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Abstract

Correspondence pruning aims to search consistent correspon-
dences (inliers) from a set of putative correspondences. It is
challenging because of the disorganized spatial distribution of
numerous outliers, especially when putative correspondences
are largely dominated by outliers. It is more challenging to
ensure effectiveness while maintaining efficiency. In this pa-
per, we propose an effective and efficient method for corre-
spondence pruning. Inspired by the success of attentive con-
text in correspondence problems, we first extend the atten-
tive context to the first-order attentive context and then in-
troduce the idea of attention in attention (ANA) to model
second-order attentive context for correspondence pruning.
Compared with first-order attention that focuses on feature-
consistent context, second-order attention dedicates to at-
tention weights itself and provides an additional source to
encode consistent context from the attention map. For effi-
ciency, we derive two approximate formulations for the naive
implementation of second-order attention to optimize the cu-
bic complexity to linear complexity, such that second-order
attention can be used with negligible computational over-
heads. We further implement our formulations in a second-
order context layer and then incorporate the layer in an ANA
block. Extensive experiments demonstrate that our method is
effective and efficient in pruning outliers, especially in high-
outlier-ratio cases. Compared with the state-of-the-art corre-
spondence pruning approach LMCNet, our method runs 14
times faster while maintaining a competitive accuracy.

Introduction

Finding correspondences is a fundamental problem in
many computer vision tasks, such as structure-from-
motion (Schonberger and Frahm 2016), inpainting (Zhou
et al. 2021), and simultaneous location and mapping (Mur-
Artal, Montiel, and Tardés 2015). However, correspon-
dences searched with existing detector-based descrip-
tors (DeTone, Malisiewicz, and Rabinovich 2018; Mishchuk
et al. 2017; Lowe 2004; Rublee et al. 2011; Ono et al. 2018)
abound with outliers (Fig. 1,1%* column). To prevent outliers
from disturbing downstream tasks, correspondence pruning
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Figure 1: Imbalanced putative correspondences. Given a set
of correspondences (1% column) with increased outlier ratios
(from top to bottom, 65%, 80%, and 95%), OANet loses ef-
ficacy gradually and fails to reject mass outliers(red), while
our method keeps(3™ column) a high accuracy.

(or consistency filtering) is by default used as a postprocess-
ing procedure to identify consistent correspondences (in-
liers) (Bian et al. 2017; Ma et al. 2019; Yi et al. 2018).

Recently, deep models (Yi et al. 2018; Sun et al. 2020;
Zhang et al. 2019) are proposed as a plug-in to prune outliers
and report promising results. Unfortunately, as outlier ratios
increase, they lose efficacy (Liu et al. 2021; Zhao et al. 2021)
and even identify outliers as inliers (Fig. 1, 2" column). Liu
et al. (Liu et al. 2021) propose LMCNet that leverages the
motion coherence to distinguish correspondences with dis-
criminative eigenvectors. However, when the singular value
decomposition deals with a large matrix, it can be computa-
tionally expensive: For correspondence pruning, the size of
a matrix used to model point-to-point relation is often larger
than 102 x 10% and thus leads to one-order-of-magnitude
extra inference time. This may be problematic when facing
practical applications, especially the real-time ones. Here we
explore how to tackle the correspondence pruning problem
both effectively and efficiently.

In correspondence pruning, a fundamental problem is how
to distinguish inliers from outliers. Previous works (Zhang
et al. 2019; Sun et al. 2020) believe inliers are consistent
in both local and global context so that local-global con-
text is encoded to help to distinguish inliers from outliers.
However, Zhao et al. (Zhao et al. 2019) points out local con-
text would be unstable due to randomly distributed outliers.
Global context suffers from the same affliction because in-
liers would be submerged in massive outliers. This results in



the problem of inconsistent context. The similar inputs are
more likely to lead to similar outputs and it is perhaps one of
the reasons why these methods lose their efficacy when mas-
sive outliers occur. A question of interest is how to efficiently
encode consistent context.

