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Abstract

Many challenges from natural world can be formulated as a
graph matching problem. Previous deep learning-based meth-
ods mainly consider a full two-graph matching setting. In this
work, we study the more general partial matching problem
with multi-graph cycle consistency guarantees. Building on
a recent progress in deep learning on graphs, we propose
a novel data-driven method (URL) for partial multi-graph
matching, which uses an object-to-universe formulation and
learns latent representations of abstract universe points. The
proposed approach advances the state of the art in semantic
keypoint matching problem, evaluated on Pascal VOC, CUB,
and Willow datasets. Moreover, the set of controlled exper-
iments on a synthetic graph matching dataset demonstrates
the scalability of our method to graphs with large number of
nodes and its robustness to high partiality.

Introduction

Many real-world problems of finding correspondences can
be formalized as graph matching. The examples of tasks in
computer vision and graphics, where graph matching plays
a crucial role, are object tracking (Wang et al. 2015), opti-
cal flow estimation (Sun et al. 2018), shape matching (Gao
et al. 2021) and image keypoint matching (Fey et al. 2020).
Graph matching is also relevant in other domains for match-
ing protein networks (Singh, Xu, and Berger 2008), compar-
ing molecules (Kriege, Humbeck, and Koch 2019), or link-
ing users in social networks (Zhang and Philip 2015).

The recent progress in end-to-end learning of graph
matching has allowed one to find the most useful graph fea-
tures instead of hand-crafting them (Zanfir and Sminchis-
escu 2018), and also enabled the incorporation of axiomatic
graph matching solvers into learning models (Rolinek et al.
2020). In this work, we specifically focus on finding image
keypoint correspondences across an image collection with
the help of deep learning techniques. We consider the gen-
eral setting assuming that the images in the collection de-
pict different instances of objects from the same category,
as illustrated in Fig. 1 for the object category cat. A strong
advantage of our multi-matching approach compared to pre-
vious pairwise matching formulations (Fig. 1a) is that due
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to our object-to-universe matching representation we obtain
cycle-consistent multi-matchings. Moreover, as opposed to
the previous template-based deep multi-graph matching ap-
proach (Fig. 1b), our object-to-universe matching represen-
tation does not require an explicit template shape. Instead,
we propose to learn latent representations of abstract uni-
verse points through aligning them with graph node fea-
tures (Fig. 1c, Fig.3 right). The learned embeddings en-
code higher-order information with the help of graph neu-
ral network processing and allow to find accurate object-to-
universe matchings.

In addition, the object-to-universe formulation naturally
supports the challenging partial multi-matching setting, as
demonstrated in Fig. 1d. This is in stark contrast to a large
portion of recent deep graph matching approaches that only
tackle the full (bijective) matching problem. However, in
a real-world collection of images, not all keypoints may
be observed in each image, e.g. due to ambiguities of 2D
image projections stemming from occlusions, camera-view
change, object deformation, shape variability, etc. Hence,
these methods require a keypoint pre-filtering before match-
ing. As such, the partial matching setting is the most natural
one and has thus the highest relevance in practical scenarios,
since it can be applied to unfiltered keypoints.

Since image keypoints represent 2D projections of 3D
points, we would like to expand the dimensionality of the
matched keypoints. Therefore, we propose to learn a third
virtual coordinate lifting (Fig.4), and to incorporate it into
the graph neural network architecture (3D SplineCNN (Fey
et al. 2018)). The third dimension is learned with respect to
the task of graph matching, thus it is a virtual coordinate. As
we demonstrate in our ablation study in Sec., the use of 3D
coordinates leads to an improved matching performance.

