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a b s t r a c t
Graph neural networks (GNNs) have made remarkable advancements in processing graph-structured
data with all nodes and edges belonging to the same type. However, various types of node and relations
exist in heterogeneous information networks (HINs), and due to this, HINs contain rich structural
and semantic information. To tackle this heterogeneity, existing methods usually apply several welldesigned metapaths to HINs to obtain the corresponding homogeneous subgraphs. However, these
methods either fail to capture the interconnections between the same nodes in different subgraphs
or require qualified labels. To address these issues, we propose a new multi-aspect self-supervised
learning (SSL) framework for HIN representation in an unsupervised manner: (1) we design a
new contrastive learning model to capture the similarities between the same nodes in different
homogeneous subgraphs, and (2) we maximize the mutual information between the local patches
and the global representation in one subgraph. Extensive experiments on various downstream tasks
demonstrate the superiority of our model in comparison to the existing state-of-the-art methods.
© 2021 Elsevier B.V. All rights reserved.

1. Introduction
Several real-world graphs and networks can be conveniently
modeled using graph structures, such as social networks [1,2],
knowledge graphs [3–5], citation networks [6,7], and recommendation systems [8,9], where the objects and the relationships among them are represented in the form of nodes and
edges. To leverage the abundant information contained in these
graphs, various network embedding methods have been proposed, in which the nodes and edges are represented as lowdimensional vectors while preserving node proximity and the
network structure [10,11].
Owing to the complexity of real-world scenarios, the nodes
and edges in graphs have defined types, and the nodes and edges
can be of various types; these graphs are called heterogeneous
information networks (HINs) . As shown in Fig. 1, we present a
toy example of an HIN, that is, the IMDB network. There are three
types of nodes, actors (A1, A2, A3), movies (M1, M2, M3, M4),
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and directors (D1, D2, D3); and two types of relations, act/acted
between actors and movies, direct/directed between movies and
directors. Compared with homogeneous networks, which have
only a single type of nodes and edges, the heterogeneity from
multiple types of nodes and edges brings new challenges for HIN
embeddings.
Considering the direct exploitation of rich semantics in HINs,
numerous researchers have attempted to borrow the experiences
from homogeneous network embedding. In other words, they
have attempted to simplify HINs via well-designed metapaths.
For instance, some models focus on generating node sequences by
employing a metapath-based random walk and then optimizing
the proximity between nodes [12–14]. Some models decompose
complex HINs into simple networks [15–18]. For example, in
Fig. 1, ‘‘M-A-M’’ is an instance of a metapath, which contains the
semantic information that two movies have the same actor. To
classify movies, we divide the HIN into two sub-networks, each of
which contains one type of semantic information. Then, we utilize
the embedding methods that are widely used in homogeneous
networks for the sub-network.
The present HIN embedding methods have demonstrated their
effectiveness in many downstream tasks; however, several shortcomings still exist that limit their wider applications. First, most
of the present models are based on the semi-supervised setting
and hence require some supervision information [15,19,20]. However, quality-labeled data are difficult to prepare in real world
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Fig. 1. A toy example of dividing a heterogeneous graphs into several homogeneous graphs based on different metapaths. There are three types of nodes:
actors (A1, A2, A3), movies (M1, M2, M3), and directors (D1, D2, D3). The task of heterogeneous graphs is movie node classification. We consider two metapaths:
movie–actor–movie (MAM) and movie–director–movie (MDM).

the embeddings of the same nodes in difficult sub-networks
close is impracticable, representative negative samples are required. This leads us to an insight into the issues that related
topology structures can be used to create embeddings similar,
and thus, only the node features without topology structures
can be designed as negative samples. Specifically, we first feed
each of the subnetworks to the graph convolution network to
obtain the node embeddings. Then, we set one sub-network node
embedding as the anchor samples and set another sub-network
node embedding as positive samples. The node embeddings of the
subgraphs are obtained by applying a graph convolution network
to the node features and the corresponding graph structure. The
negative samples are obtained by only using the node features
through a multilayer perceptron (MLP) layer without a graph
structure. Note that the parameters are shared among the graph
convolution networks of the positive samples and the MLP layer
of the negative samples. As a result, the main difference between the positive and negative samples lies in the use of the
sub-network structure. In this way, the similarities between the
different subgraph embeddings are captured.
The contributions of this study are as follows. (1) We propose
modeling the similarities of the node embeddings in different
subnetworks decomposed from the same HIN. (2) We design
efficient negative samples that share the same parameters and
node features with the corresponding positive samples. (3) We
combine the similarity modeling method between different subgraphs with DMGI and propose a multi-aspect SSL framework for
HIN embeddings. (4) Extensive experiments on three benchmark
datasets are conducted, and our model achieved state-of-the-art
performance compared with previous methods.

scenarios, as data labeling is expensive and time-consuming. In
addition, several models are based on random walk or graph convolution networks, which fail to leverage graph-level structural
information. Although several previous models have attempted
to address these shortcomings [16,18], they are still incapable of
capturing the similarities between the same nodes in different
subnetworks decomposed from the HINs. Taking the toy HIN in
Fig. 1 as an example, after decomposing the HIN with the two
metapaths, M–A–M and M–D–M, we obtain two subnetworks
with the same nodes but different topology structures. We argue
that different topology structures bring related semantics, just as
how two movies with the same actor or director both help to
determine if the two movies belong to the same type. As a result,
after absorbing the same node features and related topology
structures, the embeddings of the same nodes in different subnetworks should be similar to some extent, i.e., node ‘‘M1’’ in
M–A–M sub-network should be similar to node ‘‘M1’’ in M–D–
M sub-network, and the other nodes are the same. However, few
studies have explicitly considered such similarities.
To address the aforementioned problems, we propose a new
multi-aspect self-supervised framework for HIN embeddings. The
recent contrastive SSL can learn expressive representations by
solving a pretext task that selects and compares the anchor,
negative, and positive samples in an unsupervised manner. For
the second shortcoming above, we maximize the mutual information (MI) between the local embeddings and the corresponding
graph-level representations while taking the corrupted graphs
as negative samples following DGI [21] (Deep graph infomax)
and DMGI [17] (deep multiplex graph informax). However, the
third shortcoming is more difficult to solve. As directly creating
2
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learn image representations by recognizing the relative positions
between different parts of an image [39], such as recovering
positions of shuffled segments of one image [40,41] or the degree
of rotation angle [42]. Deep InforMax constructs a contrastive
learning task based on maximizing the MI between a global
context and its local patch [43]. Recent MoCo utilizes instance
discrimination via momentum contrast, which can increase the
number of negative samples [44]. For the graph representation
domain, deep graph information [21] extends deep InforMax and
maximizes MI between graph patch representations and their
high-level summaries.
Graph Neural Network: GNNs [45–47] extend the strong
expressiveness of deep learning from Euclidean data to nonEuclidean data, which greatly helps to mine the rich topology
information of the graphs with various structures. The central
idea of GNNs is to combine the aggregated information from
the neighbors with the node embeddings; as a result, GNNs can
preserve the structure information. Many GNN models are based
on semi-supervised settings, such as graph convolution network
(GCN) [6], graph attention network (GAT) [7], and adaboosting
graph convolution network (AdaGCN) [48]. Owing to the recent
development of SSL, some GNN methods can also learn representations in an unsupervised manner, such as DGI [21], graph
mutual information (GMI) [49], and InfoGraph [50].

