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ABSTRACT

KEYWORDS

Recent advent of deep learning techniques have reinforced the development of new recommender systems. Although these systems
have been demonstrated as efficient and effective, the issue of item
popularity bias in these recommender systems has raised serious
concerns. While most of the existing works focus on group fairness
at item side, individual fairness at item side is left largely unexplored.
To address this issue, in this paper, first, we define a new notion
of individual fairness from the perspective of items, namely (α, β)fairness, to deal with item popularity bias in recommendations. In
particular, (α, β)-fairness requires that similar items should receive
similar coverage in the recommendations, where α and β control
item similarity and coverage similarity respectively, and both item
and coverage similarity metrics are defined as task specific for
deep recommender systems. Next, we design two bias mitigation
methods, namely embedding-based re-ranking (ER) and greedy substitution (GS), for deep recommender systems. ER is an in-processing
mitigation method that equips (α, β)-fairness as a constraint to the
objective function of the recommendation algorithm, while GS is a
post-processing approach that accepts the biased recommendations
as the input, and substitutes high-coverage items with low-coverage
ones in the recommendations to satisfy (α, β)-fairness. We evaluate
the performance of both mitigation algorithms on two real-world
datasets and a set of state-of-the-art deep recommender systems.
Our results demonstrate that both ER and GS outperform the existing minimum-coverage (MC) mitigation solutions [Koutsopoulos
and Halkidi 2018; Patro et al. 2020] in terms of both fairness and
accuracy of recommendations. Furthermore, ER delivers the best
trade-off between fairness and recommendation accuracy among a
set of alternative mitigation methods, including GS, the hybrid of
ER and GS, and the existing MC solutions.

Individual fairness, deep recommender systems, algorithmic fairness in machine learning
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1

INTRODUCTION

Given the explosive growth of information available on the Web,
recommender systems have been designed to search for and recommend a small set of items to meet users’ personalized interests.
They have been widely applied in various fields to recommend
items such as movies, products, jobs, and courses. Recently, there
is an increasing interest in extending deep learning approaches
to recommender systems. The core component of the deep recommender systems is the graph embedding module, which encodes
the user-item interaction and any possible side information of users
and items (e.g., knowledge graphs) into low-rank embedding. Then
the recommendations are calculated according to the embeddings
of users and items. Numerous deep learning based recommendation
techniques have been developed.1 In this paper, we consider the
deep learning based recommender systems due to their effectiveness and popularity.
An important concern of the recommender systems is the fairness
of recommendations, which apply to both customers (users) and
suppliers (items). At user side, the users are concerned if they are
treated equally by the recommender systems, regardless of their
demographic property [Xiao et al. 2017; Yao and Huang 2017] nor
their activeness on the recommender system platform [Fu et al.
2020; Li et al. 2021]. At item side, on the other hand, the main
fairness concern is the item popularity bias (i.e., popular items can
get more exposure than those unpopular ones in recommendations)
[Abdollahpouri and Burke 2019; Basu et al. 2020; Koutsopoulos and
Halkidi 2018; Patro et al. 2020]. In this paper, we mainly focus on
fairness at item side.
Most of the existing work on item-side fairness considers group
fairness, which groups items based on their popularity, and require items across different groups should be treated statistically
similarly by the recommender system. Although these work can
achieve fairness at group level, it has the potential to be unfair to
specific individual items. For example, consider a particular group
fairness requirement that the ratio of items from different groups
1 We refer the readers to a number of surveys [Gao et al. 2020; Guo et al. 2020; Liu et al.

2019] on deep learning based recommender systems.
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in the recommendations should equal to the ratio in the historical
user-item interaction [Fu et al. 2020; Patro et al. 2020; Steck 2018].
While the recommender system recommends certain unpopular
items to achieve such group fairness requirement, it is unfair to
other unpopular items, for example, those new items that have few
user-item interaction, that are not recommended even though they
are very similar to the recommended items. In addition, forcing
statistically similar coverage rate across popular and unpopular
item groups can lead to dramatic loss in recommendation accuracy
as the distribution across these groups in historical user-item interactions are significantly different. However, while most of the
existing works mainly focus on item-side group fairness in recommendations [Abdollahpouri et al. 2017, 2019; Adomavicius and
Kwon 2011; Kamishima et al. 2012], the item-side individual fairness
in recommendations has been rarely studied.
A straightforward approach to provide item-side individual fairness is to require that the coverage of each item in the recommendations must reach a given threshold, where the item coverage is
measured as the percentage of users who are recommended with
the given item [Koutsopoulos and Halkidi 2018]. However, requiring the minimum coverage for all items is too rigid and may lead
to significant accuracy loss of recommendations [Patro et al. 2019].
Indeed, our experiments show that the minimum-coverage (MC)
approach can incur up to 40% accuracy reduction (Section 6).
To address the weakness of the existing MC solution, in this
paper, we consider a new item-side individual fairness notion that
is adapted from the state-of-the-art notion of individual fairness
[Dwork et al. 2012]. In particular, instead of requiring all items must
have a minimum coverage in recommendations, our fairness notion
requires that any pair of items that are similar should receive similar
coverage in the recommendations. Therefore, by enforcing fairness
on similar items only, our individual fairness notion better addresses
the trade-off between fairness and recommendation accuracy.
However, it is challenging to equip individual fairness with deep
learning based recommender systems due to the following reasons.
First, defining a proper similarity metric is not straightforward, as
it has to be task-specific [Chouldechova and Roth 2018]. In our
problem setting, the similarity of items should be defined in the
context of the deep recommender systems. Second, as realizing fairness may incur large significant loss of recommendation accuracy,
it is important to minimize the accuracy loss while equipping the
individual fairness constraint with the deep recommender systems.
In this paper, we address these two challenges and make the
following contributions. First, as the deep recommender systems
make predictions based on user and item embeddings, we define
the item similarity metric as evaluating the distance between item
embeddings. Based on this similarity metric, we formally define a
new notion of item-side individual fairness, namely (α, β)-fairness,
to quantify the disparity of item coverage at individual level. Intuitively, (α, β)-fairness requires that any two similar items (i.e., the
distance between their embedding is within α) must receive similar
coverage (i.e., the difference in their coverage in recommendations
is up to β), where α and β are user-specified thresholds. Second,
we design two bias mitigation algorithms, namely embedding-based
re-ranking (ER) and greedy substitution (GS) algorithms, to achieve
(α, β)-fairness while maximizing the accuracy of the recommendations. ER is an in-processing mitigation method that takes the
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user/item embeddings as the input. From the embeddings, ER learns
a ranking policy for recommendation, with (α, β)-fairness equipped
as a constraint of the objective function of the ranking learning
problem. On the other hand, GS is a model-agnostic, post-processing
method that takes the original (biased) recommendations as the
input. It achieves (α, β)-fairness by replacing the items of high
coverage in the recommendations with similar ones but of low
coverage. Last but not least, we conduct an extensive set of experiments on two real-world datasets and three state-of-the-art deep
recommender systems. Our results demonstrate that both GS and
ER algorithms can effectively mitigate individual item coverage disparity in the recommendation, while minimizing the accuracy loss
of recommender systems by the mitigation. Furthermore, ER outperforms GS as well as the existing minimum-coverage approaches
[Koutsopoulos and Halkidi 2018; Patro et al. 2020] in terms of the
trade-off between fairness and accuracy of recommendations.

