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ABSTRACT

Existing feature matching methods tend to extract feature de-
scriptors by feeding down-sampled feature maps into a Trans-
former that is unable to extend feature scales, leading to false
correspondences between small-size objects. This paper pro-
poses MSFormer, which uses Transformers situated in dif-
ferent branches to obtain feature descriptors. In one branch,
convolutions are integrated into self-attention layers elegantly
to compensate for the lack of the local structure informa-
tion. In another branch, a multi-scale Transformer is proposed
through injecting heterogeneous receptive field sizes into to-
kens. Additionally, a neighborhood consensus mechanism is
proposed by re-ranking initial matches to make a constraint
of geometric consensus on neighborhood feature descriptors.
Extensive experiments on indoor and outdoor pose estima-
tions show that MSFormer outperforms existing state-of-the-
art methods by a large margin.

Index Terms— Feature matching, Transformer, Neigh-
borhood consensus, Convolutional neural network

1. INTRODUCTION

Building correspondences between two views of the same
scene is the cornerstone of many downstream 3D computer
vision tasks, including 3D reconstruction, visual localization,
structure from motion (SfM), simultaneous localization and
mapping (SLAM), efc. Given a pair of images, the tradi-
tional pipeline of feature matching is: (1) feature detection (2)
feature description (3) feature matching (4) outlier rejection.
Before the deep learning era, many researchers design novel
handcrafted detectors and local descriptors such as ORB [1]
and SIFT [2]. Based on co-occurrence probability-based pixel
pairs, [3] is proposed, which has the robustness for severe
imaging conditions. In the past few years, many works [4,
5, 6] tend to use CNNs to extract local features which are
more robust to illumination and viewpoint changes. To en-
large the receptive field, Transformer [7] is used to capture
long-term feature dependencies and form a global represen-
tation. SuperGlue [8] enhances feature descriptors by using
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Fig. 1. Comparison between MSFormer (below) and LoFTR
(above). Green color indicates epipolar error below 1 x 1074,

a graph neural network (GNN), which is a general form of
Transformers. Since it’s hard to extract repeatable keypoints
due to poor texture and repetitive patterns, some methods like
[9, 10] tend to first build dense matches and then refine them
to the sub-pixel level. However, there are three problems
with prior semi-dense methods. First, the image local struc-
ture like edges and lines can’t be modeled well due to the
straightforward tokenization of input features by hard split.
Second, down-sampled feature maps from CNNs are taken as
inputs of a Transformer. Therefore, the transformed features
are less distinctive since the fine-grained information of small
objects isn’t well preserved. Finally, a key geometric con-
straint termed neighborhood consensus [1 1] isn’t taken into
account, causing uncertainty in feature matching. Recently,
the underlying relations between self-attention and convolu-
tion have been exploited by [12]. Meanwhile, [13] proposes
a new scheme which can model objects of various scales si-
multaneously at different attention heads. In this paper, MS-
former is proposed, which can obtain better feature descrip-
tors and extract geometrically consistent matches. Our main
contributions are summarized as follows:
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Fig. 2. The overall architecture of MSFormer. Single-scale features and multi-scale features are fused to generate feature
descriptors. A neighborhood consensus module is proposed to ensure the geometrical consistency of correspondences.
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Fig. 3. (a) The architecture of a mixed self-attention layer in
TCmix. (b) The architecture of AdaptMLP. (c) The architec-
ture of a Shunted Transformer block.

1) A mixed model entitled TCmix is proposed, in which
the additional convolution path is added to the self-attention
layer while the cross-attention layer is kept unchanged. The
2D structure and spatial local information within each feature
map can be preserved in features transformed by our TCmix.

2) A two-stage multi-scale Transformer is proposed to
capture both coarse-grained and fine-grained features directly
from the original images. Visualization results demonstrate
that features transformed in this way can retain lots of fine-
grained details.

3) The neighborhood consensus module is proposed to re-
rank initial matches to reach a matching consensus in local
neighborhoods between graphs. Matches violating the neigh-
borhood consensus criterion are filtered to improve the match-
ing precision.

2. METHODOLOGY

2.1. Single-scale Feature Description

Given two images I4 and I, a frozen feature pyramid net-
work (FPN) [14] is used as the backbone to extract feature
maps F4, Fp (% of the original image resolution) and Fa,
Fp (% of the original image resolution). Coarse feature maps
F A, F p are flattened into 1-D vectors and added with the po-
sitional encoding. As shown in Fig. 2, the position-dependent

features are denoted as Fi, F p- The positional encoding used
here has a sinusoidal form and is often referred to as “abso-
lute positional encoding”. Assuming inputs of the /*” mixed
self-attention layer are fﬁ,fé (fﬁ = fé), the final output fﬁ“ of
the [*" mixed self-attention layer can be attained by

Q' = Prj, (), K' = Prj, (), V! = Prj, (),
M = norm(Linear(MHA(Q', K', V!))),
fé’m = norm(AdaptMLP(concat(fﬁ7 M))) + fﬁ,

