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Abstract—Network alignment is the task of identifying topologically and semantically similar nodes across (two) different networks. It
plays an important role in various applications ranging from social network analysis to bioinformatic network interactions. However,
existing alignment models either cannot handle large-scale graphs or fail to leverage different types of network information or
modalities. In this paper, we propose a novel end-to-end alignment framework that can leverage different modalities to compare and
align network nodes in an efficient way. In order to exploit the richness of the network context, our model constructs multiple
embeddings for each node, each of which captures one modality or type of network information. We then design a late-fusion
mechanism to combine the learned embeddings based on the importance of the underlying information. Our fusion mechanism allows
our model to be adapted to various types of structure of the input network. Experimental results show that our technique outperforms
state-of-the-art approaches in terms of accuracy on real and synthetic datasets, while being robust against various noise factors.
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1 INTRODUCTION

N ETWORKS, also known as graphs, are powerful natu-
ral structures that capture the interrelations between

entities in various application domains, such as social, bio-
logical and economic networks [1], [2]. Many applications
require an analysis of the correlations between multiple
networks [3], such as cross-platform social network anal-
ysis [4], cross-lingual knowledge graph integration [5], and
pattern matching between protein-protein interaction (PPI)
networks [6]. Network alignment is the task of recognising
corresponding node pairs between two networks that share
a similar structure and feature information, and plays an im-
portant role in such applications [7]. For example, in social
networks, individuals typically have accounts with different
social networks (e.g. Facebook, LinkedIn), and discovering
accounts held by the same person across these networks
can help in understanding user behaviour. This can enhance
the performance of downstream applications such as friend
suggestion and personalised content recommendation [5]. In
the field of bioinformatics, aligning PPI networks between
two species can shed light on the evolutionary process as
well as enhancing cross-species gene prioritisation [6].

Due to the importance of network alignment, there is a
rich body of work that has attempted to tackle this problem.
Traditional methods often attempt to align networks directly
by applying matrix factorisation to adjacency matrices, e.g.,
NetAlign [8], IsoRank [9], UniAlign [10] and FINAL [11].
However, since real-world networks are usually large, their
matrices are also huge, which makes it difficult to apply
matrix factorisation due to the high computational cost.

Recently, the emergence of network embedding tech-
niques [12], [13] has enabled network information to be
represented in a more efficient way than by using adjacency
matrices. More specifically, network nodes are embedded
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into a low-dimensional space such that the topological and
attributional relations between any two nodes in the original
network are reflected by their embedding distance. With this
new representation, embedding-based network alignment
models [14], [15] do not suffer from the scalability problem
and have achieved good results.

However, embedding-based models still face several
challenges. Firstly, network nodes that share similar topo-
logical characteristics are assigned to similar embeddings;
this means that a given network node is likely to have an
embedding that is analogous to those of its close neigh-
bours, making it hard to discriminate between these nodes.
Secondly, most network aligners employ certain notions of
consistency as the backbones of their models. For instance,
structural consistency requires the neighbourhoods of pairs
of nodes to be similar across two networks. However, such
strict constraints are hard to enforce, especially in real-
world networks [16]. For example, a person may be more
active and have more relationships in a particular social
network (e.g. Facebook) than in another (e.g. MySpace,
LinkedIn). Thirdly, existing network alignment models use
only a single embedding; this limits the capacity of the
model, as one embedding can only capture certain aspects
of the network. Models that employ shallow embedding
techniques (e.g. PALE [14]) can only consider a node’s direct
neighbours, and thus fail to embody richer information such
as the higher-order topological proximity. Other aligners
apply graph neural network techniques (e.g. GCN [17]) to
integrate more types of information, such as node attributes.
However, node attributes provide only a local view, and
cannot give a global view of the whole network. This
impairs the accuracy of alignment, as several nodes with
similar local information exist in the target graphs.

To address the above challenges, we propose a multi-
embedding-based network alignment model. Our main idea
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is to go beyond existing methods by adopting multiple 
embeddings for a single node and then to align the net-
works based on the similarity of their node embeddings. 
We implement this idea by constructing three types of node 
embedding: shallow embedding (for first-order proximity), 
deep embedding (for higher-order proximity and attribu-
tional information) and community-based embedding (for 
a global view of the network structure). Our model then 
finds t he a lignment r esult t hat m aximises t he consensus 
view of the three types of embedding. We can summarise 
our contributions as follows:
• We propose NAME (Network Alignment with Multiple

Embedding), an end-to-end network alignment frame-
work that learns multiple representations to identify
the corresponding nodes. This is the first attempt to
leverage holistic embeddings for network alignment,
and enables us to incorporate the rich information
available from the network structure and the node
features, regardless of its modality.

• We propose two new presentation techniques that
capture different node individual characteristics, such
as higher-order structural proximity, attributional and
community-aware information. The aim of the pro-
posed presentation is to complement the common first-
order proximity-aware embedding approaches [14].

• We design a late-fusion mechanism that uses data aug-
mentation to combine the embeddings based on the
importance of the type of information to the network
structure. This means that our model is adaptive to
various structures of the input network.

• We evaluate our model using several experiments on
real and synthetic datasets. Our framework not only
achieves better results than baseline techniques but also
exhibits robustness to noise.

The remainder of this paper is organised as follows.
Section 2 introduces a motivating example for the network
alignment problem and reviews related works. Section 3
formulates the network alignment problem and gives an
overview of our approach. Section 4.2, Section 4.1 and Sec-
tion 4.3 describe our techniques for learning the rich infor-
mation embeddings for network nodes. Section 5 describes
how we combine the learned embeddings and retrieve the
alignment result. Our empirical results are presented in
Section 6, and Section 7 concludes the paper.

2 PRELIMINARIES

2.1 Motivating Example
In this section, we describe the network alignment prob-
lem based on the motivating example shown in Fig. 1.
In this example, eight accounts 1, 2, 3, 4, 5, 6, 7, 8 in the
source network Facebook are aligned with eight accounts
1′, 2′, 3′, 4′, 5′, 6′, 7′, 8′ in the target network LinkedIn. These
accounts belong to eight people working in two universities.
Each node contains heterogeneous types of information:
structural information, such as the relationships (e.g. friend-
ship, followership) between nodes in the networks, and
attribute information, such as the username, degree and age.

In general, corresponding nodes retain their individual
characteristics across different networks. For example, node
1 maintains connections to its neighbour nodes 2, 3 and 4

Fig. 1: Motivation example

in the target network. In addition, node 1 has the same
attributes (username, degree, age) as its aligned node 1′

in the target network. From a global viewpoint, node 1
and its neighbours form a densely connected group that
represents a community of colleagues from university U1.
This community structure is preserved in the target net-
work. The consistency of the characteristic information of
the nodes, which captures the individuality of the entity
that the node represents, is the fundamental foundation of
network alignment models.

