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Abstract

Debiased recommendation focuses on alleviating
the negative impact of various biases on recom-
mendation quality to achieve fairer personalized
recommendations. Current research mainly relies
on propensity score estimation or causal inference
methods to alleviate selection bias; at the same
time, research on prevalence bias has proposed a
variety of methods based on causal graphs and con-
trastive learning. However, these methods have
shortcomings in dealing with unstable propensity
score estimates, bias interactions, and decoupling
of interest and bias signals, which limits the perfor-
mance improvement of recommender systems. To
this end, this paper proposes APWCEF, a collabo-
rative filtering debiased method that combines dy-
namic propensity modeling and adversarial learn-
ing. APWCEF solves the problem of high variance in
propensity scores through the dynamic propensity
factor, and decouples user interests and bias signals
through the adversarial learning to effectively re-
move multiple biases. Experiments show that AP-
WCEF significantly outperforms existing methods
across various benchmark datasets from different
domains. Compared with the current optimal base-
line PDA, Recall@10 and NDCG@ 10 improve by
0.10%-5.42% and 1.01%-8.60% respectively.

1 Introduction

Recommender systems (RS) are an effective tool to alleviate
information overload because they can provide personalized
content based on user preferences and significantly improve
user experience [Bakhshizadeh, 2024]. However, user be-
havior data is usually observational data rather than exper-
imental data [Chen et al., 2023], which leads to common
biases in RS, such as popularity bias, selection bias, expo-
sure bias, and conformity bias [Yang er al., 2024]. Among
them, popularity bias and selection bias are the most com-
mon. For example, recommender systems often tend to prior-
itize items that are already popular, such as popular movies
or best-selling books, a phenomenon known as popularity
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bias. This has led to a contradiction between the personal-
ized recommendations pursued by recommender systems for
a long time and the item popularity bias [Wei ef al., 2021;
Ning et al., 2024]. In addition, the existence of these biases
not only limits the diversity of recommendations and dam-
ages user experience, but may also exacerbate the formation
of information cocoons [Wu et al., 2024]. Therefore, study-
ing debiasing algorithms has become one of the important
directions in the current field of RS [Yalcin and Bilge, 2022].

Existing recommendation methods mainly focus on solv-
ing popularity bias and selection bias. In response to selec-
tion bias, some works [Schnabel et al., 2016; Bonner and
Vasile, 2018] use the inverse propensity score (IPS) to mit-
igate the bias, or use causal inference methods to explore the
potential causal mechanisms in the recommender systems to
analyze the source of bias and intervene. For example, IPS
[Schnabel et al., 2016] improves the fairness of recommen-
dation results by assigning inverse propensity score weights
to user behavior data and adjusting the selection distribu-
tion of observed data. CausE [Bonner and Vasile, 2018],
on the other hand, models user behavior as the generation
process of observed variables by establishing a causal infer-
ence model to alleviate selection bias from its root. In addi-
tion, some other works [Zhang et al., 2021; Wei et al., 2021;
Lee et al., 2023; Ning et al., 2024] focus on eliminating pop-
ularity bias. For example, MACR [Wei er al., 2021] intro-
duces causal graphs to describe the key causal relationships
in recommendations, analyzes the fundamental mechanism
of popularity bias, and proposes a model-independent coun-
terfactual reasoning framework. MACR [Wei et al., 2021]
trains the recommendation model through multi-task learning
and eliminates the direct impact of popularity in the reasoning
stage, thereby effectively alleviating popularity bias. Unlike
MACR [Wei et al., 20211, PDA [Zhang et al., 2021] believes
that popularity bias is not always negative and can be lever-
aged. Therefore, PDA [Zhang et al., 2021] applies a method
of deconfounding and adjusting popularity bias to eliminate
the negative impact of bias during training, and uses causal in-
ference to control the new popularity bias. uCTRL [Lee et al.,
2023] optimizes user and item representations from the per-
spective of contrastive learning, proposes an unbiased align-
ment function and an improved inverse propensity weighting
method to effectively eliminate the popularity bias of users
and items, and improves the quality of representation learn-
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ing through alignment and uniformity functions. PPAC [Ning
et al., 2024] introduces the concept of personal popularity by
measuring the similarity of user-item interaction sets. In or-
der to solve the problem that traditional global popularity bias
cannot reflect the preferences of individual users, a counter-
factual reasoning framework for personal popularity percep-
tion is designed. In addition, global popularity and personal
popularity are jointly considered in the recommendation pro-
cess to accurately control the impact of bias and significantly
improve the personalization and accuracy of recommenda-
tions.