ACNe (Sun et al. 2020) suggests that the attention mech-
anism can guide a network to focus on a subset of inlier fea-
tures and thus can suppress outliers. ACNe uses this mech-
anism to generate the so-called attentive context that is con-
sistent for the inliers. Following this spirit, we delve deep
into attentive context and observe that the naive attentive
context modeled by feature-based similarity, which could be
interpreted as first-order attention, is not sufficient. Instead
we find taking additional second-order attention as a supple-
mentary is helpful. This finding is based on an observation
that, inliers share similar attention weights, while outliers
do not. We therefore introduce the idea of attention in atten-
tion to model second-order attentive context. The key idea
is to introduce extra distinctive information from attention
weights such that inliers can be grouped and distinguished.

To this end, we propose to jointly model first- and second-
order attentive context, featured by feature- and attention-
consistent context, respectively. In particular, we first en-
code with a first-order attention map generated by self-
attention (Vaswani et al. 2017). We then seek attention-
consistent context from a second-order similarity matrix
generated by attention weights. For efficient end-to-end
training, we discuss the most effective part of the naive im-
plementation of second-order attention, optimize the cubic-
complexity implementation to linear complexity, and pro-
pose a Second-Order Context (SOC) layer. By integrating
the SOC layer into a permutation-invariant block, we further
present an iterative Attention in Attention Network (ANA-
Net) that can effectively address correspondence pruning.
We show that this network is effective in pruning outliers,
especially in high-outlier-ratio cases (Fig. 1, 3 column).

We conduct extensive experiments to demonstrate the

effectiveness and generalization of our approach on cam-
era pose estimation and correspondence pruning. Thanks
to the consistent context, ANA-Net achieves superior per-
formance over most baselines and shows its potentials to
address multi consistency problems. Meanwhile, ANA-Net
maintains comparable performance against LMCNet while
running 14 times faster than it.
Contributions.We introduce the idea of attention in at-
tention that essentially models similarity between attention
weights, which can also be interpreted as second-order at-
tention. Technically, we present a formulation that models
such second-order information and further derive two ap-
proximated formulations to reduce computational complex-
ity. We show that our formulations can be implemented as
a network layer and can be used to cooperate the first-order
attention to address the problem of correspondence pruning
with high accuracy, low computational cost and robust gen-
eralization.

Related Work

Deep Correspondence Pruning. RANSAC (Fischler and
Bolles 1981) and its variants (Chum, Werner, and Matas
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2005; Cavalli et al. 2020; Barath et al. 2019; Barath and
Matas 2018; Barath et al. 2020) always suffers from high-
outlier-ratio cases, thus deep filters are critical to reject
most outliers and guarantee a more manageable correspon-
dence set for RANSAC. And pioneering works such as
DSAC (Brachmann et al. 2017) and CNe (Yi et al. 2018)
prove the superiority of neural networks for pruning cor-
respondences. Since sparse correspondences are unordered
and irregular, convolution operators (Krizhevsky, Sutskever,
and Hinton 2012) cannot be adopted directly. Inspired by
GNN (Scarselli et al. 2008), OANet (Zhang et al. 2019)
proposes the generalized differentiable pooling (Ying et al.
2018) and unpooling to cluster correspondences. To im-
prove the robustness of CNe (Yi et al. 2018), ACNe (Sun
et al. 2020) introduces the attention mechanism to focus
the normalization of the feature maps of inliers. According
to the affine attributes, NM-Net (Zhao et al. 2019) mines
compatibility-specific neighbors to aggregate features with
a compatible Point-Net++ (Qi et al. 2017) architecture. De-
spite achieving satisfactory performance in correspondence
pruning, they can still suffer from high-outlier-ratio cases.
Consensus in Correspondences. One cannot classify an
isolated correspondence as inlier or outlier (Zhao et al.
2021). Consensus is the motivation for algorithms to dis-
tinguish outliers. There are generally two types of classical
consensus in correspondences: global consensus and local
consensus. RANSAC-related work is driven by the former
consensus and identifies correct correspondences by judging
whether correspondences conform to a task-specific geomet-
ric model such as epipolar geometry or homography (Liu
et al. 2021). The latter is more intuitive. For instance,
LPM (Ma et al. 2019) assumes local geometry around cor-
rect correspondences does not change freely. CFM (Chen,
Lin, and Chen 2015) believes local structural or local textu-
ral variations estimated by a consistent pair of transforma-
tions should be similar. In this paper, the feature-consistent
context generated with the first-order attention is an ap-
plication of both types of consensus, while the attention-
consistent context captured with second-order attention does
not belong to either of them. It is dedicated to attention itself
and we view it as a representation of attention consensus.
Self-Attention Mechanism. Inspired by the success of self-
attention mechanism in NLP(Bahdanau, Cho, and Bengio
2014; Vaswani et al. 2017; Kim et al. 2017), many re-
searchers notice its ability to focus on input of interest and
to capture long-range context. Wang et al. (Wang et al.
2018) combines CNN-like architectures with self-attention
and achieves non-local feature representation. Pan ef al. (Pan
et al. 2021) builds the cross context of view boundaries
via the attention mechanism in image cropping. Wang et
al. (Wang et al. 2022) models pixel-level attention for weak
small object detection. Carion et al. (Carion et al. 2020) and
Misra et al. (Misra, Girdhar, and Joulin 2021) adopt the at-
tention mechanism to reason about the relation of objects in
2D and 3D detection. For correspondence pruning, ACNe
(Sun et al. 2020) focuses on feature normalization w.r.t. a
subset of inliers. Due to the non-local property of the self-
attention mechanism, in this work we validate its use to deal
with high-outlier-ratio cases in correspondence pruning.



