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MusReco: A New Transformer-Enhanced Paradigm of
Music Recommendation

Duo Xu, Yongsen Zheng, Xin Jin, Leyi Zhao, and Changyin Sun*

Abstract: With the rapid development of the Internet and information technology, the availability of music
resources has experienced significant growth. However, along with this abundance, users often find it difficult
to navigate through such an extensive collection and locate the specific songs they are looking for, leading to a
considerable investment of time and effort. Thankfully, the emergence of music recommendation systems has
addressed this problem effectively. These systems leverage advanced algorithms to swiftly help users discover
music that aligns with their preferences, thereby saving their valuable time and energy, while also contributing
to the economic success of the music platforms. This research centers around the recommendation of music
using Transformer-based frameworks. To achieve this, we harness the power of the PyTorch framework to
build a comprehensive network model that takes into account essential factors, such as music information, user
profiles, contextual details, and historical user behavior data. An efficient transformer module is derived and
serves as the backbone of the network model, facilitating the generation of a top-k recommendation list tailored
to each user’s preferences. The module combines the attention free transformer and the convolutional layers.
In evaluating our approach, we rely on established metrics, such as accuracy and recall, to assess the level of
user interest. Experiments affirm the superiority of our approach, surpassing the performance of existing
methods in the field.
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1 Introduction overload. To address this issue and alleviate the burden

of information overload, focuses have been shifted
The widespread adoption of the Internet has resulted in towards the field of recommendation systems,
an unprecedented influx of data and information, encompassing various domains such as books, movies,

leading to a significant challenge known as information TV programs, and other productst!l. The primary
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objective of a recommendation system is to transform
user data and preferences into predictions of their
Over the years,
recommendation have experienced rapid
growth and development across a diverse range of
fields,including the music domain3l. Today, with an

future preferences and interests(2],
systems

overwhelming abundance of music resources available,
users often struggle to efficiently find music that aligns
with their interests. In response to this challenge and
with the goal of enhancing the user experience, the
Music Recommendation System (MRS) has emerged.
Since the inception of Ringo, one of the earliest
music recommendation systems developed in 19954,
the field of music recommendation has undergone
rapid development, giving rise to various
recommendation methods. These methods have paved
the way for advancements in personalized music
recommendations and have greatly influenced the
growth of the music recommendation domainll. As
shown in Fig. 1, the typical one is collaborative
filtering-based recommendation systems, such as the
one proposed by Breese et al.[ol, leverage the collective
behavior of similar users to make recommendations.
More recently, deep learning based!’- 8]
recommendation methods, such as the wide and deep
model, have gained prominence in
recommendation research. Deep
incorporate neural networks that can effectively capture
complex relationships and patterns in the music data.
However, the tastes and music preferences of users

music
learning models

Music A “— Listener A
Music B \
Listener B
Listener C

Favor Recommend

Fig.1 Collaborative filtering algorithm includes the
following three steps: Step 1: Obtain the tag description
information of the users; Step 2: Find the users with the
common metal model as the target user; Step 3: Produce the
initial recommendation dataset from the favorite music of
the user with the common mental model.

Tsinghua Science and Technology

are influenced by multitude of factors, making it
challenging for traditional music recommendation
systems to meet users’ needs and provide optimal
recommendations. Conversely, to effectively cater to
users’ music entertainment needs, it is crucial to
consider several factors, including users’ internal
characteristics[,
factors!!!l, and interactive information!!2!. For instance,
users’ internal attributes, such as their personality and
emotional state, play a significant role in shaping their
music preferences. Additionally, the external factors
that influence users, such as their activities and
environmental elements like weather conditions, social
environment, or historical sites!!3], further enhance the
accuracy of music recommendations. Furthermore, the
generation of music playlists can also take into account
specific occasions, providing information on which
songs are suitable for the current context!!4l. By
comprehensively considering all these factors, a music
recommendation system can offer more accurate and
personalized recommendations, resulting in an
enhanced user experience.

