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ARTICLE INFO ABSTRACT
Keywords: Recommender systems serve a dual purpose for users: sifting out inappropriate or mismatched information
Accuracy and diversity while accurately identifying items that align with their preferences. Numerous recommendation algorithms
Diversified recommendation rely on rich feature data to deliver personalized suggestions. However, in scenarios without explicit features,

Hypergraph convolutions balancing accuracy and diversity in recommendations is a pressing concern. To address this challenge,

exemplified by music recommendation, we introduce the Diversified Weighted Hypergraph Recommendation
algorithm (DWHRec). In DWHRec, the initial connections between users and items are modeled using a
weighted hypergraph, where additional entities linked to users and items, such as artists, albums, and tags, are
simultaneously integrated into the hypergraph structure. To capture users’ latent preferences, a random-walk
embedding method is applied to the hypergraph. Accuracy is measured by the match between users and items,
and diversity is gauged by the variety of recommended item types. Extensive experiments conducted on two
real-world music datasets show that DWHRec substantially outperforms eight state-of-the-art algorithms in
terms of accuracy and diversity. Beyond music recommendation, DWHRec is a versatile framework that can
be applied to other domains with similar data structures. The algorithm code is available on GitHub.!

1. Introduction information that they receive is rooted in communication, informatics,
sociology [15], and psychology [13,16]. Numerous studies consistently

Recommender systems (RecSys), as one of the most commonly used hlghllght a reality: filter bubbles undeniably exert an impact on users
methods for technical information filtering, yield tangible benefits for in social networks [17-19]. An effective approach for bursting the
service providers and users [1-3]. In our current digital era, online bubble is to implement diversity-aware strategies [20-22]. Diversity
service providers deploy these systems to deliver personalized sug- measures the extent of differences in item attributes and types in the
gestions, aiming to heighten user satisfaction by catering to a broad recommendation list. The higher the diversity of the recommended
spectrum of needs across diverse user profiles [3,4]. Through the uti- content is, the better it can mitigate content narrowing. Studies have
lization of recommender systems, service providers can better discern documented that recommendation diversity is crucial in many cases

and poor diversity characteristics undermine traditional recommender
systems [1,23].

Herein, we study the diversification problem of music recommen-
dation, which is one of the most prevalent applications penetrating
our daily lives. It emerges as an important application of web services,
witnessing millions of listening events occurring between a vast user
base and tracks in the music repository every moment [2,8,24]. To
obtain an effective diversified music RecSys, we need to consider the
characteristics of the music recommendation data. First, they have
rich auxiliary information for each music track, including its albums,

user preferences, boost product visibility, and enhance user engage-
ment [5-7]. For users, recommender systems offer liberation from the
overwhelming sea of information and facilitate the discovery of content
aligned with their tastes [8]. Recommendation algorithms relentlessly
pursue precision, striving to push the boundaries of accuracy to the
utmost [9-11].

Nevertheless, the excessive pursuit of recommendation accuracy
may lead to personalized outcomes that exceed user expectations,
thereby exposing them to the pitfalls of filter bubbles [12,13]. The idea
that filter bubbles [14] shape individuals’ thoughts by influencing the
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artists, and annotated tags. Each auxiliary information reveals one kind
of relationship among music tracks. For example, music that belongs
to the same album tends to have a similar theme, which reveals the
similarity among all music tracks in the same album. Second, music
recommendation data are not just one-time interactions. Unlike user
behaviors in E-commerce, where there is usually at most one-time inter-
action between user-item pairs, users can interact multiple times with a
single music track. This characteristic causes each one-time interaction
between user—item pairs not to be convincing to speculate the user’s
preference. We cannot assume the user’s preference toward a music
track if the user only listens to the track one time. On the contrary,
only a one-time interaction usually indicates a disfavor toward the
music track because the user never listens to it again. Finally, both
users and tracks have almost no explicit features, which means that
recommendations cannot leverage features as extensively as some other
algorithms do. Thus, we need to discern the user’s preference in a more
fine-grained manner.

To fully consider the aforementioned characteristics in diversified
music recommendations, we introduce the Diversified Weighted Hy-
pergraph Recommendation algorithm (DWHRec). The hypergraph has
been demonstrated to be a structure capable of effectively representing
complex relationships among multiple objects. Thus, DWHRec first
integrates the relationships between users, tracks, albums, artists and
tags by constructing a unified hypergraph. In particular, we build four
types of hyperedges in DWHRec to represent the interactions between
user-track, tag-track, album-track, and artist-track separately. For ex-
ample, each album-track-type hyperedge connects all music tracks in
the same album. By constructing the hyperedges in the same hyper-
graph, DWHRec can fully use all auxiliary information to construct
relationships between music tracks. In addition, to describe user’s
preference in a more fine-grained manner, we add weight to each
hyperedge based on the edge type. For example, the weight of each
user—item hyperedge is calculated based on the interaction number,
and more interactions lead to larger edge weights. In this way, we can
discern user’s behaviors regarding the interaction number on each item.

After fully representing the data as a hypergraph, we propose
two methods on different steps to diversify the recommendation. Dur-
ing the embedding step, we first perform random walks on the con-
structed weighted hypergraph to collect walk sequences and then use
a skip-gram model to obtain the user-track embedding. Compared with
graph convolution with a fixed aggregation neighborhood, random-
walk-based methods can reach the neighborhood at a farther distance,
benefiting the diversified representation of center nodes. In addition,
our constructed hypergraph contains rich item relationship informa-
tion, and random walking on the weighted hypergraph can acquire
more diversified walk paths compared with walking on the user-item
bipartite graph. During the ranking step, we also design a redesigned
diversifying function to rank the list. DWHRec first calculates the
relevance score using the dot product of user-track embedding and
then rescores relevance with a trade-off factor to introduce diversity.
Then, the final ranking list considers both relevance and diversity,
easily trading off with the designed factor. In conjunction with the
two designed diversifying methods, DWHRec achieves the best per-
formance on both accuracy and diversity on the real-world music
recommendation dataset, yielding its effectiveness on the diversified
music recommendation task. In summary, the main contributions of this
study can be outlined as follows:

» An improved hypergraph structure is proposed, effectively inte-
grating elements such as users, tracks, albums, artists and tags
to construct a track-centered hypergraph model. This structural
design significantly enhances the ability to express data relation-
ships in music recommender systems, providing a richer informa-
tion foundation for capturing and using complex user preferences
and music attributes.
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« Introduction of DWHRec: We propose a recommendation algo-
rithm based on a weighted hypergraph. The algorithm enhances
the diversity and accuracy of the recommender system by per-
forming random walks on the weighted hypergraph composed of
different sources of information, thereby generating more diver-
sified walk paths. Combined with the skip-gram model, DWHRec
can obtain more diversified user-track embeddings.

Extensive experiments are conducted on real-world music datasets
to demonstrate the effectiveness of DWHRec and the influences of
different modules. Comparative experiments show that DWHRec
is capable of striking an appropriate balance between recommen-
dation accuracy and diversity.

The remainder of this paper is organized as follows. First, we present
a brief review of existing related works in the fields of music rec-
ommendation systems, diversified recommendation and hypergraph-
based recommendation (Section 2). Second, we construct a diversified
music recommendation algorithm based on weighted hypergraph em-
bedding (Section 3). Third, in the experimental session, we compare
the proposed DWHRec with several state-of-the-art recommendation
algorithms, and detailed experimental results are reported (Sections 4—
5). Finally, in the concluding part of this study, we summarize the
findings and envision possible extensions (Section 6).

2. Related works

As stated afore, we utilize music as a case study to explore the
application of diversified recommendation methods. Therefore, it is
essential to introduce related concepts and the current state of re-
search. Our study aligns with three main research directions: music
recommendation, diversified recommendation and hypergraph-based
recommendation.