Learning Consistent Context
Problem Formulation

Given an image pair (I°, I''), a putative correspondence set
C € RN*4 can be established via nearest neighbor feature
matching. This set is our input to the correspondence prun-
ing method. The goal of correspondence pruning is to pre-
dict a weighted vector w = [wy,...,wy] € R¥*! where
w; € [0, 1) indicates the inlier probability of 7™ correspon-
dence. The input correspondence is conventionally a con-
catenated 4D vector representing pairwise keypoints coor-
dinates. However, the disorganized spatial distribution of
numerous outliers makes it difficult to directly filter un-
reliable correspondences with a classical method such as
RANSAC. To distinguish between inliers and outliers in the
high-dimensional feature space, a few learnable methods (Yi
et al. 2018; Liu et al. 2021; Zhao et al. 2019; Zhang et al.
2019) adopt an iterative strategy with multiple MLP layers
to capture contextual information for better outlier rejection.

First-Order Attention

Compared with the MLP-based techniques that integrate
consistency information with restricted neighbor correspon-
dences, ACNe (Sun et al. 2020) attempts to enlarge the re-
ceptive field with the attention mechanism. The attention
used by ACNe can be thought of as first-order attention,
because it essentially models the similarity between fea-
ture maps. By normalizing the feature map with an attentive
weight function, ACNe could effectively cluster features and
thus separate inliers from outliers. Inspired by (Sun et al.
2020), we consider optimizing the feature map for better
classification by fusing attentive context. As shown in Fig. 2,
each inlier shares the same motion coherence with certain
correspondences. In other word, correspondences with sim-
ilar motion trends are likely to focus on each other. There-
fore, we instead use self-attention to guide features to en-
code consistent context for inliers. It is worth noting that,
self-attention is also first-order attention, despite the fact that
it is represented by a 2D map. Next we show how to encode
correspondence features to obtain consistent context with a
first-order attention map.

Given a first-order attention map A = [aq,...,an] €
RYXN  where > jGij = 1 denotes the feature similar-

ity between the i correspondence and the correspondence
set, we can acquire the feature-consistent context v; by
v; = ), aijx; where z; is the feature vector of the j"
correspondence. Essentially, feature-consistent context ex-
ploits the motion-consistent nature of inliers to filter outliers
that have irregular motion distributions. Considering that the
inliers have similar feature patterns, a question of interest
is whether inliers possess the latent similarity of attention
weights. To delve attention-consistent context among corre-
spondences, we introduce second-order attention.

Second-Order Attention

From Fig. 2, we notice that different inliers share mutual
attentive correspondences (yellow), which suggests inliers
may also share similar attention patterns. A key idea of
our method is to explore attention-consistent context with
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Figure 2: Motion coherence of inliers indicated by first-order
attention. We select two inliers green (Left) and (Right) in
the same image pair. To visualize the top correspondences
that they care about, we color them according to the attention
weights respectively. Specifically, yellow denotes the mutual
correspondences shared by different inliers, and the rest are
shown in blue. It suggests inliers pay more attention to each
other with higher attention weights.

a second-order attention map as an explicit measurement of
attentive consistency.