To address these issues, we propose a novel

external influences!!%, contextual

transformer-enhanced paradigm of Music
Recommendation  (MusReco), which  combines
multiple factors, including input context, music

information, user portrait, historical user behavior data,
to model diverse user preferences for music
MusReco focuses on adopting
Transformer!!3] as the backbone model to encode music
emotional characteristics, user mental model, and
environmental information, and combine the above
information with user historical data to design a music
recommendation system. Specifically, MusReco
combines all factors into one embedding vector, and
adopts convolutional layers to extract correlations
among featurs. Such features are fed into a tailored
attention free Transformer to learn the in-depth
presentations, which are then combined with feed
forward networks to output the recommendation
results. Evaluation results on multiple benchmarks
have verified the superior performance of MusReco
compared with several baselines. Generally, the main
contribution of this work includes:

e A novel Transformer-based model for music
recommendation that covers multiple factors including
input context, music information, user portrait, and
historical user behavior.

e A novel Transformer structure with attention free

recommendation.
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transform to reduce the overhead for -efficient
representation learning of multi factors in music
recommendation system.

e Evaluation on multiple benchmarks to verify the
advanced performance of the proposed framework.

2 Related Work

Traditional music recommendation methods include
content-based, collaborative filtering based, and hybrid
recommendation. In addition, in order to solve the
problems such as cold start and data sparsity in MRS,
researchers have also adopted methods, such as music
recommendation based on deep learning, cross-domain
recommendation!!®l, active learning!'7], reinforcement
learning(!®], conversation based approach!!9], context
based approach29], and long tail recommendation!2!], to
make recommendations more effective. This paper
mainly introduces traditional music recommendation
methods including music recommendation based on
collaborative filtering and music recommendation
based on deep learning.

2.1 Music recommendation based on collaborative
filtering

The core idea of collaborative filtering is that users’
past preference behaviors has a significant impact on
their future behaviors, and their previous behavior is
basically consistent with their future behavior!22-23],
Generally speaking, the similarity between users is
estimated according to their historical behavior. Then,
according to the evaluation of neighbors with high
similarity to the target user, predict whether the target
user is interested in the projectl?¥.  Such
recommendation systems calculate the similarity
between users, and predicts projects according to their
similar patterns, as is shown in Fig. 1. The user project
scoring matrix provides the basis for collaborative
filtering technology!®l. Ferraro et al.l26!l considered
how popularity bias affects collaborative filtering
recommendation based on matrix decomposition. At
the same time, this paper also indicates that music
recommendation algorithms need better evaluation
methods, not only limited to user-centered indicators.
To deal with the cold-start problem and data sparsity
problem, Yoshizaki et al.[?7l proposed a music
recommendation system that combines collaborative
filtering with music recommendation based on
impression words. Althbiti et al.?8] proposed a new
model, which uses clustering and artificial neural

network to solve the problem of data sparsity in
filtering. Besides, Kim et al[?9]
standardized user emotional information and
collaborative filtering into six categories, and used
collaborative filtering to predict user emotional
preferences. In the collaborative filtering method
proposed by Sanchez-Moreno et al.3%, users’ daily
listening habits are captured to depict their

collaborative

characteristics and  provide more reliable

recommendations for users.

2.2 Music recommendation based on deep
learning

In recent years, with the development of in-depth
learning, new impetus has also been injected into the
music recommendation systems[3!l, In this field, deep
neural networks are used to extract the potential factors
of music items from audio signals or metadata, as well
as the sequential mode of learning music items (tracks
or artists) from music playlists or listening sessions[32].
van den QOord et al.B3 used the user’s historical
listening data and music’s audio signal data to project
the user and music into a shared hidden space by
combining weighted matrix
convolution neural network, so as to learn the implicit
representation of users and songs. Wang et al. [34
proposed a content and context aware music
recommendation method based on network embedding,
attention mechanisms, and Convolutional Neural
Network (CNN). This method can effectively learn
music embedding from rich auxiliary information and
apply it to recommendation tasks.

Jiang et al.33] proposed an improved algorithm based
on deep neural networks to measure the similarity
between different songs. The proposed method enables
making suggestions in large systems and comparing the
content of songs by “understanding”. Zangerle et al.[30]
implemented a deep neural network composed of RNN
and attention mechanism. The audio feature of user
listening history is through scattering
transformation, and then the feature and user profile are
combined to obtain the recommendation list through
the independent cyclic neural network with mixed
attention mechanism(371,

