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Collaborative filtering methods based on Graph Neural Networks (GNNs) have gained increasing popularity
in recommendation systems. These methods enhance the representation of users and items by leveraging
the information of graph structure from interaction data, improving recommendation performance. However,
they often face limitations due to the data sparsity issue that is common in recommendation systems. In the
constructed user—item heterogeneous bipartite graph, sparse interaction data leads to a scarcity of neighbor
nodes impeding the acquisition of sufficient collaborative signals via the message-passing mechanism among
these neighbor nodes. We have observed that users and items can be grouped according to characteristic
similarities. These groups’ common feature information can serve as supplementary data to aid in the
embedding learning. So, we present the Heterogeneous Collaborative Filtering Contrastive Learning (HCFCL)
method, which aims to extract two types of heterogeneous collaborative signals from interaction data: those
based on neighbor nodes and those based on group features. Specifically, we design an embedding generative
hypergraph network to extract group common feature information founded on the heterogeneous bipartite
graph. The group common feature information is transferred via a meta network and personalized bridge
functions according to individual characteristics. Additionally, the HCFCL model, combined with contrastive
learning, captures the consistency of the heterogeneous collaborative signals to enhance representation. The
experiment demonstrates the superior performance of the HCFCL model compared to other methods evaluated
on three public datasets, demonstrating excellent and stable performance in mitigating the data sparsity issue.

1. Introduction matrix approximates the real user-item interaction matrix to aid in

learning collaborative signals. However, these methods do not fully

Recommendation systems help users sift through large volumes
of data, efficiently guiding them to content that aligns with their
preferences by filtering out irrelevant information. Consequently, they
have found widespread application across various domains, including
e-commerce platforms [1,2], social media platforms [3], and video
streaming services [4]. Currently, a substantial amount of research is
dedicated to effectively enhancing the performance of recommendation
systems. The majority of this researches revolve around collaborative
filtering. Collaborative filtering is a method employed to uncover user
preferences through the mining of interaction data, and to subsequently
recommend items that align with these preferences.

Traditional collaborative filtering methods [5,6] use pre-set user
and item embedding matrices to construct a new interaction matrix
through carefully designed mechanisms. Then, the new interaction
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encode the collaborative signals to the embeddings of users and items,
thus failing to achieve optimal collaborative effects [7]. In recent
years, the ascendancy of Graph Neural Networks (GNNs) has cat-
alyzed the development of various GNNs-based collaborative filtering
methods in recommendation systems due to their exceptional perfor-
mance [8-10]. These methods propagate information across the user—
item heterogeneous bipartite graph [11], imbuing node embeddings
with collaborative signals effectively.

Although GNN-based collaborative filtering methods are highly ef-
fective, they are limited by data sparsity issue and imbalanced distri-
bution. These problems result in some nodes having too few neighbors,
leading to insufficient information being available. This limitation ham-
pers the representation learning of these nodes, preventing them from
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Fig. 1. Relying only on explicit collaborative signals from a small number of direct interactions, it is difficult to mine Bron’s preference for basketball-related items, and thus
it is impossible to recommend basketball uniforms to Bron from the candidate list. Mining implicit collaborative signals can solve this problem. However, the group that is also
interested in basketball sport in the bipartite graph is not connected to Bron, and traditional GNN-based recommendation methods cannot mine implicit collaborative signals.

achieving the desired effect. Iterating through multiple graph propa-
gation layers can expand the receptive field of message passing and
aggregation mechanisms to mitigate the effects of data sparsity issue.
Nevertheless, the inherent smoothing issue of GNNs restricts the num-
ber of propagation layer iterations, limiting the effectiveness of this
approach in addressing data sparsity issue [12]. Thus, this method
provides only a partial solution to the problem.

To alleviate the data sparsity issue, it is essential to deeply mine
collaborative signals within interaction data. One key aspect of this
data involves direct interactions between users and items, which serve
as an intuitive and genuine mapping of user preferences to item char-
acteristics. We refer to the user preferences and item characteristics
contained in these direct interactions as explicit collaborative signals.
Explicit collaborative signals are distributed among the neighboring
nodes directly connected to each node, forming a local subgraph in the
heterogeneous bipartite graph. Thus, capturing these explicit collabo-
rative signals necessitates focusing on the local information within the
heterogeneous bipartite graph.

On the other hand, there may be certain associations between nodes
of the same type, even if there are no direct interactions between
them. For example in Fig. 1, users Kun and Bron have both purchased
basketball-related items. Following the principle that similar items and
users tend to cluster together, Kun and Bron can be grouped based on
their common interest. By mining the common features within such a
group, their embeddings can be enrich with additional information.
We refer to the common feature exhibited by the group as latent
collaborative signals. Mining latent collaborative signals helps alleviate
the problem of insufficient explicit collaborative signals caused by
sparse neighboring nodes.

However, fully mining latent collaborative signals is challenging.
Nodes within the same group may not be directly connected, and
even if a path exists between them, it might be too long to effec-
tively mine latent collaborative signals through the message passing
mechanism. Additionally, group features in latent collaborative signals
are generalizations of individual features, while individual features
are specializations of group features. There are differences between
individual features and group features. For instance in Fig. 1, users
Kun and Bron in the same group might both purchase basketball shoes,
but due to individual differences, the specific styles of basketball shoes
they purchase may vary. Therefore, it is necessary to transfer group
common feature information for individuals. Essentially, the primary

issues that need to be resolved are: (1) How to effectively acquire
latent collaborative signals; (2) How to fulfill personalized transfer
of the group common feature information contained in the latent
collaborative signals to individuals.

To tackle these challenges, we propose the Heterogeneous Col-
laborative Filtering Contrastive Learning (HCFCL) model. The HCFCL
model initially captures explicit collaborative signals within the het-
erogeneous bipartite graph. Building on this, it employs an embedding
generative hypergraph network to construct user homogeneous graphs
and item homogeneous graphs for mining latent collaborative signals.
Then, a feature knowledge personalization transfer network is designed
to transfer the group common feature information contained in the
latent collaborative signals. This network uses a meta network to
extract feature knowledge and employs a personalized bridge function
to map feature knowledge to individual features, thereby achieving
the customization of group common feature information. Finally, con-
trastive learning is used to reduce the disparity between the two types
of heterogeneous collaborative signals, integrating both types of signals
into the user and item embeddings.

The contributions of this study can be outlined as follows:

» We innovatively propose a multi-view representation learning
framework that combines different graph networks based on the
characteristics and relation of heterogeneous collaborative signals
to learn user and item representations.

We propose the HCFCL model innovatively employ a meta net-
work to assist the personalized bridge function in transferring the
group common feature information. Through contrastive learn-
ing, it effectively integrates heterogeneous collaborative signals
from different views to enhance embedding learning.