However, the existing debias methods still have the fol-
lowing problems. First, the existing work relies on the IPS
method for accurate estimation of the propensity score, but
because the calculation of the propensity score is affected by
the imbalance of the observed data, its estimation is prone to
biases or high variance, especially in long-tail distribution or
non-random missing (MNAR) scenarios. This instability will
directly affect the debiasing performance. Second, existing
methods mostly focus on the removal of a single bias, such as
selection bias or popularity bias, while ignoring the potential
interactions among these biases. The sources of bias in the
recommender systems are complex, and the processing of a
single bias cannot fully solve the problem of bias amplifica-
tion. Third, most methods entangle interest signals and bias
signals during the learning process of user and item represen-
tations, and fail to decouple the two, making it difficult for the
recommendation model to accurately capture the user’s true
interests and thus limiting the diversity and robustness of the
recommendations.

To address these problems, in this paper, we propose AP-
WCE, a collaborative filtering debiasing method that com-
bines dynamic propensity modeling and adversarial learn-
ing, which aims to eliminate both popularity bias and se-
lection bias. Specifically, APWCF captures the interactive
propensity characteristics of users and items through the Dy-
namic Propensity Factor (DPF) module, and combines it with
the Bias Adversarial Learning (BAL) module to effectively
achieve joint modeling and removal of multiple biases. The
DPF module dynamically adjusts the propensity score esti-
mation to address the issues of high variance and instability
in traditional propensity weighting methods; the BAL mod-
ule separates user interest and item bias signals through bias
discriminators and gradient reversal techniques, ensuring that
the recommendation model focuses on the user’s true prefer-
ences and improves the personalization and diversity of rec-
ommendations. Our main contributions can be summarized
as follows:

(1) We propose Dynamic Propensity Factor (DPF) to
model dynamic propensity scores of users and items to alle-
viate issues of high variance and inaccurate propensity score
estimation in traditional IPS methods and improve the robust-
ness of the recommendation performance.

(2) We design Bias Adversarial Learning (BAL) that ap-
plies a bias discriminator and a gradient reversal mechanism
to decouple user interests from item bias signals and mitigate
the negative impact of bias signals.

(3) We evaluate APWCEF on five benchmark datasets. Ex-
perimental results show that compared with existing debias
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methods, APWCF improves Recall@10 and NDCG@10 by
0.10%-5.42% and 1.01%-8.60% over the current best base-
line PDA.

2 Related Work

In this section, we briefly introduce the research related to
our work, including GNN-based collaborative filtering and
debiased collaborative filtering.

2.1 GNN-based Collaborative Filtering

Recently, given the advantages of GNN in collaborative fil-
tering for mining high-order interaction patterns, GNN-based
recommendations have become the mainstream of research
[Gao er al., 2023], and researchers have proposed various
GNN-based recommendation models [Wang et al., 2019;
He er al., 2020]. Among them, the most typical works are
NGCF [Wang et al., 2019] and LightGCN [He et al., 2020].
Specially, NGCF [Wang et al., 2019] can achieve higher-
order information aggregation by stacking multiple layers of
graph neural networks, extracting higher-order information
from bipartite graphs to fully explore the relationship between
user-item behavior data. LightGCN [He et al., 2020] learns
user and item embedding through linear propagation on the
user-item interaction graph, and performs weighted summa-
tion of the learned user and item embeddings to complete
the final representation of users and items. Based on NGCF
[Wang er al., 2019], it removes feature transformation and
nonlinear activation, and only retains neighborhood aggrega-
tion and propagation. This linear propagation method elim-
inates complex feature transformation and nonlinear activa-
tion, making the model more efficient and lightweight.

2.2 Debiased Collaborative Filtering

The existence of various biases in recommender systems
(e.g., selection bias, popularity bias, unfairness) can easily
diminish user satisfaction and may even further accelerate
the formation of information cocoons [Zhao et al., 2020;
Li et al., 2022]. In recent years, to alleviate or eliminate these
biases, the research community has proposed various meth-
ods for specific biases.

