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Abstract—In the recommender systems, the receiver of the
recommendations may not be the only stakeholder in the system,
while others may come into play. For example, job positions
cannot be simply recommended to a user according to his or her
tastes only without considering the expectations of the recruiters.
In this paper, we propose a utility-based recommendation model
which produces recommendations by optimizing the utilities of
multiple stakeholders. Particularly, we take advantage of the
multi-criteria ratings that are associated with user expectations
and evaluations. And we propose to learn the user expectations
by the learning-to-rank approaches if they are unknown in the
data. We also propose to seek the optimal solutions by using the
multi-objective optimization techniques. Our experiments based
on a speed-dating data set demonstrate the effectiveness of the
proposed methods in which we are able to keep the balance
between multiple utilities and the recommendation performance
by adopting the multi-objective optimization.
Index Terms—recommender system, utility, multi-stakeholder,
multi-criteria, multi-objective, optimization

I. I NTRODUCTION
Traditional recommender systems produce a list of items
recommendations to the users tailed by the user preferences.
However, the receiver of the recommendations may not be the
only player in the system, and other stakeholders may come
into play. There are several real-world examples:
• In the dating application [21], a young man may prefer a
recommended woman who also wants to date with him,
rather than only the pool of ladies that he likes.
• The similar thing may happen in the job seeking or
recruitment case. We may need to recommend some job
positions to a user while the corresponding employees
may be willing to hire him or her.
• In the advertising area [23], not only the user preferences
(e.g., interests on Ads, privacy concerns) but also the
interests of the advertisers should be considered. For
example, the advertiser would like to present the car
advertisement to the appropriate customers, rather than
any groups of the viewers who like cars. Teenagers may
like cars but they may not have the capability to make
purchases, which decreases the utility of the advertisers.
• A list of recommended projects for students may be
produced by considering both the student preferences and
expectations or requirements form the instructors [43].

The recommendations for a team or a group of people
may need to consider the perspective of each team
member, such as group learning [41], [42].
In contrast to the traditional recommendations which only
utilize the preferences of the end users, multi-stakeholder
recommender systems [3], [40] aim to produce fair recommendations from the perspective of multiple stakeholders. Our
initial work [44] use reciprocal recommendations [20], [21],
[33] as a case study, build multi-stakeholder recommender
systems by taking advantage of the known user expectations
and evaluations. However, there are two major weaknesses –
we may not know user expectations in the real-practice, and
the optimal solutions cannot be always found by an exhaustive
search due to the complexity and the scale of the data. In this
paper, we propose several methods to address these issues so
that the utility-based multi-stakeholder recommender systems
can be easily extended to other domains or applications. Our
contributions in this paper can be summarized as follows.
• We build utility-based multi-stakeholder recommendation
algorithms by utilizing the multi-criteria ratings that are
associated with user expectations and evaluations.
• We propose different methods to learn user expectations
if they are unknown in the data.
• We propose to ﬁnd the optimal solutions by using multiobjective optimization which could be more effective and
efﬁcient than the exhaustive search.
• Our experimental results based on a speed-dating data set
demonstrate the effectiveness of our proposed methods.
•

II. R ELATED W ORK
A. Multi-Stakeholder Recommender Systems
The topic of multi-stakeholder recommendations was inspired
by the notion of “fairness”. Algorithmic fairness [5], [10],
[36] could be deﬁned as a type of constrained optimization
which is designed to improve both the efﬁciency and equity
of decisions. It is necessary because our machine learning
algorithms with the standard utility-maximization objectives
(e.g., maximizing prediction accuracy or minimizing prediction errors) sometimes resulted in algorithms that behaved in
a way in which a human observer will deem unfair, often

