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Figure 1: A case study of MF on Yahoo! R3 dataset

Popularity-Sensitive (PS) user ID 472 (0.31) is more
prone to click items with high popularity, even if they
are false positives, such as item ID 120 and 234. On
the contrary, Popularity-Insensitive (PI) user ID 600
(0.02) is less influence by items’ popularity. Despite
the high popularity of item ID 813 (0.27), the user
shows a low interest in it. It verifies that it is sub-
optimal to treat all users equally and necessary to take
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into account users’ popularity sensitivity, which has

not been studied in unbiased recommender learning. * UDIPS-based methods consistently outperforms

existing models on UB-Te and NB-Te across two
datasets.

Method

» Propensity Estimation

® Comparison in terms of PI/PS users

, , 2. I(ryi = 1) NDCG Recall Precision AUC
item popularity: Ipop; = ZXEH
, , © max_Ipop Plusers | 0.53435 069128 0.25156  0.62877
users’ popularity SenSlthlg’: MF-IPS | pSusers | 0.56170 0.72476  0.24195  0.65501
cQ, 1pop;
pui = Upopy = 222 711 Plusers | 0.57058 0.73551  0.26484  0.66592
Q2 Gain(%) | 6.78%  6.40%  5.28%  5.91%
° ° ° o MF_[]DIPS
, . Gﬂin(%) 7.74% 8.43% 7.28% 7.39%
LUDIPS = — — - S(Fuisrui) + (1 —ay) - 8(Fuis rui) |, . .

U||T| ” I.}:Zﬂ _ \Pui (Fuis Tui) + (1 = @) - OFuis Tui)  The performance gain from PS users is larger than

that from PI users. It indicates that UDIPS is more
effective in handling under-debiasing of PS users
compared with the over-debiasing of PI users.

® Impact of Hyper-Parameter.
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effectively eliminating popularity bias.




