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Abstract

Unsupervised graph alignment aims to find corresponding
nodes across different graphs without supervision. Existing
methods usually leverage the graph structure to aggregate fea-
tures of nodes to find relations between nodes. However, the
graph structure is inherently limited in pairwise relations be-
tween nodes without considering higher-order dependencies
among multiple nodes. In this paper, we take advantage of the
hypergraph structure to characterize higher-order structural
information among nodes for better graph alignment. Specif-
ically, we propose an optimal transport model to learn a hy-
pergraph to capture complex relations among nodes, so that
the nodes involved in one hyperedge can be adaptively based
on local geometric information. In addition, inspired by the
Dirichlet energy function of a hypergraph, we further refine
our model to enhance the consistency between structural and
feature information in each hyperedge. After that, we jointly
leverage graphs and hypergraphs to extract structural and fea-
ture information to better model the relations between nodes,
which is used to find node correspondences across graphs. We
conduct experiments on several benchmark datasets with dif-
ferent settings, and the results demonstrate the effectiveness
of our proposed method.

Introduction

Graph alignment aims to recognize node correspondences
across different graphs (Wang et al. 2018; Heimann et al.
2018). As structured data become ubiquitous, graph align-
ment has received much attention and been widely used in
real-world applications, such as finding the same users on
different social network platforms (Li et al. 2019), recog-
nizing the same entities in different knowledge graphs (Liu
et al. 2022). In the problem of graph alignment with supervi-
sion, some node correspondences are given as ground-truth
information (Liu et al. 2016). However, it is difficult to ob-
tain supervised information since annotation is usually ex-
pensive and time-consuming. Therefore, unsupervised graph
alignment without requiring supervision has drawn more at-
tention in recent years (Chen et al. 2019).

Existing methods of unsupervised graph alignment usu-
ally leverage features of nodes and the graph structure to
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find the node correspondences across two graphs (Chen
et al. 2019; Heimann et al. 2018; Li et al. 2019). The first
paradigm is to learn a shared node embedding space for
two graphs, so that the embeddings of nodes in different
graphs can be compared, and the node correspondences can
be found by nearest neighbor matching (Derr et al. 2021).
However, it is non-trivial to learn a shared embedding space
especially when the feature spaces of two graphs are di-
verse, making it challenging to compare the node embed-
dings in different graphs. To avoid directly comparing node
embeddings across graphs, another paradigm based on op-
timal transport between metric spaces is proposed for un-
supervised graph alignment (Li et al. 2022). Specifically,
the Gromov-Wasserstein model is built on two graphs to
find the optimal transport plan across graphs, where the
transport plan reveals the probabilistic correspondences be-
tween nodes in different graphs (Peyré, Cuturi, and Solomon
2016). The transport cost across graphs is measured by the
difference between two metric matrices, each of which is
constructed within one graph.

Although existing methods achieve encouraging perfor-
mance for unsupervised graph alignment, they still suffer
from the limitation of graph structure that only pairwise in-
formation between nodes is considered, while higher-order
relations among multiple nodes are neglected (Ju et al.
2024). For example, a community consisting of multiple
nodes contains complex dependencies among them, which
cannot be captured by pairwise edges between two nodes.
Compared with graphs in which one edge can connect only
two nodes, the hypergraph has shown a powerful ability
to characterize high-order relations among nodes, owing to
the property that one hyperedge can involve multiple nodes
(Gao et al. 2020). Figure 1 depicts the differences between
the hypergraph and the graph representing a co-authored ci-
tation network. In the figure, a node represents a paper, and
the edges in the graph can only describe the co-author rela-
tionship between the pairs of nodes, while the hyperedges in
the hypergraph can contain all the papers that an author par-
ticipated in. This property also endows the hypergraph with
the ability to capture higher-order information.

