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Abstract
With the rapid growth of information in the Internet era, people are in great need of rec-
ommendation methods to filter information. At present, recommendation methods which
based on heterogeneous information network (HIN) have attracted wide attention. Recently,
HIN-based recommendation methods need to be modeled from two aspects: node structural
association and semantic association. To this end, we propose a graph contrastive learning
model based on structural and semantic view for HIN recommendation (GCL-SS). GCL-SS
utilizes U-I interactive view to obtain node structural embeddings, and utilizes U-I semantic
view to obtain node semantic embeddings. Based on these two kinds of embeddings, we
establish a self-supervised contrastive learning mechanism to effectively integrate structural
information and semantic information of user (item) nodes in HIN, and finally learn a more
discriminative user (item) embedding. In addition, in order to strengthen the semantic associ-
ation between nodes, we innovatively utilize time sequence encoder (TSE), such as LSTM, to
encode semantic homogeneous network decomposed by HIN in U-I semantic view. At last,
based on the user and item embeddings, we adopt bilinear decoder to model the potential
association between user and item, so as to realize rating prediction of user to item. The
experimental results on three real datasets confirm that our GCL-SS model performs bet-
ter than state-of-the-art recommendation methods in rating prediction task. In addition, the
results of four ablation experiments indicate that our GCL-SS model can effectively improve
the performance of rating prediction in recommendation.

Keywords Heterogeneous information network (HIN) · Contrastive learning · Time
sequence encoder · Rating prediction
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1 Introduction

With the rapid growth of the information in e-commerce and social media, it is difficult
for people to find favorite products or content in a large amount of information in a short
time. In order to greatly improve the information search rate and reduce labor cost, people
need to filter information with the help of recommendation systems. Since heterogeneous
information network (HIN) [1] is a complex network containing multiple types of nodes and
relations, has abundant structural and semantic information, which can provide sufficient
content for recommendation system. Therefore, the modeling of recommendation system is
mainly based on HIN recently. HINs include movie recommendation network, bibliographic
network [2], biomedical network [3], e-commerce network and so on. Bymodeling the HINs,
the recommendation system can mine abundant potential information of all kinds of nodes
and potential association between user and item in the HIN. Therefore, in recent years, more
and more HIN-based recommendation methods have been proposed.

HIN-based recommendation methods, such as heterogeneous Graph Neural Network
(HGNNs), usually need to obtain the embeddings of various types of nodes in HIN. Based
on these node embeddings, such methods can achieve rating prediction of user to item by
mining the potential association between user and item embeddings. At present, HIN-based
recommendation methods can be divided into two categories by the type of user (item)
embedding: graph-structure based HIN recommendation method [4–7], and meta-path based
HIN recommendation method [8–15].

Graph-structure basedHIN recommendationmethods implementU-I recommendation for
the U-I direct association (i.e., the interaction between user and item). This kind of methods
obtain user and item embeddings by encoding graph structure in HIN. These embeddings
can reflect the local structural information of user and item nodes in HIN. However, such
methods only consider the structural information of user (item) nodes, but do not consider
the semantic information of user (item) nodes.

Meta-path based HIN recommendation methods implement U-I recommendation for the
UU (II) indirect association (i.e., the semantic associations between users or items). At
present, this kind of methods mainly consider decomposing HIN into multiple unweighted
homogeneous networks according to the type of meta-path. Then, these methods encode
and fuse all unweighted homogeneous networks to obtain user (item) embeddings. Since
the meta-path can reflect semantic association between various types of nodes in HIN, the
user (item) embeddings obtained by these methods can represent the semantic association
information of users (items). However, such methods only consider the semantic information
of user (item) nodes, but do not consider the structural information of user (item) nodes
and the degree of semantic association between user (item) nodes. If we ignore the degree
of semantic association between nodes, a part of semantic information will be lost during
message passing.

We establishU-I interactive viewandU-I semantic view for node structural embedding and
semantic embedding to realize the expressions of graph structure and node semantic associa-
tion in HIN. Among them, U-I interactive view can extract node neighborhood environment
(structural) features by encoding the neighborhood density and neighborhood location of
user (item) nodes in U-I interactive network (bipartite graph), so as to obtain the structural
embeddings of user (item) nodes. U-I semantic view considers the problems of multi-channel
construction for user (item) semantic homogeneous networks, multi-channel feature fusion
and semantic feature fusion. So, we firstly construct multiple weighted channels of user
(item) semantic homogeneous network by meta-path decomposition and semantic homoge-
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neous network weighting. Secondly, we encode and fuse the multi-channel features of user
(item) semantic homogeneous network by TSE and self-attention mechanism to obtain the
semantic features of user (item) nodes. Finally, we fuse the semantic features of the neighbor
heterogeneous nodes through k-hop neighborhood aggregation to obtain the final semantic
embeddings of user (item) nodes.

In summary, in order to integrate structural information and semantic information of user
(item) nodes more effectively, we propose a graph contrastive learning model based on struc-
tural and semantic view for HIN recommendation (GCL-SS). By establishing a contrastive
learning mechanism, GCL-SS can effectively combine the information extracted from U-I
interactive view and U-I semantic view to improve the performance of recommendation.
As a typical self-supervised method, contrastive learning [16] can maximize the similarity
between the same node embeddings in U-I interactive view and U-I semantic view, while
minimizing the similarity between the different node embeddings. Therefore, this method
can integrate the information of U-I interactive view and U-I semantic view, while maintain-
ing the uniqueness and specificality of each view information, so as to effectively retain the
information of HIN.

The contributions of our work can be summarized as follows:

• In this paper, we propose the GCL-SS model. It establishes a self-supervised contrastive
learning mechanism for U-I interactive view and U-I semantic view. This method can
keep the encoding consistency between the same nodes in the two views while keeping
the encoding difference between different nodes.