However, this consistency does not always hold across
networks. For example, a person may be more active or
provide more profile information in one social network (e.g.
Facebook) than another (e.g. Linkedin). In the above exam-
ple, nodes 2 and 3 are connected, while their counterparts 2′

and 3′ are separate, and the same is true for nodes 6 and 7.
Moreover, the attributes of corresponding nodes may also be
different across networks. In the above example, node 8 and
its corresponding node 8′ have different academic degree
information, since this user has not updated his informa-
tion on his Facebook account. Another example is that the
username of node 3 is Tom, while that of its counterpart 3′

is Thomas. In some cases, information is even missing (e.g.
the age for node 2). These consistency violations make the
alignment process harder, as they can mislead the model
into giving inaccurate results.

The richness of this node information can be leveraged
to handle the issue of inconsistency, as the different types of
information can be used to support each other. For example,
while nodes 6 and 6′ have different neighbourhoods, and
node 6 is likely to be misaligned with node 2′ as they share
the same username, they can still be aligned, since they
belong to the same community as nodes 5, 7 and 8 and
share the same attributes. This example also demonstrates
the usefulness of global information such as community in
terms of alignment; this is valuable information that has
often been ignored in recent works.

2.2 Related works

Network alignment (NA) is the task of identifying nodes be-
longing to the same identity across different networks [18].
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It plays an important role in various domains of application 
such as social network analysis, cross-domain recommen-
dation, PPI networks, and cross-lingual knowledge graphs. 
We present a brief overview of the literature and discuss the 
novelty of our approach compared to existing works.

Traditional approach. Traditional methods often align the 
nodes by comparing their names or descriptions using 
string distance metrics (e.g. Euclidean distance, Jaccard dis-
tance, Levanstein, TF-IDF) [19]. Although these techniques 
are straightforward to apply, they are prone to textual noise 
as they fail to exploit the rich information of the input 
networks, such as topology information. Some techniques 
utilise external knowledge or specific c onstraints i n a n at-
tempt to mitigate this issue [20], [21]. However, they require 
intensive engineering and the alignment results are inferior 
to those of more advanced techniques.

Matrix-factorisation-based approach. As the network 
topology is an essential source of information, it has been 
exploited many recent techniques to achieve better node 
alignment. They apply matrix factorisation to the adjacency 
matrices of the input networks to compare the topological 
similarity of the nodes, with results in the form of an 
alignment matrix [22]. IsoRank [9], inspired by PageRank 
[23], propagates pairwise node similarities with respect to 
the topological consistency over the network. IsoRankN [24] 
extends the original IsoRank approach to a multiple net-
work alignment setting. NetAlign [8] formulates the task as 
an integer programming problem. UniAlign [10] simplifies 
the original problem in order to use bipartite graphs, while 
FINAL [11] unifies the network topology, node features, and 
edge features under a loss function, and then finds a  near-
optimal alignment matrix by optimising the loss. REGAL 
[25] employs low-rank matrix approximation to reduce the 
computational effort required. In general, approaches based 
on matrix factorisation suffer from scalability issues when 
handling real-world, large-scale networks.

Vector representation approach. Following the emer-
gence of network embedding techniques that learn low-
dimensional embeddings for network nodes [26], recent net-
work alignment techniques have utilised these techniques as 
alternative representations of traditional adjacency matrices 
to overcome the scalability issue [27]. Such techniques often 
follow a two-step pipeline: the nodes of the input networks 
are first e mbedded i ndependently i nto t he embedding 
spaces to capture the topological information (e.g. first-order 
proximity), and a mapping function is then learned in order 
to reconcile the separated learned embedding spaces into a 
shared space in which the corresponding nodes have similar 
embeddings. Following this strategy, PALE [14] learns the 
node embeddings by maximising the co-occurrence of direct 
neighbours for the input networks (thus focusing on first-
order proximity). It then trains a linear transformation to 
reconcile the embedding spaces, using the partially pre-
aligned nodes (called anchor links) as supervision infor-
mation. IONE [15], [28] instead considers the second-order 
node similarity when constructing the node representations. 
DeepLink [29] employs an auto-encoder to better construct 
the mapping function. GAlign [30] exploits the multi-order 
nature of a graph convolutional network [17] to simultane-
ously integrate the attributional and topological consistency

constraints to tackle the alignment task. However, these
methods rely solely on network topology and fail to exploit
the richness of network node information, and thus remain
susceptible to structural noise in real-world networks.

Unlike existing works, our approach is the first to unify
holistic embeddings to fully exploit the richness of the
individual information on the nodes to create an end-to-end,
consistent alignment. We were inspired by the PALE [14]
technique, which intensively explores the first-order prox-
imity of the network topology. We propose two new rep-
resentation learning approaches that are tailored to the
network alignment task and include information that PALE
does not consider (e.g. attributional information, high-order
proximity, community structure). The first approach, GCN-
based embedding, is the improvement from our previous
work [30], where we redesign the loss module to be ap-
propriate with the supervised setting and thus facilitate
the unifying with other embeddings. The second approach,
global community-aware embedding, goes beyond the exist-
ing works in graph community detection [31], [32], [33] by
encoding the community information in nodes’ embedding.
The approach is also designed to overcome the local optimal
issue, where all nodes are assigned to one partition. Similar
to our work is [28], but our communities preserve better the
topology and leverages the community membership of the
node itself rather than the neighbor anchors.

3 PROBLEM STATEMENT AND FRAMEWORK
OVERVIEW

In this section, we first formulate the network alignment
problem and then give an overview of our framework.

3.1 Problem Statement
Network alignment is the problem of recognising corre-
sponding nodes across two isomorphic or near-isomorphic
networks. Before presenting a formal statement of the prob-
lem, we define some necessary concepts as follows.
Attributed Network. A network or graph is a popular data
structure that captures the interrelations between entities. It
can be expressed as G = (V,A, F), where V is a set of n
network nodes and A ∈ {0, 1}n×n is the adjacency matrix
in which A(u, v) = 1 if there exists an edge between u and
v and A(u, v) = 0 otherwise. F ∈ Rn×m is a node attribute
matrix where each row of the matrix represents the features
of the respective node (e.g. a user profile in a social network,
a protein category in a bioinformatic network).
Anchor links. Given two networks Gs = (Vs,As, Fs) and
Gt = (Vt,At, Ft), a pair of nodes (v, v′), with v ∈ Vs, v′ ∈
Vt and v, v′, is defined as an anchor link if they belong to
the same identity. Intuitively, the ultimate aim of network
alignment is to discover all potential anchor links across two
input networks.
Alignment matrix. Existing works often use an alignment
matrix S ∈ Rns×nt to represent the node correlations
between Gs and Gt, where ns and nt are the sizes of the
respective networks. S(v, v′) is the matching level between
v ∈ Vs and v′ ∈ Vt. The alignment matrix therefore assigns
a higher score to (v, v′) if it is an anchor link, and vice-versa.
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Fig. 2: Overview of NAME framework

Problem 1 (Attributed network alignment) Given two at-
tributed networks Gs = (Vs,As, Fs) and Gt = (Vt,At, Ft), the
network alignment problem involves determining an alignment
matrix S that accurately captures the node matching degree
between Gs and Gt.

