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ABSTRACT
Recommender systems can be characterized as software solutions
that provide users convenient access to relevant content. Tradi-
tionally, recommender systems research predominantly focuses on
developing machine learning algorithms that aim to predict which
content is relevant for individual users. In real-world applications,
however, optimizing the accuracy of such relevance predictions as
a single objective in many cases is not sufficient. Instead, multiple
and often competing objectives have to be considered, leading to a
need for more research in multi-objective recommender systems.
We can differentiate between several types of such competing goals,
including (i) competing recommendation quality objectives at the
individual and aggregate level, (ii) competing objectives of differ-
ent involved stakeholders, (iii) long-term vs. short-term objectives,
(iv) objectives at the user interface level, and (v) system level ob-
jectives. In this paper we review these types of multi-objective
recommendation settings and outline open challenges in this area.
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1 INTRODUCTION
Generically defined, recommender systems can be characterized
as software solutions that provide users convenient access to relevant
content. The types of conveniences that such systems provide can be
manifold. Historically, recommender systems were mainly designed
as information filtering tools, like the early GroupLens system [62]
from 1994. Later on, various other ways were investigated how
such systems can create value, e.g., by helping users discover rel-
evant content, by providing easy access to related content (e.g.,
accessories), or by even taking automatic action like creating and
starting a music playlist.

While a recommender systems can serve various purposes and
create value in different ways [40], the predominant (implicit) ob-
jective of recommender systems in literature today can be described
as “guide users to relevant items in situations of information over-
load”, or simply “find good items” [26]. The most common way of
operationalizing this information filtering problem is to frame the
recommendation task as a supervised machine learning problem.
The core of this problem is to learn a function from noisy data,
which accurately predicts the relevance of a given item for individ-
ual users, sometimes also taking contextual factors into account.

Although the actual relevance of recommended items can be
assessed in different ways [25], data-based offline experiments dom-
inate the research landscape. In early years, rating prediction was
∗Presented at the MORS workshop held in conjunction with the 16th ACM Conference
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considered a central task of a recommender and the corresponding
objective was to minimize the mean absolute error (MAE), see [68]
for work using MAE in 1996. Nowadays, item ranking is mostly con-
sidered to be more important than rating prediction, and a variety
of corresponding ranking accuracy measures are used today.

While the metrics changed over time, the research community
has been working on optimizing relevance predictions in increas-
ingly sophisticated ways for almost 30 years now. The main ob-
jective of such research is to minimize the relevance prediction
error or to maximize the accuracy of the recommendations. The
underlying assumption of these research approaches is that better
relevance predictions lead to systems that are more valuable for
their users. This seems intuitive for many practical applications,
because a better algorithm should surface more relevant items in
the top-N lists shown to users.

Such an assumption might however not always be true, and
it was pointed out many years ago that “being accurate is not
enough” [53]. A recommender system might for example present
users with obvious recommendations, e.g., recommending new Star
Wars sequels to a Star Wars lover. The prediction error for such rec-
ommendations might be even close to zero. But so will be the value
of the recommendations to users, who most probably know these
movies already. Observations like this led to a multitude of research
efforts on “beyond-accuracy” measures like diversity, novelty, or
serendipity, see [12] for an early work from 2001. Which beyond-
accuracy dimension is relevant for a given setting depends on the
purpose the recommender is intended to serve [32]. Independent
of the purpose, beyond-accuracy measures however often com-
pete with accuracy measures, leading to the problem that multiple
objectives have to be balanced when serving recommendations.

Historically, when considering the purpose of a recommender
system, the focus of research was on the value of such a system
for consumers. Only in recent years more attention was paid to the
fact that recommender systems in practice factually serve some
business or organizational objectives. Considering these provider-
side aspects therefore requires that we see recommendation as a
problem where the interests and objectives of multiple stakeholders
must be considered [1, 2], often also taking different optimization
time horizons into account.

Overall, while being able to predict the relevance of individual
items for users remains to be a central and relevant problem, con-
sidering only one type of objectives, i.e., prediction accuracy, and
the corresponding metrics may be too simplistic and ultimately
limit the impact of academic research efforts in practice. One im-
portant way to escape the limitations of current research practice is
to consider multiple quality dimensions and stakeholder objectives
in parallel [34]. Next, in Section 2, we will discuss various forms of
multi-objective recommender systems found in the literature.



