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Abstract

Attention-based graph neural networks have made great
progress in feature matching. However, the literature lacks
a comprehensive understanding of how the attention mech-
anism operates for feature matching. In this paper, we re-
think cross- and self-attention from the viewpoint of tradi-
tional feature matching and filtering. To facilitate the learn-
ing of matching and filtering, we incorporate the similarity
of descriptors into cross-attention and relative positions into
self-attention. In this way, the attention can concentrate on
learning residual matching and filtering functions with ref-
erence to the basic functions of measuring visual and spa-
tial correlation. Moreover, we leverage descriptor similarity
and relative positions to extract inter- and intra-neighbors.
Then sparse attention for each point can be performed only
within its neighborhoods to acquire higher computation ef-
ficiency. Extensive experiments, including feature matching,
pose estimation and visual localization, confirm the supe-
riority of the proposed method. Our codes are available at
https://github.com/ACuOo0O00O/ResMatch.

Introduction

Establishing point correspondences among images is a
fundamental step in various computer vision tasks, such
as Simultaneous Localization and Mapping (SLAM) (Fu
et al. 2022), Structure-from-Motion (SfM) (Schonberger and
Frahm 2016), and Multiview Stereo (MVS) (Seitz et al.
2006). To this end, features, which consist of descriptors, po-
sitions, efc. (Lowe 2004; Yan et al. 2022; Fan et al. 2022b),
should be extracted and matched. The most common way
to match features is searching nearest neighbor (NN) via
the similarity of descriptors. However, due to the inherent
ambiguity of descriptors, NN shows limited practicality in
challenging scenes marked by significant changes in view-
point or illumination, repetitive structures, and other com-
plexities (Fan et al. 2022a, 2019).

Compared to NN, graph-based methods (Caetano et al.
2009; Sarlin et al. 2020) offer enhanced feature matching
by considering additional properties like keypoint position,
thereby enabling the discovery of more correspondences.
However, crafting a graph-matching model that seamlessly
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Figure 1: Interpretation of ResMatch. For the classical
matching-and-filtering, the similarity of descriptors and rel-
ative positions are injected into cross- and self-attention.

optimizes across multiple information sources is challeng-
ing. Benefiting from the great potential of deep learning,
SuperGlue (Sarlin et al. 2020) elegantly combines spatial in-
formation and visual appearance in an attention-based graph
neural network (GNN) (Vaswani et al. 2017). Briefly, Super-
Glue fuses descriptor and keypoint position in hyperspace,
then uses sequential self- (intra-image) and cross- (inter-
image) attention to aggregate valid information. Finally, the
features augmented by the aggregated information can be
precisely matched. Although SuperGlue has achieved favor-
able performance and led the current trend in feature match-
ing (Lindenberger, Sarlin, and Pollefeys 2023; Sun et al.
2021), it remains unclear how features that entangle spatial
and visual information interact with each other during itera-
tive self- and cross-attention.

We think cross-attention behaves like NN matching since
it measures inter-image similarity and gathers messages
from similar features. In terms of self-attention, it shares
a similar formulation with the kernel-based match filter,
VEC (Ma et al. 2014). Given noisy putative matches, VFC
leverages kernel method to estimate the vector field, i.e., op-
tical flow between two images, which can be fitted by inliers
only and used to filter outliers. The kernel measures corre-
lation among intra-image points and the motion of a query
point is calculated by the correlation-weighted sum of key
motions. Similarly, self-attention measures intra-image cor-
relation between features, which contain information of ‘soft
putative matches’, and gathers information in a formulation
of kernel method. So, self-attention might tend to predict
vector field like VFC. Such evidence encourages us to pro-
mote agnostic attention-based networks from a traditional
viewpoint of matching and filtering.
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Intuitively, measuring visual/spatial correlation between
inter-/intra-image features can be seen as the basic func-
tion of matching/vector-field-based filtering. In the iterative
matching and filtering process, cross-attention should learn
some residual matching functions. For example, it should
additionally measure the correlation between the motions
of query points and the positions of matching candidates.
Moreover, self-attention should learn some residual func-
tions of evaluating the reliability of key motions, consensus
(a kind of correlation) between query and key motions, and
even semantic correlation between query and key points.

However, limited by the dimension of space and the com-
plexity of operations, attention-based neural networks might
not be able to implement advanced matching or filtering
functions, especially at the early stage. Then, original visual
and spatial information turn noisy and incomplete in deep
attentional propagation. In this case, the difficulty of lever-
aging information and learning functions is irreversibly in-
creasing in deep layers, which limits the final performance.
To tackle the problems, we can pre-compute precise basic
functions on raw visual descriptors and positions. Then in-
corporate them into the deep layers with simple bypassing
attention connections. In this way, the clean information can
indicate the process in deep layers, and the limited capacity
of the model can be reserved to learn the residual functions.