Motivated by this, we seek to leverage hypergraphs to
extract high-order structural information for unsupervised
graph alignment, and design a method named Hypergraph
Learning via Optimal Transport(HLOT). Specifically, we
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Figure 1: An example of using graph and hypergraph to rep-
resent a co-authorship citation network.

propose an optimal transport model within one graph to con-
struct a weighted hypergraph, which can adaptively assign
weights to the pairs of nodes and hyperedges, so that the dif-
ferent correlations can be captured. Moreover, inspired by
the Dirichlet energy function of hypergraph that measures
the consistency between structural and feature information,
we refine our optimal transport model to derive a hypergraph
learning model. Based on our constructed hypergraphs, we
exploit structural and feature information on both graph and
hypergraph levels, so that a better metric modeling the re-
lations between nodes can be built for graph alignment. We
conduct experiments on real-world datasets with different
settings to evaluate the performance of our method, and em-
pirically study the effects of graphs and hypergraphs.
We summarize our principal contributions as follows:

* To characterize high-order structural information among
nodes, we propose an optimal transport model to learn
hypergraphs, in which the consistency between structural
and feature information is enhanced by the Dirichlet en-
ergy function of the hypergraph.

To better exploit structural and feature information, we
construct intra-graph metrics from the perspective of
both graphs and hypergraphs.

To evaluate the performance of our method and the ef-
fects of graphs and hypergraphs, we conduct experiments
and ablation studies on real-world data sets with different
settings.

Related Works
Unsupervised Graph Alignment

Graph alignment is usually treated as a supervised learn-
ing task, relying on the known node correspondence to en-
hance prediction performance (Zhang et al. 2015, 2021; Fey
et al. 2020; Yan, Zhang, and Tong 2021). However, ob-
taining these correspondences is often expensive and could
be impractical, leading to the development of unsupervised
graph alignment models. (Zhang and Tong 2016) is a pio-
neer study that proposed the consistency principle based on
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the similarity of nodes, which guides the evolution of unsu-
pervised graph alignment algorithms. Existing methods of
unsupervised graph alignment can be divided into two main-
stream paradigms.

The first paradigm, known as ‘“embed-then-cross-
compare alignment”, first embeds the representation of
nodes, and then determines the graph alignment based on
similarity measurement. For example, REGAL (Heimann
et al. 2018) uses matrix decomposition to generate node rep-
resentations and match similar node pairs. WAlign (Gao,
Huang, and Li 2021) employs a graph convolutional net-
work (Kipf and Welling 2017) architecture to learn node
embeddings, updating them incrementally using a Wasser-
stein distance discriminator. GCNAlign (Wang et al. 2018)
integrates structural and attribute information through graph
convolution networks, updating embeddings based on dis-
tance loss and identifying alignments via cross-graph sim-
ilarity. GAlign (Trung et al. 2020) enhances graph struc-
tures by introducing perturbations and dynamically adjust-
ing weights between high-confidence node pairs.

The second paradigm introduces the concept of Gromov-
Wasserstein distance (Mémoli 2011), transforming the graph
alignment problem into an optimal transport problem be-
tween metric spaces. GWL (Xu et al. 2019a) applies opti-
mal transport for graph alignment, using the graph adjacency
matrix to represent the cost matrix. FusedGW (Titouan et al.
2019a) extends the Gromov-Wasserstein distance to incor-
porate both structural and feature information of the graphs.
However, since aligned graphs are typically constructed
from different sources, there usually exists an inconsistency
in structure and features between the two graphs.

To address this, SLOTAlign (Tang et al. 2023) integrated
multi-view structures containing rich information and intro-
duced a learnable weight coefficient to balance the contri-
butions of optimal transport from different views. Our work
further incorporates the concept of hypergraphs into the un-
supervised graph alignment framework based on optimal
transport. By leveraging the hypergraph to model higher-
order node relations, our model is better equipped to cap-
ture intricate complex structures and information, thereby
improving both the alignment accuracy and robustness of
the alignment process.

