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Graph Matching
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Abstract—The success of existing graph matching methods
heavily relies on high-quality training data with complete
and precise correspondences between keypoints across different
graphs. However, this assumption is often violated in real-
world scenarios, leading to partial correspondence and noisy
correspondence challenges. In brief, partial correspondence arises
from viewpoint occlusions, where certain keypoints (i.e., out-
liers) lack valid counterparts in the target graph, while noisy
correspondence refers to both incorrectly established (i.e., false
positives) and neglected (i.e., false negatives) correspondences
due to annotation error. In this paper, we propose the first
unified framework to address both partial and noisy correspon-
dence challenges in graph matching. Specifically, we introduce a
dual-expert cooperative framework that integrates Koopmans-
Beckmann and Lawler’s quadratic assignment programming
formulations (KB-QAP and L-QAP) through an align-fuse-
refine pipeline. In the alignment stage, the KB-QAP expert
aligns keypoints and distinguishes inliers from outliers using
a novel quadratic contrastive loss. In the fusion stage, the L-
QAP expert employs a graph transformer on the association
graph to merge the aligned graphs and incorporates a learnable
outlier-rejection mechanism to handle partial correspondences.
Finally, by exploiting the different noise resistances of the two
experts, we identify and refine the false positive and false
negative correspondences, thereby enhancing robustness against
noisy correspondence. Extensive experiments on four widely-
used graph matching datasets demonstrate the effectiveness of
our method against 17 competitive baselines in both partial
and noisy correspondence scenarios. The code is available at
https://github.com/XLearning-SCU/2026-TPAMI-COMMON.

Index Terms—Graph Matching, Noisy Correspondence, Partial
Correspondence

I. INTRODUCTION

GRAPH matching [1] seeks to establish correspondences
between keypoints of different graphs, serving as a cor-

nerstone for various applications such as object tracking [2],
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Fig. 1. Illustration of partial and noisy correspondence. In this manually
annotated example, green dots denote correctly annotated keypoints, red dots
denote mislabeled keypoints, and yellow dots denote outliers. Solid lines
indicate the provided (possibly corrupted) correspondences, while dashed lines
indicate overlooked correspondences. Partial correspondence occurs when
certain keypoints have no valid counterpart, e.g., outlier A4 (left rear leg) is
unaligned due to occlusion. Noisy correspondence refers to the supervision
noise. A mislabeled keypoint can induce a false positive correspondence, e.g.,
A5 (right throw pillow) is mislabeled as “right backrest” and thus incorrectly
matched to B4. It can also lead to false negative by missing true matches,
e.g., the true counterpart B5 of A5 is mistakenly labeled as an outlier, causing
the correspondence A5B5 to be overlooked.

[3], cross-domain alignment [4], structure-from-motion [5],
and SLAM [6]. The core of graph matching lies in exploring
and exploiting bi-level affinities between graphs, i.e. node-to-
node (linear) and edge-to-edge (quadratic) affinities. By en-
coding the high-order geometric information through advanced
graph neural networks [7]–[10] and adopting differentiable
quadratic loss functions [11], [12], graph matching methods
have achieved promising performance in correspondence esti-
mation.

Despite these advancements, most graph matching methods
often rely on an implicit yet unrealistic assumption, i.e., all
keypoints are fully and accurately matched across graphs in
training data. However, in practice, this assumption is rarely
satisfied due to occlusions [9], large viewpoint variations [13],
and poor recognizability [14], leading to two distinct chal-
lenges: partial correspondence and noisy correspondence. As
shown in Fig. 1, partial correspondence [15] occurs when
certain keypoints (i.e., outliers) lack a valid counterpart in the
target image, typically due to the object being occluded or
partially visible. This challenge is common in graph matching
for both manually annotated [13] and automatically detected
keypoints [16]. In contrast, noisy correspondence [17] refers to
corrupted training supervision: some annotated keypoint pairs
are incorrect, which induces false positives and false negatives
as illustrated in Fig. 1. To be specific, false positives occur
when irrelevant keypoints are mistakenly regarded as matches,
while false negatives refer to valid correspondences that are
overlooked.

https://github.com/XLearning-SCU/2026-TPAMI-COMMON
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Both challenges can severely degrade graph matching per-
formance. On the one hand, outliers in partial correspondence
disrupt the alignment between valid keypoints, leading to
misassignments. On the other hand, noisy correspondence
hampers both node- and edge-level representation learning
and causes cumulative errors, as graph-based models rely on
effective information propagation and aggregation. Therefore,
addressing both challenges is critical to improving the robust-
ness of graph matching methods.

To tackle the partial correspondence challenge, partial graph
matching methods [9], [18], [19] typically leverage simple
cues to identify outliers and use them as auxiliary supervision
during training, enabling the model to better distinguish be-
tween outliers and inliers during inference. Such cues include
annotated keypoint types (e.g., the absence of a “left rear
leg” in the right image of Fig. 1) or multiple-view geom-
etry principles [20]. This preprocessing enables models to
effectively learn outlier patterns, improving their ability to
filter outliers during matching. However, these methods mainly
focus on outlier detection and assume that the annotated
correspondences are reliable, without accounting for corrupted
supervision that induces false positives and false negatives.

As a result, learning under noisy correspondence remains
challenging and comparatively less explored in graph matching
due to the following reasons: First, accurately identifying noisy
correspondences before training is nearly impossible without
prior engineering, such as manually curated verification la-
bels [21]. Second, graph matching is a constrained combi-
natorial optimization problem where each keypoint is strictly
aligned to only one counterpart. In contrast, existing noisy
correspondence methods [22] are designed for unconstrained
one-to-many matching scenarios, such as cross-modal retrieval
where a single query can correspond to multiple candidates.
Due to strict one-to-one alignment constraints, directly adopt-
ing existing noisy correspondence learning methods is non-
trivial for graph matching.

Despite recent progress in tackling partial and noisy cor-
respondence separately, no unified framework has been de-
veloped to address both challenges simultaneously. In fact,
an effective graph matching method must not only handle
noisy correspondence during training but also filter out out-
liers during inference. To this end, we propose COntrastive
Matching with Momentum cOoperatioN (COMMON+), the
first unified framework designed to tackle both challenges in
graph matching.

COMMON+ is inspired by the complementary nature of
two fundamental quadratic assignment problem (QAP) for-
mulations: Koopmans-Beckmann’s QAP (KB-QAP) prioritizes
graph alignment and Lawler’s QAP (L-QAP) focuses on graph
fusion. Unlike existing methods that typically adopt either
formulation in isolation, we propose a dual-expert cooperative
framework that integrates both paradigms through an align-
fuse-refine process, specifically designed to address partial and
noisy correspondence challenges.

To be specific, COMMON+ consists of the following three
key components: i) Graph alignment (KB-QAP expert). The
goal of this stage is to project different graphs into a shared
space for preliminary keypoint alignment. Specifically, we

encode each graph independently using a Siamese graph
network, equipped with a novel quadratic contrastive loss.
This loss integrates both linear and quadratic geometric re-
lationships and dynamically estimates a partition threshold
to distinguish inliers from outliers. ii) Graph fusion (L-QAP
expert). Once the graphs are aligned, we resolve outliers
and establish more accurate correspondences through graph
fusion. Specifically, we apply a graph transformer on the
association graph, which is constructed by explicitly fusing
the two graphs via L-QAP. To address partial correspondence,
we incorporate a learnable outlier-rejection mechanism within
the Sinkhorn algorithm to effectively filter out outliers. iii)
Momentum cooperation. To mitigate error propagation from
noisy correspondence, we introduce a momentum-based co-
operation mechanism, where the two complementary experts
cooperatively refine the supervision signals. Specifically, we
apply the Hungarian algorithm [23] separately to KB-QAP and
L-QAP experts. By cross-referencing predicted assignments
with the annotated permutation matrix, we dynamically adjust
supervision and enhance robustness through bootstrapping.

In summary, the contributions are given as follows:
• We reveal a crucial yet less-explored challenge in graph

matching, termed noisy correspondence, which includes
mislabeled keypoint pairs (false positives) and overlooked
matches (false negatives).

• We propose a unified framework that simultaneously
addresses partial and noisy correspondence by integrating
KB-QAP and L-QAP formulations within two comple-
mentary graph networks. Extensive experiments on real-
world datasets demonstrate that these networks collabo-
rate effectively, improving the robustness of graph match-
ing and achieving state-of-the-art performance.

• To solve the KB-QAP objective, we extend the stan-
dard linear contrastive loss with quadratic geometric
information. By introducing two novel graph consistency
regularizers, our loss function effectively captures high-
order structural relationships.

II. RELATED WORK

In this section, we briefly review three topics relevant to
this study: deep graph matching, partial graph matching, and
contrastive learning.

A. Deep Graph Matching

Deep graph matching [24]–[26] aims to align keypoints
between graphs by leveraging node-to-node and edge-to-edge
correlations. Methods in this area can be broadly classified
based on how they incorporate high-order information from
graph structures: i) network-based approaches [10], [27]–[29]
integrate high-order structural information through customized
network architectures. For instance, SuperGlue [9] employs
self- and cross-attention mechanisms to capture structural rela-
tionships within and between graphs. GMTR [30], on the other
hand, modifies the vision transformer to encode both patches
and keypoints as sequential data. ii) optimization-driven ap-
proaches [31] employ differentiable optimization strategies to
capture high-order information. For example, QCDGM [11]
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incorporates a differentiable Frank-Wolfe algorithm to opti-
mize quadratic constraints. Some other works [32], [33] utilize
the differentiable black-box solver [12] to address quadratic
assignment problems.