In this paper, we propose ResMatch, in which self- and
cross-attention are reformulated as learning residual func-
tions with reference to relative position and descriptor sim-
ilarity as shown in Figure 1. Such residual attention learn-
ing brings a formidable and clean inductive bias, i.e., a prior
for easier optimization to attention-based feature matching
networks. Moreover, we propose sparse ResMatch (sRes-
Match) equipped with KNN-based sparse attention to con-
serve computation cost. Specifically, we search k nearest
inter-neighbors for each point as matching candidates ac-
cording to the similarity of descriptors; k intra-neighbors for
partial consensus modeling according to the relative posi-
tions. Sparse attention for a point is only computed within its
neighborhood. So the computation cost of O(NN?) is reduced
to O(kN) for two sets of N-point matching. Extensive ex-
periments demonstrate that residual attention in ResMatch
can yield significant improvements. The competitive perfor-
mance of sResMatch supports our interpretation of attention
while reducing the computation cost. Our contributions can
be summarized as:

- We propose residual attention learning for feature match-
ing, termed ResMatch. Simple bypassing injection of rel-
ative positions and the similarity of descriptors facilitates
feature matching learning.

- We propose sResMatch with KNN-based linear attention.
sResMatch verifies our analysis of attention for feature
matching, while reducing the computation cost.

- Our models achieve remarkable performance in feature
matching, pose estimation and visual localization tasks.

Related Works

Classical Feature Matching. NN is the simplest way
to match features. To clean noisy matches, many post-
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processing methods are studied, such as mutual nearest
neighbor (MNN)), ratio test (RT) (Lowe 2004), filters based
on local (Bian et al. 2017) or global (Ma et al. 2014;
Lu et al. 2023b) consensus, and sampling-based robust
solvers (Chum and Matas 2005; Barath et al. 2020). Es-
pecially, global consensus given by VFC (Ma et al. 2014)
shares a similar formulation with self-attention, which en-
courages us to rethink self-attention as an outlier filter.
Moreover, graph-based methods (Caetano et al. 2009; Tor-
resani, Kolmogorov, and Rother 2008) seem more promis-
ing because more properties of features are utilized, but the
difficulty in modeling hampers their popularity.

Deep Feature Matching. PointCN (Yi et al. 2018) takes
an early effort to learn match filtering as a classification
task. ConvMatch (Zhang and Ma 2023), an alternative, em-
ploys self-attention to model vector field consensus (Ma
et al. 2014), which shares a similar motivation with us.
Instead of filtering putative sets, SuperGlue (Sarlin et al.
2020) designs an attention-based GNN to match sparse fea-
tures in a graph matching manner. To improve the practi-
cability of SuperGlue, ParaFormer (Lu et al. 2023a) stud-
ies interactive hybrid attentions; SGMNet (Chen et al. 2021)
and ClusterGNN (Shi et al. 2022) simplify O(N?) cost of
vanilla attention (Vaswani et al. 2017); IMP (Xue, Budvytis,
and Cipolla 2023) and LightGlue (Lindenberger, Sarlin,
and Pollefeys 2023) design efficient inference. By contrast,
we tend to give insight on attention mechanisms. More-
over, rather than extracting sparse features before matching,
LoFTR (Sun et al. 2021) finds correspondences for dense
learnable features and then predicts precise locations for re-
liable correspondences. LoFTR has caught increasing inter-
est in current years (Chen et al. 2022; Giang, Song, and
Jo 2023; Tang et al. 2022; Xie et al. 2023), but we believe
attention-based feature matching still deserves independent
study since it is an essential step in LOFTR’s pipeline.

Residual Learning. It has become a dispensable tech-
nique to avoid signal vanishing and facilitate optimization
in deep learning (He et al. 2016). However, most resid-
ual connections are conducted on features, and only a
few works learn residual attention in the bloom of Trans-
former (Vaswani et al. 2017; Dosovitskiy et al. 2020). Real-
former (He et al. 2020) presents residual attention learning
for Transformer in the natural language processing task, in
which attention from previous layers is added to the cur-
rent layer. EATransformer (Wang et al. 2023b) enhances the
residual attention for a Transformer-based image classifi-
cation network with learnable convolution. Compared with
them, our residual attention is more simple and customized
according to the nature of feature matching.