• In U-I semantic view, we innovatively utilize time sequence encoder, such as LSTM, to
encodemultiple semantic homogeneous networks. This method strengthens the semantic
association between user (item) nodes by strengthening the semantic environment context
of nodes in HIN.

• Based on GCL-SS, we propose an extended model, GCL-SSAE . In U-I semantic view,
we compare the structure of the reconstructed semantic homogeneous network with the
original network. By strengthening the structural consistency of semantic homogeneous
networks, GCL-SSAE can effectively preserve the semantic association information of
nodes in HIN.

2 RelatedWorks

In this section,we review some closely related studies, includingHIN-based recommendation
and graph contrastive learning.

2.1 HIN-Based Recommendation

Heterogeneous information network (HIN) is a complex network containing various types of
nodes and rich connection relations, which can describe the relationship between complex
information in the real world, such as e-commerce network, movie recommendation network
and so on. To this end, bymodeling theHINs,we canmine the potential information of various
types of nodes and edges in the HIN, so as to obtain low-dimensional vector representations
of nodes and edges. The obtained vector representations can be applied to many downstream
tasks, such as link prediction, node classification, personalized recommendation [17, 18]
and so on. Among them, the methods with personalized recommendation as the downstream
task usually utilize user and item embedding to calculate the similarity between user and
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item, so as to mine the potential association between user and item. At present, HIN-based
recommendation methods can be divided into two categories by the type of user (item)
embedding: graph-structure based HIN recommendation method and meta-path based HIN
recommendation method.

Graph-structure based HIN recommendation methods encode graph structure mainly by
the neighborhood aggregation of various types of nodes in HIN. For example, Wu et al. [4]
proposed DiffNet which respectively obtains user and item embeddings by k-hop neighbor-
hood aggregation of user social network and historical behavior. NGCF [5] and LightGCN
[6] utilize multi-level message passingmechanism (e.g., k-hop neighborhood aggregation) to
obtain user (item) embeddings. Zhang et al. [7] proposed HetGNN which aggregates neigh-
bor nodes according to node types, and obtains node embeddings through two RNNs. The
first RNN encodes the feature interaction of each node to obtain node context embeddings.
Another RNN aggregates the context embeddings of neighbor nodes according to node types,
and introduces the attention mechanism to measure the influence of various types of nodes,
so as to obtain the final node embeddings.

Meta-path based HIN recommendation methods can be divided into meta-path based
random walk methods and meta-path decomposition methods. (1) Meta-path based random
walk methods firstly utilize random walk to obtain heterogeneous node sequences, and then
they encode sampling sequence by skip-gram. At last, they utilize the nearest neighbor
relationship to learn node embeddings. For example, metapath2vec [8] is an extension and
improvement of the Deep Walk [9] algorithm in heterogeneous domain. By strengthening
the context association of node sequences which are sampled by randomwalk, metapath2vec
can take full advantage of the rich semantic information of HIN. HINE [10] obtains node
embeddings by themeta-path based randomwalk tomodel the similarity betweennodes. Then
it optimizes node embeddings by minimizing the KL divergence of the two similarities (node
embedding similarity andmeta-path similarity). Fu et al. [11] designs a neural networkmodel
(HIN2vec) to maximize the co-occurrence probability of nodes in a meta-path-based random
walk path, so as to obtain the vector representation of each node. (2)Meta-path decomposition
methods utilize meta-path to decompose heterogeneous information networks into multiple
heterogeneous or homogeneous networks. By encoding these heterogeneous or homogeneous
networks, the semantic information of eachmeta-path can be fully utilized. For example,MV-
HetGNN [12] firstly obtains multiple heterogeneous networks (multiple views) according to
the meta-path, then performs neighborhood aggregation on each view, and finally uses intra-
view and inter-view auto-encoding to obtain node embeddings. According to whether the
nodes at both ends of the meta-path are the same, HMSG [13] decomposes HIN into multiple
homogeneous networks and heterogeneous networks. Then it obtains node embeddings by
node-level aggregation and semantic-level aggregation. HERec [14] firstly uses meta-path
based random walk to extract meaningful node sequences from the HIN, then utilizes the
sampled node sequences to decompose the HIN into multiple homogeneous networks, and
finally uses three fusion functions to fuse the node features encoded bymultiple homogeneous
networks. AMERec [15] weights the homogeneous network after meta-path decomposition
to distinguish the importance of node pairs, then performs random walk to extract node
features, and finally utilizes self-attention mechanism to fuse the semantic information of
multiple meta-paths.

In conclusion, graph-structure based HIN recommendation methods only consider the
structural information of user (item) nodes, andmeta-path basedHIN recommendationmeth-
ods only consider the semantic information of user (item) nodes. Both node structural and
semantic information will have an impact on the final learned node embedding, which will
affect themodel recommendation performance. Therefore, it is significant to effectively com-
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bine the two types of node information, so as to capture more potential information of nodes
in HIN.

2.2 Graph Contrastive Learning

At present, as one of the main methods in self-supervised representation learning, contrastive
learning has been widely used in computer vision [19, 20] and natural language processing
[21, 22]. Contrastive learning utilizes the principle of mutual information maximization to
learn feature representations. Inspired by visual contrastive learning, contrastive learning
has been applied to graph data mining field recently. According to the network type, graph
contrastive learning methods can be divided into homogeneous network contrastive learn-
ing (homogeneous domain) and heterogeneous network contrastive learning (heterogeneous
domain).

In homogeneous domain, DGI [23] builds local features (i.e., node features) and global
features (i.e., graph features) as positive pairs, and utilizes Infomax [24] theory to contrast,
so as to learn node embeddings and graph embeddings. MVGRL [25] utilizes node fea-
tures and graph features obtained from different views, to establish a contrastive learning
mechanism. This strategy can effectively improve the accuracy of node classification and
graph classification. CSSL [26] takes the augmentation graphs obtained by same graph as
positive pairs, and takes the augmentation graphs obtained by different graphs as negative
pairs. Based on positive and negative pairs, CSSL utilizes contrastive learning to improve the
accuracy of graph classification. GCA [27] respectively utilizes topology-level augmenta-
tion and attribute-level augmentation to obtain topology and attribute features. Through the
contrastive learning of the two views, the final node embedding can integrate graph structure
and node attribute information.