Despite their effectiveness, most existing methods assume
that the node-to-node and edge-to-edge correspondences are
faultless. In practice, this assumption is often unrealistic due to
poor annotations and errors in multi-view geometry, resulting
in noisy correspondence. Notably, addressing noisy corre-
spondence caused by imprecise annotations is fundamentally
different from the perturbed scenarios explored in adversarial
attack [34] or certified robustness studies [35].

B. Partial Graph Matching

Partial graph matching [36], [37] addresses scenarios where
only a subset of nodes in one graph has valid counter-
parts in other graphs. Existing approaches for partial graph
matching can be broadly categorized into prior-based methods
and learning-based methods. Prior-based methods rely on
explicit spatial and geometric assumptions, often incorporating
domain-specific knowledge. For instance, structure priors like
graph isomorphism [38] and transformation priors such as mo-
tion, homography, and pose [39], [40] are utilized to guide the
matching. Additionally, cycle consistency prior has also been
adopted as the regularizer for multiple graph matching [15],
[41]. While effective, these methods are constrained by their
dependence on predefined assumptions, limiting flexibility in
more complex scenarios. In contrast, learning-based methods
aim to reduce dependence on rigid priors, offering flexibility
and adaptability to diverse matching scenarios. These methods
address outliers in a data-driven manner through mechanisms
such as learnable thresholds [9] and dummy rows [18],
which help to identify valid counterparts from outliers. Unlike
partition-based approaches, AFAT [19] explicitly estimates the
number of inliers during the matching process.

In this paper, we propose a unified data-driven framework to
tackle both partial and noisy correspondence. Leveraging the
connection between contrastive learning and graph matching,
we treat valid correspondences as positive pairs and outliers
as negative samples. By dynamically estimating the partition
threshold based on the distance between inliers and outliers,
our method achieves state-of-the-art results using a simple
threshold-based Hungarian algorithm. This unified approach
provides a robust and flexible solution to the challenges of
partial and noisy correspondence.

C. Contrastive Learning

Contrastive learning [42]–[49] has emerged as a powerful
paradigm for representation learning. The core idea is to
pull similar (positive) pairs closer while pushing dissimilar
(negative) pairs apart. Classic works like SimCLR [50] and
MoCo [51] introduce image-level contrastive losses, treating
augmented views of the same image as positive pairs and other
images as negative samples. Building on these foundations,
subsequent advancements have extended to pixel-level [52]–
[54] and graph-level [55], [56] contrastive learning.

This study addresses two critical limitations in existing con-
trastive learning approaches. First, as highlighted by Moskalev
et al. [57], most contrastive learning methods focus exclu-
sively on the instance discrimination problem, which involves
aligning pairs of objects (e.g., two pixels or two graphs).
This narrow focus overlooks high-order correlations, such as
the structural relationships among objects (e.g., the graph
structure of keypoints). Second, these methods often rely on
the assumption that positive pairs are strongly associated.
However, this assumption becomes unreliable in real-world
scenarios where noisy correspondence is common. To address
these challenges, we propose a quadratic contrastive learning
loss and a momentum cooperation strategy. These innovations
effectively capture high-order correlations and enhance robust-
ness to noisy correspondences.

D. Differences from the preliminary version

This paper extends our ICCV 2023 work COMMON [17].
Compared with the preliminary version, this manuscript in-
cludes: i) Broader problem scenarios: we extend from noisy
correspondence to the more realistic partial and noisy corre-
spondence challenge. ii) New framework: we propose a multi-
expert cooperative align-fuse-refine paradigm that unifies KB-
QAP and L-QAP with corresponding optimization strategies.
Importantly, their complementary predictions are further inte-
grated to refine correspondences via the proposed co-divide
and co-refine strategy. iii) Additional analysis: we provide
new theoretical insight into the proposed graph-geometric reg-
ularization. iv) Expanded experiments: we broaden the exper-
imental validation in both vision and non-vision scenarios. In
vision, we additionally evaluate partial matching with outliers
and conduct robustness studies under varying noise and outlier
ratios. We further include a more challenging benchmark
IMC-PT-GM [19], with up to 50% outliers. Beyond vision,
we add social network alignment benchmarks [58]–[60] with
graphs containing thousands of nodes (see the supplementary
material), demonstrating the scalability and generality of our
framework.

III. METHOD

In this section, we introduce our align-fuse-refine three-
step framework for robust graph matching. We first formally
define the challenges of partial and noisy correspondence
(Section III-A). Then, we present graph alignment via KB-
QAP (Section III-B), graph fusion via L-QAP (Section III-C),
and momentum cooperation for refining supervision (Sec-
tion III-D).

A. Problem Definition

Graph matching aims to establish node-to-node correspon-
dences between two graphs GA and GB . Let GA = {UA,EA}
and GB = {UB ,EB} represent the two graphs, where UA

and UB are sets of keypoints of sizes n and m (n ≤ m), and
EA,EB denote the corresponding edge sets constructed by
Delaunay Triangulation. The goal is to predict an assignment
matrix Y ∈ Rn×m that encodes the matching assignment
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Fig. 2. Overview of our align–fuse–refine framework that integrates KB-QAP and L-QAP formulations in a multi-expert cooperative pipeline. In the figure,
blue boxes denote learnable network modules, while transparent boxes denote parameter-free algorithmic operations. (Bottom Left) KB-QAP expert: a Siamese
graph network embeds each graph into a shared space and predicts alignment affinities. A quadratic contrastive loss further enforces node-to-node and
edge-level geometric consistency. (Bottom Right) L-QAP expert: an association graph is constructed to fuse information from both graphs. A graph fusion
transformer followed by an outlier-aware Sinkhorn algorithm produces fusion-based matching affinities. (Top Right) Momentum cooperation: the co-divide
and co-refine strategies dynamically refine supervision targets by leveraging complementary predictions from both experts.

between keypoints in GA and GB . In the ideal case, the
ground-truth permutation matrix Ygt ∈ Rn×m specifies the
true matching assignment, and we minimize the discrepancy
between Y and Ygt:

minLY (Ygt,Y) , (1)

where [Ygt]i,j = 1 represents a valid correspondence between
the i-th keypoint in GA and the j-th keypoint in GB , while
[Ygt]i,j = 0 indicates that two keypoints are unmatchable.
The objective LY measures the discrepancy, commonly using
cross-entropy [19] or Hamming distance [12].

However, real-world graph matching is often complicated by
partial and noisy correspondence, both of which significantly
degrade matching accuracy. In practice, training supervision is
typically provided as an annotated permutation matrix Yanno,
which may be corrupted due to annotation errors. Below, we
define partial correspondence with respect to the true matching
relation Ygt, while noisy correspondence characterizes the
discrepancy between Yanno and Ygt.

Partial correspondence occurs when certain keypoints lack
valid counterparts, often due to occlusions, resulting in outliers
that disrupt the matching process.

Definition 1 (Partial Correspondence). If outliers exist in
graph GA or GB , the ground-truth assignment satisfies:∑

i,j

[Ygt]i,j = k < max(n,m), (2)

where k represents the number of valid correspondences
between keypoints. If

∑
j [Ygt]i,j = 0, the i-th keypoint in

GA is classified as an outlier. In total, n+m− 2k keypoints
are considered outliers.

Noisy correspondence refers to corrupted supervision in
Yanno, which typically arises from annotation errors in chal-
lenging images. Note that, the training supervision is Yanno

rather than Ygt, and can therefore be imperfect.

Definition 2 (Noisy Correspondence). Noisy correspondence
occurs when Yanno ̸= Ygt. The positions of false positive and
false negative correspondence are given by:

FP-NC = ¬Ygt ∧Yanno,

FN-NC = Ygt ∧ ¬Yanno

(3)

where ∧ denotes the logical AND operation and ¬ denotes
the logical NOT operation. A value of 1 in the resulting
matrices indicates the presence of noisy correspondence at the
respective position, where false positives represent irrelevant
keypoints incorrectly labeled as matched, and false negatives
refer to valid correspondences that are mistakenly omitted.

B. Aligning Graphs through Koopmans-Beckmann’s
Quadratic Assignment Programming

In this section, we leverage Koopmans-Beckmann’s QAP
objective in two roles. On the one hand, it serves as an
alignment head that produces a KB-QAP matching prediction,
which is later fused with the L-QAP prediction in our momen-
tum cooperation strategy (Section III-D). On the other hand,
it serves as a training objective that motivates our quadratic
contrastive loss for enforcing graph-geometric consistency. In
the following, we first present the KB-QAP formulation, and
then introduce the Siamese graph network and the proposed
quadratic contrastive loss.

