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Abstract

Although unsupervised multiplex graph representation learn-
ing (UMGRL) has been a hot research topic, existing UM-
GRL methods still has limitations to be addressed. For exam-
ple, previous works either preserve structural information by
ignoring the impact of heterophily in the graph structure or
only focus on node-level consistency by ignoring class-level
consistency. To address these issues, in this paper, we pro-
pose a new UMGRL method to explore both homophily and
consistency in the multiplex graph. Specifically, we propose
to restructure the multi-order relationships of every graph be-
tween every node and its multi-order neighbors to improve
the homophily and reduce the impact of the heterophily in the
graph structure. We also design a contrastive loss based on a
self-expression matrix of the node representation to achieve
node-level and class-level consistency. Furthermore, we theo-
retically prove our method to achieve class-level consistency.
Extensive experimental results on real datasets verify the ef-
fectiveness of the proposed method with respect to node clas-
sification tasks, compared to SOTA methods.

1 Introduction
Multiplex graph consists of multiple graphs to share the
same node representation. Benefiting from the richness and
variety of graph structures, the relationships between two
nodes in the multiplex graph can be fully and compre-
hensively described. Hence, multiplex graph learning has
been popularly designed to conduct representation learn-
ing in various real-world applications such as social net-
works and biological networks (Wan et al. 2020; Peng et al.
2023). Recently, Unsupervised Multiplex Graph Represen-
tation Learning (UMGRL), as an effective method for mod-
eling complex relationships of nodes without using node la-
bels, has shown great potentiality in a wide range of appli-
cations such as anomaly detection and recommendation sys-
tems (Chu et al. 2019; Peng et al. 2022).

Existing UMGRL methods can be broadly categorized
into two groups, i.e., traditional unsupervised methods and
self-supervised methods. Traditional UMGRL methods such
as PMNE (Liu et al. 2017) and Metapath2vec (Dong,
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Chawla, and Swami 2017) aim to learn node representa-
tions without the help of labels by random walk strate-
gies. However, these works only focus on learning struc-
tural information and ignore the discriminative informa-
tion in the node representation. To address these issues,
Self-supervised methods are proposed to make full use of
node features and structural information for representation
learning. Previous self-supervised methods can be catego-
rized into two subgroups, i.e., intra-graph contrastive learn-
ing methods and inter-graph contrastive learning methods.
Intra-graph contrastive learning methods aims to improve
the quality of node representations by capturing global at-
tributes. For example, HDMI (Jing, Park, and Tong 2021)
encourages improved mutual information between node rep-
resentations and global representations to capture global at-
tributes. However, this method ignores the intrinsic corre-
lation among different graphs. Therefore, inter-graph con-
trastive learning methods have been proposed to address
these issues by capturing consistent information across dif-
ferent graphs. For example, CKD (Wang et al. 2022) models
the correlation among different graphs by performing col-
laborative distillation.

Although existing UMGRLs have achieved good results
in many tasks, these works still have limitations to be
addressed. First, previous UMGRL works mainly focus
on exploring the homophily where two connected nodes
come from the same class, but ignoring the impact of het-
erophily of the graph structure, where two connected nodes
come from different classes. For example, previous UM-
GRL works (Mo et al. 2023b; Peng, Wang, and Zhu 2023)
rely on either homophilic GNNs (e.g., graph convolutional
layers) or node representation to reconstruct the original
graph for preserving the structural information. Their key
idea is to keep representation smooth on the graph structure,
which implicitly assumes the homophily of the graph struc-
ture. However, heterophily has been found to be prevalent in
real-world scenarios. If the heterophily in the graph struc-
ture is ignored, the model will inevitably introduce noise
(Zheng et al. 2022). Hence, existing methods significantly
limit the rationality of real applications. Second, previous
works mainly focus on exploring the consistency of the same
node across different graphs, i.e., node-level consistency, to
obtain consistent information among graphs, which has been
widely used to conduct node identification (Zhu et al. 2022).
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Figure 1: The flowchart of the proposed MGHC. Specifically, we first employ ASGC (Chanpuriya and Musco 2022) on X for
every graph to generate its new representation X̂(r) (r = 1, ...,R) and obtain the correlation coefficients between every node
and its multi-order neighbors, which improve the homophily and reduces the impact of heterophily. We then employ MLPs on
X̂(r) to further obtain its node representation H(r). After that, we investigate the structure preservation loss L(r)

sp to capture the
structural information by Â(r). Meanwhile, we first concatenate all node representation H(r) to obtain full-graph representation
H, which is then designed to capture the relationship of nodes from the same class by a self-expression matrix C∗. We further
compute the cross-graph similarity matrix S(rr′) (r′ = 1, ...,R), which and C∗ are used to construct the contrastive loss L(rr′)

con

for achieving node-level consistency and class-level consistency.