Hypergraph

Hypergraph an extension of the traditional graph allows
edges to connect an arbitrary number of nodes, thus cap-
turing complex interactions and higher-order information
among nodes. Hypergraphs have been effectively applied in
various domains (Zhou, Huang, and Scholkopf 2006), in-
cluding citation networks (Jiang et al. 2019), social networks
(Yang et al. 2019), medical data analysis (Di et al. 2021), and
recommendation systems (Wang et al. 2020). To leverage
the hypergraph structure to learn node embeddings, HGNN
(Feng et al. 2019) generalizes convolutional operators from
Graph Convolutional Networks to hypergraph structures,
significantly enhancing the representational power of hy-
pergraph models. Building on this, subsequent works have
introduced novel hypergraph convolutional operators and
aggregation methods, further advancing the representation



learning of hypergraphs (Yan et al. 2024; Wu, Yan, and Ng
2022; Dong, Sawin, and Bengio 2020).

In this work, we combine the optimal transport framework
with the hypergraph energy function to construct the hyper-
graph with a finer granularity, and then discover the higher-
order relationship between the source graph and the target
graph, and further enhance the effectiveness and robustness
of the model.

Optimal Transport

Optimal transport (OT) (Villani 2008) is a mathematical
framework designed to find an optimal transport plan that
minimizes the cost of transferring a distribution from a
source to a target, given their marginal distributions and a
predefined cost function. Optimal transport has drawn sig-
nificant attention for its applicability in various domains
such as computer vision (Solomon et al. 2015), domain
adaptation (Courty et al. 2016), node classification (Titouan
et al. 2019b) and graph classification (Wang et al. 2024).

The Gromov-Wasserstein distance, originally designed to
compare metric spaces by aligning their underlying struc-
tures, captures both the structural and distributional differ-
ences between two distributions (Mémoli 2011; Peyré, Cu-
turi, and Solomon 2016). The Gromov-Wasserstein distance
can identify the optimal mapping between nodes that pre-
serves the structural consistency of the graphs, making it
a natural fit for unsupervised graph alignment tasks (Tang
et al. 2023). This insight has led to the reformulation of
unsupervised graph alignment as an OT problem, thereby
introducing the above optimal transport graph alignment
paradigm without requiring any ground-truth node corre-
spondence.

Preliminary

Graph An undirected graph can be represented as G =
(V,A,X), where V' = {v1,v2,...,v}y|} denotes the set of
nodes in graph G, X € RIVI*? is the node attribute matrix
of the graph G, with d as the dimension of the attribute. The
structure of the graph G is represented by theadjacency ma-
trix A € {0,1}/VIXIV] where A;; = 1 if there is an edge
connecting v; and v;, otherwise A;; = 0. Let D € RIVIXIV]
be the degree matrix of the graph G, where each diagonal
value D;; = > j A;; represents the number of neighbors of
Uj.

Hypergraph A hypergraph is the generalization of the
graph, where each hyperedge can be viewed as a set of
nodes, Formally, a hypergraph can be denoted as G
V, &, X, W,), where V = {v1,v2,...,vy|} is the set of
nodes. £ = {ey,ea,...,e¢|} is the set of hyperedges, with

each element e being a subset of V. The matrix X € RIVIx¢
represents the feature matrix of the nodes, where the feature
of node v; is represented x; € R? which is the transpose of
the i-th row of X. The diagonal matrix W, € RI€/*I€| rep-
resents the weight of the hyperedge, where the j-th diagonal
element w; indicating the importance of the hyperedge e;.
In general, an incidence matrix H € RIVIXI€l can be used
to represent the structure of the hypergraph G, where each
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element H;; indicates the connection between node v; and
hyperedge e;. Specifically, H;; equals to 1 if the node v;
is contained in the hyperedge e;, otherwise 0. Additionally,
the diagonal matrices D,, € RVI*VIand D, € RI€I*I€] are
used to denote the degree of nodes and hyperedges, respec-
tively, where the diagonal values of D,, and D, are given by
>_jw;H;jand 3, H;j, respectively.

