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ABSTRACT

Collaborative filtering (CF) is the basic method for recommendation
with implicit feedback. Recently, various state-of-the-art CF inte-
grates graph neural networks. However, they often suffer from pop-
ularity bias, causing recommendations to deviate from users’ gen-
uine preferences. Additionally, several contrastive learning methods
based on the in-batch sample strategy have been proposed to train
the CF model effectively, but they are prone to suffering from sam-
ple bias. To address this problem, debiased contrastive loss has
been employed in the recommendation, but instead of personalized
debiasing, it treats each user equally. In this paper, we propose
a popularity-aware debiased contrastive loss for CF, which can
adaptively correct the positive and negative scores based on the
popularity of users and items. Our approach aims to reduce the
negative impact of popularity and sample bias simultaneously. We
theoretically analyze the effectiveness of the proposed method and
reveal the relationship between popularity and gradient, which jus-
tifies the correction strategy. We extensively evaluate our method
on three public benchmarks over balanced and imbalanced settings.
The results demonstrate its superiority over the existing debiased
strategies, not only on the entire datasets but also when segmenting
the datasets based on item popularity.

CCS CONCEPTS

« Information systems — Recommender systems.

KEYWORDS

collaborative filtering, debiased contrastive learning, popularity
bias, sample bias

*corresponding author

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.

CIKM °23, October 21-25, 2023, Birmingham, United Kingdom.

© 2023 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 979-8-4007-0124-5/23/10...$15.00
https://doi.org/10.1145/3583780.3615009

Haoxuan Li
Engineering Research Center of
ACAT, Ministry of Education,
Beihang University, Beijing, China
LucasLi@buaa.edu.cn

Wenge Rong
State Key Laboratory of Software
Development Environment, Beihang
University, Beijing, China
w.rong@buaa.edu.cn

1482

Guanming Chen
Sino-French Engineer School,
Beihang University, Beijing, China
emilien_chen@buaa.edu.cn

Zhang Xiong
Engineering Research Center of
ACAT, Ministry of Education,
Beihang University, Beijing, China
xiongz@buaa.edu.cn

ACM Reference Format:

Zhuang Liu, Haoxuan Li, Guanming Chen, Yuanxin Ouyang, Wenge Rong,
and Zhang Xiong. 2023. PopDCL: Popularity-aware Debiased Contrastive
Loss for Collaborative Filtering. In Proceedings of the 32nd ACM Interna-
tional Conference on Information and Knowledge Management (CIKM ’23),
October 21-25, 2023, Birmingham, United Kingdom. ACM, New York, NY,
USA, 11 pages. https://doi.org/10.1145/3583780.3615009

1 INTRODUCTION

To alleviate information overload on the web, recommender sys-
tems are widely deployed to perform personalized information
filtering for e-commerce platforms (Alibaba, Amazon), social net-
works (Facebook, Weibo), or lifestyle apps (Yelp, Meituan) [27].

Collaborative filtering (CF) is the most popular recommenda-
tion technique, which estimates the likelihood of user-item inter-
actions based on historical interactions like purchases and clicks.
To implement the principle, early CF algorithms employ matrix
factorizations (MFs) to learn the matching score of each user-item
pair via inner products. However, MFs have limitations in captur-
ing the intricate patterns between users and items. To make up
for this deficiency, Graph neural networks (GNNs) nowadays are
widely employed for recommendation. Thereby, user-item interac-
tions are typically represented via edges in a bipartite graph where
vertices correspond to either users or items. Subsequently, GNNs
can form expressive representations of users and items, accurately
predicting novel interactions and setting new standards on various
benchmarks and recommendation tasks [5, 13, 16, 27, 38].

In these graph-based recommendation algorithms, GNNs are
employed as an encoder to learn the representation of users and
items. However, noisy edges are often unavoidable in this setting.
For example, the so-called popularity bias describes the phenome-
non that users tend to interact with items that are highly popular
even though he/she dislikes them. These interactions produce an
uninformative signal that may wash out the users’ genuine interest.
As it is shown in Figure 1(a), the (yellow) user may have different
interests other than the computer-related book. However, this book
is prevalent, somehow making the user interact with it (e.g., by
clicking on the product page or losing interest at the moment the
user reads it). Thus, the book is a false positive instance for the
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(yellow) user. Effectively mitigating the impact of popularity bias
poses the first challenge in this context.
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Figure 1: An example of popularity bias and sample bias.

Several contrastive learning-based training schemes [33, 43] have
been proposed to effectively train the recommendation model in
recent years. They employ contrastive loss with in-batch sample
strategies to optimize the recommendation model. However, one
drawback of these methods is the potential occurrence of false neg-
atives, which can be attributed to sample bias. Empirical evidence
suggests that sample bias can lead to a significant performance
drop [8]. As shown in Figure 1(b), the other clothes in the same
mini-batch are regarded as negatives for the (yellow) user. However,
among these negatives, the pink clothes are erroneously classified
as negative samples solely due to popularity bias, as most users have
interacted with it. Factually, it is consistent with the user’s interest.
Consequently, the pink clothe will be a false negative instance. To
address this problem, [36] proposes a debiased contrastive loss for
recommendation. They design a bias correction probability ™ to
alleviate the sample bias. However, w* is a hyperparameter, which
is the same for all users. How to develop a personalized bias correc-
tion probability that can adapt to individual users’ characteristics
is the second challenge.