For example, IPS [Schnabel et al., 2016] utilizes inverse
propensity scores to eliminate selection bias during model
evaluation in recommender systems . CausE [Bonner and
Vasile, 2018] leverages causal inference techniques to address
selection bias, and introduces a domain-adaptive algorithm
that learns from biased data to enhance recommendation per-
formance. Different from the above two methods, REL [Saito
et al., 2020] aims to focus on exposure bias. REL [Saito et al.,
2020] proposes an ideal loss function tailored for exposure
bias and introduces an unbiased estimator to optimize recom-
mendations for predicting highly relevant items. It effectively
addresses critical challenges, including the positive-unlabeled
problem and the missing-not-at-random issue. Additionally,
improves the bias-variance trade-off through a clipped esti-
mator, enhancing recommendation effectiveness. In addition,
PDA [Zhang et al., 2021] argues that popularity bias is not al-
ways negative, and completely unbiased learning may remove
beneficial patterns in the data. PDA [Zhang et al., 2021] pro-
poses a new framework that uses decontamination and causal
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intervention methods to deal with popularity bias. It elimi-
nates the negative impact of popularity bias during training,
and adjusts the recommendation results through causal in-
ference to include moderate popularity bias, thereby improv-
ing the accuracy of recommendations. Unlike the traditional
method of using inverse propensity weighting to solve pop-
ularity bias, MACR [WEei et al., 2021] introduces causality,
analyzes the source of popularity bias through causal graphs,
and eliminates the bias through counterfactual inference in
the reasoning stage, ensures recommendation results remain
unaffected by errors in item attributes. In addition, from
the perspective of contrastive representation learning, u™CTRL
[Lee et al., 2023] designs an unbiased alignment function and
an improved inverse propensity weighting method to elimi-
nate popularity bias.

3 Methodology
3.1 Problem Definition

Collaborative filtering (CF) is a widely adopted recommen-
dation technique that predicts a user’s potential preference for
unseen items based on their historical user-item interactions.
Formally, we use U = {uq,usg,us, ..., Uy, } to represent the
set of users and I = {4y, 9, 43, ..., i, } to represent the set of
items. O = {(u,%) | w € U,i € I} represents the set of
interactions between users and items, where (u, %) represents
the interaction record between user v and item 7. The goal of
CF is to learn a prediction function ¢ : U x I — R such that
Ju,; Tepresents the preference score of user u for item 7. The
recommender systems generates a user’s recommendation list
by sorting items based on ¢, ; values.

3.2 Overall Framework

The proposed APWCF framework is illustrated in Fig. 1. AP-
WCEF supports various backbones, including MF or Light-
GCN. LightGCN is used as an example to explain the frame-
work, and consists of a primary task and an auxiliary task.
Among them, the main task is the recommendation task,
whose goal is to improve the recommendation performance
by optimizing the embedding match between users and items.
Auxiliary tasks include propensity score estimation and bias
adversarial learning. Specifically, the former dynamically
calculates the interaction propensity score between users and
items to ensure that low-propensity samples are fully paid at-
tention to during training. The latter separates user interest
and item bias signals through the gradient reversal layer and
bias discriminator to ensure that the recommendation model
focuses on the user’s real interest.

3.3 Dynamic Propensity Factor

Selection bias in recommender systems causes the model to
prefer frequent interaction samples (such as popular items)
and ignore low-frequency interaction samples (such as long-
tail items). This tendency not only limits the diversity of rec-
ommendations, but also may amplify the negative impact of
data bias on model training. To address this problem, we in-
troduce propensity scores, which aim to measure the likeli-
hood of interaction between users and items, and use them to
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Algorithm 1 APWCF Algorithm

Input: Interaction graph G, training epochs T, hyperpa-
rameters: \,
Output: User/item embeddings E© = (E{”, E))

1: Initialize user/item embeddings E&O) and EZ-(O) using
Xavier initialization Construct the normalized adjacency
matrix A

2: fort =1toT do
3:  for each batch (u, 4, j) in training data do
4. // Step 1: Main Task - Recommendation
5 Perform message passing on graph G using A to ob-
tain updated embeddings for users and items
6: Calculate propensity scores P(u,%) for user-item
pairs using Eq. (1)
7: Clip Puip(u, ¢) using Eq. (2)
8: Compute the main recommendation 10ss L,y using
Eq. (6)
9: /I Step 2: Auxiliary Task - Propensity Score Esti-
mation
10: Estimate propensity scores P(u,4) and compute the
propensity score estimation loss L using Eq. (7)
11: // Step 3: Auxiliary Task - Bias Adversarial
Learning
12: Generate yy;,s for items using Eq. (3)
13: Apply the gradient reversal layer to item embed-
dings using Eq. (5)
14: Use the bias discriminator to compute L4, using
Eq. 4)
15: // Step 4: Total Loss Computation and Optimiza-
tion
16: Combine losses into the total loss £ using Eq. (8)
17: Backpropagate and update parameters
18:  end for
19: end for

20: return Final embeddings F = (F,, F;)

adjust the weighted loss in recommendation tasks to mitigate
the impact of selection bias.