2.1. Music recommendation

In this study, our focus is on music recommender systems. With the
proliferation of digital music, the evolution of music recommendation
proves beneficial for users in picking desirable music pieces from an
extensive repository [25]. The various music recommendation methods
developed thus far can be broadly classified into two fundamental
categories: content-based and collaborative-filtering approaches.

Music is an artistic presentation of sound and is characterized by
numerous acoustic features [24,26-29]. Huang and Jenor [30] initially
extracted audio signatures as music features from audio data, rated new
music using a vector quantization method, and ultimately generated
music recommendations. In contrast to recommendations that solely
focus on music contents, Bu et al. [31] incorporated features extracted
from the Mel-frequency cepstral coefficients as a bridge for comparing
similarities between tracks, embedding them into a unified hypergraph
architecture.

Music typically conveys some form of emotion in addition to its
acoustic characteristics [32]. Shan et al. [25] explored the discovery
of affinity in film music and proposed a generalized framework for
implementing emotion-based music recommendations. To tailor recom-
mendations to better suit the user’s current context, Hariri et al. [33]
mined popular tags for tracks from social media websites, used a topic
modeling approach to learn latent topics representing various contexts
from these tags, and then transformed each track into a set of latent
topics capturing the general characteristics of that track.

Another strategy, which is the focus of our attention in this pa-
per, relies solely on the past behavior of the user, excluding music
contents, which are often difficult to access. A direct approach refers
to detecting associations between users, tracks, albums, and artists
through available information, uncovering the latent structure between
them, and deducing the tracks that users may be attracted to, provid-
ing recommendations [21]. Mao et al. [34] corrected user preference
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relations found from users’ ratings with a quality model and proposed
a regularization framework to calculate the recommendation proba-
bility of tracks. Knowledge graphs, as tools for reasoning over data
to extract new and implicit information, were naturally applied to
mine associations between users and tracks in music recommenda-
tions [35]. La Gatta et al. [3] suggested that hypergraph data models
might be more capable of seamlessly representing all possible and com-
plex interactions between users and tracks with related characteristics.
Furthermore, music play has a natural characteristic, i.e., sequence.
In particular, Cheng et al. [36] exploited this property to seek the
relevance of tracks and attempted to leverage the information encoded
in a music play sequence into matrix factorization methods [5,37,38]
to improve the recommendation performance.

In summary, content-based music recommendation aims to establish
similarities between tracks, with less consideration for personalization,
and collaborative filtering-based recommendation pays more attention
to detecting potential associations between users and tracks, and is
more inclined to match the users’ historical preferences.

2.2. Diversified recommendation

Diversified recommendation aims to enhance the diversity and
serendipity of a recommendation list, providing surprises and satis-
faction to users, because these items can remain highly relevant to
users [39,40]. It was first proposed by [41], which used a greedy
method based on diversity metrics to retrieve items. Zhou et al. [42]
built the user-item interactions as a bipartite graph and proposed
HeatS/ProbS methods to balance the accuracy-diversity dilemma.
Chent et al. [43] proposed a normalized topic coverage diversity metric
to select diversified item subsets. To enhance diversity, reranking-based
methods are also proposed. DUM [44] uses a submodular function
to guide the greedy selection of items during the reranking process,
aiming to maximize item utility. Diversified PMF [45] measures di-
versity by computing the /, loss between items. Determinantal Point
Processes (DPPs) [46] rerank items to maximize the determinant of the
item’s similarity matrix, thereby enhancing diversity. Antikacioglu &
Ravi [47] approached the recommender system as a subgraph selection
problem in diversified super graphs using minimum-cost network flow
methods for efficient diversification. Teo et al. [48] proposed assigning
global and local diversification weights during the training of the
recommender systems to enhance diversity. CB2CF [49] introduces
sliding spectrum decomposition to capture users’ diversity perceptions
over long item lists. Through online testing, CB2CF demonstrates that
increased diversification can boost user engagement and time spent
on platforms, such as Xiaohongshu. DDGraph [50] selects implicit
edges through quantile progressive candidate selection and recon-
structs the user-item bipartite graph to enhance diversity. DGCN [51]
and DGRec [4] modify the message passing procedure to enhance
neighborhood diversification to learn diverse user-item representation.
Ma et al. [52] built diversified recommendation as a multiobjective
optimization problem and proposed intrauser diversity and mean ab-
solute errors to evaluate the recommended diversity and accuracy,
respectively.

Different from previous approaches that operate on historical user—
item interactions, DWHRec investigates diversified recommendation
task by introducing more information to encode user—item represen-
tation. DWHRec proposes using weighted hyperedges to represent mul-
tiple kinds of information and enables random walking on the con-
structed hypergraph. Those hyperedges enable more diversified walk-
ing sequences for encoding user—item representation.

2.3. Hypergraph-based recommendation
Recently, numerous studies have delved into hypergraphs [53-57].

For instance, Bu et al. [31] introduced a unified hypergraph frame-
work for music recommendation, incorporating diverse social media
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information and acoustic-based content into the algorithm. Theodoridis
et al. [58] extended Bu’s framework [31] to include group sparsity
constraints, enabling the exploitation of the group structure in the
data. By treating music recommendation as a hypergraph-based rank-
ing problem, Tan et al. [26] integrated rich social media informa-
tion to identify music tracks tailored to individual user preferences.
A novel music recommendation framework that leverages a hyper-
graph data model and hypergraph embedding techniques was delivered
by [3]. By reexamining user mobility and social relationships, a hy-
pergraph embedding method is specifically designed for a large-scale
location-based social network dataset, facilitating automatic feature
learning [53]. By introducing a generic user-item-attribute-context
data model summarizing various information resources and higher-
order relationships for constructing multipartite hypergraph fulfilling
multiobjective recommendation needs, a solution was proposed using
hypergraph ordering [59].

Another stream of research represented by [54,56], innovatively
combines traditional collaborative-filtering techniques with hypergraph
theory to develop collaborative recommendation methods on hyper-
graph structures. This approach not only retains the advantages of
traditional collaborative filtering but also leverages the powerful ex-
pressive capacity of hypergraphs to capture and model more complex
user—item relationships, thereby achieving significant progress in the
field of recommender systems.

Although these approaches have garnered considerable success in
resource recommendation applications, they have yet to establish a
centralized hypergraph. Our goal is to construct a hypergraph with
items at the center, surrounded by other resources, aiming to enhance
the strength of connections between resources.

3. Weighted hypergraph-based diversified music recommendation

The next key point for discussion regarding the method of seeking
and establishing connections among users, tracks, albums, artists, and
tags. Using a hypergraph, we present a music recommendation algo-
rithm based on hypergraph embedding that is meticulously designed
to strike a balance the weights of accuracy and diversity. This section
provides a detailed illustration of our approach.

3.1. Preliminaries

We summarize the notation in Table 1. The graph comprises two
essential components: vertices and edges. A hypergraph, denoted as G =
(V, €), consists of a vertex set V and a hyperedge set £. Each hyperedge
e € & encompasses an arbitrary number of vertices v € V. For a
weighted hypergraph, represented as G = (V, €, w), the vertices ¥V and
hyperedges £ are accompanied by a weighting function f,,(e): £ — R,
indicating the strength of connections. A higher weight signifies closer
proximity between the connected vertices. In addition, each hyperedge
e € & is linked to a non-negative number w(e), referred to as the weight
of hyperedge e.

Hyperedge e is said to contain vertex v when v € e. The degree
of hyperedge e, denoted by é(e), is defined as the cardinality of e,
i.e., (e) = |e|. If every hyperedge has a degree of 2, the hypergraph
reduces to a normal graph. A hyperpath between vertices v, and v,
exists when there is an alternative sequence of distinct vertices and
hyperedges vy, e, vy, e, ..., ;_;, v such that {v,,v;,,} C e for
1 <i < k-1. A hypergraph is connected if there is a path for every pair
of vertices.