To tackle the abovementioned challenges, we propose a Popularity-

aware Debiased Contrastive Loss with an in-batch sample strategy
for collaborative filtering (PopDCL). In particular, we adaptively
correct the positive scores and negative scores based on the popu-
larity of users and items. For the positive user-item pair (u, i), we
correct its predicted score by cutting M* (u, i), where M* (u, ) is the
expected score that item i is actually a negative instance for user u.
As for the negative user-item pair (u, j), we design a personalized
bias correction probability @* (u), and further propose M~ (u, j) to
correct negative scores.
To summarize, our main contributions are as follows:
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e We propose a novel personalized popularity-aware debiased
contrastive loss for collaborative filtering, which can adap-
tively correct the positive scores and negative scores based
on the popularity of users and items.

e We theoretically analyze the effectiveness of PopDCL to-
wards addressing the popularity bias and sample bias and
reveal the connection between popularity and gradient.

e We conduct an extensive empirical study on three public
datasets. The results demonstrate that our method signifi-
cantly outperforms several existing state-of-the-art methods
while being effective in different evaluations.

2 RELATED WORK

In this section, we briefly review several lines of works closely re-
lated to ours, including collaborative filtering, contrastive learning,
popularity bias, and sample bias.

Collaborative Filtering (CF) is one of the most fundamen-
tal recommendation technique. Early CF models employ MFs to
learn the representations of each user and item, and then calculat-
ing the predicted score of each user-item pair via inner-product
[20, 22]. Recent advancements in neural recommender models, such
as DMF[35] and NCF[17] improve the interaction modeling us-
ing neural networks. With the success of graph neural networks
(GNNs), more and more recommender models are based on GNNs
to extract interaction signals on user-item graph. NGCF [27] utilizes
the structure of the user-item graph by employing multiple graph
convolution layers to propagate embeddings, enabling the capture
of high-order connectivity within the graph. LightGCN [16], one
of the most popular GNN-based recommenders, is a streamlined
version of NGCF. The authors propose an architecture that includes
only the most essential component of a GNN - neighborhood ag-
gregation - but still achieves state-of-the-art performance. With the
successful application of Contrastive Learning (CL) techniques
in various fields like computer vision [6, 21], natural language
processing [29, 34] and graph learning [14, 26], it has gradually
become an important tool for CF [32, 39]. InfoNCE loss [21] is the
most fundamental loss function for contrastive learning, which
maximizes the similarity between positive samples and minimizes
the similarity between negative samples. Designing a pair-wise
[23] recommendation task loss based on contrastive loss is also
attracting wide attention [36, 41].

Popularity bias [44] is a long-standing challenge in recom-
mender systems: popular items are overly recommended at the
expense of less popular items that users may be interested in being
under-recommended. To tackle this challenge, several popularity de-
biased strategies have been proposed. For example, Inverse Propen-
sity Score (IPS) based methods [12, 18, 25] view the item popularity
as the propensity score to re-weight loss of each instance. Regular-
ization based frameworks aim to explore the trade-off between rec-
ommendation accuracy and coverage by employing regularization.
Sam-reg [3] minimizes the biased correction between predicted rat-
ings and item popularity. Reg [45] alleviates the item popularity by
the model preference predictions. There are some causal inference
methods [2, 30] aim to remove popularity bias, which formulate a
causal graph to describe the cause-effect relations in recommen-
dation and mitigate the bias effect on the prediction. BC_loss [41]
is the state-of-the art method, which incorporates popularity bias
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margins into the contrastive loss for guiding the representation
learning.

Sample bias [8] means the common practice of drawing nega-
tive samples x;” from the data distribution p(x) may result in x;”
that are actually similar to x or even unlabeled but positive samples
to x. One way to correct for sample bias is to devise a novel sam-
pling strategy. RNS [9] optimizes the sampler to select hard and real
negative samples based on the Policy-gradient method of reinforce-
ment learning. SRNS [10] proposes a high-variance-based strategy
to avoid false-negative instances by preferring high-variance candi-
dates. RHNSR [37] adopts the idea of ensemble learning, combining
rule-based, reinforcement learning-based, and KGPolicy-based [28]
samplers, and scores the negative samples in different ways to
obtain real and hard negative samples respectively. More classic
negative sampling strategies in CF can refer to [4]. Another way
is to modify the loss function to an unbiased version. DCL [8] and
HDCCEF [36] develop a debiased contrastive loss that corrects the
negative scores by tunning the hyperparameter w*, which is de-
noted as Equation (7). On the basis of DCL, HCL [24] adaptively
selects harder negative samples by scoring positive and negative
samples.

3 METHODOLOGY

We first formally define the debiased recommendation problem and
then give an overview of the proposed method. Subsequently, we
delve into the details of each model component and finally discuss
the training of model parameters.

3.1 Problem Setup

We denote the user set and item set as U = {uy,u2, - ,un} and
I ={iy,is, " ,im}, where n and mis the number of users and items,
respectively. G = (V, &) is the undirected user-item interaction
graph. The vertex set is given by V = U UT . If user u has interacted
with item i, we construct an edge {u, i} € &, where & is the edge
set in G. An example of a user-item interaction graph is shown
in the upper left of Figure 2. Let e, € R? denote the embedding
of a generic user u € U and e; € R? represent the embedding
of anitem i € 7, where d is the dimension of embedding vector.
Moreover, the popularity of a user u € U and item i € 7 is defined
as pop(u) and pop(i), respectively, and the predicted score between
(u, 1) is f(u, i). Finally, the debiased recommendation task can be
described as follows: Given a user-item interaction pair (u, i) in
graph G, we first predict the rating score f(u, i) through CF model
(e.g., LightGCN), and then correct the score based on pop(u), pop(i)
to alleviate the popularity bias and sample bias. At the end, we
predict the users’ preferences towards new items with the corrected
score f’(u, i). The mathematical notations used in this paper are
summarized in Table 1.