This formulation allows for a scalable calculation of the
network alignment, since the anchor links can be inferred
directly from the learned alignment matrix by selecting the
highest matching score [25], [34]. The alignment matrix also
enables not only a one-to-one but also a one-to-many align-
ment setting, which is required for network applications of
different sizes [6].

3.2 Alignment constraints

As illustrated in the motivating example in Fig. 1, anchor
links should have similar individual information across
networks, since they reflect the same real-world entity.
Based on this observation, existing works have stated the
constraints on anchor links that need to be met to ensure
good alignment performance [11], [25].

Structural consistency. This constraint states that the neigh-
bourhoods between two nodes in a given network should be
maintained by their anchor nodes in the other network. For
example, in the motivating example in Fig. 1, Nancy (node
1) and Maggie (node 2) are friends on Facebook and their
corresponding accounts on LinkedIn (nodes 1′ and node 2′)
are also connected. Formally, if v, u are close neighbours in
Gs and (u, u′) and (v, v′) are anchor links, v′, u′ should be
close in Gt.

Attribute consistency. This constraint states that anchor
nodes should share similar attribute values [11], [25]. For
instance, in the motivating example, nodes 1 and 1′ are
Facebook and LinkedIn accounts that belong to Nancy,
and the profile information is therefore the same (PhD
degree, U1 affiliation). Mathematically, if (v, v′) is an anchor
link then it should hold that Fs(v) = Ft(v′) (implying
|Fs(v)| = |Ft(v′)|).

Many existing embedding-based network aligners fail to
satisfy these two consistency constraints, due to differences
in the modality of the information type and the limits on
the richness of the information incorporated in the em-
bedding [14]. Although a few techniques have attempted
to cover both types of constraints, they consider them in
separate steps [25] or overlook valuable information [30].

In this paper, we propose an end-to-end model that
leverages multiple representations of nodes to exploit the
node information to the fullest from many angles, thus
allowing us to handle the different consistency constraints at
the same time. We also show that in practice, the mechanism
of consensus between many types of information makes our
model more robust against the minor consistency violations
(noise) that occur frequently in real-world networks.

3.3 Framework Overview

Addressing the problem formulated above is indeed a chal-
lenging task. The alignment model should consider the
structure and attribute consistencies in an efficient manner,
as these are essential guidelines for a high-quality alignment
solution [35]. The alignment model should also be aware of
structure and feature consistency violations (noise). While
their presence can lead to performance degradation of the
alignment result [22], straightforward consideration of this
noise may conflict with integration of the consistency con-
straints. In addition, confusion between true corresponding
and similar nodes in terms of their topology and attributes is
one of the main factors that can reduce the accuracy of net-
work aligners. Finally, the lack of information incorporated
into a single embedding leads to short-sighted decisions
when choosing true corresponding nodes.

In this work, we address the above challenges by de-
veloping an end-to-end network alignment framework in
which the source and target networks are embedded into
multiple representation spaces while simultaneously satisfy-
ing the consistency constraints. Fig. 2 shows an overview of
our model. We first forward the source and target networks
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through three embedding models. In addition to the first-
order proximity-aware embedding, inspired by the work 
in [14], we propose two new embeddings to exhaustively 
exploit the network information: a GCN-based embedding 
that unifies the multi-order topological and attribute infor-
mation of the network nodes, and a global-view embedding 
that captures the membership of network nodes in the 
structural communities of the whole graph. The learned rep-
resentations are then fused to compute the final alignment 
result. Due to the use of this structure, our model requires 
the functionalities described below.

Embedding focused on local structure. We employ the 
skip-gram-based embedding model proposed in [14] to 
learn the embeddings for the source and target network 
nodes, with an emphasis on topological first-order prox-
imity information. Since the representation spaces for the 
source and target networks are learnt independently, anchor 
links are employed to reconcile the two spaces. We briefly 
describe this embedding in Section 4.1.

Embedding based on a graph neural network. We design a 
GCN-based model to learn the representation of network 
nodes regarding both the high-order proximity and the 
attribute distribution information. To achieve this, the model 
contains multiple layers, each of which captures hidden 
features at a different order of topological neighbourhood 
structure. To efficiently t rain t he m odel, w e a dopt a  dual 
criteria loss, which aims to satisfy both the consistency 
constraint and the available anchor links. The details of this 
embedding can be found in Section 4.2.

Global community-aware embedding. We learn this global-
aware representation for network nodes by considering 
their membership of communities in the whole network. We 
consider a community to be a set of nodes with many edges 
between them but few edges to nodes outside the group. For 
each node, we incorporate the membership information as 
a probability distribution over a set of communities. Nodes 
are similar if their membership distributions are close to 
each other, e.g., if they are both likely to be part of the same 
community. The details of the process of constructing these 
representations are described in Section 4.3.

Alignment computation. Rather than using a single em-
bedding, as in existing works, we employ all of the above 
embeddings simultaneously to determine the alignment re-
sult. More precisely, we first calculate an embedding-based 
alignment matrix for each embedding, and then fuse these 
alignment matrices using a weighted sum that characterises 
the importance of the information incorporated in each 
embedding into the final alignment output. Since the impor-
tance of the type of information varies with the properties 
of the graph, we adopt an augmented learning process that 
helps to optimise the important coefficients and thus allows 
our model to adapt to different networks. The details are 
described in Section 5.

4 HOLISTIC REPRESENTATION LEARNING

In this section, we describe the embedding models that 
capture rich information available in the network nodes.

4.1 Embedding for local structure

Representation Learning. The embedding model was in-
spired by the skip-gram model [36], and is used to maximise
the co-occurrence probability of two direct neighbour nodes
vi, vj with the log-likelihood function:

L =
∑

(vi,vj)∈E

log(p(vi, vj)) =
∑

(vi,vj)∈E

log(σ(zi, zj)) (1)

where zi, zj are the corresponding embeddings of vi, vj and
σ is the sigmoid function.