Definition 3 (Koopmans-Beckmann’s QAP). Let VA ∈
Rn×d and VB ∈ Rm×d denote the feature matrices of
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keypoints in graphs GA and GB , respectively. Achieving the
matching between two graphs requires optimizing the follow-
ing objective:

argmax
Y

tr
(
Y⊤FAYFB

)︸ ︷︷ ︸
Quadratic edge affinity

+ tr
(
S⊤
kbY

)︸ ︷︷ ︸
Linear node affinity

s.t. Y ∈ {0, 1}n×m, Y1m = 1n, Y⊤1n ≤ 1m

(4)

where tr denotes the trace of the matrix, Skb ∈ Rn×m denotes
node-to-node similarity matrix, and FA ∈ Rn×n,FB ∈
Rm×m are the adjacency matrices that encode edge infor-
mation in graphs GA and GB . The constraints on Y ensure
one-to-one matching while accommodating potential outliers.

1) Graph Alignment Network: As shown in Eq. (4), the KB-
QAP formulation jointly maximizes quadratic edge affinity and
linear node affinity by independently encoding node and edge
features of the two graphs. To implement this, we propose a
Siamese graph network that learns structural representations
for each graph separately and aligns keypoints in a shared
feature space. The network consists of three components:
an image encoder, a graph convolutional network, and a
projection head.

Image encoder. Following recent graph matching meth-
ods [15], [19], [34], [61], we employ VGG16 [62] as the image
encoder to extract node features. Specifically, we concatenate
the features from relu4 2 and relu5 1 to form the initial node
feature matrices UA ∈ Rn×d and UB ∈ Rm×d, where d is
the dimension of the features.

Graph convolutional network. To encode geometric rela-
tionships, we initialize the edge structure EA ∈ Rn×n and
EB ∈ Rm×m with Delaunay triangulation where [E]i,j = 1
if there exists an edge between keypoints i and j, and 0
otherwise. We refine the node features U using the graph
convolutional network SplineConv [63], which updates node
representations by aggregating information from neighboring
nodes. Formally, the update rule for the i-th keypoint could
be expressed as:

SplineConv ([U]i) =
1

|N (i)|
∑

j∈N (i)

⟨[U]j , f([E]i,j)⟩, (5)

where N (i) indicates the neighbors of keypoint i, ⟨·, ·⟩ rep-
resents the dot product, and f is the B-Spline kernel. The
refined node features are obtained by independently feeding
graphs GA and GB into SplineConv.

Projection head. Following classical contrastive learning
paradigms [50], [64], we obtain the final node features VA

and VB through a fully connected layer. Formally,

V = norm (g (U)) , (6)

where g is a fully connected layer equipped with batch nor-
malization and ReLU activation. The norm operation denotes
ℓ2 normalization, ensuring that the resulting feature vectors
have unit norm.

Based on the refined features, we compute the node simi-
larity matrix and the edge adjacency matrices in Eq. (4) as

Skb = VAV
⊤
B , FA = VAV

⊤
A , FB = VBV

⊤
B , (7)

where FA and FB are learned affinity matrices derived from
node embeddings. This choice is i) compatible with a broad
range of GNN backbones, without requiring dedicated edge-
feature encoders, and ii) more robust under partial and noisy
correspondence, where the raw graph structure (e.g., Delaunay
or k-NN) can be unstable.

2) Quadratic Contrastive Loss: Building on combinatorial
optimization theory [57] that contrastive learning is equiv-
alent to solving linear assignment problems, we introduce
a quadratic contrastive loss that endows contrastive learning
with quadratic information. Specifically, the linear assignment
problem (corresponding to the second term in Eq. (4)) can be
formulated using a structured linear assignment loss [65]:

Lla = max
Y∈Π

tr
(
SkbY

⊤)− tr
(
SkbY

⊤
anno

)
, (8)

where Π denotes the set of all n×m permutation matrices that
satisfy the constraint in Eq. (4). Note that Lla ≥ 0 and Lla = 0
if and only if the node similarities produced by the Siamese
graph network lead to the correct assignment. By minimizing
Lla, the network learns to correctly assign keypoints from one
graph to the other.

Theorem 1 (Equivalence between Linear Assignment Loss
and InfoNCE [17], [57]). The log-sum-exp smoothed struc-
tured linear assignment loss Lla with row-stochastic relaxation
is equivalent to the InfoNCE contrastive loss [64].

Proof 1. According to [57], the constraints in Eq. (4) can
be relaxed to a row-stochastic condition, i.e., Y ∈ {0, 1}n×m

and
∑

j [Y]i,j = 1 ∀i. Under this relaxation, Eq. (8) can be
reformulated as:

Lla = − tr
(
SkbY

⊤
anno

)
+ max

Y∈R
tr(SkbY

⊤)

= − tr
(
SkbY

⊤
anno

)
+ max

[Y]1...[Y]n

∑
i

(
∑
j

[Skb]i,j [Y]i,j)

= − tr
(
SkbY

⊤
anno

)
+
∑
i

max
[Y]i

(
∑
j

[Skb]i,j [Y]i,j)

= − tr
(
SkbY

⊤
anno

)
+
∑
i

max
j

[Skb]ij ,

(9)
where the third equality follows from the independence of
the rows [Y]1, . . . , [Y]n and the final equality holds because
[Y]i is a one-hot vector containing the maximum index.
Since Eq. (9) is non-smooth and challenging to optimize, we
approximate the max function through log-sum-exp smoothing
technique [66], yielding the InfoNCE contrastive loss:

LInfoNCE = −
∑

(i,j)∈Yanno

[Skb]i,j + τ
∑
i

log(
∑
j

exp(
1

τ
[Skb]i,j)),

(10)
where the smoothing parameter τ controls the degree of
approximation. □

Notably, Theorem 1 highlights that the contrastive learning
formulation provides a fast and differentiable approximation
to the linear assignment problem, offering an efficient solution
to aligning keypoints.

Robust contrastive loss for partial correspondence. To
alleviate the negative impact of outliers in both graphs, we
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Image A

Image B Graph Structure

Fig. 3. Illustration of within-graph and cross-graph consistency. (Left) Two
input images with green keypoints. (Right) The red and blue solid lines
represent within-graph and cross-graph edges, respectively. The red and
blue dashed arrows highlight the within-graph and cross-graph consistency
enforced between edges.

simplify the computation of contrastive learning loss by first
aligning keypoints VA and VB based on the annotated per-
mutation matrix Yanno:

V̂A, V̂B = {[VA]i}, {[YannoVB ]i}, ∀
m∑
j=1

[Yanno]i,j > 0,

(11)
where V̂A and V̂B consist only of keypoints with valid corre-
spondences. The remaining unmatched keypoints are regarded
as outliers.

O = {[VA]i |
m∑

j=1

[Yanno]i,j = 0} ∪ {[VB ]i |
n∑

j=1

[Yanno]j,i = 0}.

(12)
We then apply contrastive learning to the pairwise similarity

matrix by computing the loss across rows and columns:

Lcl = H
(
In, ρ

(
V̂AV̂

⊤
B

))
+H

(
In, ρ

(
V̂BV̂

⊤
A

))
, (13)

where In is the identity matrix, H denotes the row-wise cross-
entropy function, and ρ represents the softmax function:

[ρ
(
V̂AV̂

⊤
B

)
]i,j =

exp([V̂A]i[V̂B ]⊤j /τ)∑
k exp([V̂A]i[V̂B ]⊤k /τ)+

∑
l exp([V̂A]i[O]⊤l /τ)

.

(14)
This formulation incorporates all outliers as negative sam-

ples in contrastive learning, improving robustness against
partial correspondence. During inference, outliers are removed
using the Hungarian algorithm with a threshold following [67].
The threshold is estimated based on the average similarity
between inliers and outliers:

thr =
1

2

(∑
i,j [V̂AO

⊤]i,j

|V̂A||O|
+

∑
i,j [V̂BO

⊤]i,j

|V̂B ||O|

)
, (15)

where | · | denotes the number of elements in the set.
Although the widely adopted InfoNCE loss effectively ad-

dresses the linear assignment problem, it overlooks a critical
aspect of graph matching: edge alignment. In fact, incorpo-
rating edge information into the matching process is desirable
for improving robustness in graph matching [7]. Consequently,

while contrastive learning provides a solid foundation, it fails
to fully exploit graph structures and may result in subopti-
mal performance. To address this limitation, we introduce a
quadratic contrastive loss augmented with two novel graph-
geometric consistency regularizers, namely, within-graph con-
sistency and cross-graph consistency. Both terms operate on
inlier correspondences only, since outliers do not have valid
counterparts in the target graph.

Within-graph consistency encourages the alignment be-
tween edge structures within each graph,

Lwithin = ∥V̂AV̂
⊤
A − V̂BV̂

⊤
B∥2F , (16)

where ∥ · ∥F is the Frobenius norm.
Cross-graph consistency encourages the alignment of the

edges across two graphs:

Lcross = ∥V̂AV̂
⊤
B − V̂BV̂

⊤
A∥2F . (17)

Here, “edges” refer to induced pairwise affinities computed
from node embeddings, rather than explicitly learned edge
embeddings. Under this induced-affinity view, Proposition 1
shows that Lwithin is directly connected to the quadratic
affinity term in the KB-QAP objective.