3.2 An Overview of the Proposed Method

Motivated by the goal of addressing the challenge of popularity bias
and hard negative sampling, we propose Popularity-aware Debiased
Contrastive Loss for Collaborative Filtering. Our approach leverages
the popularity of users and items to adaptively adjust the scores of
positive and negative sample pairs.
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Table 1: Notations.

Notation ‘ Description
U, 7 user set, item set
n,m the number of users, items
f(u,i) the rating value of item i by user u
ey, e; the embedding of user u, item i
Nu, Ni the first-hop neighbors of user u, item i
M*(u, i) Modified score of positive pair
M~ (u, j) Modified score of negative pair
pop(u), pop(i) degree of user u, item i
N number of interactions
D the training set

The architecture of the proposed PopDCL is illustrated in Figure
2. First, we construct an undirected bipartite user-item graph based
on the historical interactions of the users. Then, we use GNNs (e.g.,
LightGCN) to encode the users’ behaviors and items. Finally, we
propose a popularity-aware module based on contrastive learning
with the in-batch sample strategy to alleviate the popularity bias
and sample bias mentioned above. More concretely, we correct the
positive scores and negative scores according to the popularity of
users and items. The loss function can be uniformly defined as:

et L (wi)=M*(ui)]
et Lf(wi)=M*(ui)] Yjes\(i) e[ f ) =M~ (]’
(1)
where item i is a positive sample of user u in a minibatch 8, while
item j is a negative sample of user u. 7 is the temperature parameter.
The score of a positive sample (u, i) is adjusted by cutting the ex-
pected score M* (u, i) of pair (u, i), where i is in fact a negative item.
Conversely, for negative samples, the adjustment is done in the op-
posite direction. This process effectively removes unreliable scores
associated with each interaction pair. Intuitively, unreliable positive
samples for a user are the items he does not actually need but he
bought because he followed the general trend or was influenced by
popularity bias.

Our proposed loss function is structurally consistent with the
form of the softmax loss function, which can theoretically attenuate
the negative impact of popularity bias on the recommendation
performance[33]. Besides, our method explore hard negatives by
adaptively sharpening the gradients of harder instances. To the
best of our knowledge, the proposed work outperforms the existing
state-of-the-art methods.

L(u,i) =—log

3.3 Popularity-aware Positive Scores Correction

Contrastive learning aims to learn an embedding space where posi-
tive pairs are close to each other while negative ones are far apart. In
recommender systems, noise is often unavoidable when sampling
positive pairs from user-item interactions. Figure 1(a) illustrates a
scenario where a user’s interaction with a computer-related book
is driven by its popularity rather than the user’s genuine interest.
These interactions produce an uninformative signal that may wash
out the users’ genuine interest. To alleviate the popularity bias, it
is necessary to reasonably correct the scores of positive pairs.
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Figure 2: The architecture of the proposed framework. f " denotes the scores after correction. pop with colors represents the
popularity of u and i, where a deeper red means high popularity and a deeper blue means the opposition.

Given an arbitrary user-item pair (u,i), we can obtain their
embedding e, and e; based on GNN models. The recommender
system is supposed to retrieve the top k items relevant to the user
u by retrieving the top k candidate {e;};c y similar to e. In this
context, we utilize the cosine similarity f(u, i) =< e,, e; > as the
similarity score. However, this score does not reveal the natural
preference for user u since the pair is likely be a noise. To this end,
we carefully design M* (u, i) for each (u, i) pair to correct positive
scores. In particular, we correct f(u, i) by cutting M* (u, i), where
M™* (u, i) is the expected score that i actually is a negative sample
for user u. It can be defined as

M+(Lt, l) = EiNP*f(u: l)>

where p~ is the distribution for negative samples.

Considering the popularity bias, the more popular item i is, the
more likely i is to be a false positive sample. Since the precise
distribution p~ of the real negative samples is unknown, we fit p~
of each item i using the popularity of u and i. The probability that
i becomes a false positive sample for user u can be expressed as

L(i)
Ziren, pop(i’)’

where N, is the item set that user u has interacted, pop(i) is the
popularity of item i. Therefore, M* (u, i) can be defined as

M*(u,i) = P(i & Nu)f™ (u,)

@

P(ig Ny) = ®)

©

In order to obtain the score of a false positive pair, we resort to
the in-batch sampling strategy, which regards the items within the
same batch except i as negative samples. We fit the negative score
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by calculating the average similarity score between user u and each
in-batch negative sample j, which leads to

L)

JEB\{I}

S = g )

where | 8] is batch size.

Similar to [43], we use normalization to stabilize contrastive
learning, meaning that the user embedding e,, and item embedding
e; are both [2-normalized. Hence, the negative score f~ (u, i) falls
within the range [—1,1]. In addition, we impose the constraint
M (u,i) > 0 to reduce the original positive score f(u, i). That is, to
alleviate the impact of the popularity bias. Thus, we use the sigmoid
function further to constrain M* (u, i), which leads to

M*(u,i) = o(P(i & Nu)f~ (u, i),

where o(x) = 1/(1+e7).