In heterogeneous domain,HeCo [28] establishes network schemaviewandmeta-path view
to learn node embeddings, so as to capture both of local and global structure simultaneously.
In addition, HeCo proposes a cross-view contrastive learning mechanism to extract positive
and negative samples from the two views, so that the two views can supervise each other to
learn the final node embedding. However, the disadvantage of HeCo is that node embedding
is easily affected by view interaction noise. Therefore, HeCo cannot maintain the embedding
consistency of each node in different views, and the embedding difference ofwith other nodes.
SGL [29] establishes two views of U-I bipartite graph by various augmentation functions to
achieve cross-view contrastive learning. However, the disadvantage of SGL is that it only
models the structure of the bipartite graph and lacks semantic information.

3 Preliminary

In this section, we introduce important definitions related to HIN recommendations, as fol-
lows:

Definition 1 Heterogeneous information network (HIN). HIN is defined as a network G =
(V, E, φ, ϕ),whereV andE denote sets of nodes and edges.HINcontains a node typemapping
function φ: V → Q and an edge type mapping function ϕ: E → O , where Q(|Q| > 1)
represents the set of node types and O(|O| > 1) denotes the set of edge types.

Figure 1a illustrates an example of HIN (Movielens). There are four types of nodes (“user”,
“item”, “occupation” and “genre”), among which “item” can be regarded as “movie” in
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Fig. 1 A recommendation example of HIN (Movielens) and U-I interactive network (bipartite graph) and the
illustrations of meta-path

Movielens dataset. Meanwhile, there are three types of relations (“work”, “preference” and
“belong to”).

Definition 2 U-I interactive network (bipartite graph). The bipartite graph is a network which
only contains user and item nodes taken from the HIN, noted as Gr = (V , E, X , R, M). The
node set V = (U , I ) ∈ V of Gr contains user and item nodes, where U = {u1, u2, ..., un1}
and I = {m1,m2, ...,mn2}; E ∈ E denotes set of edges, and ei j denotes the edges between
user ui and item m j ; X = (XU , XI ) represents the learnable initial node features of users
and items, where XU ∈ R

n1×d and XI ∈ R
n2×d ; R ∈ R

n1×n2 is the adjacency matrix of Gr ,
where Ri j = 1 if ei j ∈ E , otherwise Ri j = 0; M ∈ R

n1×n2 is the rating matrix of Gr . A
nonzero element Mi j represents a real rating r ∈ {1, ...,R} of user ui to item m j .

Figure 1b shows the interaction relationship (i.e., rating types) between user and item in the
U-I interactive network. We utilize the known rating and user (item) embeddings obtained
from model training to predict unknown rating between user and item.

Definition 3 Meta-path. A meta-path P is represented as Q1
O1−→ Q2

O2−→ ...
Oi−→ Qi+1,

which describes a composite relation O = O1 ◦ O2 ◦ ... ◦ Oi between node types Q1 and
Qi+1, where ◦ denotes the composition operator on relations.

Figure 1c shows four meta-paths extracted from HIN in Fig. 1a, which can describe different
semantics information. For example, the meta-path PU IU represents the relationship of the
co-watching movies between two users; The meta-path PIU I indicates that two movies are
favored by the same user; The meta-path PUOU represents two users with same occupation;
The meta-path PIGI represents two movies with the same genre.
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Fig. 2 The framework of the proposed GCL-SS model

4 Methodology

Since there are U-I direct association and UU (II) indirect association in HIN, and U-I direct
association can express the interaction between user and item, while UU (II) indirect associ-
ation can express the semantic information between users (items). Therefore, it is necessary
to perform HIN-based recommendation from two aspects: U-I interaction association and
U-I semantic association.

To this end, we propose the GCL-SS model. GCL-SS utilizes the mutual supervision of
U-I interactive view and U-I semantic view to establish a cross-view contrastive learning
mechanism. Among them, U-I interactive view can obtain node structural information, and
U-I semantic view can obtain node semantic information. This contrastive learning mech-
anism can integrate the information of U-I interactive view and U-I semantic view, and
also maintain the uniqueness and specificality of each view information. Figure 2 shows the
overall framework of GCL-SS. GCL-SS includes U-I interactive view encoder, U-I semantic
view encoder and bilinear decoder [30]. Firstly, GCL-SS encodes the U-I interaction network
Gr in U-I interactive view to obtain user (item) structural embedding, and simultaneously
encodes the HIN in U-I semantic view to obtain user (item) semantic embedding. Secondly,
we adopt self-attention mechanism to fuse the user (item) structural embedding with seman-
tic embedding to obtain the final user(item) embedding. At last, bilinear decoder utilizes
user embeddings and item embeddings to reconstruct the interaction relationship (i.e., rating
types) between user and item, so as to realize the rating prediction of user to item.

4.1 U-I Interactive View

In the U-I interaction network Gr , since the interaction between user and item can directly
express user’s preference for item, and the information such as neighborhood density and
neighborhood location of user (item) nodes can represent its local structural information.
Therefore, by encoding the local structural information of user (item) nodes in Gr , we can
extract the node neighborhood environment (structural) features. In addition, since the U-I
interaction network is a heterogeneous network with two types of nodes (user and item), we
adopt heterogeneous GCN (or other HGNNs) as the basic module. This module captures the
local structural information of user (item) nodes by k-hop neighborhood aggregation in Gr

to obtain user (item) structural embeddings. Among them, the expression of user and item
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structural embeddings Z1 (Z1
U and Z1

I ) in U-I interactive view is as follows:

Z1 = HGNNs(XU , XI , R) (1)

where XU ∈ R
n1×d is a learnable initial user feature, XI ∈ R

n2×d is a learnable initial item
feature; R ∈ R

n1×n2 is the adjacency matrix of Gr .