We validate the effectiveness of the HCFCL model using three
publicly available recommendation system datasets. Our results
clearly demonstrate that the HCFCL model achieves state-of-the-
art performance, significantly outperforming other baseline meth-
ods.

2. Related work
2.1. Graph-based recommender systems

Graph Neural Networks (GNNs) excel in learning graph data em-
beddings due to their message passing and aggregation mechanisms,



C. Meng et al

which effectively capture graph structure information. Many graph-
based recommender systems leverage the characteristics of GNNs to
capture collaborative signals, thereby optimizing the representation of
users and items. For instance, LightGCN [13] and KGAT [14] con-
struct bipartite graph, refining user and item node embeddings through
multi-layer message propagation.

To further obtain richer information, several works such as NGCF
[71, PinSage [15], MB-GMN [16], and GraphDA [17] have proposed
message passing and aggregation mechanisms based on multi-hop in-
teraction topologies to capture collaborative filtering signals with high-
order connectivity. Inspired by the properties of hypergraphs, some
works solve the problem that graph convolutional networks are difficult
to model high-order dependencies by constructing hypergraph struc-
tures. For example, MHCN [18] divides complex social relationships,
and each social relationship is modeled through different hypergraph
convolutions. DHCF [19] uses hypergraphs to model high-order correla-
tions between complex entity relationships between users and between
items.

Other works focus on mining fine-grained information in user-item
interaction data [20,21]. Among these approaches, recommendation
methods that leverage heterogeneous graphs have garnered signifi-
cant attention for their outstanding performance. Heterogeneous graph-
based recommendation methods adopt different processing methods ac-
cording to different types of nodes or edges, aiming to encode different
types of information and thus mine the rich semantics in heteroge-
neous relationships. For instance, MEIRec [22] proposed a meta-path
guided information aggregation mechanism that can better learn graph
structure information while enriching node neighbor information. The
model designs different aggregation functions based on the character-
istics of different types of neighbor information to capture different
types of semantic information in a fine-grained manner. GHCF [23]
models heterogeneous behavioral relationships of multiple types of
interactions, taking each behavior as a subtask, and finally optimizes
the model through multi-task learning.

Essentially, graph-based recommender systems mainly acquire in-
formation about relevant nodes in the graph in various ways to deeply
mine the collaborative signals hidden in interaction data, and finally
aggregate the acquired information to optimize the embedding repre-
sentation of target nodes.

2.2. Meta learning

The aim of meta learning is to identify commonalities across differ-
ent tasks for a model, allowing it to perform well on various similar
tasks. Existing meta learning methods fall into three main categories:
(1) Black-box amortized methods [24,25]: These methods utilize a
black-box meta learner to acquire the model’s parameters. (2) Gradient-
based methods [26,27]: They learn an optimal initialization parameters
of model that can efficiently adapt to new tasks with minimal updates
for gradient. (3) Non-parametric methods [28,29]: These methods em-
ploy suitable distance metrics to evaluate samples obtained from both
parametric meta learners and non-parametric learners. Their goal is
to maximizing the separation between dissimilar samples while min-
imize the distance between similar samples. Some works have applied
meta learning to improve the effectiveness of recommendation systems.
These work primarily focus on the cold-start problem [30,31] and
cross-domain recommendation [32]. Our research focuses on using
meta learning to address the differences in heterogeneous collaborative
signals.

2.3. Contrastive learning in recommendation systems

In recommender systems, contrastive learning is widely employed
to enhance data by aligning feature representations from different
views, making it an effective self-supervised learning method [33,34].
Numerous works have leveraged contrastive learning to alleviate data
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sparsity issues, achieving notable results [35,36]. SGL [37] utilizes
techniques such as random walks, edge dropout, or node dropout to
generate diverse bipartite graphs for data augmentation. KGCL [38]
not only applies dropout operations in the knowledge graph, but also
introduces a knowledge-aware contrastive approach to compare and
enhance the node representations learned in the interaction graph and
the knowledge graph. These methods fall under the local-local level
graph structure contrastive approaches.

To integrate global information of graph structures into node rep-
resentations, some methods have proposed local-global level graph
structure contrastive approaches. HGCL [39] constructs homogeneous
graphs for user and item node types. It computes the average mu-
tual information between local node representations and graph-level
summary representations within each homogeneous graph. HCCF [40]
designs a hypergraph structure to capture global collaborative relations,
enhancing self-supervision through local-global contrastive learning. In
our research, we capture the consistency of heterogeneous collaborative
filtering signals across multiple views through contrastive learning,
thereby achieving the fusion of heterogeneous information.

3. Preliminary

In a recommendation scenario, the graph G, = {V, A} represents
a heterogeneous bipartite graph constructed from the interaction data.
Here, V represents the node set in a heterogeneous bipartite graph. In
the node set V, it is divided into two subsets according to the node type:
user set V, and item set V;. E,. € R?? denotes the embedding matrix
of the user set V,, and Ep,; € R is the embedding matrix of the item
set V;. Here, g and s denote the amount of users and items, respectively,
while d is the embedding dimensionality. A is the interaction matrix
that indicates the presence of interaction relationships between user
and item nodes. 4, ; is set to 1 when user y; interacts with item v;;
otherwise, 4;; = 0.

The graph Gp, = {X, H} represents a homogeneous hypergraph,
where x € X is a collection of nodes of the same type. In this work,
two types of homogeneous graphs are derived from graph Gy,: user
homogeneous hypergraph Gp . and item homogeneous hypergraph
Gy,i. H € R denotes the affiliation relationships between node set
X and the groups set Y. If node x; belong to groups y;, the entry H, ;
is set as 1 and H,; = 0 otherwise.

In this work, the heterogeneous bipartite graph G, is used as input.
Founded on the heterogeneous bipartite graph G,, a user homoge-
neous hypergraph G . and an item homogeneous hypergraph G, are
constructed. Implicit collaborative signals are mined on the homoge-
neous hypergraph. Finally, the two heterogeneous collaborative signals
are fused through contrastive learning for data augmentation. The
prediction function then outputs the likelihood of interaction between
the user and the item based on their respective representation.

4. Methodology

As illustrated in Fig. 2, the framework is primarily divided into three
parts: (1) Heterogeneous Collaborative Signal Mining: It mainly
comprises a graph convolutional encoder and an embedding generative
hypergraph network. These components are designed to mine hetero-
geneous collaborative signals on both heterogeneous bipartite graphs
and homogeneous hypergraphs, facilitating representation learning. (2)
Feature Knowledge Personalized Transfer Network: This part is
composed of a meta network and a personalized bridge function to op-
timize the representation. The meta network can dynamically generate
the parameters of the personalized bridge function based on the repre-
sentation to assist the personalized bridge function in transferring the
group common feature information. (3) Heterogeneous Collaborative
Signal Contrastive Learning: It achieves the fusion of heterogeneous
collaborative signals by capturing the feature consistency in multiple
views.