Propensity score calculation: The dynamic propensity
factor calculates the propensity score based on the user em-
bedding e,, and the item embedding e;, as shown in Eq. (1).

P(u,i) = o(e, ;) (L

Clipping for stability: In addition, to avoid extreme val-
ues of the propensity score (such as close to O or 1) from in-
terfering with the stability of the model training process and
to ensure that the weighting effect is effectively played in the
recommendation task, we clip the propensity score, as shown
in Eq. (2).

Pyip(u, i) = clip(P(u, ), min = le—6,max = 1.0)  (2)

The clip function limits P(u, ?) to the interval [1le—6, 1.0],
ensuring that the propensity score is neither a minimum (close
to 0) nor a maximum (close to 1). Avoid the adverse ef-
fects of numerical instability on the optimization process.
The clipped propensity score Peip(u, 7) is directly used in the
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Figure 1: Framework of the proposed APWCEF for collaborative filtering.

main loss function of the recommendation task as a weight
factor to weight the interaction samples. Interaction samples
with low propensity scores (such as long-tail items) are given
higher weights, while samples with high propensity scores
are given lower weights, thereby effectively alleviating the
interference of selection bias on the recommendation results.

3.4 Bias Adversarial Learning

In recommendation tasks, user interest signals and item bias
signals (such as popularity bias) are often mixed, which
makes the recommendation system prone to excessive bias
towards popular items, thereby damaging the recommenda-
tion effect of long-tail items. In order to explicitly decouple
user interest and bias signals, we designed a bias adversarial
learning module.

Discriminator: In order to mark the popularity devia-
tion of items, the popularity label is generated according
to the item interaction frequency f(¢) as shown in Eq. (3).
Where ypiqs(7) represents the popularity label of item ¢ and
median( f) represents the median of the interaction frequen-
cies f(2) of all items. It is the value in the middle after sorting
the interaction frequencies of all items from small to large. It
is used to distinguish between popular items and non-popular
items. In APWCEF, we design the bias discriminator as a bi-
nary classification model, with the input being the item em-
bedding e; and the output being the predicted popularity label

yb;as-
) 1,
ybias(z) = {07

Then in model training, the calculation of adversarial loss
is shown in Eq. (4). where n is the number of items, g)t(,ilgs is
(@)

bias

if f(#) > median(f)
otherwise,

3

the predicted bias label for item 4, and y,.’ is the true bias

label.

adv Z BCE ybl-as7 yégb) (4)
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Gradient reversal layer: To prevent the biased discrim-
inator from negatively perturbing the recommendation task,
and inspired by [Zhang er al., 2023], we apply a gradient re-
versal layer, which reverses the gradient direction of the em-
bedding during back-propagation. Where eSRl is the embed-
ding after gradient reversal, and « is a hyperparameter con-
trolling the strength of the reversal.

e?RL = €y, vei Eadv = *avei Eadv (5)

The user interest signal is dominated by the dot product of

user and item embeddings, and its goal is to maximize the

user’s preference for the target item. The bias signal is iden-

tified by the bias discriminator and suppressed in adversar-

ial learning, ensuring that the item embedding does not carry
popularity bias information.

3.5 Multi-task Training

The training of our APWCF combines the main recommen-
dation task with two auxiliary tasks: the propensity score es-
timation task and the bias adversarial learning task. The main
recommendation loss focuses on optimizing the matching of
user interests and items to improve recommendation perfor-
mance; the auxiliary tasks reduce the impact of selection bias
through propensity score estimation and explicitly suppress
the interference of popularity bias through adversarial learn-
ing. The three work together in the joint optimization process
to ensure that the model can not only capture the real interests
of users, but also effectively remove multiple biases, and ulti-
mately achieve a balance between recommendation accuracy
and fairness. Specifically:

Main task: The main recommendation loss of APWCEF is
based on the BPR loss and is weighted by the propensity score
to mitigate the selectivity bias, as shown in Eq. (6). Specifi-
cally, in model training, the loss of the recommendation task
is weighted using dynamic propensity scores to reduce the
weight of high-propensity samples while increasing the influ-
ence of low-propensity samples, thereby effectively mitigat-
ing the selectivity bias. For example, high-propensity sam-
ples are given lower weights to avoid overfitting of frequent
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interactions; while low-propensity samples are given higher
weights to increase the focus on long-tail items.