The remainder of this paper is organized as follows. Section 2
presents the related works. Section 3 provides the background
knowledge. The details of the proposed model are presented in
Section 4. The experimental background is presented in Section 5.
Section 6 introduces extensive experiments to analyze the proposed method. Section 7 discusses the relationship between the
proposed inter-SSL and the attention mechanism (AM), SSL in
the visual domain. Section 8 concludes the paper and provides
directions for future work.
2. Related work
Graph Representation Learning: Owing to the complexity of
the real-world graphs and networks, directly leveraging the rich
semantic and structure information is a difficult task. Graph representation learning embeds the nodes or edges, and sometimes,
even the entire graph, into low-dimensional vectors while preserving the graph structure information. The learned embeddings
can be used for several downstream tasks such as graph classification [22,23], node classification [6,7], link prediction [24], link
classification [25], and clustering [26].
Heterogeneous Graph Learning: Compared with homogeneous graphs, heterogeneous graphs learning [27] is more challenging owing to its heterogeneity. The present methods for
heterogeneous graph learning can be roughly divided into two
main classes: traditional random walk-based models and deep
learning-based models.
As the most classic random walk-based model for heterogeneous embeddings, metapath2vec [12] obtains node sequences
through the use of metapath-based random walks and utilizes
skim-gram methods to learn the representations. HIN2Vec [14]
can learn node embeddings and metapath embeddings simultaneously. HERec [28] is a heterogeneous network embedding
model used for making recommendations. It first transforms the
heterogeneous graphs into homogeneous graph-based metapaths, followed by node2vec [29] to learn node the representations.
Deep learning-based models apply the unparalleled expressive
ability of deep learning to mine the rich structure information
in heterogeneous graphs. NeuACF [30] is an aspect-level collaborative filtering model that uses a neural network to learn
heterogeneous graph embeddings for recommendations. Heterogeneous attention network (HAN) [15] combines graph neural
networks (GNNs) and AMs, and then proposes a hierarchical
attention model that involves node-level and semantic-level attention. Metapath aggregated graph neural network (MAGNN)
[19] uses node content features and intermediate nodes along
the metapath to learn node representations while considering
multiple metapaths. Heterogeneous graph structural attention
neural network (HetSANN) [31] designs a type-aware attention
layer to embed each vertex in HIN by joining different types of
neighboring nodes and associated edges. [32] proposes a relation structure-aware HIN model that distinguishes heterogeneous
relations into affiliation relations and interaction relations. In
contrast to many previous methods based on metapaths, NSHE
[33] is a model for studying network schema-preserving HIN
embedding.
Contrastive self-supervised learning: Recent years have witnessed the rapid development of contrastive self-supervised
learning (SSL) [34], whose core idea involves leveraging a scoring
function that enforces a higher score on positive pairs and a
lower score on negative pairs [21,35]. In the natural language
processing domain, the basic work Word2vec [36,37] learns contextualized word embeddings based on the word context. In the
visual representation domain, contrastive methods also have a
wide range of applications [38]. Several models have attempted to

3. Problem formulation
In this section, we first describe the basic components of
heterogeneous graphs and introduce ways to obtain multiple
adjacency matrix-based metapaths. Finally, we present a specific
formulation of heterogeneous graph for representation learning.
We list the notations in this paper(see Table 1).
3.1. Heterogeneous graphs
A heterogeneous graph is defined as G = (V , E , T , R, X ),
where V and E represent the node set and edge set, respectively,
and X denotes the node feature matrix. There is also an associated
node type mapping, V → T , and an edge-type mapping: E → R,
where T and R represent the sets of all node types and the set
of all edge types, respectively.
The basic property of a heterogeneous graph is |T | + |R| > 2.
3.2. Adjacency matrix based metapath
In a heterogeneous graph, a metapath Φ [51,52] is defined
e1

e2

et

en−1

as a path v1 −→ v2 −→ · · · vt −→ vt +1 · · · −→ vn , where
e = e1 ◦ e2 ◦ · · · ◦ en−1 denotes the composite relations between
nodes v1 and vn .
In this study, the metapath set is represented as
{Φ1 , Φ2 , . . . , ΦM }, where Φm is the mth metapath type. For instance, in Fig. 1, MAM and MDM are two types of metapaths.
They represent the semantic information that two movies have
the same actors and are directed by the same director.
If nodes vi ∈ Vi and vj ∈ Vi are connected by a path instance
that satisfies the definition of metapath Φm , nodes vi and vj are
neighbors based on Φm . We can leverage an adjacent matrix to
represent such metapath neighbors, for AΦm ∈ R|Vi |×|Vi | , if vi and
m
m
vj are connected by metapath Φm , AΦ
= AΦ
= 1; otherwise,
ij
ji
Φ

Φ

Aij m = Aji m = 0.
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Table 1
Notations and explanations.
Notation

Explanations

G

Heterogeneous information network
Node set, node type set
Edge set, edge type set
Node feature matrix, corrupted node feature matrix
Metapath set, number of metapaths,
Divided subgraph based on metapath Φm
Node representation matrix of Gm , summary of Hm
Corrupted node representation matrix of Gm
Node feature dimensionality; node representation dimensionality
Adjacent matrix based on metapath Φm
Adjacent matrix with weighted self-connections
Degree matrix of Âm
Intra-SSL loss, inter-SSL loss
Bilinear scoring function
Node representation matrix of the anchor, positive, negative subgraph
Consensus node representation matrix

