9 FERMR

ARSI SR R RS I I 0 B AP W 4 5 R SRR BRI B ik 515 B T E,2025,46(3):9-16.

LU Zhenye, DU Yuxiao. Emotion-enhanced heterogeneous graph neural network for music session-based recom-

mendation algorithm[J]. Automation & Information Engineering, 2025,46(3):9-16.

A BERNFHERENZ T RIEHERE

AR kR
(JRIMRZEH MR, T4 M 510006)
WO EF0BE 4 s P R B0 TG S, URIE ST &l BT 5 R T R — . RBIE R A &
S P e R e A, B R I TR S R R 2 W 4% SR e R R R . R RN T T G SR R 2
MG E ST EME MG iR, S8 5 RERRNE, NERH 80 P RIS R, LI
REW, 7F Nowplaying FHfi4E L, ZHESRMIIETEMEMN % KIS EHEREFEMAL, P@20 #2581 2.1%,

MRR@20 275 T 6.8%, AT+ T 5k MR
KERIA]: S, FHERMEMNS, SRS B4R s
FESES: TP3913 XRAFRERS: A NEHS: 1674-2605(2025)03-0002-08
DOI: 10.12475/2ie.20250302 FF AR EL

Emotion-enhanced Heterogeneous Graph Neural Network for Music
Session-based Recommendation Algorithm

LU Zhenye DU Yuxiao
(School of Automation, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: To address the limitations of current music session-based recommendation methods for anonymous or new users—
such as simplistic recommendations based solely on short-term sessions and neglect of emotional factors influencing user choices—
this study proposes an emotion-enhanced heterogeneous graph neural network for music session-based recommendation algorithm.
The algorithm constructs a session-based recommendation system using historical data from all users and current sessions via graph
neural networks, integrating musical emotional semantics to provide more accurate recommendations for anonymous/new users.
Experimental results on the Nowplaying dataset demonstrate that, compared to the suboptimal GNN-based session recommendation
method, the proposed algorithm achieves a 2.1% improvement in P@20 and a 6.8% increase in MRR@20, effectively enhancing
recommendation performance.

Keywords: session-based recommendation; heterogeneous graph neural network; music emotion; anonymous user recom-
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