Efficient Attention. Vanilla attention for N-point match-
ing takes a computation cost of O(N?) (Vaswani et al.
2017). Linear Transformer (Katharopoulos et al. 2020) re-
duces the computation complexity to O(N) by decompos-
ing softmax kernel, but might degenerate the performance
on feature matching (Sun et al. 2021; Viniavskyi et al. 2022).
SGMNet (Chen et al. 2021) searches several matches as
seeds for down and up attentional pooling, which obtains
linear complexity and satisfactory performance. Similarly,
the variant of ParaFormer (Lu et al. 2023a) uses a part of
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points for attentional pooling in U-Net architecture (Gao and
Ji2022). ClusterGNN (Shi et al. 2022) implements attention
within k. clusters, which leads to O(N?/k..) cost. Our sRes-
Match performs sparse attention for each point within a pre-
defined neighborhood, which results in linear complexity.

Method
Attention-based Feature Matching Revisited
Given an image, feature extraction algorithms produce a
set of local features, which consist of N keypoint posi-
tions p; € R? and corresponding visual descriptors d; € R¢,
where ¢ € {1,2,..., N} and c is the channel of descrip-
tor. To match two feature sets from images A and B, Su-
perGlue (Sarlin et al. 2020) and its alternatives first fuse the
spatial and visual information in c-dimensional space as:
Yz; = fi(di) + f2(p;), )]
where f(-) is a multilayer perceptron (MLP), and the super-
script 0 denotes the feature before the first attentional layer.
After that, two sets of fused features °X* and ° X7 €
RN *¢ are fed into GNN, in which the basic operation, atten-
tion feed-forward Atten(X, Y') can be described as:

Q K,V =WoX),Wk(Y),Wy(Y), (2
S(X,Y)=QK", 3)

X = Softmaz(S(X,Y))V, )
Atten(X,Y) = X + f3(X ||[Waz(X)), 5)

where TV (-) denotes learnable linear layer, and || denotes
concatenation of feature channel.

The attention operation is so-called self-attention if X
and Y come from the same image and cross-attention other-
wise. Egs. (3) and (4) in cross-attention reduce to traditional
NN, if @ and K carry visual information only and softmax
approaches to argmax with large input magnitude. From this
perspective, cross-attention can be viewed as a learnable
matching process. In addition, from VFC (Ma et al. 2014)
perspective, such operations on intra-image can be regarded
as an interpolation procedure for vector field representation.
The motion vector of a query point can be interpolated by
measuring the correlation between it and key motions, then
computing the weighted sum of reliable motions. The sim-
ilarity of formulation and motivation between self-attention
and VFC motivates us to rethink it from a perspective of
vector-field-based filtering step.

After L layers hybrid attention, information of ® X A and
0X P is propagated into “ X Aand LX 5B, respectively. Fi-
nally, the correlation matrix, W, (X XYW, (Y XP)T, and
a learnable dustbin are fed into Sinkhorn algorithm (Cu-
turi 2013) or dual softmax function (Sun et al. 2021) to
acquire an assignment matrix. A cross-entropy loss can be
constructed to train the network by increasing the matching
probability of inliers in the assignment matrix. The architec-
ture of feature matching is briefly illustrated in Figure 2.

Residual Attention Learning

Motivation. SuperGlue can be interpreted as an iterative
feature matching-and-filtering process. In the process, cross-
attention should learn the basic function of measuring visual
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Figure 2: The architecture of ResMatch. Point-to-point rel-
ative position S* and similarity of descriptors S” are in-
jected into the self- and cross-attention, respectively. Sparse
residual attention propagation which is only conducted
within neighborhoods, is optional.

for matching. Besides that, the advanced attention-based
matching step should learn residual functions of matching
query points and candidates with the predicted motions.
Specifically, it should find the correspondence of a point in
the area determined by its motion vector. Given the infor-
mation of putative motion vectors, i.e., raw matches embed-
ded in the features, self-attention should estimate field con-
sensus, i.e., interpolate the approximate motion vector for
each point. However, such interpolation should involve ba-
sic functions of measuring the spatial correlation between
query and key points, then accumulating key motions like
bilinear interpolation. Beside that, it should cover residual
functions of evaluating the reliability of the key points, so the
reliable ones can contribute more to the prediction. More-
over, it might additionally learn the semantic point corre-
lation to help motion estimation since points on one object
might have consistent motions.

From this perspective, cross- and self-attention can be op-
timized by injecting the similarity of raw descriptors and the
relative positions into the attention score for two reasons: i)
The networks might not be so versatile to learn complete
functions of matching and filtering. Thus, pre-computing ba-
sic functions, i.e., measuring the basic correlations, then in-
jecting them into attention score can make model concen-
trate on learning residual functions with the limited capac-
ity. ii) Information in raw inputs is cleaner and more com-
plete compared to the one in intermediate features. So spa-
tial and visual relationships computed on raw inputs and
connected to deep attention blocks might be more reliable
to initialize and indicate the matching-and-filtering process.
Residual Cross-attention. Since the matching step needs
measure inter-image visual similarity, we achieve this by:

SP(X,Y) = fo( DY) fo(DV)T, (6)

where DX € RY*¢ denotes the descriptor set correspond-
ing to X. Then we add S? into Eq. (3) after affine modula-
tion and activation:

SP(X,Y) = LReLUN’SP(X,Y) + 8P),
SHesD(X|Y) = S(X,Y) + 8P (X,Y),

(7
®)

where LReLLU denotes leaky rectified linear unit, A and (3 are
learnable affine parameters which are unique for different
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layers. SP is broadcast to multi-heads with unshared param-
eters. In this way, S(X,Y") in cross attention can be seen as
a residual function with reference to S”(X,Y") and facili-
tate the learning of complete matching function. As shown in
Figure 3, the similarity of mismatches decreases fast, which
indicates that the cross-attention acts as NN.