Finally, we obtain the vertex-hyperedge incidence matrix H. The
hypergraph ¢ can be succinctly represented by H of size |V|x|€| matrix.
Let h(v,e) = 1 indicate that vertex v is part of hyperedge e; otherwise,
h(v,e) = 0. The incidence matrix, H, is defined by its elements:

u A ) 1, ify; € e o
= h(v;,e;) =
Y . 0, otherwise.
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Table 1

Hypergraph notations.
Symbol Description
g=W.Ew) Hypergraph.
v The set of vertices.
& The set of hyperedges.
w The weight on hyperedges and vertices.
vevy A certain vertex in the vertex set.
ecé& A certain hyperedge in the hyperedge set.
5(-) The degree of a vertex or a hyperedge.
H The incidence matrix.
h The elements in the incidence matrix.
ucvy The set of users.
Trcvy The set of tracks.
ArcCVy The set of artists.
AlCY The set of albums.
TaCV The set of tags.

uel A certain user in the user set.

trefTr A certain track in the track set.
al € Al A certain album in the album set.
ar € Ar A certain artist in the artist set.
ta€Ta A certain tag in the tag set.

Le The listening history.

c The quantity of elements.

Logically, we define the degree of a vertex as

d(v) = Y We)h(v,e), @

and the degree of a hyperedge as the number of connected vertices,
denoted as,

8(e) = lel = Y h(v,e). ®3)

3.2. Hypergraph composition

A hypergraph structure is a fundamental component of our pro-
posed algorithm. Consequently, it is essential to furnish a detailed
configuration explanation for the elements in the hypergraph.

We consider five types of objects and four types of relationships.
In particular, the objects comprise users U, three resource types (i.e.,
tracks T'r, albums A/, and artists Ar), and tags Ta that users attach to
them. The relationships in the constructed hypergraph are partitioned
into actions on resources and inclusion relationships among resources.
Action relations on resources engage two types of interactions: users
listening to tracks (R,) and users tagging tracks (R,). It is worth noting
that the relationship between users and the tagging of tracks represents
the collective annotation of a particular track by all users, rather than
a specific user. Inclusion relationships among resources are defined by
connections between tracks and releases and between tracks and artists,
signified by R; and R, respectively.

Hypergraph G is defined as a collection of vertices V and hyperedges
&. The vertex set, V, comprises distinct entities, specifically:

(1) Users (U): a set of users;

(2) Albums (Al): a set of albums;

(3) Artists (Ar): a set of artists;

(4) Tracks (Tr): a set of tracks;

(5) Tags (Ta): a set of tags that users attach to tracks.

Therefore, a set of vertices V is defined as the union of U, Al, Ar,
Tr, and Ta, i.e., V=U U AlU AruTrU Ta. Hyperedges are introduced
to represent the four relationships among the aforementioned objects.
In the unified hypergraph, there exist four types of hyperedges, each
corresponding to a specific relationship type. To correspond with the
relation set R;, we define a set of hyperedges as e, (i € [1,4],i € R™).
For convenience and better comprehension, we provide an illustrative
representation of these relationships in Table 2.

The construction of the four types of relations and hyperedges is
listed as follows.

Table 2
Relations in our unified hypergraph.
Name Notations
Relations Hyperedge types
Listening tracks R, e
Tagging tracks R, e
Tracks belong to an album R, e®
Tracks belong to an artist R, e®

Definition 1 (Hyperedge ¢1). The first type of hyperedge, denoted as
e() € &, represents the tracks that the user has listened to in the past.
It consists of two parts: the user vertex and track vertices. The play
count, a significant metric for listening events, is denoted as c(u,tr;),
where u € U is the user and 1r; € Tr is the track. In ¢!V, the weight of
the user vertex v, € V is set to 1, and the weight of other track vertex
Vir, is determined as follows:
c(u,try)

er, C(u’ tri)

where 1r; represents the track that belongs to the same hyperedge as
user u.

4

Wy Uy ) =

Definition 2 (Hyperedge ¢®). The second type of hyperedge, denoted
as e? € &, represents the tags that the user has annotated to a track.
It comprises two components: the track vertex and the attached tag
vertices. In ¢, the number of times the tag ta, € Ta attached to the
track tr € Tr is denoted as c(tr,1a,). The weight of the track vertex v,
is set to 1, and the weight of other tag vertex Vta, is set to the following:
c(tr, tay)

= )

Zm’ c(tr,ta;)

where ta; represents the tag that belongs to the same hyperedge as track
tr.

W(Utr’ Utap)

Definition 3 (Hyperedge ¢®). Certain connections exist between dif-
ferent tracks in the same album, prompting the natural construction
of a hyperedge for tracks that belong to the same album. All tracks
mentioned here that share an album constitute the albums in the
dataset. The third type of hyperedge, denoted as ¢® € &, represents
tracks that belong to the same album. It contains two components: the
album vertex and the tracks vertices that it includes. In ¢®®, the notation
c(al,tr;) denotes the number of times that the track tr; € Tr is played
in the album a/ € Al. The weight of the album vertex v, is set to 1,
and the weight of other track vertex Vi, is set to the following:
c(al, tr;)

- er,- c(al,tr;)’

where tr; refers to the track that belongs to the same hyperedge as
album al.

(6)

W(Ual’ U )
J

Definition 4 (Hyperedge ¢¥)). Similarly, hyperedges can also be created
for tracks and artists. Multiple tracks are composed or performed by the
same artist. Hyperedge e captures the relationship between the artist
and several tracks, designed to prevent the omission of essential tracks
and serving as a complement to ¢, The vertices of ¢®* encompass all
tracks that belong to the artist and the artist. In ¢, the frequency with
which the track r; € Tr by the artist ar € Ar has been played is denoted
as c(ar,tr;). The weight of the artist vertex v,, is set to 1, and the weight
of other track vertex Uy, is regarded as follows:
c(ar,tr;)

W0 Uy ) = ————>
ar> 7, er,- c(ar,tr;)

)

where 1r; is the track that belongs to the same hyperedge as artist ar.
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When constructing the hypergraph structure, different types of hy-
peredges are responsible for connecting different sets of vertices. For
example, the user-track hyperedge e(!) represents all tracks listened to
by a user, linking a single user to multiple tracks. Therefore, the number
of () directly depends on the number of unique users in the sample
data. Similarly, the quantities of other types of hyperedges, namely,
e®, ¢ and e®, are determined by the number of tags, albums, and
artists in the sample, respectively. This design allows us to capture and
represent the complex relationships in the data through the diversity
of the hyperedges.

During the execution of hypergraph random walks, theoretically,
the weights of hyperedges can be dynamically adjusted to more ac-
curately reflect the strength of different associations [60]. However,
this approach inevitably increases computational complexity and re-
source consumption. Therefore, to reduce the computational costs and
improve operational efficiency, we simplified the model by setting
all hyperedge weights to 1 and not updating these weights during
the walks. This prevents the transmission of information and dynamic
changes in the weights.

3.3. Recommendation via hypergraph

Fig. 1 vividly and succinctly depicts the entire workflow of the
DWHRec algorithm, as detailed in Algorithm 1, which outlines the
core framework of the system. DWHRec takes two inputs: data and
hyperparameters. Data include the user’s listening history Le, tracks T'r,
tags Ta associated with the tracks, albums A/, and artists Ar. DWHRec
receives and processes these inputs through a series of steps to generate
recommendation lists L for all users. Hyperparameters consist of the
iteration counts r and the number of steps k in the random-walk stage,
as well as the vector dimension s and window size w in the embedding
stage and the recommended list length n.

DWHRec can be segmented into four stages (Algorithm 1). First,
a weighted hypergraph ¢ is constructed based on information from
Le, Tr, Ta, Al, and Ar (line 1). A more detailed description of this
process is presented in Algorithm 2. Second, using the constructed
hypergraph, the random-walk method is designed to detect potential
associations between users U and candidate tracks Tr (line 2). A
more detailed explanation of this process is provided in Algorithm 3.
Third, by considering the paths left by the vertex walks as sentences
and the vertices as words, the skip-gram word embedding model is
applied to vectorize the users and tracks vertices, obtaining their vector
representations (line 3). Finally, the designed scoring function takes the
vectors of users and tracks as inputs, calculating the scores of candidate
tracks. These candidate tracks are graded, and the recommendation list
is generated by ranking them according to the highest rating (lines 4).
Through these steps, DWHRec achieves the goal of providing users with
diversified recommendations.