The following sections will provide a detailed introduction to the
various components of the HCFCL framework.
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Fig. 2. Illustration of the HCFCL model framework. It contains three parts: (1) The heterogeneous-wise view (Section 4.1.1) and hypergraph-wise view (Section 4.2.1) are used
to mine heterogeneous collaborative signals; (2) Involving feature knowledge extraction (Section 4.2.1) and feature knowledge personalized transfer (Section 4.2.2) to achieve

representation optimization; (3) Heterogeneous Collaborative Signal Contrastive Learning for data augmentation.

4.1. Heterogeneous collaborative signals mining

There are abundant implicit collaborative signals in the interac-
tion data, which can serve as additional information to make up for
the lack of explicit collaborative signals caused by sparsity. There is
a certain connection between these two heterogeneous collaborative
signals because the user and item characteristics expressed in the
explicit collaborative signal determine the user and item’s affiliation
with the group expressed in the implicit collaborative signal. However,
due to their heterogeneity, different operations need to be performed
according to their respective characteristics to complete the mining of
heterogeneous collaborative signals. Therefore, in this section, we first
introduce how to capture explicit collaborative signals, then describe
the mining of implicit collaborative signals, and finally introduce how
to combine the heterogeneous collaborative signals to complete the
representation learning.

4.1.1. Capturing explicit collaborative signals

The graph convolution operations demonstrate a strong ability to
capture explicit collaborative signals [7,15]. Complex operations will
introduce more parameters, which will lead to overfitting when data
is scarce. Therefore, in our work, we employ the basic GCN as the
graph encoder to learn richer representations of nodes. Inspired by the
LightGCN [13], the graph encoder removes the redundant operations
of feature transformation to further simplify the model. Thus, the node
update in the explicit collaborative signal capture part is as follows:

o) N o n _1 _1
E&e =a<AHeEHe>,AHe=DHZZAHeDHze 6))

E;feg(” € RU@+9%d represents the heterogeneous-wise node information
aggregation embedding matrix obtained by aggregating neighbor node
information from the /th layer node embedding matrix Ez)e € Ra+s)xd,
Specifically, Eg)e is initialized randomly from a normal distribution.

Ay, € R@)X@+s) represents the normalized adjacency matrix com-
puted from the interaction matrix A, € RO+X@+s) p, e R@+)x@+s)
denotes the diagonal degree matrix of the heterogeneous graph. o(-)
denotes the PReLU activation function. The self-information incorpora-
tion of the nodes is not considered during the message aggregation to
avoid additional interference from redundant information.

4.1.2. Mining implicit collaborative signals based on hypergraph learning

Data sparsity can result in some user or item nodes having too
few neighbor nodes, which means that explicit collaborative signals
cannot provide sufficient information for learning node representa-
tions. Therefore, it is necessary to mine implicit collaborative signals
as complementary information to enrich the representations. Mining
implicit collaborative signals require partitioning nodes that belong
to the same group. In a hypergraph, a hyperedge can connect an
unlimited number of nodes. In this scenario, each hyperedge connects
nodes belonging to the same group, forming a hypergraph structure.
The group common feature information is then aggregated into the
node representation through the hypergraph network. However, the
construction of hypergraph structures usually relies on preset primitive
connections, thus ignoring the connection between individual char-
acteristics and group features. Therefore, we propose an embedding
generative hypergraph network based on the basic hypergraph net-
work to construct the hypergraph structure and implement hypergraph
representation learning.

The general representation learning paradigm of a hypergraph net-
work is as follows:

XD = (HWHT XV P) @)

XD ¢ R denotes the node embedding matrix of the (I + 1)th
layer hypergraph, derived from the /th layer node embedding matrix
X e R4 through hypergraph convolution operations. H € R
represents the incidence matrix of the hyperedges. P € R is a
learnable parameter matrix. W € R8>8 represents the diagonal matrix
of hyperedge weights. Since W is a diagonal matrix, W = W% W%, and
W% is alsola diagonal matlrix. Aldditionally, because WT = W, we have
Wi2=W72)I,soW =W2(W2)!. Thus, the node update paradigm for
the hypergraph neural network is as follows:

xX+) = & ((HW%) (HW% )T X(’)P> 3

Hyperedges connect individual nodes with similar characteristics to
form groups. The characteristics information has been injected into the
node representation by mining explicit collaborative signals. Therefore,
the node representation matrix has a certain intrinsic connection with
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Fig. 3. Work flow of the feature knowledge personalized transfer network. Different colored circles in the hypergraph-wise user view represent different hyperedges.

the hyperedge incidence matrix. This inherent connection can be rep-
resented by constructing a mapping relationship ¥(-) from the node
representation matrix X to the hyperedge incidence matrix H and the
hyperedge weight diagonal matrix W:

W)~ HW 2, XD = o (( (x0) (# (x0))" xOp) )

Drawing inspiration from the gating mechanism used in GRUs [41],
the gating mechanism can act as a switch to control the affiliation rela-
tionship from node to group. So the hypergraph structure construction
network ¥ (X) adopts the gating mechanism to fit the mapping relation-
ship. Additionally, the network’s ability to mine implicit collaborative
signals is enhanced by stacking layers of the hypergraph structure con-
struction network through a residual connection operation. Formally,
the hypergraph structure construction network ¥ (X) is:

Y (X)O =6 (XW, +b,),

%)
X)) =6 (PX)OW,) +P X > HW:

where W, € R?*¢ is learnable gating matrix. b, € R®™! is bias.
W, € R8*¢ represents the learnable parametric matrix. The activation
function o (-) adopts LeakyReLU to handle non-linear transformation.

Therefore, user and item nodes conduct representation learning
through the embedding generative hypergraph network to incorporate
implicit collaborative signals information. The formal representation of
learning is:

T
arg® arg®\ M arg®\ ™ arg®
Eps =0 T(EHeu ) w (EYE, TP,
Earg(l) _ p Earg(l) (m) w Earg(/) m\ " Earg(f)P
Hyl =0 ( Hel ) ( Hel ) Hel

E‘;,’jf” € R and E’"g.( ' € R are the Ith layer heterogeneous-wise
node information aggregatlon embedding matrices from Section 4.1.1,
serving as the input to the /th layer of the embedding generative hy-
pergraph network. EZ’;(‘” e R and E;’;jw € R are the hypergraph-
wise user node information aggregation embedding matrix and the
hypergraph-wise item node information aggregation embedding ma-
trix, respectively. m € R represents the layers of the hypergraph
structure construction network and is equal to 3 in our work. o(-) uses
LeakyReLU as the activation function.