Residual Self-attention. Vector field consensus modeling
in self-attention needs clean spatial information and measure
intra-image spatial correlation (Ma et al. 2014). So we em-
ploy a nonlinear neural network to pre-compute the spatial
relationship, i.e., relative positions, as

SP(X,X) = f5(PX) fs(PY)T, ©)
where PX denotes the keypoint positions corresponding
to X. And then, we inject the relative positions into self-
attention like residual cross-attention:

SP(X,X) =LReLUN' ST (X, X) + 87), (10)
SResP(X X)) = S(X,X)+ SP(X, X). (11)

As shown in Figure 3, self-attention is assembled in local
areas due to strong spatial correlation. Importantly, the topo-
logical structures of self-attention in two views are similar,
in which several correspondences with dark red links can be
easily found. It means these correspondences are reliable, so
the correlation, i.e., the kernel value, between them and the
query point is high. Consequently, their motion would con-
tribute more to the prediction. Generally, the visualization in
Figure 3 validates our analysis of attention mechanisms.

Bypassing Attention Adjustment. As shown in Figure 3,
the similarity of descriptors might not be indicative enough
to guide matching in deep layers. And relative positions,
which only involve point-to-point spatial relationship, does
not fulfill the demand of field consensus modeling. There-
fore, we adjust these bypassing attentions, i.e., S© and S,
at a middle layer (4th):

1SP(X,Y) =" SP(X,Y) + fo(* X) f6(*Y)T,
L19P(X, X) =0 SP(X, X) + f(*X) £ (" X)T,

12)
13)

where fg and f; are task-specific information decoders. °S
denotes the bypassing attention computed before the first at-
tention layer with Egs. (6) and (9). ) replaces S in residual
attention learning, i.e., Eqs. (7) and (11) since the 4th layer.
Both °S and *$ are computed once.

Sparse Residual Attention

Motivation. It is expensive to reconstruct N? putative
matches and gather all messages of them in the iterative
matching steps. It is reasonable to select a subset of candi-
dates for matching according to the similarity of descriptors
SD . Moreover, interpolation often favors to gather values in
neighborhoods. Motion vectors predicted by VFC (Ma et al.
2014) also highly depend on the value of the neighbors due
to the nature of local affinity (Ma et al. 2019). So we can uti-
lize only a few neighbors as keys for predicting the motion
vector of a query point. Considering i) the attention propaga-
tion works as an iterative matching-and-filtering process, ii)
bypassing S” and bypassing S* are believed to domain the
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Figure 3: Illustration of attention score. Red full lines de-
note the top 16 attention scores for the center query point,
and green dash lines denote the 16 neighbors according to
bypassing SP and S”. Query points in images are corre-
spondences in two views.

attention in our ResMatch, we can conduct KNN on S and
ST to sparsify residual attention as discussed above.
KNN-based Sparse Attention. We find k/2 matching
candidates for each point according to SP. For filtering, we
also mine £ nearest neighbors (KNN) for local consensus
modeling according to S¥. So KNN-based sparse residual
attention for a query feature x; can be formulated briefly as:

M; = KNN(z;, 5*),5% € {S”,57}, (14)
S(x;, Y[M;])) = «; K[M,;]" + S*[i, M}], (15)
&; = Softmax(S)V[M,], (16)

where M; € N stores the indices of k nearest neighbors
of x; according to ST or SP, and [-] denotes the indexing
operation. Bypassing attention S*[i, M] is crucial for dif-
ferential KNN and overall learning. KNN is conducted both
at the initial step and after adjustment.

Intuitively, more reliable neighbors should be involved for
local consensus modeling in sparse self-attention, while the
number of matching candidates in cross-attention can be rel-
atively small for distinguishing descriptors. So, at the ini-
tial step, we mine k neighbors for self-attention and & /2 for
cross-attention; After bypassing attention adjustment, only
k/4 neighbors are mined for cross-attention. k is empiri-
cally set to a constant 64 for balancing performance and effi-
ciency. In this way, we obtain computation cost linear to the
number of query points.

