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Abstract Collaborative Filtering has been widely used in modern recommendation systems,and it assumes that similar users pre-
fer similar items. A key ingredient of CF-based recommendation model is the score function, which measures the preference of
users on items. However, there are some shortages in the most popular score functions. The inner product score function fails to
capture the user-user similarity and item-item similarity effectively,and Euclidean distance measurement function reduces the ex-
pressiveness of the model because of its geometrical restriction. This paper proposes a novel hybrid score function by mixing the
inner product-based similarity and the Euclidean distance metric,and further theoretically analyze its properties.thus proving that
the new score function can avoid the aforementioned shortages effectively. In addition,the new hybrid score function is a general
technique and can help to improve the quality of recommendation for existing models (e. g. ,SVD+ + ,MF,.NGCF,CML). Exten-
sive empirical studies over 6 datasets demonstrate the superior performance of the proposed hybrid score function.
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Vio 21809 1872 7957 00,800 Sl PSR 4 VF 53 B8 SR 15 5K AR B A5 51 60 i B 42
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Table 2 Performance comparison
Video Sports LastFM CiteULike-a Epinions BookCX
HR@5 NDCG@5 HR@5 NDCG@5 HR@5 NDCG@5 HR@5 NDCG@5 HR@5 NDCG@5 HR@5 NDCG@5
UserKNN 0.4585 0.3666 0.2168 0.1857 0.7160 0.6202 0.7244 0.6230 0.4015 0.3725 0.3225 0.2855
ItemKNN 0.4745 0.3833 0.2562 0.2156 0.7314 0.6261 0.7485 0.6233 0.4854 0.4354 0.3898 0.3249
MF 0.5029 0.3880  0.4488 0.3557  0.7462 0.6336  0.8088  0.6730  0.6348  0.5133 0.5393 0.4318
SVD+ + 0.5306 0.4062 0.4482 0.3452 0.7531 0.6275 0.7843 0.6140 0.6145 0.4751 0.5125 0.3863
NGCF 0.4978 0.3875 0.4582 0.3636 0.7468 0.6276 0.7833 0.6259 0.6116 0.4918 0.5170 0.4106
CMN 0.4913 0.3811 0.3426 0.2626 0.7458 0.6280 0.8090 0.6589 0.5770 0.4552 0.4852 0.3923
NeuMF 0.4206 0.3099 0.3666 0.2730 0.7017 0.5839 0.7849 0.6496 0.5846 0.4577 0.5089 0.3998
CML 0.4869 0. 386 0.3968 0.3122 0.7574 0.6468 0.8214 0.6758 0.5599 0.4548 0.5399 0.4387
MixRec(MF) 0.5539 0.4458 0.4899 0.3853 0.7791 0.6614 0.8310 0.6856 0.6532 0.5222 0.5875 0.4640
MixRec(SVD++)  0.5525 0.4405 0.4840 0.3842 0.7781 0.6614 0.8314 0.6931 0.6608 0.5359 0.5664 0.4473
MixRec(NGCF) 0.5292 0.4153 0.4547 0.3546 0.7510 0.6431 0.7842 0.6334 0.6151 0.4961 0.5364 0.4337
MixRec(CML) 0.5430 0.4292 0.4718 0.3697 0.7707 0.6551 0.8238 0.6754 0.6200 0.4923 0.5661 0.4496
A(MF) +10. 14 -+14. 90 +9.16 +38.32 +4.41 +4.39 +2.74 +1.87 +2.90 +1.73 +8.94 +7.46
A(SVD++) +4.13 +8.44 +7.99 +11.30 +3.32 +5.40 +6.01 +12.88 +7.53 +12.80 +10. 52 +15.79
A(NGCF) +6.31 +7.17 -0.76 -2.48 +0.56 +2.47 +0.11 +1.20 +0.57 +0.87 +3.75 +5.63
ACCML) 11.52 +11.05 18. 90 +18.42 +1.76 1.28 +0.29 -0. 06 +10. 73 8. 25 +4. 85 2. 48
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