Hansen et al.[38] proposed a recursive neural network
embedding model (Contextual and Sequential
Recurrent Neural Network, CoSeRNN), which can
learn users’ sequential listening behavior and adapt it
to the current environment. The performance of

factorization and

extracted



CoSeRNN in session and tracking recommendation
tasks is more than 10% higher than that of the baseline
method. Zhang et al.l’®! proposed a new Recurrent
Conversational Neural Network for Session based
Recommendation (RCNN-SR), which makes use of the
advantages of GRU and convolutional filter to make
session based recommendation. RCNN-SR uses GRU
and item level attention mechanism to capture the
complex long-term dependency between clicked items,
and applies convolution operation process to extract
short-term interests and dynamic preferences. Liang
et al.*0l proposed a three branch network for music
recommendation, one subnet for user preferences, and
two subnets sharing parameters for positive and
negative terms separately. The goal is that the distance
between user preferences and positive items should be
closer than that between user preferences and negative
items. The positive and negative samples are used to
learn the representation and distance measurement
between users and items to solve the recommendation
task[411,

At the same time, the combination of deep learning
algorithm and innovation of Internet of Things (IoTs)
technology is applied to the design and construction of
intelligent background music system!*2. Quasim et
al.[43] believed that the technology of combining
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emotional maturity with the IoTs system is emerging,
and proposed an Emotion-based
Recommendation and Classification Framework
(EMRCF) to classify songs with high accuracy, and
track personal interpersonal teams using memory and
songsi*4.  The proposed
prediction accuracy can identify most of the emotional
reactions caused by music audience, and effectively
classify songs.

3 MusReco Model for
Recommendation

Music

emotional innovation

Music

3.1 Overview

MusReco aims to integrate multi-aspect information
including music information, user portrait, context
factors, and historical user behavior data for modeling
preferences to  benefit
recommendation!*).  The  overview  of  the
recommendation system is shown in Fig. 2. In this
section, we will introduce the proposed framework,
which contains multiple Transformer modules to
encode different types of information. Specifically, the
proposed framework modifies the multi-head attention
in Transformer with Attention Free Transform (AFT)
to reduce the model complexity, as is shown in Fig. 3.

diverse  user music

Output

Decoder

BI=Telole[-T@l (Output

Decoder

Decoder

Recommendation
list

Transformer

Output
_

Fig.2 Overview of MusReco model. The model tasks context factors, music information, user portrait, and historical user
behavior data as inputs. These information is encoded and fed into transformer neural network. The output is the

recommendation list.
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Fig.3 Original design of Transformer and its modification
by replacing multi head attention in Transformer with AFT.

This section first covers the design of Multi-Dconv-
Head Attention (MDHA) module, which is the key
improvements in the framework. Then the whole
model structure for music recommendation is
addressed.

3.2 MDHA module

The MDHA module is the core of the recommendation
model. It is a Transformer-based layer that can learn
representation of multi-aspect information to model
diverse user preferences. The main idea of this module
is to comprehensively learn feature representations
while maintaining the model complexity.

The inputs of this layer include basic music
information M, user portrait P, context factors C, and
historical user behavior data H. Specifically, music
information M includes multi attributes like the genre,
artist, and playback time of each piece of music, which
can be encoded into vectors. User portrait P includes
attributes like gender, personality, and emotional state.
The context factors C cover information like the
surrounding environment where the user stay. Finally,
historical user behavior data H could record the
preferred music he/she has listened to.

MDHA first concatenates the feature embeddings of
all categories of information as

X=[MeoPoCaoH],
and then X is fed into our Transformer. Let 7%(X)
denote the output embeddings from the previous
transformer layer, and 77*!(X) indicates the output of
current layer,

T (X) = MDHA(T'(X), T'(X), T'(X) (1)
where three 77(X)s refer to key K, query Q, and value

matrices V in typical transformers, respectively, as is
shown below:

MDHA(K, Q. V) = [hn1; hps -5 hig]W) 2

where g represents the number of heads, W; denotes
the trainable parameters, and each head hy is
calculated by the scaled dot-product attention method
represented as SA(),

hig = SACT' COWi, T'COW,, T'OW) ()

where Wy, W,, and W, are assigned as learnable
parameters.

To further reduce the complexity of the module,
MDHA incorporates the attention free transformer into
the module. In the AFT layer, K and V are first
combined with a group of learned position deviations,
and the results are multiplied by Q in an elemental
way. The memory complexity of this operation is linear
with the context size and feature dimension, which
enables it to adapt to large input and model size at the
same time. The specific formula is as follows:

T
D exp(K +w)oV

Y =0y(0)0 @)
Z exp(K + wy)

t=1

where Y indicates the output vector of AFT, o,(Q) is a
learnable transformation of Q, “®” denote the dot
product, and w; is learnable parameter.