Overall, our method advances the state of the art (SOTA)
on various keypoint matching benchmarks. Namely, it
achieves a 71.7% F1-score on the Pascal VOC dataset and
a 95.1% Fl-score on the CUB-200-2011 dataset on par-
tial multi-graah matching without keypoint filtering. Addi-
tionally, it gives 81.8% accuracy on Pascal VOC dataset on
full two-graph matching with intersection-filtered keypoints.
Moreover, we show that the learned node features taken
from a model pre-trained on (reduced) Pascal VOC can be
transferred without fine-tuning to the Willow ObjectClass
dataset, yielding 98.9% accuracy. On a set of controlled ex-



(a) Pairwise — not cycle-consistent (b) Ye et al. (2022)

requires explicit 3D model

(d) URL (ours) produces
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Figure 1: Overview of pairwise and multi-graph matching methods. (a) Pairwise matchings from prior works do not guarantee
cycle consistency. The red arc shows an incorrect matching that violates the cycle consistency constraint, indicated by the green
dashed line. (b) Previous cycle-consistent approach by Ye et al. (2022) requires an explicit template of sparse 3D geometry of
the universe object. (c) Our approach learns latent representations of abstract universe points containing geometric and visual
information, which allows to produce accurate cycle-consistent matchings under non-rigid deformations and occlusions (d).

periments, we demonstrate the robustness of the proposed
approach to the partiality of the input data, its scalability to
large graphs, and computational efficiency compared to the
strong baseline BBGM-Multi (Rolinek et al. 2020).

We summarize our main contributions as follows:

* We propose the deep learning approach for partial multi-
graph matching based on universe points representation
learning;

* Building on the recent progress in graph-based learning,
we introduce a virtual coordinate lifting, thus improving
2D image keypoint matching performance;

* The proposed method achieves state-of-the-art results in
partial multi-graph matching with unfiltered keypoints on
Pascal VOC and CUB-200-2011 datasets.

Related Work

In this section, we introduce prior works on deep graph
matching and discuss related methods.

Deep graph matching Graph matching consists of two
main parts: feature extraction from raw input data and
a matching algorithm. The seminal paper (Zanfir and
Sminchisescu 2018) on two-graph matching has demon-
strated how learnable features can be combined with a
differentiable graph matching solver. Recent progress in
this area allows differentiating through general combi-
natorial solvers (Rolinek et al. 2020). Another direction
considers solving the simple linear assignment problem
(LAP) (Munkres 1957) (via differentiable Sinkhorn itera-
tions (Adams and Zemel 2011)) instead of the quadratic as-
signment problem QAP (Lawler 1963). The higher-order in-
formation is incorporated into the node features via graph
neural network processing (Yu et al. 2019). This also al-
lows an iterative improvement of soft matchings (Fey et al.
2020). Another way to solve a graph matching problem is
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by learning a solver on a product graph (Wang et al. 2020).
While these methods allow end-to-end learning, they focus
on matching pairs of graphs, and for most of the solvers, the
unrealistic setting of full (bijective) matchings is assumed.
In contrast, we match multiple graphs in a cycle-consistent
way and naturally allow for the realistic setting of partial
matching.

Multi-Graph Matching In previous deep learning works
that addressed multi-graph matching, cycle consistency was
obtained via permutation synchronization of predicted pair-
wise matchings (Wang, Yan, and Yang 2020, 2021). In con-
trast, when using an object-to-universe matching formula-
tion, cycle consistency can be directly obtained by con-
struction (Schmidt et al. 2007; Huang and Guibas 2013).
The deep learning-based approach (Ye et al. 2022) operates
in this setting, but explicitly reconstructs a 3D model of a
universe graph. While this gives the desired cycle consis-
tency, the method requires 3D reconstruction, and it does not
perform on par with the state-of-the-art pairwise matching
methods (Rolinek et al. 2020; Wang, Yan, and Yang 2021).
In our work, we propose to find an object-to-universe match-
ing without explicitly reconstructing a 3D model of the uni-
verse. Instead, we learn latent representations of universe
points by matching them with node features.