2

RELATED WORK

User-side fairness in recommendations. We categorize the existing works on user-side fairness in recommmendations into two
classes: group user-fairness and individual user-fairness. Most of
the existing group user-fairness works [Edizel et al. 2019; Yao and
Huang 2017] group users by their values on the sensitive features.
When the sensitive attributes are not available for defining group
membership, the users can be grouped based on their activity [Fu
et al. 2020; Li et al. 2021]. The fairness requirement is to balance the
statistical measurement (e.g., error rate [Edizel et al. 2019] and average recommendation performance [Fu et al. 2020; Li et al. 2021]) of
recommendations across different groups. User-side group fairness
can be achieved by adding the fairness constraint to the objective
function of recommendation problem [Fu et al. 2020; Li et al. 2021].
Regarding individual user-fairness, it can be measured as the disparity in recommendation quality as well as in explanation diversity
disparity among different individual users [Fu et al. 2020].
Item-side fairness in recommendations. The existing efforts
on item-side fairness in recommendations also can be classified
into two types: item-side group fairness and item-side individual
fairness. Regarding item-side group fairness, Celis et al. [Celis et al.
2019] consider the setting that items are grouped by the sensitive
attributes associated with the items. They address the polarization
phenomenon in recommendations (e.g., the news feed covers a small
subset of topic groups), and design personalized algorithms that
avoid polarization yet still optimize individual recommendation
accuracy. Regarding item-side individual fairness, Koutsopoulos
et al. [Koutsopoulos and Halkidi 2018] define the item-fairness requirement as that the coverage of all items must exceed a given
threshold. The notion of individual item fairness by Chakraborty et
al. [Chakraborty et al. 2017] is somewhat similar to [Koutsopoulos
and Halkidi 2018]: all items should receive the amount of exposure proportional to their relevance. Unlike these two individual
item-fairness notions that require minimum coverage for all items,
our notion requires similar items must have similar coverage. We
show in the experiments that our fairness notion better addresses
the trade-off between fairness and recommendation accuracy than
these existing works.

Providing Item-side Individual Fairness for Deep Recommender Systems

Fairness in ranking. Finding fair recommendations is relevant to
the problem of finding a fair ranking of all items based on their
predicted user-item probabilities. Zehlike et al. [Zehlike et al. 2017]
extends the definition of group fairness to top-k ranking, and define
the fair top-k ranking problem as ensuring that the proportion of
protected group members in the top-k ranking is above a given
threshold. Singh et al. [Singh and Joachims 2018] formulate fairness
constraints on rankings in terms of exposure allocation. They design
a fair ranking framework that maximizes the utility of ranking while
satisfying the fairness of exposure constraints. Their following work
[Singh and Joachims 2019] designs a learning-to-rank framework
that optimizes a wide range of utility metrics (e.g. NDCG) with the
constraint of fair exposure. Morik et al. [Morik et al. 2020] present
a dynamic learning-to-rank approach that enforces merit based
fairness [Biega et al. 2018; Singh and Joachims 2018] on groups
of items, where the merit of an item is defined as its expected
average relevance. The fairness notion requires that each item group
should receive the exposure that is proportional to its relevance
to users. Beutel et al. [Beutel et al. [n.d.]] treat recommendations
as a point-wise prediction problem. Their notion of group itemfairness requires the likelihood of a clicked item being ranked above
another relevant unclicked item is the same across both protected
and unprotected groups. None of these efforts consider the same
fairness notion as ours, thus their algorithms cannot be directly
applied to our setting.

3

PRELIMINARIES

Deep learning based recommender systems. Typically, a recommender system considers a collection of user-item interactions
(e.g., purchases and clicks), which can be represented as a user-item
graph G = {(u, i)|u ∈ U, i ∈ I)}, where U and I denote the user and
item sets respectively. The recommendation task is described as the
following: Given a user-item graph G as the historical data, the goal
is to predict the probability p(u, i) that the item i will be adopted
by the user u. Based on the predictions, each user will receive a
recommendation list in which the items are ranked according to
the prediction probability in descending order. In this paper, we
only consider top-k recommendations, i.e. the items of the top-k
probability.
Recently, deep learning techniques have been applied to recommender systems to achieve the recommendations of higher quality.
Most of these deep learning based recommender systems follow the
same idea: first, the deep learning models learn the graph embedding, which is the primarily representation of the given user-item
graph in a lower dimension. An important property of the graph
embedding is that they preserve the graph information that is obtained by aggregating information from multiple sources such as
the knowledge graph (KG), the user-item interaction matrix, item’s
content, and item’s attributes. Then the recommendations are made
based on the learned graph embedding instead of the original graph.
In particular, the probability p(u, i) that the user u adopts the item
i is calculated as p(u, i) = f (®
u, i®), where u® and i® refer to the embedding of user u and item i respectively, and f () refers to a function
that maps the embedding of the user and item to the probability p(u, i). The final recommendation results are generated from
ranking of the predicted probability.
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Algorithmic fairness. Over the past few years, a multitude of
formal fairness definitions have been proposed. These fairness definitions can be categorized into two broad classes, namely group
fairness and individual fairness. Group fairness [Calders et al. 2009;
Calders and Verwer 2010; Feldman et al. 2015; Kamishima et al.
2011] defines specific groups and require that particular statistics,
computed based on model decisions, should be equal for all groups.
In particular, the protected groups, which is defined by the sensitive
attributes (e.g., race and gender), should not be treated in a discriminatory way compared with the advantaged groups. Individual
fairness, on the other hand, requires that similar individuals in the
population are treated similarly [Dwork et al. 2012]. While most
of the existing works focus on either user-fairness [Fu et al. 2020;
Yao and Huang 2017] or group item-fairness [Celis et al. 2019] in
recommendations, in this paper, we mainly focus on individual
fairness at item side in recommender systems.