(6)

3.4 Popularity-aware Negative Scores
Correction

As previously mentioned, the in-batch sample strategy may in-

troduce sample bias, meaning that a negative user-item pair may

potentially be a positve one (e.g., false negative) and consequently

lead to sub-optimal results. To address this problem, [36] proposed

a debiased contrastive loss for CF model:

erf(wi)

Lo =
1 .
e?f(“al) + {A)L

- (1si-

ZlBl I(j # l)er Fwi) _ gyrerf(u. l))
™
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where I(j # i) is an indicator function whose value is 1 when j # i
and 0 otherwise. o™ is the probability of false negatives. w™ is the
probability of true negatives and w~ = 1 — w*. However, w? is
regarded as a hyperparameter in implementation, implying that
it treats each user equally rather than personalized debiasing for
individual users. Generally speaking, in the set of items that user u
has interacted with, the likelihood of an item i being a false negative
sample increases as its popularity grows.

Based on the above motivation, we design a personalized sample
bias correction probability w™* (u):
4 ZieN, pop(i)
@ w)=—"1—" ®
where N is the total interactions in the training set, and v~ (u) =
1 — w*(u). In this way, we can obtain a personalized sample bias
correction probability for each user based on the popularity of items.
Moreover, if a user u interacts with an item i that is highly popular,
there is a higher chance of item i appearing in the same batch,
thereby increasing the possibility of it being wrongly categorized as
a false negative for user u. In addition, this observation establishes
a connection between sampling bias and popularity bias, enabling
adaptive correction of negative scores according to item popularity.

To maintain structural consistency with positive scores correc-
tion, we correct the score of each negative instance (u, j) by cutting
M~ (u, j). To this end, we set

e fwp-M(wpl _ 1

w0~ (u)

(e%f(u,j) - w+(u)e%f(u,i)) )

According to the Maclaurin’s expansion e¥ = 1 + x + O(x), the
expression of M~ (u, j) can be described as

O W) Lf(ui)-f )]
™ (u)
3.5 Theoretical Analysis

PROPOSITION 1. The correction strength of positive scores M* (u, i)
is mainly depends on users’ popularity. Specifically, M* (u, i) decreases
as the popularity of u increases.

M~ (u, j) = (10)

Given a user-item pair (u, i), f~ (u, i) is fixed, we mainly focus
on P(i ¢ Ny) to analyze the change of M* (u, i). Assuming that the
degrees of u and i are increased by k, then pop’ (i) = pop(i) +k and
pop’ (u) = pop(u) + k, namely, N, > N, + k , and further leading
to:

pop’ (i)
Sien; pop(i)
According to Equation (11), it can be observed that the denominator
experiences a higher or significantly higher growth rate compared
to the numerator. As a result, the variation in M* (u, i) is mainly
depends on pop(u). Obviously, M* (u, i) decreases as the popularity
of u increases. For more popular users, M* (v, i) tends to be smaller.
In addition, the loss function aims to learn larger scores for positive
instances, for popular user, the smaller M* (u, i) further making the
model to learn smaller f(u, i), which alleviating popularity bias to
some extent. Moreover, a smaller M* (u, i) will provide the loss with
a less significant gradient, resulting the model to pay less attention
to such false positive samples. Concretely, the partial derivative of
the loss function L with respect to positive sample i scores with
fixed user u and negative j is as follows:

P,(iiNu): (11)
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0.L(u,i) So1fe 1ot 1_AM
of(wi) 1437 2 7o () er
’ 1+2 JeBV(1) (12)
r_L-am_ 1 oMt -mo(w))
T T ’

where AM = M~ (u, j) = M*(w,i), AZ B represents A is positive
correlated with B. To make the equation clearer, we abbreviate
2jeB\{i} er[AF=AM] 5 3. With the decrease of M* (u, i), the gra-
dient is less significant, which indicates the model will pay less
attention to those samples with high popularity.

PRrRoOPOSITION 2. For any user-item pair (u, i), the more popular
item j in the same batch, the smaller M~ (u, j) will be, resulting more
significant gradient of L on f(u, j), for

0L D) 1 1 M+ (ui)-M ()
of(w,j)

Proof. The loss function can be rewritten as follows:

T (wj)-M" ()]
er
L(u, l) =10g 1+ Z TNV
e ez Lf(w)—M*(ui)]
=log|1+ Z eHAf_AM]
jeB\{i}

~log(1+ )

where Af = f(u, j) — f(u,i), 2 is positive correlated with e =AM

When user u and positive sample i are given, the partial deriva-
tive of the loss function L with respect to negative sample j scores
is as follows:

(13)

aL(u,j) _ 1[af-aM]
— = - —Qer
ofw)) 1+3% 5 eg?
b2 1 W sany ) tar-au
1+37 w () (15)
X {0 tiap-amy, @) _au
= e +er +——e
1+Z T QZ wi(u)
rl-am _ 1 M- (w))
T T ’

where Q = P(i ¢ Nu)ﬁ is irrelevant with f(u, j).