V, T
E, R

X , X̂
Φ, M
Gm
Hm , sm
Ĥm
f,d
Am
Âm
D̂m

Lintra , Linter
D

Ha , Hp , Hn
Z

3.3. Heterogeneous graph representation learning

of the graph centered around node i. For one subgraph Gm , after
calculating its node representations through one GCN encoder,
we need to calculate its graph summary representation:

Given a heterogeneous graph G = (V , E , T , R, X ), the aim of
the heterogeneous graph representation task is to learn the lowdimensional node representations H ∈ R|V |×d , where d is the
dimensionality of the node embeddings. The matrix H is supposed
to preserve the rich structure information in the graph, and H can
be used for many downstream tasks, such as node classification,
link prediction, and clustering.

(
sm = Readout (Hm ) = σ

n
1∑

n

)
Hm (i)

(2)

i=1

where n is the number of nodes in Gm ; in other words, sm is
obtained via a mean pooling operation on all node embeddings.
4.2.1. Negative sample
To distinguish from the true samples, we shuffle initial node
feature matrix X in a row-wise manner and obtain corrupted X̂
following DGI [21]. For subgraph Gm , the corrupted node representations are as follows:

4. Methodology
In this section, we introduce the proposed method in detail.
The core idea of our model is to leverage SSL to obtain heterogeneous graph representations in an unsupervised manner. As there
is rich semantic and structural information in heterogeneous
graphs, our model uses SSL from two different aspects. The first
one is to maximize the MI between the patch representation
and its high summary following DGI [21] and DMGI [17], and
the other is to model the similarities of the node embeddings
between different subgraphs (see Fig. 2).
The inputs of the model are heterogeneous G = (V , E , T , R,
X ). Based on the predefined metapath set {Φm }M
m=1 , we can obtain
.
Each
subgraph
Gm is composed
the adjacency matrix set {Am }M
m=1
of two parts: the node feature matrix X and adjacency matrix Am .

(

1

1

Ĥm = σ D̂− 2 Âm D̂− 2 X̂Wm

)

(3)

4.2.2. Loss function
For subgraph Gm , we now have a node representation matrix
Hm , its high-level summary sm , and the corrupted node representation matrix Ĥm . The goal of the loss function is to maximize
the MI between sm and Hm (i), where Hm (i) denotes the ith node
embeddings in Hm .
However, directly calculating the MI between random variables is difficult. MINE [53] provides a lower bound to the mutual
information of random variables X and Y using the Donsker–
Varadhan representation [54] and KL-divergence:

4.1. Graph neural network encoder

MI(X; Y) ≥ EJ [Tω (x, y)] − log EM eTω (x,y)

[

For each subgraph Gm based on the metapath m, we leverage
a single-layered GCN [6] to obtain the node embedding matrix:
Hm = σ

(

− 21

− 12

(4)

where EJ and EM are the joint distributions and product of
margins, respectively, and Tω is the deep neural network discriminator parametrized by ω. Hjelm et al. [43] maximized MI
by making a discriminator D to distinguish between positive and
negative sample sets in the visual domains. In the graph representation domain, the sample pair (Hm (i), sm ) is the positive sample
drawn from the joint distribution, and (Ĥm (i), sm ) is the negative sample from the product of margins [18]. DGI [21] proves
a BCE loss equal to maximizing the MI based on the Jensen–
Shannon divergence. Thus, we maximize the MI between the
patch representation Hm (i) and the global summary sm in Eq. (5):

)

D̂m Âm D̂m XWm

]

(1)

where Âm = Am +w In is the adjacency matrix∑
of the subgraph Gm
with weighted self-connections [16], D̂n =
j Âii is the degree
matrix. σ denotes the ReLU activation function, Wm ∈ Rf ×d is
a trainable feature transformation matrix, and f and d are the
dimensionality of the node features and node representations,
respectively.
4.2. Intra-subgraph self-supervised learning

Lm
intra =

n
∑

log D (Hm (i), sm ) +

i=1

The core idea of the intra-subgraph SSL is to maximize the
MI between the high-level representation of the graph and the
patch representation, while taking the corrupted graph as negative samples [21]. Specifically, the patch representation is a node
embedding Hm (i) after one GCN layer, which summarizes a patch

n
∑

(

(

log 1 − D H̃m (j), sm

))

(5)

j=1

where D is a bilinear scoring function with a trainable matrix WD ,
independent of the metapath type:
D (Hm (i), sm ) = σ HTm (i)Msm

(

4

)

(6)
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Fig. 2. An illustration of multi-aspect SSL. The proposed model consists of two parts: an intra-SSL part and an inter-SSL part. In this illustration, we consider two
subgraphs as examples. More subgraphs are combinations of different subgraph pairs. In the inter-subgraph SSL: step1, we set the ith subgraph as the anchor sample,
the jth subgraph as the positive sample, and the nodes without graph structure as the negative sample; step2, we feed the anchor and positive sample to a GCN, and
the negative sample to the MLP to obtain embeddings; step3, we make the pairwise distances between anchor and positive embeddings smaller, while the pairwise
distances between anchor and negative embeddings are smaller. In the intra-SSL part: step1, we corrupt each subgraph as a negative sample in the intra-SSL; step2,
we apply a GCN and generate node embeddings for each subgraph and its corrupted version; step3, we obtain the summary of node embeddings by the operation
of readout; step4, a discriminator D is used to distinguish the summary from the embeddings of the original subgraph or from the corrupted one.

4.3. Inter-subgraph self-supervised learning
Hn = σ XWn

(

The intra-subgraph SSL was conducted within a specific subgraph. In this section, we introduce inter-subgraph SSL. In Fig. 1,
although M–A–M (Movie–Actor–Movie) and M–D–M (Movie–
Director–Movie) are different metapaths, the semantic information in the two metapaths are similar: two movies with the same
actor and two movies directed by the same director also denote
that the two movies are more likely to belong to the same class.
Such similar semantic information can be embodied by making
the node embeddings in different subgraphs similar.