4

ITEM-SIDE INDIVIDUAL FAIRNESS

The conventional definition of individual fairness [Dwork et al.
2012] requires that an ML model should treat similar individuals
with similar predictions. A simple adaption of this definition to
our setting requires that any two similar items must receive similar coverage in recommendations. The main challenge is to define
appropriate metrics to evaluate item similarity and item coverage
similarity. These similarity metrics must be task-specific and faithfully represent the context [Ilvento 2020]. To address this challenge,
first, we formally define item similarity and item coverage disparity.
Embedding-based item similarity. Given a universe of items
α
I, we say two items i 1 , i 2 ∈ I are α-similar, denoted as i 1 ≈ i 2 , if
d(i 1 , i 2 ) ≤ α, where d : I × I → R is a distance metric of items.
There are quite a few candidates of distance metrics. Since we focus
on deep learning based recommendation algorithms, we follow the
literature [Badilla et al. 2020] and consider the embedding-based
distance metric as the item similarity metric. Specifically, given
two items i 1 , i 2 ∈ I, their distance d(i 1 , i 2 ) is measured based on the
cosine similarity between their embeddings:

d(i 1 , i 2 ) = 1 −

i®1 · i®2
,
|i®1 ||i®2 |

(1)

where i®1 and i®2 are the embeddings of item nodes i 1 and i 2 , and ·
is the inner product operator. We note that the cosine similarity
α
α
α
based α-similarity is not transitive (i.e., i 1 ≈ i 2 , i 2 ≈ i 3 , but i 1 ≈
̸ i3).
Item coverage disparity. Given a graph G that contains a set
of users U and a set of items I, let R®u = [Ru,1 , . . . , Ru,k ] be the
(top-k) recommendation list of user u ∈ U. Let R = {R®u |u ∈ U}
be the collections of recommendation lists for all users. We use
Cov(i) to denote the coverage of an item i in R, which is measured
as the number of occurrences of i in R. We follow the literature
[Chakraborty et al. 2017; Koutsopoulos and Halkidi 2018; Patro
et al. 2020] and define the coverage disparity between items i and j
(denoted as CD(i 1 , i 2 )) as the following:
C D(i 1, i 2 ) =

Cov(i 1 )
Cov(i 2 )
−
MCov(i 1, i 2 ) MCov(i 1, i 2 )

(2)
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Apparently, CD(i 1 , i 2 ) ∈ [0, 1]. Intuitively, higher (smaller, resp.)
CD(i 1 , i 2 ) indicates larger (smaller, resp.) coverage disparity beCov(i )
tween items i 1 and i 2 . We use MCov(i 1,i ) , where MCov(i 1 , i 2 ) =
1 2
max(Cov(i 1 ), Cov(i 2 )), to normalize the item coverage, as the item
coverage may vary significantly. We note that the normalization is
local - the same item in different item pairs can have different normalized item coverage. We do not define a global normalized item
coverage value for each item, as individual fairness is measured for
each item pair, not for each item.
Now, we are ready to define (α, β)-fairness based on item similarity and item coverage disparity.
Definition 4.1 ((α, β)-fairness). Given a graph G that consists of
a set of items I, we say a recommendation algorithm A provides
(α, β)-individual item-fairness if and only if for all items i 1 , i 2 ∈ I
α
such that i 1 ≈ i 2 , it must satisfy that CD(i 1 , i 2 ) ≤ β (i.e., i 1 and i 2 are
of β-coverage disparity), where α, β are user-specified thresholds.
Intuitively, Definition 4.1 requires that two similar items must
receive similar coverage, where the similarity of items and their
coverage are controlled by α and β respectively. Larger α as well as
smaller β values indicate stronger fairness requirement. How α and
β are valued affects the performance of recommendation accuracy
and item fairness. We will discuss the impact of α and β values on
fairness and recommendation accuracy in the experiments (Section
6).

5

BIAS MITIGATION ALGORITHMS

Given a graph G and an recommendation algorithm A that is biased,
our goal is to generate new recommendations from G that satisfy
(α, β)-fairness requirement. We design two mitigation methods
which take different types of inputs:
• Embedding-based Re-ranking (ER) algorithm is an in-processing
method that takes the node embeddings generated from the
original graph as the input, and learns a stochastic ranking
policy of items with (α, β)-fairness and maximized accuracy
of the recommendations.
• Greedy substitution (GS) algorithm is a post-processing method
that takes the original (biased) top-k recommendations as
the input. It replaces the items of high coverage with those
of low coverage to satisfy (α, β)-fairness, while minimizing
the accuracy loss due to the replacement.
Next, we explain the details of both ER and GS algorithms respectively.