According to Proposition 2, the loss function can automatically
mine hard negatives. Generally speaking, negative item j with
high popularity tend to have a larger probability of becoming a
false negative instance, indicating the model needs more significant
gradient to distinguish it. Specifically, a harder negative instance
has a similar predicted score to the positive, e.g., f(u, j) is relatively
close to f(u, i), leading to a smaller M~ (u, j), and further brings
a larger magnitude of gradients. It indicates that the loss function
can automatically focus on optimizing harder negative instances.
The hardness level for each negative instance is relevant to its
popularity and consequently it can alleviate sample bias to some
extent. In addition, we can also control the hard level of negatives
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by tuning temperature 7. The greater the 7, the harder the negative
instance is, and vice versa, which is consistent with [36].

3.6 Model Training

To effectively learn the parameters of our method, we optimize the
following loss function that allows our model to be trained in an
end-to-end fashion.

L£= 3 rwi)+2(lleul +lleillf),
(u,i)eD

(16)

where A controls the Ly regularization strength. We employ Adam
[19] as the optimizer.

4 EXPERIMENTS

In this section, we conduct experiments to evaluate the performance
of our proposed method on three public datasets. Specifically, we
aim to answer the following four research questions:

e RQ1: Does our proposed method outperform different de-
biased strategies in the recommendation, such as BC_loss
[41], DCL [36], HCL [24], etc.?

RQ2: How does our proposed method perform on different
item groups, e.g., popular items, unpopular items, etc.?
RQ3: What is the contribution of various components in
our framework (e.g., positive or negative correction) to the
overall performance?

RQ4: How robust is PopDCL with respect to the temperature
hyperparameter 7? What is the relationship between the cor-
rection strength of positive and negative samples (M* (u, i),
M~ (u, j)) and the popularity of users and items?

4.1

4.1.1
we conduct experiments on three real-world benchmark datasets:
Tencent [40], Amazon-Book [16], and Alibaba-iFashion [7]. These
datasets vary significantly in their domains, size, and sparsity.

Experimental Settings

o Tencent is a short video dataset created by the Weishi Team
at Tencent Inc. Here, we only focus on the interaction be-
tween users and videos, e.g., whether a user has interacted
with a video.

e Amazon-Book consists of book review data crawled from
Amazon.com, which is widely used for product recommen-
dation tasks [15].

e Alibaba-iFashion is a fashion-related dataset collected by
[7] from Alibaba, a large online consumer-to-consumer plat-
form in China. We randomly sample 100000 users and their
interactions as our dataset.

We apply the preprocessing to these datasets detailed in [41].
Concretely, we retain users and items with at least ten interactions.
The statistics of the processed datasets are summarized in Table 2.
To verify the performance on both imbalanced and balanced distri-
bution, following [41], we first randomly sample 15% of interactions
with equal probability w.r.t. items and assign them to the balanced
test set. The remaining collection is randomly split into training,
validation, and imbalanced test sets in a ratio of 60%, 10%, and 15%,
respectively.

Datasets. To evaluate the performance of our proposed method,
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Table 2: Statistics of the datasets.

Dataset #Users #Items #Interactions Sparsity
Tencent 95,709 41,602 2,937,228 0.00074
Amazon-Book 52,643 91,599 2,984,108 0.00062
Alibaba-iFashion 100,000 61,607 322,830 0.00005

4.1.2  Evaluation Metrics. We adopt two widely-used ranking-based
metrics to evaluate the quality of different recommendation algo-
rithms: Recall@K and NDCG@K. Furthermore, we assume the
all-ranking protocol: all items except those with which the user
has interacted in the training set are considered for the ranking.
Specifically, Recall@K measures the average number of items that
the users interact with that are ranked among the top-K candidates.
Moreover, NDCG@XK is a precision-based metric that accounts for
the predicted position of the ground truth instance. Concerning
both metrics, larger values indicate better performances. Following
[16, 27, 41], we set K = 20 and report the average metrics for all
users in the test set.

4.1.3 Baselines. To prove the effectiveness of our framework, we
compare it with the following representative baselines:
Popularity debiased methods

e IPS-CN [12] is a sample re-weighting method based on
items’ popularity. Here, we employ the inverse of an item’s
popularity as the propensity score to re-weight each user-
item pair.

CausE [2] is a domain adaptation-inspired method that alle-
viates the popularity bias by causal inference.

sam+reg [3] is a regularization-based popularity debiased
method, which minimizes the biased correction between
user-item score and item popularity.

MACR [30] is model-agnostic counterfactual reasoning for
eliminating popularity bias, which formulates a causal graph
to describe the essential cause-effect relations in the recom-
mendation and perform counterfactual inference to eliminate
the effect of item popularity.

BC_loss [41] is a popularity-aware collaborative filtering
method that incorporates popularity bias margins into the
contrastive loss for guiding the head and tail representation
learning.

Sample debiased methods

e DCL [36] aims to circumvent false negatives in contrastive
collaborative filtering and improves the reliability of negative
instances.

e HCL [24] designs a "concentration parameter”  based on
DCL to control the hard level for negative instances.

Here, we choose LightGCN as the backbone model and optimize
the BPR loss to encode the user behaviors and items. For a fair
comparison, we retain the backbone model and change the loss
function to each baseline to learn the representation of users and
items. For example, +IPS-CN means we train the LightGCN model
by employing IPS-CN as the loss function.

4.1.4  Parameter Settings. We optimize all models using Adam [11]
and employ Xavier initialization. We fix the embedding size to 64
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Table 3: A comparison of the overall performance among all considered baseline methods in balanced and imbalanced test sets.