+1
fé = ffi,att + ﬂfi’,conm

6]

where Prjq (), Prj (), Prj, (-) are linear projections from
tﬁ,tlj to Ql, K', V! and M is retrieved message. MHA (-) is
a multi-head linear attention block in [15]. AdaptMLP () is
an enhanced MLP block and the structure of AdaptMLP is

present in Fig. 3(b). [ is a learnable parameter, fﬁ’att is the
output of the self-attention path and tﬁ’com is the output of the
convolution path. The output of the I*" cross-attention layer
can be obtained precisely as described above, except that the
convolution path is removed and the inputs are different. We
interleave the mixed self-attention and cross-attention layers

in our TCmix by N¢ times, generating single-scale feature

] ~A =B
descriptors F, , F .
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Fig. 4. Visualization of features transformed by different
ways. (a) The original image. (b) The transformed feature in
LoFTR. (c) The single-scale feature in our method. (d) The
multi-scale feature in our method. (e) The enhanced feature
used as one of matching descriptors. The dimension of trans-
formed features is reduced by PCA and results are visualized
with RGB color.

2.2. Multi-scale Feature Description

As shown in Fig. 2, the two-stage multi-scale Transformer
used here is composed of the patch embedding module, lin-
ear projections and interleaved Shunted Transformer blocks
[13]. The structure of one Shunted Transformer block is
shown in Fig. 3(c). In contrast to the standard attention layer,
the length of K,V is not uniform across different heads of
the same shunted self-attention layer, enabling the two-stage
multi-scale Transformer to capture multi-granularity features.
Multi-scale features directly extracted from original images

~A ZB ~A =B ~A ~B
I4,1p aredenotedasF,,,F, . F,  ,F, andF_, F, arecon-
catenated along the channel dimension, respectively, forming

enhanced descriptors INTtA; and INTFT for feature matching. As
illustrated in Fig. 4, it is obvious that the single-scale feature
retains the information of local structure while the multi-scale
feature embeds rich low-level details.

2.3. Neighborhood Consensus Module

In the matching module, the similarity matrix P(i, §) is calcu-
~A =B
lated by the inner product of F,,., F,,.

~A _ ~B

P(i, ) = 7(F,. (1), F;,.(5)), 2

where T is a temperature parameter. By using —P(¢, j) as the
cost matrix of the partial assignment problem as in [&], the
confidence matrix C is given, from which we obtain coarse

_ A ~ —
matches (4, j). The corresponding descriptors F,,.(i), F,,.(j)

are extracted and the partial similarity matrix S is computed
~A ~ =B~
by S = SOftmaX«Ftr(Z)’ Ftr (j>>)

A pair of coarse matches can be viewed as a pair of node
correspondences between graphs G, and Gy, which corre-
spond to images I 4 and I, respectively. In each graph, each
node establishes edges with 2 other nodes based on attention

MLP@—0)—

Fig. 5. The neighborhood consensus module.

weights, which means that each node is connected to 2 other
nodes it is most similar with. The edge matrix of G, and Gy, is
defined as E, and E,, respectively. A randomly colored node
matrix R, € RM>*" is proposed as the color of G,, where
M is the number of nodes in graph G,. r is the number of
colors and » < M. Another colored node matrix Ry can be
obtained by R, = S”R,, mapping the color of G, to G, with
S. We distribute this coloring in corresponding neighborhoods
by performing synchronous message passing on both graphs
via a shared graph neural network ¥

do = ¥(Ry,Ey), di = U(Ry,Eyp). 3)
The difference between dy and d; can be viewed as a mea-
surement of the neighborhood consensus and used to rectify
the similarity matrix P(¢, j)

P(i,j) = P(i,j) + MLP(dy — d). 4)

Repeating the above-mentioned procedure, then we get the re-
fined confidence matrix C and obtain re-ranked matches (7 ,
7). Similar to LoFTR, in the refinement module, the en-

hanced descriptors FZ:, and Fi are used as context to aug-
ment fine features F 4 and F p. The augmented fine features
are then transformed by a TCmix and the transformed features
are used to refine matches (i/, i l) to a sub-pixel level with a
correlation-based approach.

3. EXPERIMENTS

In this paper, we evaluate MSFormer on several downstream
tasks such as indoor and outdoor pose estimations. We in-
herit the loss function in LoFTR. Our implemented LoFTR
results under the same experimental conditions and with the
same hardware equipment are present for fair comparison. All
the experiments are conducted on a single RTX 3090. Both
LoFTR and MSFormer use the optimal transport matching
layer to extract coarse matches.

3.1. Outdoor Pose Estimation

Datasets. In this experiment, MSFormer is trained and tested
on the MegaDepth [16] dataset. To save memory, images
are resized so that their longer dimension (dubbed as SIZE)
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Table 1. Evaluation on MagaDepth for outdoor pose esti-
mation. The AUC of the pose error and precision@ le-4 are
reported.