Implementation Details

The networks equipped with full and sparse residual atten-
tion learning are termed ResMatch and sResMatch, respec-
tively. Our networks consist of sequential 9 blocks of 4-head
hybrid attention, of which feature dimension is consistent
with the input descriptor. Following SGMNet (Chen et al.
2021), we train the network on the GL3D (Shen et al. 2018).
In the training, 1k features are extracted for each image. 10
iterations of Sinkhorn algorithm are performed to obtain the
assignment matrix. And cross-entropy loss same as Super-
Glue (Sarlin et al. 2020) is conducted on the final matching
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NN-+RT+ConvMatch SGMNet

SuperGlue sResMatch

Figure 4: Samples of RootSIFT matching results.The
green/red lines link the inliers/outliers.

probability. The networks are trained in 450000 iterations
with batch size of 16.

Experiments

We evaluate our methods for two-view image matching
on three datasets, including YFCC100M (Thomee et al.
2016), ScanNet (Dai et al. 2017), and FM-Bench (Bian
et al. 2019). We use Aachen Day-Night V1.1 (Sattler et al.
2018) to further verify the applicability of our methods in
visual localization task. In all datasets, our methods are
employed to match three kinds of features including hand-
crafted Root-SIFT (Lowe 2004; Arandjelovi¢ and Zisserman
2012), DOG+HN (Lowe 2004; Mishchuk et al. 2017), and
SuperPoint (DeTone, Malisiewicz, and Rabinovich 2018).
The performance is compared to NN with RT (Lowe 2004),
learnable filter ConvMatch (Zhang and Ma 2023), and fea-
ture matching GNNs including SuperGlue (Sarlin et al.
2020), SGMNet (Chen et al. 2021), ParaFormer (Lu et al.
2023a), and LightGlue (9 layers) (Lindenberger, Sarlin, and
Pollefeys 2023). All GNNSs are trained on GL3D. Some sam-
ples of RootSIFT matching are shown in Figure 4.

Image Matching

YFCC100M contains 100 million outdoor photos collected
from the Internet, along with 72 3D models reconstructed in
the SfM pipeline (Thomee et al. 2016; Heinly et al. 2015).
Following SGMNet (Chen et al. 2021), we select 4000 pairs
of images from 4 models for testing. Up to 2k features are
extracted for each image by three feature extraction meth-
ods and matched by different matchers. Finally, we estimate
relative camera pose with predicted matches and the robust
solver, RANSAC (Fischler and Bolles 1981). Three metrics
are reported in Table 1: i) Approximate AUC at different
thresholds of estimated rotation and translation error, ii) the
ratio of the number of correct matches to extracted key-
points, known as matching score, and iii) the inlier rate of
predicted matches, known as mean precision.

As shown in Table 1, our residual attention learning brings
certain improvements for three kinds of feature matching
on most metrics. Especially, we boost matching precision
of RootSIFT+SuperGlue and DOG+HN+SuperGlue by over
8% and matching score by about 2%, which imposes a posi-
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AUC

Feature (#) Matcher ©5° @10° @20° M.S. Prec.
NN 48.25 58.16 68.13 4.44 56.38
ConvMatch™ 59.23 68.54 77.56 8.03 67.91
SuperGlue  61.45 71.23 80.62 17.37 74.91

R"?;%FT SGMNet  62.72 72.52 81.48 17.08 86.08
ParaFormer 61.80 71.70 81.18 17.09 76.29
ResMatch 63.92 73.33 82.15 19.34 83.54
sResMatch  63.51 73.52 82.26 18.65 81.43
NN 53.05 63.11 73.37 8.44 55.96
ConvMatch® 59.55 69.46 75.22 13.53 60.66
SuperGlue  61.12 70.88 80.56 16.92 75.37

DO((;;)HN SGMNet 62.98 72.81 82.02 17.87 83.23
ParaFormer 62.00 71.86 81.21 18.01 78.40
ResMatch 64.70 74.43 83.20 18.76 86.27
sResMatch  64.35 74.06 82.90 18.71 81.77
NN 3340 42.66 5340 7.83 36.14
ConvMatch® 50.28 61.25 71.78 12.58 68.34

~ SuperGlue  60.45 70.71 80.00 19.47 80.22
SuperPoint  SyperGlue™  67.10 76.18 84.37 21.58 88.64
(2k)  SGMNet 6122 71.02 8045 2236 85.44
ParaFormer 61.75 72.03 81.23 22.31 81.28

LightGlue 62.90 73.01 81.48 22.78 85.60

ResMatch 63.03 73.04 81.94 23.06 85.99

sResMatch  62.40 72.62 81.65 21.82 83.05

Table 1: Results on YFCC100M, where AUC denotes the ac-
curacy of the estimated poses, M.S. denotes matching score,
and Prec. denotes precision. Bold indicates the best. * de-
notes the official model trained in other protocols.

tive effect on pose estimation accuracy. It is worth mention-
ing that KNN-based sResMatch keeps the admirable perfor-
mance while saving computation costs in theory.