Graph Neural Networks One of the main sources of
the recent progress in deep graph matching is the rise of
graph neural network (GNN) architectures (Scarselli et al.
2008). Previous works have implemented various GNNs
with intra- and cross-graph communication to optimally
learn interconnections between nodes (Wang, Yan, and Yang
2019). Particularly, for the problem of keypoint matching, a
SplineCNN architecture (Fey et al. 2018, 2020) has shown
promising performance (Wang, Yan, and Yang 2021). The
reason is that it allows to efficiently incorporate geomet-
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Figure 2: Partial multi-graph matching performance evaluation on synthetic dataset. Our method (URL) handles well high
partiality in input points (left plot, low visibility). Its accuracy does not degrade on larger problems (middle plot, large number
of points). And it scales more efficiently (right plot, processing time) than previous method BBGM-Multi.

ric information directly into the node features. Similarly to
these methods, we utilize the SplineCNN architecture for
our image keypoint matching problem. However, we pro-
pose to also predict a third virtual coordinate, which helps to
resolve 2D keypoint location conflicts. As we later demon-
strate, this leads to an improved matching performance.

Background

In the following, we provide the general background for the
multi-graph matching problem. First, we introduce the nota-
tion concerning graphs and matchings. Then we revisit the
theory behind the object-to-universe multi-graph matching.

Notation

We assume that & € N different graphs Gi,...,Gy are
given, where for each ¢ € [k] := {1,...,k} the graph
G = (V;,&;, F;, E;) comprises of a node set V;, an edge
set & C V; x V;, node features F; : V; — Fi, and edge fea-
tures F; : £ — Fo. The feature spaces F; and F; are some
finite-dimensional vector spaces and we write m,; = |V;| for
the amount of nodes in G;.

In this work, we consider the task of partial multi-graph
matching, in which we want to find correspondences be-
tween nodes of the graphs Gy, ..., Gk. Note that the num-
ber of nodes m; can differ among the graphs G;, i.e. not
all of the matched nodes are present in each graph, which
backs the term ‘partial’. Before we introduce our formalism
for multi-graph matching, we introduce the correspondence
Xij € Prn,m; between a pair of graphs (G;,G;), where the
set of partial permutation matrices is given as

Pmnnj :{X € {071}mi><mj :

Xl 1,1, X <13 (D)

for 1,,, being the m-dimensional vector of ones.

Multi-graph matching

When considering multiple (k > 2) graphs, it is necessary to
ensure that the pairwise matchings {X”}ic j=1 do not con-
tradict each other. Namely, the matchings should be cycle-
consistent (Bernard et al. 2019a):
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Definition 1 (Cycle consistency). The set X = {X;;}F,_,
of pairwise matchings is said to be cycle-consistent if for all
1,7, ¢ € [k] it holds that
Xii = Imﬂ
Xij =X},
Xij Xje < X, (Partial Transitivity)

The property of (Partial Transitivity) introduces a cubic
number of non-convex quadratic constraints. A more effi-
cient way to characterize cycle-consistent matchings is by
using the notion of universe matchings.

Assuming that we are given an upper bound of the uni-
verse size d € N, for graph G with m nodes (m < d) the
space of object-to-universe matchings is denoted as

Upna = {X €{0,1}™: X153 =1,,,1) X <1]}. (2
Then the cycle-consistency constraints can be reformulated
in the following manner (Huang and Guibas 2013):
Lemma 1 (Universe matchings). The set X = {X;;}F,_,
of pairwise matchings is cycle-consistent, iff there exists a
universe of size d and a collection of object-to-universe
matchings {X; € Up,a}r_,, such that for each X;; € X
it holds that X;j = XinT.

In other words, by matching each node of a graph with
exactly one abstract universe point, we can find object-to-
universe matchings {X; € U,,,4}%_;, which by construc-
tion ensures the cycle consistency of pairwise matchings.

Proposed Method

Below, we introduce our method for partial multi-graph
matching by universe points representation learning (URL).
We first formulate the general problem setup and clarify the
assumptions of our method. Then we formalize the proposed
approach as a deep learning problem and introduce our pro-
posed neural network architecture with a novel virtual coor-
dinate lifting block.

(Identity)
(Symmetry)

Problem Setup and Assumptions

Our method accepts as input a set of graphs {G;}%_,
that are to be matched. It outputs globally cycle-consistent
pairwise matchings from object-to-universe matchings, i.e.
{Xij = XzXJT S Pmﬂn,j }7]4-6:1.
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Figure 3: Two dimensional t-SNE embeddings of latent keypoint representations from different neural networks (on bicycle
object class from test set of Pascal VOC dataset). The colours represent the ground-truth matchings of keypoints. Both BBGM
(middle) and URL (right, ours) models start with the node features from the ImageNet pre-trained VGG network (left), and
further improve them. We empirically demonstrate that matching keypoints with learnable latent representations of universe
points (centroids 8) yields more accurate results than matching keypoints with each other (see Table 1, BBGM vs URL).

