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Table 2 Comparisons of the recommendation models

Model MAP Rec@ 1 Rec@ 10 Pre@1 Pre@ 10
BPR 0.362 3 0.087 9 0.483 7 0.437 6 0.240 8
PME 0.3235 0.084 5 0.428 1 0.420 7 0.213 1
DO 0.148 9 0.075 1 0.1349 0.374 0 0.067 2
SBPR 0.3479 0.085 5 0.467 8 0.425 4 0.2329
oLA 0.37121 0.089 9 0.495 3 0.447 4 0.246 5
DSCF 0.299 8 0.074 6 0.403 7 0.3715 0.200 9

DANSER 0.3312 0.077 0 0.4519 0.405 7 0.231 1

VSRec 0.407 3 0.1057 0.5257 0.526 8 0.267 8

Impu. 9.44% 17.56% 6.15% 17.75% 9.04%
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Fig. 8 Precision@ k vs Recall@ k curve, k ranges from 1

to 10 from the left to the right
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Fig. 9 Precision@ k vs Recall@ k curve of ablation study

®3 HEMXBER

Fig. 3 The results of the ablation study

Model MAP Rec@ 1 Rec@ 10 Pre@ 1 Pre@ 10
BPR 0.362 3 0.087 9 0.483 7 0.437 6 0.240 8
VRec 0.375 8 0.093 8 0.496 3 0.472 3 0.2470
Imp. 3.74% 6.66% 2.61% 7.93% 2.57%
SRec 0.399 3 0.100 9 0.5210 0.498 6 0.253 1
Impv. 10.22% 14.71% 7.71% 13.94% 5.11%
VSRec 0.407 3 0.105 7 0.5257 0.526 8 0.267 8
Impo. 12.43% 20.19% 8.69% 20.38% 11.21%
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Fig. 4 Comparison with competitive models

Model MAP Rec@ 1 Rec@ 10 Pre@ 1 Pre@ 10
DO 0.148 9 0.075 1 0.1349 0.374 0 0.067 2

OLA 0.3721 0.089 9 0.495 3 0.447 4 0.246 5
VRec 0.375 8 0.093 8 0.496 3 0.472 3 0.2470
Impv. overDO 152% 24.9% 268 % 28.3% 268 %
SRec 0.399 3 0.100 9 0.5210 0.498 6 0.253 1
Impv. overOLA 3.71% 12.2% 5.19% 11.44% 2.68%
VSRec 0.407 3 0.105 7 0.5257 0.526 8 0.267 8
Impv. overOLA 9.44% 17.56% 6.15% 17.75% 9.04%
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A song recommendation method considering vocal ability and social feedback
factors

CHEN Zhuo-hua'*, LIU Hong-yan" >* | GAO Gé’
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2. School of Economics and Management, Tsinghua University, Beijing 100084, China;
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611074, China

Abstract; Online singing platforms have attracted many users to sing and publish songs online. Accurate sing-
ing-song recommendation systems are essential to enhance user experience and stickiness for such platforms.
User’ s vocal ability is one of the major factors to consider in the recommendation model. However, how to
predict a user’ s vocal ability is challenging. Meanwhile, online singing platforms provide social networking
services. How to utilize the social feedback information to improve recommendation performance is worth stud-
ying. To address these issues, this paper proposes new methods to predict a user’ s vocal ability on a song and
to model social feedback factors. Further, a novel model for singing-song recommendations is developed. Ex-
periments conducted on a real-world dataset demonstrate the effectiveness of our proposed model and the ne-
cessity of modeling vocal ability and social feedback factors to improve recommendation performance.

Key words: singing-song recommendations; vocal ability; social network; deep learning