Proposition 1 (Connection between Within-graph Consis-
tency and Quadratic Affinity). The within-graph consistency
loss admits the following decomposition:

Lwithin = ∥FA∥2F + ∥FB∥2F − 2 tr
(
Y⊤

annoFAYannoFB

)
,

(18)
which reveals that minimizing Lwithin implicitly maximizes the
quadratic edge affinity in Eq. (4), while the Frobenius-norm
terms act as scale regularizers for the adjacency matrices.
Specifically, the regularizers penalize redundant correlations
between nodes, encouraging the model to selectively preserve
the most reliable structural connections.

Derivation 1. Let F̂A = V̂AV̂
⊤
A and F̂B = V̂BV̂

⊤
B denote

the adjacency matrices constructed from the aligned keypoints.
Expanding the Frobenius norm in Lwithin yields:

Lwithin = ∥F̂A − F̂B∥2F
= tr(F̂⊤

AF̂A) + tr(F̂⊤
BF̂B)− 2 tr(F̂⊤

AF̂B).
(19)

Given the outlier-filtered node features V̂A = VA and V̂B =
YannoVB , we have F̂A = FA and F̂B = YannoFBY

⊤
anno.

Based on the orthogonality Y⊤
annoYanno = I on the filtered

inlier set, the first two terms in Eq. (19) correspond to the
regularization terms ∥FA∥2F and ∥FB∥2F . For the cross term,
using the cyclic property of the trace and the symmetry of FA,
we obtain:

tr(F̂⊤
AF̂B) = tr

(
F⊤

A(YannoFBY
⊤
anno)

)
= tr

(
Y⊤

annoF
⊤
AYannoFB

)
= tr

(
Y⊤

annoFAYannoFB

)
.

(20)

Substituting these terms back completes the derivation. □

Graph consistency offers both theoretical insight and an in-
tuitive geometric interpretation. Proposition 1 connects within-
graph consistency to the quadratic affinity term in KB-QAP,
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while Fig. 3 visualizes the within- and cross-graph edge
relations enforced by our regularizers.

Intuitively, Eq. (16) reduces discrepancies between corre-
sponding edges in GA and GB , such as A1A3 and B1B3.
Meanwhile, ensuring cross-graph edge alignment is equally
crucial for accurate keypoint matching, particularly when
objects exhibit semantic variations (e.g., two kinds of horses).
Given associated within-graph edges (A1A3 and B1B3), it is
desirable that their corresponding keypoints (A3 and B3) are
equivalent and interchangeable. To ensure this, we establish
cross-graph edges by exchanging the counterparts of each
keypoint and then minimize differences between them (e.g.,
A1B3 and B1A3).

Notably, while prior works [7], [9] utilize cross-graph
neural networks to encode information from both graphs,
they mainly propagate information implicitly. In contrast, our
cross-graph consistency offers explicit quadratic supervision
to ensure semantic consistency across different objects. These
two geometric consistency terms are seamlessly integrated into
the contrastive learning framework as regularizers. The overall
quadratic contrastive loss for KB-QAP is formulated as:

LKB−QAP = Lcl + Lwithin + Lcross, (21)

where all loss terms are weighted equally, avoiding the need
for laborious hyper-parameter searching.

C. Fusing Graphs through Lawler’s Quadratic Assignment
Programming

Building upon the graph alignment achieved through
Koopmans-Beckmann’s QAP in Section III-B, this section
presents a graph fusion strategy by solving Lawler’s QAP
objective.

Definition 4 (Lawler’s QAP). Lawler’s QAP aims to maxi-
mize the overall alignment of nodes and edges between two
graphs. Formally,

argmax
Y∈Π

vec(Y)⊤K vec(Y), (22)

where vec(Y) reshapes the matching matrix Y ∈ Rn×m into
a column vector of size nm × 1 by stacking its columns.
The affinity matrix K ∈ Rnm×nm encodes both node-to-
node affinities (diagonal elements) and edge-to-edge affini-
ties (off-diagonal elements). Specifically, for edge ij in GA
and edge ab in GB , the edge-to-edge affinity is encoded by
[K]ia,jb = ϕ([EA]i,j , [EB ]a,b) where ϕ represents a distance
metric such as a Gaussian kernel. The node similarities are
also encoded when the indices satisfy ia = jb.

Following NGM [29], the L-QAP affinity matrix K is built
following the factorized formulation [68]:

K = diag (vec (Kp)) + (GB ⊗GA) diag (vec (Ke)) (HB ⊗HA)
⊤
,

(23)
where ⊗ denotes the Kronecker product and diag(·) constructs
a diagonal matrix from the input matrix. Node-edge incidence
matrices GA,HA ∈ {0, 1}n×eA and GB ,HB ∈ {0, 1}m×eB

define the connectivity structures of the graphs [68], where

eA and eB indicate the number of edges in GA and GB , re-
spectively. Specifically, G corresponds to the incoming edges,
while H represents the outgoing edges. The node-to-node
similarity matrix Kp ∈ Rn×m and edge-to-edge similarity
matrix Ke ∈ ReA×eB are computed by:

Kp = VAV
⊤
B , Ke = ÊAÊ

⊤
B ,

ÊA = G⊤
AVA −H⊤

AVA, ÊB = G⊤
BVB −H⊤

BVB .
(24)

where edge features ÊA and ÊB are constructed as the
difference of node embedding obtained from the Siamese
graph network through Eq. (6).

1) Graph Fusion Transformer: As defined in L-QAP, the
affinity matrix K explicitly integrates the two graphs by
encoding both node-to-node and edge-to-edge relationships.
By capturing the structural correlations between the graphs,
K ensures that both the keypoint alignments (nodes) and their
interconnections (edges) are effectively preserved and fused.

To leverage this affinity matrix, we propose a Graph Fusion
Transformer. As illustrated in Fig. 2, the affinity matrix K
can be interpreted as an association graph that encodes the
correspondences between GA and GB . In this association
graph, vertices represent potential node-to-node correspon-
dences, while edges represent potential edge-to-edge corre-
spondences. Specifically, each vertex Kia,ia corresponds to
the correlation between a pair of nodes [VA]i and [VB ]a,
associated with the matching matrix [Y]i,a. Therefore, the
graph matching problem can be reformulated as a vertex
classification task on the association graph where a value
of 1 indicates a valid correspondence, and 0 indicates no
correspondence. This reformulation leverages the structure of
the association graph to fuse the information from two original
graphs, simplifying the process of aligning nodes and edges
for efficient graph matching.

To effectively perform the vertex classification task on the
association graph, we employ TransformerConv [30], [69]
to capture both node-level and edge-level relationships. The
vertex feature [Kp]i,a is updated through an attention mech-
anism that aggregates information between vertex ia and its
neighbors:

Attentionia,jb = Softmaxjb

(
qiak

⊤
jb√
d

)
· v⊤

jb (25)

where jb represents all neighboring vertices of ia in the
association graph and d denotes the dimension of qia. The
query and key components are defined as:

qia = [K]ia,iaWq, kjb = [K]jb,jbWk + [K]ia,jbWe. (26)

The value component is computed similarly to the key
component:

vjb = [K]jb,jbWv + [K]ia,jbWe, (27)

where Wq , Wk, Wv , and We are learnable projection ma-
trices. By directly incorporating edge information into the key
and value components, this formulation effectively captures
both node-to-node and edge-to-edge relationships.
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2) Partial Matching with Outlier-rejection Sinkhorn: As
graph matching is equivalent to vertex classification on the
association graph, we employ a vertex classifier combined
with the Sinkhorn algorithm to predict the matching result.
Specifically, we build a linear classification head on the
updated vertex similarity matrix K̂p ∈ Rn×m×d to project
it back to an n×m matrix:

C = Classifier
(
K̂p

)
. (28)

To address the partial correspondence challenge, we intro-
duce a learnable dummy node [9] by augmenting C with an
additional row and column:

[C]i,m+1 = [C]n+1,j = [C]n+1,m+1 = p, ∀i ∈ [1, n], j ∈ [1,m],

(29)
where the learnable value p represents the probability of
assigning keypoints to the dummy node, acting as a similarity
threshold that distinguishes alignable keypoints from outliers.
To ensure each keypoint is either matched to the corresponding
keypoint or the dummy node, we augment matching con-
straints as follows:

C1m+1 = [1⊤
n ,m]⊤, C⊤1n+1 = [1⊤

m, n]⊤. (30)

Next, we employ the Sinkhorn variant IPOT [70] on C with
the newly defined constraints, resulting in the matching matrix
Ŝl. The matching loss is then formulated as:

LL−QAP = −
n+1,m+1∑

i,j

(
[Ŷanno]i,j log[Ŝl]i,j

+
(
1− [Ŷanno]i,j

)
log
(
1− [Ŝl]i,j

))
,

(31)
where Ŷanno ∈ R(n+1)×(m+1) is the permutation matrix
augmented with an additional row and column to represent
keypoints assigned to the dummy node. Here the position
[·]n+1,m+1 is excluded from calculating the loss. Specifically,
the additional row and column are computed as follows:

[Ŷanno]i,m+1 =

1− m∑
j

[Yanno]i,j


+

, (32)

which equals 1 if keypoint i in GA is an outlier. The computa-
tion for [Ŷanno]n+1,j is analogous. During inference, the soft
assignment matrix Sl is obtained by discarding the dummy
node, i.e., Sl = [Ŝl]1:n,1:m. The Hungarian algorithm is then
applied to Sl to derive the final binary assignment.