Problem Statement

In this study, we consider an unsupervised strategy to solve
the alignment problem of two attribute graphs. Specifi-
cally, Given two attribute undirected graphs, source graph
Gs = (Vi, Ay, X,) and target graph Gy = (V, Ay, X;),
where v}, v;» represent the i-th node of the source graph G,
and the j-th node in target graph G, respectively, and ng,
n; are the numbers of nodes in G and G, respectively.
There is a naturally occurring set of alignment node pairs
M = {(v7,05)|(v§,v}) € V, x V;}, where v and v}, rep-
resent the same node in two different graphs. The goal of
the unsupervised alignment task is to find a mapping func-
tion 7(v7, vﬁ) that accurately identifies the correspondence
between nodes without using any observable ground-truth
node correspondence.

Methodology

Figure 2 illustrates the overview of our proposed method
HLOT. We first learn hypergraphs for source and target
graphs, respectively. After that, we leverage both hyper-
graphs and graphs to extract structural information and fea-
ture information, and then construct intra-graph metrics to
characterize the relations between nodes. Finally, we find
node correspondences between two graphs based on a prob-
abilistic coupling matrix. In the following, we detailedly de-
scribe our proposed method.

Hypergraph Level Learning

Hypergraph Generation To capture high-order relations
among nodes, we construct hypergraphs for G5 and G; by
generating hyperedges that connect multiple nodes. Tradi-
tional methods usually find the nearest neighbors for a node
to generate a hyperedge (Feng et al. 2019). However, it
is heuristic to determine the number of nodes in a hyper-
edge. Different from them, we propose to employ a dou-
bly stochastic matrix H € H to represent the hypergraph
structure, where the domain H is defined as H = {H €

er‘xlg‘ |H1 = ﬁl,HTl = ﬁl} The constraints mean
that the sums of all the rows (resp., columns) are equal, in-
dicating that all the nodes (resp., hyperedge) have the same
weight. Based on this, we propose the following model to

adaptively find nearest neighbors and construct hyperedges
min (C, H) 4 ¢Q(H), ()

HcH
where C; is the squared Euclidean distance between two
nodes, i.e.,

2

Cij = lIxi — %3,
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Figure 2: The overview of our proposed method HLOT.

and Q(H) is the negative entropy of H defined as
Q(H) = ZH”(log Hij — 1),

ij
which is used to smoothen the hypergraph structure H so
that one hyperedge can involve multiple nodes. Since each
hyperedge is built based on one node, C;; = 0 will induce
the trivial solution that the diagonal elements H;; dominate
the others. To avoid this, we set C;; as a sufficiently large
value p to construct a matrix C = C+pI where I is the iden-
tity matrix, so that sufficiently small H;; will be induced.
Moreover, we refine the hypergraph structure from the
perspective of the total variation (or the Dirichlet energy
function) of the hypergraph, which can be used to analyze
the properties of a hypergraph or used as a regularization
term for hypergraph learning (Hein et al. 2013). By ex-
tending the total variation of a hypergraph with 0/1 inci-
dence matrix H in (Hein et al. 2013), we define the total
variation of a hypergraph with a weighted incidence matrix
H e RIVI*IEI a5 follows,

TVH) = > wy max HyHjellxi — %53, 4
eL€E Bk

3

which is based on the node pair in one hyperedge with the
largest distance. For two nodes with a strong correlation in
one hyperedge (i.e., a large H;;, H ), they are expected to
have similar features and a small distance. Therefore, a small
TV(H) comes from the consistency between structural in-
formation in H and distance information on features X.
Motivated by this, we seek to learn a hypergraph struc-
tural H by minimizing the total variation of it. However, the
maximum operation in Eq. (4) is non-differentiable and dif-
ficult to address in optimization. To tackle this, we instead
design the following loss function to approximate Eq. (4)

U(H) = > wi Y HyHjCij = tr(WH'CH), (5)

k ij
where the weighted distances between nodes in one hyper-
edge are considered. By minimizing this, the consistency be-
tween structural information and feature information is en-

hanced.
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Finally, we achieve the following optimization problem to
learn the hypergraph structure

min (C,H) + 0¥ (H) + eQ(H),

(6)

where 6 and ¢ are the trade-off parameters.