1

1
2
3
4
5
6

7

Hp = σ Âp XWp

1

Algorithm 1: Multi-Aspect SSL

4.3.2. Parameters sharing between GCN and fully-connected layer
To give a specific description of the inter-subgraph SSL, we
denote the node embeddings in one subgraph Ha ∈ R|V |×d as the
anchor samples, the embeddings in another subgraph Hp ∈ R|V |×d
as the positive samples, and the negative samples Hn ∈ R|V |×d is
obtained after the initial node feature matrix X through an MLP.
If we rewrite the information processing from the initial node
features X to Hp and Hn ,

)

(8)

where Âp = D̂− 2 Ap D̂− 2 . Though Eqs. (7) and (8) show one
graph convolution layer and one MLP layer, respectively, the main
difference between them is whether node feature matrix X multiplies Âp . We set Wp = Wn such that the graph convolutional layer
and the layer share the same parameters. Compared with the
negative samples Hn , the only advantage of the positive samples
Hp is that it can capture the semantic adjacency matrix. The
shared parameters were trained to distinguish the positive and
negative samples based on the adjacency matrix in the positive
samples.

4.3.1. Negative samples
However, directly minimizing the distances of the node embeddings in different subgraphs is difficult to implement because
we need a negative sample to bring out the similarity. Let us
reconsider the similarity and difference of the subgraphs; they
have the same node feature matrix X ; meanwhile, they have
different but semantically similar adjacency matrices. Based on
these facts, we designed a novel negative sample. There is only an
initial node feature matrix X without any graph structure information in the negative samples. As a result, the distances between
the node embeddings in different subgraphs are small because
their adjacency matrices are semantically similar; meanwhile,
the distance between one subgraph and the negative samples is
larger.

(

)

8
9
10

11
12
13
14

(7)
5

Input: The heterogeneous graph G = (V , E , T , R, X )
Output: The consensus node embeddings Z .
for metapath Φm ∈ Φ do
divide subgraph Gm from G based on Φm ;
get node representation matrix Hm using Eq. (1);
get sm and Ĥm using Eqs. (2)-(3);
calculate Lm
intra using Eq. (5);
select the i-th subgraph Hi from H1 , H2 , ..., HM as an anchor
Hai ;
for Hj ∈ {H1 , H2 , ..., HM }/Ha do
p
take Hj as positive sample, denoted as Hj ;
generate corresponding Hnj by Eq. (8);
log

Calculate the inter-subgraph loss Ltri
inter (i, j) or Linter (i, j)
using Eqs. (9), (10);
sum up different combinations of inter-SSL using Eq. (11);
get ℓcs for consensus embeddings Z ;
using final loss L by Eqs. (12), (13) for backpropagation;
return Z;
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Table 2
Statistics of the datasets.
Dataset

Relations(A-B)

Metapaths

Features

Labeled data

DBLP

Paper–Author
Paper–Paper
Author–Term

P–A–P
P–P–P
P–A—T-A–P

2000

80

Amazon

Item-(Also view)-Item
Item-(Also bought)-Item
Item-(Bought together)-Item

I-V-I
I-B-I
I-O-I

2000

80

ACM

Paper–Author
Paper–Subject

P–A–P
P–S–P

1830

600

IMDB

Movie–Actor
Movie–Director

M–A–M
M–D–M

1007

300

5.1. Datasets

4.3.3. Loss function
Each inter-subgraph SSL loss function is conducted within
two subgraphs: one is the anchor sample, the other is the positive sample, and the negative sample is generated based on the
positive subgraph.
In the entire inter-subgraph SSL process, assuming the ith
subgraph embeddings as the anchor sample Hai , the other subp
graphs are all positive samples Hj , j = {1, 2..., M }/i. Each of these
positive samples is combined with the anchor sample, which
forms a single inter-subgraph SSL loss function. To make the
p
distance between Hai and Hj to be smaller, the distance between
a
n
Hi and Hj to be larger, we apply two contrastive loss functions:
the first one is triplet loss function [55]:
p

a
n
a
Ltri
inter (i, j) = max(∥Hi − Hj ∥2 − ∥Hi − Hj ∥2 + margin, 0)

To demonstrate the effectiveness of the proposed model, we
used four benchmark datasets that are widely used in [15,16,18]
(see Table 2).
DBLP: The dataset is a subset of Digital Bibliography and
Library Project (DBLP) ; it contains 7907 papers (P), 1960 authors (A), 1975 terms (T). The task is to classify the papers into
four classes: data mining, artificial intelligence, computer vision,
and natural language processing . The paper features are the elements of a bag-of-words represented by the abstracts. There
are three types of metapaths in the dataset: P–A–P, P–P–P, and
P–A–T–A–P.
Amazon: The dataset has 7621 nodes, and the dimensionality
of each node’s feature vector is 2000. Each node can be divided
into four categories: beauty, automotive, patient law, and garden.
There are three types of relationships between nodes: Also-view,
Also-bought, and Bought-Together.
ACM: The dataset contains 3025 papers (P), 5835 authors (A)
and 56 subjects (S). Similar to DBLP, the task is to classify the
papers into three classes: database, wireless communication, data
mining . The paper features are the elements of a bag-of-words
represented by the abstracts. There are three types of metapaths
in the dataset: P–A–P and P–S–P.
IMDB: As a subset of IMDB (Internet Movie Database), the
dataset has 3550 movies (M), 4441 actors (A) and 1726 directors(D). The goal is to classify the movies into three classes:
action, comedy, and drama . The movie features are the elements
of a bag-of-words representation of the plots. The two types of
metapaths were M–A–M and M–D–M.