5.1

Embedding-based Re-ranking (ER)

At high level, the embedding-based re-ranking (ER) algorithm takes
the user/item embedding of the original graph as the input, and
generates the top-k recommendations R that satisfy (α, β)-fairness.
Specifically, given a graph G that consists of n users U and m
items I, and a recommendation algorithm A that outputs the embedding of U and I (denoted as E(U) and E(I)), the ER algorithm
outputs a ranking policy π = {Hθ (u)|∀u ∈ U}, where Hθ (u) =
[Hθ (u, i 1 ), . . . , Hθ (u, i k )] is the top-k items for user u of the highest
probabilities learned from E(U) and E(I) with the model parameters
θ . We realize (α, β)-fairness as a constraint of learning the ranking
policy π .
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In particular, given a set of all possible rankings Π for all users,
we consider stochastic ranking functions π ∈ Π, where π (r |u) is
a distribution over the rankings r for user u. The goal is to find a
ranking policy π ∗ that maximizes the expected accuracy of π over
all users U:
π ∗ = arд max π ∈Π E[Acc(π |U)]
(3)
Since we consider all users in U, we can estimate the expectations
with their empirical counterparts. Then the empirical analog of the
optimization problem becomes
1 Õ
π ∗ = arд max π ∈Π
Acc(π |u),
(4)
|U|
∀u ∈U

where the accuracy of a stochastic ranking policy π for a user u ∈ U,
denoted as Acc(π |u), is defined as the expectation of an accuracy
metric ∆ over π :
Acc(π |u) = Er ∼π (r |u) ∆(r ).

(5)

There are several choices for the accuracy metric ∆ such as DCG,
NDCG, and average rank, to name a few.
Ranking with fairness constraint. We equip the requirement
of individual item-fairness as a constraint with the learning problem.
We use B(π |U) to denote the violation of fairness (i.e., coverage
disparity) of the ranking π for all users in U. In particular, B(π |U)
is measured as follows:
B(π |U) =

1
|D |

Õ

max { C D(i, i ′ ) − β, 0},

(6)

∀(i,i ′ )∈D

where D denotes the set of all α-similar item pairs, and CD(i, i ′ )
denotes the coverage disparity between items i and i ′ (Eqn. 2) under
the ranking policy π , and β is the parameter for (α, β)-fairness.
Intuitively, B(π |U) = 0 indicates that the β-coverage disparity
requirement is met.
We then formulate the objective of fair ranking as the following:
π ∗ = ar д max π ∈Π

1 Õ
Acc(π |u) s .t . B(π |U) = 0
|U| ∀u ∈U

(7)

We resort to Lagrange multiplier and prepare the following formula to approximate Equation (7):
π ∗ = ar д max π ∈Π

1 Õ
Acc(π |u) − λ(B(π |U)),
|U | ∀u ∈U

(8)

where λ is the parameter that steers the accuracy/fairness trade-off.
We follow the Plackett-Luce model [Cao et al. 2007; J. I. (Ed.). 1995]
to model the distribution π (r |u) over the top-k rankings r for user
u.
r (j)
k
Ö
exp(Hθ (u, i)))
πθ (r |u) =
,
(9)
Ík
r (ℓ)
j=1 ℓ=j exp(Hθ (u, i)))
r (j)

exp(H θ

where Ík

ℓ=j

(u,i)))

r (ℓ)

exp(H θ

(u,i)))

returns the probability output by Hθ that

item i ranked at the ℓ-th position in the top-k recommendations to
user u.
Based on the stochastic ranking distributions, the optimization
problem (Eqn. (4)) can be processed by using stochastic gradient
descent (SGD). We define two gradients: accuracy gradient and
fairness gradient, which are discussed below.
Accuracy gradient. The accuracy of a policy πθ is defined as
1 Í
|U | ∀u ∈U Acc(πθ |u). As the space of ranking is exponential in the
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Figure 1: The diagram of ER algorithm.
Algorithm 1: Embedding-based Re-ranking (ER)

1

2
3

4
5
6
7
8

apply the Monte-Carlo sampling of possible permutations for each
user, and calculate the probability distribution for each permutation
by using the Plackett-Luce model. Next, we compute the gradient
∇θ (Eqn. (12)). Finally, we update θ with ∇θ . We repeat these steps
until we reach the convergence. In this paper, we set the termination
condition as that the accuracy (Eqn. (8)) improves less than 1%
compared with the last iteration for five continuous iterations. The
the output of the ER method may not satisfy (α, β)-fairness.

Input: Embedding of users and items E(U) and E(I),
learning rate η.
Output: Model parameters θ
Initialize Hθ with E(U) and E(I) by following [He et al.
2017];
while not yet converged do
Calculate the probability for each user-item pair by
using H (θ );
Calculate probability distribution (Eqn. (9));
Compute gradient ∇θ (Eqn (10), (11), (12));
Update θ : θ = θ + η · ∇θ ;
end
Return θ

5.2

number of items and users when calculating gradients of θ in Eqn.
9, we use sampling in the log-derivative strategy [Williams 1992]
and calculate the accuracy gradient ∇θ A as follows:
U
U
1 Õ
∂
∂ 1 Õ
Acc(πθ |u) =
E
loд(πθ (r |u))∆(r ),
∂θ U u=1
U u=1 r ∼πθ (r |u) ∂θ
(10)
Fairness gradient. We compute the fairness gradient ∇θ F as
following:
Õ
∂ 1
∇θ F =
1[D(πθ,i,i ′ ) > 0] · D(πθ,i,i ′ )
∂θ |D|
′

∇θ A =

Greedy Substitution (GS)

An alternative mitigation solution is to post-process the original
biased recommendations to make them satisfy (α, β)-fairness. In
this section, we present our greedy substation (GS) algorithm as
one such post-processing solution.
Given a graph G that consists of n users U and m items I, and
a recommendation algorithm A, the goal of A is to predict the
preferences of users to specific items. We use p(u, i) to indicate the
probability predicted by A that user u will be interested in item i.
Each user is recommended with the items of the top-k highest probabilities. Let R®u = [Ru,i 1 , . . . , Ru,i k ] be the top-k recommendation
list returned by A for the user u ∈ U, where Ru,i ℓ ∈ R®u (1 ≤ ℓ ≤ k)
consists of the recommended item i ℓ and the probability p(u, i ℓ )
predicted by A that user u will be interested in the item i ℓ . We
measure the accuracy of R®u , denoted as UT (R®u ), as follows:
UT (R®u ) =

k
Õ

p(u, i ℓ )