1

/:,main = — Z In U(e;ei — e,l—ej> . m

(u,i,j)€D

(©)

where (u, i, j) represents the positive and negative sample
pairs of user v. And e,, e;, and e; represent the embed-
dings of user u, positive sample i, and negative sample j,
respectively. o(-) is the Sigmoid function, and Peyp(u, 7) is
the propensity score for the positive sample.

Propensity score estimation task: To assist the main task,
APWCEF introduces a propensity score estimation task, whose
goal is to improve the estimation accuracy of the propensity
score. The loss function of this task is the propensity score
estimation loss, as shown in Eq. (7):

1 .
B > BCE(Puip(u, 1), yui) %)
(uvi)

where |D| is the total number of interaction samples. And y,,;
is the ground truth label for whether user u interacted with
item ¢, and BCE denotes the binary cross-entropy loss.

Bias adversarial learning task: In addition, the adver-
sarial bias learning task explicitly decouples the user interest
signal from the popularity bias signal by optimizing the bias
discriminator. The corresponding adversarial loss is shown in
Eq. (4).

Finally, a joint optimization strategy is applied to minimize
the total loss, as shown in Eq. (8):

L = Lonain + /\L"ps + alagy (8)

where )\ is the weight of the propensity score estimation loss
and « is the strength of the adversarial learning module. We
describe the key steps and overall process of the APWCEF al-
gorithm in detail in the form of pseudocode, as shown in Al-
gorithm 1.

Lps =

4 Experiments

In this section, we carry out extensive experiments to evalu-
ate the effectiveness of the proposed model and answer the
following research questions:

* RQ1: How significant are the improvements of our AP-
WCF compared to state-of-the-art debiasing recommen-
dation methods?

* RQ2: What is the contribution of various components in
our framework to the overall performance?

¢ RQ3: To what extent does our APWCEF exhibit debias-
ing ability?

* RQ4: What effects do hyper-parameters have on our
APWCF?

4.1 Experimental Settings

Datasets. We conduct experiments on several public real-
world benchmark datasets from various domains: ML-100K,
Yahoo!R3, KuaiRec, Douban-book, and Yelp2018. Detailed
statistics of these datasets are summarized in Tab. 1.
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Dataset #User #ltem #Interaction Field
ML-100K 943 1,682 T4.817 Movies
Yahoo!R3 15,400 1,000 365,704 Musics
KuaiRec 7,176 10,612 1,153,787  Videos

Douban-book 12,861 22,296 598,421 Books

Yelp2018 31,668 38,048 8,827,696 Shopping

Table 1: Detailed datasets statistics.

Evaluation Metrics. To verify the effectiveness of the pro-
posed method, we adopt two widely used evaluation metrics:
Recall@K and NDCG@K.

Baselines. To comprehensively evaluate the effectiveness of
the proposed method, we selected a variety of state-of-the-art
models as baselines, including two backbones, MF [Rendle
et al., 2009] and LightGCN [He et al., 2020], and several
debiasing models, such as IPS [Schnabel et al., 2016], CausE
[Bonner and Vasile, 2018], REL [Saito et al., 20201, PDA
[Zhang et al., 2021], MACR [Wei et al., 20211, DICE [Zheng
et al., 2021], uCTRL [Lee e al., 2023], and PPAC [Ning et
al., 2024] to ensure a comprehensive comparison.
Hyper-parameter settings. To ensure a fair comparison
among models, for each recommendation model, we initial-
ize the parameters with the Xavier [Glorot and Bengio, 2010]
distribution and use Adam [Kingma and Ba, 2015] as the op-
timizer, with the learning rate set to 0.001. The embedding
size of the user and the item is fixed at 64. A batch size of
2048 is used for all datasets. The L regularization cofficient
Areg and the layer of GCN is fixed to 0.0001 and 3 respec-
tively. The number of training epochs is set to 500. To prevent
overfitting, we implemented an early stopping strategy for all
models. If the NDCG on the validation set does not improve
for 20 consecutive epochs, the training is stopped. We also
fine-tune other hyperparameters based on the hyperparameter
range mentioned in the original paper. For APWCEF, we fine-
tune the hyperparameters A, «, and (5 in {0.1, 0.5, 1, 2, 5, 10,
20, 50}, {0.01, 0.05, 0.1, 0.2, 0.5, 1, 2, 10}, and {0.01, 0.05,
0.1,0.2,0.5, 1.0, 2.0}, respectively.