Object classes Since the set of matched graphs {G;}F_;
share common nodes, we expect that the graphs correspond
to the same abstract class, called object class. In other words,
each graph represents an object from the same object class.
We assume that the input graphs are from a known object
class during inference. Therefore, we consider matchings for
different object classes independently.

Supervision Further, we require the ground truth match-
ings for the training set as a supervisory signal. We note that
any set of correct pairwise matchings can be transformed
into object-to-universe matching form via matrix factoriza-
tion (Bernard et al. 2019a). Therefore, we can always extract
the ground truth universe matchings { X; gt ; from pairwise
matchings {X sk i j=1 during training. From this, we esti-
mate an upper bound of the number of universe points d.

The above-stated assumptions hold for multi-image key-
point matching problems with predefined sets of detected
keypoints sharing similar semantic meanings. For example,
commonly used datasets, such as Pascal VOC, Willow Ob-
jectClass, CUB-200-2011, provide keypoint annotations as
node labels, i.e. in object-to-universe matching form, and
give the ground truth number of universe points d.

Deep Object-to-Universe Matching

Given the problem setup, we propose to utilize the object-
to-universe matching formulation from Lemma 1. This al-
lows to match a set of graphs {G; }¥_, with abstract universe
points individually. Thus, it reduces the memory and time
consumption compared to multi-graph matching approaches
based on synchronization of all pairwise matchings.

To facilitate the data-driven approach, we propose to si-
multaneously learn the feature encoder of graph nodes and
the latent representations of universe points. Formally, given
a graph G; with its initial node and edge features F; and
El, we update them to produce new node and edge features
F; and E;. This is achieved with a parameterized graph-
processing function Wy, where 6 denotes the learnable pa-
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rameters:
Uo(Gi) =: Gi = Vi, &, Fy, Ey) 3)

In practice, Uy is implemented as a graph neural network.
As a consequence, the node features contain the neighbor-
hood (including edge) information. Thus, we will only use

the improved node features F;, e R™ixM for matching. The
features are from h-dimensional vector space.
Concurrently, we learn the latent representations of d uni-

verse points U e R in the same h-dimensional vector
space. The soft (non-binary, continuous) object-to-universe
matching is then found by the normalization of feature sim-
ilarities as

S; := Norm(F; UT) e [0,1]™:*4, 4)

The normalization can be performed row-wise, i.e. for each
node individually, since every node of the graph has ex-
actly one match among the universe points. So for each row
(node) v, we apply
Norm (ﬁ‘l U T)

.= SoftMax ((F UT)U) .6

v

where SoftMax(Z' ); = Z . Note, that in the general

case of partial pairwise matchlng the simple normalization

is not applicable, because not every node can be matched.
We predict the discretized object-to-universe matching X;

from soft matching S; by solving a linear assignment prob-

lem (LAP) with an efficient auction algorithm (Bertsekas
1998)

X, := argmax
XGUmi d

<X, S> — LAP(S)). ©6)

Finally, to obtain cycle-consistent pairwise matchings,
we combine corresponding individual object-to-universe
matchings, i.e. {X;; = X; X }F .

For training graph feature encoder Wy and universe rep-
resentations U/, we minimize the discrepancy between soft
matchings S; and ground truth universe matchings X ft. We
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Figure 4: Proposed pipeline for image keypoint matching

propose to use a CrossEntropy loss (Lcg) for each node in-
dividually

(N

o= o 2 e (0w 0.).

where the Lcg(Z, 5 ) = —>_; yjlog z;. The total loss is a

sum of graph-wise losses, i.e. L := Zle L;.