D. Momentum Cooperation

As discussed earlier, preprocessing noisy correspondence
before training (i.e., obtaining Ygt in advance) is infeasible.
Inspired by the co-teaching paradigm [71], [72], where two
networks with different learning abilities could collaborate to
handle different types of noise, we design a robust training
strategy that exploits the complementary strengths of KB-
QAP and L-QAP. These two networks cooperatively divide
and refine correspondences, effectively mitigating noisy cor-
respondence and enhancing matching robustness.

1) Co-divide Noisy Correspondence: We first compute the
binary assignment results Ykb and Yl for KB-QAP and
L-QAP, respectively, by applying the Hungarian algorithm
to the similarity matrices Skb and Sl. By comparing these
predictions with the annotated permutation matrix Yanno, we
categorize the matching results into three types based on
logical operations.

Consistent matches refer to assignments that are consis-
tent among KB-QAP, L-QAP, and the annotated permutation
matrix, namely,

Rconsistent = (Ykb ∧Yl ∧Yanno) . (33)

Partially consistent matches refer to assignments where
only one network predicts the annotated correspondence cor-
rectly:

Rpartially = (¬Ykb ∧Yl ∧Yanno) ∨ (Ykb ∧ ¬Yl ∧Yanno) ,
(34)

where ∨ represents the logical OR operation.
Incorrect matches are assignments where both Ykb and

Yl consistently agree on a prediction that contradicts the
annotated permutation matrix:

Rincorrect = (Ykb ∧Yl ∧ ¬Yanno)∨(¬Ykb ∧ ¬Yl ∧Yanno) .
(35)

The co-divide strategy works under the hypothesis that
inconsistencies often signal the presence of noise [71]. Specif-
ically, false positive correspondences can appear in both
Rpartial and Rincorrect, while false negative correspondences
are typically found in the first term of Rincorrect. Instead of
explicitly distinguishing false positive and false negative cases,
the noisy correspondences can be addressed in the subsequent
refinement step.

2) Co-refine Noisy correspondence: Based on the catego-
rization of matches, we dynamically refine the supervision
signals by integrating information from both networks. The
refinement process is defined as:

[Yanno]ij = 1, ∀(i, j) ∈ Rconsistent

[Yanno]ij = (1− α) + αYpartially, ∀(i, j) ∈ Rpartially

[Yanno]ij = ([Skb]ij + [Sl]ij) /2 ∀(i, j) ∈ Rincorrect,
(36)

where α is a hyper-parameter balancing the annotations and
the network’s predictions.

For consistent matches, the original supervision of “1” is
retained, as both networks agree with the annotation. For
partially consistent matches, the supervision signal is updated
using a weighted combination of the annotated permutation
matrix and the prediction from the network whose assignment
matches the annotation, i.e.,

Ypartially = ([Skb]ij [Ykb]ij + [Sl]ij [Yl]ij) . (37)

For incorrect matches, the supervision signal is updated as
the average of the predictions from KB-QAP and L-QAP,
leveraging the combined confidence of both networks.

The refined supervision signals serve as updated ground
truth in Eq. (32), ensuring that both false positive and false
negative noisy correspondences are gradually corrected. Ad-
ditionally, there are three cases beyond Eqs. (33-35), where at
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TABLE I
KEYPOINT MATCHING ACCURACY (%) ON PASCAL VOC WITH STANDARD INTERSECTION FILTERING. OUR METHODS ARE MARKED IN GRAY.

Method Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Table Dog Horse Mbike Person Plant Sheep Sofa Train Tv Mean

GMN [24] 41.6 59.6 60.3 48.0 79.2 70.2 67.4 64.9 39.2 61.3 66.9 59.8 61.1 59.8 37.2 78.2 68.0 49.9 84.2 91.4 62.4
PCA [7] 49.8 61.9 65.3 57.2 78.8 75.6 64.7 69.7 41.6 63.4 50.7 67.1 66.7 61.6 44.5 81.2 67.8 59.2 78.5 90.4 64.8

NGM [29] 50.1 63.5 57.9 53.4 79.8 77.1 73.6 68.2 41.1 66.4 40.8 60.3 61.9 63.5 45.6 77.1 69.3 65.5 79.2 88.2 64.1
IPCA [8] 53.8 66.2 67.1 61.2 80.4 75.3 72.6 72.5 44.6 65.2 54.3 67.2 67.9 64.2 47.9 84.4 70.8 64.0 83.8 90.8 67.7
LCS [76] 46.9 58.0 63.6 69.9 87.8 79.8 71.8 60.3 44.8 64.3 79.4 57.5 64.4 57.6 52.4 96.1 62.9 65.8 94.4 92.0 68.5
CIE [10] 52.5 68.6 70.2 57.1 82.1 77.0 70.7 73.1 43.8 69.9 62.4 70.2 70.3 66.4 47.6 85.3 71.7 64.0 83.9 91.7 68.9

QC-DGM [11] 49.6 64.6 67.1 62.4 82.1 79.9 74.8 73.5 43.0 68.4 66.5 67.2 71.4 70.1 48.6 92.4 69.2 70.9 90.9 92.0 70.3
DGMC [25] 50.4 67.6 70.7 70.5 87.2 85.2 82.5 74.3 46.2 69.4 69.9 73.9 73.8 65.4 51.6 98.0 73.2 69.6 94.3 89.6 73.2
BBGM [12] 61.9 71.1 79.7 79.0 87.4 94.0 89.5 80.2 56.8 79.1 64.6 78.9 76.2 75.1 65.2 98.2 77.3 77.0 94.9 93.9 79.0

NGM-v2 [29] 61.8 71.2 77.6 78.8 87.3 93.6 87.7 79.8 55.4 77.8 89.5 78.8 80.1 79.2 62.6 97.7 77.7 75.7 96.7 93.2 80.1
SCGM [61] 62.9 72.9 79.6 79.5 89.3 94.1 89.1 79.2 58.4 79.3 80.5 79.9 79.5 76.8 64.8 98.1 78.0 75.9 98.0 93.2 80.5
ASAR [34] 62.9 74.3 79.5 80.1 89.2 94.0 88.9 78.9 58.8 79.8 88.2 78.9 79.5 77.9 64.9 98.2 77.5 77.1 98.6 93.7 81.1

CREAM [22] 67.0 75.6 82.2 78.1 89.4 91.6 89.3 81.6 62.1 82.3 74.3 81.7 80.9 79.0 67.7 99.3 78.9 73.7 98.3 94.7 81.4

COMMON [17] 65.6 75.2 80.8 79.5 89.3 92.3 90.1 81.8 61.6 80.7 95.0 82.0 81.6 79.5 66.6 98.9 78.9 80.9 99.3 93.8 82.7
COMMON+ 68.8 75.5 82.6 77.4 90.0 92.2 89.5 80.7 61.8 82.4 95.3 80.5 82.1 81.6 67.7 98.8 79.9 81.0 98.5 95.4 83.1

least one of Ykb or Yl aligns with Yanno = 0. These cases
correspond to unalignable assignments and are retained as “0”.

3) Momentum-based Enhancement: Deep neural networks
often exhibit the memorization effect [73], where they ini-
tially learn simple patterns before adapting to more complex
ones. In graph matching, precise annotated correspondence
can be viewed as simple patterns, while noisy correspon-
dence represents complex ones. Inspired by this phenomenon,
we propose a momentum enhancement strategy that learns
from high-quality pseudo-targets generated by the momentum
model [74], [75].

The momentum model acts as a continuously evolving
teacher, retaining simple patterns through an exponential mov-
ing average (EMA) of the base model’s parameters. Let θq
denote the parameters of the base model and θk the parameters
of the momentum model, the momentum model is updated as:

θk ← t · θk + (1− t) · θq, (38)

where t is the momentum coefficient fixed as 0.995.
During training, predictions from the momentum model

guide both the co-divide and co-refine processes, providing
robust pseudo-supervision. The overall loss function is formu-
lated as,

LCOMMON+ = LKB−QAP + βLL−QAP, (39)

where the balance hyper-parameter β is fixed as 0.1 across all
experiments.

To further enhance robustness, we maintain a momentum-
based outlier threshold from Eq. (15), updated as:

thrk ← t · thrk + (1− t) · thr. (40)

At inference time, this adaptive threshold is used with the
threshold-based Hungarian algorithm [67] to filter outliers. The
final matching result Y is derived by applying the Hungarian
algorithm to the averaged soft predictions from KB-QAP and
L-QAP, using the computed threshold:

Y = Hungarian

(
Skb + Sl

2
, thrk

)
. (41)

IV. EXPERIMENTS

In this section, we carry out extensive experiments on four
widely used visual graph matching datasets with comparisons
of 17 state-of-the-art approaches. We also provide social
network matching experiments in the supplementary material.

A. Experimental Settings

1) Datasets: We conduct experiments on the following
widely used datasets.

• Pascal VOC with Berkeley annotations [14] includes 20
object classes. This dataset contains numerous challeng-
ing instances with high variability due to occlusions and
pose variations.