We employ the projected gradient descent method to solve
this problem (Peyré, Cuturi, and Solomon 2016). The tech-
nical details are given in the appendix. After obtaining the
weighted hypergraph H, we construct two views to extract
structural and feature information, respectively.

Hypergraph Structure View First, we leverage the hy-
pergraph structure to model the relations between nodes. To
this end, we accumulate the incidence degrees of all the hy-
peredges that are shared by two nodes to measure the re-
lations between these two nodes. Formally, the relation be-
tween nodes v; and v; is calculated as M{;s => o HixHjp,
and the intra-graph relation matrix between nodes is calcu-
lated as M"* = HHT, where the superscript hs means
hypergraph structure view. Different from a classical 0/1
adjacency matrix, the matrix M”* contains continuous val-
ues, which reflect the strengths of the relations between two
nodes.

Hypergraph Feature View Second, we leverage the hy-
pergraph structure to aggregate the features of nodes and
their neighbors. To achieve this, we apply the hypergraph
convolutional operation (Feng et al. 2019) to obtain the em-
beddings of nodes, and the embeddings of the (I+1)-th layer
is updated as

ZELIJFI) 0

R

1 1
D,’HW.D_;'H'D, *Z (7)
where Z) = X is the input feature for the hypergraph, D,
is the node degree matrix, D, is the edge degree matrix, and
W, is a diagonal matrix with diagonal elements indicating
the weights of the hyperedges. In practice, to filter weak in-
cidence in H and speed up the calculation, for each node, we
adopt ~ hyperedges with the highest incidence values, and
set the values of them as one while the others as zero. As
a result, we obtain a sparse incidence matrix H with strong
relations between nodes and hyperedge preserved.



Algorithm 1: HLOT

Input: Source graph G = (Us, As, X), target graph
Gt = (V;ﬁ, At7 Xt)a
Initialize: of = o! = &, a

1

1 _ [0457 Oét]a ﬂ-ilj — nsl'm, .

: Construct hypergraph H through solving Problem (6);
2. Construct candidate structure bases M*® and M*;

3: repeat

4:  Update o**1 by solving Problem (15);

5

6

7

Update 7%! by solving Problem (16);
. until convergence
: Generate node pairs according to .

After obtaining the final embeddings Z,, we construct the
intra-graph relations between nodes based on the similarity
metric, which is implemented by the inner product here, i.e.,
M" = Z,Z], where the superscript h f means hypergraph
feature view.

Graph Level Learning

In this part, we construct intra-graph metric matrices based
on the graph structure. Following the above approach for
hypergraphs, two views are constructed to extract structural
and feature information, respectively.

Graph Structure View The graph structural information
is well captured by the adjacency matrix A. Therefore, we
construct the graph structure view as M9° = A, where the
superscript gs means graph structure view.

Graph Feature View To leverage feature information of
nodes by the graph structure, we apply a parameter-free
graph convolutional operation (Wu et al. 2019) to aggregate
features of nodes and their neighbors. Specifically, given the
node embeddings of the (I)-the layer, the embeddings are
updated as
1~ 1

Z{t) =D 2AD2Z{), (8)
where zg‘” is the input features for the graph, D is the de-
gree matrix of the graph, A = A + I is the adjacency matrix
with self loops, where I is an identity matrix. After obtaining
the embeddings Z, from GCN, we use a similarity metric to
calculate node similarity: M9/ = ZgZT, where the super-
script g f means graph feature view.