3.3.1. Hypergraph construction

Our objective is to provide users with specific track recommenda-
tions in the form of a personalized list. When making recommendations,
the goal is to cater to users’ individual preferences by suggesting tracks
that are as familiar or similar as possible to their historical listening
behaviors. To assist users in discovering tracks that they are likely to
enjoy, we model the information using a hypergraph data structure.
This structure captures relationships between various entities, intercon-
necting all information embedded in the data source. As mentioned
earlier, a fundamental step in DWHRec is the construction of the
hypergraph, and Algorithm 2 gives the pseudocode for this process.

Hypergraph ¢ is defined by a triple that comprises the set of
vertices V and hyperedges &, along with their corresponding weights
w. Naively, the hypergraph construction process can be approximately
divided into three steps: constructing the vertex set V, constructing the
hyperedge set £, and assigning the hyperedges weights w. In practice,
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Algorithm 1 DWHRec Framework

Input: Data about listening history behaviors Le, tracks T'r, tags Ta,
albums A/, and artists Ar, hyperparameters include the number of
iterations r for random walks, the number of steps k taken during
each iteration of random walks, the size s of the vertex vectors
generated by word embedding model, the window size w, and the
length of the recommendation list n.

Output: Top-n recommendation list L for all users.

Method: DWHRec.

1: Construct a weighted hypergraph ¢ by utilizing the information
from Le, Tr, Ta, Al and Ar (Algorithm 2);

2: Explore possible connections among U and Tr by applying
random walks technique on hypergraph G (Algorithm 3);

3: Utilize the skip-gram word embedding model to vectorize the
vertices in U and Tr;

4: Generate a recommendation list L with a length of » for U;

5: return L;

Algorithm 2 Hypergraph Construction

Input: Information about listening history behaviors Le, tracks T,
tags Ta, albums A/ and artists Ar;
Output: G =V, &, w);
Method: HypergraphConstruction.
1: V<@, &P, w=0;
2: Construct hyperedge ¢! by Definition 1, assign weights to
vertices by Eq. (4);
3: Construct hyperedge ¢ by Definition 2, assign weights to
vertices by Eq. (5);
4: Construct hyperedge ¢ by Definition 3, assign weights to
vertices by Eq. (6);
5: Construct hyperedge e® by Definition 4, assign weights to
vertices by Eq. (7);
: V< VYVUUUArUAlUTrUTa;
E—EueDue@yed® ye?;
rG— PV, Ew);
. return G;

© N o

hyperedges and weights are often combined, with an initial weight
being attached to a hyperedge during its construction.

An empty hypergraph ¢ is initialized with an empty set of hyper-
edges £ and vertices set V, all assigned a weight of 0 (line 1). Further,
the algorithm proceeds to construct the hyperedges e, ¢, ¢®, and
e® to represent user-track, tag-track, album-track, and artist-track
associations, respectively, assigning each corresponding hyperedge an
initial weight (lines 2-5). The vertex set V is formed by concatenating
the sets of users U, artists Ar, albums Al, tracks T, and tags Ta (line
6). In addition, the hyperedge set £ is the union of the hyperedges e,
where i ranges from 1 to 4 (line 7). Finally, a hypergraph ¢ is created
(line 8).

In the constructed hypergraph, tracks assume a central position.
Through these tracks, connections are established among users, tags, al-
bums and artists, facilitating the integration of information. This struc-
ture enables the exploration of users’ latent preferences by intertwining
information from multiple aspects.

3.3.2. Random walks embedding

After the construction of the hypergraph, the desire is to use it for
recommendations. However, the information stored in the hypergraph
cannot be used directly, necessitating further processing. Random walks
are conducted on the hypergraph to facilitate the establishment of
connections between various entities.

The pseudocode of the random-walk process is approximately ren-
dered in Algorithm 3. The algorithm accepts a hypergraph ¢ = (V, &, w)
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Fig. 1. The framework of the DWHRec algorithm. We first construct a hypergraph using the user’s historical interactions and external knowledge, such as tags, albums, and artists.
Subsequently, a random walk-based embedding method is used to learn dense vector representations for users and items, facilitating top-n recommendations.

as input, along with two hyperparameters: r, representing the number
of iterations, and k, indicating the number of random-walk steps.
It outputs a list containing the walking results for all vertices. The
variable walks_list is a list that holds the results of all vertex walks,
initialized as empty (line 1). For each vertex v € V, a random-walk
operation is performed, and the order of the walks is recorded (lines
2-14).

Before commencing the actual walking process, some preparations
are necessary. In particular, a variable walk is declared and initialized
to be empty, tracking the order in which v travels (line 3). Let the
currently visiting vertex v, be v (line 4). A hyperedge ¢ € &£ is
randomly picked from the hyperedges containing the vertex v,,,, and
marked as the currently accessed hyperedge e, (line 5).

After the preparation is completed, the actual walking can com-
mence. The vertex v, becomes the first vertex visited, and it is
appended to v’s visited path walk (line 8). For the remaining (k-1) steps,
the following manipulations are performed (lines 9-10). The transition
probability p,  for a hyperedge e, to jump to another hyperedge is
evaluated first. On the basis of this probability, the current hyperedge
could either remain unchanged or switch to another hyperedge where
the current vertex is (line 9). This mechanism enables the algorithm

to explore more hyperedges deeply, avoiding being stuck in a loop
inside the hyperedges. After determining the hyperedge for the next
walk, the next vertex for the walk needs to be further identified. The
process involves selecting a new vertex v to join the random walk for
the next walk based on the probabilities associated with the vertices
in the hyperedge e, (line 10). Through these procedures, a single
random walk path for vertex v is recorded after k jumps (lines 7-11).
The process of k jumps repeated r times iteratively forms the complete
walking trajectory for vertex v (lines 6-13). Apparently, the walking
paths of all vertices constitute the walks_list (lines 2-14).

The random-walk process on the hypergraph generates walking
sequences for vertices. These sequences include five categories: users,
tracks, tags, artists and albums. Each sequence inherently suggests
direct or indirect relationships among the vertices. Adjacent vertices
in the hypergraph are likely to be adjacent in the sequence, and
nonadjacent vertices are included, even though they may be separated
by larger distances. However, these relationships are not immediately
actionable and require further manipulation. Hence, the embedding
process is used to represent these vertices, with a particular emphasis
on the pivotal user and track vertices.

To accurately measure the degree of association between users and
tracks, constructing vector representations for both entities is crucial.
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Algorithm 3 Random-Walk Generation

Input: Hypergraph ¢, the number of iterations r for random walks,
the number of steps k taken during each iteration of random walks.
Output: Walks list walks_list.

Method: RandomWalk.

1: walks_list = @;

2: for v eV do

3 walk = @,

4 Ve < U

5 ey < CE€EE Uy €V,

6: fori=1-rdo

7: for j =0 - k do

8: walk < walk +v,,,,;

9: Courr — €EE Uy €V,
10: Ueyrr < UV E ve,_.,”,’ v # Ucurrs
11: end for
12: walks_list < walk_list + walk;

13:  end for
14: end for
15: return walks_list;

Word2Vec [61-63] is a class of neural network models that, in the
context of a given unlabeled corpus, generates vectors for words in
the corpus to characterize their semantic information. A widely used
model in Word2Vec is skip-gram, extensively used in natural language
processing as an unsupervised model for learning semantic knowledge
from massive text corpora. In our case, the vertices of the hypergraph
are considered words, and the walking sequences are treated as sen-
tences. We have adopted the skip-gram model [64], which is adept at
embedding each vertex in the input sequence into a high-dimensional
vector space. This embedding technique not only enhances our un-
derstanding of the connections between vertices but also provides an
efficient means for capturing and quantifying the complex relationship.