Given the first-order attention map A, we obtain the
second-order attention map by W = ATA ¢ RVXN,
where w;; = > & Okiax; indicates the similarity of attention
weights between the i and j" correspondences. Our goal is
to extract discriminative features from W as the attention-
consistent context to separate the inliers from outliers. Since
the matrix W shares the same spirit of spectral clustering, a
natural idea is to follow the formulation of spectral cluster-
ing to extract features. In general, spectral clustering defines
a degree matrix D = diag([d; = >_, w;;]) of W and a
Laplacian matrix L = D — W, to derive classifiable eigen-
vectors by applying singular value decomposition (SVD) on
L. Due to the fact that spectral clustering is based on the the-
ory of graph cuts, it cannot be directly applied to our prob-
lem since the given inconsistent motions among outliers. A
huge time consumption is introduced as well because of the
large matrix decomposition, which deviates from our goal.
Yet , it still inspires us to extract discriminative context en-
coded in L via a differentiable operation.

As described in OANet (Zhang et al. 2019), the operation
ought to be permutation-invariant such that the context is
permutation-invariant, which is critical for correspondence
pruning. Inspired by Diff-pool in OANet (Zhang et al. 2019),
where input features are mapped to clusters, we utilize inner
product like Diff-pool to map L € RV > into a feature map
with fixed dimension to be embeded into the network by the
following proposition.

Proposition 1 (Cubic Form.) Let l; denote the i column
vector of L. The distinctive information of the i" correspon-
dence is encoded by

hi:\/ﬁ:\/(

where h; is called the attention-consistent context. h; re-
quires N? + N + 1 multiplications to be computed from the
first-order attention map. For N correspondences, the com-
putational complexity (ignoring the impact of summation) of
the cubic form is O(N3).

D wi)+ Y wh,

JJFi JJF
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Essentially, Eq. (1) executes a cumulative operation on el-
ements of W except the self-correlation w;;. There is an un-
derstanding derived from Fig. 2: inliers have more w’s of
large values while outliers do not, which suggests the val-
ues of Eq. (1) for inliers will be different from outliers. In
fact, Eq. (1) achieves the same thing like the SVD oper-
ation in spectral clustering: extracting classifiable features
for inputs to categorize. With the priors form the obser-
vation in Fig. 2, it performs with relatively fewer compu-
tational overheads. However, the computational overheads
of it are still heavy for correspondence pruning because of
the cubic complexity. A question remains:/s it possible to
simplify the form while retaining distinguishability. The an-
swer is yes. Assume that y; = 1 in the Cauchy’s Inequality

(Zi f%)(zl yz2) > (Zz Ziyi)Q, we have
Nfo 2 (2%)2

Meanwhile, since w;; > 0, we have (3., wij)? >
> it wfj By inserting them into Eq. (2), one can derive
the upper and lower bound of Eq. (1) as

ﬁZwl32h12“¥Zw”

JgFi JigFi
In this work, we use the upper bound as an approximation
and obtain the quadratic formulation.

@

3

Proposition 2 (Quadratic Form.) Let w;; denote the simi-
larity of attention weights between the i and j™ correspon-
dences such that w;; = Zk ariakj. Eq. (1) has a quadratic

form, defined by
V() ari =Y ai). @
k k

hi = \@ Z Wiy =
5,3 #0
Since h; requires N + 1 multiplications to compute, the com-
putational complexity of the quadratic form for all corre-
spondences is O(N?).
While the quadratic form has significantly reduced the
computational complexity from O(N3) to O(N?), we can
further approximate the quadratic form to a linear form.

Proposition 3 (Linear Form.) Let the upper bound of
Eq. (4) be used for a second time according to Eq. (2). A
linear approximation of Eq. (4) takes the form

hi = \/i(z ki — %(Z aki)2) .
k k

The computational complexity of the linear form is O(

&)

N).

We can expand ), ap; as: >, Qg Soplag x 1) =
Dok 2 OkiGky = D50 g OkiGkj = ;Wi = Wi +
Zj7j¢i w;j, where Zj,j;éi w;; is the first term of Eq. (1),
and > & Qki 1s the first term of Egs. (4)&(5). Despite the non-
tight upper bound, the distinguishability of Egs. (4)& (5) is
still reflected in the numerical differences like Eq. (1). They
are thus suitable for encoding second-order attentive con-
text without much accuracy loss. For end-to-end training, we
present a Second-Order Context (SOC) layer to implement
the formulations above.