Graph Alignment

Given structural and feature views obtained from both hy-
pergraphs and graphs, we are ready to combine them to con-
struct the optimal representations of two graphs and find
node correspondences between them. For simplicity, for the
source graph G (resp., the target graph G;), we build ma-
trices MIS:t, M*2, M3, M**4 (resp., M4, M%2, M3,
M4, ) based on M"s, M, M9s, M9/, respectively. We
construct intra-graph metric matrices by the convex combi-
nations of the above views, i.e.,

M =3 oM™, M =Y "olM", (9
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where the weight vectors o® and ! are in the following do-
main

Yk ={acR¥ a1 =1,a; €[0,1]Vi}. (10)

Following (Chen et al. 2020; Xu et al. 2019b) we use
a probabilistic coupling matrix 7 to indicate the node cor-
respondences between these two graphs, and apply the
Gromov-Wasserstein model to learn the optimal coupling 7.
Here, 7;; represents the matching degree between v; and v§,
and 7 is in the following domain

1 1
M= {reR¥"|7rl= ;1,7?1 =—1}, (D
s t

and the Gromov-Wasserstein model aims to minimize the
following objective function

F(ﬂ',OéS,Oét) = Z Li,’i/,j7j/ ~7Tij -7Ti/j/, (12)
1,17,7,5"
where the loss tensor is defined as
1
Liivjg = 5 (Mg — Mj;0)%, (13)

which measures the transport cost between node pairs
(v§,v) and (v4,05).

Combining the learning of the weight vectors o® and o?,
we solve the following optimization problem to find the op-
timal weight vectors and node correspondences jointly

min  F(m,a® o)
a8 ot

st. Tell,af € g, al € Nk (14)

We alternately update two blocks of the variables, i.e., 7
and o = [a®; a!]. At the 7-th iteration, for the weight vari-
ables «, we follow (Tang et al. 2023) to apply a projected
proximal gradient method to find o € Y5 that minimizes
the linearized problem, i.e.,

o™ =arg min (V,F(77,a7),a) + N|a— a7 |3,
a€dak
15)

where Vo F (77, a7) is the gradient of F(n7, ") with re-
spect to a.

For the probabilistic coupling matrix 7, to handle the dou-
bly stochastic constraint defined in II, we apply a projected

Data Type #Node  #Edges  #Attr.
Cora Citation Network 2708 5028 1433
Citeseer Citation Network 3327 4732 3703
PPI Protein Interaction 1767 16159 171
Facebook Social Network 4039 44117 1476
ACM Co-Author Network 9872 39561 17
DBLP Co-Author Network 9916 44808 17
Douban -Online Social Network 3906 16328 538
Douban -Offline Social Network 1118 3022 538

Table 1: Statistical information of the datasets.



\ Douban Online-Offline \ ACM-DBLP
Model | Hit@el Hit@5 Hit@10 Hit@30 | Hit@l Hit@5 Hit@10 Hit@30
KNN 331 1038 1664 3005 | 4925 5946 6342  69.61
REGAL 3032 54.83 - - 3409 4658 5135 5634
GCNAlign | 2093 3444  39.62 5072 | 3843 6846  77.64  86.89
GATAlign | 2370 3694 4401  57.16 | 1421 3407 4212  49.00
WAlign 3569 5787 69.05  83.09 | 50.61 7287  80.84  89.47
GWD 3.04 796 9.21 1190 | 5624  77.14 8220  84.92
FusedGW | 29.61 6279 6646  68.07 | 3080 3839 3926  39.60
SLOTAlign | 5143 7343 7773 8202 | 66.04 8406 8795  90.32
HLOT | 5733 7970 8417  87.12 | 6594 8470 8876 9132

Table 2: Hit@k results on two real-world graph alignment datasets.

proximal gradient method with the Kullback-Leibler (KL)
divergence, i.e.,

7_(_7—4,-1 = arg milr_[1<v7rF(7TT, OéT+1), 7T> + 'YKL(W|7TT)»
S
(16)

where the KL divergence is defined as
7y def. » Tij B T
KL(7|r") = izjﬂ'” log <7r;> —mij+my. (A7)

As a result, the Sinkhorn algorithm (Peyré, Cuturi, and
Solomon 2016) can be employed to efficiently update 7. Al-
gorithm 1 summarizes our proposed method. The complex-
ity analysis is given in the appendix.

Experiments
Datasets

We list the statistical information of the datasets in Table 1,
and describe the datasets in the following.