4.1.3. Heterogeneous collaborative signals aggregation

In the heterogeneous graph, each node iteration can aggregate dif-
ferent semantic information from heterogeneous relationships. Through
multiple iterations, the model’s receptive field is expanded, allowing

higher-level embeddings to gather heterogeneous information from
multi-hop connections. In the HCFCL model, there are two types of
heterogeneous semantic information: explicit collaborative signals in
the heterogeneous-wise view and implicit collaborative signals in the
hypergraph-wise view. The iterative fusion method of these two types
of heterogeneous semantic information is:

Q)

(+1) _  parg® arg
EHe _aEHe +ﬂEHy @)
here, EZJ;” € R@+)%d integrates the two types of semantic information

and serves as the heterogeneous graph node embedding matrix for the
(I + 1)th layer. This matrix is computed by a proportional summation
of two embedding matrices from (/)th layer: the heterogeneous-wise
node information aggregation embedding matrix E”’gl € R+ and
the hypergraph-wise node information aggregation embedding matrix
EYE " € R4 g and p are the proportionality coefficients. This
fusion method reduces computational complexity while retaining se-
mantic information from both perspectives. By analyzing the same data
from different angles, it creates a richer and more comprehensive rep-
resentation, effectively addressing data sparsity. The two perspectives
are complementary rather than conflicting, with their proportional
contributions adjustable based on specific application scenarios. For
example, when user interactions are sparse, more weight can be given
to implicit collaborative signals. In this work, equal importance is
assigned to both perspectives, setting « and § to %

To further capture information from each layer, from lower to
higher orders, in different views, the overall node embedding matrices
for each view are generated as follows:

L arg® L arg®
Epn =Y e pun 3 ®
He arg() Hy arg()
I T T

4.2. Feature knowledge personalized transfer network

After mining heterogeneous collaborative filtering signals, excellent
representations can be learned. However, there are differences between
the group common feature information and the individual characteris-
tics in the implicit collaborative signal. As shown in Fig. 1, different
individuals who like basketball shoes may have different preferences
due to variations in shoe styles. This difference can lead to biases in
representation learning. Therefore, the personalized transfer of group
common feature information is essential to optimize the representation.
The detailed workflow of this chapter is shown in Fig. 3.
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4.2.1. Feature knowledge extraction

To achieve the personalized transfer of group common feature
information, it is need to filter out irrelevant information from the
implicit collaborative signals and extract feature knowledge related to
individuals. Additionally, the user preferences and item characteristics
expressed in the explicit collaborative signals are strongly related to
individuals. Extracting feature knowledge from this part of the infor-
mation can increase the association between feature knowledge and
individual characteristics, thereby reducing the difficulty of personal-
izing feature knowledge transfer. Specifically, the extraction of feature
knowledge is as follows:

C, = CONCAT|Egm, Y em |W, +b,,

xENu
9

C; = CONCAT| Ej", Y e Wi+ b,

XEM

C, € R and C; € R™? denote the feature knowledge of users and
items, respectively. Feature knowledge is composed of two concate-
nated parts: the hypergraph-wise overall node embeddings representing
the part of implicit collaborative signals, and the neighboring node
embeddings of the heterogeneous-wise overall nodes representing the
part of the explicit collaborative signals. W; € R?*¢ and W, € R?*d
are trainable parameter matrices for items and users, respectively,
which extract knowledge from the heterogeneous collaborative signals
in two different views and map them into the same feature knowledge
space. b, € R¥¥! and b; € R%! are biases. CONCAT (-,-) denotes the
concatenation operation.

4.2.2. Feature knowledge personalized transfer

To achieve the personalized transfer of feature knowledge, we
designed a function to bridge the feature knowledge from the group
domain to the individual domain. Intuitively, the individual domain for
different users/items varies, necessitating different bridge functions for
different users/items to enable personalized transfer. Inspired by the
personalized bridge function [42], the HCFCL model employs a meta
network to generate customized transformation matrices based on the
extracted feature knowledge, facilitating adaptive feature knowledge
transfer. These generative matrices act as the parameter matrices for
the personalized bridge function. Take the user nodes for example, the
proposed meta network is:

I/Vbridge“ =MN (CM) - VVa“ I/Vb“ (10)

where W,,p,. € R™4 s the parameter matrix of the personalized
bridge function, which is obtained by processing the feature knowl-
edge of users through a meta network MN(:). Users and items have
their respective meta networks for personalization. To reduce the pa-
rameter numbers in training, the high-dimensional complex feature
knowledge matrix C, in the meta network MN(-) is decomposed by low-
rank decomposition to extract the main feature information from the
knowledge matrix, removing noise and redundant information. Finally,
W, and W, are multiplied to generate the parameter matrix of the
personalized bridge function. The specific process of meta network
MN(-) is shown below:

Wi = [0 (Ca) s Co = C0, + bWy = £, (Cy) . Cy=0,C,+b (11)

if CeR™

C -
©= if CeR>*

{ MLP, (C) .

MLP, (C)

where 0, € R™ and O, € R™ denote the decomposition matrices
of the feature knowledge dimensions, which decompose the feature
knowledge matrix into two matrices C, € R and C, € R™,
respectively. The meta function 7, (-) consists of two c-layer fully con-
nected neural network MLP, (-) and MLP,(-). It takes these decomposed
matrices as input and outputs matrices W, € R and W, € R™4.
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The maximum feature information of the decomposed matrices W,
and W, is limited by the rank ¢ of the matrix; the larger the 7, the
greater the maximum feature information, but also the more noise and
redundant information. By this way, the complexity of meta network
MN(-) changes from ©O(cqd?) to O((c — 1)(g + d)t*> + 2qdk). Since t < d,
the complexity can be further expressed as O((ck—1+2q)kd). The W4,
obtained by multiplying W, and W, is used as the parameter matrix to
construct the personalized bridge function as follows:

Etransfer” =0 <Wbridge“ o} E;-I;ZL) (13)
EZ;L = E;;;:’u + Etrtmsfer“’ EZZ: = E;}‘:{, + Errrmsfer“ (14)

where E, . rou € R represents the customized embedding matrix
of common information after personalized transfer by the hypergraph-

wise user node embedding matrix E;‘,’;’M ©® denotes the Hadamard

product operation. o(-) adopts the PReLU activation function. Then, the
customized embedding matrix E,, .« is fused with the node embed-
ding matrix E;j;"u and E3", resulting in the final embedding matrix for
the hypergraph-wise user node EZ‘;Z € R% and the heterogeneous-
wise user node E’Ijzf‘ € R4, The processing for the item nodes is
similar to the above process.

