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I Related Work

Existing methods for addressing popularity bias mainly fall into four lines.
* Inverse Propensity Scoring (IPS) [1-5]

e Causal Intervention [6-8]

* Regularization constraints [9-10]

 Reranking [11-12]
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» Propensity Estimation.
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where a,, € {0, 1} is a binary variable which is used to determine
whether a user is sensitive to item popularity, and py,; is computed
by Eq.(6). Empirically, we set &, = 1 when users’ popularity is
larger than a threshold 6; otherwise, &, = 0. 5
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» Propensity Estimation. » Unbiasedness Analysis.
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where a,, € {0, 1} is a binary variable which is used to determine
whether a user is sensitive to item popularity, and py; is computed :
by Eq.(6). Empirically, we set &, = 1 when users’ popularity is
larger than a threshold 6; otherwise, &, = 0. 6
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I Experiments

> Datasets

Table 1: Statistics of the datasets, NB-Tr and UB-Tr are short for normal biased training data and unbiased training data,
respectively. NB-Te and UB-Te are short for normal biased testing data and unbiased testing data, respectively.

Dataset #Users #ltems #NB-Tr #UB-Tr #Val #NB-Te #UB-Te

Yahoo! R3  15.4k 1.0k 249k 5.4k 33.8k  31.2k 48.6k
Coat 290 300 5.6k 464 928 696 4.1k

> Baselines

MF, MF-IPS [ICML'16], InterD [SIGIR’22], KD_Label [SIGIR’20], DR [ICML'19]

> Metrics

NDCG, Precision, Recall, AUC
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’ Yahoo! R3 ’ Coat
Model | NDCG  Presicion Recall AUC | NDCG Presicion Recall AUC
MF | 0547 0256 0730 0649 | 0492 0327 0537 0667
MF-IPS 0548 0257 0730 0649 | 0494 0329 0539  0.665
MF-UDIPS | 0579  0.263 0753 0.677 | 0499  0.332 0547 0.673
InterD 0660 0288 0822 0753 | 0519 0337 0558 0682
Unbiased Test | InterD-UDIPS | 0.676 0201  0.833 0762 | 0.526 0342  0.570 0.692
(UB-Te) KD_Label | 0575 0259 0751 0674 | 0502 0325 0540 0679
KDLabel-UDIPS | 0.585 0263  0.759 0.681 | 0.506  0.328  0.555 0.686
DR 0548 0256 0731 0650 | 0493 0328 0540 0.667
DR-UDIPS | 0.552 0261 0749 0.660 | 0.504  0.334  0.563 0.670
MF 0825 0313 0970 0652 | 0.810 0267  0.995 0.667
MF-IPS 0815 0311 0966 0626 | 0809 0265 0986 0636
MF-UDIPS | 0.830  0.314  0.971 0.661 | 0.820  0.270  0.995 0.660
InterD 0837 0316 0973 0673 | 0830 0271 0994 0.669
Normal Biased Test | InterD-UDIPS | 0.841 0319  0.976 0.683 | 0.832 0274  0.995 0.671
(NB-Te) KD_Label | 0814 0313 0968 0628 | 0.814 0263 0991 0620
KDLabel-UDIPS | 0.827 0316  0.969 0.655 | 0.820  0.268  0.995 0.640
DR 0791 0308 0957 0571 | 0812 0259 0986 0638
DR-UDIPS | 0.825 0317  0.970 0.651 | 0.823  0.274 0991 0.656
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UDIPS-based methods
consistently outperforms
existing models on UB-Te
and NB-Te across two
datasets.

Compared with MF, all
debiased model perform
better on UB-Te but show
inferior performance on the
NB-Te except UDIPS-based
methods and InterD, which
illustrates the most debiased
methods improve the
debiased performance with
the sacrifice of biased
performance.
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» Comparison in terms of popular sensitive/insensitive users.

NDCG Recall Precision AUC

Plusers | 053435 0.69128 0.25156  0.62877

MEF-IPS | ps users | 056170 0.72476  0.24195  0.65501
Plusers | 0.57058 0.73551  0.26484  0.66592

Gain(%) | 6.78%  6.40%  5.28%  5.91%

ME-UDIPS | ps ysers | 0.60515 0.78583  0.25957  0.70340
Gain(%) | 7.74%  8.43%  7.28%  7.39%

* The recommendation performance of Pl users and PS

users are both boosted.
 The performance gain from PS users is larger than
that from Pl users. It indicates that our proposed

method is more effective in handling under-debiasing

of PS users compared with the over-debiasing of Pl

users.
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» |Impact of Hyper-Parameter.
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Figure 2: Impact of threshold 8 with MF-UDIPS on Yahoo!
R3 dataset with the evaluation metric NDCG@5 and UAUC.
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