ScanNet is a comprehensive indoor dataset with ground-
truth poses and depth (Dai et al. 2017). The indoor images in
ScanNet lack textures and exhibit distinct variance in depth,
which obstructs feature matching. Following SuperGlue, we
select 1500 wide-baseline pairs of images for the test af-
ter overlap validation. Images in test are resized to a fixed
size of 640 x 480. The same evaluation pipeline and met-
rics in YFCC100M are employed in ScanNet. Furthermore,
we compare ResMatch to SuperGlue on advanced features:
DISK (Tyszkiewicz, Fua, and Trulls 2020), ALIKED (Zhao
et al. 2023), and AWDesc (Wang et al. 2023a).

Our ResMatch outperforms counterparts with distinct
margins for pose estimation as shown in Table 2. Especially,
there is an about 3% average improvement of AUC in differ-
ent matching protocols, which demonstrates that the solid
inductive bias provided by residual attention learning ben-
efits feature matching in challenging scenes. Moreover, the
remarkable performance of sResMatch reveals sparsifying
self- and cross-attention according to relative positions and
the similarity of descriptors is effective, which confirms our
interpretation of attention-based feature matching networks.

FM-Bench comprises four subsets (CPC, T&T, TUM and
KITTI) covering driving, indoor SLAM and wide-baseline
scenarios (Bian et al. 2019). We choose CPC, T& T, TUM for
test. We only perform 10 iterations for Sinkhorn algorithm,
which saves half test time. Fundamental matrices are esti-
mated on predicted matches and the estimation is considered
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AUC

Feature (#) Matcher @5° @10° @20° M.S. Prec.
SuperGlue  30.08 41.30 53.00 9.08 38.44

RoorSIFT  SGMNet 3066 41.13 52.80 879 4554
(k) ParaFormer 32.62 43.32 5421 9.09 38.38
ResMatch  35.40 46.53 57.97 10.19 44.94
sResMatch 3520 46.13 57.85 9.51 46.09
SuperGlue  34.06 44.60 56.03 890 4036

SGMNet 3453 4567 57.68 933 45.11

Doglj)HN ParaFormer 33.06 4473 5628 923 40.70
ResMatch  38.10 49.47 60.80 10.30 45.74
sResMatch 37.93 48.80 6031 9.73 42.68
SuperGlue  34.18 44.35 54.89 1625 46.16
SuperGlue® 37.93 49.70 6234 18.50 47.32
SuperPoint SGMNet 3540 4483 5580 16.86 47.83
“pe]rkom ParaFormer 34.96 45.66 56.85 16.62 46.64
(k) {iohtGlue 37.06 46.86 57.83 1640 47.80
ResMatch  37.87 4727 58.40 16.64 48.46
sResMatch 36.46 47.50 58.12 16.79 46.83

DISK  SuperGlue 28.00 38.83 50.12 13.43 43.62
(2k)  ResMatch 32.00 42.03 53.80 14.22 48.02
ALIKED SuperGlue 34.06 4390 55.56 13.46 46.42
(2k)  ResMatch  37.07 4777 59.08 14.51 48.80
AWDesc  SuperGlue  39.33 5020 6148 12.09 42.38
(2k)  ResMatch 42.86 5426 6537 11.96 48.19

Table 2: Wide-baseline indoor pose estimation in ScanNet.
Approximate AUC, matching score (M.S.) and matching
precision (Prec.) are reported.

correct if its normalized symmetric epipolar distance (Zhang
1998) is lower than 0.05. In Table 3, we report recall of fun-
damental matrix estimation and the mean number of corre-
spondences (Corr.) after RANSAC processing.

As we can see, our methods show advantages on most
metrics. However, SGMNet seems to perform better on
TUM, while our sResMatch yields a degeneration. This
might be caused by low resolution, poor quality and lack of
textures in TUM indoor images. Forcing feature extraction
methods to extract dense and unreliable features troubles the
subsequent matching. In this case, our sResMatch might be
struck in unreliable local consensus between two subsets,
which finally leads to relatively weak performance.

Visual Localization

Visual localization is a common task to verify the ap-
plicability of feature matching algorithms. Thus, we inte-
grate several feature matching algorithms into the state-
of-the-art visual localization pipeline Hierarchical Local-
ization (HLoc) (Sarlin et al. 2019) and run the pipeline
on the Aachen Day-Night V1.1 dataset, which consists of
6697 reference images and 1015 (824 daytime, 191 night-
time) query images. For each image, we extract up to 8k
RootSIFT, 4k DOG+HN and SuperPoint associated with
NetVLAD (Arandjelovic et al. 2016) global feature. To save
test time, we only perform 50 iterations of Sinkhorn algo-
rithm for matching. The localization accuracy under differ-
ent thresholds is reported in Table 4. As we can see, our
methods achieve high scores on all metrics, which confirms
the applicability of residual attention learning in the down-
stream tasks. Moreover, our proposals demonstrate scalabil-
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Feature (#) Matcher

%Reall (#Corr.)