Dataset
Methods Tencent Amazon-Book Alibaba-iFashion
Balanced Imbalanced Balanced Imbalanced Balanced Imbalanced

Recall NDCG | Recall NDCG | Recall NDCG | Recall NDCG | Recall NDCG | Recall NDCG
LightGCN | 0.0055 0.0042 | 0.1065 0.0712 | 0.0123 0.0116 | 0.0941 0.0724 | 0.0018 0.0009 | 0.0442 0.0213
+IPS-CN 0.0072  0.0054 | 0.0900 0.0599 | 0.0148 0.0136 | 0.0836  0.0639 | 0.0026 0.0013 | 0.0405 0.0192
+CausE 0.0055 0.0040 | 0.0966 0.0665 | 0.0134 0.0121 0.0926  0.0717 | 0.0013 0.0006 | 0.0274 0.0130
+sam+reg 0.0076  0.0056 | 0.0653 0.0436 | 0.0157 0.0149 | 0.0773 0.0600 | 0.0016 0.0008 | 0.0428 0.0198
+MACR 0.0075 0.0050 | 0.0731 0.0532 | 0.0183 0.0153 | 0.0767 0.0600 | 0.0010 0.0004 | 0.0379 0.0176
+BC_loss 0.0095 0.0073 | 0.1194 0.0832 | 0.0257 0.0227 | 0.1123 0.0903 | 0.0037 0.0017 | 0.0724 0.0364
+DCL 0.0082  0.0062 | 0.1243 0.0870 | 0.0203 0.0180 | 0.1135 0.0903 | 0.0041 0.0019 | 0.0695 0.0357
+HCL 0.0083  0.0063 | 0.1191 0.0830 | 0.0219 0.0192 | 0.1125 0.0889 | 0.0042 0.0019 | 0.0647 0.0334
+PopDCL | 0.0104 0.0078 | 0.1206 0.0845 | 0.0287 0.0250 | 0.1154 0.0944 | 0.0045 0.0020 | 0.0852 0.0432
Imp.% 9.47% 6.85% - - 11.67% 10.13% 1.64% 4.54% 7.14% 5.26% 17.68% 18.68%

and the batch size to 2048 for all baseline models and our algorithm.
The learning rate and the Ly regularization coefficient A are set to
le—3 and le—5, respectively. The number of layers for LightGCN is
assigned to 2. GridSearch is applied to choose the best temperature 7
over {0.07,0.08, - - - ,0.27}. All other hyperparameters are specified
according to the suggestions from the settings specified in the
original publications. All models are trained on a single NVIDIA
GeForce GTX 3090 GPU.

4.2 Overall Performance Comparison (RQ1)

Table 3 summarizes the best results of all considered methods across
the three benchmark datasets. The percentages in the last row rep-
resent the relative improvements of the proposed method compared
to the best baseline. The best performance in each column is high-
lighted in bold, and the second-best scores are underlined.

On the one hand, PopDCL consistently outperforms all the other
baselines in balanced test sets amongst the three datasets. Espe-
cially on Amazon-Book, PopDCL exhibits an impressive increase
of 11.67% in Recall@20 and 10.13% in NDCG@20. It demonstrates
that PopDCL not only effectively mitigates the popularity bias but
also enhances the recommendation performance by correcting both
positive and negative scores. On the other hand, PopDCL also out-
performs all different considered baselines in imbalanced test sets
on Amazon-Book and Alibaba-iFashion datasets. Particularly on
Alibaba-iFashion, PopDCL achieves a 17.68% improvement in Re-
call@20 and an 18.68% improvement in NDCG@20. While PopDCL
slightly underperforms DCL in imbalanced test sets on the Tencent
dataset. This discrepancy may be attributed to the denser nature of
the Tencent dataset compared to the other two, where correcting
negative samples alone leads to better performance, while correct-
ing positive samples will have a negative impact.

Further empirical observations have been identified. First, some
popularity debiased methods, such as IPS-CN, CausE, sam+reg, and
MACR, have demonstrated superior performance on the Tencent
and Amazon-Book datasets in balanced evaluations. However, these
methods tend to struggle with imbalanced data, compromising their
effectiveness. Second, BC_loss, DCL, and HCL have better perfor-
mance under balanced and imbalanced evaluations. Yet, BC_loss

1488

only focuses on correcting the popularity bias for positives, while
DCL and HCL focus solely on correcting sample bias for negatives.
In comparison, our proposed PopDCL outperforms these methods
by simultaneously correcting positive and negative scores. Third,
CausE, sam+reg, and MACR underperform the original Light GCN
model on the sparser Alibaba-iFashion dataset, indicating limi-
tations in their ability to handle popularity bias effectively. Our
proposed PopDCL, in contrast, exhibits the best performance, high-
lighting its effectiveness in addressing popularity bias.

4.3 Head, Mid, Tail Performance (RQ2)

To further verify the effectiveness of PopDCL at a finer granularity,
we conducted experiments to measure the performance of the head,
mid, and tail segments on the Amazon-Book dataset. Due to the
limited space and the similar results in the other two datasets, we
do not present them in this paper. The results of the evaluations
in balanced and imbalanced settings are presented in Table 4. The
percentages displayed in the upper right corner represent the rel-
ative improvements or declines of each method compared to the
LightGCN baseline.