4.3. Heterogeneous collaborative signal contrastive learning

In the above process, the information carried by the collaborative
signals in different views differs, leading to discrepancies in the embed-
dings of the same nodes in hypergraph-wise and heterogeneous-wise
views. The HCFCL model introduces contrastive learning, which aligns
the embeddings of nodes from hypergraph-wise and heterogeneous-
wise views, thereby reducing the discrepancies. The aligned embed-
dings of nodes can integrate the heterogeneous collaborative signals
from both views, alleviating the problem of data sparsity and enhancing
data augmentation.

We consider the embeddings of the same user/item node in
hypergraph-wise and heterogeneous-wise views as positive pairs

last olast ) “swhile the embeddings of different user/item nodes are

eHy” eHe’ ’

treated as negative pairs (e’[_‘g’,., e;‘fe’/ ) i and j denote the index of node
(i # j). In contrastive learning, the embeddings of nodes in positive
pairs gradually become closer in the space, thus reducing the discrep-
ancies between embeddings of nodes from different views. Conversely,
the embeddings of nodes in negative pairs move further apart, ensuring
each node has its unique semantic features. The HCFCL model employs
an InfoNCE-based contrastive learning method to calculate the loss, as

follows:
cos(ellf’l;’z ,e’l;‘i'z)
exp\ —
Lou= Z —log
¢
( last las
zeU Z cos(el_‘;‘;z ,elz:’j )
jeu €XP T

where eg’;’i and ellj‘;’,. represent the embeddings of the user node with

(15)

index i in embedding matrices EZ;L and EL respectively. The tem-

perature coefficient r regulates the model’s sensitivity of negative
samples. The loss of contrastive learning for the corresponding item
nodes is calculated in the same manner as described above.

4.4. Model prediction and optimization

In the HCFCL model, the likelihood of interaction preference be-
tween a user and an item is assessed using the inner product of their
respective vectors, as shown below:
pui) = e, - e 16)
p € R is the interaction preference probability, with a higher value
indicating a greater probability of interaction between the user and
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Table 1

Analysis of the experimental datasets.
Dataset User Item Interaction Density
Yelp 161305 114852 957923 5.17¢~5
Epinions 15210 233929 630391 1.77e~4
Ciao 6776 101415 265308 3.86e4

the item. The top k items with the highest probabilities are selected as
the user’s recommended results to achieve information filtering effect.
elasi e R and ele € R*! represent the vector for the corresponding
user and item in the node information aggregation embedding matrix
with the heterogeneous-wise view, respectively. And we adopt the

Bayesian Personalized Ranking (BPR) loss function to optimize model:

Ly,= Y —In(sigmoid (p (u,i*) = p(u,i7))) )
(wit,i")eD

here, u represents the user node in the triplet set D, i* is the item node
that have already established an interaction with the user node u. On
the other hand, i~ represents the item nodes obtained through random
sampling, which have not shown any interaction with the user node u in
the records. The overall loss function is derived by merging contrastive
learning loss from view enhancement with the BPR loss function:

Lop=aLy,+P(La+La)+7y 0612 18)

5. Evaluation

In this section, we evaluates the effectiveness of the HCFCL model
and examines the impact of its key components. Experiments are
designed to address the following questions:

» RQ1: How does the performance of the HCFCL model compare
with other models?

» RQ2: What impact do the key components of the HCFCL model
have on its performance?

» RQ3: How does the HCFCL model cope with data sparsity issue?

» RQ4: What influence do hyperparameters have on the perfor-
mance of the HCFCL model?

5.1. Experimental settings

5.1.1. Evaluation datasets

To comprehensively evaluate the HCFCL model’s performance, we
use three publicly available datasets derived from real-world scenarios
for testing. Table 1 shows the analysis of datasets. The following is the
detailed descriptions of each dataset:

» Yelp: The dataset originates from the user review platform Yelp.
It includes a wealth of data related to users and items (e.g. busi-
ness attributes, user reviews, areas), making it widely used in
research on recommendation systems.

Epinions and Ciao: These two datasets originate from consumer
review websites, where users’ trust relationships form a social
network. The datasets predominantly consist of user evaluations
of items and the trust relationships between users.

5.1.2. Evaluation metrics

The experiment samples one item with which the user has an
interaction as a positive sample and 99 items that the user has not
interacted with as negative samples for each user to effectively evaluate
the model.

In this experiment, two widely used evaluation metrics in rec-
ommendation system research are adopted to measure the model’s
performance:
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» HR: This metric aims to measure the accuracy of the recom-
mendation system, specifically represented by the proportion of
positive items in the recommendation list.

3% hit (i)

S

where S represents the total number of items the user has in-

teracted with. The function hit(i) is used to determine whether

the ith item appears in the recommendation list. if the ith item is

included, hit(i) is assigned a value of 1; otherwise, hit(i) = 0.

NDCG: It evaluates the results of recommendation by considering

the position ranking of positive items in the recommendation list.

HR = 19

S o hinG) _
NDCG = - Z 2" -1 (20)
S & log (p+ 1)
p is the position ranking of the positive item in the recommenda-
tion list.

Here, we adopt top-10 value on the two metric to evaluate the
model.

5.1.3. Baselines

The HCFCL model compares with different baselines to verify its ef-
fectiveness. The detailed description of various recommendation system
baselines is as follows:

Graph Neural Network-based Recommendation

+ LightGCN [13]: Modeling user-item interaction data through
graph convolutional layers without nonlinear projections to ex-
tract implicit features of users and items.

DGRec [43]: Mining user dynamic interests and context-related
social information through dynamic graph attention network.
NGCF [7]: Stacking multiple graph message passing layers to
inject latent collaborative filtering with high-order connectivity
into the embedding.

KGAT [14]: The information of the knowledge graph entity re-
lated to the bipartite graph is integrated into the nodes’ em-
beddings by a knowledge-aware attention mechanism, achieving
information screening of high-order relationships.

Heterogeneous Graph-based Recommendation

DANSER [44]: Using dual GAT to learn dual social effects in user
domain and item domain respectively

HAN [45]: the information of different neighbor nodes under the
same meta-path and the information of different semantic nodes
in different meta-paths are learned by the attention mechanism
respectively.

HGT [46]: Utilizing edge-type and node-type dependent attention
mechanisms to refine the type-specific representations of the
heterogeneous graph nodes.

GraphRec [47]: Integrating social relations and user-item inter-
actions using a separate aggregation technique to learn latent
factors of user and item.

HeCo [48]: The node embedding of the two views of local struc-
ture and high-order multi-hop structure are learned respectively
by the GNN. Then, contrastive learning is used to supervise the
two views collaboratively.

SMIN [49]: Acquire item-side knowledge information and high-
level semantic relationships in heterogeneous graphs, and per-
form joint training through self-supervised mutual information
learning.