However, the above loss function may lead to overfit-
ting, as it considers only observed network edges. On the
other hand, considering all network node pairs is costly. To
alleviate this issue, a negative sampling [36] strategy is often
employed:

L =
∑

(vi,vj)∈E

(log(σ(zi, zj)) +
K∑
k=1

(1− log(σ(zi, z
neg
k ))) (2)

where in the second term, we want to maximise the distance
between a node and K negative samples znegk .

Representation Space Reconciliation. Since the source and
target networks are embedded independently, a mapping
function Θ is required to reconcile the two embedding
spaces. The mapping function Θ may be either a linear
function [37] or a multilayer perceptron [14], and can be
learned by optimising the loss function:

L =
∑

(vs,vt)∈T

||Θ(zvs)− zvt ||F (3)

where zsv, z
t
v is the embedding of two anchor nodes (vs, vt)

in the prealigned anchor link set T and ||.||F is the Frobenius
norm. The intuitive aim of the loss function is to guarantee
that after the mapping, the embeddings of the anchor nodes
in T are similar. After reconciliation, the correlation between
the source and target nodes can be computed directly based
on their embeddings.

4.2 Embedding based on a graph neural network

To reinforce the local structural embedding, we design a
specific GCN model that simultaneously encodes the struc-
tural and attribute information. The similarity of two anchor
nodes then depends on both their topological and semantic
properties.

GCN-based embedding model. A GCN is a deep neural
network model consisting of k layers. Each hidden layer
captures the structural and attribute information at the same
time via a message-passing strategy. Starting from the initial
node features, the hidden features at the l-th layer are
aggregated from the hidden features of the neighbour nodes
at the (l − 1)-th layer [38]. Formally, let the hidden feature
at layer l be H(l) (1 ≤ l ≤ k). We then have:

H(l) = σ(D̂
− 1

2 ÂD̂
− 1

2 H(l−1)W(l)) (4)

where H(l−1) is the embedding in the previous layer, and
Â = A + In is the self-loop adjacency matrix, where In
is the identity matrix, D̂ is a diagonal matrix constructed
from Â as D̂i,i =

∑
j Âi,j , W(l) is a d(l−1) × d(l) weight
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matrix and σ(.) is an activation function. Rather than using 
a ReLU, as in traditional approaches [17], we use tanh as an 
activation function, since a ReLU loses information when 
the signal is negative and is therefore unsuitable for the 
network alignment task.

Most existing works employ only the hidden features in 
the final layer H (k) in the node representation [17], [39], [40], 
since the deepest layer collects information from all pre-
vious layers. However, while deeper layers contain richer 
topological patterns, they are prone to structural noise that 
is aggregated from the previous layers. The topological in-
formation also tends to be diluted in the deeper layers [41], 
especially for expander-type networks, since the collective 
information from a large neighbour set would overshadow 
the effect of each individual node.

In light of these problems, we use the learned embed-
dings at all layers {H(l)(v)}kl=0 for node embedding, in
an approach called multi-order embeddings. This strategy al-
lows our framework to exhaustively exploit the topological
information of the network at both the local and global
levels. To find a trade-off between the deep and shallow
GCN models, we carefully tune the number of GCN layers,
and the importance of this step is demonstrated through
experiments (see Section 6.7)
Loss function. To leverage the multi-layer architecture of
the GCN-based model, we propose a layer-wise loss function
that guarantees two criteria, i.e. is both consistency-aware and
anchor-aware. More precisely, for each embedding at layer
H(l), the loss function contains two components, as follows:
• Consistency-aware loss: This loss component aims to in-

tegrate the consistency constraints by minimising the
distance between layer-wise embeddings of neighbour-
ing nodes while maximising that of unrelated nodes:

J (l)
s = ||D̂−

1
2 ÂD̂

− 1
2 −H(l)H(l)T ||F (5)

where ||.||F is the Frobenius norm that allows us to
measure the distance between matrices. We use nor-
malised Laplacian matrix D̂

− 1
2 ÂD̂

− 1
2 rather than the

adjacency matrix A in order to incorporate richer topo-
logical information into the embeddings, which helps to
maintain the individual information of the entity nodes.

• Anchor-aware loss: The core idea of this loss component
is to ensure that the source and target node embeddings
belong to a shared representation space. This loss en-
forces the embeddings of the anchor pairs at each layer
to be similar:

J (l)
a =

∑
(v,v′)∈T

||H(l)
s (v)−H(l)

t (v′)||F (6)

where T is the set of known anchor pairs.
The final loss function at each layer is a weighted-sum
combination of the two parts:

J (l) = α(l)J (l)
s + (1− α(l))J (l)

a (7)

where α(l) is a learnable parameter that is used to balance
the importance of two components. The combined loss
function at all layers is as follows:

J(G) =
k∑
l=1

J (l) (8)

Our loss function goes beyond existing approaches to incor-
porate all low- and high-order embeddings, to find a trade-
off between these local and global forms of information and
to exploit the rich context of the network nodes.

To ensure that the source and target networks are em-
bedded into the same vector space, we use a weight sharing
scheme similar to Siamese models [42]. In particular, the
GCN models of both the source and target networks use the
same weight matrix for each layer, i.e. same set of matrices
{W (l)}kl=1. This mechanism guarantees that the embeddings
of the source and target nodes have a common embedding
space. This removes the requirement for a reconciliation step
for the two embedding spaces. In addition, this mechanism
ensures that the consistency constraints are satisfied, since
corresponding nodes with the same structural and attri-
butional information propagated with shared weights will
have identical embeddings [30].

4.3 Global community-aware embedding

In this section, we design another embedding model that
provides a global view of network nodes based on the struc-
ture of the community, which provides another valuable
source of information for the alignment process.

Community detection is a fundamental problem in net-
work science [31], [32]. Intuitively, a node community (clus-
ter) is often defined as a group of densely connected nodes
with more edges joining these nodes than edges connect-
ing to nodes in other groups. Formally, given a graph
G = (V,A), the aim of community detection is to find
a partition C = {C1, . . . , Cm} of m disjoint communities
where

⋃m
i=1 Ci = V and Ci ∩ Cj = ∅.

Membership matrix. We represent the partition by a mem-
bership matrix M ∈ {0, 1}n×m, with n rows representing
the network nodes and m columns representing the m
communities in C. Note that since the communities are
disjoint, each network node belongs to only one community,
and thus each row of the membership matrix M is a one-
hot vector. The problem of detecting communities can then
be represented as the problem of finding an optimised
membership matrix.