3.3.3. Top-n recommendation

Under the mechanism of random walks, the complex structure of
a hypergraph is transformed into traversal paths of vertices. After
the application of the skip-gram model, the users and tracks in the
hypergraph are demonstrated as vectors. Further, the user’s enjoyment
of a track can be proxied by calculating the dot product between these
two vectors. The well-known dot product metric can be delegated to
portray user u’s favoring of track tr, denoted as:

d(,tr) = rel(u,tr) =V - V,. (8)

The users’ preferences for the tracks are then converted into products
between the user vertex vector V, and the vectors associated with the
tracks V,,..

Using Eq. (8), we can conveniently identify and quantify the latent
preferences of users for candidate tracks, represented as numerical
scores. Using these scores, we rank all candidate tracks in descending
order of preference to accurately select those that resonate most with
user preferences. Ultimately, the top-n tracks, as determined by this
ranking, are meticulously selected and compiled to form a personalized
recommendation list tailored specifically for user u. The mathematical
formulation of this recommendation process is shown in Eq. (9).

L) :={tr € Tr | argmax d(u,tr)},s.t.|L(u)| = n. 9

The recommendation list L(u) is meticulously curated to provide
a diverse selection of tracks tailored to the personalized preferences
of user u. To mitigate the negative effects of overpersonalization, as
previously discussed, the DWHRec algorithm uses several strategies
to enhance recommendation diversity. During the hypergraph con-
struction phase, the algorithm constructs a track-centric hypergraph,
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incorporating elements such as users, tags, artists, and albums. In
the subsequent random-walk phase, the algorithm establishes close
connections between users and potential tracks through sequences
of vertex traversals. Consequently, during the embedding phase, the
vector representation of the user encapsulates a wealth of latent track
information, which serves as a robust foundation for achieving a diverse
set of recommendations.

In summary, the DWHRec algorithm uses a hypergraph structure
to model the associations between users and tracks. Subsequently,
through multiple iterations of random walks on the hypergraph, it
generates traversal paths for both users and tracks. Next, the skip-
gram word embedding model is used to analyze these traversal paths,
representing users and tracks as vectors. Finally, by computing the
diversity degree, the algorithm measures the extent of user preferences
for tracks, thereby generating a diversified recommendation list.

4. Experimental setup

Experimental work to validate the effectiveness of the algorithm
is necessary, and for this purpose, extensive, intricate, and prolonged
preparations have been performed. To ensure the relative fairness and
transparency of the experiments, we will provide a relatively detailed
description of the experimental setup.

4.1. Dataset collection

Last.fm? is a well-known data-gathering site widely used in the
field of music recommendation research [31,35,40,58]. It builds a
detailed profile of each user’s musical tastes by recording the tracks
that they have historically interacted with. Last.fm collects these tracks
from Internet radio stations or the user’s computer, for example, by
transferring (“scrubbing”) them to Last.fm’s database using a music
player (e.g., Spotify®) or a plug-in installed in the user’s music player.

Users were discovered by crawling the Last.fm social graph using
the “user.getFriends” endpoint and by crawling the listening users of
a certain group of artists, which were obtained via chart.getTopArtists
endpoint [40]. After removing duplicates from approximately 1,100,000
crawled user names, a grand total of almost 400,000 unique users
were harvested. Because of the substantial number of listening records
per user, 10,000 unique users were randomly chosen. Through other
Last.fm application programming interfaces (APIs), a significant num-
ber of unique listening events (LEs) from these users were available.

4.2. Dataset description

Play count measures how frequently the observed user engages
in music listening [65]. For tracks with a high play count, we can
assume that the user has likely enjoyed them. However, tracks that
are played rarely or have not been played cannot be easily dismissed
as unappealing to users. Some tracks that users cannot access have a
play count of 0. In addition, there are tracks that users do not currently
prefer, but it does not imply that they will not prefer them in the long
run as their preferences evolve. The interaction between a user and a
track (or artist, and album) is reflected in the fact that the user has
listened to a particular track, i.e., such a listening event exists. Referring
to the article [40], we also use a simple key consisting of artist and track
name tuples to distinguish individual tracks.

The basic statistical information contained in the dataset is shown
in Table 3. In the filtered datasets, lastfm-100k contains 501 users with
close to 100,000 entries for LEs. In comparison, the number of users
and LEs in lastfm-200k is almost twice as large, with 1001 users and
more than 200 thousand LEs. The numbers of tracks in the two datasets

2 http://www.last.fm/.
3 https://open.spotify.com/.
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Table 3

Basic dataset characteristics.

Name Quantity

Users Tracks LEs Average Average Sparsity

actions per actions per
user track

lastfm-100k 501 25,279 99,861 199.3 4.0 99.2%

lastfm-200k 1001 42,668 200,173  200.0 4.7 99.5%

are 25,279 and 42,668, respectively. Regarding the average actions
per user, average actions per track, and sparsity, the two datasets are
quite similar, with values of 199.3 vs. 200.0, 4.0 vs. 4.7, and 99.2% vs.
99.5%, respectively.

The usage of these two datasets serves two purposes. First, to fully
exploit the information encompassed in various connection relation-
ships among multiple objects, conventional datasets are inadequate
for meeting the requirements of this experiment. Therefore, a new
dataset was specifically obtained from the Last.fm website to validate
the model’s effectiveness. Second, because of the excessive size of the
retrieved dataset, constrained by device performance, many algorithms
failed to run successfully in a short timeframe. As a result, the entire
dataset was treated as a population and a random sampling method
was used to extract two subsets, designated as lastfm-100k and lastfm-
200Kk, based on the approximate size of the datasets. These two Last.fm
datasets were used for this experiment.

4.3. Experimental setup

The DWHRec algorithm generates the recommendation list by ini-
tially calculating the scores of users and candidate tracks according
to the customized scoring function and then by ranking the candidate
tracks depending on the scores. To ensure that each user and each
track in the test set carry their own vector representation, extra care
is required in constructing the dataset. For each user, we ranked their
listening records and spanned the top 200 records (it was observed
that the vast majority of the users’ listening records ranked above
200 had single-digit listening times). In the experimental section, we
stochastically split the dataset into training and test sets, with the
training set comprising 90% and the test set containing the remaining
10%. We conducted 10 experiments, iterating over all 10 permutations,
and the final result displayed is the mean of the 10 outcomes. For
baselines in our experiment, we evaluated their performance using the
RecBole toolkit [66-68].

DWHRec contains five hyperparameters: the number of iterations r
for random walks, the number of steps k for the walks, the representa-
tion dimension s of the vector, the word embedding window size w, and
the length of the recommendation list n. In the experiment, the first four
hyperparameters are assigned values using a manually set approach,
sequentially set as r =5, k = 200, s = 50, and w = 5. The maximum
value for the hyperparameter » is set to 100.

4.4. Evaluation metrics

Five evaluation metrics, categorized into accuracy and diversity,
were applied to compare different algorithms [69]. Recall and hit
ratio (Hit Ratio), two accuracy metrics unrelated to ordering, measured
the fundamental accuracy. Ranking accuracy was assessed using two
metrics: mean average precision (MAP) and normalized discounted
cumulative gain (NDCG). The aggregate diversity (AGGR-DIV) metric
was used to measure recommendation diversity.

The AGGR-DIV metric measures the diversity degree among items
in the recommendation list across all users. It is computed as the
total number of unique genres on tracks in the recommendation list,
considering all users. AGGR-DIV is defined as follows:

AGGR-DIV(L,) = Y (p(ta) X D(ta)) / Y D(ta), ta € Ta(L,), 10)
ta ta
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where L, represents the recommendation list for user u and Ta(L,)
represents a set of tags annotated to the tracks in L,. In Eq. (10),
p(ta) is the cumulative discounted probability of ta over L, and D(ta)
represents the number of occurrences of 7a in L,. The notation d(tr, ta)
represents the number of occurrences of ta in fr, taking a value of 1
if ta is present in tr and 0 otherwise. D(ta) and d(tr,ta) are defined as
follows:

D(ta) = z d(tr,ta), d(tr,ta) = {1’ if or has ta; a1

irel, 0, otherwise.