4.2 U-I Semantic View

In HIN, there are various semantic associations between users (items). For example, if two
users are connected by “occupation”, it means that two users have the samework; if two users
are connected by “item”, it means that two users have the same preference. Therefore, the
semantic association between users (items) can be regarded as UU (II) indirect association.

Since HIN is composed of multiple types of nodes and relations, and meta-path is an
alternate category sequence of various node types and relations,which can reflect the semantic
context association of nodes at both ends of themeta-path. Therefore, the semantic association
information between user (item) nodes can be represented bymeta-path. As shown in Fig. 1c,
the meta-paths about user such as PU IU and PUOU can respectively represent two kinds of
user semantic association information, so we can construct two channels (such as GPU IU

U and

GPUOU
U ) of user semantic homogeneous network.
Since our model needs to encode each user (item) channel separately and obtain node

semantic embedding,wemainly consider three problems inU-I semantic view:multi-channel
construction for user (item) semantic homogeneous networks, multi-channel feature fusion
for homogenous nodes, and semantic feature fusion for heterogenous nodes.

In terms of multi-channel construction, in order to construct user (item) channels, we
use the meta-paths which start and end with the user or item node, such as PUOU or PIGI ,
as the basic meta-paths for our model. Firstly, we construct multiple channels of the user
(item) semantic homogeneous network by meta-path decomposition of HIN. Secondly, we
utilize augmentation module (AM) or cosine similarity to weight each channel of the user
(item) semantic homogeneous network, so as to obtain multiple user-weighted channels
{GPU IU

U ,GPUOU
U , ...} and item-weighted channels {GPIU I

I ,GPIGI
I , ...}, where GPU IU

U repre-
sents user-weighted semantic homogeneous network based on meta-path PU IU .

In terms of multi-channel feature fusion, we first encode each user-weighted channel and
item-weighted channel by TSE. Each user-weighted channel can obtain a user feature and
each item-weighted channel can obtain an item feature. The TSE can strengthen the semantic
environment context of nodes in each channel to strengthen the semantic association between
users (items). Then, we adopt attention mechanism to fuse multiple channels of user (item)
semantic homogeneous network to obtain user (item) semantic features.

In terms of semantic feature fusion, we utilize HGNNs to encode the fused node semantic
features. By aggregating the semantic information of neighborhood heterogeneous nodes,
we can obtain the final user (item) semantic embedding in U-I semantic view.

4.2.1 Multi-channel Construction Strategy

In this paper, we choose four basic meta-paths as shown in Table 1:
In U-I semantic view, when the meta-paths are PU IU and PIU I , we use augmentation

module (AM) toweight the channelsGPU IU
U andGPIU I

I (as shown inFig. 2), so as to strengthen
the preference association between users and the similarity association between items.
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Table 1 Four basic meta-paths Meta Path Definition

PU IU Is a direct semantic association between users
(through item

association), which means that two users have
common
preferences.

PIU I Is a direct semantic association between items
(through user

association), whichmeans that two items are liked
by the same
user.

PUOU Is an indirect semantic association between users
(through

occupation association), which means that two
users have
the same occupation.

PIGI Is an indirect semantic association between items
(through

genre association), which means that two items
have the
same genre.

Figure 3 shows the detailed process of theAM,we useKNNalgorithm to obtain user social
network Gs and item network Gc, which respectively represent user social relationship and
item similarity relationship. In terms of user data augmentation, we utilize user social network
Gs and U-I interactive network Gr to strengthen user preference association. If user ui and
user u j both have the same preference and the social relationship, ui and u j are more similar.
The similarity between ui and u j can be reflected by the number of same preferences between

ui and u j . It can also be used as the weight between ui and u j in channel G
PU IU
U . In addition,

the process of item data augmentation is the same as user data augmentation. To this end, the
adjacency matrices of channels GPU IU

U and GPIU I
I are respectively expressed as follows:

As = (RRT ) � S

Ac = (RT R) � C
(2)

where R ∈ R
n1×n2 is the adjacency matrix of Gr ; S ∈ R

n1×n1 and C ∈ R
n2×n2 respectively

represent the adjacency matrices of Gs and Gc; � represents Hadamard product. The edge
weights W of GPU IU

U and GPIU I
I are respectively expressed as follows:

Ws
ui ,u j

= As
ui ,u j∑
As
ui ,:

Wc
mi ,m j

= Ac
mi ,m j∑
Ac
mi ,:

(3)

where As
ui ,u j

is the unnormalized weight between users in GPU IU
U and Ac

mi ,m j
is the unnor-

malized weight between items in GPIU I
I . According to Ws

ui ,u j
and Wc

mi ,m j
, we can construct

user-weighted channel GPU IU
U and item-weighted channel GPIU I

I .

123



16 Page 10 of 23 R. Yu et al.

Fig. 3 Augmentation module (AM). It contains user data augmentation and item data augmentation

Fig. 4 Weighted process of semantic homogeneous network (Cosine Similarity)

When the meta-paths are PUOU and PIGI , we use cosine similarity to weight channels
GPUOU

U and GPIGI
I . As show in Fig. 4, for the meta-path PUOU , Fig. 4a represents the meta-

path instance of user u1; Fig. 4b represents meta-path based weighted neighbor pairs; Fig. 4c
represents meta-path based user-weighted channel. We use cosine similarity to calculate the
similarity between user ui and user u j , and take this similarity as the weight Wui ,u j of node
pairs (ui and u j ):

Wui ,u j = |pPUOU
ui ,u j |

√
|N PUOU

ui |×|N PUOU
u j |

(4)

123



A Graph Contrastive Learning Model Based on Structural... Page 11 of 23 16

Fig. 5 Time sequence encoder (TSE). It contains Sample module and RNN

where |pPUOU
ui ,u j | represents the number ofmeta-path instances between ui and u j onmeta-path

PUOU ; |N PUOU
ui | and |N PUOU

u j | respectively represent the number of neighbors of ui and u j

on meta-path PUOU . According to Wui ,u j , we can construct user-weighted channel G
PUOU
U .