3253

— @ —
: S—=0~ 55—
— Second-Order Adantion I F E —
Ftol 5 A Attention H P Fout

@ c ——
@ g First-Order Pelement Addition
L °x | Attenton |V (©concatenation
(@)
Second-Order Attention Adaption
= . .

3 inliers el inliers _
s £ outliers 28 outliers g
> 7>z — =5 F |8 » g~

(@} B =
o Z 2E & i
(22} o
Attention-consistent context Attention-consistent context
(b) ()

Figure 3: Attention in attention block (ANA-Block). (a)
is the overview of ANA-Block. It includes two compo-
nents: attention-consistent context enhancement and feature-
consistent context enhancement. (b) illustrates the process to
extract attention-consistent context with second-order atten-
tion. (¢) shows how the attention-consistent context is em-
bedded into the ANA-Block.
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notes the concatenated 4D vector a pair of keypoints coordi-
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Attention in Attention Block

Here we present the Attention in Attention Block (ANA-
Block), aiming to encode both feature- and attention-
consistent context. The feature-consistent context can be ob-
tained from any off-the-shelf first-order attention, and the
attention-consistent context is extracted by a SOC layer
implementing the second-order attention formulations. The
overview is shown in Fig. 3(a).

Given a feature map F" = [fi", ..., fir] € RV*4 the
feature-consistent context V' = [vy,...,oy] € RV*? and

the attention-consistent context H = [hq, ..., hy] € RV*!
can be obtained with the first-order and second-order atten-
tion, respectively. In particular, H is obtained by the SOC
layer, which defines a mapping function fsoc such that
H = fsoc(A), where A is the first-order attention map.
fsoc can be implemented by Eq. (1), Eq. (4), or Eq. (5).
Since the attention-consistent context H has different char-
acteristics from the initial feature map, we choose to embed
it into the feature map rather than concatenating it. In this
way, the embedded feature map encodes a hybrid represen-
tation Fout = [fput, ..., £3#¢] € R4 for correspondence
pruning, which is given by

£ = merge([(£1" +w(h) o)), (©)

where [-||-] denotes the concatenation operator, ¥ (-) is a



Dataset Method AUC@5° AUC@10° AUC@20°

Magsac 28.24 44.86 61.53
LPM 10.48 18.91 29.26
GMS 19.05 32.35 46.79
CODE 16.99 30.23 43.85
LMF 16.59 29.14 4341
YFCC. CNe 25.18 41.52 57.36
ACNe 28.90 47.15 63.95
OANet 29.58 47.71 64.09
LMCNet  33.81 53.10 69.97
ANA-Net 33.11 52.02 68.77
LPM 2.81 7.4 15.36
GMS 4.36 11.08 21.68
CODE 3.52 8.91 18.32
LMF 3.39 8.91 18.14
SUN. CNe 5.17 13.18 25.74
ACNe 4.80 12.26 23.75
OANet 4.81 12.52 24.52
LMCNet 5.78 14.61 27.94
ANA-Net  5.98 14.95 28.35

Table 1: Camera pose evaluation on YFCCI100M and
SUN3D. The best performance is in bold, and the second
best is underlined.

Method CNe ACNe OANet LMCNet ANA-Net| Ref.
runtimes 6.28 11.52 17.30 212.99 14.36 ‘159.68

Table 2: Inference time (ms). Ref. indicates SIFT&NN.

preprocessing step (discussed below) before embedding
attention-consistent context into an ANA-Block, ¢(-) de-
notes a fusion function for feature-consistent context such
as a shared MLP, merge(-) is also a MLP that aggregates
context and reduces the dimension from 2d to d. Next we
discuss this process in detail, which is featured by attention-
consistent context enhancement and feature-consistent con-
text enhancement, as shown in Fig. 3.