Universe Points Representations For the fixed node fea-
tures {F e and given ground truth object-to-universe
matchlngs {X; gt k_|, itis possible to analytically derive the
universe points representations, optimal in L,-distance man-
ner, as the average vectors, i.e. centroids,

k k
T -~ 2 1 T
U”* := argmin E HXigt F; — UH = - E Xigt F;. (8)
gU i=1 ki

The visualization of t-SNE embeddings (in cosine distance)
of the learned keypoint features and the universe points rep-
resentations in Fig.3 (right plot) shows that the universe
points are located at the regions with a high density of the
matched keypoints, confirming the above intuition. Note that
in the visualization the keypoints are taken from the test set,
while universe points are learned from the training set.

Architecture Design

In this section, we introduce a neural network architecture
for the image keypoint matching problem.

Following previous works (Rolinek et al. 2020), we ini-
tialize the node features by interpolating ImageNet pre-
trained VGG features (Simonyan and Zisserman 2015; Deng
et al. 2009) at the keypoint locations (see left plot in Fig. 3),
and the edge features — by relative keypoint locations. Fur-
ther, we assume that the graph structure is fixed by the geo-
metrical properties of keypoints, e.g. by Delaunay triangula-
tion (Delaunay 1934). The graph processing network ¥y is
implemented using SplineCNN (Fey et al. 2018) blocks.

In addition to previous graph neural network architecture
from BBGM (Rolinek et al. 2020), we propose to utilize
a predicted third virtual coordinate Z in the 3DSplineCNN
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block. The intuition behind this virtual variable is the nature
of keypoints in images, which represent 2D projections of
3D points. The value of the third coordinate is driven by the
matching objective.

Overall, our graph processing module ¥y takes VGG
features as input and combines 2DSplineCNN and
3DSplineCNN blocks. The third virtual coordinate Z is
predicted by MLP, using the output node features of
2DSplineCNN. The edge features are set as relative keypoint
locations. The proposed architecture is illustrated in Fig. 4.

Experiments

We evaluate the proposed method on various keypoint
matching benchmarks. First, we introduce compared meth-
ods and metrics. Then we assess different aspects of our
method, such as robustness to partiality and scalability, on a
controlled synthetic dataset. We evaluate the real-world per-
formance on Pascal VOC and CUB-200-2011 datasets. We
also estimate the transferability of the learned node feature
encoder to other datasets (Pascal — Willow). Finally, we
analyze the contribution of each component of the proposed
approach by ablation studies.

Metrics and Peer Methods

In partial multi-graph matching (i.e. all keypoints are in-
cluded, |J ), the pairwise matchings { X;; € Pp,,m, } contain
both inlier matches and non-matches (zero rows/columns in
X;). This leads to both types of false positive and false neg-
ative errors. To measure the balanced performance of par-
tial matching, we use F1 score, the harmonic mean of preci-
sion and recall. In this setting, we compare our method with
recent deep learning-based multi-graph matching methods
BBGM-Multi (Rolinek et al. 2020) and JointMGM3D (Ye
et al. 2022). We also evaluate learning-free multi-graph
matching solvers HiPPI (Bernard et al. 2019b) and MGM-
Floyd (Jiang, Wang, and Yan 2020) on Willow dataset.

If graphs contain only (the same number of) inliers (i.e.
the intersection of all keypoints, (] ), the matching prob-
lem becomes full, and is a special case of partial multi-graph
matching. Since in this setting there are no non-matches, we



measure the performance of models by computing the accu-
racy (Acc) of predicted full pairwise matchings.

The majority of previous deep graph matching methods
consider the full pairwise matching problem (i.e. the inter-
section of keypoints from two graphs, .~. [ .. ): GMN (Zan-
fir and Sminchisescu 2018), SuperGlue (Sarlin et al. 2020),
PCA-GM (Wang, Yan, and Yang 2019), LCS (Wang et al.
2020), CIE-H (Yu et al. 2019), GANN-MGM (Wang, Yan,
and Yang 2020), DGMC (Fey et al. 2020), BBGM (Rolinek
et al. 2020), NHGM-v2 (Wang, Yan, and Yang 2021),
GLAM (Liu et al. 2021). Our method can also be evalu-
ated on this restricted setting, as it is a special case of partial
multi-matching.