Implementation details. Detailed implementation details
and training efficiency analysis can be found in Supplemental
Materials B and C, which are available at https://github.com/
GeneralRec/APWCEF.

4.2 Overall Performance Comparison (RQ1)

To verify the effectiveness of our APWCF, we compare it
with various existing debias methods. We evaluate it on mul-
tiple benchmark datasets across various domains and report
the Recall and NDCG results in Tab. 2. The best results
are highlighted in bold, and the second-best are underlined.
“Base” indicates that no debiasing measures are applied and
only the backbone itself is used as the model for the recom-
mendation task. From the results, we observe that:

(1) We conducted experiments on five benchmark datasets
based on different backbone models. For each dataset, we
evaluated various debiasing methods based on two backbone
models and used four metrics: Recall@K and NDCG@K
(K=10, 20). We calculated a total of 40 performance metrics
on the five datasets. APWCEF achieved the best or second-
best results in 34 metrics. Specially, on the Yelp2018 dataset,
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Dataset

Backbone

Metric

Base

IPS CausE MACR PDA DICE REL uCTRL PPAC

APWCF

ML-100K

MF

Recall@10
Recall@20
NDCG@10
NDCG @20

0.0850 0.0866 0.0252
0.1538 0.1478 0.0465
0.0970 0.0981 0.0372
0.1194 0.1169 0.0430

0.0888 0.0938 0.0959 0.0967 0.0821 0.0951
0.1619 0.1697 0.1701 0.1716 0.1389 0.1610
0.1037 0.1073 0.1081 0.1096 0.0818 0.1085
0.1267 0.1320 0.1320 0.1335 0.1013 0.1286

0.0863
0.1626
0.1005
0.1245

LightGCN

Recall@10
Recall@20
NDCG@10
NDCG@20

0.0949 0.1036 0.0402
0.1717 0.1803 0.0681
0.1062 0.1152 0.0433
0.1317 0.1401 0.0529

0.0932 0.0978 0.0963 0.1018 0.0895 0.0930
0.1706 0.1773 0.1585 0.1839 0.1510 0.1599
0.1064 0.1105 0.1020 0.1173 0.0931 0.1055
0.1319 0.1363 0.1214 0.1439 0.1116 0.1264

0.1031
0.1862
0.1200
0.1453

Yahoo!R3

MF

Recall@10
Recall@20
NDCG@10
NDCG@20

0.0158 0.0159 0.0143
0.0283 0.0289 0.0257
0.0132 0.0132 0.0114
0.0187 0.0188 0.0163

0.0163 0.0165 0.0164 0.0162 0.0133 0.0166
0.0286 0.0290 0.0290 0.0282 0.0245 0.0300
0.0139 0.0145 0.0142 0.0141 0.0104 0.0142
0.0191 0.0197 0.0196 0.0192 0.0152 0.0199

0.0166
0.0301
0.0144
0.0201

LightGCN

Recall@T0
Recall@20
NDCG@10
NDCG@20

0.0159 0.016T1 0.0156
0.0292 0.0281 0.0280
0.0138 0.0140 0.0125
0.0197 0.0191 0.0177

0.0162 0.0164 0.0I130 0.0163 0.0152 0.0170
0.0287 0.0287 0.0249 0.0289 0.0274 0.0301
0.0143 0.0143 0.0106 0.0142 0.0121 0.0144
0.0196 0.0198 0.0156 0.0195 0.0173 0.0200

0.0T67
0.0296
0.0148
0.0202

KuaiRec

MF

Recall@10
Recall@20
NDCG@10
NDCG@20

0.1017 0.1112 0.1157
0.1590 0.1652 0.1522
0.3365 0.3613 0.4111
0.3092 0.3248 0.3374

0.1176 0.1304 0.1269 0.1275 0.1008 0.1007
0.1546 0.1836 0.1841 0.1810 0.1620 0.1623
0.4178 0.4341 0.4239 0.4304 0.2584 0.3312
0.3470 0.3773 0.3728 0.3731 0.2577 0.3085