For convenience, we consider the output embeddings
of final transformer layer as the final output O,

0 = MDHA(TL(X), TH(X), TH(X)) ®)

where L is the maximum number of transformer layers.

3.3 Framework for Transformer-enhanced music
recommendation

Based on the MDHA module, MusReco model is
improved on the basis of the Transformer model. As is
shown in Fig. 4, the encoder in the Transformer is
divided into three blocks: the first block is input plus
location information, the second block is multi head
attention, and the third block is feed forward. The
second and third blocks have residual connection and
layer normalization layers, respectively. The third
block is connected to a linear layer and then a softmax
layer, which gives
recommendation. Besides

for music
MDHA, MusReco also
derives two components for better capturing of
features. It adopts the deep convolution layers and the
application of the squaring operation to the Rectified
Linear Unit (ReLU). The benefits and implications of
these modifications are addressed as follow.

the final results



Linear

ADD&norm

Aquared ReLU in feed forward

Y

i Spatial :
Positional @ ' on :
encoding b'e H H

Embedding QK V
! Head projection

Fig. 4 General diagram illustrating the updated model
architecture. This diagram serves as a visual representation
of the incorporated changes, showcasing the enhanced
components and their relationships within the overall
structure (red boxes refer to specific modifications and
additions).

First, CNNs have proven to be highly effective in
image processing tasks, and their application in
recommendation systems has shown promising results
as well. By incorporating a deep convolution layer, the
model can extract meaningful features and capture
intricate patterns from the input data. Moreover, the
convolutional layer can explicitly derive correlations
across different features. This is especially meaningful
for MusReco as it involves multi kinds of information.
MusReco adds convolutional layers between the
embedding layer and the AFT module, which is a
spatial convolution operation with 3x1 convolution
kernels,

X = Convsxi (P(Q, K. V) (6)
where P(Q,K,V) is the projected embeddings, Convsy
is the convolutional layer, and X is the output.

Second, MusReco applies the squaring operation to
the ReLU, which transform the activation into a
nonlinear function. This alteration can facilitate a better
representation of complex relationships between
features, leading to enhanced model performance.

To further enhance the model’s performance, an
additional Feed-Forward Network (FFN) can be
stacked, and a full residual link can be placed before
the multi-head attention module. This modification

Tsinghua Science and Technology

introduces a deeper architecture and enables the model
to learn more complex representations of the input
data. By including the residual link, the model can
circumvent the vanishing or exploding gradient
problems commonly encountered in deep neural
networks. This helps to reduce approximation errors
and allows for more accurate predictions.

Finally, we adopt the fully-connected feed-forward
network to the final output, which can be modeled as

FEN(x) = ReLUGW, + b1)Wa + by (7

In this equation, the learnable weight matrices are
denoted by W; and W,, while the bias terms for the
first and second layers are represented by b; and b,,
respectively.

Efficiency. A notable advantage of incorporating
these modifications is the substantial improvement in
sample efficiency. Sample efficiency refers to the
ability of a model to achieve satisfactory results using
fewer training steps. By reducing the number of
required training steps, the overall computational
burden is reduced, thus making the model more
scalable and computationally efficient.

Moreover, the reduction in training steps does not
compromise the desired level of quality in the model’s
outputs. This improvement in efficiency can
significantly benefit recommendation systems, as they
often operate on large-scale datasets with millions or
even billions of user-item interactions. The ability to
achieve the desired quality of recommendations with
fewer training steps rapid
deployment of the system and a quicker response to
changing user preferences.

allows for a more

4 Experiment

4.1 Benchmarks

A good dataset is crucial to the recommendation
algorithm. In this paper, we select four datasets to
study the recommendation algorithm, Amazon Digital
Music, MSD (Taste Profile subset), Last.fm-1k, and
Last.fm-360k[46],

Amazon Digital Music dataset collects 836 006
feedbacks between 478 235 users and 266 414 projects.

MSD is a collection of free audio functions and
metadata sets. The core of the dataset is the feature
analysis and metadata of one million songs provided by
The Echo Nest. When it comes to music datasets, MSD
must bear the brunt. The entire dataset is 280 G in size.
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Due to the large amount of data, a subset of 10000
songs is also provided for rapid experiment. In
addition, on the basis of MSD dataset, the community
also provides supplementary datasets for
research.

