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Rectifying Dual Bias for Recommendation

HUANG Lu,NI Lyu and JIN Cheqing

School of Data Science and Engineering, East China Normal University, Shanghai 200062, China

Abstract In recent years.a large number of recommendation algorithms have emerged,most of which focus on how to construct
a machine learning model to give a good fit to historical interaction data. However, historical interaction data always come from
observations rather than experiments in recommendation. Various biases exist in observed data, where the popularity bias is a rep-
resentative one, Most approaches to dealing with popularity bias use the strategy of removing the popularity bias. But it is actually
difficult for these approaches to improve the recommendation accuracy due to bias amplification causedby recommendation algo-
rithms. Thus, the strategy of leveraging the popularity bias bothin training and inferencestagesis more applicable. Combined with
the causal graph.a double bias deconfounding and adjusting(DBDA) model is proposed to rectify bias from the perspectives of
both user and item. In the training stage, the adverse effects of the popularity bias are removed,and in the inference stage,a more
accurate prediction of user preferences is made with the aid of the trend of popularity. Experiments are conducted on three large-
scale public datasets to verify that the proposed method produces 2. 48% ~19. 70% higher diverse evaluation metrics than the
state-of-art method.

Keywords Recommender system,Collaborative filtering,Causal inference,Back-door adjustment, Popularity bias
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1. Randomly initialize parameter ©;

2. while not converged do

3. for each training sample s€ % do // training stage

4. Lookup the user indexesu,v and item indexes i, in O3

5. Update model parameter ® by minimizing the proposed loss

function Equation(7) ;
6. end for
7. il mode==DBD then validate model with ELU' (fg (u,i))//in-
ference stage;

8. else validate model with Equation(8) ;

9. end while

10. if mode==DBD then recommend items using ELU' (fg (u,1)) //
predict on testing set

11. else recommend items using Equation(8).

12. return Ly
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5.4 TEMriBR
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(3)PDAP, HEAR FEX M ITIE, BWHEENLZ%  NDCG,Precision, Hit Ratio(HR) 3X 4 4~) 2 {fi F (9 ¥ # 58
By B 2 B 0 o AT RE L 7 HE W B B R 0 A AT R Ok 4 T Fr. 1M T K=20 1 K=50 i 5 fh 5L 7E L ik 4 FpiF
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Table 1 Recommendation performance on three datasets
Top 20 Top 50
Dataset Method
Recall Precision HR NDCG Recall Precision HR NDCG
BPRMF 0.0279 0.0333 0.2950 0.0406 0.0578 0.0288 0.4286 0.0475
PD 0.0430 0.0430 0.3819 0.0564 0.0811 0.0348 0.5153 0.0648
DBD 0.0474 0.0485 0.3998 0.0649 0.0868 0.0378 0.5282 0.0722
douban PDA (a) 0.0558 0.0549 0.4436 0.0728 0.1071 0.0435 0.5832 0.0835
(b) 0.0551 0.0525 0.4405 0.0700 0.1019 0.0397 0.5773 0.0784
DEDA (a) 0.0586 0.0584 0. 4546 0.0783 0.1088 0.0452 0.5855 0.0879
(b) 0.0585 0.0569 0.4541 0.0770 0.1096 0.0438 0.5898 0.0867
BPRMF 0.0682 0.1076 0.5905 0.1290 0.1267 0.0878 0.7128 0.1333
PD 0.0980 0.1425 0.6973 0.1719 0.1833 0.1137 0.8142 0.1804
DBD 0.1108 0.1596 0.7347 0.2001 0.1975 0.1223 0.8267 0.2040
mll10m PDA (a) 0.1142 0.1590 0.7401 0.2033 0.2051 0.1231 0.8332 0.2089
(b) 0.1215 0.1651 0.7531 0.2104 0.2106 0.1256 0.8356 0.2147
(a) 0.1367 0.1796 0.7834 0.2325 0.2215 0.1334 0.8493 0.2328
DEDA (b) 0.1421 0.1818 0.7822 0.2379 0.2284 0. 1339 0.8564 0.2379
BPRMF 0.0468 0.0090 0.1382 0.0266 0.0879 0.0069 0.2344 0.0379
PD 0.0572 0.0108 0.1646 0.0326 0.1049 0.0080 0.2695 0.0457
DBD 0.0592 0.0109 0.1686 0.0345 0.1018 0.0079 0.2635 0.0464
amazon PDA (a) 0.0720 0.0130 0.1994 0.0421 0.1230 0.0092 0.3079 0.0560
(b) 0.0716 0.0127 0.1975 0.0421 0.1213 0.0090 0.3057 0.0557
(a) 0.0770 0.0138 0.2098 0.0464 0.1287 0.0098 0.3196 0.0607
DEDA (b 0.0777 0.0138 0.2120 0.0472 0.1289 0.0097 0.3204 0.0613
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Fig.5 Relative improvement at different K values
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Table 2 Relative improvements of DBDA

CHRAL 20
Top 20
Dataset

Recall Precision HR NDCG
a 5.02 6.38 2.48 7.55

douban
b 6.17 8.38 3.09 10.00
a 19.70 12.96 5.85 14. 36

mll0m
b 16. 95 10. 12 3.86 13.07
a 6.94 6.15 5.22 10. 21

amazon
b 8.52 8.66 7.34 12.11
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