HGCL [50]: Transforming the information of heterogeneous side
to enrich representations in the paradigm of graph contrastive
learning.
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Table 2

Comparison for different models across the three datasets.
Models Yelp Epinions Ciao

HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10

Graph Neural Network-based Recommendation
LightGCN - - 0.7845 0.6120 0.6597 0.4631
DGRec 0.7950 0.5593 0.7603 0.5668 0.6653 0.4953
NGCF 0.8265 0.5854 0.7984 0.5945 0.6945 0.4894
KGAT 0.7881 0.5501 0.7510 0.5578 0.6601 0.4512
Heterogeneous Graph-based Recommendation
DANSER 0.8077 0.5692 0.7714 0.5741 0.6730 0.4521
HAN 0.7731 0.5604 0.7505 0.5275 0.6589 0.4469
HGT 0.8364 0.5883 0.8150 0.6126 0.6939 0.4869
GraphRec 0.8098 0.5679 0.7723 0.5751 0.6825 0.4730
HeCo 0.8359 0.5847 0.7998 0.5910 0.6867 0.4867
SMIN 0.8478 0.5993 0.8179 0.6137 0.7108 0.5012
HGCL 0.8712 0.6310 0.8367 0.6413 0.7376 0.5261
Hypergraph-based Recommendation
MHCN 0.8344 0.5799 0.8201 0.6158 0.7053 0.4928
HCCF 0.8604 0.5938 0.8291 0.6268 0.7072 0.5092
DHCF 0.8063 0.5161 0.8063 0.5761 - -
HCFCL 0.8655 0.6356 0.8441 0.6503 0.7391 0.5315

Hypergraph-based Recommendation

» MHCN [18]: Learning high-level social relationships using multi-
channel hypergraph convolution.

+ HCCF [40]: Based on the original interaction graph encoder, a
parameterized hypergraph structure is adopted to capture local
and global collaborative relationships.

» DHCF [19]: Dividing the bipartite graph into user and item chan-
nels for semantic distinction, and the high-order correlation be-
tween nodes is mined through jump hypergraph convolution in
each channel.

5.2. Performance comparison (RQ1)

Table 2 presents the results of the HCFCL model compared to
other benchmark recommendation system models with the perfor-
mance on three datasets. From the evaluation results, the conclusions
are summarized as follows:

» The HCFCL model demonstrates significant performance improve-
ments on both HR and NDCG metrics compared to other models
on the Yelp, Epinions, and Ciao datasets. The results confirm the
effectiveness of the HCFCL model. We attribute this success to:
(1) The embedding generative hypergraph network in the HCFCL
model effectively mines the latent collaborative signals in the
interaction data; (2) The feature knowledge personalized transfer
network enables the HCFCL model to transfer the group common
feature information.

In Graph Neural Network-based Recommendation, except for

relationship types can alleviate semantic conflicts. The superior
performance of the HCFCL model is not only due to multi-view
division mitigating the semantic conflicts of different relationship
types but also because it can adopt different operations based
on the characteristics of data from various relationship types,
capturing complex semantic information in detail. That is, the
combination of embedding generative hypergraph network and
GCN can better mine the semantic information in heterogeneous
collaborative information in interaction data. Additionally, we
noticed that among these methods that divide the processing
into multiple views, only GraphRec did not utilize self-supervised
learning. Consequently, its performance was inferior to the other
models that did. It shows that self-supervised learning meth-
ods can promote the performance improvement of multi-view
processing methods.

In the Hypergraph-based Recommendation approach, the hyper-
graph is employed to capture the high-order correlations among
entities in the interaction data. Compared with the GNN-based
Recommendation method, although there is a significant im-
provement, the difference between high-order correlation and
local correlation is ignored. In HCFCL, the explicit collaborative
signal represents the correlation of the local subgraph, and the
implicit collaborative signal represents the high-order correla-
tion. The difference between these two heterogeneous collabora-
tive signals is alleviated by the Feature Knowledge Personalized
Transfer Network, and the results strongly confirm the excellent
performance and advantages of the HCFCL model.

NGCF, the other methods mainly capture the explicit collabora- 5.3. Ablation study of HCFCL (RQ2)

tive signals hidden in the neighboring nodes, but the performance
is not as good as NGCF. This indicates that a significant amount

To verify the effectiveness of mining heterogeneous collaborative

of valuable information is hidden within user-item interaction signals for recommendation, we conducted relevant ablation experi-
data, which can enhance recommendation performance. It also ments on the HCFCL model:

shows that it is necessary for the HCFCL model to mine implicit
collaborative signals.

In Heterogeneous Graph-based Recommendation, methods that
divide data into different views to process according to their
characteristics (e.g. GraphRec, HeCo, SMIN, and HGCL) perform
better than mixed processing methods (e.g. DANSER, HAN). This
highlights the existence of diverse and intricate types of data
relationships within the interaction data. Each relationship type
contains distinct semantic information, such as social seman-
tics between users and interaction semantics between users and
items. Dividing this data into multiple views based on different

» w/o0-hyper: Model HCFCL without the embedding generative hy-
pergraph network means that it cannot mine the potential collab-
orative signals hidden in the interaction data.

w/o-trans: Model HCFCL without feature knowledge personal-
ized transfer network means that it cannot customize the group
common feature information contained in the mined potential
collaborative signals.

w/o-cl: Modeling HCFCL without contrastive learning means that
it is unable to capture the consistency of heterogeneous collabo-
rative signals.
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Table 3 Table 5
Ablation experiment about the key components of HCFCL. Comparison for different models across the MOOCs datasets.
Variants Yelp Epinions Ciao Models MOOCCourse MOOCCube
Metrics HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10
w/o-hyper 0.8531 0.6248 0.8308 0.6478 0.7191 0.5253 BPR 0.145 0.043 0.095 0.030
w/o-trans 0.8505 0.6257 0.8331 0.6493 0.7242 0.5228 BPR-HFT 0.156 0.053 0.099 0.038
w/o-cl 0.8481 0.6046 0.8318 0.6356 0.7304 0.5263 LightGCN 0.171 0.070 0.109 0.051
HCFCL 08655  0.6356 0.8441  0.6503 07391  0.5315 RuleRec 0.179 0.074 0.114 0.059
TP-GNN 0.192 0.085 0.156 0.066
PGPR 0.229 0.090 0.200 0.080
ADAC 0.239 0.103 0.208 0.083
Table 4 KRRL 2 121 21
The user numbers with different interaction numbers range in the datasets. RR 0.263 0. 0217 0.094
Interaction Yelp Epinions Ciao HCFCL 0.304 0.162 0.246 0.129
0-20 151926 8032 3384
20-40 5384 3551 1391
40-60 1739 1148 560 . .
60-80 701 500 299 The HCFCL model demonstrates outstanding performance in mitigating
80-100 368 286 169 the data sparsity issue, which can be attributed to the extraction of im-

Table 3 shows the results of the ablation experiments, which clearly
demonstrate the significantly superior performance of the complete
HCFCL model compared to its various simplified variants on the rec-
ommendation task. When contrastive learning is removed, the w/o-cl
variant shows a decrease in HR@10 and NDCG@10 metrics in the three
datasets compared to the full HCFCL model. This demonstrates that
contrastive learning effectively captures the consistency of heteroge-
neous collaborative signals, achieving deep fusion of these signals and
alleviating the data sparsity issue.