The membership matrix M not only clearly represents
the community partition of network nodes but can also be
used to generate a new coarsened adjacency matrix in which
the “nodes” are communities:

Acom = MAMT (9)

In Acom, the elements on the main diagonal Acom
ii represent

the number of inner connections (edges) among the nodes
in community Ci, while the non-diagonal elements Acom

ij

represent the number of cross connections between commu-
nities Ci and Cj .

Embedding model. In order to learn the optimised member-
ship matrix M, we propose to use a membership probability
matrix P ∈ Rn×m, where each element pij represents the
likelihood of node i belonging to community j. This prob-
ability matrix can be considered a relaxed version of the
membership matrix (from a binary matrix to a real matrix).
Using this representation bring many benefits. Firstly, the
membership matrix M can be inferred from the membership
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probability matrix P (by assigning to each node the commu-
nity with the highest probability). Secondly, the use of a real 
value matrix helps to facilitate the learning process. Thirdly, 
the probability vectors can be used as representations of the 
network nodes, similar to the embedding matrix in shallow 
embedding techniques [12], [43].

Since the membership matrix M is discrete while its re-
laxed version P is continuous, we apply a Gumbel-Softmax 
[44] technique to sample M from P, as this is a differentiable 
operator (while the argmax operator is non-differentiable) 
and is therefore suitable for our end-to-end neural network 
model. Each row of M is then calculated from P as follows:

m(i) =
exp(p(i)+gβt )∑m
j exp(p(j)+gβt )

(10)

where t is a constant representing the temperature, g is
a sample from the Gumbel distribution and β is a noise
hyperparameter. When the temperature t approaches zero,
a sample from the Gumbel-Softmax distribution becomes a
one-hot vector, which helps in transferring the probability
matrix P to M.

Community-aware loss function. As mentioned above, the
ultimate goal of community detection is to find a parti-
tion in which the network nodes are divided into well-
separated communities, where nodes within each commu-
nity are densely connected and interconnections between
communities are less common. Hence, the desired coarsened
adjacency matrix Acom from Eq. 9 should have large values
on the main diagonal elements, which reflect the number of
connections inside the communities, and small values on the
non-diagonal elements, which reflect the cross-connections
between the communities. This desired characteristic can be
captured by the following loss function:

L = −
m∑
i

acomii = −tr(Acom) = −tr(MAMT ) (11)

where tr(A) is the trace of matrix A. Note that when inte-
grated into the model, the loss function receives continuous
values rather than integer values, as the membership matrix
M is the estimated version based on the probability matrix
P. We learn the optimised membership matrix probability
P* by optimising the community-aware loss function, and
the rows of this matrix are used as representations of the
network nodes.

5 ALIGNMENT COMPUTATION

In this section, we explain how we construct the align-
ment result from the separately learned representations.
Note that each embedding captures different aspects of the
node information, ranging from local features (first-order
proximity, attribute distribution) to global ones (community
membership). Combining these representations is helpful,
as this information can be used together to overcome the
consistency violations that arise in real-world networks.

5.1 Construction of the alignment matrix

In order to combine the different embeddings, we need to
overcome several challenges. Firstly, the embeddings are not

equally important, and depend heavily on the properties
of the networks. For example, although the neighbourhood
aggregation procedures used in GCN models are able to
integrate structural and attribute information at the same
time, they perform poorly in expander-type networks, as a
node may have a large number of neighbours, leading to
saturation of the topology information in GCN models. In
these networks, local structural embedding plays a more
important role, since the high-order embedding loses the
individual information of the node due to too much propa-
gation of node information. In addition, global information
such as the community structure may be unclear for some
networks, meaning that aligning individual nodes is less
important. In other words, the way in which multiple em-
beddings are combined must be adapted to each network.
Secondly, anchor links are scarce in practice, meaning that
it is impractical to base the reconciliation of source and
target embedding spaces on anchor nodes. As a result, self-
supervised methods that can learn anchor links are more
useful, although these must be applied carefully to avoid
bias and degraded alignment results.

Embedding-wise alignment matrix. To mitigate the incom-
patibility between different types of representations, we first
define an embedding-wise alignment matrix constructed
from each type of embedding. In more detail, given the
embeddings of a source network Z

(l)
s and a target network

Z
(l)
t generated by a representation learning technique l, the

embedding-wise alignment matrix is calculated as follows:

S(l) = Z(l)
s Z

(l)
t

T
(12)

where S(l)(i, j) represents the similarity of node vi in the
source network to node vj in the target network according
to the embedding technique l. Note that the size of S(l) does
not depend on the embedding technique, as it always has
the same size ns × nt where ns and nt are the numbers of
nodes in the source and the target networks, respectively.
This facilitates the combination of different embedding-
wise alignment matrices. The intuition underlying the above
equation is that the source and target node embeddings are
in the same embedding space, and the level of matching
between the two nodes can be measured directly based on
their dot product.

Aggregated alignment matrix. We aggregate all
embedding-wise matrices into a single alignment matrix:

S =
k∑
l=0

θ(l)S(l) (13)

where θ(l) is the importance factor of embedding technique
l. The anchor links can then be retrieved from S by taking
the target node with the highest matching score for each
source node.

5.2 Data augmentation for matrix aggregation
As mentioned above, one of the challenges of this approach
involves determining the optimised importance factor of
each embedding technique, as these vary with the properties
of the input network. In our work, we use network augmen-
tation to automatically optimise the importance factor.
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Perturbation-based Network Augmentation. Formally, 
starting from an original network G = (V, A, F) (a source 
or target network), we produce an augmented network
Gp = (Vp, Ap, Fp) with adjacency matrix Ap as follows:

Ap = PAPT (14)

where P is a random permutation matrix, and Pij = 1 means
that node i from the original network corresponds to node
j in the augmented network; otherwise Pij = 0.

We add structural noise to Gp by removing or adding
edges with probability ps (via element-wise multiplication
of adjacency matrix with a zero-mask matrix). We also add
attribute noises to a random node v depending on the type
of attributes. For binary attributes, we randomly change
the positions of non-zero entries of each attribute vector Fi
with probability pa. For real-value attributes, we adjust each
element Fij in each attribute vector Fi by a random amount
in the range [0, pa ∗ Fij ].

Adaptive attention consensus mechanism. We leverage the
augmentation mechanism to enable the model to reflect
important embeddings. Given the original graph and its
perturbed version, a good model should maintain similar
embeddings between the two versions and perfectly align
the network nodes. With this in mind, we learn the impor-
tance factor by optimising the following function:

argmax
θ

∑
(vGi ,v

G∗
j )∈AG,G∗

s(i, j) (15)

where G∗ is the perturbed version of the original network
G. Intuitively, the aim of Eq. 15 is to maximise the matching
scores of all the anchor links (vGi , v

G∗
j ) between G and

G∗. As the source and target networks are isomorphic,
we choose only the source network as the representative
original graph.