Specifically, we split the balanced and imbalanced test set of
the Amazon-Book dataset into three subgroups according to the
descending order of item popularity: head, mid, and tail, while ensur-
ing that the total number of interactions in each subgroup remains
the same. It can be seen from Table 4 that IPS-CN, CauseE, sam+reg,
and MACR fail to achieve better performance under balanced eval-
uation and imbalanced evaluation simultaneously. Taking MACR
as an example, its tail performance in both balanced and imbal-
anced evaluations has improved by 92% and 57% in NDCG@20,
respectively. However, the improvement comes at the cost of the
declined mid performance (-6.4% in both balanced and imbalanced
evaluation) and head performance (-16% in balanced evaluation and
-6.6% in imbalanced evaluation).

Furthermore, although BC_loss, DCL, and HCL achieve better
head, mid and tail performance in both balanced and imbalanced
evaluations, the relative improvement in each subgroup falls short
of those achieved by PopDCL, for which they only provide a partial
correction for either positive or negative samples. While PopDCL
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Table 4: A comparison of the head, mid, and tail performance on Amazon-Book dataset.

Zhuang Liu et al

Methods Balanced NDCG@20 Imbalanced NDCG@20

Tail Mid Head Overall Tail Mid Head Overall
LightGCN | 0.00072 0.00515 0.02817 0.01163 0.00148 0.00765 0.07680 0.07240
+IPS-CN | 0.00098+30%  0.00711*38%  0.03291*17%  0.01361717% | 0.00200"%°%  0.0106874°%  0.06898710%  0.06393712%
+CausE 0.0006017%  0.00453712%  0.02899%2-9%  0.01210%%0% | 0.0012471%%  0.00666"13%  0.0745273:0% 0.0717370-9%
+sam+reg | 0.00089%%4%  0.0051870-0%  0.0283070°%  0.01492*28% | 0.00159774%  0.00771%0-8%  0.0748272°%  0.06001717%
+MACR 0.00138+92%  0.0048270-4%  0.02364716%  0.01534%32% | 0.002327°7%  0.007167%4% 0.071707%%%  0.06004~17%
+BC loss | 0.00521%924% 0.011877130%  0.03952+40%  0.0227479°% | 0.00612"314%  0.01486*%4%  0.0883571°%  0.09030"%°%
+DCL 0.00297+313%  0.00852%5%  0.03705732%  0.018027°% | 0.0037971°°%  0.01099744%  0.09855+28%  (.09029+25%
+HCL 0.00375+421%  0.0096387%  0.03863737%  0.019197%% | 0.004687210%  0.012767°7%  0.09692+20%  (.08890+23%
+PopDCL | 0.005357043%  0.014297177%  0.045417°1%  0.025047115% | 0.007177384%  0.01820%138%  0.09878+27%  0.09436737%

corrects the prediction score in both positive and negative samples,
resulting in superior performance. In particular, PopDCL exhibits
remarkable improvements in tail performance, achieving 643% and
384% enhancement in balanced and imbalanced evaluations, respec-
tively. These findings further verify the effectiveness of PopDCL in
enhancing both head and tail performance.

4.4 Ablation Study (RQ3)

Since our method corrects for both positive and negative sam-
ple scores, we conduct an ablation study to investigate the effect
of positive and negative sample score corrections on overall rec-
ommendation performance. The ablation experiment setup is as
follows:

e w/o P&N denotes that neither positive nor negative sample
scores are corrected in the loss function, in which case the
loss function is equivalent to SSM [33].

e w/o P denotes that the loss function does not correct the
scores of positive samples but only negative samples.

e w/o N denotes that the loss function does not correct the
scores of negative samples but only positive samples.

e PopDCL denotes that scores of both positive and negative
samples are corrected.

Figure 3 shows the performance of the four variants on the
Amazon-Book dataset for the balanced and imbalanced test sets.

Amazon-Book_Recall

WioPN
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- wjoN

= PopDCL

Amazon-Book NDCG
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5

Balanced_Recall
o
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Figure 3: Ablation study (Recall@20 and NDCG@20) on the
Amazon-Book dataset.

We can see that PopDCL achieves the best performance with
respect to Recall@20 and NDCG@20 on both the balanced and
imbalanced test sets. On the other hand, not correcting any scores
leads to the worst performance, indicating the presence of false
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samples in both positives and negatives. In addition, correcting
only a part (positives or negatives) gives a partial improvement
compared to the no-correction case. However, its Recall@20 is
much lower than that of PopDCL, where all scores are corrected.
This highlights the necessity of correcting both positive and nega-
tive samples. The Recall@20 performance of the model with only
the negatives corrected is slightly worse than that with only the
positives corrected, and such a difference is almost negligible in
NDCG@20. The comparable figures between the two suggest that
the positive and negative sample corrections have almost the same
magnitude of improvement in performance. We interpret this phe-
nomenon as the positive and negative sample corrections share
equal importance.

4.5 Study of PopDCL (RQ4)

4.5.1 Parameter Sensitivity Analysis. In this subsection, we exam-
ine the robustness with respect to the most influential temperature
hyperparameter: 7. We analyze  over the ranges {0.07, 0.08, - - - ,0.21}.
Specially, due to the sparsity of iFashion, we set 7 between the
ranges {0.07,0.08, - - - ,0.27} to better illustrate its impact on evalua-
tion metircs. Figure 4 depicts the Recall@20 for Light GCN+PopDCL
obtained with different temperature 7 on Tencent and iFashion.

Tencent iFashion
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Figure 4: Recall@20 of LightGCN+PopDCL obtained with
different temperature 7.