For example, HeCo aligns the node representation of the net-
work schema view with the meta-path view to capture the
node-level consistency (Wang et al. 2021). However, these
methods are unable to make the distance between two nodes
from the same class close, i.e., ignoring the class-level con-
sistency. This will increase the intra-class variance of node
representation to affect node representation learning. Based
on the above analysis, the UMGRL should be conducted by
(1) capturing the homophily but reducing the impact of het-
erophily in graph structure and (2) exploring both the node-
level consistency and the class-level consistency.

To address the above issues, in this paper, we propose a
new UMGRL framework, i.e., Multiplex Graph Representa-
tion Learning with Homophily and Consistency, MGHC for
short as shown in Figure 1. Specifically, we first calculate the
correlation coefficient between each node and its multi-order
neighbors, which is then used to restructure the multi-order
relationship of every graph. The correlation coefficient re-
flects the homophilic/heterophilic relationship between ev-
ery node and its multi-order neighbors. The restructure pro-
cess automatically updates the correlation coefficient to im-
prove the homophily and reduce the heterophily, thus ex-
ploring the first issue in previous methods. We further inves-
tigate to capture the relationships between two nodes from
the same class by learning a self-expression matrix, which is
then used to construct a contrastive loss. As a result, the con-

trastive loss is able to make the same nodes across different
graphs close as well as the distance between two nodes from
the same class close, thus simultaneously achieving node-
level and class-level consistency.

Compared to previous UMGRL methods, our main con-
tributions are summarized as follows:

• We propose to restructure the graph structure based on
the correlation coefficients between every node and its
multi-order neighbors so that our method improves the
homophily and reduces the impact of the heterophily of
the graph structure.

• We investigate a contrastive loss based on the self-
expression matrix to capture the relationship between
two nodes from the same class, thus achieving both the
node-level consistency and the class-level consistency.

• We theoretically demonstrate that the learned self-
expression matrix has the grouping effect, thus capturing
the relationships between two nodes from the same class,
i.e., class-level consistency.

2 Related Work
2.1 Unsupervised Multiple Graph Representation

Learning
UMGRL aims to extract valuable information from multiple
relationships among nodes without relying on label infor-
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mation. Existing UMGRL methods can be categorized into
two groups, i.e., traditional unsupervised methods and self-
supervised methods. Traditional unsupervised methods usu-
ally obtain node representation through random walk strat-
egy. For example, MNE (Zhang et al. 2018) performs ran-
dom walk in different meta-paths to extract various types
of relationships into a common representation space. Meta-
path2vec (Dong, Chawla, and Swami 2017) obtains meta-
path sequences by random walk and generates node repre-
sentation by the skip-gram method. However, these works
only focus on learning the structural information by ignor-
ing discriminative information in node representation.

To solve these problems, self-supervised methods have
been proposed. Self-supervised methods can be further cat-
egorized into intra-graph contrastive learning methods and
inter-graph contrastive learning methods. Intra-graph con-
trastive learning methods encourage capturing global at-
tributes to improve the quality of node representations. For
example, DMGI (Park et al. 2020) and HDMI (Jing, Park,
and Tong 2021) perform contrastive learning between node
representations and global representations to capture global
attributes. However, intra-graph contrastive learning meth-
ods learn information about each graph independently and
fail to capture the intrinsic correlation among every graph,
thus leading to sub-optimal model performance. Therefore,
inter-graph contrastive learning methods have been pro-
posed to address these issues. inter-graph contrastive learn-
ing methods aim to capture consistent information among
different graphs. For example, HeCo (Wang et al. 2021) per-
forms contrastive learning between network schema view
and meta-path views to obtain local and higher-order struc-
tural information. STENCIL obtains inter-graph consistency
by reducing the distance between each graph and the aggre-
gated graph. Further, CPIM (Mo et al. 2023b) and CoCoMG
(Peng, Wang, and Zhu 2023) achieve contrastive learning in
different graphs without negative samples and successfully
extract the consistency among different graphs.