6 EXPERIMENTAL EVALUATION

In this section, we evaluate the following research questions:
(RQ1) Does our model outperform the baseline methods?
(RQ2) How much labeling effort does our model save?
(RQ3) How does our model scale up with network size?
(RQ4) What is the effect of each component of our model?
(RQ5) Is our model robust to adversarial conditions?
(RQ6) Is our model sensitive to hyper-parameters?
(RQ7) Can our technique be interpreted qualitatively?

In the remainder of this section, we first describe the
experimental setup (Section 6.1), and then present our em-
pirical evaluations, including an end-to-end comparison
(Section 6.2), an analysis of supervision data effect (Sec-
tion 6.3), an scalability analysis (Section 6.4), an ablation test
(Section 6.5), an assessment of the adaptivity to adversarial
conditions (Section 6.6), and a test of hyperparameter sensi-
tivity (Section 6.7).

6.1 Experimental setup

Real datasets. We used three real-world alignment datasets
from different domains, as follows:
• Douban online vs Douban offline: Douban is a Chinese so-

cial network in which nodes represent users and edges

represent friendships [45]. The dataset is constructed
from users of an online network and their offline event
counterparts, and contains 1,118 anchor links [11].

• Allmovie vs Imdb. The Allmovie and IMDB netwoork
was collected from the Rotten Tomatoes and the IMDB
website [30]. The network nodes are movies, and edges
connect any two movies that have at least one actor
in common. The alignment output is constructed based
on the identity of the film, and it contains 5,176 anchor
links.

• PPI: This is a biological PPI dataset collected from
the Molecular Signatures Database [40]. The nodes in
the network represent for protein molecules, while the
edges represent for their interactions in human tissues.
There are 4,064 anchor links in the dataset.

TABLE 1: Statistics of real-world networks

Networks #Nodes #Edges #Attributes
Douban Online 3906 8164 538
Douban Offline 1118 1511 538
Allmovie 6011 124709 14
Tmdb 5713 119073 14
PPI 1819 23735 50
Bn 1781 9016 20
Econ 1258 7619 20
Email 1133 5451 20

Synthetic data. We also synthesised an alignment dataset
to investigate how adversarial factors such as structural
noise affect the network alignment models. Starting with an
original network, we generated a noisy version as described
in Section 5.2 and performed alignment between the two
versions.

• bn: This is a bioinformatic network which represents a
partial brain structure [46]. Each node of the network
depicts a brain voxel, and each edge represents a fibre
tract that connects two voxels.

• email: This was collected from email data from Eu-
ropean universities [30]. The nodes represent email
addresses, and the edges connect any two addresses
that exchange emails.

• small-ppi: This was generated by extracting large con-
nected components (with more than 3,000 nodes) from
the PPI dataset.

Table 1 summarizes the properties of alignment datasets
using in our evaluation.

Baseline methods. We compared the performance of our
proposed techniques with seven representative alignment
methods:

1) GAlign: This is an embedding-based method that lever-
ages multi-order representations for network nodes
using a GCN model [30].

2) PALE: This is an embedding-based technique that learns
node embeddings by maximising the co-occurrence of
direct neighbours [14].

3) REGAL: This is a matrix-factorisation-based technique
that employs low-rank matrix approximation to speed
up the calculation [25].

4) IsoRank: This is a matrix-factorisation based alignment
model that propagates pairwise node similarities over
the network based on the assumption of structural
consistency [9].
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5) FINAL: This is a matrix-factorisation method that ap-
plies the structural, the node feature and the edge fea-
ture consistencies to optimise the alignment matrix [11].

6) IONE: This is a embedding-based method which uses
two extra embeddings for each node to capture first and
second-order proximity [15].

7) UniAlign: This is a matrix-factorization based technique
which converts the input networks to a bipartite graph
to facilitates the alignment matrix calculation [10].

Besides, we also examine the unsupervised variant of our
proposed framework, namely NAME-u, which removes the
anchor-aware loss from the GCN-based embedding and
uses the nodes with highly correlated embeddings as anchor
links for local structural embedding and global community
aware embedding.

TABLE 2: Characteristics of baseline techniques

Technique Prior mappings Using Topology Using Node Features

GAlign Yes Yes No
PALE Yes Yes No
REGAL No Yes Yes
IsoRank Yes Yes No
FINAL Yes Yes Yes
IONE No Yes No
UniAlign No Yes Yes
NAME Yes Yes Yes

For supervision data, we used 20% of the ground-truth
values to train the baseline models. It should be noted
that some techniques such as FINAL and IsoRank require
a prior alignment matrix for training rather than the labelled
alignments. In these cases, we generated the matrix using
the labelled alignments if it was not available.

Metrics. We evaluated the alignment results with metrics
that reflected the performance in terms of both prediction
and ranking [4]. For prediction, we used Success@q (also
referred to as Accuracy@q [11]), which indicates whether
the true anchor link occurs in the top-q candidates. More
precisely, for each anchor pair (v∗s , v

∗
t ), if the alignment score

S(v∗s , v
∗
t ) is within the q-highest values in the row S(v∗s ) of

the alignment matrix S, the alignment output for node v∗s is
recorded as successful:

Success@q =

∑
v∗s∈Vs

1S(v∗s , v
∗
t ) ∈ top-q S(v∗s )

#{True anchor links}
(16)

For ranking, we used the Mean Average Precision [14], a
metric that indicates the rank ra of the true anchor target in
the candidate list:

MAP = mean

(
1

ra

)
(17)

We also used AUC, a ranking metric that reflects the trade-
off between precision and recall [4]. In a network alignment
setting, where the output must find an anchor link for every
node, AUC can be simplified to [4]:

AUC =
#{Negative match}+ 1− ra

#{Negative match}
(18)

We also report the total running time for each model, includ-
ing training and alignment computing times, in seconds.

Hyperparameter tuning. Unless stated otherwise, the
hyper-parameters were set as follows: K = 20 negative

samples for local structure embedding; number of GCN layers
k = 2; embedding size for all layers d(l) = 200 for GNN-
based embedding; noise hyperparameter β = 1 and Gumbell-
softmax temperature t = 10 for global community-aware
embedding. We also study the hyper-parameter sensitivity in
Section 6.7. For each baseline methods, we report the best
performance after following the parameter tuning methods
reported in the original papers.

Reproducibility environment. The results were averaged
over 20 runs to reduce the effects of randomness. All exper-
iments were conducted on an AMD Ryzen ThreadRipper
3.8 GHz system with 64 GB of main memory and four GTX
2080 Ti graphic cards. We used Pytorch for implementation
and Adam as a gradient optimiser.

