tion is set to 5, which is the most challenging condition.
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Table 2. The pose accuracy (AUC) at the maximum angular error of 20° of the relative pose estimation from image pairs MegaDepth-
1500 [79] under common corruptions [27]. The left side shows both images corrupted with the same type of corruption, while the right
side shows only one of the input images corrupted and the other as a clean image. Our method SEW largely improves LightGlue (LG) [37]
and GlueStick (GS) [54] for most categories and the average AUC. The dense matchers, LoFTR [79] and Efficient LoFTR (ELoFTR) [89],
are shown for reference. Our method improves the robustness of sparse matchers with a slight reduction in clean accuracy and runtime.

Common Corruptions
AUC@20° with pairs of corrupted images AUC@20° with pairs of clean and corrupted images

keypoint detector : SuperPoint dense matcher keypoint detector : SuperPoint dense matcher
LG LG+SEW GS GS+SEW LoFTR ELoFTR LG LG+SEW GS GS+SEW LoFTR ELoFTR

None (Clean) 80.61 78.42 78.04 75.08 80.93 83.48 80.61 78.42 78.04 75.08 80.93 83.48

Gaussian Noise 43.09 53.27 45.67 52.24 34.97 35.71 27.54 41.01 41.93 44.98 33.02 36.56
Shot Noise 43.41 53.82 46.10 51.72 40.00 40.36 32.10 42.35 41.75 43.82 36.53 39.52
Impulse Noise 44.98 50.11 44.91 50.05 37.73 39.89 35.95 43.67 40.97 42.91 34.92 38.63
Defocus Blur 32.69 48.35 45.58 49.23 57.22 54.97 18.25 32.13 23.16 30.10 49.40 41.97
Frosted Glass Blur 33.37 47.88 47.40 49.94 54.48 47.09 34.25 44.80 42.96 46.21 54.53 47.52
Motion Blur 42.12 53.63 44.76 51.84 55.60 48.12 50.07 53.10 44.27 52.69 52.81 45.10
Zoom Blur 24.40 31.21 22.87 30.97 23.08 22.54 34.67 40.04 31.18 37.11 31.09 28.49
Snow 31.51 30.33 25.26 23.21 31.85 37.89 56.24 58.15 47.22 48.53 49.15 54.56
Frost 32.24 31.71 26.39 24.22 19.23 25.49 62.20 64.87 54.34 57.26 43.17 45.18
Fog 70.99 73.49 71.19 73.89 67.10 67.74 76.96 78.40 75.18 74.87 74.06 75.36
Brightness 75.48 75.08 73.03 70.84 75.45 79.83 77.14 76.98 76.78 75.06 78.41 81.26
Contrast 39.50 38.47 39.47 42.61 53.22 59.78 43.09 45.17 40.44 43.53 39.66 52.76
Elastic Transform 54.78 66.21 60.37 64.36 58.56 60.50 64.93 68.34 68.02 69.92 68.95 71.49
Pixelate 67.94 68.24 65.01 64.81 74.77 77.27 66.80 68.43 67.16 65.46 76.21 78.45
JPEG Compression 29.54 36.97 39.66 44.70 59.05 59.80 47.41 53.82 60.39 60.12 68.14 71.70

Average 44.40 50.58 46.51 49.64 49.49 50.47 48.51 54.08 50.38 52.84 52.67 53.90
Time [ms/pair] 46.67 68.43 105.72 128.18 312.54 191.17 45.98 68.37 105.34 127.86 305.01 192.53

Metric. We follow the standard evaluation of image match-
ing based on relative pose estimation (e.g., see [37]). From
the matching results, the relative pose between two images
is computed with RANSAC [20] as follows. First, an es-
sential matrix representing the positional transformation be-
tween the images is calculated, which is then decomposed
into a rotation and a translation. The camera pose error is
computed by the maximum angular error, and the area un-
der the cumulative error curve (AUC) at 20° is calculated.

Robustness against common corruptions. The left side
of Tab. 2 shows the AUC of matching when input images are
both corrupted. The results of the dense matching methods
(i.e., LoFTR and Efficient LoFTR) are given for reference.
As the results show, the proposed method makes the Light-
Glue and GlueStick robust against most types of common
corruptions (roughly 5 % to 10 % increase) with a slight in-
crease in runtime. The average AUC even exceeds that of
Efficient LoFTR. The matching methods benefit from the
proposed method, particularly when images are corrupted
by noise and blur. We observe AUC decrease in a few types
of corruptions, such as Snow and Frost, by the introduction
of the proposed method. These corruptions introduce edgy
geometric patterns, and the matcher finds correspondence
between them. See Sec. B.2 in the supplementary material
for more detailed comparisons.

Robustness against environmental changes. As the ob-
jects to be matched are non-identical, they can appear in

largely different environments. The right side of Tab. 2
shows the AUC when only one of the input images is cor-
rupted and the other is clean. As in the left side of Tab. 2, the
proposed method boosts the LightGlue and GlueStick for
most cases and the average case. Interestingly, the results
are better for almost all weather categories. Only the bright-
ness category shows a decrease in accuracy, but the drop
is slight. Weather categories such as Snow and Frost add
strong geometry to the overall image, causing mismatches
as occlusions. Heatmap weighting is considered to struc-
turally complement the areas hidden by occlusion. Overall,
the proposed method enhances robustness to environmen-
tal changes, with only a slight drop in precision on clean
images. See Sec. B.3 in the supplementary for details.

6. Conclusion
We addressed a novel task of matching non-identical ob-
jects, which are only semantically similar, not necessarily
identical. Due to the non-identicality, two objects may be
captured in different environments and domains. Thus, ro-
bust matching under image corruptions and domain shifts
is also encompassed. Our method exploits object detection
and visual explanation as high-level features, thereby fo-
cusing matching on objects. The experiments showed the
effectiveness of our method in non-identical object match-
ing using TMC, a new annotation-free metric, and relative
pose estimation under various image corruptions.
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