2.2 Heterophilic Graph Neural Networks
Heterophilic graph neural networks (GNNs) aim to reduce
the impact of heterophily in graph structure while perform-
ing data mining. Existing methods for heterophilic GNNs
can be broadly classified into three groups, i.e., non-local
neighbor extension methods, GNN architecture refinement
methods, and hybrid methods.

Non-local neighbor extension methods extend local
neighbors to non-local neighbors to alleviate the impact
of local heterophily by incorporating richer homophilic in-
formation from higher-order neighborhoods. For example,
MixHop (Abu-El-Haija et al. 2019) considers multi-hop
neighbors for message propagation and then integrates mes-
sages obtained from different hops. TDGNN (Wang and
Derr 2021) directly aggregates information from neighbors
of multi-order in the aggregation step to promote informa-
tion fusion among different layers.

GNN architecture refinement methods boost the expres-
sive ability of GNNs for heterophilic graphs by encouraging
distinguishable and discriminative node representations. For
example, GPRGNN (Chien et al. 2020) assigns learnable

weights to adaptively combine the representations of each
layer through PageRank. FAGCN (Bo et al. 2021) designs
low-pass and high pass filters to achieve expressive perfor-
mance of heterophilic graphs through adaptive frequency
signal learning

Hybrid methods simultaneously extend non-local neigh-
bor sets and improve heterophily-guided GNN architectures.
For example, BM-GCN (He et al. 2022) explores block-
guided neighbors and performs different types of classifi-
cation aggregation on homophilic and heterophilic nodes.
However, most of the above methods are applied to single-
graph data and are not extended to multiplex graph data.

3 Method
Notations. Given the multiplex graph G =
{G(1),G(2), . . . ,G(R)} = {V, E ,X}, G(r) = {V, E(r),X} is
the r-th graph in the multiplex graph, and R is the number
of graphs, V = {v1, v2, · · · , vN} and E =

⋃
E(r) ⊆ V × V

represent the nodes set and the edges set of the multiplex
graph, respectively. We denote X = {xi}Ni=1 ∈ RN×F as
the original node representation matrix, where xi ∈ RF

is the representation of the node vi out of N nodes,
and denote the set of structural information of X as
A = {A(1), . . . ,A(R)}, where A(r) ∈ {0, 1}N×N is the
adjacency matrix of the network G(r), and a

(r)
ij = 1 if

(vi, vj) ∈ E(r), the goal of the proposed MGHC is to learn
the encoders to map the original inputs into low-dimensional
representation Z ∈ RN×d, where d ≪ F is the dimension
of the representation space.

3.1 Homophily Improvement and Heterophily
Reduction

Based on the homophily assumption of the graph structure,
Previous UMGRL methods usually rely either homophilic
GNNs or using node representation to reconstruct the graph
structure for capturing the structural information. However,
real-world graphs do not always obey the homophily as-
sumption and often contain both homophily and heterophily.
For example, in online transaction networks, fraudsters are
likely to establish connections with customers instead of
other fraudsters. In molecular networks, protein structures
are likely to consist of different types of amino acids linked
together. As a result, previous work may capture the struc-
tural information with noise to reduce the distinguishability
of the node representation. To address this issue, we propose
to improve homophily and reduce the impact of heterophily
by first restructuring the multi-order relationships of every
graph and then capturing the structural information through
the structure preservation loss.

Specifically, given node representation X and multiple
graph structures {A(1), . . . ,A(R)}, we first integrate all
multi-order neighbor information to obtain new node rep-
resentation X̂(r) for every graph A(r), i.e.,

X̂(r) = Â(r)X, (1)

where Â(r) =
∑K(r)

k=0 β
(r)
k A(r)k. K(r) is the maxi-

mum propagation order of A(r). In this paper, A(r)k =
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A(r)k−1P(r), where the transition matrix P(r) is defined
as P(r) = (D(r))−1A(r) and D(r) is the degree matrix of
A(r). β(r)

k ∈ RN is the correlation coefficient, representing
the correlation between every node and its k-th order neigh-
bor of the graph A(r).