Last.fm-1k and Last.fm-360k are derived from
Last.fm, an online radio and music community in UK.
It provides developers with rich APIs, which can be
called to generate some datasets*’]. Among them,
Last.fm-1k dataset contains a representative of the
implicit feedback dataset of context information,
including music listening records and user information
files. The former refers to all music playing records
and playing time of relevant listeners, as well as music
title, artist name, musicbrain ID, and other information,
while the latter records the gender, age, country, and
registration time of listeners. Last.fm-360k dataset
follows the same organization of Last.fm-1k, which
also contains the listening records and user information
files. The attributes in each files are identical with
those of Last.fm-1k, while the scales of records are
extended to 360 000 in totall#3l.

seven

4.2 Baselines

For the experiment part, the datasets we test are still the
four datasets mentioned above (in methodology). At
the same time, We select 7 different baseline models to
test the effect of our model.

e BPR is a top-k recommendation approach that
operates on implicit feedback. It aims to optimize the
ranking of items based on user preferences expressed
through implicit signals;

e CDAEM utilizes a sampling-based learning
strategy to uncover the latent representation of
corrupted useritem preferences via a denoising
autoencoder. It aims to reconstruct the original
preferences by training on noisy samples;

e IRGANDY is a method that leverages Generative
Adversarial Networks (GANs) for recommendation. It
consists of a generator, which learns the correlation
distribution on the project using signals from the
discriminator, and a discriminator uses data selected by
the generator;

e CFGANDBU is a top-k recommendation method
based on GANs and sampling learning strategies. It
employs vector confrontational learning to provide
high-quality recommendations, enhancing the overall
recommendation accuracy;

e ENMFD2! s a neural-based matrix decomposition

model for top-k recommendation. It effectively learns
parameters from the complete training data without
sampling, enabling more comprehensive learning;

e TBJEB3I proposes a joint coding method based on
Transformers, a popular architecture in natural
language processing. The model employs Transformers
to capture and generate
meaningful representations;

e FairGAND4 incorporates a fairness-aware learning

user-item interactions

strategy to dynamically generate fairness signals. By
optimizing the search direction, FairGAN explores the
space of the best ranking, aiming to distribute item
exposure fairly while preserving user utility as much as
possible.

4.3 Evaluation metrics

Accuracy of top-k recommendation is a commonly
used metric, which is used to measure how many items
in the predicted recommendation list are of interest to
users. Precision@k calculates how many items are of
interest to users in the predicted recommendation list,

D IRG)N T ()]

uelU

D IRw)

uelU

Precision =

®)

where R(u) refers to the given recommendation list,
and T(u) refers to the relevant list that users have
marked as their favorite.

Top-k recommended recall rate is used to predict the
proportion of correct relevant results in all relevant
results. Recall@k refers to how many items in the
user’s real favorite list are predicted by the
recommendation algorithm, that is, the recall rate of the
real list,

D IR N T(w)
Recall = =Y )

DT W)

uelU

4.4 Experiment results

Based on the experimental results provided in
Tables 1-4, we conduct the following analysis and
summary for each experiment:

Firstly, in the experiment conducted on the Amazon
Digital Music dataset, the performances of several
recommendation algorithms are compared. The results
show that MusReco achieves the highest results in the

Precision@35, Precision@10, Recall@5, and



Table 1 Experimental results on Amazon Digital Music
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Table 4 Experimental results on Last.fm-360k.

dataset. (%)

(%) Model Precision@5 Precision@10 Recall@5 Recall@10
Model Precision@5 Precision@10 Recall@5 Recall@10 BPR 5.455 8.359 3.623 15.204
BPR 11.563 15.015 8.964 22.506 CFGAN 6.386 9.687 4.362 17.631
CFGAN 12.509 16.513 9.516 24.265 ENMF 6.124 9.426 4.264 17.459
ENMF 12.431 16.399 9.495 24.022 IRGAN 4.089 7.015 2.524 14.325
IRGAN 10.428 13.508 8.222 20.688 CDAE 5.962 8.936 3.876 17.054
CDAE 12.120 15.824 9.171 23.184 Fair-GAN  6.453 10.231 4.828 17.827
Fair-GAN 13.326 17.174 10.040 25.208 TBIE 7.753 11.864 6.636 19.656
TBJE 14.633 18.675 11.802 26.532 MusReco 8.868 12.927 7.869 20.863

MusReco 15.856 19.632 12.927 27.689

Table 2 Experimental results on MSD (Taste Profile
Subset).