• SPair-71K [13] contains 70,958 pairs of object images
across various classes, providing a rich set of paired
images for evaluating object matching and alignment
tasks. SPair-71K offers diverse instances with complex
transformations, including scale variations, rotation, and
occlusions, making it a comprehensive benchmark for
object matching.

• IMC-PT-GM [19] consists of images depicting 16 tourists
worldwide. Unlike benchmarks that focus on keypoint
matching of single objects, IMC-PT-GM involves match-
ing larger scenes with the largest number of keypoints
(averaging 44.48), and the highest partial correspondence
rate (55.5%). This dataset bridges closer to real-world
tasks such as structure-from-motion [5].

• Willow Object [77] comprises five object categories,
each annotated with 10 distinctive landmarks by human
experts. As the annotations in the dataset are relatively
precise, we primarily use this dataset to evaluate the
impact of synthetic partial and noisy correspondences,
providing a robust test of the models.

2) Compared Methods: We compare our method against 14
widely recognized deep graph matching methods: GMN [24],
PCA [7], IPCA [8], NGM [29], DGMC [25], QC-DGM [11],
CIE [10], LCS [76], BBGM [12], NGM-v2 [29], SCGM [61],
ASAR [34], CREAM [22], GMTR [30], and COMMON [17].
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TABLE II
KEYPOINT MATCHING ACCURACY (%) ON SPAIR-71K.

Method Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Dog Horse Mbike Person Plant Sheep Train Tv Mean

GMN [24] 59.9 51.0 74.3 46.7 63.3 75.5 69.5 64.6 57.5 73.0 58.7 59.1 63.2 51.2 86.9 57.9 70.0 92.4 65.3
PCA [7] 64.7 45.7 78.1 51.3 63.8 72.7 61.2 62.8 62.6 68.2 59.1 61.2 64.9 57.7 87.4 60.4 72.5 92.8 66.0

NGM [29] 66.4 52.6 77.0 49.6 67.7 78.8 67.6 68.3 59.2 73.6 63.9 60.7 70.7 60.9 87.5 63.9 79.8 91.5 68.9
IPCA [8] 69.0 52.9 80.4 54.3 66.5 80.0 68.5 71.4 61.4 74.8 66.3 65.1 69.6 63.9 91.1 65.4 82.9 97.5 71.2
CIE [10] 71.5 57.1 81.7 56.7 67.9 82.5 73.4 74.5 62.6 78.0 68.7 66.3 73.7 66.0 92.5 67.2 82.3 97.5 73.3

NGM-v2 [29] 68.8 63.3 86.8 70.1 69.7 94.7 87.4 77.4 72.1 80.7 74.3 72.5 79.5 73.4 98.9 81.2 94.3 98.7 80.2
BBGM [12] 75.3 65.0 87.6 78.0 69.8 94.0 87.8 78.3 72.8 82.7 76.6 76.3 80.1 75.0 98.7 85.2 96.3 98.0 82.1
ASAR [34] 72.4 61.8 91.8 79.1 71.2 97.4 90.4 78.3 74.2 83.1 77.3 77.0 83.1 76.4 99.5 85.2 97.8 99.5 83.1

CREAM [22] 78.4 70.3 90.5 78.6 72.1 98.5 91.7 82.0 71.4 87.1 82.4 75.4 83.5 84.4 99.4 86.0 99.5 99.9 85.1

COMMON [17] 77.3 68.2 92.0 79.5 70.4 97.5 91.6 82.5 72.2 88.0 80.0 74.1 83.4 82.8 99.9 84.4 98.2 99.8 84.5
COMMON+ 79.8 72.3 91.7 78.7 70.8 98.0 91.8 81.9 72.8 88.2 83.3 76.4 83.4 83.9 99.9 86.1 99.2 99.9 85.5

TABLE III
KEYPOINT MATCHING ACCURACY (%) ON WILLOW OBJECT.

Method Car Duck Face Mbike Wbottle Mean

GMN [24] 67.9 76.7 99.8 69.2 83.1 79.3
NGM [29] 84.2 77.6 99.4 76.8 88.3 85.3

PCA [7] 87.6 83.6 100 77.6 88.4 87.4
CIE [10] 85.8 82.1 99.9 88.4 88.7 89.0
IPCA [8] 90.4 88.6 100 83.0 88.3 90.1

SCGM [61] 91.3 73.0 100 95.6 96.6 91.3
ASAR [34] 92.5 84.0 100 95.4 99.0 94.2

LCS [76] 91.2 86.2 100 99.4 97.9 94.9
DGMC [25] 98.3 90.2 100 98.5 98.1 97.0
BBGM [12] 96.8 89.9 100 99.8 99.4 97.2

NGM-v2 [29] 97.4 93.4 100 98.6 98.3 97.5
QC-DGM [11] 98.0 92.8 100 98.8 99.0 97.7
CREAM [22] 97.7 96.3 100 100 99.8 98.8

COMMON [17] 97.6 98.2 100 100 99.6 99.1
COMMON+ 98.3 98.2 100 100 100 99.3

Among them, CREAM and COMMON (our conference ver-
sion) are the only methods designed for graph matching
with noisy correspondence. Moreover, we include three meth-
ods specifically designed for partial matching: ZACR [37],
GCAN [18], and AFAT [19].

3) Metrics: Following existing methods [18], [19], we
adopt matching accuracy as the metric for the full matching
task and F1-score for the partial matching task. For the
full matching task (without outliers), matching accuracy is
defined as: tr(Y⊤Ygt)

sum(Ygt)
. This metric measures the fraction of

correctly predicted matches relative to the total number of
ground-truth matches. For the partial matching task (with
outliers), F1-score balances the correctness and completeness
of the predicted correspondences, calculated as 2·(precision·recall)

precision+recall

where precision =
tr(Y⊤Yanno)

sum(Y) and recall =
tr(Y⊤Ygt)
sum(Ygt)

. For
comprehensive evaluations, we report both average and per-
category performance.

4) Implementation Details: All datasets and methods are
preprocessed and evaluated using the ThinkMatch [78] frame-
work1, ensuring consistency, reproducibility, and fair compar-
isons. Our method is implemented in PyTorch 1.10.0 and all
experiments are conducted on Ubuntu 20.04 with an NVIDIA
3090 GPU. To optimize the networks, we use the Adam

1https://github.com/Thinklab-SJTU/ThinkMatch

TABLE IV
KEYPOINT MATCHING ACCURACY (%) WITH VISION TRANSFORMER

Method Pascal SPair-71k Willow Mean

BBGM [12] 83.6 83.0 98.2 88.3
GMTR [30] 84.5 83.9 98.2 88.9

CREAM [22] 85.6 85.7 99.1 90.1

COMMON [17] 85.6 85.5 99.1 90.1
COMMON+ 85.9 86.0 99.5 90.5

optimizer [79] with default parameters. The initial learning
rate is set to 3e−4 for the graph networks and 2e−5 for fine-
tuning the VGG network. The batch size is set to 8 image
pairs, and the softmax temperature τ for contrastive learning
is fixed at 0.07. The network is warmed up for 1 epoch
before applying the momentum cooperation strategy, with the
temperature parameter α fixed at 0.4.

B. Evaluation on Noisy Correspondence

In this section, we evaluate the effectiveness of our method
in addressing noisy correspondence through experiments on
datasets with real-world noise, synthetic noise, and varying
viewpoints.

1) Matching Results with Real-world Noise: To evaluate
the ability of methods to specifically address noisy correspon-
dence, we exclude outliers before performing graph match-
ing following the protocol from BBGM [12]. As shown in
Table I, our method achieves state-of-the-art performance on
Pascal VOC, surpassing the most competitive baseline method
CREAM by +1.7% and outperforming COMMON by 0.4%
in terms of the mean matching accuracy. Notably, significant
improvements are observed in object categories heavily af-
fected by noisy correspondence, such as table (+7.1%) and
sofa (+3.9%), highlighting the robustness of our approach.
Similarly, on SPair-71k (Table II), our method consistently
outperforms all the baselines. Furthermore, as shown in Ta-
ble III, our method demonstrates its effectiveness on the
Willow Object dataset with relatively small-scale training data.

Given the growing prominence of Vision Transformers
(ViT) in visual tasks, we further evaluate the compatibility of
existing methods by replacing the VGG16 backbone with ViT-
B/16 pretrained on ImageNet. We also compare our method

https://github.com/Thinklab-SJTU/ThinkMatch
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(a) Performance under noisy correspondence (b) Similarity distributions of TP and FP (c) Similarity distributions of TN and FN (d) Performance under partial correspondence

Fig. 4. Effectiveness of addressing noisy and partial correspondence. In (a), the line with dot markers represents the performance under varying levels of
false positive correspondence during training, while the line with square markers includes additional false negative correspondences.

TABLE V
PERCENTAGE (%) OF KB-QAP AND L-QAP EXPERTS IN IDENTIFYING
NOISY CORRESPONDENCE. “CONSISTENT” REFERS TO CASES WHERE

BOTH EXPERTS IDENTIFY NOISY CORRESPONDENCE, WHILE “PARTIALLY
CONSISTENT” INDICATES CASES WHERE ONLY ONE EXPERT IDENTIFIES IT.

“ALL” REPRESENTS THE TOTAL COMBINATION OF BOTH TYPES.