ℓ=1

Intuitively, the accuracy of R®u is measured as the sum of the probability of all items in the top-k list. Higher accuracy indicates that
Õ
®
1
∂
=
1[D(πθ,i,i ′ ) > 0]Er ∼πθ (r |u) D(πθ,i,i ′ ) loд(πθ (r |u)), user u are more likely to be interested in the items in Ru .
®u |u ∈ U} be the collections of original recommenda|D|
∂θ
Let
R
=
{
R
′
∀(i,i )∈D
tion lists for all users. Then the problem of enforcing (α, β)-fairness
(11)
on R can be formulated as an optimization problem:
where D denotes the set of all α-similar item pairs, and D(πθ,i,i ′ ) =
Õ
α
NCov π,i − NCov π,i ′ − β. Intuitively, D(πθ,i,i ′ ) > 0 indicates the
max
UT (R®u ), s.t. ∀i, j ∈ R i ≈ j, CD(i, j) ≤ β . (13)
′ ) > 0] returns 1 if
violation of β-coverage disparity. 1[D(π
®
∀(i,i )∈D

θ,i,i

D(πθ,i,i ′ ) > 0; otherwise it returns 0.
Update on both gradients. With both gradients ∇θ A and ∇θ F ,
the gradient of θ is computed as:
∇θ = ∇θ A − λ∇θ F .

(12)

Algorithm. Based on all the discussions above, we design the
ER algorithm to solve the optimization problem in Equation (4). The
diagram of the ER method is shown in Figure 1. First, we initialize
Hθ with E(U) and E(I) by using the multi-layer neural architecture
[He et al. 2017]. During model training, we first calculate user-item
probability generated by Hθ . Based on the user-item probability, we

Ru ∈R

∀u ∈U

In other words, the goal is to modify R so that it can satisfy the
fairness requirement while maximizing the accuracy of the recommendations.
The optimization problem in (13) is NP-hard [Koutsopoulos and
Halkidi 2018]. A naive solution is to first identify all item pairs
that violate the fairness requirement, then enumerate all possible
recommendations of these items to find the one of the maximum accuracy. Apparently, this naive solution is computational expensive.
Therefore, we design a greedy substitution (GS) algorithm to pick
the items in the recommendations to be mitigated in an efficient

’22, June 21 – 24, 2022, Seoul, South Korea

Xiuling Wang, Wendy Hui Wang

way. Consider the recommendations R = {R®u |∀u ∈ U}, where
R®u = [Ru,i 1 , . . . , Ru,i k ] is the top-k recommendation list for the
user u. For any two items i 1 , i 2 ∈ R that are α-similar but violate the
β-coverage disparity requirement, assume i 1 is the item with higher
coverage. Let Ri 1 ⊆ R be the recommendations that contain item
i 1 . The GS algorithm picks a subset of recommendations R ′ ⊆ Ri 1 ,
and replaces i 1 in R ′ with other items. Intuitively, all items that do
not appear in the recommendation list of i 1 are the candidates for
replacement with i 1 . However, considering all these items can be
computationally expensive. Thus GS algorithm picks the candidates
in a greedy fashion: it picks those items that are α-similar to i 1 and
of low coverage. Picking similar items is to minimize the accuracy
loss of recommendations due to item substitution, while picking the
items of low coverage for replacement is because picking items of
high coverage will only continue increasing the coverage of those
items, which does not help to mitigate popularity bias in these
items.
In addition, the GS algorithm takes the accuracy of the recommendations into consideration when picking the items for replacement to meet the objective defined in (13). Specifically, we define the
cost of replacing an item in a recommendation list as following. Let
′
R®u be the original recommendation list for user u, and R®u be the
′
′
list after replacing item i with i in R®u . Then the cost c(R®u , R®u ) of
′
′
′
changing R®u to R®u is measured as c(R®u , R®u ) = |UT (R®u )−UT (R®u )|.
′
Since R®u and R®u only differ at one item, we can easily infer that
′
c(R®u , R®u ) = |p(u, i) − p(u, i ′ )|.

min′
R®u

1

2
3

4
5
6
7

8
9

Input: User-item graph G, users U, items I, the user-item
probability matrix P predicted by a biased
recommendation algorithm A, the top-k
recommendations R = {R®u |u ∈ U} generated by A.
Output: The modified top-k recommendations R̂ that
satisfy (α, β)-fairness.
Partition I into clusters such at the items in each cluster are
pairwise α-similar; // Step 1
for each cluster C do
Calculate Covavд , Covmax and Covmin (i.e., average,
maximum and minimum of item coverage) of items
in C; // Step 2
Cov sup ← min{⌊Covavд + β · Covmax ⌋, Covmax };
Cov inf ← Cov sup − β · Covmax ;
Generate C + ⊆ C that contains all items to be replaced;
Generate C − ⊆ C that contains all items as candidates
for replacement;
while C − , ∅ or C + , ∅ do
Find one item i ∈ C + and one item i ′ ∈ C − such that
arдmin(|P(u, i) − P(u, i ′ )|);
i,i ′,u

10

11
12

In other words, the cost of replacing i with i ′ in R®u is equal to the
difference in the probability that user u will be interested in i and
i ′ . Therefore, the objective function in Formula 13 is equivalent to
Õ

Algorithm 2: Greedy substitution (GS) algorithm

13
14
15

Replace i in the recommendation list of user u with
item i ′ ; // Step 3
Cov(i) = Cov(i) − 1, Cov(i ′ ) = Cov(i ′ ) + 1;
Update Covmax , Covmin , Cov sup , Cov inf , C + , C − ;
end
end
Return R̂;

′

c(R®u , R®u ),

(14)