In addition, item-weighted channel GPIGI
I can also be obtained.

4.2.2 Multi-channel Feature Fusion Strategy

Figure 5 is an example of time sequence encoding (TSE) for user-weighted channel GPU IU
U .

Firstly, each user node performs randomwalk sampling with edge weightW to obtain a node
sequence (length=K). Next, we utilize an RNN module (such as LSTM and Bi-LSTM) to
encode the sampled node sequences to capture the environment context of all user nodes in
GPU IU

U . For example, if a node sequence is [u1, ui , ..., uk], the corresponding node feature
sequence is [xu1 , xui , ..., xuk ]. We take this node feature sequence as the input of RNN, and
the output hu1 as the feature of user u1. The expression of hu1 is as follows:

hu1 = LST M([xu1 , xui , ..., xuk ]) (5)

According to Eq. (5), we can obtain the output HPU IU
U of RNN for the node sequences of

all users, where HPU IU
U = {hu1 , ..., hu5} are the features of node sequences. The HPU IU

U are
also treated as the features of head nodes in the node sequences. In addition, other weighted
channels (GPIU I

I , GPUOU
U and GPIGI

I ) can respectively obtain node features (HPIU I
I , HPUOU

U

and HPIGI
I ) by the TSE. In order to ensure the encoding consistency of homogenous node, we

share the TSE parameters of multiple channels in user (item) semantic homogenous network.
Finally, we utilize attention mechanism to fuse the multi-channel node features of the

user semantic homogenous network GU or the item semantic homogenous network GI . This
attention mechanism can learn different semantic weights according to different meta-paths.
In summary, we can obtain the node features HU and HI after multi-channel feature fusion:

HU = σ([HPU IU
U ‖HPUOU

U ] · WU ) (6)

HI = σ([HPIU I
I ‖HPIGI

I ] · WI ) (7)

where σ is a sigmoid function; WU ∈ R
2d×d and WI ∈ R

2d×d are learnable weights.
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4.2.3 Semantic Feature Fusion Strategy

Based on the multi-channel node feature fusion strategy, we respectively take HU and HI

as new user and item features on the U-I interaction network Gr . Then, we encode the Gr

by heterogeneous GCN to obtain user (item) semantic embedding. This method makes the
obtained node semantic embedding contain both self-semantic information and neighborhood
semantic information. The expression of user and item semantic embeddings Z2 (Z2

U and
Z2
I ) in U-I semantic view is as follows:

Z2 = HGNNs(HU , HI , R) (8)

where HU ∈ R
n1×d and HI ∈ R

n2×d respectively represents node features of GU and GI

after multi-channel feature fusion; R ∈ R
n1×n2 is the adjacency matrix of Gr .

4.3 Self-supervised Contrastive Learning

In this section, we utilize contrastive learning mechanism to supervise the U-I interaction
view and the U-I semantic view for each other. Such supervision mechanism can effectively
preserve the information of the HIN to improve recommendation performance. Figure 6
shows the comparison scheme of user nodes between U-I interactive view and U-I semantic
view, which can be divided into intra-view contrast and inter-view contrast. Among them, the
same node in other view is defined as positive sample, and different nodes in the two views
are defined as negative samples. The objective of contrastive learning is to maximize the
similarity between positive samples and minimize the similarity between negative samples.
This objective can integrate the information of U-I interactive view and U-I semantic view
and reduce the influence of view interaction noise. According to this objective, the contrastive
loss of node ui is defined as follows:

�(u1i , u
2
i ) =

− log
eθ(u1i ,u

2
i )/τ

eθ(u1i ,u
2
i )/τ + ∑

k �=i e
θ(u1i ,u

1
k )/τ + ∑

k �=i e
θ(u1i ,u

2
k )/τ

(9)

where τ is a control parameter. We define θ(u1i , u
2
i ) = s(z1ui , z

2
ui ), where s(·, ·) is the cosine

similarity. Since the contrastive loss of node ui in the two views are symmetric, the loss for
another view can be defined as �(u2i , u

1
i ). Therefore, the user contrastive loss can be defined

as the average over all user nodes:

LU = 1

2N1

N1∑

i=1

[�(u1i , u2i ) + �(u2i , u
1
i )] (10)

where N1 is the number of users. Similarly, the item contrastive loss can be expressed as
follows:

LI = 1

2N2

N2∑

i=1

[�(m1
i ,m

2
i ) + �(m2

i ,m
1
i )] (11)

where N2 is the number of items.
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Fig. 6 Contrastive learning of two views (user)

4.4 Bilinear Decoder

The purpose of bilinear decoder is to reconstruct the interaction relationship (i.e., edge types)
in the U-I interaction networkGr by user and item embeddings, and achieve rating prediction
by the reconstructed edge types. Figure 7 shows the internal structure of the bilinear decoder,
ZU (ZI ) is the final node embedding of integrating user (item) structural embedding and
semantic embedding through self-attentionmechanism. The integration process is as follows:
firstly, we respectively obtain the attention weights of the user (item) structural and semantic
embedding in the two views:

α1
U = exp(Z1

U · W1)

exp(Z1
U · W1 + Z2

U · W2)

α2
U = exp(Z2

U · W2)

exp(Z1
U · W1 + Z2

U · W2)

(12)

α1
I = exp(Z1

I · W3)

exp(Z1
I · W3 + Z2

I · W4)

α2
I = exp(Z2

I · W4)

exp(Z1
I · W3 + Z2

I · W4)

(13)

whereW1,W2,W3 andW4 are learnableweights. Secondly, we integrate user (item) structural
and semantic embedding by these weights:

ZU = fu(α
1
U Z1

U + α2
U Z2

U ) (14)

ZI = fi (α
1
I Z

1
I + α2

I Z
2
I ) (15)
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Fig. 7 Bilinear decoder. It obtains the probabilities of all ratings for all edge

where fu or fi is a projection head, which is an MLP with two hidden layers.
In addition, we respectively define the source and destination nodes of all U-I edges as

Usrc and Idst , and the corresponding node embeddings are ZUsrc
e and Z Idst

e . We reconstruct
the interaction relationship (edge types) by using bilinear operations (i.e., the corresponding
process of source and destination nodes in Fig. 7). Then, we obtain the normalized prob-
abilities Pe of all ratings for each edge by SoftMax function. The expression of Pe is as
follows:

Pe
r = Sum((ZUsrc

e · Wr ) � Z Idst
e )

∑R
r=1 Sum((ZUsrc

e · Wr ) � Z Idst
e )

(16)

Pe = Sof tmax(Concat(Pe
1 , Pe

2 , ..., Pe
R)) (17)

where Wr is a learnable weight; � represents Hadamard product; Sum (⊕) represents sum
by row; Pe

r represents the probabilities of all observable edges when the rating type is r .

4.5 Model Training

In this paper, we take rating prediction task in recommendation as target, and utilize con-
trastive loss and rating prediction loss for end-to-end training. Among them, the overall
contrastive loss LC includes user contrastive loss and item contrastive loss. Therefore, the
expression of LC is as follows:

LC = LU + LI (18)

In addition, we take cross-entropy classification loss as rating prediction loss. We can
obtain accurate rating type of user to item by minimizing classification loss:

LRec = − 1

|Ei j |
∑

(i, j)∈Ei j

R∑

r=1

Y [Mi j = r ] log p(Pe
i j = r) (19)
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where |Ei j | represents the number of observable edges inGr ; Y [Mi j = r ] represents whether
the real rating of ei j belong to rating type r , if it belongs, Y = 1, otherwise Y = 0; Pe

i j
represents the probability of edge ei j belonging to each rating type; p(Pe

i j = r) represents
the probability of edge ei j belonging to rating type r .

In summary, the overall objective function can be defined as: L = LRec + βLC , where β

is a balance factor, and represents the weight of contrastive loss.

5 Model Extension

In U-I semantic view, whether the rich semantic information in HIN can be effectively pre-
served will directly affect the recommendation performance. Therefore, in order to improve
the recommendation performance, we propose an extended model, GCL-SSAE . This model
not only considers self-supervised contrastive learning between node structural embedding
and semantic embedding, but also considers the structural consistency of semantic homoge-
neous networks in U-I semantic view.

Figure 8 is an improved scheme in U-I Semantic view based on GCL-SS, namely GCL-
SSAE . In U-I Semantic view, we reconstruct the user (item) feature HU (HI ) after multi-
channel fusion to obtain a new adjacency matrix Âl1

U ( Âl2
I ). The expressions of Â

l1
U and Âl2

I
are as follows:

Âl1
U = σ(HU · Wl1

U · HT
U )

Âl2
I = σ(HI · Wl2

I · HT
I )

(20)

where σ is a sigmoid function; l1 ∈ [1, L1] represents meta-path type of user, such as PU IU ,
PUOU , and so on; l2 ∈ [1, L2] represents meta-path type of item, such as PIU I , PIGI , and so
on; Wl1

U and Wl2
I are learnable weights. Then, we adopt auto-encode mechanism to compute

the reconstruction loss LAE between the new adjacency matrix and the original adjacency
matrix for each channel of semantic homogeneous network as part of the objective function
L. The expression of LAE is as follows:

LAE =
L1∑

l1=1

dis(Al1
U , Âl1

U ) +
L2∑

l2=1

dis(Al2
I , Âl2

I ) (21)

where dis(·, ·) is the binary norm distance of two matrices.
Through this auto-encode mechanism, the reconstructed network structure can be more

similar to the original network, so as to preserve semantic information in HIN effectively.

6 Experiments

6.1 Experiments Setup

1) Dataset
In our experiments, we confirm the feasibility of theGCL-SSmodel using three real-world

datasets, namely, Movielens dataset, Douban Book dataset, and Yelp dataset. They respec-
tively cover the domains of movies, books, and business. The Movielens dataset contains
943 users, 1682 movies, and 100,000 movie ratings ranging from 1 to 5. The Douban Book
dataset comprises 13,024 users, 22,347 books, and 792,062 ratings ranging from 1 to 5. The
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Fig. 8 An improved scheme in U-I Semantic view based on GCL-SS (GCL-SSAE )

Table 2 Summary of three datasets from different domains

Dataset Density Node type # Nodes Edge type # Edges Meta path

Movielens 6.30% User (U) 943 U–M 100,000 UMU

Movie (M) 1682 U–U 47,150 MUM

Occupation (O) 21 U–O 943 UOU

Genre (G) 18 U–A 943 MGM

Age (A) 8 M–M 82,798 –

M–G 2861

Douban Book 0.27% User (U) 13,024 U–B 792,062 UBU

Book (B) 22,347 U–U 169,150 BUB

Location (L) 453 U–L 10,592 ULU

Author (A) 10,805 B–A 21,905 BAB

Publisher (P) 1,815 B–P 21,773 –

Year (Y) 64 B–Y 21,192

Yelp 0.08% User (U) 16,239 U–B 198,397 UBU

Business (B) 14,284 U–U 158,590 BUB

Compliment (Co) 11 U–Co 76,875 UCoU

City (Ci) 47 B–Ci 14,267 BCaB

Category (Ca) 511 B–Ca 40,009 –

Bold represents the two types of nodes in the U-I interactive view

Yelp dataset comprises 16,239 users, 14,282 businesses, and 198,397 ratings ranging from 1
to 5. In addition, these datasets also contain other types of node information. We present the
detailed information of the three datasets in Table 2, including the rating densities, the node
types, the number of nodes, the edge types, the number of edges and the meta-paths we used.