For the track tr € L, if tr contains the tag ra, the count of 7a is denoted
as c(tr, ta); otherwise, the count is zero. Then, the proportion of ta in
the tags associated with 7r is equal to the frequency of occurrence of
ta, denoted as g(tr,ta). The probability of ta in tr, expressed as p(tr, ta),
is calculated in a discounted form of g(tr, ta),

_ _q(tr,ta)
p(ta) = WEZL" p(tr,ta), p(tr,ta) = —10g2 T+ .
q(tr,ta) = c(tr,ta)/ Z c(tr, ta;),

ta;€Ta(tr)

where j represents that tr is the jth track in L, that contains ra.
By traversing L, and accumulating p(tr,ta), we obtain the probability
p(ta) for ta. A higher AGGR-DIV value indicates better diversity in the
recommended results.

4.5. Baselines
We compared our approach with several state-of-the-art recommen-

dation algorithms. Brief descriptions of these algorithms are presented
below.

Popularity Based (PB) [6]: The popularity-based recommender
always recommends to users the n most frequently listened-to
tracks by all users in the dataset.

Bayesian Personalized Ranking (BPR) [8]: It is the most widely
used method for recommendation based on matrix factorization
with pairwise ranking loss.

Neural Collaborative Filtering-Matrix Factorization (NeuMF) [9]:
The author is dedicated to developing neural-network-based tech-
niques to tackle the critical issue in recommendation, specifically
collaborative filtering based on implicit feedback.

Deep Matrix Factorization (DMF) [10]: The algorithm constructs
a user—item matrix that incorporates explicit ratings and nonpref-
erence implicit feedback. It introduces a novel matrix factoriza-
tion model with a neural network architecture to learn a generic
low-dimensional space representation of users and items.

Light Graph Convolution Network (LightGCN) [11]: LightGCN
learns user and item embeddings by linearly propagating them
on the user-item interaction graph. It uses the weighted sum of
embeddings learned at all layers as the final embedding.
Diversified GNN-based Recommender System (DGRec) [4]: It is
currently the state-of-the-art diversified recommendation algo-
rithm. The authors suggest diversifying GNN-based recommender
systems by directly improving the embedding generation proce-
dure.

Hypergraph Embeddings for Music Recommendation (HEMR)
[3]: It is a recommendation algorithm specifically designed for
music recommendations, which is the most similar baseline to our
method using hypergraphs.

Hypergraph Contrastive Collaborative Filtering (HCCF) [56]: It is
a self-supervised recommendation framework that captures both
local and global collaborative relationships through a hypergraph-
enhanced cross-view contrastive learning architecture.

5. Experimental results

Comparative experiments between DWHRec and eight other recom-
mendation algorithms on two datasets using five metrics to validate
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Table 4
Comparison results of our model with different baselines on five evaluation metrics.

Models Evaluation metrics

MAP@20 Recall@20 Hit Ratio@20 NDCG@20 AGGR-DIV@20

lastfm-100k

PB [6] 0.0002  0.0014 0.0271 0.0077 0.0145
BPR [8] 0.0002  0.0010 0.0198 0.0067 0.0106
NeuMF [9] 0.0014  0.0070 0.1178 0.0425 0.0106
DMF [10] 0.0019  0.0074 0.1186 0.0482 0.0116
LightGCN [11] 00038  0.0143 0.2052 0.0842 0.0113
HEMR [3] 0.0009  0.0048 0.0629 0.0195 0.1181
HCCF [56] 0.0061  0.0158 0.1311 0.0655 0.0132
DGRec [4] 0.0006  0.0027 0.0437 0.0162 0.0108
DWHRec 0.0177  0.0275 0.2607 0.1759 0.1771

lastfm-200k

PB [6] 0.0002  0.0022 0.0415 0.0114 0.0153
BPR [8] 0.0036  0.0109 0.1276 0.0583 0.0103
NeuMF [9] 00047  0.0204 0.3095 01226 0.0113
DMF [10] 0.0005  0.0025 0.0488 0.0173 0.0103
LightGCN [11]  0.0017  0.0060 0.0874 0.0362 0.0113
HEMR [3] 0.0009  0.0052 0.0672 0.0206 0.1296
HCCF [56] 0.0076  0.0187 0.1373 0.0706 0.0145
DGRec [4] 0.0015  0.0071 0.1047 0.0389 0.0111
DWHRec 0.0144  0.0220 0.2175 0.1491 0.1871
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recommendation performance were conducted to assess the model’s
effectiveness. We delved into the analysis of the impact of hyperpa-
rameter variations on the model through sensitivity experiments. In
ablation experiments, we dissected the influence of different types of
hyperedges on the model.

5.1. Overall comparison

Eight advanced algorithms, namely, PB, BPR, NeuMF, DMF, Light-
GCN, HEMR, DGRec, and HCCF, were used as comparative models.
DWHRec was compared with these models using the same experimental
datasets, namely, lastfm-100k and lastfm-200k (Table 3). The quality of
the recommendation results was evaluated based on metrics, including
accuracy indicators such as MAP, Recall, Hit Ratio, and NDCG, as well
as diversity metrics represented by AGGR-DIV.

Table 4 shows the results of the nine recommendation algorithms
on two datasets using evaluation metrics such as MAP, Recall, Hit
Ratio, NDCG, and AGGR-DIV. The table is divided into two sections:
the upper half showcases the results for the lastfm-100k dataset, and the
lower half displays the results for the lastfm-200k dataset. Both datasets
share identical row and column names. The row names correspond to
the abbreviations for nine comparative models, and the column names
represent metrics for a recommended length of 20. The values in the
table indicate the performance of each model under specific metrics.
Bold entries highlight the best results, entries with an underline (“_)
signify the second-best results, and entries with a wavy underline (“.”)
indicate the third-best results.

On the lastfm-100k dataset in Table 4, it is evident that DWHRec
significantly outperformed other algorithms by a considerable margin
across the five metrics provided. DWHRec consistently occupied a
leading position under these metrics. LightGCN and HCCF also demon-
strated strong performance, securing the second position in four other
metrics except for AGGR-DIV@20. HEMR attained the second position
in AGGR-DIV@20, and PB secured the third position in the same metric.
For NeuMF, its performance closely approached that of DMF. The
remaining algorithms distinctly lagged behind both DMF and NeuMF
in performance.

On the lastfm-200k dataset in Table 4, changes in trends were ob-
served. DWHRec exhibited outstanding performance, notably excelling
in the MAP@20, Recall@20, NDCG@20 and AGGR-DIV@20 metrics,
surpassing other algorithms by a significant margin. In terms of the
MAP@20, Recall@20, and NDCG@20 metrics, DWHRec, NeuMF and

HCCF occupied the top tier, securing the first three positions. The
performances of NeuMF and DWHRec on Recall@20 were remarkably
close, with minimal differences. However, LightGCN’s performance,
was not as robust on this dataset. The distinction between DGRec and
LightGCN was relatively small. In terms of four accuracy metrics, BPR
outperformed both LightGCN and DGRec, with the exception of the
AGGR-DIV@20 metric.

Fig. 2 shows a brief overview of the comparative results, featuring
two key metrics: NDCG for accuracy and AGGR-DIV for diversity. The
horizontal axis of the figure depicts the length of the recommendation
list (n), spanning 10 data points from 10 to 100. To enhance visibility, all
lines are uniformly represented with dashed lines (“--”’), each accompa-
nied by distinct colors and point shapes. Notably, the color of each line
matches the color of the points along it. Blue-gray triangles denote PB
(“A”). Light pink stars represent BPR (“/-””). NeuMF is marked with red
cross symbols (“x”). DMF is identified by olive circular points (“®”).
Light blue squares fill LightGCN (“l”). The golden pentagons make up
HEMR (“©”). The icon for HCCF is represented by a black left-facing
triangle (“A”). Purple plus signs characterize DGRec (“+”). DWHRec is
adorned with orange diamonds (“#”).