especially towards a certain minority, such as the cases with
respect to user gender, race, disabilities, and so forth.
Burke [3] extended this concept to the area of recommender
systems. Basically, there could be two ways to incorporate
fairness into recommender systems. One is a similar way
as the original deﬁnition of algorithmic fairness, where we
try to balance the equity in the algorithm components with
respect to minority groups which may be deﬁned by speciﬁc
attributes, such as user gender or race. For example, by
taking gender and race into consideration, Burke, et al. [4]
proposed a way to balance the neighborhood selection in the
recommendation algorithms. Another idea is recommending
items by considering the role of multiple stakeholders in
the system, so that the recommendations are fair from the
perspective of these stakeholders. Burke [3] further deﬁne and
clarify the type of stakeholders in the area of movie watching.
For example, the potential stakeholders involved in a movie
domain could be the receiver of movie recommendations, the
producer of the movies, the cinema which plays the movies,
and even the movie director. Our initial work [44] proposed
a utility-based model which relies on the information of user
expectations and an exhaustive search to look for the optimal
solutions in the dating applications.
B. Reciprocal Recommendation
Reciprocal recommender systems have been applied in multiple domains, such as dating [20], recruitment [31], [34] and
social connections [14]. It can be viewed as a special case of
multi-stakeholder environment, in which the “two-sided” or
the “bilateral” interactions between the peers are considered.
Take online dating [20], [33] for an example, the recommended
females to a male user cannot simply be the suggestions
who match the male user’s preferences. A successful dating
recommendation may have to also consider the options from
the suggested partners. In the case of recruitment, we cannot
only recommend the job positions that a user is interested in
without considering the expectations from the recruiters.
However, the corresponding utilities in these studies are usually derived from simulations or implicit information. For example, the RECON [20] approach considers the match in user
demographic information and the communications between the
peers. Xia, et al. [33] additionally take the dating interactions
into considerations. These information may indicate how a
user likes others, but it may not be a good representation as
the utility of the users. Our previous work [44] utilized a data,
in which the explicit information of the user expectations are
presented. But we may not know this information in the realpractice, which leaves the limitations in our previous work.
C. Multi-Objective Learning
The task of the multi-stakeholder recommender systems is
highly correlated with the multi-objective optimization. For
example, the increment of the utility from the perspective of
one stakeholder may hurt the utility of the other stakeholders.
Our previous work [44] used an exhaustive search to ﬁnd the
optimal solution, but human efforts are required to make the

ﬁnal decision and the process may not be efﬁcient enough
when the data is in large-scale. Multi-objective optimization,
therefore, is one of the promising solutions to ﬁnd the optimal
solutions efﬁciently. It has been applied to the area of recommender systems [13], [26], [46] to achieve the balance among
precision, novelty and diversity of the item recommendations.
III. DATA AND P ROBLEM S TATEMENT
A. The Speed-Dating Data
The speed-dating data was collected and introduced by Fisman, et al. [11]. It is also available on Kaggle.com1 . The data
was gathered from participants in the experimental speed dating events from 2002 to 2004. The subjects would have a four
minute “ﬁrst date” with every other participant of the opposite
gender. At the end of their four minutes, participants were
asked if they would like to see their date again. They were
also asked to rate their date on six attributes: attractiveness,
sincerity, intelligence, fun, ambition, and shared interests.
The data contains rich information. Table I shows an example of the data excluding demographic information. We list the
useful information that we may need in our work as follows:
• Demographic Information: Each subject was requested to
ﬁll in a questionnaire in which they need to provide a list
of demographic information, such as age, gender, country,
ﬁeld of studies, degree, race, income level, and so forth.
• Dating Goals and Expectations: In the questionnaire, each
subject deﬁned their dating goals and expectations in
advance. This information was stored in either textual
options (e.g., the primary goal of looking for a partner,
etc.) or their expectations by numerical ratings in six
criteria: attractiveness (i.e., Exp-1), sincerity (i.e., Exp-2),
intelligence (i.e., Exp-3), fun (i.e., Exp-4), ambition (i.e.,
Exp-5) and shared interests (i.e., Exp-6). The summation
of the ratings should be 100 in total. We utilize these
multi-criteria ratings only in our work.
• Dating Experience: Each subject will represent their dating experience in multiple ways. First of all, each subject
will leave the ratings on the same six criteria mentioned
above to indicate how the partner meets their expectations
(i.e., the columns Eval-1 to Eval-6 in Table I). In addition,
each subject also gave an overall rating in scale 1 to
10 (i.e., the column “Like” in Table I) to the partner.
Finally, each subject needs to present the willing which
tells whether they want to have a further date with the
same partner in the future or not. The binary variable,
“match”, indicates whether both of them would like to
keep the relationship or continue the dating in the future.
There are 392 subjects in total. The number of dates by each
subject is at least 9 and at most 21. The whole data contains
8,378 records which describe the information for each date.
Note that a date between user a and user b will be described
by two rows or records in the data. Only 16.5% of the records
present matched dating experience.
1 https://www.kaggle.com/annavictoria/speed-dating-experiment