6.1.1 Evaluation metrics

In order to evaluate the performance of different recommendation models and our model,
we utilize the popular root mean square error (RMSE) and mean absolute error (MAE) as
the evaluation metrics to evaluate the performance of the rating prediction. If the RMSE and
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MAE values are lower, the performance of the model is better. The expression of RMSE and
MAE are as follows:

RMSE =
√
√
√
√

1

|Dtest |
∑

(i, j)∈Dtest

(ri j − r̂i j )2 (22)

MAE = 1

|Dtest |
∑

(i, j)∈Dtest

|ri j − r̂i j | (23)

where |Dtest | represents the number of ratings for the test set; ri j is a real rating of user ui
to item m j , and r̂i j is a predicted rating of user ui to item m j .

6.1.2 Baselines

To evaluate the rating prediction performance of our model, we compare GCL-SS with nine
state-of-the-art recommendation baselines to confirm the feasibility of the GCL-SS.

PMF [31]: This model is a traditional probabilistic matrix factorization model, which uses
the product of two low-rank matrices (collaborative filtering) to obtain rating of user to item.

HeteMF [32]: This model is an MF based recommendation model, which uses meta-paths
to calculate entities (such as user and item) similarity in HINs.

SoMF [33]: This model utilizes social network to improve the performance of rec-
ommender system. It proposes "social regularization" to extract information about social
relationships.

SemRec [34]: This model incorporates weighted HIN into the collaborative filtering
method to achieve rating prediction.

HERec [14]: This model utilizes Deep Walk to encode homogeneous networks obtained
by the HIN decomposition, and proposes three fusion methods to optimize the MFmodel for
recommendation.

NCF [35]: This model is a typical graph neural network recommendation method, which
uses MLP to model user-item interaction.

MCRec [36]: This model utilizes CNN to encode meta-path and learns complex relation-
ship from HIN to improve recommendation performance.

NGCF [5]: This model is one of the state-of-the-art graph neural network methods for
recommendation, which uses a graph convolution network to model user-item interaction.

AMERec [15]: This model is an attention-aware meta-path based network embedding
for HIN based recommendation. It decomposes the HIN according to the meta-path type to
obtain homogeneous network, and utilizes self-attention mechanism to assign a personalized
weight for each meta-path based weighted homogenous network, so as to obtain user and
item embedding.

6.1.3 Parameter and Environment Settings

We divide each dataset into training and testing sets. We set 80% training rates for Movielens
dataset and Douban Book dataset, and 90% training rates for more sparse Yelp dataset. We
set the random walk length as 10 and the contrastive loss weight as 0.2 for all datasets. In
addition, we randomly initialize the learnable user and item features, and set the initial feature
dimension of user and item to 256, the dimension of hidden layers to 64, and the activation
function to ‘tanh’. Besides, we use cross entropy loss as loss function for rating prediction
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Table 3 Rating prediction performance for GCL-SS, baselines and variants

Methods Dataset
Movielens Douban book Yelp
RMSE MAE RMSE MAE RMSE MAE

PMF 1.0407 0.8324 0.7414 0.5774 1.4268 1.0412

SoMF 0.9802 0.7716 0.7302 0.5756 1.3392 1.0095

HeteMF 0.9503 0.7400 0.7360 0.5740 1.2549 0.9487

SemRec 0.9432 0.7312 0.7283 0.5675 1.1637 0.9043

HERec 0.9297 0.7338 0.6811 0.5502 1.0907 0.8395

NCF 0.9303 0.7354 0.7287 0.5737 1.0556 0.8254

MCRec 0.9287 0.7321 0.7012 0.5745 1.0823 0.8378

NGCF 0.9214 0.7220 0.7123 0.5769 1.0619 0.8694

AMERec 0.9199 0.7184 0.6912 0.5496 1.0506 0.8067

GCL-SS(k=10) 0.8988 0.6996 0.6899 0.5357 1.0476 0.8000

GCL-SSNC (k=10) 0.9041 0.7069 0.6949 0.5420 1.0652 0.8130

GCL-SSGCN (k=10) 0.9024 0.7043 0.6897 0.5371 1.0564 0.8091

GCL-SSNW (k=10) 0.9027 0.7050 0.6910 0.5385 1.0543 0.8036

GCL-SSU I (k=10) 0.9033 0.7050 0.6910 0.5366 1.0508 0.8023

Bold represents the optimal results of the model

and Adam as optimizer, and set the learning rate to 0.005. Our model is implemented by
PYG framework and all experiments are performed using a computer with GPU (NVIDIA
GeForce RTX 3090) and CPU (Intel i7-10700K).

6.2 Comparison of RelatedMethods

In this section, we conduct rating prediction experiments on three datasets. Table 3 shows the
results (RMSE and MAE) of GCL-SS and baselines on three different datasets. In addition,
Table 3 also shows the results of ablation experiments on GCL-SS and GCL-SS variants.
Among them, GCL-SSNC is a variant of GCL-SS, which does not consider contrastive
learning; GCL-SSGCN replaces TSE with GCN in U-I semantic view; GCL-SSNW does not
consider the weights in semantic homogeneous network; GCL-SSU I uses only meta-paths
PU IU and PIU I .

From the results in Table 3, we can draw the following conclusions:
(1) Compared with the traditional matrix factorization methods (i.e., PMF and SoMF), the

HIN based methods (i.e., HeteMF, SemRec, HERec, MCRec and AMERec) and the collabo-
rative filtering methods (i.e., NCF and NGCF) have significant performance improvements.
In addition, our GCL-SS model generally performs better than the above nine baseline meth-
ods on two evaluation metrics (i.e., RMSE and MAE). However, the performance of our
GCL-SS model is worse than that of HERec on the Douban Book dataset. The reason is that
the excessive sampling by our sampler leads to poor model effect. We verified this expla-
nation through experiments in Sect. 6.3. When the dataset is sparse, we only need a small
sampling length to fully extract neighborhood information.