∀u ∈U

Based on the above reasoning, we design the GS algorithm as
a three-step process: Step 1: generate α-similar item clusters; Step
2: pick replacement items from their clusters to meet β-coverage
disparity; and Step 3: item replacement and coverage updates. Next,
we explain the details of these steps. Algorithm 2 shows the pseudo
code of GS algorithm.
Step 1. Generate α-similar item clusters. To speed up the
search for similar items during replacement, first, the GS algorithm
partitions all items in I into a number of clusters, so that the items
in each cluster are pairwise α-similar. We implement this clustering
step by initializing each similar pair as a cluster. Then we merge
any two clusters into one if they have at least one item in common
and all items are pairwise α-similar. We repeat the merge step until
there is no further merge can be performed. After clustering, the
GS algorithm simply can pick those items in the same cluster for
substitution. Therefore, we mainly focus on a cluster of items in
the following discussions.
Step 2. Pick items for replacement to meet β-coverage disparity. Since all items in the same cluster are α-similar, the next
step of the GS algorithm is to make all items in the same cluster to
achieve β-coverage disparity. The basic idea is to replace items of
high coverage with the items in the same cluster of low coverage.
One challenge of realizing this strategy is to determine whether
an item is of “high/low” coverage. To address this challenge, we

calculate the lower- and upper-bound of item coverage of all items
in a cluster that is guaranteed to make the whole cluster achieve
(α, β)-individual item-fairness. In particular, consider a cluster of
items C, let Covavд , Covmax , Covmin be the average, maximum,
and minimum of the coverage of all items in C respectively. We
have the following theorem.
Theorem 5.1. Given a set of items C which are pairwise α-similar,
all items in C satisfy (α, β)-individual item fairness if the largest item
coverage Covmax in C satisfies the following condition:
Covmax ≤ ⌊Cov av д + β · max (Cov(i 1 ), Cov(i 2 ))⌋, ∀i 1, i 2 ∈ C (15)

We omit the proof of Theorem 5.1 due to the limited space and
only include the proof sketch here. Consider the extreme case that
there is only one item with coverage of Covmax , while all other
items are of the minimum coverage (Covmax − β · M(i 1 , i 2 )). To
satisfy (α, β)- fairness, Equation (15) must hold. Following Theorem 5.1, since max(Cov(i 1 ), Cov(i 2 )) ≤ Covmax , ∀i 1 , i 2 ∈ C, the
upper-bound of item coverage Cov sup to satisfy β-coverage disparity
is then set as: Cov sup = min{⌊Covavд + β · Covmax ⌋, Covmax }.
Following the requirement of β-coverage disparity, we can infer
the lower-bound of item coverage Cov inf to satisfy β-coverage disparity as: Cov inf = ⌊Cov sup − β · Cov sup ⌋. Based on the reasoning
of the lower-bound and upper-bound of item coverage to satisfy
β-coverage disparity, given an α-similar cluster C, all the items in
C are assigned to one of the three sets in terms of its coverage:
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• C + = {i |Cov(i) > Cov sup , i ∈ C};
• C − = {i |Cov(i) < Cov inf , i ∈ C};
• C0 = C − C + − C − .
Intuitively, each item in C + will be substituted by an item in C − .
Before we start the substitution, we handle the special case that
C + = ∅ or C − = ∅. In particular, when C + = ∅, C + ← C 0 \{i |Covi =
Cov inf }. Also when C − = ∅, C − ← C 0 \{i |Covi = Cov inf }.
Step 3: Item replacement and coverage updates. We substitute each item i ∈ C + with an item i ′ ∈ C − . To maximize the
accuracy of the recommendations, we find the item i ′ ∈ C − that is
of the closest probability as i. Since each item is associated with
multiple probabilities, with one for each user, we look for a user
u and an item i ′ ∈ C − such that |p(u, i) − p(u, i ′ )| is the minimum, among all users that i is recommended to. After one item
substitution, we update the coverage of items i and i ′ , as well
as Covmax , Covmin , Cov sup , Cov inf , C + , C − . The GS algorithm repeats Step 2 & 3 until there is no element in both C + and C − , i.e.,
all items in the cluster C satisfy (α, β)-fairness.

6

EXPERIMENTS

In this section, we present the experimental results of our methods,
and discuss these results. The original recommendation algorithms
and GS algorithm are executed on NVIDIA DGX-2 (V100/32GB)
GPU, and the ER algorithm is executed on Intel(R) Xeon(R) 12-core
CPUs with 128 GB memory. All algorithms are implemented in
Python 2 .

6.1

Setup

Datasets. We use the Amazon e-commerce datasets collection [Ni
et al. 2019]. In particular, we consider two categories in the datasets:
Cell Phone and Beauty. Beauty dataset consists of 22,323 user nodes,
12,101 item nodes, and 37,205,822 edges, and Cell phone dataset consists 27,879 user nodes, 10,429 item nodes, and 37,403,062 edges. We
omit the detailed description and graph statistics due to the limited
space. For each category, we randomly select 70% for training, and
treat the remaining 30% as for testing.
Recommendation algorithms. We use three state-of-the-art deep
learning based recommendation algorithms: (1) CKE [Zhang et al.
2016] with its implementation3 ; (2) PGPR [Xian et al. 2019] with
the implementation4 ; (3) and KGAT [Wang et al. 2019] with the
implementation.5 All the three algorithms output the node embeddings of the original graph; the embeddings can be used to generate
the recommendations.
Fairness setting. The setting of α and β for (α, β)-fairness is shown
in Table 1. The three α values are determined by controlling the
percentage of item pairs evaluated as similar on each dataset, they
lead to 0.1%, 0.5%, and 1% of such similar item pairs respectively.
The β values are determined by empirical analysis of coverage
disparity of the three recommendation algorithms (CKE, PGPR,
KGAT) on the datasets, where the average coverage disparity of
these three algorithms is within 0.1906 ± 0.0263. For each (α, β)
2 Our

code is available at https://github.com/xiulingwang33/Individual-item-fairness
https://github.com/xiangwang1223/knowledge_graph_attention_network implemented by the authors of KGAT [Wang et al. 2019].
4 PRPG: https://github.com/orcax/PGPR.
5 KGAT: https://github.com/xiangwang1223/knowledge_graph_attention_network.
3 CKE:
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Parameter
α
β

Amazon beauty dataset Amazon cellphone dataset
0.2, 0.26, 03
0.25, 0.3, 0.35
0.01, 0.05, 0.1
0.01, 0.05, 0.1
Table 1: Settings of α,β values.