(9)

and another logistic loss function [36,56]:
log

p

Linter (i, j) = log σ (∥Hai − Hj ∥2 /τ ) + log σ (−∥Hai − Hnj ∥2 /τ )

(10)

where τ is the temperature coefficient and ∥ ∗ ∥2 denotes ℓ2 normalized. The specific choices of anchors and positive samples
in different datasets are introduced in Section 5.
The entire inter-SSL loss function is the summation of different
combinations of the inter-SSL:
M
∑

Linter =

Linter (i, j)

(11)

j=1,j̸ =i

4.4. Joint modeling and training
The intra-subgraph and inter-subgraph self-supervised graph
representation learning are conducted simultaneously, and we
need to combine the two methods to obtain the consensus embeddings. Following DMGI [17], the consensus embeddings Z can
be trained using the regularization framework:

[
ℓcs = Z −

M
1 ∑

M

]2
Hm

[
− Z−

m=1

M
1 ∑

M

5.2. Baselines
Deepwalk [57] and Node2vec [29] learn representations via
random walks on graphs. GCN [6] and GAT [7] generalized the
traditional convolution network to graph structure data. DGI
[21] maximizes mutual information at the graph/patch level.
ANRL [58] (attributed network representation learning) utilizes
a neighbor enhancement autoencoder to model the node attribute information and captures the network structure via skipgram. Co-embedding attributed network (CAN) [59] learns the
low-dimensional representations of both attributes and nodes
in the same semantic space. DGCN [60] devises two graph convolution networks to embed local consistency-based and global
consistency-based knowledge. CMNA [61], a cross-network embedding model for multinetwork alignment, learns the intervector for network alignment and intra-vector for other downstream tasks. The intra-vector is used for the evaluations in
this study. MNE [62] is a scalable multiplex network embedding
model that leverages a common embedding to model multiple
networks and an additional embedding for each relation type.
Multidimensional graph convolutional network (mGCN) [63] captures rich information in learning node-level representations

]2
Ĥm

(12)

m=1

The final loss function is:
L=

M
∑

2
Lm
intra + α Linter + 0.001 ∗ ℓcs + β∥Θ ∥

(13)

m=1

where α and β are the weight coefficients of the inter-subgraph
SSL loss function and l2 regularization on the model parameters,
respectively.
5. Experiments
In this section, we introduce some preparation works for
extensive experiments, including datasets, baselines, evaluation
metrics, and experimental settings.
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Table 3
The specific hyperparameters in different datasets.
Loss

Hyperparameters

ACM

IMDB

DBLP

Amazon

Triplet

Loss coefficient
Margin

0.05
1.0

1.0
0.28

0.3
4.50

10.0
0.32

Logistic

Loss coefficient
Temperature

0.5
0.97

1.0
0.54

2.0
3.70

5.0
1.10

for multidimensional graphs. HAN [15] proposed a hierarchical structure to model the node- and semantic-level attentions.
DMGI [17] extended the DGI to heterogeneous graphs and then
proposed a consensus regularization framework and a universal
discriminator. Multiview graph representation learning (MVGRL)
[64] contrasts structural views of graphs and learns node- and
graph-level representations.
The results of these baselines are taken from [16], except for
MVGRL [64]. We reimplemented MVGRL1 on the four datasets
using their open-source codes and tuned the hyperparameters
using a grid search to obtain the best performance.

5.4. Experimental settings
To make a fair comparison with DMGI [16], we follow its
experimental setting. We first reproduce the experiment results
in DMGI model2 . Then, we add the inter-subgraph SSL loss. For
ACM and IMDB with two metapaths, we set one metapath-based
subgraph as the anchor sample (PSP in ACM, MDM in IMDB) and
the other metapath (PAP in ACM, MAM in IMDB) as the positive
sample. For the DBLP and Amazon datasets with three metapaths,
we take one metapath as the anchor sample (PAP in DBLP, IBI in
Amazon), and the remaining two (PPP and PATAP in DBLP, IVI,
and IOI in Amazon) as positive samples, respectively. We also
conducted experiments using different anchors, as described in
Section 6. For convenience, we utilize the metapath to represent
the corresponding subgraph as follows:
The learning rate in our experiments was 0.0001 for ACM,
IMDB, DBLP, 0.001 and Amazon, respectively. The regularization
coefficients were 0.001 for different datasets. In the DBLP and
Amazon datasets, there are three metapaths: one is the anchor,
and the others are positive samples. So there are two interSSL loss functions, in our experiments, we consider the two loss
functions equally, and their coefficients are both 1 to obtain the
final summation of inter-SSL loss functions.
Compared with DMGI, our model only introduces two hyperparameters: the loss coefficient of inter-SSL loss and the margin for triplet loss or temperature coefficient for logistic loss.
Therefore, we list the two hyperparameters of the inter-SSL loss
functions in the four datasets, as shown in Table 3.

5.3. Evaluation metrics
Because the proposed model is based on SSL, no labeled data
can be used to guide the training process. Following DMGI [16],
we utilize three types of evaluation metrics to demonstrate the
effectiveness of our model: node clustering, similarity search, and
node classification.
For node clustering, we used normalized mutual information
(NMI) [65]. For N samples, set the cluster number as K, and
two clustering results. Let n(i, j)(i, j = 1, 2, . . . , K ) represent the
number of samples with the cluster label i and label j in the first
and second clusters, respectively. For n(i, j), we define
∑Kthe joint
n(i,j)
distribution p(i, j) = N , row distribution p1 (j) =
i=1 p(i, j),
∑K
and the column distribution p2 (i) =
j=1 p(i, j). NMI is defined
as follows:

∑K ∑K
i=1

NMI =
mean(

p(i, j) log

j=1

∑K

j=1 p1 (j) log p1 (j),

(

p(i,j)
p1 (j)p2 (i)

∑K

)
5.5. Time and space complexity analysis

(14)

i=1 p2 (i) log p2 (i))

We let f be the feature dimensionality of nodes, d be the
hidden dimensionality, and M be the number of metapaths. The
number of edges varies in different subgraphs; for the sake of
simplicity, we use only one notation Φ to represent the number
of edges. The major computation cost of the proposed model
comes from the graph convolution layer in the intra-SSL and MLP
layers in the inter-SSL. The time complexity of intra-subgraph
self-supervised learning is O(M |E |fd) [6], for which we need (M −
1) negative samples, and thus, the time complexity of the intersubgraph SSL is O((M-1)fd), and the total time complexity is O((M
|E | +|Φ | − 1)fd). The space complexity of the proposed model
contains three parts: the graph convolution parameters: O(Mfd),
the parameters of the scoring function across all relations: WD ∈
Rd×d , and the consensus embeddings Z ∈ Rn×d . The inter-SSL
leverages the parameter-sharing mechanism with intra-SSL, and
thus, it does not introduce new parameters. To summarize, the
space complexity is O((Mf + n + d)d),

For the similarity search, we computed the cosine similarity
scores of the learned embeddings between all pairs of nodes.
Then, for each node, we rank the nodes based on cosine similarity
scores. Next, we compute the ratio of nodes belonging to the
same class within top-5 ranked nodes. Cosine similarity is defined
as follows:
cossim(X, Y) = √∑
n