TABLE I
E XAMPLE OF THE DATA
User
2
2
2
6
6

Partner
16
11
13
16
13

Like
7
7
10
6
10

Match
0
0
1
0
1

Eval-1
8
5
5
3
4

Eval-2
7
7
8
7
7

Eval-3
8
8
9
6
9

Eval-4
3
4
6
1
4

B. Problem Statement
Take suggesting user b to user a for an example, we deﬁne user
a as the target user, while b will be the recommended partner.
Our major task is to recommend a list of appropriate partner
users to a target user. Particularly, the appropriateness is deﬁned by the matched dating experience which can be indicated
by the binary variable “match”. Our previous work [44] has
shown case of a utility-based model which we will discuss for
more details in the next section. In this paper, we speciﬁcally
focus on the following research problems:
• The proposed utility model may need the information of
user expectations. We would like to ﬁgure out how to
learn these information if they are not observed in the
data or the applications.
• In addition, we attempt to use multi-objective learning
to seek the optimal solutions instead of the exhaustive
search in our previous work [44].
• We will compare the optimal solutions by using the original and the learned user expectations to examine whether
we can obtain equivalent and even better solutions.
IV. M ETHODOLOGY
In this section, we ﬁrst introduce the workﬂow of our methods,
and discuss two major challenges in our work – the learning
of user expectations, and the multi-objective optimization.
A. Workﬂow
The initial idea of utility-based multi-stakeholder recommender systems was proposed in our previous work [44]. We
formally summarize it as follows.
Recall that we have multi-criteria ratings in the data set
which are potentially helpful in multi-criteria recommender
systems [1], [39]. In our work, we take advantage of them
in a different way. More speciﬁcally, we deﬁne the utility of
the stakeholder as the similarity between the vector of user
expectations and the vector of user evaluations in terms of the
−
multi-criteria ratings. More speciﬁcally, we use →
cu to represent
−
→
the vector of user expectations, and ru,i denotes the u’s rating
vector on the item i, as shown below. Note that these two
vectors denote user’s expectations and evaluations on the same
six criteria in our speed-dating data – attractiveness, sincerity,
intelligence, fun, Ambition and shared interests.
→
−
cu =< c1u , c2u , c3u , c4u , c5u , c6u >
−
→ =< r1 , r2 , r3 , r4 , r5 , r6 >
ru,i
u,i u,i u,i u,i u,i u,i

(1)
(2)

Eval-5
6
6
3
1
3

Eval-6
2
3
4
1
2

Exp-1
45
45
45
10
10

Exp-2
5
5
5
25
25

Exp3
25
25
25
20
20

Exp-4
20
20
20
25
25

Exp-5
0
0
0
5
5

Exp-6
5
5
5
15
15

The value of the utility can be obtained by the corresponding
similarity measures between two vectors, such as Pearson
correlation, cosine similarity, Jaccard similarity, and so forth.
In our speed-dating data, the information of user expectations are observed. We propose to learn user expectations
in Section IV-B, if these information is unknown in other
→ represents the
domains or applications. Given an item i, −
ru,i
user evaluations on the item i in shape of the multi-criteria
ratings. For the recommendation purpose, we need to predict
−
→ for the user u on all of the candidate items. Simply, we
ru,i
apply the biased matrix factorization [17] to the corresponding
user-item-criterion rating matrix for the prediction purpose.
Assume we are going to recommend user b to date with
user a, the corresponding utilities can be deﬁned as follows:
→)
−
ra,b
U tility(a) = similarity(→
ca , −