6.2 End-to-end comparison

Table 3 shows an end-to-end comparison of our proposed
model with the baseline techniques, which we use to answer
(RQ1). In general, our model outperforms all the baselines in
terms of the quality of alignment. We achieve better results
for the important metrics of MAP, AUC, and Success@1 on
all datasets, and especially for PPI, with values of Success@1
of 20-30% higher than other techniques. This is because our
method is able to exploit the global community structure
of protein interactomes. The unsupervised variant NAME-u
of our model is able to achieves viable results and slightly
better than the SOTA unsupervised technique GAlign, which
proves the potential of our work in the adaptation to unsu-
pervised setting. However, the performance of NAME-u is
still considerably behind NAME. This might be because the
GCN-based high-correlated embeddings can provide false
anchor links.

GAlign and FINAL are the best methods of the baselines,
and FINAL is even comparable to our model in terms of
Success@10 for the Allmovie-IMDB dataset. This is because
these two state-of-the-art approaches take into account both
the structural and attribute information, in the same way
as our model. Although REGAL also considers these two
types of information, its performance suffers heavily from a
strict model of consistency. The performance of PALE and
IsoRank lags significantly, since these models consider only
topology information. UniAlign performs the worst, as this
model almost ignore the topology of the input networks by
converting them into bipartite graphs.

The results of the running times for these techniques are
shown in Fig. 3. Our technique is on a par with FINAL
and IONE, although it is slower than some baselines, which
is due to the trade-off between accuracy and computation
time. REGAL and UniAlign are the fastest, as REGAL uses
low-rank matrix approximation while UniAlign discard the
topology information. However, their accuracy is quite low,
with less than 20% of Success@1 for all the three datasets.

6.3 Saving of Labelling Effort

We answer (RQ2) by examining the performance of the
techniques under different level of supervision data, as
shown in Fig. 4. We vary the training ratio from 0.1 to
0.5 and compared the values for Success@1 on the AllMovie
dataset. It can be seen that our technique NAME outperform
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TABLE 3: Comparison of network alignment on real-world datasets

Dataset Metric NAME NAME-u GAlign PALE REGAL IsoRank FINAL IONE UniAlign

Douban Online-Offline

MAP 0.6366 0.5811 0.5632 0.1901 0.1005 0.1299 0.5539 0.2467 0.0415
AUC 0.9949 0.9943 0.9917 0.8899 0.9107 0.9005 0.9872 0.9289 0.8725
Success@1 0.5285 0.4718 0.4526 0.0775 0.0456 0.0903 0.4383 0.1061 0.0422
Success@10 0.8648 0.7931 0.7800 0.4479 0.2030 0.2048 0.7710 0.4715 0.1347

Allmovie-Imdb

MAP 0.8993 0.8544 0.8496 0.7601 0.1888 0.5271 0.8459 0.6892 0.0133
AUC 0.9980 0.9972 0.9971 0.9868 0.9862 0.9596 0.9885 0.9828 0.9262
Success@1 0.8708 0.8321 0.8214 0.6947 0.0953 0.4653 0.7647 0.3354 0.0788
Success@10 0.9490 0.9111 0.9003 0.7159 0.3869 0.6427 0.9609 0.8114 0.1184

PPI-PPI

MAP 0.9877 0.7819 0.7499 0.8648 0.3029 0.3585 0.5151 0.1734 0.0054
AUC 1.000 0.9999 0.9999 0.9995 0.9756 0.9907 0.7652 0.9770 0.8349
Success@1 0.9812 0.6724 0.6233 0.8030 0.1787 0.2619 0.4958 0.1460 0.0080
Success@10 0.9941 0.9868 0.9862 0.9669 0.5666 0.5516 0.5422 0.2791 0.0093

all other baselines with all level of supervision, especially
at lower level. In more details, with the training ratio of
only 10%, our technique can achieve the Success@1 of 86%,
which is 20% higher than the figure for other state-of-
the-art baselines such as PALE and GAlign. This proves
the potential of our technique in handling the real-world
dataset, where the prior anchor links are hard to obtain.
For the baselines, FINAL and PALE enjoy the most when
the training ratio increases, but their performance still is 5%
behind us when the ratio reaches 0.5. GAlign and IsoRank
show no difference for higher training level as they operate
in unsupervised setting.

6.4 Scalability Analysis
In this experiment, we investigate the scalability of the
techniques (RQ3) by studying their running time with large
networks. To this end, we employ the generative model
Erdös-Rényi [47] to generate the network node from 1,000 to
100,000 nodes with average degree of 10 for source network,
and randomly delete 10% of nodes to obtain target network.
The result is shown in Figure 5. The result is quite similar
to the end-to-end experiment, as our technique running
time is approximately similar to FINAL, PALE and is faster
than IONE. When the network nodes reaches 100,000, our
technique is still able to generate the result in less than 105

seconds. REGAL and UniAlign are still the fastest for all
settings, as they sacrifice accuracy for speed.

6.5 Ablation test
We answer (RQ4) by designing some variants of our model:
• NAME-1: uses only local structural embedding.
• NAME-2: uses only GNN-based embedding.
• NAME-3: uses only global community-aware embedding.
• NAME-4: uses all three embeddings, but treats them

equally rather than using data augmentation as de-
scribed in Section 5.2.

• NAME-5: replaces the GNN-based embedding by the
sampling-based GNN technique GraphSAGE [40].

Table 4 presents the results for only the most important
metrics and datasets, due to space limitations. It can be
seen that our original NAME model outperformed the other
variants, thus proving the importance of unifying network
information by our augmentation-based augmentation pro-
cess. In more details, NAME performs significantly better
than the single-embedding variants: NAME-1, NAME-2 and
NAME-3, which justifies the need of information fusion.

The accuracy of the global-aware embedding NAME-3 is
poor, as only the community membership of the node is
captured in this embedding and thus there is no way to
distinguish nodes in a same community. On the other hand,
NAME has 10-20% of Success@1 better than NAME-4 for the
two datasets, which confirms the need of weighting embed-
ding techniques by our augmentation-based mechanism. In
NAME-5, the replacement of our GNN-based embedding by
GraphSAGE, another sampling-based GNN network, causes
the degradation of 5-10 % of Success@1. This highlights the
superior of original GCN mechanism in the alignment task,
which requires the information is maintained to the fullest.

6.6 Adaptivity to adversarial conditions

We answer (RQ5) by evaluating the robustness of each tech-
nique to three adversarial factors: structural noise, attribute
noise, and graph size imbalance.