CPC

T&T

TUM

SuperGlue
SGMNet
ParaFormer
ResMatch
sResMatch

RootSIFT
(4k)

57.3 (240)
61.2 (289)
58.4 (243)
62.4 (273)
63.7 (261)

86.1 (418)
84.3 (468)
86.3 (428)
88.0 (464)
86.5 (445)

62.5 (797)
67.2 (945)
61.6 (838)
65.4 (910)
62.7 (845)

SuperGlue
SGMNet
ParaFormer
ResMatch
sResMatch

DOG+HN
(4k)

58.3(236)
60.9 (268)
60.2 (250)
65.2 (286)
64.1 (269)

87.2 (415)
86.3 (433)
87.3 (433)
89.1 (479)
87.8 (451)

63.5 (794)
64.8 (895)
63.9 (840)
67.2 (956)
62.4 (861)

SuperGlue
SGMNet
ParaFormer
ResMatch
sResMatch

SuperPoint
(4k)

68.8 (346)
69.0 (380)
70.0 (351)
72.3 (366)
75.6 (342)

95.0 (482)
93.7 (511)
94.6 (483)
95.1 (505)
95.6 (478)

59.1 (803)
62.6 (923)
58.3 (798)
64.2 (848)
58.6 (728)

Table 3: Fundamental

matrix estimation on

FM-Bench.

%Recall denotes the precision of fundamental matrix esti-
mation, and #Corr. denotes the number of inliers.

Feature (#) Matcher

(0.25m,2°) 7 (0.5m,5°) / (1.0m,10°)

Day

Night

SuperGlue
SGMNet
ParaFormer
ResMatch
sResMatch

RootSIFT
(8k)

82.8/91.1/96.8
82.8/90.5/97.2
82.9/90.8/ 96.5
84.8/91.4/97.3
86.5/93.4/97.9

51.8/62.3/84.3
56.0/72.3/ 89.5
52.9/ 67.0/ 84.8
56.5/74.9/92.1
57.6/ 72.3/ 90.6

SuperGlue
SGMNet
ParaFormer
ResMatch
sResMatch

DOG+HN
(4k)

84.6/92.0/97.1
84.8/93.1/97.3
82.9/91.3/97.0
85.6/92.8/98.5
85.0/93.1/97.5

49.2/ 63.9/ 80.6
65.4/ 81.2/90.6
50.8/64.9/ 83.8
64.4/ 80.1/93.7
65.4/82.2/92.7

SuperGlue
SuperGlue”
SGMNet
ParaFormer
ResMatch
sResMatch

SuperPoint
(4k)

87.9/93.4/97.8
89.4/ 96.5/ 99.4
87.0/94.3/ 98.4
87.1/93.7/97.9
87.5/94.3/ 98.5
88.6/95.0/ 98.9

70.2/ 89.5/97.4
75.4/91.1/ 99.5
69.6/ 87.4/ 97.9
69.1/ 88.0/ 97.4
68.6/ 90.6/ 99.0
71.2/89.5/98.4

Table 4: Visual localization on Aachen V1.1. */*/* denotes
the visual localization accuracy under thresholds of (0.25m,
2°)/(0.5m, 5°)/(1.0m, 10°).

ity to the number of features, as evidenced by the favorable
performance on 8k RootSIFT and 4K DOG+HN, which is
several times larger than the training size of 1k.

Discussion

Ablation Study

In this paper, we propose residual self-, cross-attention and
their corresponding sparse versions for feature matching. To
investigate the effectiveness of each proposal, we conduct
ablation study with 2k RootSIFT on YFCC100M (Thomee
etal. 2016; Heinly et al. 2015) and ScanNet (Dai et al. 2017).
Results of ablation study are reported in Table 5.