The obvious observation is that Imbalanced_Recall@20 shows
the same trend on different datasets. It first increases steadily and
stabilizes when the temperature coefficient reaches a certain thresh-
old. The value 7 at which Imbalanced_Recall@20 stabilizes varies
among datasets, likely due to differences in dataset properties.
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Balanced_Recall@20 shows a cresting trend on Tencent. With the
increase of 7, Balanced_Recall@20 rises to the peak and then drops
sharply. The increase of 7 will smoothen the relative gradients of
scores for different interaction pairs, making it more difficult for the
model to distinguish hard samples. Consequently, it gradually loses
the ability of hard negative mining. Since hard items are typically
associated with high popularity, the model will, in turn, tend to
recommend popular items, resulting in a decrease in performance
on the balanced test set and an increase in performance on the
imbalanced test set. This trend is consistent with the effect of 7
on mining hard samples, demonstrated in Section 3.5. Since the
tendency of the evaluation metrics on Amazon-Book determined
by the temperature parameter 7 is similar to that of Tencent, we do
not show its Figure in the paper.

It is worth noting that Balanced_Recall@20 oscillates in the
range [0.0042, 0.0047] on iFashion when 7 falls in a specific interval.
We believe such oscillations are due to iFashion being too sparse
and the sparsity makes the nuances of recommending the cold items
affect the metrics to a large extent. Considering that 7 does not
overlap between Balanced and Imbalanced metrics when they reach
their peak, we choose 7 of 0.12, 0.10 and 0.24 as the optimal value
for the Tencent, Amazon-Book and iFashion datasets respectively.

4.5.2  Effect of M. To study the relationship between the correc-
tion strength of positive and negative instances (M* (u, i), M~ (u, j))
and the popularity of users and items, we randomly sample 1000
user-item pairs from the Amazon-Book dataset, Figure 5 shows the
results about the relationship among M* (u, i), M~ (u, j), user pop-
ularity pop(u) and item popularity pop(i) or pop(j). The scatter
plot on the left side of Figure 5 indicates the correction strength
M™* (u, i) for the 1000 sampled positive pairs (u, i). The color in-
dicates the correction strength. A redder dot indicates a higher
value of M* (u, i), reflecting a larger correction strength for positive
pairs. Similarly, the right plot depicts the score correction strength
M~ (u, j) for the negative pairs formed by the sampled users and
items. To get a better view, we set the maximum value of popularity
and negative correction strength M~ (u, j), to 100.

Figure 5: The relationship among M* (u, i), M~ (u, j), user pop-
ularity pop(u) and item popularity pop(i) or pop(j) on the
Amazon-Book dataset.

From the left side of Figure 5, it can be found that the red dots
are mainly concentrated in the upper left corner, which indicates
that for positive instances, as the popularity of the users decreases,
the strength for positive scores correction is stronger. It means that
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if a user u has fewer interactions, the probability P(i ¢ Ny,) of item
i becoming false positive for user u increases, further leading to
a greater M* (u, i) according to equation (4). Theoretical analysis
in Section 3.5 demonstrates if an item is likely to be a false posi-
tive sample, the score of the corresponding interaction pair (u, i)
should provide the model with a less significant gradient to pay less
attention to such false positive sample. The experimental results
validate this claim and illustrates the effectiveness of the method.

As for M~ (u, i), the results are showed in the right side of Figure
5. It is obvious that red dots are concentrated in the left region,
which indicates the value of M~ (u, j) increases as the popularity of
item j decreases. Besides, it is worth noting that for the same item,
the value of M~ (u, j) does not vary significantly with the change
of pop(u). It can be concluded that the value of M* (u, i) mainly
depends on the popularity of items j. Items with high popularity
tend to have closer embedding due to the nature of GNN encoder
[13, 31, 38]. It means for a certain user u, if an item j is popular,
its embedding in the space will be relatively similar to those of
other popular items, closing the gap between f(u,i) and f(u, j) and
resulting a smaller M~ (u, j) according to equation (10). Theoretical
analysis in Section 3.5 also demonstrates that the more popular a
negative sample is, the more likely it is to be a false negative sample,
implying that the model needs a larger gradient to distinguish it,
which requires the decrease of M~ (u, j). This experimental results
is also consistent with the findings of the theoretical analysis.

5 CONCLUSION AND FUTURE WORK

We proposed PopDCL, a popularity-aware debiased contrastive loss
with in-batch sample strategy for collaborative filtering. Specifi-
cally, we adaptively correct the positive scores and negative scores
based on the popularity of users and items. For positive instance, we
designed M* (u, i) to alleviate popularity bias, where M* (u, i) is the
expected score that i actually is a negative instance for user u. As
for negative instances, we designed a personalized bias correction
probability ¥ (u) to tackle the sample bias and further proposed
M~ (u,i) to correct negative scores. Theoretical analysis shows
the effectiveness of PopDCL in addressing the popularity bias and
sample bias. We conducted extensive empirical studies on three
public datasets to verify that PopDCL significantly outperforms
several existing debiased strategies in different evaluations. While
the ablation study establishes the relative contributions of the re-
spective components, the parameter sensitivity analysis shows the
robustness of temperature 7 for the overall performance. Finally, we
reveal the relationship between the correction strength of positive
and negative instances and the popularity of users and items.

In future works, we have interests in the following two aspects:
1) we use the mean of the negative sample scores to fit the expec-
tation score of the positive pair where the positive item turns out
to be negative for the user. More accurate ways can be explored
in the future. 2) we plan to explore other bias problems in the
recommendation, such as position bias [1] and exposure bias [42].
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