Fig. 2 is composed of four parts labeled a, b, ¢, and d. Figs. 2(a)
and 2(b) depict the NDCG and AGGR-DIV results for the lastfm-100k
dataset, and Figs. 2(c) and 2(d) show the corresponding results for the
lastfm-200k dataset. All four figures share a common horizontal axis
representing the values of n. The vertical axis is organized into two
groups: the NDCG metric for Figs. 2(a) and 2(c), and the AGGR-DIV
metric for Figs. 2(b) and 2(d).

Across the n range from 10 to 100, the NDCG results for all algo-
rithms increased as n increased (Figs. 2(a) and 2(c)). However, the
growth rates of the NDCG values varied among the algorithms. In the
lastfm-100k dataset (Fig. 2(a)), HEMR exhibited the fastest growth rate.
DWHRec, DMF, NeuMF, LightGCN, and PB accelerated at comparable
rates, forming the second tier. The remaining algorithms demonstrated
slower growth rates. In the lastfm-200k dataset (Fig. 2(c)), NeuMF
displayed the sharpest growth rate, with HEMR closely following its
pace and showing a commendable growth spurt. Over the range of n
from 10 to 100, the AGGR-DIV results for all algorithms decreased with
an increase in n (Figs. 2(b) and 2(d)). As n increased, the AGGR-DIV
values for all algorithms remained closely aligned, except for HEMR
and DWHRec.

Throughout the entire experiment, DWHRec consistently achieved
favorable results in evaluation metrics such as MAP@20, Recall@20,
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Fig. 2. Summary of the comparison results of our model with different baselines on evaluation metrics.

NDCG@20, and AGGR-DIV@20, yielding significant differences from
the other eight algorithms (Table 4 and Fig. 2). Notably, DWHRec
delivered commendable AGGR-DIV outcomes, which is an encouraging
result.

5.2. Hyperparameter sensitivity

The DWHRec model includes multiple hyperparameters, roughly
categorized into two main types. The hyperparameter r represents the
number of iterations for random walks, and k denotes the number of
steps that a vertex can take in a single iteration. Hyperparameters r
and k control the random-walk state of vertices in the hypergraph.
Hyperparameter w is the size of the sliding window, and s is the
dimension of the representation vector in the word embedding process.
Hyperparameters s and w intervene in the word embedding process,
thereby influencing the generation of vertex vectors. Through sensitiv-
ity experiments on these hyperparameters, we aim to explore how their
variations affect the final recommendation performance.

For the sensitivity experiments on hyperparameters, some prepara-
tory work was undertaken. In particular, the lastfm-100k and lastfm-
200k datasets were selected as the basis for hyperparameter exper-
iment analysis. Four recommendation lengths were chosen, namely,
n =10, 40, 70, and 100. Here, n = 100 represents a scenario with
a sufficiently long recommendation length, n = 10 signifies an ex-
tremely short length, and n = 30 and 70 represent typical scenarios.
During the testing of a specific hyperparameter, other hyperparameters
were kept constant. Two metrics, namely, Recall and AGGR-DIV, were
used to characterize the performance of the recommendations. The
experimental results are shown in Figs. 3 to 6.

In practice, when conducting sensitivity experiments for hyper-
parameters, attention to certain details is crucial. Both & and r are

10

hyperparameters that affect the random-walk process (Algorithm 3). To
investigate the impact of k, r is kept constant at a value of 1. Likewise,
when testing r, k is fixed at 100. The other two hyperparameters,
namely, s and w, are set to values of 100 and 5, respectively. Both s and
w are hyperparameters that influence the word embedding process. To
explore the impact of s on performance, w is set to a common value
of 5. Conversely, when investigating the influence of w, s is set to
a constant value of 100. As for the remaining two hyperparameters,
namely, r and k, they are kept as small as possible and constant,
with specific values of 1 and 100, respectively. The aforementioned
configurations are designed to objectively and accurately assess the
impact of hyperparameters on model performance. On the lastfm-100k
and lastfm-200k datasets, the impact of hyperparameters on model
performance shows a consistent trend. On the basis of this observation,
we selected the lastfm-100k dataset as a case study to analyze in depth
how hyperparameters affect the model’s performance.

The experimental results illustrate that the choice of k has a notice-
able impact on the model’s performance (Fig. 3), whether in terms of
Recall or AGGR-DIV. Under the Recall metric (Fig. 3(a)), a longitudinal
view reveals that for the same set of k values, a larger n value corre-
sponds to a larger Recall value. Observing along the horizontal axis
shows that, for the four selected values of n, as k increases, the Recall
values also increase. However, different values of n result in varying
degrees of improvement in Recall. Given a change of 100 in k as one
unit, when » takes the minimum, intermediate, and maximum values,
the average increases in Recall metric values are 18.07%, 10.68%,
and 9.0%, respectively, for each unit increase in k. For the AGGR-DIV
metric (Fig. 3(b)), a similar trend is observed on the horizontal axis as
in the Recall metric. When » is set to 10, 40, 70, and 100, the AGGR-
DIV values increase by 6.47%, 12.49%, and 15.90%, respectively, as k
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Fig. 3. Sensitivity of hyperparameter k. k denotes the number of steps taken by a vertex in each iteration of random walk.

increases by one unit. In contrast to the Recall metric, in the AGGR-
DIV indicator, the average growth rate tends to increase with larger n
values. In addition, in the vertical direction, the pattern of the AGGR-
DIV values is opposite to that of the Recall metric. For the same k value,
smaller n values result in larger AGGR-DIV values.

The impact of the hyperparameter r on the model’s recommendation
performance is very similar to that of k (Fig. 4). The effects of changing
n in the same set of r values and the influence of different r values
on the metrics are consistent with the conclusions under k values. The
main difference introduced by the two hyperparameters is reflected in
the rate of change of the metric values. Compared with &, r yields a
greater increase in Recall values (Fig. 4(a)) when n is at its minimum,
with a growth rate of 23.42%. However, when n takes intermediate and
maximum values, the growth rates of Recall values are lower than the
performance under k, at 7.93% and 4.16%, respectively. Alternatively,
concerning the AGGR-DIV metric (Fig. 4(b)), the impact of r values
is more profound than that of k values. The growth rates are 9.68%,
30.13%, and 23.91% for the three different scenarios of n values,
respectively.

The impact of hyperparameter s on the model’s performance is
quite intricate (Fig. 5). Let s vary by 50 as a unit. When s increases
by one unit, it brings an average negative growth of 10.11% to the
Recall metric (Fig. 5(a)) for a recommended list length of 10. However,
when # is 100, it brings an average positive growth rate of 3.95%. In
a scenario where n takes the middle value, the improvement of s has
a minimal impact on the Recall value, with an average growth change
of only 1.39%. Across different values of n, the changing trend of s on
the AGGR-DIV metric remains consistent (Fig. 5(b)). Among them, the
impact of s is very close when n takes the minimum and maximum
values. With each unit increase in s, AGGR-DIV values decrease by
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19.25% and 18.38%, respectively. The effect of s is most pronounced
when n takes the middle value, causing a decrease of 23.55% in
AGGR-DIV for each additional unit.

The impact of w on the model is reflected differently in Recall and
AGGR-DIV (Fig. 6). Overall, with an increase in w, the Recall metric
experiences a negative impact (Fig. 6(a)) and AGGR-DIV receives a
positive influence (Fig. 6(b)). The impact of w on the Recall metric
strengthens with an increase in the recommended list length. Assuming
w varies in units of 50, when » is equal to 100, an increase of one unit in
w leads to an average decrease of 16.4%. On the AGGR-DIV metric, an
increase in w results in more diversified recommendations. The average
growth rate of AGGR-DIV induced by the variation in w exhibits an
inverted U-shaped trend with an increase in n. When n takes values in
the middle range, the average growth rate reaches 27.75%.