0.1351
0.1923
0.4510
0.3894

LightGCN

Recall@T0
Recall@20
NDCG@10
NDCG@20

0.1288 0.129T 0.1287
0.1817 0.1850 0.1817
0.4293 0.4274 0.4244
0.3733 0.3741 0.3705

0.1312 0.1309 0.0702 0.1305 0.1283 0.T101
0.1842 0.1784 0.1049 0.1817 0.1770 0.1727

0.4330 0.4337 0.1732 0.4289 0.4170 0.3542
0.3580 0.3282

0.1332
0.1816
0.4381
0.3711

Douban-book

MF

Recall@10
Recall@20
NDCG@10
NDCG @20

0.0431 0.0497 0.0372
0.0679 0.0830 0.0583
0.0605 0.0635 0.0551
0.0635 0.0711 0.0568

0.3750 0.3674 0.1607 0.3690

0.0680 0.0798 0.0771 0.0710 0.0730 0.0697

0.1047 0.1239 0.1080 0.1099 0.1015 0.1064
0.0988 0.0812

0.0940
0.1004 0.0908

0.0831
0.1274
0.1094
0.1158

LightGCN

Recall@10
Recall@20
NDCG@10
NDCG@20

0.0857 0.0876 0.0461
0.1318 0.1326 0.0697
0.1200 0.1210 0.0626
0.1250 0.1262 0.0644

0.1092 0.1081 0.0935
0.0984
0.0892 0.0870

0.1148 0.1086 0.0997
0.0870
0.1303 0.1244 0.1323
0.1163 0.1141

0.0900 0.0780 0.0863
0.1199
0.1193 0.1214

0.0901
0.1333
0.1231
0.1274

Yelp2018

MF

Recall@10
Recall@20
NDCG@10
NDCG@20

0.0214 0.0232 0.0214
0.0382 0.0400 0.0362
0.0283 0.0311 0.0294
0.0338 0.0363 0.0335

0.1358 0.1111 0.1306

0.1217 0.0996 0.1178

0.1241 0.1269 0.1035 0.1230
0.0292 0.0304 0.0283
0.0507 0.0528 0.0488
0.0251 0.0379

0.0394
0.0327 0.0442

0.0361 0.0260 0.0311
0.0458 0.0564 0.0409 0.0485
0.0458 0.0466

0.0405
0.0689
0.0562
0.0640

LightGCN

Recall@T0
Recall@20
NDCG@10
NDCG@20

0.0456 0.0459 0.03T1
0.0772 0.0771 0.0519
0.0622 0.0624 0.0415
0.0710 0.0710 0.0474 0.0723 0.0719 0.0493 0.0450

0.0619 0.0449 0.0540

0.0489 0.0352 0.0414

0.0464 0.0465 0.0328 0.0254
0.0784 0.0780 0.0540 0.0494 0.0741 0.0621
0.0634 0.0633 0.0435 0.0395 0.0613 0.0791
0.0687 0.0716

0.0469
0.0786
0.0647
0.0732

Table 2: Performance comparison with state-of-the-art recommendation models. The best results are indicated in bold font and the suboptimal

ones are underlined.

with MF as the backbone model, APWCF’s Recall@20 and
NDCG @20 are 0.0689 and 0.0640, respectively, which are
11.31% and 13.48% higher than the second-best PDA.

(2) Overall, methods with LightGCN as the backbone net-
work outperform MF-based methods. This may be because
LightGCN is better at capturing the complex interactions be-
tween users and items, while MF, as a shallow model, has
difficulty effectively modeling these high-order relationships.

(3) Although APWCEF achieves optimal or suboptimal re-
sults in most cases, we also observe that APWCF performs
poorly when using MF as the backbone network on the ML-
100K dataset. We believe this is related to the small number
of nodes in this dataset, which makes it difficult to effectively
optimize the dynamic propensity factor and hinders adversar-
ial learning. In addition, the use of shallow models such as
MF may also limit the expressive power of the model.
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4.3 Ablation Study (RQ2)