setting, we tried a number of λ values (Eqn. 12) and pick the one
that delivered the best performance.
Evaluation metrics of recommendation accuracy. We use three
metrics: normalized discounted cumulative gain (NDCG), precision,
and recall of the top-10 recommendations. All the results are computed as the average over all users.
Mitigation methods for comparison. We consider the following
two baseline methods:
• Baseline method (MC): We implement the mitigation method
in the literature [Koutsopoulos and Halkidi 2018; Patro et al.
2020] that enforces “minimum item coverage” requirement on
the recommendations. In particular, given the original (biased)
recommendations and an item coverage threshold, we randomly
select an item i whose coverage is below the threshold, and replace it with the item that is of the highest coverage that has
not been replaced yet. We repeat the substitution until the coverage of all items is above the threshold. We name the baseline
mitigation method as MC. We use 10 and 13 as item coverage
threshold for Beauty and Cell phone datasets respectively. We
pick these values as they are approximately half of the average
item coverage of the recommendations.
• Hybrid method (HB): We first apply ER to generate the recommendation list and user-item probability matrix, which are then
used as the input of the GS method. The output of the GS method
is considered as the final recommendations.
Training setting. We tested the batches of size 128, 256, 512, and
1024, and pick the batch size of 256 in the reported experiments as
it delivers the best performance. The learning rate η is set as 0.001.
The size of the three hidden layers is set as 128, 64, 32 respectively.
We set the dimension in the embedding of PGPR as 100, and 64 for
KGAT and CKE. We set the Monte-Carlo sampling size as 30.

6.2

Effectiveness of Bias Mitigation

We measure the effects of bias mitigation on the performance of
three recommendation algorithms (PGPR, KGAT, CKE). In particular, we measure the bias B as the percentage of α-similar pairs of
items that violate the β-coverage parity requirement. Furthermore,
we measure bias reduction as follows:
Bias reduction =

Bbe f or e − B af t e r
Bbe f or e

,

(16)

where Bbef or e and Baf t er indicate the bias of the recommendations before and after mitigation. Intuitively, larger Bias reduction
value indicates that the bias mitigation method is more effective.
Figure 2 shows the bias reduction by the four mitigation methods
under various α and β values on Amazon Beauty dataset. The results
on Amazon Cellphone dataset are similar and are omitted due to
the limited space. The results show non-negligible bias reduction
by the four mitigation methods, in the range [12.5%, 93.6%]. Second,
we observe that the bias reduction by ER is significantly higher
than MC when CKE is used as the recommendation algorithm,
and when α ≥ 0.26 for PGPR recommendation algorithm. On the
other hand, when KGAT is used as the recommendation algorithm,
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Figure 2: Bias reduction by MC, GS, ER and HB mitigation methods (Amazon Beauty dataset)
the three mitigation methods (MC, ER, GS) have comparable bias
reduction. Third, regarding ER versus GS, ER either outperforms
GS (for most of the settings of PGPR and KGAT recommendation
algorithms and α = 0.3, β = 0.1 for CKE algorithm) or has similar
performance as GS. In another word, ER is more effective than GS
in bias reduction, possibly due to the fact that as an in-processing
method, ER interacts more closely with the recommendation models
than GS. Meanwhile, as expected, the HB approach always has the
largest bias reduction among all four mitigation methods. We also
observe that the bias reduction of ER and GS does not change
consistently with the growth of α and β values for both algorithms.
This is indeed expected as the amounts of bias reduction rely on
neither α nor β values. Smaller α values will only lead to more
dissimilar pairs to be treated, while smaller β values will incur
more item replacement.

6.3

Accuracy Loss by Bias Mitigation

To evaluate the impact of bias mitigation on recommendation accuracy, we measure the accuracy loss as
Acc − Acc ′
,
Acc
where Acc and Acc ′ indicate the accuracy (NDCG@10, Precision@10,
Recall@10) of the recommendations before and after mitigation.
Table 2 shows the results of accuracy loss by the four mitigation
algorithms. The results on Amazon cellphone dataset are similar and
thus are omitted due to the limited space. All the mitigation methods
witness the accuracy loss to some extent as the price to be paid
for fairness. First, among these four methods, MC method always
witnesses the largest accuracy loss. Indeed, its accuracy loss is
significant (in the range of [31.53%, 40.89%]). This demonstrates the
Accuracy loss =

weakness of the minimum-coverage bias mitigation method in the
literature [Koutsopoulos and Halkidi 2018; Patro et al. 2020]. Second,
when comparing GS with ER in terms of accuracy loss, there is no
winner between these two methods. For example, GS outperforms
ER when KGAT is used as the recommendation algorithm, while
ER outperforms GS in some settings (e.g., α = 0.2 and β = 0.01)
when PGPR makes the recommendations. Third, HB always brings
higher accuracy loss that of GS and ER, as it has to pay the price of
accuracy loss for both GS and ER methods.

6.4

Trade-off between Fairness and
Recommendation Accuracy

The previous results have shown that the four bias mitigation methods can mitigate bias effectively, but suffer from accuracy loss in
recommendations. To perform a quantitative comparison of these
methods in terms of how they address the the trade-off between
fairness and accuracy. We measure the trade-off between fairness
and accuracy as:
Bias reduction
Tradeoff T =
Accuracy loss
Intuitively, larger T value indicates higher reduction of bias and
smaller accuracy loss and thus the better trade-off.
Figure 3 shows the results of trade-off between fairness and
accuracy (NDCG@10) by the four mitigation methods under various
α and β values on Amazon Beauty dataset. We normalize the tradeoff values across all four mitigation methods to make them in the
range [0, 1]. The results on Amazon Cellphone dataset are similar
and thus are omitted. We have the following observations. First,
unsurprisingly, the trade-off exists for all the four bias mitigation
methods. Second, all our methods (ER, GS, HB) have better trade-off

Providing Item-side Individual Fairness for Deep Recommender Systems

’22, June 21 – 24, 2022, Seoul, South Korea

Table 2: Accuracy loss (%) of recommendations by GS , ER, HB and MC methods on Amazon Beauty dataset. The smallest
accuracy reduction per accuracy metric per setting of the four mitigation methods is highlighted in bold.
α
β
NDCG@10