We categorize the methods according to their multi-graph
cycle-consistency property into 3 categories. First, the meth-
ods that consider only two graphs for matching (no). Next,
the methods that take as input [V graphs, and synchronize the
matchings between them — the cycle consistency is provided
locally for the considered graphs. Lastly, the methods that
provide cycle consistency without depending on the number
of considered input graphs, e.g. by matching each individ-
ual graph with a common universe, are categorized as fully
cycle-consistent (yes).

Synthetic Partial Multi-Matching

We test various aspects of our method on a set of controlled
experiments. For this, we create synthetic graphs following
the setup from previous works (Wang, Yan, and Yang 2019;
Cho, Lee, and Lee 2010). See details in appendix. We en-
force partiality in generated graphs {G;} by randomly sam-
pling keypoints among total Ny, universe points for each
graph from Binomial distribution with visibility rate pys, i.€.
mg ~ Bin(pvis,Nuniv)-

We compare our method with the strongest peer method
BBGM-Multi- K. To assess the robustness to partiality, we
vary the visibility rate py;s (with fixed N,y = 25). Further
we evaluate scalability and computational efficiency by al-
tering number of universe points Vi, With fixed partiality
pvis = 0.8. As demonstrated in Fig.2, our method scales
well to large problems (graphs with up to 1000 nodes) and
handles high partiality rates better than the method based
on a multi-matching solver. Training of BBGM-Multi-3 on
problems with more than 300 universe points does not fit
into GPU memory (48 GB).

Real-World Partial Multi-Matching

To evaluate our method on a real-world problem, we
consider multi-image keypoint matching on challenging
datasets with natural partiality: the Pascal VOC (Evering-
ham et al. 2010; Bourdev and Malik 2009), and the CUB
datasets (Wah et al. 2011). These datasets contain different
object classes, and up to 23 universe points depending on
object category (Fig.5). The average visibility rate of Pas-
cal VOC is pVVi?C 0.72, and of CUB is pSiISJB = 0.8. We
follow the data pre-processing procedures of previous meth-
ods (Wang, Yan, and Yang 2019).

The comparison of matching performance is presented
in Tables 1-2 for Pascal VOC and CUB datasets respec-
tively. So in the real-world setting without any keypoint
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Method | FLU | Acc,..N.. | Cycle
GMN n/a 55.3 no
SuperGlue n/a 58.1 no
PCA-GM n/a 63.8 no
LCS n/a 68.5 no
CIE-H n/a 68.9 no
DGMC n/a 73.0 no
NGM-v2 n/a 80.1 no
NHGM-v2 n/a 80.4 no
GLAM n/a 86.2 no
BBGM 61.4 80.1 no
BBGM-Multi-5 62.8 - locally
JointMGM3D | 42.9 (59.4%) | 59.0 (67.1T) | yes
URL (ours) 71.7 (82.9") | 81.8(88.7") | yes

Table 1: F1 score (%) of partial multi-graph matching and
accuracy of full two-graph matching on the Pascal VOC
dataset (averaged over object classes). Since the majority of
previous works consider full graph matching, their results
are not available (n/a) in a partial multi-matching setup.
Scores in parentheses are directly computed on object-to-
universe matchings {X;}.

Method | F1,UU | Cycle
GMN 79 no
PCA-GM 83.2 no
CIE-H 83 no
GANN-MGM | 82.6 | locally
URL (ours) 95.1 yes

Table 2: F1 scores (%) of partial multi-graph matching on
CUB-200-2011 dataset. Our method produces the most ac-
curate matchings with built-in cycle consistency.

pre-filtering ( |J ), our method achieves state-of-the-art re-
sults on both datasets: 71.7% F1 on Pascal VOC, and 95.1%
F1 on CUB-200-2011. On the object-to-universe matchings,
our method achieves an F1-score of 82.9%, and thus out-
performs the previous object-to-universe matching method
JointMGM3D (Ye et al. 2022) by a large margin. Moreover,
our method shows strong performance with 81.8% accuracy
on a restricted setting of full two-graph matching ( .. () .~ ).
The recent method GLAM (Liu et al. 2021) performs best
on this setting. However, in contrast to our method, it learns
the graph structures of given points. Thus, the improvement
from GLAM is orthogonal to our main contribution.

