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A 1A ALY &4

AGAEE 98 4719 WAvta dlolHE &8st dHolH &=
T A 2.2 Movielens [13], Gowalla [10], Goodreads [32, 331, Ciao
[31] dlolEt}. dlolH e 4 I, olol’ll o, A48 &, s [R

613 Zol Fojxtk. <, Lol |7t = v dvolHE &l

#users #items #interactions sparsity

Movielens 6,040 3,260 998,539 0.0507
Gowalla 65,253 57,445 1,339,108 0.0003
Goodreads 14,512 12,385 3,053,619 0.0169
Ciao 4,920 4,394 100,000 0.0046
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Dataset - Movielens

MF NeuCF NGCF LightGCN
Hit ‘ NDCG | PopQ Hit ‘ NDCG | PopQ Hit ‘ NDCG | PopQ Hit ‘ NDCG ‘ PopQ
Baseline 0.73 0.48 0.18 0.68 0.44 0.17 0.71 0.46 0.16 0.71 0.45 0.14
IPW 0.41 0.22 0.04 0.43 0.23 0.10 0.40 0.22 0.05 0.42 0.24 0.04
PD 0.72 0.46 0.27 0.40 0.20 0.64 0.70 0.44 0.19 0.68 0.43 0.12
MACR 0.48 0.27 0.02 0.33 0.18 0.07 0.48 0.27 0.02 0.48 0.27 0.02
Pearson 0.73 0.46 0.41 0.68 0.43 0.18 0.62 0.35 0.40 0.59 0.32 0.30
Post Process 0.68 0.37 0.52 0.69 0.43 0.23 0.62 0.32 0.58 0.67 0.38 0.43
Zerosum 0.72 0.45 0.38 0.66 0.34 0.29 0.71 0.44 0.32 | 0.70 0.44 0.31
Dataset — Gowalla
Baseline 0.92 0.71 0.14 0.85 0.61 0.21 0.90 0.66 0.13 0.88 0.62 0.10
IPW 0.86 0.62 0.10 0.19 0.12 0.22 0.30 0.16 0.19 0.77 0.52 0.13
PD 0.92 0.69 0.22 0.77 0.45 0.62 0.90 0.66 0.13 0.87 0.62 0.09
MACR 0.74 0.50 0.11 0.13 0.08 0.36 0.50 0.32 0.10 0.68 0.45 0.12
Pearson 0.92 0.71 0.21 0.81 0.55 0.32 0.90 0.65 0.19 0.86 0.60 0.15
Post Process 0.90 0.58 0.62 0.79 0.57 0.17 0.86 0.51 0.63 0.80 0.45 0.63
Zerosum 0.92 0.69 0.23 0.78 0.52 0.37 090 0.60 0.24 0.87 0.58 0.20
Dataset - Goodreads
Baseline 0.84 0.61 0.26 0.81 0.57 0.26 0.78 0.51 0.15 0.76 0.50 0.11
IPW 0.47 0.28 0.06 0.31 0.16 0.14 0.32 0.18 0.05 0.49 0.30 0.05
PD 0.84 0.60 0.39 0.68 0.41 0.71 0.77 0.50 0.24 0.73 0.26 0.33
MACR 0.54 0.33 0.01 0.68 0.41 0.71 0.77 0.50 0.24 0.73 0.50 0.33
Pearson 0.84 0.61 0.30 0.80 0.56 0.20 0.77 0.50 0.23 0.74 0.48 0.17
Post Process 0.79 0.46 0.79 0.81 0.56 0.38 0.65 0.33 0.77 0.65 0.33 0.64
Zerosum 0.85 0.60 0.38 0.80 0.52 0.31 0.78 0.50 0.27 0.75 0.48 0.24
Dataset - Ciao
Baseline 0.49 0.31 0.20 0.43 0.26 0.19 0.51 0.32 0.19 0.48 0.31 0.12
IPW 0.39 0.24 0.06 0.33 0.21 0.09 0.31 0.14 0.15 0.38 0.24 0.05
PD 0.47 0.29 0.25 0.28 0.13 0.51 0.49 0.30 0.22 0.48 0.30 0.15
MACR 0.42 0.27 0.11 0.31 0.20 0.14 0.36 0.22 0.08 0.40 0.26 0.11
Pearson 0.29 0.17 0.42 0.43 0.26 0.22 0.32 0.15 0.47 0.13 0.06 0.47
Post Process 0.44 0.24 0.36 0.45 0.29 0.12 0.42 0.20 0.46 0.43 0.25 0.27
Zerosum 0.44 0.29 0.20 0.41 0.25 0.23 0.50 0.31 0.22 0.47 0.29 0.16
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Abstract

Reducing Popularity Bias in
Recommendation System by
Regularizing Model Prediction
Scores

Wondo Rhee

Department of Information and Intelligence

The Graduate School of Convergence Science and
Technology

Seoul National University

Recommendation system often suffers from popularity bias. In
particular, the recommendation sSystem can give higher
recommendation score to items with higher popularity even among
items the user equally liked. This can lead to over-recommendation of
popular items, which can harm personalization. To solve this problem,
we propose to add a regularization term to the loss function during
training: a regularization term which minimizes the score differences
of positive and negative items, respectively, is added to the original
loss function. The Zerosum term which constraints the sum of the
positive and negative item scores of a user to be O is proved to be
effective. The effectiveness of the method is demonstrated using a
synthetic data; the recommendation system accuracy is maintained
while the popularity bias is reduced. Further comparison with earlier
debias methods shows the proposed method has advantages in terms

of computational validity and efficiency. Finally, experimer;lts on 4
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recommendation system models and 4 real world datasets reported the
proposed method shows generally improved performances over
earlier methods. Thus, this study proposes a novel and effective

method to reduce popularity bias in recommendation system.

Keywords : recommendation system, popularity bias, regularization
Student Number : 2021-20929
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