(%)

Model Precision@5 Precision@10 Recall@5 Recall@10
BPR 7.923 10.568 5.564 17.256
CFGAN 8.905 12.872 6.112 19.935
ENMF 8.746 12.756 6.024 19.904
IRGAN 7.359 9.651 4.833 16.233
CDAE 8.526 11.457 5.724 18.821
Fair-GAN 9.654 13.426 6.427 20.368
TBJE 10.826 14.462 7.784 21.656
MusReco 12.313 15.636 9.221 23.184

Table 3 Experimental results on Last.fm-1k.

(%)

Model Precision@5 Precision@10 Recall@5 Recall@10
BPR 15.452 19.762 12.368 25.326
CFGAN 16.589 20.302 13.459 27.584
ENMF 16.325 19.957 13.032 26.328
IRGAN 13.959 17.665 11.753 23.357
CDAE 15.862 19.126 12.946 25.652
Fair-GAN 16.023 21.334 13.757 28.209
TBJE 17.351 22.105 14.816 29.043
MusReco 18.048 23.857 15.754 29.921

Recall@10 metrics, with values of 15.856%, 19.632%,
12.927%, and 27.689%, respectively. In the table, bold
text indicates the optimal results, while underlined text
denotes the suboptimal results. This indicates that
MusReco provides more accurate recommendations on
this dataset.

Secondly, the experimental results on the MSD
(Taste Profile Subset) dataset also demonstrate the
outstanding performance of MusReco. MusReco
achieves values of 12.313% in Precision@5, 15.636%
in Precision@10, 9.221% in Recall@5, and 23.184% in

Recall@10. Compared to other algorithms, MusReco
significantly improves the accuracy of
recommendations and provides more relevant music
recommendations for users.

Thirdly, the experiments conducted on the Last.fm-
1k dataset reveal the excellent performance of
MusReco. MusReco achieves values of 18.048% in
Precision@5, 23.857% in Precision@10, 15.754% in
Recall@5, and 29.921% in Recall@10. This again
confirms the superiority of MusReco
recommendation and its higher accuracy in providing
personalized recommendations.

Finally, the results of the experiment on the Last.fm-
360k dataset further confirm the good performance of
MusReco. MusReco achieves values of 8.868% in
Precision@5, 12.927% in Precision@10, 7.869% in
Recall@5, and 20.863% in Recall@10. This indicates
that MusReco can provide
recommendations even on large-scale datasets.

In conclusion, through the analysis of the
experimental results on these four datasets, we can
conclude that MusReco exhibits the best
recommendation performance across various datasets.
The results indicate an improvement in precision and
recall of 1% to 7% when compared to the other models,
which are similar among different datasets. It indicates
that MusReco is stable and robust considering the
diverse background of these datasets.

Specifically, when compared to Fair-GAN, there is a
2% to 3% in both Precision@5 and
Precision@10 on all four datasets. Additionally, there
is a similar improvement of 2% to 3% in Recall@5 and
Recall@10. Similarly, when compared to ENMF, there
is a 2% to 3.5% enhancement in Precision@5 and
Precision@ 10, and a 3.5% to 4% increase in Recall@5
and Recall@10 on all four datasets. It outperforms
other algorithms in terms of accuracy and personalized

in  music

accurate  music

increase
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recommendations, providing users with more relevant
and satisfying music recommendation experiences.
This demonstrates the potential of MusReco in the field
of recommendation systems and its ability to offer
substantial improvements and advancements in
practical applications.

5 Conclusion

This paper proposes a novel music recommendation
model, MusReco, which is built upon the transformer-
based framework. The model incorporates multi
aspects of information correlated with users, music,
and contexts to fully cover the factors impacting user
preferences. Moreover, the proposed model is
improved with an attention free transformer tied with
convolutional layers to further improve the learning
efficiency and the capabilities for feature
representation. According to the experimental results,
the performance of MusReco model is better than
several state-of-the-art soltuions with similar idea. In
the field of music recommendation in the future, we
hope to innovate more methods and technologies, and
integrate more elements into the recommendation to
make music recommendation more rich and diverse, so
as to improve user satisfaction and experience.
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