Node Feature Transfer

We study the generalization ability of our method by trans-
ferring a node feature encoder model Wy, pre-trained on Pas-
cal VOC dataset (without overlapping images), to Willow
dataset (Cho, Alahari, and Ponce 2013). The Willow dataset
contains images with consistent object orientations and the
same number of keypoints, i.e. all matchings are bijective
(see Fig.5). We evaluate our model by computing cosine
similarities of node features with a subsequent discretization
by a combinatorial solver. This variation of our model does
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Figure 5: Qualitative results of our method. The numbers represent the ground-truth ordering of universe points. Correct pre-
dictions are marked with green and incorrect ones with red numbers. The datasets cover various poses, object deformations,
and shape variability of different object classes. The keypoints are matched without any pre-filtering.

Data | Method | Acc,) | Cycle
HiPPI 88.2 locally
" | MGM-Floyd | 883 | locally
GMN 76.2 no
PCA-GM 85.2 no
T 2 CIE-H 83.5 no
=2 | DGMC 84.1 no
25 | BBGM 94.5 no
A URL-LAP 95.0 no
URL-HiPPI 98.9 locally

Table 3: Accuracy of full matchings on Willow dataset.
Models, pre-trained on (reduced) Pascal VOC dataset, are
evaluated on the Willow dataset without fine-tuning. Our
learned features in URL-HiPPI are better than the hand-
crafted ones in a learning-free HiPPI solver, which allows
us to also outperform previous learning-based methods.

not use universe points and depends on an external solver
(denoted as URL-Solver).

From Table 3, we observe that our model URL-HiPPI
with a multi-matching solver HiPPI outperforms all other
methods, achieving 98.9% matching accuracy. Notably, our
approach with the simple linear assignment solver, URL-
LAP, produces results comparable with the strong base-
line BBGM, which points to the successful transferability
of node features in this experiment. The extended results
with different training strategies on Pascal VOC and Willow
datasets are presented in the supplementary materials.

Ablation Study

We evaluate the effectiveness of each component of our pro-
posed method via an ablation study, presented in Table 4. In
this experiment, we solve partial multi-matching on the Pas-
cal VOC dataset. We observe that using the 3DSplineCNN
block with predicted virtual coordinate gives 4.1% F1-score
improvement (rows 1, 4). The graph neural network process-
ing Wy (2D and 3D SplineCNN blocks, row 2) corresponds

1990

VGG | 2D | 3D | URL | Fl | Cycle
v v b 4 v 67.6£1.0 yes
v X b 4 v 55.1£0.6 yes
v v v b 4 55.440.6 | locally
v v v v 71.7£0.5 yes

Table 4: Ablation studies of different components of the pro-
posed method on Pascal VOC dataset. Each building block
of the neural network (3D and 2D SplineCNN) significantly
contributes to the final performance. The universe represen-
tation learning (URL) component has the highest impact
both on the F1 score and on the cycle consistency.

to 16.6% of performance increase, identifying the value of
graph-level feature encoding. More importantly, our learned
universe points representations (URL, row 3) show a criti-
cal influence in providing cycle consistency and in achiev-
ing the optimal level of efficacy, accounting for 16.3% gain
in Fl-score. The reported improvements are statistically sig-
nificant according to the non-parametric Mann—Whitney U
test. The studied methods are run 5 times with random seeds.

Conclusion

We have presented a deep learning approach for partial
multi-graph matching. It builds upon an object-to-universe
formulation via learning latent universe point representa-
tions. Our important conceptual contribution is that we
demonstrate the effectiveness of matching against abstract
universe representations, in contrast to pairwise matching,
achieving the state-of-the-art performance in practically rel-
evant settings. On a technical level, this is made possible by
combining the recent progress in graph-based learning and
the architectural improvement with a virtual coordinate lift-
ing. The insights about universe points representations open
up new future directions based on exploring unsupervised
learning methods for deep multi-graph matching problems.
We believe that the observations from our work will be ben-
eficial in other domains with correspondence problems.
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