(3)

−
→)
U tility(b) = similarity(→
cb , −
rb,a
(4)
→ and −
→ represent how a evaluates b and
Note that −
ra,b
rb,a
how user b likes a in terms of the multi-criteria ratings
respectively. We tried cosine similarity, Jaccard similarity and
the Pearson correlation to calculate the similarity values, and
our experiments reveal that Jaccard similarity did not work
well, and Pearson correlation slightly worked better than the
cosine similarity. We introduce and discuss our experimental
results by using Pearson correlation in the following sections.
In the utility-based recommender systems, we will use the
utility to rank the items for the recommendation purpose.
Therefore, a ranking score based on the utilities can be
described by Equation 5, if we are going to recommend user
b to the user a in the reciprocal recommendations.
Score(a ← b) = β × U tility(a) + (1 − β) × U tility(b) (5)
It is a linear combination of the utilities from the perspective
of user a and b, so that the fairness between stakeholders can
be achieved. β is a factor to indicate the weights of the utilities.
The value of β (0 ≤ β ≤ 1) should be carefully deﬁned for
the following reasons. On one hand, the overall utility (i.e.,
the ranking score in Equation 5) will be used to produce the
recommendations, where the β should balance the utilities and
the recommendation performance. On the other hand, β can
be adjusted due to the characteristics of the applications. For
example, in the dating applications, a VIP user (e.g., a user
with paid membership) may have the priority to receive the
recommendations with more utilities from their perspectives

than the users without membership. We simply ignore the issue
of membership in our work, and treat all users equally.
Finally, we need to learn the optimal β value, in order
to achieve the balance among different objectives, such as
individual utilities and the overall utility, as well as the
recommendation performance, such as precision in the topN recommendations. The speciﬁc learning methods will be
discussed in Section IV-C.
B. Learning User Expectations
Our previous work [44] shows case of how useful the
user expectations are in the multi-stakeholder recommender
systems. In our speed-dating data, this information is observed
in shape of the multi-criteria ratings. Unfortunately, the information of user expectations may not be explicitly available in
other data or domains. There are usually two ways to alleviate
this problem: one is to generate user expectations by aggregating the implicit preferences. However, domain knowledge
may be required to correlate the implicit information (such as
user behaviors, textual comments, etc) with the corresponding
criteria. Another method is to learn the user expectations
by minimizing the prediction errors or maximizing the user
preferences. We discuss this learning approach in this section.
Let li represent the ranking label for the item i. If l(i) >
l(j), then the item i should be ranked before the item j. Let
f denotes the ranking function, while f (u, i) will produce a
ranking score for the item i from the perspective of a user u.
To simplify the learning process, the ranking function in our
work, f (u, i), is represented by the dot product of these two
vectors, as shown in Equation 6. The dot product function
is usually viewed as a simpliﬁed representation of cosine
similarity to be used in the learning and optimization process.
→
−
ru,i
f (u, i) = →
cu · −

(6)

We can learn user expectations in two ways: one is that we
learn the user expectations ﬁrst, and then utilize these learned
expectations to perform the following steps which are related
to multi-objective optimizations. Another way is that we can
consider these user expectations as the variables to be learned
in the process of multi-objective optimizations. In this section,
we only discuss our approach of the ﬁrst way as follows.
There are two possible optimization goals, if we decide to
learn the user expectations ﬁrst. On one hand, we can learn
−
the →
cu by minimizing the sum of squared prediction errors,
with respect to the user’s overall rating on the item (e.g., the
variable “Like” in Table I). On the other hand, we can learn
−
the →
cu by maximizing the rankings. We tried both, and found
that the learning-to-rank method is signiﬁcantly better. We
speciﬁcally introduce our learning-to-rank methods as follows.
Note that the ground truth of the rank can be obtained by the
ratings in the variable “Like” as shown in Table I.
1) Pointwise Ranking: The pointwise approach only looks
at a single item at a time in the loss function. The ranking
score for an item is independent of other items that are in the
list of candidates. We use a similar loss function deﬁned in
the subset regression [6], and the loss function is as follows:

L=

|Tu |
M 
6


2
( (f (u, i) − li )2 + λ
cju )
u=1 i=1

(7)

j=1

Assume there are M users in total, while Tu represents
the
set of candidate items to be recommended to the user
2
6
u. j=1 cju is the regularization terms used to alleviate the
overﬁtting problem, and λ is the regularization rate. li can
be produced by the user’s overall rating on the item (i.e.,
the partner to date in our speed-dating example). By using
stochastic gradient descent (SGD), we are able to learn the
−
vector of user expectations, →
cu .
2) Pairwise Ranking: Given a pair of the items, the pairwise
method comes up the optimal ranking for this pair and
compares it to the ground truth. It looks at a pair of the items
at a time in the loss function and the goal becomes minimizing
the number of inversions in the rankings. The corresponding
loss function can be denoted by Equation 8.

L=

M |T
6
u |−1 |Tu |



2
(
ψ(f (u, i) − f (u, k)) + λ
cju ) (8)
u=1

i=1

j=1

k=1
li >lk

where ψ(z) is the function adopted to convert z to be
continuous and differentiable, so that we can use SGD as the
optimizer. ψ(z) could be the hinge function (1 − z)+ [15], the
logistic function log(1 + e−z ) [2] or the exponential function
e−z [12]. In our work, we use the exponential function
which was also adopted by the learning to rank collaborative
ﬁltering [19] in the area of recommender systems.
3) Listwise Ranking: The weakness in the pairwise ranking
is that it only compares each pair of the items for the ranking
optimizations. By contrast, the listwise method is deﬁned on
the basis of all of the items. There are two major techniques
to realize the listwise ranking – either optimizing the ranking
metrics directly, e.g., ListRank-MF [27], or minimizing a loss
function that is deﬁned based on the properties of rankings to
be achieved, such as ListMLE [32].
In our work, we choose to optimize the normalized discounted cumulative gain (NDCG) metric [30] directly. NDCG
is a measure from information retrieval, where positions are
discounted logarithmically. Assuming each user u has a “gain”
gui from being recommended an item i. The gain information
can be obtained from the user preferences on the items in
the area of recommender systems, while it may refer to the
relevance of the documents in the area of information retrieval.
The average Discounted Cumulative Gain (DCG) for a list of
J items is deﬁned as shown in Equation 9.
DCG =

N
J
gui j
1 
N u=1 j=1 max(1, logb j))

(9)

NDCG is the normalized version of DCG given by Equation 10, where DCG∗ is the maximum possible DCG.
N DCG =

DCG
DCG∗

(10)

Genetic and evolution algorithms have been demonstrated
as effective solutions for listwise ranking in the area of
information retrieval [35]. In our work, we use the f (u, i)
function to rank the items, and adopt differential evolution [29]
and particle swarm optimization (PSO) [22] to learn the user
expectations by maximizing the NDCG metric. Our experiment shows that the PSO can give better solutions.
In addition, we also try the second way which consider
user expectations as the variables to be learned in the process
of multi-objective optimizations. We will compare these two
ways in order to ﬁgure out which approach is better.
C. Multi-Objective Optimization
As mentioned before, the multi-objective learning has been
applied to the area of recommender systems [13], [26], [46]
to achieve the balance among precision, novelty and diversity
of the item recommendations.
The multi-objective problem [25] can be deﬁned as follows.
−
−
−
−
x ), f2 (→
x ), ..., fk (→
x )]
M inimizef (→
x ) = [f1 (→
subject to:

(11)

−
g i (→
x ) ≤ 0, i = 1, 2, ..., m

(12)

−
hi ( →
x ) = 0, i = 1, 2, ..., p

(13)

−
where →
x represents the vector of the decision variables. fi
are the objective functions, and gi and hi denote the constraint
functions. Note that the Equation 11 uses the minimization of
the objectives as the example, while it is actually able to solve
any minimization and maximization problems.
Any solutions that meet the requirements above are deﬁned
−
→
as feasible solutions. Assume −
x→
A and xB are two feasible
−
→
−
→
x→
solutions. We deﬁne xA dominates xB , if −
A does not present
−
→
worse objectives than xB in all the objective functions, and
−
→
−
x→
A must produce at least one better objectives than xB . The
learning process is going to seek the Pareto optimal set which
−
is a set of non-dominated →
x as the optimal solutions.
In our case, we need to keep the balance between the
utilities and the recommendation performance. Our initial
work [44] utilizes an exhaustive search which may not be
feasible and efﬁcient in the large-scale data. Our previous work
found that we need to consider both the individual utilities (i.e.,
the utilities in Equation 3 and 4) and the overall utility (i.e., as
shown in Equation 5) as the objectives. It is because the utility
of one stakeholder may be signiﬁcantly larger than the ones
of other stakeholders, where the utility of other stakeholders
may be overwhelmed. We may obtain high overall utility but
one of the individual utilities may be signiﬁcantly lower than
the others. It makes us fail to produce fair recommendations
from the perspective of different stakeholders.
Therefore, we choose four objectives in our experiments
– the utility of the target user, the utility of the partner
and the overall utility, as well as precision to indicate the
recommendation performance. Note that, we want to maximize
all of these objectives in our experiments.

V. E XPERIMENTS
A. Techniques and Baseline Approaches
We have introduced most of the techniques that we propose in
the Section IV. We additionally introduce the multi-objective
learning techniques in this section.
We use the MOEA library2 which is a Java-based open
source framework for multi-objective optimization. It deﬁned
the whole learning framework, implements the state-of-the-art
multi-objective optimization algorithms, and suggests empirical settings for quick experiments. We adopt six mainstream
multi-objective learning techniques in the MOEA library:
• NSGA-II [8] is one of the most popular multi-objective
learning techniques. It is composed of two principal
parts: a fast non-dominated sorting solution part and the
preservation of the solution’s diversity.
• NSGA-III [9] is an improved version of NSGA-II, in
which adopts many new selection mechanisms and it can
handle more than two objectives at the same time.
• MSOPS [16] is a multiple single objective which optimize
single objectives respectively and aggregate them together
to produce the ﬁnal solution.
• -MOEA [7] is a steady-state algorithm, meaning only
one individual in the population is evolved per step, and
uses an -dominance archive to maintain a well-spread
set of Pareto-optimal solutions.
• SMPSO [18] is a multi-objective learning approach based
on the particle swarm optimizer (PSO).
• OMOPSO [28] is an improved multi-objective PSO by
using crowding, mutation and -dominance, and it was
demonstrated as one of the top PSO methods to address
the multi-objective issues.
We use the suggested empirical settings in the MOEA
framework for these multi-objective learning approaches.
MOEA setups these quick-run environments to avoid complicated parameter tuning in the experiments.
In terms of the baseline approaches, our previous work [44]
has demonstrated that the utility-based multi-stakeholder recommenders can outperform multiple baseline methods, including the RECON [20] which is a popular reciprocal recommendation algorithm for online dating. In this paper, our goal
is to compare the proposed approaches which learn the user
expectations and ﬁnd optimal solutions by the multi-objective
learning techniques with the method in our previous work [44]
which uses the known user expectations and ﬁnd the solution
by an exhaustive search. In the exhaustive search method, we
vary the value of β (in Equation 5) from 0 to 1 with 0.1
increment in each step to ﬁnd the optimal option to balance
the multiple objectives.
As a summary, we use the overall utility shown in Equation
5 to produce the item recommendations. We can learn the
user expectations by either the learning-to-rank methods or a
single process in the multi-objective learning. By using the
learning-to-rank methods to obtain the user expectations, we
2 MOEA,

http://moeaframework.org/
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Fig. 1. Solutions By Balancing Utilities and Precision