Based on ASGC (Chanpuriya and Musco 2022),
Eq. (1) obtains the correlation coefficient β

(r)
k by

minβ ∥(
∑K

k=0 β
(r)
k A(r)k)X − X∥22. Intuitively, if A(r)k is

homophilic, every node in the r-th graph and its neighbors
tend to have similar representation. As a result, the corre-
lation coefficient β(r)

k between the node representation X

and the representation of the k-th order neighbor A(r)kX is
positive. If a graph is heterophilic, the representation of each
node and its neighbors are significantly different. As a result,
the correlation coefficient is negative. Hence, the correlation
coefficient directly reflects the homophilic or heterophilic
relationship between each node and its multi-order neigh-
bors. Obviously, restructuring the multi-order relationship
of each graph by the correlation coefficient (i.e., Â(r)) can
automatically introduce homophilic neighbors (i.e., positive
β(r)) as well as removing heterophilic neighbors (i.e., nega-
tive β(r)) for every node.

To calculate X̂(r) and β
(r)
k , we need to determine the

maximum propagation order K(r) of A(r). If K(r) is set
too small, it will not be able to aggregate useful informa-
tion from the higher-order neighbors. By contrast, if K(r) is
set too large, it will lead to over-smoothing. Previous work
has usually set the same maximum propagation order for all
graphs. However, this method is counter-intuitive because
different graphs imply different structural information. In
this paper, we design a heuristic algorithm to compute the
maximum propagation order for each graph. To do this, we
follow (Wang and Tu 2012) to define the “degrees of free-
dom” (DoF) of the graph A(r) as follows.

DoF (A(r)k) = Tr(A(r)k). (2)
Based on Eq. (2), with the increase of the values of k,

DoF (A(r)k) begins to smoothly evolve, so that the similar-
ity of A(r)k has the most discriminative ability. Moreover,
we set the stopping criteria as:

K(r) = min{k : ∇DoF (A(r)k) ≤ ε}, (3)

where ∇DoF (A(r)k) is a smoothness indicator of
DoF (A(r)k), and ∇ is the Laplace operator, and. ε is a man-
ually set threshold. Theorem 3.1 is further used to estimates
the maximum propagation order K(r).
Theorem 3.1. If we denote the eigenvalues of the transition
matrix P(r) as λ1 > λ2 . . . , > λn, then the maximum prop-
agation order K(r) can be estimated as:

K(r) = ⌈
ln( ε

(N−DoF (P(r)))∥A(r)−A(r)P(r)−IN∥ )

ln(λ2)
⌉, (4)

where ⌈·⌉ is the ceiling function. IN is the identity matrix.
Based on Eq. (4) and Eq. (1), we obtain X̂(r), which is fur-
ther transferred to its new representation H(r) by an MLP
encoder, i.e., F (r)

θ(r) : RN×F → RN×d:

H(r) = F (r)

θ(r)(X̂
(r)), (5)

where θ(r) is the parameters of the MLP. In this paper, the
encoder parameters for each graph are not shared because
each encoder is used to learn specific structural information.

Given the node representation H(r)(r = 1, . . . ,R) of
each graph, previous work usually encourages that the simi-
larity among node representation converges to the original
graph structure, thus capturing the structural information.
For example, CoCoMG (Peng, Wang, and Zhu 2023) cap-
tures the structural information through the following struc-
ture preservation loss:

L(r)
sp = −

N∑
i=1

log
(
a
(r)
ij D(H

(r)
i ,H

(r)
j )

)
, (6)

where D(H
(r)
i ,H

(r)
j ) = exp(cos(H

(r)
i ,H

(r)
j )) is used to

calculate the similarity between node vi and node vj . In Eq.
(6), if node vi and node vj are connected in the graph A(r),
H

(r)
i is similar to H

(r)
j , i.e., thus capturing the structural

information. However, due to the heterophily in the origi-
nal graph structure, the captured structural information in-
evitably contains noise, which reduces the distinguishability
of the node representation.

To solve this issue, we propose to replace a
(r)
ij in Eq. (6)

with â
(r)
ij because Â(r) contains multi-order neighbor infor-

mation and is able to distinguish the homophilic (â(r)ij > 0)

or heterophilic (â(r)ij < 0) relationship between every node
and its neighbors. Hence, our proposed structural preserva-
tion loss is defined as follows.