Noise
KB-QAP L-QAP

Consistent
Partially

All
Expert Expert Consistent

FP 42.2 42.6 40.4 4.1 44.4
FN 55.4 58.1 54.6 5.3 59.9

against GMTR [30], a state-of-the-art ViT-based graph match-
ing method. As shown in Table IV, our method achieves the
best performance across all datasets. Specifically, COMMON+

surpasses GMTR by a notable margin of +1.6% in average
accuracy. Moreover, both CREAM and COMMON outperform
GMTR, underscoring the importance of addressing noisy
correspondence in graph matching. By evaluating our method
across diverse benchmarks and feature extractors, these results
consistently demonstrate the robustness and adaptability of our
approach.

2) Synthetic Noise Experiment: To explicitly evaluate the
robustness of our method, we conduct experiments on the
Willow Object dataset with synthetic noisy correspondence.
In this experiment, both false positive and false negative
correspondences are introduced to simulate noisy conditions.
Specifically, we simulate false positive correspondences by
randomly selecting keypoints in the training set and adding
displacement to their locations. The displacement (s, θ) is
sampled from a uniform distribution: s ∼ U(0.1, 0.2) and
θ ∼ U(0, 360), where s is the magnitude of displacement,
and θ is the angle. The displacement value is scaled relative
to the bounding box size. Correspondences derived from these
displaced keypoints are treated as false positives. To simulate
false negatives, we randomly select two keypoints in one
image and flip their labels.

Varying noise ratios. As shown in the lines with dot mark-
ers in Fig. 4(a), we vary the number of displaced keypoints
from 1 to 5 to evaluate false positive correspondences. Across
all noise levels, our method consistently outperforms baseline
methods. The lines with square markers in Fig. 4(a) present
results with two additional false negative correspondences (one
label flip). Similarly, our method achieves the best perfor-
mance, validating its effectiveness in addressing both types

TABLE VI
KEYPOINT MATCHING ACCURACY (%) ON SPAIR-71K GROUPED BY

LEVELS OF DIFFICULTY IN THE VIEWPOINT OF THE IMAGE PAIRS.

Method Viewpoint Difficulty AllEasy Medium Hard

BBGM [12] 84.7 78.9 73.6 82.1
ASAR [34] 86.5 79.1 72.5 83.1

CREAM [22] 87.8 82.2 76.2 85.1

COMMON [17] 86.6 81.4 76.4 84.5
COMMON+ 88.1 82.6 76.4 85.5

of noisy correspondence, even under challenging conditions
with high noise levels.

Distribution of similarity scores. We analyze the similarity
distributions of the keypoints derived from our method when
training with both false positive and false negative correspon-
dence. In Fig. 4(b), we present the histograms of similar-
ity scores for true positive correspondences (keypoint pairs
without synthetic noise) and false positive correspondences.
As shown, false positive correspondences exhibit an average
similarity score of 0.65, whereas true positive correspondences
achieve a higher average similarity of 0.75, reflecting a clear
separation between the two categories. Similarly, in Fig. 4(c),
we display histograms of similarity scores for true negative and
false negative correspondences. The peaks of the distributions
for the two types of correspondence are distinct, further
confirming our model’s capacity to differentiate between them.
Overall, these findings demonstrate that our method could
alleviate the negative impact of noisy correspondence during
optimization.

Complementarity of KB-QAP and L-QAP experts. We
analyze the complementary characteristics of the KB-QAP
and L-QAP experts, specifically focusing on their ability
to identify false positive (FP) and false negative (FN) cor-
respondences. To assess their performance, we add 2 FP
and 2 FN correspondences to the dataset. As shown in Ta-
ble V, the L-QAP expert demonstrates better performance
in identifying noisy correspondence, as it further fuses the
graph after the alignment of the KB-QAP expert. Notably,
around 4% and 5% of the predictions from both experts are
inconsistent for FP or FN, respectively. By considering both
“consistent” and “partially consistent” matches, we achieve
improved discrimination of noisy correspondence, as shown
in the last column. This complementary behavior allows the
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TABLE VII
KEYPOINT MATCHING F1-SCORE (%) ON WILLOW OBJECT (+RANDOM OUTLIERS) AND IMC-PT-GM (50/100 ANCHORS). PCH MEANS PARTIAL

CORRESPONDENCE HANDLING STRATEGY.

Dataset Name Willow Object IMC-PT-GM (50 anchors) IMC-PT-GM (100 anchors)

GM Network PCH Car Duck Face Mbike Bottle Mean Reichstag Sacre St peters Mean Reichstag Sacre St peters Mean

ZACR [37] ZACR [37] 47.3 44.7 77.7 39.9 53.6 52.6 72.1 33.7 29.5 45.1 39.4 33.1 30.4 34.3
PCA [7] None 55.8 56.5 81.2 46.4 58.1 59.6 83.4 47.5 58.5 63.1 70.7 43.1 58.8 57.5

BBGM [12] LPMP [80] 65.1 60.7 85.5 71.6 65.5 69.7 85.4 55.1 59.3 66.6 88.1 55.0 56.4 66.5

NGM-v2 [29]

None 78.9 66.6 84.3 63.1 76.0 73.8 90.8 55.9 64.3 70.3 78.4 54.9 69.3 67.6
Threshold 86.8 74.5 91.2 71.0 83.8 81.4 91.4 56.8 65.8 71.3 80.3 56.9 71.6 69.6

Dummy node 83.3 69.7 95.7 68.8 86.7 80.8 88.5 56.1 63.0 69.2 80.0 57.0 71.3 69.5
AFAT-U [19] 82.6 74.5 90.6 73.9 87.0 81.7 90.5 58.7 66.9 72.0 81.7 57.0 72.2 70.3
AFAT-I [19] 84.6 75.7 92.0 74.5 88.6 83.1 92.3 58.7 66.7 72.8 82.0 57.0 71.4 70.1

GCAN [18]
Dummy node 74.8 75.7 92.8 77.1 83.5 80.8 87.2 55.1 63.0 68.4 80.4 55.7 72.8 69.6
AFAT-U [19] 80.1 78.0 90.6 76.0 87.0 82.3 86.9 59.4 67.1 71.1 82.6 58.2 73.8 71.5
AFAT-I [19] 82.2 77.7 92.7 77.2 88.6 83.7 91.0 60.3 67.3 72.9 82.7 57.8 72.4 70.9

COMMON [17] None 73.1 68.4 82.4 61.0 79.4 72.8 89.7 55.8 65.2 70.2 78.8 54.1 68.3 67.1
COMMON [17] Threshold 80.7 74.3 90.3 71.2 84.1 80.1 89.9 57.2 65.0 70.7 79.1 56.3 69.5 68.3

COMMON+ Threshold 85.7 78.7 95.2 75.7 90.4 85.1 91.4 59.4 70.0 73.6 83.1 60.0 75.5 72.9

TABLE VIII
KEYPOINT MATCHING F1-SCORE (%) ON PASCAL VOC IN PARTIAL MATCHING SETTING.

GM Network PCH Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Table Dog Horse Mbike Person Plant Sheep Sofa Train Tv Mean

ZACR [37] ZACR [37] 12.2 31.8 31.7 23.0 35.0 28.3 21.8 32.6 19.6 23.8 33.8 29.9 28.8 21.4 10.8 39.0 26.9 15.5 55.8 82.5 30.2
PCA [7] None 35.6 60.3 43.7 34.5 81.5 54.9 30.1 47.8 30.4 46.4 43.9 44.5 46.1 52.4 29.4 78.7 40.7 30.4 58.6 81.2 48.6

BBGM [12] LPMP [80] 42.2 66.7 54.9 46.1 85.7 66.5 39.8 60.3 38.9 65.1 60.1 58.4 58.1 62.4 41.3 96.1 53.5 26.3 75.9 82.6 59.0

None 45.5 65.3 55.3 45.8 88.4 64.3 45.9 58.6 43.3 59.1 39.2 55.7 58.0 65.3 44.4 95.4 50.3 41.2 72.4 81.8 58.8
Threshold 48.3 65.4 55.3 48.6 87.6 63.0 51.1 61.1 39.6 63.3 33.6 59.2 59.3 63.4 46.9 95.2 53.5 45.5 73.4 81.4 59.4

NGM-v2 [29] Dummy node 44.7 61.9 57.1 41.9 83.9 63.9 54.1 60.8 40.5 64.2 36.2 60.6 60.8 61.9 48.7 91.2 56.2 37.4 63.2 82.2 58.6
AFAT-U [19] 45.7 67.7 57.3 44.9 90.1 65.5 49.9 59.3 44.0 62.0 54.9 58.4 58.6 63.8 45.9 94.8 50.9 37.3 74.2 82.8 60.2
AFAT-I [19] 45.0 67.3 55.9 45.6 90.3 64.6 48.7 58.0 44.7 60.2 54.8 57.2 57.5 63.4 45.2 95.3 49.3 41.6 73.6 82.4 59.9

Dummy node 46.3 67.7 57.4 45.0 87.1 64.8 57.5 61.2 40.8 61.6 37.3 59.9 59.2 64.6 49.7 95.1 54.5 28.5 77.9 83.1 59.7
GCAN [18] AFAT-U [19] 47.1 70.8 58.1 45.8 90.8 66.5 49.6 58.8 50.6 64.6 47.2 60.5 62.3 65.7 46.3 95.4 52.7 47.4 74.2 83.8 62.0

AFAT-I [19] 46.1 69.9 56.1 46.6 90.7 66.1 48.1 57.9 49.9 63.9 50.4 59.0 61.6 65.0 44.7 95.5 50.9 49.2 74.0 83.8 61.6

COMMON [17] None 48.8 70.6 58.9 49.1 89.1 63.3 47.8 61.5 45.5 62.5 34.2 60.1 59.1 69.9 47.8 96.4 50.6 40.3 77.6 84.7 60.9
COMMON [17] Threshold 47.6 72.3 58.5 48.9 89.2 63.6 53.0 60.7 49.0 63.9 43.7 60.0 56.1 70.5 50.2 96.6 49.4 37.5 79.0 83.4 61.7

COMMON+ Threshold 47.5 71.4 57.9 49.9 86.9 61.6 58.3 64.7 50.7 66.3 50.8 61.1 56.8 69.9 52.2 97.0 57.0 39.6 78.5 83.2 63.1

two experts to collaborate and refine noisy correspondences,
thereby enhancing the robustness of graph matching.