B. Evaluation Protocols
Due to the small size of our data, we use a 5-fold cross
validation strategy for the evaluation purpose. In terms of the
recommendation performance, we use precision as the major
metrics in the top-N recommendations, where we examine the
performance for both top-5 and top-10 recommendations. Both
of them present similar patterns. We only present the results
based on the top-5 recommendations in the following sections.
C. Results and Findings
1) Learning User Expectations: One of the major contributions in this paper is that we propose to learn the user
expectations if these information are unknown in the data,
so that our proposed utility-based models can be generally
applied to other domains or the applications. As mentioned
in the Section IV-B, there are two ways to learn these user
expectations: one way is that we try to learn the vector of
user expectations by maximizing the rankings. Another way
is that we can consider user expectations as the variables to
be learned in the process of multi-objective optimizations. We
perform both of these two possible ways to learn the user
expectations, and the results can be shown in Figure 2.
The method “Like” in the Figure above represents the baseline method which reports the NDCG by using the Bayesian
personalized ranking algorithm [24] based on the numerical ratings in the variable “Like”. “NSGA-II” is the multiobjective learning method which learns the user expectations
and the value of β in Equation 5 in a single process. We
present the results by NSGA-II since it is demonstrated as
the best performing one, which will be further discussed in
the following analysis. Others in Figure 2 are the learningto-rank methods which are deﬁned in Section IV-B. We can

observe that the pairwise and listwise ranking outperform the
pointwise ranking method, and the listwise ranking seems to
be slightly better than the pairwise method. In addition, the
NSGA-II approach can help obtain similar NDCG as the one
by the listwise ranking. Both NSGA-II and listwise ranking
can obtain almost the equivalent results as the “Like” method,
which tells that we are able to successfully learn the user
expectations by using the proposed methods.
Ϭ͘ϵϴϲ
Ϭ͘ϵϴϰ
Ϭ͘ϵϴϮ

E'

need to further ﬁnd the optimal solution (i.e., the value of β in
Equation 5) by using several multi-objective optimization techniques. By using the other method, both the user expectations
and the β are the variables in the process of multi-objective
optimizations. We compare the proposed methods with our
previous work [44] to see whether we can obtain equivalent
and even better solutions.
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Fig. 2. NDCG Results By Learning User Expectations

2) Multi-Objective Learning: Recall that we have four
objectives – utility of the target user, utility of the partner,
the overall utility, the precision in the top-5 recommendations.
Note that there are two factors which may affect the quality of
the results – the value of β, and the vector of user expectations.
We seek the optimal solutions which meet at least two
requirements – 1). The individual utilities should be almost
equally balanced; 2). The solution may not hurt the overall
utility and precision too much. The results by the identiﬁed solutions can be shown by Figure 1. We use “Exhaustive Search”
to represent our previous work [44], where we manually vary
the values of β from 0 to 1. “NSGA-II” in Figure 1 denotes the
best performing multi-objective learning method which learns
the value of β and the vector of user expectations in a single
process. Other methods are the ones which learn the user
expectations by the learning-to-rank methods ﬁrst, and then
ﬁnd the optimal β by the multi-objective learning techniques.
First of all, we focus on the proposed methods which learn
the user expectations by using the learning-to-rank approach.
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Fig. 3. Distribution of the Number of Optimal Solutions