Douban (Tang et al. 2023) is a social network dataset
and contains online and offline graphs. Nodes and edges
have the same meaning as the Facebook dataset. The lo-
cation information of a user is used as node features for
the Douban dataset.

ACM-DBLP (Tang et al. 2023) is a co-author network
dataset and contains two graphs extracted from the pub-
lication information in four research areas. It consists of a
collection of papers and their authors. The node features
of ACM-DBLP are bag-of-words vector representations.

Citeseer (Sen et al. 2008) is a co-citation dataset. It con-
sists of the collection of papers and their citation links.
The node features of Citeseer are bag-of-words vector
representations.

PPI (Zitnik and Leskovec 2017) is a Protein-Protein in-
teraction network dataset. The nodes represent the pro-
teins in the network and the edges represent the Protein-
Protein interactions.

Cora (Sen et al. 2008) is a citation network dataset. The
node features of Cora are based on the term frequency-
inverse document frequency (TF-IDF).
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* Facebook (Leskovec and Mcauley 2012) is a social net-
work dataset. The nodes represent users in a social net-
work and edges represent the correspondence between
users. Facebook employs user profile information as the
node features.

Among the above six datasets, the first two are real-world
graph alignment datasets, and the other four are semi-
synthetic datasets used to evaluate the graph alignment
methods. The detailed settings are described in the following
parts.

Compared Methods

KNN: This method directly matches nodes with their closest
K nodes as candidates in feature space. REGAL (Heimann
et al. 2018): It is a graph alignment method based on em-
bedding that can be used for graphs with or without node
features. WAIlign (Gao, Huang, and Li 2021): This method
uses a lightweight Graph Convolutional Network with a
Wasserstein distance discriminator to obtain a matching ma-
trix between the source and target graphs. GCNAlign (Wang
et al. 2018): This method uses a graph convolutional net-
work to calculate node embeddings for both the source
and target graphs. GATAlign (Velickovic et al. 2017): This
method is similar to GCNAlign, while a Graph Attention
Network is used to obtain node embeddings for source
and target graphs. GWD (Xu et al. 2019a): This method
uses the Gromov-Wasserstien distance for graph alignment,
which only pays attention to structural information by us-
ing the graph adjacency matrices. FuesdGW (Titouan et al.
2019b): FuesdGW contains both the Wasserstein distance
and the Gromov-Wasserstein distance. It takes into account
both structural and feature information for graph align-
ment. SLOTAIlign (Tang et al. 2023): SLOTAlign proposes
a multi-view structure to learn graph representations and re-
duce the effect of structural and feature inconsistency.

Experiment Settings

For our proposed method, we employ a one-layer parameter-
free graph convolutional network and one one-layer
parameter-free HGNN network for all datasets except ACM-
DBLP. Since ACM-DBLP has more nodes and edges than



‘ Permutation

‘ Compression

Model ‘ Cora Citeseer PPI Facebook ‘ Cora Citeseer PPI Facebook

KNN 89.55(0.027)  57.44(0.019)  6(0.003) 20.85(0.042) 0(0.004) 0.03(0.004)  0.06(0.004)  0.02(0.002)

GWD 50.37(0.001)  14.52(0.002)  84.95(0.003)  70.17(0.002) | 50.37(0.02)  14.52(0.014)  84.95(0.32)  70.17(0.25)

FusedGW | 97.45(0.002)  99.58(0.002)  78.53(0.002)  64.17(0.002) | 0.85(0.004)  0.57(0.001)  0.85(0.003)  0.87(0.002)

SLOTAlign | 99.25(0.001)  99.25(0.002) ~ 89.64(0.001) ~ 98.71(0.003) | 98.45(0.027)  99.76(0.02)  86.47(0.3)  98.61(0.043)

HLOT 99.56(0.004)  99.73(0.003)  89.98(0.005)  99.46(0.004) | 98.56(0.003) 99.73(0.007)  §7.44(0)  98.71(0.002)

Table 3: Hit@1 results of four disturbance datasets.