(2) Figure 9 shows the visualization results of the ablation experiments in Table 3 We
can observe that the performance of GCL-SS is significantly better than the other four vari-
ants. The comparison results of GCL-SS and GCL-SSNC show that the contrastive learning
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Fig. 9 The ablation experiment results of GCL-SS on three datasets

mechanism we established can effectively preserve the information of HIN. The comparison
results of GCL-SS and GCL-SSGCN show that the TSE can strengthen the semantic associ-
ation between users (item) by strengthening the semantic environment context of nodes in
HIN. Therefore, TSE can further improve the model performance of rating prediction. The
comparison results of GCL-SS and GCL-SSNW show that weighting the semantic homo-
geneous networks can reduce the loss of semantic information. The comparison results of
GCL-SS and GCL-SSU I show that using more meta-paths to decompose HIN can effectively
improve the performance of rating prediction.

6.3 Model Analysis

6.3.1 Impact of the Different Sampling Lengths

Since different sampling lengths in the TSE may affect the performance of rating prediction,
we further analyze the impact of different sampling lengths through experiments. Under
different sampling lengths, we set all the contrastive loss weights as 0.2. As shown in Figs. 10
and 11, we can observe that the rating prediction performance of GCL-SS is related to the
sampling length on different datasets. The reason is that the three datasets have different link
densities (as shown in Table 2). When the dataset is dense (such as Movielens), GCL-SS
needs a larger sampling length (k=10) to fully obtain the information of multi-hop nodes.
When the dataset is sparse (such as Yelp), only a small sampling length (k=7) is required to
fully extract neighborhood information.

6.3.2 Impact of the Different Contrastive Loss Weights

Since different contrastive loss weights may also affect the performance of rating prediction,
we further analyze the impact of different contrastive loss weights through experiments.
Under different contrastive loss weights, we set all the sampling lengths as 10. As shown in
Fig. 12, we can observe that GCL-SS have different requirements for contrastive loss weight
on different datasets. The reason is that the three datasets have different sparsity. When the
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Fig. 10 The impact of different sampling lengths on three datasets (The step length is 5)

Fig. 11 The impact of different sampling lengths on three datasets (The step length is 1)

Fig. 12 The impact of different contrastive loss weights on three datasets

dataset is dense (such asMovielens), only a small contrastive lossweight (β = 0.2) is required
to preserve the effective information of HIN. When the dataset is sparse (such as Yelp), a
larger contrastive loss weight (β = 0.3) is required to preserve the effective information of
HIN.

In addition, when we decrease or increase the contrastive loss weight, the model perfor-
mance will decrease. The main reason is that when the contrastive loss weight is too small, it
will lead to insufficient integration of node structural embedding and semantic embedding.
When the contrastive loss weight is too large, GCL-SS will focus more on the integration of
node structural and semantic embedding, rather than getting more suitable node structural
and semantic embedding.

6.4 Model Extension Analysis

In this section, we respectively validate the impact of the extended model GCL-SSAE on
rating prediction performance on three datasets. As is shown in Table 3, since AMERec is
a rather competitive method on three datasets, we compare our extended model with base
model (GCL-SS) and AMERec in rating prediction task. The results are shown in Table 4.

From Table 4, we can observe that the proposed extended model GCL-SSAE performs
better than AMERec, and performs better than GCL-SS on the Movielens dataset. However,
GCL-SSAE can only achieve slightly worse or comparable results than GCL-SS on the
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Table 4 Evaluating the rating
prediction of GCL-SSAE on
three datasets (compared with
AMERec and GCL-SS)

Dataset Metrics AMERec GCL-SS GCL-SSAE

Movielens RMSE 0.9199 0.8988 0.8904

MAE 0.7184 0.6996 0.6904

Douban book RMSE 0.6912 0.6899 0.6903

MAE 0.5496 0.5357 0.5374

Yelp RMSE 1.0506 1.0476 1.0447

MAE 0.8067 0.8000 0.7991

Bold represents the optimal results of the model

Douban Book and Yelp datasets. The reason is that the link density of Douban Book and
Yelp datasets is too small, the distribution of edges around nodes is sparse, and the semantic
information preserved by the auto-encode mechanism is less. Therefore, the auto-encode
mechanism does not significantly improve the model performance on the Douban Book and
Yelp datasets.

7 Conclusions and FutureWork

In this paper, we propose a graph contrastive learningmodel based on structural and semantic
view for HIN recommendation (GCL-SS). GCL-SS adopts U-I interactive view and U-I
semantic view to respectively obtain the structural embedding and semantic embedding of
user (item) nodes. Thenwe establish a self-supervised contrastive learningmechanism for the
two views, so that the information of the two views can be integrated and the uniqueness and
specificality of each view can be preserved. In U-I semantic view, we innovatively use TSE
to encode multiple semantic homogeneous networks, to strengthen the semantic association
between user (item) nodes and further improve the performance of GCL-SS. In addition, we
design an extended model (GCL-SSAE ) based on GCL-SS. This model can reduce the loss of
semantic information by strengthening the structural consistency of semantic homogeneous
networks.

The experimental results on three real datasets confirm that the GCL-SS model performs
better than state-of-the-art recommended methods. Experimental results of the extended
model (GCL-SSAE ) prove that the semantic association information of nodes in HIN can be
effectively preserved by strengthening the structural consistency of semantic homogeneous
networks. This method is helpful to improve the performance of rating prediction.

In GCL-SS, U-I interactive view adopts normal heterogeneous GCN as the basic module,
which may not sufficiently extract the neighborhood structural information of the nodes.
In addition, the sampling strategy in TSE can be improved to fully reflect the semantic
environmental context of the nodes in the future work.
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