The superior performance of HCFCL compared to the w/o-trans
variant validates the effectiveness of the feature knowledge personal-
ized transfer network. This network filters out irrelevant information
from the group common feature information contained in the latent
collaborative signals and transforms it based on user characteristics.

The w/o-hyper variant performs worse than the HCFCL model
because it lacks the deep mining of interaction data by the embedding
generative hypergraph network. It emphasizes the importance of deeply
mining latent collaborative signals in interaction data. The extraction
of implicit collaborative signals inevitably introduces noise to some
extent. First, it originates from the inherent noise in the interaction
data. When explicit collaborative signals are captured, this noise is
propagated through the message-passing mechanism in the graph en-
coder. Since the mining of implicit collaborative signals relies on user
and item embeddings derived from explicit collaborative signals, the
noise embedded in these representations is further amplified during the
hypergraph construction and learning process. Second, the hypergraph
structure’s deviation from group construction introduces additional
noise. However, when the interaction data is sparse, the information
gain provided by the mining of implicit collaborative signals outweighs
the negative impact of the noise, making this method beneficial overall.
This can be demonstrated in the ablation experiments of the w/o-hyper
variant.

5.4. HCFCL in alleviating data sparsity issue (RQ3)

To validate the ability of the HCFCL model to cope with the data
sparsity issue within recommendation systems, it is compared with
other baselines on selected sparse datasets. As shown in Table 4, Users
across the three datasets who have fewer than 100 interactions are cate-
gorized into five groups. These groups contain progressively fewer users
as the interaction count increases. The experimental results in Fig. 4
reveal that the performance of the HCFCL model shows a high degree
of stability in the face of changes in interaction, without significant
fluctuations. Additionally, HCFCL shows superior recommendation ef-
fects compared to the HGCL and HCCF models in all subdivided dataset
groups, further confirming its excellent ability to handle sparse data.

plicit collaborative signals that compensate for the scarce information
from explicit collaborative signals.

5.5. Parametric study (RQ4)

This section examines the impact of various settings of the following
important hyperparameters on the HCFCL model: Graph layer number
I, hyperedge number g, and node representation dimensionality d.
Fig. 5 presents the experimental results, where only one hyperpa-
rameter was adjusted for each individual experiment, while the other
parameters were kept at their preset default values.

The numbers of the graph layer / . The model performs optimally
when the number of graph layers / = 2. A single graph layer
may not fully leverage collaborative signals within interaction
data, while higher numbers of GNN layers can lead to over-
smoothing issues, resulting in nodes’ representations becoming
more homogeneous.

Hyperedge number g. When the number of hypergraphs g = 256, the
HCFCL model achieves optimal performance. An excessive num-
ber of groups increases the difficulty in determining the relation-
ships between nodes and groups, making it challenging for the
generative hyperedge incidence matrix to accurately describe
the associations between nodes and groups. Conversely, too
few hyperedges diminishes the prominence of the group com-
mon features, hindering effective transfer of the group common
feature information.

Node representation dimensionality d. We noticed that the model’s
performance initially improves and then decreases as the node
representation dimensionality increases, reaching the highest
point when Node representation dimensionality ¢ = 32. This
shows that the amount of information carried by Node repre-
sentation increases with the increase of dimensionality. When
d exceeds 32, the model will be overfitted, thus degrading the
recommendation performance.

5.6. Model generalization analysis

To test the generalization ability of the HCFCL model beyond the
domain of social recommendation, we conducted experiments on the
model in the e-learning scenario and compared it with other models.
The experiment was based on the real-world MOOCCourse and MOOC-
Cube datasets. MOOCCourse consists of 1302 courses from 23 cate-
gories and 82,535 students. These 1302 courses involve 27,173 con-
cepts and 411 prerequisites. In MOOCCourse, there are only 458,453
student-course interactions, with each student taking an average of
approximately 5.55 courses. In the MOOCCube dataset, 55,203 students
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Fig. 4. Performance comparison under sparse data with different interaction range.

interact with 706 courses, resulting in 354,541 student-course inter-
actions, with each student taking an average of about 6.42 courses.
The courses from 20 categories in MOOCCube involve 23,207 concepts
and 352 prerequisites. From the perspective of the average number of
courses taken by students, both datasets are data-sparse.

The baseline models for comparison are divided into two main cat-
egories. One category focuses on user and course representation learn-
ing using student-course interactions, including models like BPR [51],
BPR-HFT [52], LightGCN [13], and TP-GNN [53]. The other category
introduces domain knowledge via knowledge graphs, including models
like RuleRec [54], PGPR [55], ADAC [56], and KRRL [57].

As shown in Table 5, the HCFCL model showed a significant per-
formance improvement over other models on both MOOCCourse and

10

MOOCCube datasets. Compared to methods that only use student-
course interactions, HCFCL is better at mining students’ preferences and
course features from the interaction data, thanks to the exploration of
heterogeneous collaborative signals, especially in data-sparse scenarios.
Most of the methods that introduce domain knowledge of knowledge
graphs are better than the methods that only use student-course inter-
actions. Domain knowledge can make up for the problem of insufficient
data caused by data sparsity. However, these methods are less effective
than the HCFCL model, indicating that deep mining of interaction
data is still a direct and effective way to achieve excellent recom-
mendation results. The effectiveness of domain knowledge introduction
is influenced by multiple factors, such as the quality of the domain
knowledge content, the relevance of knowledge to the corresponding
items, and how the knowledge is processed. Methods like RuleRec [54],
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Fig. 5. Hyperparameter research of the HCFCL.

PGPR [55], ADAC [56], and KRRL [57] are affected by the quality
of knowledge graph construction, and poor-quality knowledge graphs
can even degrade recommendation performance. In addition, different
domains have different knowledge, specific operations are needed to
handle the relevant knowledge for each domain, which limits the gen-
eralization ability of domain-knowledge-based approaches compared
to interaction-based recommendation methods. The HCFCL model not
only performs well in social recommendation but also outperforms
domain-knowledge-based methods in the e-learning scenario, proving
its generalization ability to handle recommendation problems across
different domains.