Attention-Consistent Context Enhancement. Here we ex-
plain ¢(-) in detail. As shown in Fig. 3(b), we use a his-
togram to visualize attention-consistent context distribution
for inliers and outliers, respectively. Since the distribution
of inliers is dispersed, we design a non-linear normalization
to cluster inliers when h; — 400 using an a-parameterized
sigmoid function such that
1

1+ exp(—ah;)’ ™
where the learnable parameter « is used to adjust the level
of non-linearity. Moreover, since the dimensionality of nor-
malized h; does not equal to the original feature, we further
map the normalized h; through an encoder to match the di-
mensionality. The enhanced feature fi/ € RV*4 5 given by

f; = fi"+9(h;) = fi" +encoder(sigmoid, (h;)). (8)

Feature-Consistent Context Enhancement. Here we em-
bodies ¢(-). To further integrate the feature-consistent con-

text with f;, we choose a MLP to implement ¢ such that
£ = merge([f;|IMLP(v,)]) .

sigmoid, (h;)

C))
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Figure 5: Performances with various inlier ratios. For dif-
ferent methods, we calculate F1-scores with various inlier
ratios on both YFCC100M (left) and SUN3D (right).

Meanwhile, (Sun et al. 2020; Zhang et al. 2019) empha-
size that the permutation-invariance plays a crucial role in
tasks with unordered data, such as correspondence prun-
ing. It should be noted that our ANA-Block designed with
consistent context is permutation-invariant. The proof of
permutation-invariance can be found in the supplementary.

Implementation Details

In our implementation, we use the linear-form formulation
for the SOC layer, and a multi-head structure in self atten-
tion(Vaswani et al. 2017) with 4 heads is used in ANA-
Blocks to generate the first-order attention map. For feature
dimensionality, we follow a common setting d = 128 for
intermediate feature maps. Besides, we apply an iterative
strategy to construct the framework by stacking L= 5 ANA-
Blocks (Fig. 4). The correspondence set C' is normalized
with camera intrinsic matrices if available, or is normalized
into [—1, 1] according to the input image size in both train-
ing and testing.

Loss Function. We use a weighted binary cross-entropy loss
to balance positive and negative samples following (Yi et al.
2018), which takes the form

1 N
L) =5 > 7H(yi,S(0i) (10)
=1

where o; is the output of the i*” correspondence, 3; denotes
the corresponding ground-truth label according to the epipo-
lar distance and the threshold o = 10~4, S(-) represents the
logistic function used in the binary cross entropy H(-), and
T; 1s a weight that balances the relative importance between
positive and negative samples.

Experiments
Datasets and Evaluation Protocols

Datasets. The outdoor YFCC100M (Thomee et al. 2016)
dataset and the indoor SUN3D (Xiao, Owens, and Tor-
ralba 2013) dataset are used in camera pose evaluation. We
apply the same data split following OANet (Zhang et al.
2019). The putative input correspondences are generated via
nearest features matching of SIFT (Lowe 2004) and Super-
Point (DeTone, Malisiewicz, and Rabinovich 2018) with the
maximum number of keypoints of 2000 and 1024, respec-
tively. We consider correspondences with a small symmet-
ric epipolar distance (< 107%) as correct correspondences



Method Precision Recall F1-Scores

CNe 66.53 35.67 4398
ACNe 68.82 57.57 61.00
OANet 67.80 55.63 59.18
LMCNet 65.08 53.08 56.00
ANA-Net 7140 69.66 68.34

Table 3: Results on MULTTI. Best performance is in boldface.

Method  YFCC. SUN.
CNe 18.03  5.34
ACNe 1942 5.05
OANet 19.83 475
LMCNet 1690 1.12
ANA-Net 20.75 5.66

Table 4: Generalization with SuperPoint (AUC@5°).

(inliers). An essential matrix is estimated with a robust esti-
mator on the inliers predicted with evaluated methods. The
essential matrix is decomposed into a rotation matrix and
a translation vector to compare with the ground truth. We
evaluate correspondence pruning in dynamic scenarios. The
dynamic scenarios indicate there exist multiple consisten-
cies between an image pair. We use a challenging dataset
MULTTI (Zhao et al. 2018) for evaluation, whose samples
have at least two consistencies. This dataset provides coor-
dinates of inliers, and the putative correspondences without
ground truth. We generates labels for putative correspon-
dences by searching in putative inliers with KDtree (Rama-
subramanian and Paliwal 1992).