Structural noise. In this experiment, we studied the effect of
structural noise on the performance of the alignment mod-
els. Noise was simulated in the target graph by randomly
removing edges from the source graph. Fig. 6a shows the
Success@1 results when the edge removal ratio ranged from
0.1 to 0.5. In general, our proposed NAME model showed
the best robustness to this noise factor. Its Success@1 slightly
decreased by around 5% when the ratio reached 0.5 and was
at least 20% better than the runner-up model (GAlign). This
is because our model is able to leverage the rich information
of the node to compensate for the structural incompleteness.
In contrast, the baseline models suffered significantly when
the noise level was high. The Success@1 of PALE, FINAL
and GAlign dropped by around 20% when the removal
ratio reached 0.5. The performance of REGAL declined more
dramatically, while IsoRank did not perform well even with
a low level of noise.

Attribute noise. This experiment explored the effect of the
attribute noise factor on the performance of the network
aligners. Noise was added by randomly changing the at-
tributes of the source network nodes. Fig. 8 shows the
results of increasing the noise ratio from 10% to 50%. We
only compare our NAME model with GAlign, REGAL and
FINAL, since the other methods do not utilise attribute
information. In general, all models suffered significantly
from a degradation in accuracy as the attribute noise level
increased. Our technique achieved stable results for all three
datasets. For example, in small-ppi, the Success@1 only
dropped to 60% when the noise level reached 0.5. REGAL
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Fig. 3: End-to-end running times
Fig. 4: Savings in labeling effort

Fig. 5: End-to-end scalability study

TABLE 4: Ablation Test

Dataset Metric NAME NAME-1 NAME-2 NAME-3 NAME-4 NAME-5

PPI MAP 0.9877 0.8648 0.9802 0.0016 0.7823 0.8423
Success@1 0.9812 0.8030 0.9790 0.0004 0.7623 0.8012

Allmovie-Imdb MAP 0.8993 0.7840 0.8197 0.0017 0.7599 0.7999
Success@1 0.8708 0.7280 0.7754 0.0002 0.7227 0.7452

(a) bn (b) email (c) small-ppi
Fig. 6: Robustness against structural noises

(a) Negative sample size (b) Number of GCN layers (c) GCN embedding dim. (d) Global community aware
embedding dimension

Fig. 7: Hyperparameter sensitivity tests

performed surprisingly well, and was even better than our
model on the BN dataset, thanks to the absence of structural
noise. FINAL performed the worst.

Graph size imbalance. In this experiment, we studied how
an imbalance between the source and target networks af-
fected the performance of the alignment models. Noise was
added to the target graph by randomly removing nodes
from the source graph. Fig. 9 shows the Success@1 of the
alignment output determined by the models when the noise
ratio was varied from 0.1 to 0.5. In general, the models
showed similar trends to those found in the experiment with
structural noise. More precisely, our model performed the
best for this factor, and the Success@1 was nearly unchanged
as the noise level was increased. Of the baselines, PALE and
GAlign performed the best, though their robustness to this

noise factor was significant lower than our model. REGAL
and IsoRank were susceptible to the imbalance, and the
Success@1 dropped below 20% when the noise level reached
0.5 for all three datasets.

6.7 Hyperparameter sensitivity
This experiment answers (RQ6). Only important hyperpa-
rameters are reported here, due to space limitations.
Negative sample size. Fig. 7a shows the Success@1 of
our model when the negative sample size K for the local
structure embedding is varied from 5 to 25. It can be seen
that the performance of the model is stable against this
hyperparameter, with K = 10 giving a slightly better result.
Number of GCN layers. Fig. 7b shows the effect of the
number of GCN layers k on the performance of our model.
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(a) bn (b) email (c) small-ppi
Fig. 8: Robustness against attribute noises

(a) bn (b) email (c) small-ppi
Fig. 9: Robustness against imbalance in the graph size

Fig. 10: Local structure Fig. 11: Local structure & GCN-based Fig. 12: Final model

(a) Source (b) Target
Fig. 13: Visualization of global community-aware embedding

While k = 2 produces the best result, it is interesting to
see that using a higher number of layers does not improve
the alignment performance. This result confirms existing
empirical evaluations [48] which have found that GCNs that
are too deep are often worse than two-layer models.

GCN Embedding dimension. Fig. 7c illustrates the sensitiv-
ity of the dimension of GCN-based embedding. In general,
users should not choose a high number of dimensions,
as this does not significantly increase the performance

(Success@1) while the time and space complexities become
considerably larger.

Global community-aware embedding dimension. Fig. 7d
shows the sensitivity of the dimension of global community-
aware embedding. While the dimension also presents the
number of communities, which is unknown for the input
networks, the empirical results show that our technique is
not vulnerable to this hyperparameter.
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6.8 Qualitative study
We answer (RQ7) by visualising the results using t-SNE on 
a toy dataset extracted from 20 protein pairs from the small-
ppi dataset. Fig. 10, Fig. 11 and Fig. 12 represent the results 
generated by the variants NAME-1 and NAME-2 specified 
in Section 6.5 and the final model, respectively. It can be seen 
that when only the local structural embedding (NAME-1) is 
used, the embeddings of the nodes become entangled, since 
the true anchors and the close neighbours are similar. When 
a combination of GCN-based embedding (NAME-2) is used, 
the embeddings are more distinctive. The combination of all 
three embeddings in the final NAME model gives the best 
result. This is because the add of a global view (via global 
community-aware embedding) enrichs the node context and 
thus helps to disentangle the similar nodes (e.g. see the pairs 
(15049, 15792) and (17984, 17924)). To further demonstrate 
the effect of this embedding, we visualize the embedding of 
subgraphs extracted from PPI dataset in Fig. 13. The embed-
ding successfully captures densely connected clusters and 
maintains stable result across source and target networks.

7 CONCLUSION

Our paper proposes a novel end-to-end network alignment 
framework that utilises the rich individual information of 
network nodes to align the nodes efficiently. In more detail, 
the model learns multiple representations for each network 
nodes, each of which captures one aspect of the node 
information. We reuse a representation learning technique 
from existing work and design two brand new techniques to 
complement this with different modalities (global commu-
nity and attribute information). We then apply a late-fusion 
mechanism to unify the learned embeddings based on the 
importance of the underlying information. The mechanism 
is augmented with a data perturbation method to ensure 
that our model is adaptive to various structures of the input 
network and robust to potential noise. Our experiments 
demonstrate the superiority of our model, especially in 
terms of Success@1, which is crucial for high-quality appli-
cations. In future work, we plan to combine our model with 
approximate and caching mechanisms [49], e.g. a low-rank 
matrix representation, to reduce the memory complexity.
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