∑n

i=1

2
i=1 Xi

Xi Yi

√∑

n
i=1

(15)

Yi2

For node classification, we trained a logistic regression classifier on the learned node embeddings in the training set, and
then evaluated the test nodes. The metrics are Macro-F1 (MaF1)
and Micro-F1 (MiF1), defined as follows:
Macro − F 1 =

C
1∑

c

2TPi
i

2TP + FPi + FNi

(
i=1

∑c
Micro − F 1 = ∑C

i=1

i

i

i=1
i

(16)

2TPt

2TP + FPi + FNi

(

)
6. Results

)

In this section, extensive experiments are conducted to
demonstrate the efficiency of the proposed model for HIN embedding. The experiments aimed to address the following research
questions:

i

where TP , FP , and FN are the number of positive, false positive,
and false negatives in the ith class, respectively.
1 https://github.com/kavehhassani/mvgrl

2 https://github.com/pcy1302/DMGI
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Table 4
The classification results on the four dataset.
Method

Datasets with three metapaths

Datasets with two metapaths

DBLP

ACM

Amazon

IMDB

MaF1

MiF1

MaF1

MiF1

MaF1

MiF1

MaF1

MiF1

Deepwalk
node2vec
GCN
DGI
ANRL
CAN
DGCN
CMNA
MNE
mGCN
HAN
DMGI
DMGI_attn
MVGRL

0.533
0.543
0.734
0.723
0.770
0.702
0.707
0.566
0.566
0.725
0.716
0.771
0.778
0.732

0.537
0.547
0.717
0.720
0.699
0.694
0.698
0.561
0.562
0.713
0.708
0.766
0.770
0.739

0.663
0.662
0.646
0.403
0.692
0.498
0.478
0.657
0.556
0.660
0.501
0.746
0.758
0.556

0.671
0.669
0.649
0.418
0.690
0.499
0.509
0.665
0.567
0.661
0.509
0.748
0.758
0.556

0.739
0.741
0.869
0.881
0.819
0.590
0.888
0.782
0.792
0.858
0.878
0.898
0.887
0.874

0.748
0.749
0.870
0.881
0.820
0.636
0.888
0.788
0.797
0.860
0.879
0.898
0.887
0.875

0.532
0.533
0.603
0.598
0.573
0.577
0.582
0.549
0.552
0.623
0.599
0.648
0.602
0.603

0.550
0.550
0.611
0.606
0.576
0.588
0.592
0.566
0.574
0.630
0.607
0.648
0.606
0.610

Ours(tri)
Ours(log)

0.831
0.829

0.827
0.826

0.798
0.783

0.799
0.787

0.899
0.891

0.900
0.890

0.659
0.660

0.659
0.660

Table 5
The clustering and similarity search results on the four dataset.
Method

Datasets with three metapaths

Datasets with two metapaths

DBLP

ACM

Amazon

IMDB

NMI

Sim@5

NMI

Sim@5

NMI

Sim@5

NMI

Sim@5

Deepwalk
node2vec
GCN
DGI
ANRL
CAN
DGCN
CMNA
MNE
mGCN
HAN
DMGI
DMGI_attn
MVGRL

0.348
0.382
0.465
0.551
0.332
0.323
0.462
0.420
0.136
0.468
0.472
0.409
0.554
0.546

0.629
0.629
0.724
0.786
0.720
0.792
0.491
0.511
0.711
0.726
0.779
0.766
0.798
0.812

0.083
0.074
0.287
0.007
0.166
0.001
0.143
0.070
0.001
0.301
0.029
0.425
0.412
0.035

0.726
0.738
0.624
0.558
0.763
0.537
0.194
0.435
0.395
0.630
0.495
0.816
0.825
0.589

0.310
0.309
0.671
0.640
0.515
0.504
0.691
0.498
0.545
0.668
0.658
0.687
0.702
0.619

0.710
0.710
0.867
0.889
0.814
0.836
0.690
0.363
0.791
0.873
0.872
0.898
0.901
0.884

0.117
0.123
0.176
0.182
0.163
0.074
0.143
0.152
0.013
0.183
0.164
0.196
0.185
0.006

0.490
0.487
0.565
0.578
0.527
0.544
0.179
0.069
0.482
0.550
0.561
0.605
0.586
0.572

Ours(tri)
Ours(log)

0.582
0.582

0.809
0.808

0.496
0.485

0.850
0.846

0.680
0.682

0.901
0.902

0.197
0.194

0.615
0.617

RQ1: How does the proposed model perform in node classification, clustering, and similarity search tasks?
RQ2: How do the different subgraph contrastive learning combinations affect the performances?
RQ3: Does the parameter-sharing mechanism in the inter-SSL
method benefit the performances?
RQ4: What are the differences between the learned embeddings with and without inter-SSL?
RQ5: Does the inter-SSL method slow down the training process?
RQ6: Can all subgraphs be selected as anchor graphs to improve the performances?

models’ use of inter-SSL methods can make use of the semantic similarity in different subgraphs. In other words, the
embeddings of nodes are learned with the help of more
semantically related information. Thus, the node embeddings belonging to the same classes become tighter. We
provide a visualization example of the node embeddings
in Section 6.4, which shows how the embeddings become
tighter by adding different inter-SSL methods.
• There is a significant difference between the improvements
on different datasets. If we take the node classification task
as an example in Table 6, on the DBLP, our method can
improve DMGI by 5.3% for MaF1 and 5.7% for MiF1; on
Amazon, the improvement is 4% for MaF1 and 4.1% for MiF1;
on the IMDB dataset, the improvement is approximately
1.5%; however, the improvement is very limited on the ACM
dataset.
• The motivation of the proposed method is to capture similarity between the same nodes under different metapaths,
so the results of the different improvements on the four
datasets are in line with the central idea. To be specific,
there are three kinds of metapaths in the DBLP and Amazon
datasets, and thus, the diversity of the same nodes under
the three metapaths may be larger, and capturing the connections brings more improvement. In addition, a previous
study [66] suggested that the ACM dataset is saturated and
the scope for improvement is very limited; as a result, the

6.1. Results analysis (RQ1)
The results of the node classification are listed in Table 4, and
the node clustering and similarity search results are presented
in Table 5. From the two tables, we can draw the following
observations:

• In nearly all cases, the proposed methods with triplet loss or
logistic loss show improvements on the four datasets, compared with the previous methods. Previous methods learn
subgraph embeddings within each subgraph, and thus, the
semantically related graph structures in different subgraphs
cannot provide semantical information for each other . Our
8
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Table 6
The classification result improvements upon DMGI on the four dataset.
Method

Datasets with three metapaths
DBLP

Datasets with two metapaths

Amazon

ACM

IMDB

MaF1

MiF1

MaF1

MiF1

MaF1

MiF1

MaF1

MiF1

DMGI
DMGI_attn

0.771
0.778

0.766
0.770

0.746
0.758

0.748
0.758

0.898
0.887

0.898
0.887

0.648
0.602

0.648
0.606

Ours(tri)
Ours(log)

0.831
0.829

0.827
0.826

0.798
0.783

0.799
0.787

0.899
0.891

0.900
0.890

0.659
0.660

0.659
0.660

Improvement

5.3%

5.7%

4.0%

4.1%

0.1%

0.2%

1.2%

1.2%

Fig. 3. Different metapaths contrastive learning results for node classification
on the Amazon dataset.

Fig. 5. Different metapaths contrastive learning results for node classification
on the DBLP dataset.

Fig. 4. Different metapaths contrastive learning results for node clustering and
similarity search on the Amazon dataset.

Fig. 6. Different metapaths contrastive learning results for node clustering and
similarity search on the DBLP dataset.

improvement on the IMDB dataset is larger than that on the
ACM dataset.

& positive (PPP), and anchor (PAP) & positive (PATAP); anchor (IBI)
& positive (IVI) and anchor (IBI) & positive (IOI) for Amazon.
To analyze a little more detail how the improvement is
achieved on the DBLP and Amazon datasets, we show the performances of different contrastive learning experimental setting
with triplet loss or logistic loss respectively in Figs. 3, 4, 5, 6. In
the four figures, the horizontal axis represents the metrics for
different metrics, and ‘tri’ and ‘log’ denote triplet loss and logistic
loss, respectively. In Figs. 4 and 6, the left vertical axis denotes the
metrics for NMI, and the right vertical axis denotes the similarity
search. In Fig. 3, ’intra-SSL’ denotes only using intra-SSL model;
’add IBI & IVI’ denotes intra-SSL adds inter-SSL (anchor (IBI)

6.2. Different metapaths contrastive combination analysis on DBLP
and amazon datasets (RQ2)
The proposed method achieved a significantly higher improvement on the DBLP and Amazon datasets. The big difference is that
the DBLP dataset and Amazon dataset have three metapaths. For
DBLP, we utilize two types of contrastive learning: anchor (PAP)
9
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Table 10
The results on Amazon dataset with and without parameter sharing.

Table 7
The results on ACM dataset with and without parameter sharing.
Loss

Param sharing

MaF1

MiF1

NMI

Sim@5

Loss

Param sharing

MaF1

MiF1

NMI

Sim@5

Triplet

Yes
No

0.899
0.871

0.900
0.871

0.680
0.647

0.901
0.891

Triplet

Yes
No

0.798
0.732

0.799
0.736

0.491
0.264

0.850
0.793

Logistic

Yes
No

0.891
0.885

0.890
0.887

0.682
0.644

0.902
0.905

Logistic

Yes
No

0.793
0.762

0.787
0.763

0.485
0.254

0.846
0.801

Table 8
The results on IMDB dataset with and without parameter sharing.

Table 11
The training time of DMGI and our models on the four datasets.

Loss

Param sharing

MaF1

MiF1

NMI

Sim@5

Datasets

ACM

IMDB

DBLP

Amazon

Triplet

Yes
No

0.659
0.592

0.659
0.606

0.197
0.201

0.615
0.580

DMGI
Ours

136 s
92 s

130 s
90 s

589 s
312 s

268 s
181 s

Logistic

Yes
No

0.660
0.595

0.660
0.601

0.194
0.052

0.617
0.559

6.4. Visualizations of different subgraphs (RQ4)
Table 9
The results on DBLP dataset with and without parameter sharing.
Loss

Param sharing

MaF1

MiF1

NMI

Sim@5

Triplet

Yes
No

0.831
0.829

0.827
0.823

0.582
0.578

0.809
0.811

Logistic

Yes
No

0.829
0.782

0.826
0.781

0.582
0.559

0.808
0.804

In Tables 4 and 5, we list the results of the proposed model.
As can be seen, our model (intra-SSL and inter-SSL) can improve DMGI (only intra-SSL) by a larger margin, especially on
the DBLP and Amazon datasets. To further understand how the
improvements are achieved, we provide four visualizations of the
node embeddings of the DBLP with different inter-SSL constraints
in Fig. 7. The top left is the visualization of the node embeddings in DMGI (only intra-SSL); the others belong to our models.
Specifically, the right-top intra-SSL adds inter-SSL (anchor PAP &
positive PPP); the left bottom is the intra-SSL adding the interSSL (anchor PAP & positive PATAP); the right bottom is intra-SSL
adding inter-SSL (anchor PAP & positive PPP and anchor PAP &
positive PATAP).
As can be observed, the addition of contrastive learning can
tighten the embeddings of the nodes from the same classes,
whereas the other visualizations are all tighter than the left-top
visualization. Compared with previous methods, the proposed
model learns the node embeddings of each subgraph by leveraging other subgraph structures. This mechanism causes the nodes
belonging to the same classes to have additional connections, and
the node embeddings therefore become tighter.

and positive (IVI)); ’add IBI & IOI’ denotes intra-SSL adds interSSL (anchor (IBI) and positive (IOI)); ’add IBI & IVI, IBI & IOI’
denotes intra-SSL adds the two metapath contrastive learning
losses. The experimental settings in Figs. 4, 5, 6 are similar to
those in Fig. 3 but for different tasks and datasets.
From the four figures, whether using triplet loss or logistic
loss, it is clear that each contrastive learning can all benefit the
performance, which further demonstrates the rationality of the
central idea of the proposed method. In addition, for the two
datasets, different metapath contrastive learning methods result
in different performance improvements; directly combining the
two metapath contrastive learning methods does not achieve the
best performance for the DBLP dataset. Based on the semantic information of the metapaths in different datasets, selecting
and designing proper metapath contrastive learning combinations and giving them adaptive loss function coefficients (the
coefficients are all 1 in our experiments) will provide better
performances, and we leave this for future work.