We can observe that the optimal solutions by these methods
can ﬁnd similar results by the exhaustive search in Figure 1.
More speciﬁcally, they obtain similar individual utilities and
the overall utility at the cost of precision. Learning user
expectations by the listwise ranking can lead to the best results
among the three learning-to-rank techniques. Note that, the
proposed methods in our paper can help ﬁnd solutions with
better precision too, but these solutions may hurt either the individual utilities or the overall utility signiﬁcantly. We believe
the results here are meaningful since they are able to balance
the utilities by limited loss in the precision values. It also
conﬁrms the effectiveness of the learned user expectations.
The value of β in the optimal solutions is set as 0.68, 0.67 and
0.66 by using the user expectations learned by the pointwise,
pairwise and listwise respectively. All of these solutions are
identiﬁed by the NSGA-II approach.
Then, we take the “NSGA-II” method into consideration,
while it is the best performing multi-objective learning method
which learns the value of β and the vector of user expectations
in a single process. We can see that it is able to ﬁnd an optimal
solution which helps obtains higher individual utilities at the
cost of slightly lower overall utility and the precision results.
It outperforms the methods which learn the user expectations
by using the learning-to-rank, since it is able to obtain higher
utilities and precision values. It infers that there may be several
solutions which can produce similar user expectations, but it
is better to consider these user expectations as the variables
to be learned in the multi-objective optimizations.
In addition, we are interested in which multi-objective learning method is the best choice. Note that the multi-objective
optimization techniques will seek a set of the non-dominated
solutions as the Pareto optimal set. We blend all of the
solutions in the Pareto optimal sets, regardless which learningto-rank method we used to produce the user expectations. The
pie chart in Figure 3 shows the distribution of the number of
the identiﬁed solutions. There are 2,663 solutions in total by
using the three ranking methods with the six multi-objective
learning techniques. NSGA-III is able to produce the most
number of the solutions, while the number of solutions by the
OMOPSO technique is the least.
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Fig. 4. Distribution of the Similarity of the Solutions

Furthermore, we explore the quality of these identiﬁed
solutions. We represent each solution by a vector in which
we store the values of the utility of the target user, the utility
of the partner, the overall utility and the precision at the top5 recommendations. We choose the optimal solution by the
exhaustive search as the base solution, and calculate the cosine
similarity between the base solution and each solution in the
Pareto optimal set by each multi-objective learning technique.
Afterwards, we analyze the distribution of these similarities
and present the results as the box plots shown by the Figure 4.
We can observe that the NSGA-III is able to identify the
most number of the solutions in Figure 3, but the quality is
signiﬁcantly lower than others, since the similarities between
its solutions and the base solution are signiﬁcantly lower than
others. The average quality of the solutions by the NSGA-II
method is still one of the best among these approaches, since
the median value is generally higher than others. Based on
these ﬁndings, we conclude that NSGA-II could be the best
choice for the multi-objective learning technique in our utilitybased multi-stakeholder recommendation models.
VI. C ONCLUSIONS AND F UTURE W ORK
In this paper, we propose a utility-based multi-stakeholder
recommendation algorithm, in which we utilize the user expectations and evaluations to produce the utility scores. In
addition, we ﬁnd that it is possible to learn the user expectations if this information is not observed in the data. More
speciﬁcally, we discover that the listwise ranking optimization
is able to help us learn better user expectations. By applying
the multi-objective learning techniques, we are able to ﬁnd the
optimal solutions based on the utility-based multi-stakeholder
recommender systems. The identiﬁed solution can keep the
balance among the individual utilities, the overall utility and
the recommendation performance. We also evaluate several
multi-objective learning methods, which reveals that NSGA-II
could be the best multi-objective optimizer.
In our further work, we would like to explore how to
generalize the proposed methods to other applications, rather
than the reciprocal recommendations only. Multi-stakeholder
recommender system is a promising and novel research direction, and there are many more challenges to be solved

as the future work. For example, there could be conﬂicting
interests among multiple stakeholders. Also, the utilities of
each stakeholder may vary in different context situations [37],
such as user’s emotional states [38], [45]. In addition, there
may be other types of the recommendation models rather than
the utility-based approaches.
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