SIZE | Method @5 @10° @20° Preeson
@le-4

~ |DRC-Net[l7] 27.01 42.96 5831 -

SuperPoint [6]

~ | SuperGlue [¢] 4218 6116 7596 -
840 |LoFTR [0]  47.54 64.54 77.33 83.88
840 | Ours 48.50 6530 77.62 94.23
640 |LoFTR [0] 4348 5941 7228 8235
640 |Ours 4535 62.24 74.96 92.85

Table 2. Evaluation on ScanNet for indoor pose estimation.
The AUC {5°,10°,20°} and precision@5e-4 are reported.
Symbol ‘i’ means that the model is trained on MegaDepth.

o o - precision
Method @5° @10° @20 @504
ORB [1]+GMS [18] 521 13.65 25.36 -
D2Net [4]+NN 5.25 14.53 27.96 -
ContextDesc [19]+Ratio Test [2] | 6.64 15.01 25.75 -
SuperPoint [6]+NN 943 21.53 36.40 -
SuperPoint [6]+PointCN [20] 11.40 25.47 41.41 -
SuperPoint [6]+OANet [21] 11.76 2690 43.85 -
DRC-Net f [17] 7.69 17.93 30.49 -
LoFTR 7 [Y] 14.18 30.26 46.94 57.60
Ourst 16.20 32.24 48.07 73.67

equals to 640 pixels during training. However, all other base-
line methods are evaluated on the test set with larger SIZE.
For fair comparison, MSFormer is tested on both 840 SIZE
and 640 SIZE test sets.

Results. The matching precision and the AUC of the pose
error under thresholds {5°,10°,20°} are reported. The pose
error is defined as the maximum of angular error in translation
and rotation. Similar to LoFTR, MSFormer is sensitive to
the sizes of images used for training. As shown in Table 1,
MSFormer outperforms LoFTR on the AUC {5°,10°,20°}
and achieves a +10.35% precision gain when SIZE equals to
840 pixels. MSFormer maintains its lead (+1.87%, +2.83%,
+2.68%, +10.5%) when evaluated on the 640 SIZE test set,
implying the validity of our method.

3.2. Indoor Pose Estimation

Datasets. In this section, MSFormer is evaluated on the Scan-
Net [22] dataset as in [9]. Because DRC-Net is trained on
MegaDepth and the computational cost of training MSFormer
on ScanNet from scratch is unbearable, we present results of
MSFormer trained on MegaDepth.

Results. In indoor pose estimation, the AUC {5°,10°,20°}
and precision@5e-4 are reported. Symbol ‘T’ means that the

Table 3. Ablation study. Variants of MSFormer are evaluated
on the MegaDepth dataset (840 SIZE).

Smgle.—sc.:ale multljsc.zlle Neighbors @5° @10° @20° precision

description description @le-4
v 48.22 64.37 77.11 88.71

v 46.22 6224 7530 89.03

v v 48.12 65.17 77.19 94.20
v v 2 48.50 65.30 77.62 94.23
v v 4 48.57 65.18 77.51 94.42
v v 8 48.64 6526 77.88 94.35

model is trained on MegaDepth. As shown in Table 2, MS-
Former outperforms LoFTR by 27.85% at precision@5e-4.
We attribute the significant precision gain to our more dis-
tinctive feature descriptors and the neighborhood consensus
module. For other methods, MSFormer outperforms them al-
though it is trained on MegaDepth, which demonstrates its
generalizability.

3.3. Ablation Study

To better understand MSFormer, we evaluate the effect of dif-
ferent modules respectively. Experiments are conducted un-
der the same training and evaluation protocol as outdoor pose
estimation on MeagDepth. MSFormer with the only single-
scale or multi-scale descriptor can’t achieve the highest per-
formance although both of them outperform LoFTR. Single-
scale descriptors are more robust to geometric transforma-
tions thanks to CNNs and cross-attention layers. Multi-scale
descriptors preserve rich low-level details due to shunted self-
attention layers, which can implicitly enhance the distinc-
tiveness of descriptors. In order to simultaneously maintain
the robustness and the distinctiveness of the descriptors, the
single-scale and multi-scale descriptor are fused together and
the increased feature dimension implies more information is
embedded into the enhanced descriptors. By using the neigh-
borhood consensus module, the overall performance can be
boosted again. Increasing the number of neighbors slows
down the inference speed of the model although it improves
the performance. Therefore, the number of neighbors is set to
2 as a compromise. The above experiments demonstrate that
each of our designs makes a contribution.

4. CONCLUSION

Feature descriptors in prior semi-dense methods lose too
many low-level details, incurring inaccurate matches. There-
fore, TCmix and an additional multi-scale Transformer are
proposed to learn distinctive feature descriptors. We also
propose a neighborhood consensus module for filtering false
correspondences. Experiments show that our MSFormer
achieves state-of-the-art performances on several tasks.
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