APWCEF consists of two key components: Dynamic Propen-
sity Factor and Bias Adversarial Learning. To evaluate the
contribution of each module, we conducted ablation studies
on the Yahoo!R3 and KuaiRec datasets. The Recall@20 re-
sults are presented in Fig. 2, where “w/o DPF” and “w/o
BAL” denote the model variants obtained by removing the
dynamic propensity factor and bias adversarial learning com-
ponents, respectively. As shown in Fig. 2, the model perfor-
mance drops significantly after removing either component,
indicating that both modules contribute substantially to the
overall performance. Furthermore, both “w/o DPF” and “w/o
BAL” variants still outperform the baseline method MF. This
demonstrates that the dynamic propensity factor effectively
models the propensity of the data and corrects the bias in
the recommendation results, while adversarial learning fur-
ther optimizes The deviation distribution of items, both of
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Figure 2: The performance of difference components of our method
on Yahoo!R3 and KuaiRec dataset.

which jointly improve the recommendation performance. In
addition, similar trends are observed on LightGCN.

4.4 Evaluation of Debiasing Ability (RQ3)

To verify the debiasing ability of APWCF, we compare it with
PDA. On the Yelp2018, we evaluate recommendation per-
formance under three intervention levels: low, medium, and
high. Specifically, the proportion of the intervention set is set
to 20%, 40%, and 60%, corresponding to low, medium, and
high intervention levels, respectively. Generally, the size of
the intervention set affects the degree to which the debiasing
ability is tested. A higher intervention ratio presents a more
rigorous test of the model’s debiasing ability. In other words,
better performance under high intervention indicates stronger
debiasing ability. We calculate Recall@20 and NDCG @20
on three sets of different intervention ratio datasets to eval-
uate the recommendation performance under different inter-
vention ratios.

From the results in Fig. 3, we observe that as the inter-
vention ratio increases, the model faces greater distribution
inconsistency, so the requirement for debias ability is higher,
and the overall performance of both methods decreases. In
addition, at high intervention ratios, APWCEF still has an ad-
vantage over PDA. Specially, when MF is used as the back-
bone and the intervention ratios are 20%, 40%, and 60%, the
Recall@20 of PDA is 0.0712, 0.0643, and 0.0588, respec-
tively, while APWCF reaches 0.0751, 0.0704, and 0.0671,
which is 5.47%, 9.49%, and 14.11% higher than PDA. Fur-
thermore, compared to PDA, APWCF demonstrates more sta-
ble debiasing performance across different intervention ra-
tios. Specifically, as the intervention ratio increases from
20% to 40% and from 40% to 60%, the Recall @20 of PDA
decreases by 9.69% and 8.55%, respectively, while APWCF
only decreases by 6.25% and 4.69%.

4.5 Parameter Sensitivity Study (RQ4)

APWCEF has several key hyperparameters, including A, a,
and . Due to space limitations, we focus discussion on the
parameter A, while the analysis of a and 3 is provided in the
Supplemental Material D.

The effect \. A controls the weight of the propensity score
estimation loss in the overall objective, aiming to reduce bias
in the recommendation process. We fine-tune A on the Ya-
hoo!R3 and KuaiRec datasets, and use MF as the backbone.
We report the results of Recall@20 on the validation set are
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Figure 3: Debiasing performance across intervention ratios, with
stronger performance at higher ratios indicating better debiasing.
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Figure 4: The performance of difference A on two datasets.

presented in Fig. 4. From the results, We observe that our
method outperforms the MF under most A values. Generally,
as )\ increases, Recall@20 improves significantly. However,
when )\ becomes too large, the model focuses excessively on
correcting propensity score, and over-emphasis on correct-
ing data bias may cause the model to overfit the propensity
estimation task during training. We believe that especially
when the training data is unbalanced (such as a high propor-
tion of popular items), the model will over-optimize the loss
of propensity estimation and ignore the modeling of the dif-
ference between positive and negative samples in the recom-
mendation task, resulting in a decrease in debiasing perfor-
mance.

5 Conclusion and Future Work

In this paper, we propose a debiasing method, APWCEF, which
integrates dynamic propensity modeling and bias adversarial
learning. To overcome the limitations of existing methods,
the DPF module dynamically stabilizes propensity score esti-
mation, while the BAL module decouples user interests from
bias signals, enabling the joint removal of multiple biases.
Extensive experiments on five real-world datasets demon-
strate that APWCEF significantly outperforms state-of-the-art
methods in terms of debiasing. In the future, APWCEF can be
extended to mitigate biases in feedback loops, which tend to
amplify existing biases, further exacerbating the imbalance of
user interactions and product exposure over time.
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