Throughout the entire sensitivity experiment, we aim to uncover
certain patterns: (1) in conclusion, all four hyperparameters can influ-
ence the model’s performance, affecting either the Recall or AGGR-DIV
metrics, or both. In particular, when r, k, s, and w are small, increasing
their values leads to noticeable changes. However, as the hyperpa-
rameter values continue to increase and reach a certain threshold, the
model’s performance tends to plateau, and in some cases, it may even
produce the opposite effect. (2) In summary, increasing the value of k
and r can enhance the predictive performance of the model in a certain
range. A larger improvement is observed in the Recall metric when n
is smaller, and a greater enhancement is seen in the AGGR-DIV metric
when n is larger. (3) The impact of s on the Recall metric is complex
and quite subtle overall. However, increasing the value of s has a
noticeable negative impact on the AGGR-DIV metric. Conversely, w can
balance the Recall and AGGR-DIV metrics. Increasing w can lead to a
decrease in recommendation accuracy while simultaneously enhancing
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Fig. 4. Sensitivity of hyperparameter r. r controls the number of iterations for random walk on vertices.

recommendation diversity. (4) Under the same set of hyperparameter
values, the larger n is, the larger is the Recall metric value. This is
because guessing the user’s preferred items in a shorter list is more chal-
lenging. As the recommended list lengthens, it undoubtedly increases
the likelihood of the recommended items in the user’s preferences.
(5) When each hyperparameter surpasses its respective threshold, the
model exhibits strong stability.

5.3. Ablation study

The DWHRec model is divided into three key steps: hypergraph
construction, random walks, and word vector embedding. Among them,
random walks and word vector embedding are designed to obtain
computationally convenient user and track vectors. The core of the
model lies in its hypergraph structure. Investigating the roles of various
types of hyperedges can help in clarifying their relationships and
contributions to the model.

In Section 3.2, four types of hyperedges are introduced in the
DWHRec algorithm, denoted as eV, ¢®, ¢®, and e®. The primary
objective of DWHRec is to recommend a more diverse set of tracks
to users. Users and tracks are the two most essential atoms. The LEs
of users to tracks, represented by e(l), serving as a crucial bridge
connecting the two, are indispensable. Therefore, to examine the roles
of various types of hyperedges in the model, an ablation study was
conducted on the lastfm-100k dataset by alternatively eliminating one
of @, e®, and e®.

The concise experimental results are presented in Table 5, and Fig. 7
shows a performance comparison of the model based on the Recall
and AGGR-DIV metrics for all n values. Table 5 is a subset of Fig. 7,
specifically representing the case when n = 50. The prefix symbol “-” in

12

Table 5
Results of the ablation experiments on the lastfm-100k dataset. We show DWHRec’s
performance when removing each of the modules.

Method Recall@50 AGGR-DIV@50
DWHRec 0.0396 0.0934
-e® 0.0731 0.0143
-e® 0.0275 0.0772
-e® 0.0200 0.0551

both Table 5 and Fig. 7 signifies “remove” or “subtract”, which means
the action of elimination or deletion.

By observing Table 5 and Fig. 7, we made several findings: (1)
regarding the Recall@50 metric, removing ¢ and e led to a decrease
in performance but removing ¢ resulted in a significant improvement.
The experiments indicated that compared with the DWHRec model
with all types of hyperedges as a baseline, removing ¢®, ¢, and e®
resulted in an increase of 84.60%, —30.56%, and —49.49%. In which
case, the model’s performance, after removing ¢ and ¢™), respectively,
was only 69.44% and 50.51% of the full model’s performance. (2) In
the case of the AGGR-DIV@50 metric, removing any type of hyperedge
seemed to have a clear impact. Experiments revealed that after remov-
ing ¢?, ¢, and ¢®, the model provided 15.31%, 82.66%, and 58.99%
of the complete model’s performance, with gaps of 84.69%, 17.34%,
and 41.01%, respectively. (3) Removing any hyperedge resulted in an
apparent decrease in AGGR-DIV values, and interventions on Recall
remained relatively complex.

An interesting phenomenon emerged in this context: removing ¢
from the DWHRec model resulted in a notable enhancement in the
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Recall metric (Fig. 7(a)), albeit accompanied by a substantial decrease
in the AGGR-DIV metric (Fig. 7(b)). The rationale behind this scenario
is as follows: ¢ denotes the annotation types of user groups for track
items, encompassing various tags for tracks. Throughout the experi-
ment, it was noted that the frequency of ¢ was significantly higher
compared with other edge types, leading to substantial interference
in the predictive accuracy of the DWHRec model. However, upon its
removal, the model’s predictions markedly improved. This alteration
presents both advantages and drawbacks. Notably, ¢? directly influ-
ences diversity through its association with types. Consequently, its
removal results in a sharp decrease in diversity. By balancing both
accuracy (Recall) and diversity (AGGR-DIV), we posit that DWHRec
outperforms the “-e®” model.

The ablation experiments analyzed the impact of different types
of hyperedges on the model. The experiments indicated that both the
album hyperedge ¢® and the artist hyperedge ¢® could improve the
model’s performance, whether in terms of recommendation accuracy
or diversity. Comparatively, the impact of ¢ was slightly higher than
that of ¢®. Artists might not have released albums but would certainly
create tracks. Therefore, the information captured by e® was more
comprehensive, and ¢® might have missed some essential information.
The tagging hyperedge ¢® tended to interfere with the model’s ability
to make accurate predictions. Because tags are directly related to the
category of tracks, they could lead to a significant increase in diversity.
Overall, all four types of hyperedges contributed to achieving a balance
between recommendation accuracy and diversity.
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6. Conclusions

We developed an improved algorithm, DWHRec, which leverages
weighted hypergraph embedding techniques to achieve diversified rec-
ommendations, and provided a detailed illustration using music as
a case study. This algorithm operates in two stages: constructing a
hypergraph from user listening history, tracks, albums, artists, and
tags and then recommending tracks by exploring connections through
a random-walk hypergraph embedding. We validated DWHRec’s ef-
fectiveness by comparing it with eight advanced algorithms using a
dataset from Last.fm, demonstrating significant improvements across
multiple evaluation metrics. In addition, we assessed the sensitivity
to hyperparameters and the impact of different types of hyperedges
on accuracy and diversity. Our findings suggest that DWHRec is not
only effective for music recommendation but also adaptable to other
fields with similar data structures. The hypergraph approach, particu-
larly the use of various hyperedges, plays a crucial role in enhancing
recommendation accuracy and ensuring diversity.

Diversified recommendations offer users a more diverse and novel
selection of items. In the DWHRec model, the source of these diversified
recommendations lies in the hypergraph. The richness of information in
the hypergraph directly correlates with the potential to uncover more
hidden insights. Therefore, it is reasonable to assume that a hypergraph
containing more vertices and edges will enhance the model’s perfor-
mance. Moreover, the structure of the hypergraph plays a crucial role
in this context.
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This study has several shortcomings. Although we attempted to conducting more random walks would lead to higher computational
include additional relationships in the model, such as those between costs. Finally, when juxtaposed with the wealth of information avail-
users and time, users and location, and users and other users, we were able on items, data regarding users seem relatively homogeneous and
constrained by limitations in the data format. Incorporating various insufficient.
interactions or relationships into the hypergraph would progressively In future works, we aim to enrich the graph structure by incorpo-
increase its complexity. However, as the scale of the hypergraph grows, rating more comprehensive information to expand its capacity. In addi-
conducting fewer random walks may limit the exploration of rela- tion, we are planning to explore the utilization of advanced algorithms,
tionships, potentially overlooking deeper hidden insights. Conversely, such as graph neural networks (GNNs), for further research.
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