6.5. Training time comparison (RQ5)
To check whether our model is faster than the DMGI, we list
the training times of the two models on the four datasets in
Table 11. The training time was calculated as the time starting
from model training to convergence on a single GPU, GeForce RTX
2080Ti. It is obvious that our model can reduce the one-third
of the training time compared to the DMGI. This is mainly because our model captures the similarities between the subgraphs,
which can be regarded as an efficient constraint to help the model
converge faster.

6.3. Ablation study (RQ3)
In the proposed model, we used the parameter-sharing mechanism for the positive and negative samples. To analyze whether
parameter-sharing is essential, we compare the results with and
without parameter-sharing in Tables 7, 8, 9, and 10. From Table 7
on ACM dataset, utilizing parameter-sharing can averagely bring
1% improvement on node classification task compared without
parameter-sharing, and the number is 4% on clustering task. From
Table 8 on IMDB dataset, the parameter-sharing mechanism is
particularly effective on node classification task, and the improvement is about 6% for the two loss functions. On the DBLP dataset
from Table 9, the function of parameter-sharing mechanism is
extremely obvious for logistic loss. Table 10 shows parametersharing can have a significant improvement for all the tasks on
Amazon dataset. Overall, from the four tables, we can see that
the performance with the parameter-sharing is much better than
without parameter-sharing in most cases.

6.6. Effect of different anchors (RQ6)
The proposed method is based on contrastive learning, which
selects and compares the anchor, negative, and positive samples.
To check whether any metapath is suitable as an anchor sample,
we conducted experiments using different anchors with triplet
and logistic loss on the DBLP and Amazon datasets, and the results
are shown in Fig. 8, 9. In the experiment, one anchor was selected
and the other metapaths were regarded as positive samples. In
the two figures, the horizontal axis denotes the node classification
metrics, ‘tri’ and ‘log’ refer to the abbreviations of the triplet loss
and logistic loss respectively.
From Fig. 8, 9, taking different metapaths as anchor samples
can improve the performance. This indicates that the proposed
inter-SSL is a general method for different selected anchors. For
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Fig. 7. Visualizations of the node embeddings under different inter-SSL methods on DBLP. PAP, PPP, and PATAP represent the subgraphs based on the corresponding
metapaths. ’add PAP & PPP’ means the combination of intra-SSL and inter-SSL (anchor PAP & positive PPP), and the others are similar.

the DBLP dataset, all the three anchors showed a 4%–6% improvement upon DMGI. With regard to the Amazon dataset, ‘IVI’ and
‘IBI’ are better anchors than ‘IOI’, and the difference in the performances for the different anchors may be attributed to the internal
semantic correlation. The ‘IOI’, ‘IBI’ and ‘IVI’ represent the relation Bought-Together, Also-Bought and Also-View between the two
items, respectively. The relation Bought-Together is the strongest
and has the fewest connections among the three relations. As a
result, taking ‘IOI’ as an anchor allows the model to converge in
a direction with fewer semantic connections compared with the
other two relations.
7. Discussion
In this section, we discuss two further aspects of the proposed
model: one is the relationship between the inter-SSL and the SSL
methods in the visual domain, and the other is the inter-SSL and
AM in HINs.
As a type of the SSL method, the proposed inter-SSL method
has demonstrated a strong relationship with the recent SSL methods. In the visual domain, many data augmentation methods have
been proposed to provide different views of the same image,
such as rotations, crop, resize, color distortion, and Gaussian noise
[56], and the corresponding SSL models force the embeddings of
different views for the same image close to each other and push
away the embeddings of different images [34]. In the graph representation domain, node augmentation methods (node dropout,
node feature dropout) [67] and graph structure augmentation
methods (graph diffusion and edge perturbation) [68] are also
used to generate other views of the same graph, and the graph

Fig. 8. The performances of different anchors on DBLP dataset.

representations are trained by maximizing the agreement between different views. The HIN is a complex network with rich
information, and if we consider the HIN with a specific semantic
view, one subgraph can be obtained. The subgraphs divided from
the same HIN based on different metapaths can be regarded as
different views of the HIN. The proposed inter-SSL method aims
to force the embeddings of different views in the same HIN close
to one another, similar to the recent SSL methods in the visual and
graph representation domains. However, directly borrowing the
11
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maximization [21] and bootstrapping [69,70]. In addition, the
bootstrapping method and other SSL models [71] can also be
introduced to HINs. (2) Our model can converge faster owing to
a reasonable semantic similarity constraint. (3) Our model can
achieve a higher performance without introducing extra parameters on the four given datasets. (4) The significant improvements
on the DBLP and Amazon datasets indicate that the proposed
model is more suitable for highly complex networks with rich
semantic information. However, our model still has the following two shortcomings: (1) as our model focuses on subgraphbased metapaths, it heavily relies on the quality of metapaths;
(2) the divided subgraphs from HINs neglect the intermediate
nodes in the metapaths. In our future work, we will attempt
to extend more SSL models to graphs and overcome the two
aforementioned shortcomings.
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Fig. 9. The performances of different anchors on Amazon dataset.
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idea to the HIN is not a simple task, as the generation of negative
samples cannot follow previous methods (previous methods use
other graphs as negative samples, but we only have one HIN).
Based on this, we propose using node features without a graph
structure as negative samples. Therefore, the difference between
the positive and negative samples is whether the topological
structure is similar to that of the anchor samples.
Capturing the connections between the same nodes in different metapath-based subgraphs is essential. Previous studies
only relied on a single choice: AM [15,17–19]. Now, the inter-SSL
proposed in this study can be utilized instead of relying heavily
on AM. The AM functions in the latent space and is based on the
distance that is calculated without more supervision information.
According to Table 6, AM improves performances on DBLP and
Amazon, but worsens the performances on ACM and IMDB, so AM
does not always benefit the performances. However, the interSSL method in this paper introduces prior information to find
the similarities in an explicit manner, which nearly improves the
performances on different metrics for all datasets. In addition,
the motivations of AM and the proposed inter-SSL are different:
the AM obtains the weights of the nodes in different subgraphs,
whereas the purpose of the inter-SSL is to capture the similarities.
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