‘ Douban Online-Offline We also use two kinds of disturbing ways to disturb the
Model M@l Hies Hi@lo Hir@30 source graph to obtain the target graph, which are used for
ode ‘ it it it it graph alignment. The first type is a permutation, meaning
HLOT-w/o My, | 4535  63.42 67.62 72.18 we randomly select p% feature columns and then rearrange
HLOT-w/o My | 5295 7791 81.84 85.87 the feature columns at random. The second type is compres-
HLOT-w/o Mg, 1.07 5.1 8.77 19.32 sion. We use some dimensionality reduction methods such
HLOT-w/o Mgy | 47.14  64.4 68.25 73.08 as PCA to reduce dimension to (100 — p)%. We set the
HLOT | 5733 797 84.17 37.12 p = 50 in the following experiments. Table 3 presents the

Table 4: Hit@k results of ablation studies.

other datasets, we use two-layer parameter-free GCN and
two-layer parameter-free HGNN to capture information.

Following (Tang et al. 2023), for each ex-
periment, we tune the hyperparameters 6 in the
range {0.001,0.01,0.1,0.2,0.5,1}, ¢ in the range
{0.001,0.01,0.1,1,10,100}, and select the highest

Hit@k value that performs best as a result. For the updating
of o, at, we train the learnable weight for 500 epochs by
gradient descent for all the datasets except that the epochs
of ACM-DBLP are set to 1000.

We run all the methods on the Pytorch platform and
the experiments are conducted on a Linux server with an
NVIDIA RTX 4090 (24GB) graphics card. The running time
results are reported in the appendix.

Evaluation Metrics We adopt Hit@k to evaluate the per-
formance of the graph alignment methods. This metric cal-
culates the percentage of nodes in V; whose ground-truth
alignment results in V5 are among the top-k candidates.

Results and Discussions

For fair comparisons, we strictly follow the experimental
setting in (Tang et al. 2023), in which we directly align two
graphs in noisy real-world graph alignment datasets to test
the performance of graph alignment of our method. We align
the source graph with the target graph. Table 2 presents the
results of graph alignment in terms of the Hit@k, which
shows that our method outperforms the other methods. Com-
pared with the state-of-the-art method SLOTAlign, HLOT
has 5.1% improvement in Hit@30 on the Douban data , and
1.0% improvement in Hit@30 on the ACM-DBLP data. It
verifies that high-order information involved in hypergraphs
is helpful for graph alignment.
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results, where the results of the mean and standard deriva-
tion of 10 times are reported. Our method also outperforms
other methods and maintains a high performance of all dis-
turbance settings for all datasets. It means that our method
can steadily perform hypergraph learning and graph learning
in the case of feature disturbance. We also conduct experi-
ments by randomly removing 10% nodes from the source
graph and report the results in the appendix.

Ablation Studies

To investigate the impacts of structural and feature informa-
tion of hypergraphs and graphs, we conduct ablation studies
on Douban and report the Hit@k results of different variants
of our method in Table 4, in which each variant removes
a view. We observe that the results of Douban drop sig-
nificantly after the graph structure view is removed, which
is consistent with the observation in (Tang et al. 2023) for
SLOTAlign, indicating that the structural information M,
is important to the datasets. Compared with the variants
without the hypergraph level information, i.e., without M,
or My, r, HLOT achieves better performance, which verifies
that hypergraphs are beneficial for extracting high-order in-
formation for better graph alignment. We also test a version
that replaces the hypergraph view with a similarity metric,
and show our results in the appendix.

Conclusion

In this paper, we propose to learn hypergraphs to capture
high-order information for unsupervised graph alignment.
We apply an optimal transport model to learn hypergraphs,
which are refined by the total variation function of the hy-
pergraph for structure and feature consistency. Both hyper-
graphs and graphs are applied to model the relations between
nodes to find the node correspondences across graphs. We
conduct experiments with different settings to demonstrate
the effectiveness of our proposed method.
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