3) Evaluation under Different Viewpoint Difficulty: SPair-
71k [13] categorizes image pairs into easy, medium, and hard
levels based on the extent of viewpoint variation. Notably,
image pairs with higher viewpoint difficulty often contain
more noisy correspondences such as occlusion [17], posing
significant challenges to graph matching. As presented in
Table VI, our method consistently outperforms baseline ap-
proaches across all difficulty levels. For hard pairs, which are
most probably affected by noisy correspondences, our method
achieves a substantial improvement of +2.8% compared to
the traditional method BBGM [12]. Furthermore, our ap-
proach outperforms the noisy correspondence learning method
COMMON [17], with gains of +1.5% on easy pairs and
+1.2% on medium pairs. These results demonstrate that our
method not only excels in handling noisy correspondence in
challenging conditions but also maintains strong performance
across varying levels of viewpoint difficulty.

C. Evaluation on Partial Correspondence

In this section, we evaluate the effectiveness of our method
in handling partial correspondence through experiments on
real-world datasets with both sparse and dense keypoints, as
well as scenarios with varying numbers of outliers.

1) Matching Results on Datasets with Real-world Outliers:
We evaluate the performance of various methods on the Pascal
VOC, IMC-PT-GM, and Willow Object datasets. Among these,
the IMC-PT-GM dataset poses significant challenges due to its
high density of keypoints and an outlier rate of 55%, which
reflects real-world architectural matching scenarios such as
landmarks like the “Basilique du Sacré Coeur”. As shown in
the middle and right parts of Table VII, our method achieves
superior results using a simple threshold-based Hungarian ap-
proach, surpassing the most comparable baseline GCAN [18]
combined with the outlier-handling method AFAT [19]. Ad-
ditionally, applying the threshold-based Hungarian algorithm
to COMMON results in only marginal improvements, further
emphasizing the advantages of our method.

The Pascal VOC dataset offers additional validation of
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Fig. 5. Visualization of matching results on Pascal VOC and SPair-71k without outliers. Circles indicate annotated keypoints, while green and red lines
represent correct and false matching results, respectively.

Fig. 6. Visualization of matching results on IMC-PT-GM. Green and yellow circles denote annotated inliers and outliers, respectively.

TABLE IX
ABLATION STUDY IN TERMS OF ACCURACY (FULL MATCHING) AND

F1-SCORE (PARTIAL MATCHING).

Method Full Matching Partial Matching
SPair-71k Pascal IMC-50 IMC-100 Pascal

1 COMMON+ 85.45 83.12 73.59 72.88 63.06
2 – Result from KB-QAP head 85.14 82.84 71.80 69.03 62.84
3 – Result from L-QAP head 84.59 82.35 72.97 72.92 63.00
4 – w/o Momentum Cooperation 85.08 82.30 72.75 72.44 61.99
5 – w/o Quadratic Contrast 80.44 75.87 68.92 68.94 56.68

6 KB-QAP form 84.54 82.67 70.70 68.28 61.66
7 – w/o Graph Consistency 83.83 81.95 69.63 66.16 60.73
8 – w Regularized InfoNCE [57] 83.66 81.67 69.25 64.73 60.44
9 – w InfoNCE [81] 83.38 81.33 69.21 65.03 60.51

10 L-QAP form 79.75 76.21 69.28 69.52 57.08
11 – w/o Dummy Node – – 68.90 68.47 56.73

our approach. As demonstrated in Table VIII, our method
consistently outperforms other approaches. Moreover, on the
Willow Object dataset, we simulate challenging conditions by
randomly adding 1 to 10 background outliers to each image
following the protocol in [19]. The results in the left part of
Table VII confirm that our method consistently outperforms
existing partial matching methods. These results highlight the
adaptability and effectiveness of our method in addressing both
sparse and dense keypoint scenarios.

2) Varying Outlier Numbers: To explicitly evaluate the
robustness of our method, we further conduct experiments on
the Willow Object dataset with synthetic outliers. For each
image, 2 to 10 background outliers are randomly added with
an interval of 2. As illustrated in Fig. 4(d), our method consis-
tently outperforms the partial matching baselines GCAN [18]

and AFAT [19] across all noise levels. Notably, AFAT, which
is post-trained on the GCAN model, shows improved perfor-
mance but still lags behind our approach. These results clearly
demonstrate the robustness of our method.

D. Ablation Studies

We perform ablation studies to analyze the contributions of
each component in our framework under both full matching
and partial matching scenarios. For full matching, outliers
are manually excluded before matching and the dummy node
mechanism is therefore not applied. As shown in Table IX,
the full COMMON+ framework achieves the best overall
performance by combining the KB-QAP head, the L-QAP
head, and the proposed training strategies (Line 1). From the
ablation results, we make the following observations:

Complementary nature of KB-QAP and L-QAP. When
using a single prediction head, KB-QAP is more favorable
in full-matching scenarios, whereas L-QAP is more robust
in partial matching scenarios with many outliers (Lines 2
vs. 3), indicating their complementary strengths. Importantly,
integrating the predictions of both heads yields the best overall
results (Lines 1–3).

Mutual enhancement of the two objectives. Beyond pre-
diction fusion, the two QAP objectives also provide comple-
mentary supervision. Adding the L-QAP objective improves
the KB-QAP head prediction (Lines 2 vs. 6), suggesting that
fusion-oriented supervision provides additional cues beneficial
to alignment. Symmetrically, adding the KB-QAP objective
improves the L-QAP head prediction (Lines 3 vs. 10), indi-
cating that alignment-oriented supervision helps refine fusion-
based matching. Moreover, momentum cooperation further
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improves performance (Lines 1 vs. 4), supporting the effec-
tiveness of our align-fuse-refine design.

Effect of quadratic contrastive learning and graph
consistency. Removing the quadratic contrastive loss leads to a
clear performance drop (Lines 5 vs. 1), and the model behavior
becomes much closer to training on the L-QAP form alone,
highlighting the importance of enforcing graph alignment
before fusion. In addition, graph consistency regularization
improves performance (Lines 6 vs. 7), underscoring the role
of structure-aware geometric constraints in graph matching.
Finally, our quadratic contrastive objective consistently out-
performs alternative contrastive losses (Lines 6, 8, 9).

E. Visualization of Matching Results

In this section, we present visualizations of the matching
results in both full and partial matching scenarios. Fig. 5
showcases the results of full matching on the Pascal VOC and
SPair-71k datasets. As shown, our method consistently out-
performs comparable baselines ASAR [34] and CREAM [22],
which are designed for handling adversarial noise and noisy
correspondence problems, respectively. In particular, our ap-
proach excels in challenging scenarios such as images with
blurring or low recognizability (e.g., boat and bottle cases)
and those with large viewpoint variations (e.g., car and sheep
cases). These findings validate the robustness of our method
in complex visual matching tasks.

Fig. 6 compares our method against the partial matching
baseline AFAT [19] and the SOTA graph matching baseline
CREAM [22] on the IMC-PT-GM dataset. For a fair compari-
son, we apply threshold-based Hungarian filtering to CREAM
and manually adjust the threshold. As shown, AFAT surpasses
CREAM in estimating matchable keypoints due to its explicit
modeling of the number of matchable keypoints. In contrast,
our method introduces a simple learnable threshold for outlier
filtering, achieving superior results particularly in scenarios
with large-scale variations (e.g., the 7th and 9th columns).
The results of this challenging dataset further emphasize the
effectiveness and adaptability of our approach.

V. CONCLUSION

This paper addresses the intertwined challenges of noisy
and partial correspondence in graph matching. To address this
issue, we propose a unified method that seamlessly integrates
Koopmans-Beckmann’s Quadratic Assignment Programming
and Lawler’s Quadratic Assignment Programming for graph
alignment and fusion. By leveraging the complementary
strengths of these formulations, our method effectively mit-
igates the impact of noisy and partial correspondence through
momentum cooperation. Our approach has been extensively
validated across both full and partial matching settings on
diverse real-world datasets with varying keypoint densities,
demonstrating its robustness and effectiveness. This work
may inspire some further exploration of the partial and noisy
correspondence problem.
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