5.7. Model complexity analysis

We measured the time (in seconds) of each batch and epoch during
training for HCFCL and other models. Our experiments were conducted

11

on a Linux machine equipped with a GeForce RTX 3090 GPU. As shown
in Table 6, the time taken by the HCFCL model and the HCCF model on
the three datasets is not much different, but much lower than the time
consumed by the HGCL model. This shows that the HCFCL model not
only has excellent performance but also has a lower time complexity.
The explicit collaborative signals capturing part takes O (|Ag,| X I x d),
where |Ay,| denotes the edge number in the adjacency matrix. The
time complexity for the embedding generative hypergraph network
is O((q+s)x (g +d)xdxIxg). Additionally, the main complexity of
the feature knowledge personalized transfer network concentrates on
knowledge extraction, with a time complexity of O (g + s) X d?).

The time consumption of the HCFCL model varies under different
scenarios. In data-sparse conditions, where the number of nodes in
the user—item bipartite graph typically exceeds the number of edges,
the time consumption of the model is primarily concentrated in the
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Fig. 6. Visualization of representations under dimensionality reduction of the t-SNE algorithm.

Table 6
The running time per batch and per epoch for different models on three datasets.
Model Yelp Epinions Ciao
Batch Epoch Batch Epoch Batch Epoch
HGCL 2650 s 321.563s 3.900s 308.332s 3.318s 112977 s
HCCF 0.074 s 19.346 s 0.057 s 11.505 s 0.040 s 4.145 s
HCFCL 0.072s  19.306 s 0.064 s  12.404 s 0.051s 5.057 s

embedding generative hypergraph network. In this case, the time cost
is mainly influenced by the number of nodes and the dimensionality of
node representations. When the dataset is large, and the number of in-
teractions significantly exceeds that of users and items, the model’s time
consumption shifts toward the explicit collaborative signals capturing,
where the time cost is primarily affected by the number of interac-
tions (edges in the bipartite graph) and node representations. Under
data-sparse scenarios, the HCFCL model’s time consumption is higher
compared to the lightweight recommendation model LightGCN [13].
However, as the volume of interaction data increases, the time con-
sumption of HCFCL gradually approaches that of LightGCN [13]. There-
fore, the HCFCL model improves recommendation quality at the cost of
increased time consumption in low-interaction situations, encouraging
users to generate more high-quality interaction data. As interaction
data continues to grow, the incremental time cost of HCFCL gradually
slows down while maintaining relatively high recommendation quality.

6. Case study

To intuitively demonstrate the effectiveness of the model in learning
representations for users and items, we selected three users with sparse
interactions along with their corresponding items for visualization of
representations. Fig. 6 shows the visualization result of the repre-
sentation dimensionality reduction using the s-tne algorithm, where
diamonds represent users and dots represent items.

In comparison with Fig. 6(a), Fig. 6(b) shows that the items of the
same color are more tightly clustered, with a noticeable spatial sepa-
ration between items of different colors. This indicates that the HCFCL
model is more effective at mining user preferences, not only identifying
them but also clearly distinguishing between different preferences. It
groups items with similar characteristics that cater to specific user
preferences. This is primarily due to the personalized transfer of group
common feature information within the HCFCL model, which both
emphasizes user preferences and item characteristics while compensat-
ing for data scarcity. On the other hand, the HCCF model introduces
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a hypergraph to capture high-order dependencies across the entire
graph, building upon collaborative signals mined from interactive data
via graph convolutional networks. This allows the model to gather
neighbor node information with high-order connectivity, which helps
mitigate the impact of data sparsity. However, the HCCF model does
not differentiate the neighbor node information with high connectiv-
ity according to the characteristics of the source node. As a result,
nodes connected by the same hyperedge aggregate similar information,
leading to a blurring of user preferences and item characteristics. In
Fig. 6(a), the items of the same color are dispersed in the space.

In addition, Fig. 6(b) shows a clear separation between users and
items. This is the result of the HCFCL model treating users and items
separately when mining implicit collaborative signals, which enables
it to better distinguish between users and items. The HCCF model
constructs a hypergraph for both user and item nodes, with a hyperedge
connecting the user and item nodes. This makes the user and item nodes
in the HCCF model mixed in space and difficult to distinguish.

7. Conclusion

This paper primarily aims at mining heterogeneous collaborative
signals in recommendation systems. To this end, we propose the HCFCL
model. It deeply mines the implicit collaborative signals in interaction
data by the embedding generative hypergraph network to supplement
the scarcity of explicit collaborative signals in the data sparsity issue.
In order to alleviate the difference between the group common fea-
ture and individual characteristics, we designed a personalized bridge
function, which, with the assistance of the meta network, transfers
the group common feature information for user/item personalization.
Finally, through contrastive learning, the HCFCL model captures the
consistency of heterogeneous collaborative signals to enhance embed-
ding learning. The HCFCL model is verified with other methods on
the three publicly available datasets. Experiments conducted on Yelp,
Epinions, and Ciao have demonstrated the HCFCL model’s superior
recommendation performance. Supernumerary experiments and case
study prove that the HCFCL model can address the data sparsity issue
better than other methods.

In this work, the HCFCL model processes the interaction data from
the structural perspective, in order to enable the model to meet the
recommendation tasks in most scenarios, especially when there is
only sparse interaction data. However, the HCFCL model has certain
scalability and can integrate relevant domain knowledge or side in-
formation in social recommendation. Using appropriate operations to



C. Meng et al

replace the normal distribution to randomly obtain the initial repre-
sentation of users and items for side information processing can assist
model in mining interaction data based on the understanding of side
information, thereby reducing the difficulty of mining heterogeneous
collaborative signals. For example, Side information, such as item at-
tributes and social connections, can be used to construct corresponding
graph structures. A graph encoder can then encode both user and item
nodes, capturing the relationships and dependencies within the graph
to enhance the representation learning process. The side information
representation obtained by encoding can not only serve as the initial
user and item representation for capturing explicit collaborative signals
of the model, but also as a source of feature knowledge for Feature
Knowledge Extraction, assisting in the personalized transfer of group
common feature information.

8. Future work

In social recommendation scenarios, side information such as social
connections or item attributes plays a crucial role. Leveraging this
side information to enrich representations, and integrating it into a
multi-task learning framework through auxiliary tasks, is a promising
direction for joint optimization. This approach holds great potential
for improving recommendation accuracy and capturing more nuanced
patterns in the data. In addition to interaction data, there is also
abundant multimodal information related to users and items. In the
current work, only the single graph structure modal information of
interaction data is involved. How to extract information in multimodal
data and alleviate the modal conflict of multimodal information is a
direction we need to explore.
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