Metrics. We compute Area Under the Curve (AUC) to eval-
uate the pose accuracy at thresholds 5°, 10°, and 20°, which
is also the metric used by (Sarlin et al. 2020; Liu et al. 2021)
in camera pose estimation. We compute the precision, recall,
and F1-scores with a symmetric epipolar distance threshold
o = 10~ in camera pose estimation and with the computed
labels in dynamic scenes.

Camera Pose Estimation

Baselines. We consider LMF (Liu et al. 2021), CNe (Yi
et al. 2018), ACNe (Sun et al. 2020), OANet (Zhang et al.
2019), and LMCNet (Liu et al. 2021) as baselines and in-
clude the results of classical correspondence pruning ap-
proaches (Barath et al. 2019; Ma et al. 2019; Bian et al.
2017; Lin et al. 2017). Learnable matchers, such as Super-
Glue (Sarlin et al. 2020), act on an extended putative set
compared to sparse correspondence filters. We thus do not
include them as the baselines. For implementation, we fol-
low official released pretained models on YFCC100M with
SIFT and our model is trained with the same setting. Consid-
ering the generalization performance, we evaluate all meth-
ods with the fixed models in different settings, e.g., other
different datasets and various descriptors.

Results. Quantitative results are shown in Table 1. We ob-
serve that, ANA-Net reports the second best performance
(a comparable performance against the best performance) in
YFCC100M and the best performance in SUN3D. Further,
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Figure 6: Visualizations of camera pose estimation. Red/-
Green indicates incorrect/correct correspondences.

Ours OANet ACNe CNe

to explore the reason in performance differences, we cal-
culate the F-scores with different inlier ratios. As shown in
Fig. 5, ANA-Net outperforms baselines with +1.7% aver-
age improvement (0 ~ 20% inlier ratios and 80 ~ 100%
outlier ratios) on YFCC100M and +8.5% average improve-
ment on SUN3D. It indicates the better pruning behavior of
ANA-Net in high-outlier-ratio cases. Fig. 6 shows the vi-
sual results with high outlier ratios. ANA-Net still correctly
identifies inliers, while compared baselines identify a mass
of outliers. Interestingly, as shown in the last column, ANA-
Net can reject all correspondences when they are irregular.
We further evaluate the generalization ability in differ-
ent settings and report results in Table 4. ANA-Net achieves
leading performances in all settings, which indicates a clear
advantage in generalization. Results on ScanNet(Dai et al.
2017) can be found in the supplementary. A similar ten-
dency can be observed. We measure the inference time for
2048 correspondences over 4000 runs and report the average
time in Table 2. We further take the time that generates puta-
tive correspondences (SIFT&NN) as reference time. Despite
achieving superior performance, LMCNet takes more than
1.4 times as long as generating correspondences. Per to Ta-
ble 1, Table 4, and Table 2, ANA-Net reports an approaching
performance against LMCNet while running 14 times faster.

The MULTI Dataset

Since MULTI (Zhao et al. 2018) only contains 45 image
pairs, models trained in camera pose estimation are used
here. In practice, we test them with the same form in camera
pose estimation: predicting inlier probability from putative
correspondences. We report results of precision, recall, and
F1-scores in Table 3. In MULTI, ANA-Net exhibits the abil-
ity to capture diverse consistencies, implied by higher pre-
cision, recall, and F-scores. Contrary to the strict correspon-
dence pruning in camera pose estimation, in this task ANA-
Net is tolerant to consistent correspondences (even with dif-
ferent consistencies) and therefore could preserve more cor-
respondences compared with other baselines.

Ablation Study

Here we conduct ablation studies to understand how our
method works and which part contributes to the most of per-
formance improvement. We first compare different formula-
tions discussed in “Second-Order Attention”. Results in Ta-
ble 5(Left) suggest our approximations are effective and ef-
ficient. Our approximations reduce the complexity of mod-
eling second-order context from O(N?3) to O(N) without



Form AUC@5° @10° @20°‘N=2048 4096 8192

Cub. 2091 38.6256.71| +5.35 +93.83 +914.15
Qua. 21.28 38.8256.86| +4.72 +7.41 +26.85
Lin. 20.75 38.11 56.08| +4.07 +4.70 +8.89

Table 5: Left: Evaluation on different forms of second-
order attention.We report the AUC on YFCC100M. Right:
Times(ms). We measure extra(“+”) inference time(ms) in-
troduced by second-order attention.