As we can see, ResMatch without residual cross-attention
produces larger degeneration of performance than ResMatch
without residual self-attention. The reason might be that the
information of visual appearance in c-D raw descriptors is
compressed by f1 to make room for 2-D positional infor-
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AUC@20° (%) YFCC100M  ScanNet

SuperGlue 80.62 53.00
ResMatch 82.15 57.97
w/o ResSelfAtten 82.00 57.16
w/o ResCrossAtten 81.35 55.47
w/o Adjustment 81.42 56.31
sResMatch 82.26 57.85
w/ FullSelfAtten 82.33 58.12
w/ FullCrossAtten 81.92 58.04
k=32 80.78 56.34

Table 5: Ablation study on YFCC100M and ScanNet. AUC
under a threshold of 20° is reported.

mation in the c-D fused hyperspace. The information loss
confuses the matching function in ResMatch without resid-
ual cross-attention and SuperGlue (Sarlin et al. 2020). Con-
versely, 2-D positional information mapped into ¢-D inter-
mediate features has been complete and clean enough for fil-
tering of ResMatch without residual self-attention. However,
residual self-attention still improves the SuperGlue with cer-
tain margins, which demonstrates the significance of bypass-
ing injection of relative position. Moreover, bypassing atten-
tion adjustment would facilitate the learning in deep layers
as proved by the ablation study.

For sResMatch, the ablation study suggests our sparsi-
fication principle (k 64) for attention yield indistinct
changes in performance. We even can find some improve-
ments brought by sparse attention in Tables 3 and 4, in which
large numbers of features are extracted. The reason might be
that the information of all points is aggregated into a lim-
ited feature space. And the mixed information is too am-
biguous to model precise vector field. By contrast, the spar-
sification tightens the solution space of modeling and ob-
tains more precise model after limited iterations. However,
too sparse attention with £k = 32 leads to significant drop
because matching candidates are too few to cover the cor-
respondence and the neighborhoods in self-attention are too
small to cover enough inliers for local consensus modeling.

Computation Efficiency

We compare the computation efficiency of our networks to
SuperGlue (Sarlin et al. 2020), SGMNet (Sarlin et al. 2020),
ParaFormer (Lu et al. 2023a). The computation cost versus
the numbers of 128-D features, are drawn in Figure 5. In the-
ory, residual attention learning should take little additional
time over SuperGlue. However, the cost of ResMatch is out
of our expectation in practice. Similarly, some operations of
sResMatch are hard to optimize in programming. For ex-
ample, KNN in Equation (14) takes 20% time consumption
for 8k features matching, and indexing operations in Equa-
tions (15) and (16) take 23%. For memory cost, our sRes-
Match with £ = 64 is competitive with SGMNet, which is
one of the major reasons why k is set to 64.

Impact of The Number of Layers

We think residual attention learning can facilitate the
matching-and-filtering process, especially at the initial
stage. If our analysis is solid, our residual attention might

1507

—e— SuperGlue
SGMNet
—e— ParaFormer
—e— ResMatch
—e— sResMatch

—e— SuperGlue
SGMNet
—e— ParaFormer
—e— ResMatch
7| —*— sResMatch
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Memory (GB)
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0.50 A
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Figure 5: Computation efficiency of feature matching net-
works on an NVIDIA RTX3090 GPU. The memory con-
sumption of SuperGlue is close to ParaFormer.

Layers 1 2 3 6 9

SuperGlue 3993 44.35 47.63 5225 53.00
SGMNet 40.46 4195 4385 5246 52.80
ResMatch  46.57 50.65 53.35 5630 57.97
sResMatch 46.86 50.50 52.86 56.18 57.85

Table 6: The impact of numbers of layers for RootSIFT
matching. AUC@20° on ScanNet is reported.

give more improvements with fewer layers. As we can see
in Table 6, compared to SuperGlue, our methods yield over
6% improvements in networks with 2 layers, while smaller
than 5% with more than 6 layers. These evidences confirm
that our residual attention learning can better initialize the
matching-and-filtering step. Moreover, benefiting from the
clean basic functions injected to the deep layers, our net-
works seem to obtain better results by stacking more layers,
while the performance of SuperGlue and SGMNet seems
saturated with more than 6 layers. It is worth mentioning
that the computation cost of our sResMatch can be further
optimized by point pruning and early stop, which is studied
by recent works IMP (Xue, Budvytis, and Cipolla 2023) and
LightGlue (Lindenberger, Sarlin, and Pollefeys 2023).

Conclusion

In this paper, we rethink self- and cross-attention in fea-
ture matching networks from a viewpoint of feature match-
ing and filtering. For the viewpoint, self- and cross-attention
are reformulated as learning residual functions with refer-
ence to the basic functions of measuring spatial and visual
correlation, then added by relative position and the simi-
larity of descriptors to facilitate the learning, respectively.
ResMatch equipped with the proposed residual attention,
obtains promising performance in extensive experiments.
Furthermore, we perform sparse self- and cross-attention
of each point only with its intra- and inter-neighborhoods,
which are mined according to the two kinds of references.
sResMatch with sparse residual attention not only reduces
the computation cost, but also verifies the significance of
residual attention learning with competitive performance.
In summary, we bridge the gap between the interpretable
matching-and-filtering pipeline and agnostic attention-based
feature matching networks empirically. Comprehensive ex-
periments confirm the validity of our analysis and proposals.
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