L(r)
sp = −

N∑
i=1

log
(
â
(r)
ij D(H

(r)
i ,H

(r)
j )

)
. (7)

Obviously, the structure preservation loss in Eq. (7) im-
proves the similarity between node vi and node vj if the
relationship between node vi and node vj is homophilic
(i.e., â(r)ij > 0), and reduces the similarity between node vi
and node vj if the relationship between node vi and node vj

is heterophilic (i.e., â(r)ij < 0). In this way, two nodes with

large a
(r)
ij obtain large similarity, i.e., D(H

(r)
i ,H

(r)
j ).

3.2 Node-level and Class-level Consistency
The high-quality structural information can be obtained by
restructuring the multi-order relationships of every graph,
which improve homophily and reduce the impact of het-
erophily in graph structures. However, learning the informa-
tion of every graph independently cannot capture the consis-
tency among graphs because the consistency among graphs
reflects the intrinsic correlation among graphs.

To capture consistency among graphs, previous UMGRL
methods align the representation of the same sample in dif-
ferent graphs, i.e., node-level consistency. However, these
works ignore the consistency among samples from the same
class in different graphs, i.e., class-level consistency. As a
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result, previous work could not make the distance among
samples from the same class close so that they may increase
the intra-class variance of the node representation to affect
node representation learning. To solve this issue, we inves-
tigate a contrastive loss based on a self-expression matrix to
capture the relationship between two nodes from the same
class. This makes our method achieving both the node-level
consistency and the class-level consistency.

Specifically, we first obtain the full-graph representation
H by concatenating the node representation of every graph
to make it linearly separable, i.e.,

H = [H(1);H(2); . . . ;H(R)] ∈ RN×(R×d). (8)

We then utilize the self-expression property of the full-
graph representation H to capture the relationship between
two nodes in the same class. Specifically, given the full-
graph representation H = {h1, . . . ,hN} of the nodes set V ,
for any node vi ∈ V , the self-expression property assumes
that each nodes can be linearly reconstructed by a weighted
combination of all nodes, i.e.,

hi = ci1h1 + · · ·+ ciNhN , (9)

where cij is the self-expression coefficient corresponding to
node vj for reconstructing node vi. based on the literature
(Chapelle, Weston, and Schölkopf 2002; Zhou et al. 2003),
where nodes with similar representations are more likely to
belong to the same class. Therefore, Each node in the self-
expression matrix sets the nodes with similar representations
as its neighbours, thus capturing the relationship between
two nodes from the same class. We can compute the self-
expression matrix C by optimizing the following objective:

min
C

∥H−CH∥2F + β∥C∥2F , (10)

where β is a non-negative parameter. The second term aims
to achieve smoothing of the self-expression matrix C in or-
der to avoid obtaining a trivial solution, i.e., the identity ma-
trix. In fact, we can obtain the self-expression matrix by cal-
culating the closed-form solution of Eq.(10) as follows.

C∗ = H(H)T (H(H)T + βIN )−1, (11)

where IN is the identity matrix. In addition, we prove that
the self-expression matrix has the grouping effect, thereby
capturing the relationship between two nodes from the same
class. To do this, we first follow (Li et al. 2020) to define the
grouping effect as follows:

Definition 3.2. Given the nodes set V = {vi}Ni=1, a matrix
W ∈ RN×N has the grouping effect if

(vi → vj) ⇒ (|wip −wjp| → 0, ∀1 ≤ p ≤ N) .

Definition 3.2 states that when vi → vj (i.e., ∥hi −
hj∥2 → 0, node vi and node vj may belong to the same
class), each element in wi and wj will be aligned if the ma-
trix W has the grouping effect. Therefore, the alignment be-
tween wi and wj reflects the relationship of nodes from the
same class. Next, we follow (Mo et al. 2024) to prove that
the self-expression matrix C∗ has the grouping effects by
Theory 3.3.

Theorem 3.3. The self-expressive matrix C∗ ∈ RN×N has
the grouping effect for any two nodes vi and vj that hold the
condition vi → vj , i.e.,

(vi → vj) ⇒ (
∣∣c∗ip − c∗jp

∣∣ → 0, ∀1 ≤ i, j, p ≤ N). (12)

Theorem 3.3 proves that the self-expression matrix C∗

has the grouping effect. If vi → vj , then every element in c∗i
and c∗j will be aligned, i.e., c∗i and c∗j are similar. Therefore,
all nodes from the same class have the same neighbors, thus
capturing the relationship of nodes from the same class.