PGPR
Precision@10

Recall@10

NDCG@10

KGAT
Precision@10

Recall@10

NDCG@10

CKE
Precision@10

Recall@10

GS
ER
HB
MC
GS
ER
HB
MC
GS
ER
HB
MC
GS
ER
HB
MC
GS
ER
HB
MC
GS
ER
HB
MC
GS
ER
HB
MC
GS
ER
HB
MC
GS
ER
HB
MC

0.01
28.23
21.56
35.87

0.2
0.05
0.48
11.54
29.42

0.1
0.02
5.69
22.29

0.01
21.85
20.25
36.07

25.28
19.49
26.15

0.01
9.23
25.64

0.56
11.79
25.64

20.72
18.97
18.97

26.13
21.56
35.87

3.47
11.54
29.42

0.69
13.69
22.29

24.85
21.19
20.65

5.78
11.35
26.14

5.78
13.51
25.98

5.78
11.35
31.72

9.35
20.12
25.95

0.58
11.35
17.84

0.58
13,51
17.30

0.58
11.35
17.84

8.67
14.05
17.30

2.29
11.08
15.57

1.93
13.56
15.33

1.69
10.38
15.57

9.88
12.97
15.33

8.48
8.53
20.67

6.96
5.90
23.10

6.87
9.67
24.83

6.98
14.69
20.68

1.27
7.65
19.90

1.27
5.61
19.90

1.26
7.14
20.41

7.59
11.73
22.45

0.98
8.40
22.79

0.84
5.56
22.90

0.70
8.18
23.02

7.74
9.71
25.19

than the baseline MC. This shows the effectiveness of our methods
in addressing the trade-off between recommendation accuracy and
fairness. Third, in most of the settings, ER has the best trade-off
among the four methods. The only exception is when α = 0.2 and
β = 0.1 for PGPR recommendation algorithm, where GS method
has the best trade-off. We studied the reason behind this observation
and found that the bias reduction and accuracy loss for GS under
this setting is 44.86% and 0.018% respectively, while they are 50.34%
and 5.69% for ER. Thus the trade-off of GS is much higher than that
of ER. Thus, ER is more suitable than the other three alternative
mitigation solutions.
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DISCUSSIONS

Alternative fairness definition. The (α, β)-fairness sets the same
α and β values for all item pairs, which may be too rigid as different
item pairs may have different degree of bias. An alternative fairness
definition is to follow the Lipschitz requirement [Dwork et al. 2012]:
the recommendations of two items i 1 and i 2 is L-Lipschitz fair if

0.26
0.05
8.60
11.49
32.13
32.54
7.87
8.72
22.56
32.08
8.55
9.16
23.95
31.53
8.30
22.47
29.07
39.35
7.51
15.13
20.00
35.14
8.80
15.68
17.92
37.72
6.15
8.31
22.79
40.32
6.96
7.65
21.94
40.89
7.03
8.07
24.97
38.82

0.1
5.82
10.63
21.74

0.01
17.53
20.73
35.39

0.3
0.05
14.52
16.96
28.90

0.1
11.94
15.88
22.14

5.06
7.18
18.97

24.27
18.46
17.44

13.48
14.87
17.95

11.24
15.38
17.44

6.24
7.28
19.76

21.45
18.10
22.96

14.80
14.57
22.08

12.37
14.79
21.63

6.85
23.08
31.36

15.46
20.09
26.67

14.21
12.42
29.75

12.45
10.71
29.30

5.78
15.13
21.08

14.45
16.76
22.70

13.29
13.51
21.62

11.56
11.35
20.00

8.07
15.45
18.87

16.14
16.74
20.52

14.58
12.15
19.81

12.77
9.31
18.16

5.89
11.33
23.98

11.11
14.26
20.82

9.74
11.92
20.78

8.57
12.01
23.51

6.33
9.18
22.96

11.03
11.73
23.47

10.76
12.75
22.96

3.16
11.22
22.96

6.89
9.49
23.57

12.38
12.98
26.83

10.98
12.98
26.06

10.13
12.00
25.41

CD(i 1 , i 2 ) ≤ L × d(i 1 , i 2 )) for some given L, where dis() and CD()
are measured by Equations 1 and 2 respectively. We will investigate
how to equip the recommender systems with Lipstchitz fairness in
the future.
In-processing vs. post-processing bias mitigation. As a postprocessing method, the GS method is model-agnostic and can be
adapted to any recommender system. On the other hand, as an
in-processing method, the ER method relies on the models that the
recommender systems use. Since ER interacts more closely with
the recommendation models, ER outperforms GS in terms of the
effect of bias mitigation. However, ER is less generally applicable
than GS.
Personalized item similarity. In recommender systems, different
users have different preferences and needs. Therefore, how the
users evaluate the accuracy of the recommended items should be
personalized for each user [Kim et al. 2011]. This raises the concern
that the notion of embedding based item similarity may need to be
personalized too. This issue can be addressed by using personalized
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Figure 3: Trade-off of fairness and accuracy of MC, GS, ER and HB mitigation methods (Amazon Beauty dataset)
user and item embeddings [Nguyen and Takasu 2018; Ruan et al.
2021; Wang et al. 2021] that incorporate users implicit shopping
behaviors. Then the item similarity can be measured as the distance
between the personalized embeddings.
Impact of two-sided fairness. We only consider item fairness so
far. When user fairness is also required, ensuring fairness on the
item side may affect the fairness on the user side, and vice versa. The
trade-off indeed exists between the fairness objectives at both sides.
Intuitively, realizing fairness objectives simultaneously at both sides
can be considered as a multi-objective optimization problem. The
challenge is to study the dominance among all fairness solutions,
and identify the Pareto optimal one.
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CONCLUSION

In this paper, we focus on item-side individual fairness in recommender systems. First, we formalize a new notion of individual
fairness named (α, β)-fairness, which requires similar items (where
item similarity is controlled by α) must receive similar coverage in
recommendations (where coverage similarity is controlled by β).
Next, we design two bias mitigation methods named embeddingbased re-ranking (ER) and greedy substitution (GS) that take different
types of inputs for bias mitigation over recommendations. Our experiments demonstrate that both ER and GS methods can address
the trade-off between fairness and accuracy of recommendations.
Furthermore, ER outperforms both GS and the existing solution
[Koutsopoulos and Halkidi 2018; Patro et al. 2020] in terms of the
trade-off both fairness and recommendation accuracy.
For the future work, first, we will explore how to realize multiple
fairness objectives at both user and item sides simultaneously while
minimizing accuracy loss of recommendations. Second, we will

optimize the ER algorithm by partially updating model parameters
for particular target item pairs (e.g., similar item pairs only).
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