Method SOC LNNParm. (k) +Parm.[AUC@5° + step + total
CNe - - 397 - 18.03 © 4139
ACNe - - 410 +13 | 1942 +1.39
524 +124 | 19.73 +0.31
Ours Vv 662  +138 | 20.57 +0.84 +1.33
v v | =662 +0.02| 20.75 +0.18

Table 6: Ablation studies on YFCC100M. ‘LNN’ indicates
the learnable non-linear normalization. “+” is a comparison
with the previous line.

much performance loss. We remark that the slightly better
performance of the quadratic form over the cubic one is due
to the optimization difficulty of the naive implementation.
For the second-order attention, we measure with different
N’s and results are shown in Table 5(Right). While the per-
formance of the quadratic form seems better than the linear
one, we recommend to use the linear form in practice, be-
cause the cost of its use almost comes for free.

With the linear form, we further decompose the ANA-
Block and report results in Table 6. The baseline model
only introduces the first-order attentive context, which can
be viewed as an extension of ACNe, maintains better perfor-
mance against ACNe. And all our components contribute to
performance improvement. Specifically, the baseline brings
a +0.31 improvement. The second-order attention (with
vanilla sigmoid(-) for non-linear normalization) brings a
-+0.8 improvement. It should be noted that its parameters
increase is brought by the necessary encoder after the SOC
layer as described in “attention-consistent context enhance-
ment”, which dose not increase the capacity of the baseline.
Besides, the proposed learnable non-linear normalization
brings additional +0.2 improvement with only 20 extra pa-
rameters. Together, considering ACNe is the follow-up work
of CNe, it improves CNe by 1.39. Instead our implemented
first-order attention outperforms ACNe by +0.31 and the
inclusion of the second-order attention improves ACNe by
1.33.

How the ANA-Block works. We collect k—nearest neigh-
bors using KNN for inliers from each stacked blocks with
different k£ and calculate the average inlier ratio. The num-
ber of blocks L = 5. Fig. 7 (Left) shows that, when more
blocks are stacked, inliers tend to find additional inliers
from their neighbors. The clustered inliers bodes well for
subsequent inliers identification. It also embodies a inlier-
clustering trend. Finally, we evaluate the performance with
different L’s and analyze the number of parameters. As
shown in Fig. 7(Right), the repetitive use of ANA-Block
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Figure 7: Left: Inlier ratios under different k’s with chang-
ing # blocks. We collect intermediate features with differ-
ent number of ANA blocks. The features are used to calcu-
late inlier ratios in the neighbors of correct correspondences
with different neighbor size k. Right: AUC and # parame-
ters with changing # blocks.

inliers
outliers

Ratios(%)

Attention-Consistent Context

Group 1 Group 2 Group 3

Figure 8: Conditions of applying attention-consistent con-
text. Group 1: a clear bimodal distribution; Group 2: a weak
bimodal distribution; Group 3: a confusing distribution.

yields an increase in AUC, while the AUC slightly drops
when L = 6. Perhaps the distinction between inliers and
outliers cannot be further enlarged with available informa-
tion such that performance is saturated.

How the second-order attention works. Different from the
conventional context considered in segmentation, attention-
consistent context reflects a soft number of neighbors of
attention weights, where inliers should own more neigh-
bors, while outliers have less. This type of context can be
visualized directly. As shown in Fig. 8, there are 3 typi-
cal situations when attention-consistent context is applied
(each group visualizes an unnormalized and a normalized
attention-consistent context): the group 1 shows an ideal sit-
uation with a bimodal distribution between inliers and out-
liers; the bimodal shape is slightly degraded in the group
2; and the group 3 shows a confusing case where the con-
text may not be helpful. The confusing case can be caused
by high outlier ratios. We remark that, the multi-head archi-
tecture proposed by transformer can somewhat alleviate this
confusing case, because it is not likely that the confusing
case appear in each head at the same time.

Conclusion

We introduce the idea of attention in attention to model
second-order attention. We present a naive formulation
and two approximated formulations to capture attention-
consistent context. We show that attention-consistent con-
text can be complementary with feature-consistent context
to address correspondence pruning problems effectively and
efficiently. We believe the combination of the first- and
second-order attention points out a new direction for the at-
tention mechanism and shows potential to extend to addi-
tional tasks where attention mechanism matters.
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