To capture the consistency among graphs, we first cal-
culate the cross-graph similarity matrix S(rr′) (r, r′ =

1, ...,R) between h(r) and h(r′) by:

s
(rr′)
ij =

h
(r)
i · h(r′)

j

∥h(r)
i ∥∥h(r′)

j ∥
. (13)

Based on cross-graph similarity matrix S(rr′), previous
works usually set the same nodes in different graphs as pos-
itive samples, and the others as negative samples, and then
utilize the contrastive loss (e.g., JSD (Wang et al. 2022), In-
foNCE (Wang et al. 2021)) to improve the similarity of the
same nodes in every graph, thus achieving node-level consis-
tency. However, they cannot capture the relationships among
nodes from the same class.

Since the self-expression matrix C∗ contains the relation-
ships among nodes from the same class, we set two nodes
with positive relationship in C∗ as positive samples and two
nodes with negative relationship C∗ as negative samples to
design the contrastive loss as follows:

L(rr′)
con = −

N∑
i=1

log

 exp
(
s
(rr′)
ii

)
∑

exp
(
s
(rr′)
ij

)


−
N∑

i=1,j ̸=i

c∗ij log

 exp
(
s
(rr′)
ij

)
∑

exp
(
s
(rr′)
ij

)
 .

(14)

In Eq. (14), the first term performs contrastive learning on
the same node in different graphs by setting the same nodes
in different graphs as positive samples and other nodes as
negative samples. Hence, the first term makes the distance
among positive samples close and pushes away the neg-
ative samples. As a result, the representation of the same
node in different graphs tends to be consistent, thus achiev-
ing node-level consistency. The second term performs con-
trastive learning on nodes from the same class in different
graphs. To do this, it sets the nodes from the same class
and different classes in different graphs as positive and neg-
ative samples, respectively, through the self-expression ma-
trix C∗, so it makes the distance among positive samples
close and pushes away the negative samples. As a result,
the representations of nodes from the same class in differ-
ent graphs tend to be consistent, thus achieving class-level
consistency.
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3.3 Objective Function
Combining the structure preservation loss (i.e., Eq. (7)) with
the contrastive loss (i.e., Eq. (14)), the objective function of
the proposed MGHC is:

Ltotal =
R∑

r=1,r′ ̸=r

L(rr′)
con + ω

R∑
r=1

L(r)
sp , (15)

where ω is a non-negative parameter achieving the trade-off
between L(rr′)

con and L(r)
sp .

In the optimization process, H captures homophily in the
graph structure and reduces the impact of heterophily as well
as achieves both node-level consistency and class-level con-
sistency. We then directly average the node representation of
each graph to obtain the final node representation Z.

Z =
1

R

R∑
r=1

H(r). (16)

The fused representation Z can be used for downstream
tasks.

4 Experiments
In this section, we conduct extensive experiments on 4 pub-
lic benchmark datasets to evaluate the effectiveness of our
method, compared to 12 comparison methods, on the node
classification.

4.1 Experimental Setup
Datasets. The used datasets include two citation multi-
plex graph datasets (Wang et al. 2019), i.e., ACM and
DBLP, and two movie multiplex graph datasets (Mo et al.
2023a), i.e., IMDB and Freebase. We follow (Zhu et al.
2020) to compute the homophily ratio and define the het-
erophily ratio=1- homophily ratio. As a result, the aver-
age heterophily ratio in ACM, DBLP, IMDB, and Freebase
is 0.26, 0.38, 0.39 and 0.21, respectively. Obviously, het-
erophily is widespread in graph datasets

Comparison Methods. The comparison methods include
3 single graph methods and 7 multiplex graph methods.

Single graph methods include 2 traditional semi-
supervised methods (i.e., GCN (Kipf and Welling 2016) and
GAT (Veličković et al. 2017)) and a self-supervised method
(i.e., DGI (Veličković et al. 2018)).

Multiplex graph methods include a semi-supervised
method (i.e., HAN (Wang et al. 2019)) and 8 self-supervised
methods, i.e., DMGI (Park et al. 2020), DMGIattn (Park
et al. 2020), HDMI (Jing, Park, and Tong 2021), HeCo
(Wang et al. 2021), CKD (Wang et al. 2022),MGDCR (Mo
et al. 2023b),DMG (Mo et al. 2023a) and CoCoMG (Peng,
Wang, and Zhu 2023).

To conduct fair comparison, for single graph methods, we
separately learn the representation for every graph and fur-
ther concatenate them for downstream tasks.

4.2 Effectiveness Analysis
We evaluate the effectiveness of the proposed method on
node classification tasks by reporting the results (i.e., Macro-
F1, and Micro-F1) of all methods on four datasets in Table
1. Obviously, our method achieves the best effectiveness on
node classification tasks.

First, our method greatly outperforms the single graph
methods (i.e., GCN, GAT, and DGI). For example, our
MGHC outperforms the best single graph method (GAT)
by an average of 5.8% on all datasets in terms of macro-
F1 and micro-F1. This verifies the superiority of multi-
plex graph methods which effectively capture complex re-
lationships among multiple graphs to learn discriminative
node representation. Second, among all the MGRL meth-
ods, the method proposed in this paper has the best per-
formance, followed by DMG, CoCoMG, MGDCR, CKD,
HDMI, HeCo, DMGI, DMGIattn and HAN. Compared to
the best semi-supervised method (i.e., HAN), our method
achieves an average improvement of 4.6% improvement on
all the datasets in terms of Macro-F1 and Micro-F1. This
indicates that the UMGRL method can efficiently mine the
hidden information in multiplex graph without using labels.
Compared to the best unsupervised method (i.e., DMG),
the proposed method achieves 0.2% improvement, which
can be attributed to the fact that the proposed method cap-
tures homophily in the graph structure, reduces the impact
of heterophily as well as achieves both node-level consis-
tency and class-level consistency. As a result, this helps
the model learn discriminative representation, benefiting for
downstream tasks.

4.3 Ablation Study
The proposed method captures homophily in the graph
structure using structure preservation loss (i.e., L(r)

sp ) and
achieves both node-level consistency and class-level consis-
tency through contrastive loss (i.e., L(rr′)

con ). To demonstrate
the effectiveness of different parts of the proposed frame-
work, we investigate the classification performance of dif-
ferent combinations of these components in the model on all
datasets and report the results in Table 2.

First, our method with complete loss improves by 17.4%
and 2.8% over methods with only contrastive loss or struc-
ture preservation loss, respectively, which demonstrates that
both structure preservation loss and contrastive loss are
necessary for our method. Second, the method with struc-
ture preservation loss achieves higher performance than the
method with only contrastive loss. This can be attributed to
the fact that restructuring multi-order relationships of graph
improve homophily and reduce the impact of heterophily
in the graph structure, and therefore, we can capture high-
quality structural information, which effectively improves
the model performance.

4.4 Visualization of The Self-expression Matrix
To verify that the self-expression matrix indeed captures
capture the relationship between two nodes from the same
class, we visualize the heatmaps of self-expressive matrix
on the all datasets in Figure 2, where rows and columns are
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Method ACM DBLP IMDB Freebase

Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1

GCN 85.7 ± 0.4 86.4 ± 0.2 88.6 ± 0.2 89.7 ± 0.1 45.8 ± 0.3 49.1 ± 0.3 50.2 ± 0.4 53.0 ± 0.4
GAT 85.1 ± 0.2 84.4 ± 0.1 90.7 ± 0.3 91.5 ± 0.2 49.7 ± 0.3 53.7 ± 0.3 55.4 ± 0.1 58.9 ± 0.5
DGI 89.3 ± 0.2 88.7 ± 0.3 90.2 ± 0.3 91.1 ± 0.4 45.7 ± 0.3 46.7 ± 0.4 54.2 ± 0.2 57.9 ± 0.3

HAN 89.6 ± 0.3 89.5 ± 0.3 91.7 ± 0.4 92.3 ± 0.3 49.6 ± 0.2 53.1 ± 0.5 54.3 ± 0.3 57.1 ± 0.4
DMGI 89.2 ± 0.2 89.5 ± 0.2 92.0 ± 0.2 92.6 ± 0.3 52.0 ± 0.2 53.6 ± 0.2 54.5 ± 0.2 57.2 ± 0.3
DMGIattn 88.3 ± 0.4 88.6 ± 0.5 90.5 ± 0.3 91.1 ± 0.3 52.9 ± 0.2 53.3 ± 0.5 55.6 ± 0.5 58.7 ± 0.6
HDMI 90.4 ± 0.1 90.1 ± 0.3 91.5 ± 0.4 92.4 ± 0.2 55.3 ± 0.2 57.7 ± 0.3 56.6 ± 0.4 59.1 ± 0.3
HeCo 88.6 ± 0.4 88.8 ± 0.2 91.3 ± 0.2 91.8 ± 0.4 49.6 ± 0.5 50.7 ± 0.4 58.8 ± 0.3 61.3 ± 0.5
CKD 90.3 ± 0.2 90.7 ± 0.3 92.1 ± 0.3 92.3 ± 0.3 54.8 ± 0.2 57.5 ± 0.3 60.4 ± 0.4 62.7 ± 0.6
MGDCR 91.5 ± 0.3 91.5 ± 0.4 92.4 ± 0.4 92.9 ± 0.2 56.4 ± 0.4 57.3 ± 0.3 60.7 ± 0.3 64.7 ± 0.3
DMG 91.0 ± 0.2 90.8 ± 0.4 93.0 ± 0.2 93.8 ± 0.3 57.5 ± 0.2 58.6 ± 0.3 62.2 ± 0.8 65.6 ± 0.7
CoCoMG 92.0 ± 0.2 92.2 ± 0.2 91.9 ± 0.1 92.7 ± 0.2 57.6 ± 0.9 58.9 ± 0.3 60.5 ± 0.2 63.5 ± 0.9
MGHC 92.3 ± 0.3 92.4 ± 0.4 93.0 ± 0.3 93.6 ± 0.5 57.8 ± 0.3 59.2 ± 0.2 61.2 ± 0.5 64.1 ± 0.6

Table 1: Classification performance (i.e., Macro-F1 and Micro-F1) of all methods on all datasets.

L(rr′)
con L(r)

sp
ACM DBLP IMDB Freebase

Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1
√

− 78.0 ± 0.4 78.2 ± 0.5 64.7 ± 0.4 65.7 ± 0.4 48.3 ± 0.3 51.1 ± 0.3 43.4 ± 0.3 44.8 ± 0.9
−

√
90.4 ± 0.3 90.4 ± 0.3 89.1 ± 0.6 90.8 ± 0.5 53.3 ± 0.5 55.3 ± 0.4 60.3 ± 1.1 63.3 ± 1.4√ √
92.3 ± 0.3 92.4 ± 0.4 93.0 ± 0.3 93.6 ± 0.5 57.8 ± 0.3 59.2 ± 0.2 61.2 ± 0.5 64.1 ± 0.6

Table 2: Classification performance (i.e., Macro-F1 and Micro-F1) of each component in our proposed method on all datasets.
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Figure 2: The heatmaps of the self-expressive matrix on all datasets.

reordered by node labels. Each pixel in the heatmap repre-
sents the correlation between the corresponding nodes. The
darker the pixel, the higher the node correlation.

The heatmap shows a similar block diagonal structure.
This indicates that in the self-expression matrix, nodes in the
same class show a larger correlation with each other, while
nodes from different classes show a smaller correlation. This
verifies our argument above, i.e., the self-expression matrix
effectively captures the relationship between two nodes from
the same class. Therefore, the contrast loss based on the self-
expression matrix can achieve node-level consistency and
class-level consistency.

5 Conclusion

In this paper, we proposed an unsupervised multiplex graph
representation learning framework to explore the homophily
and consistency in multiplex graph. Specifically, we propose
to restructure the multi-order relationships of every graph
by correlation coefficients between nodes and multi-order
neighbors, thus improving homophily and reducing the im-
pact of heterophily in the graph structure. In addition, we
propose to capture the relationship between two nodes from
the same class by learning a self-expression matrix and con-
structing a contrastive loss to achieve node-level and class-
level consistency. Extensive experimental results verify the
effectiveness of the proposed method with respect to various
downstream tasks.
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Veličković, P.; Cucurull, G.; Casanova, A.; Romero, A.; Lio,
P.; and Bengio, Y. 2017. Graph attention networks. arXiv
preprint arXiv:1710.10903.
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