Dietmar Jannach

2 TYPES OF MULTI-OBJECTIVE
RECOMMENDATION SETTINGS

On a very general level, we can define that “a multi-objective rec-
ommender system (MORS) is a system designed to jointly optimize or
balance more than one optimization goal.” Figure 1 provides an tax-
onomy of different and mostly orthogonal types of multi-objective
recommendation settings. We note that the various objectives to
be pursued with a recommender system are in many cases compet-
ing. Diversity goals, for instance, typically stand in contrast with
accuracy. However, not all objectives necessarily represent such a
contrast. Increasing the musical coherence of a playlist for example
showed to be advantageous in terms of accuracy in some cases
in [36]. Also, when considering short-term and long-term objec-
tives, taking measures to increase interactivity and engagement
with the system in the short term is usually considered beneficial
for customer retention in the long run [24]. Note that while most
discussed objectives are algorithmic ones, there may also be non-
algorithmic objectives at the user experience level, i.e., objectives
that are not tied to a specific underlying algorithm.

2.1 Recommendation Quality Objectives
Under this category, we subsume problem settings, where more
than one quality objective of recommendations for users must be
considered. We can differentiate between the system considering
such objectives at the level of individual users or at an aggregate
level, i.e., for the entire user base.

Individual level. At the individual level, consumers can have
specific (short-term) preferences, e.g., regarding item features that
should be considered in parallel. For instance, a user of a hotel
booking platform might be interested in a relatively cheap hotel,
which in addition is close to the city center. In such a situation, a
recommender system might therefore strive to find an offering that
respects both preferences as good as possible. Such problem set-
tings often occur in interactive or conversational recommendation
scenarios. Technically, a variety of Multi-Criteria Decision-Making
(MCDM) methods such as Analytic Hierarchical Process (AHP), the
Weighted Sum Method (WSM) or Multi-Attribute Utility Theory
(MAUT) can be applied, see [48, 74]. Such methods can also be part
of interactive constraint-based recommendation approaches [31] to
rank items. In addition, some of these constraint-based approaches
support the automatic relaxation of individual user preferences
in case none of the remaining items matches all consumer prefer-
ences [20].

A different way to consider multiple user preferences at the in-
dividual level is called calibration. In such an approach, the idea
usually is to match certain beyond-accuracy aspects of the recom-
mendation list with past preference profiles of individual users. In
an early work, Oh et al. [57] tried to align the recommendations
with the past popularity tendencies of a user. Later, Jugovac et
al. [42] extended the approach for multiple optimization objectives.
A more formal characterization of calibration was introduced in
[69] by Steck, and [4] represents another recent work into that
direction. In most cases the central idea of these approaches is to
match two distributions, e.g., the popularity distribution of items in
the user profile and the popularity distribution of recommendations.

An alternative optimization goal was used in [36] for the music
domain, where the objective was to find musically coherent playlist
continuations while preserving prediction accuracy.

Aggregate level. The majority of published research on balanc-
ing different recommendation quality aspects targets the aggregate
level. The objective of such works is to balance the recommen-
dations for the entire user base, the corresponding metrics are
therefore usually averages. The most common beyond-accuracy
measures in the literature include diversity, novelty, serendipity, cat-
alog coverage, popularity bias or fairness, see, e.g., [3, 6, 18, 43, 75].
Most commonly, the goal is to balance accuracy with exactly one
of these measures, assuming that there is a trade-off between these
quality factors. Increasing diversity is for example commonly as-
sumed having a negative impact on accuracy metrics. A few works
exist which consider more than two factors. In an earlier work
in this area [64], the authors describe an effort to build a talent
recommendation system at LinkedIn, which not only considers the
semantic match between a candidate profile and a job, but which
also take side constraints into account, for instance, the presumed
willingness of a candidate to change positions.

Technically, a variety of approaches to balance competing goals
can be found in the literature. Re-ranking accuracy-optimized lists
is probably the most common approach and was also used in early
approaches for diversification [12]. Alternative techniques for creat-
ing a balanced lists or for merging different lists include constraint
optimization techniques, graph-based and neighborhood-based ap-
proaches, methods that are based on the concept of Pareto effi-
ciency, methods that integrate different objectives in their loss func-
tion, or bandit-based approaches that address the explore-exploit
problem for improved discovery through novel recommendations
[16, 29, 30, 52, 63, 66, 79–81].

2.2 Multistakeholder Objectives
The beyond-accuracy quality metrics discussed in the previous
section were historically mostly introduced to improve recommen-
dations for end users. Higher diversity, for example, should avoid
monotonicity, and novelty should support discovery. The under-
lying assumption—also of pure accuracy-oriented works—is that
improving different quality aspects for users would be at least in-
directly beneficial for the providers. Only in recent years, more
attention was paid in the literature to the fact that many recom-
mendation scenarios in the real world are situated in environments,
where the objectives of multiple stakeholders have to be considered.
The common players in such multistakeholder recommendation
problems include end consumers, recommendation service providers,
item suppliers, and sometimes even parts of a broader society [1, 34].
In such settings, a recommender system may serve different pur-
poses for different stakeholders [32], and the related objectives may
stand in conflict.1

A typical problem setting in practice that involves two stakehold-
ers is that of balancing consumer and provider objectives. In many
cases, there may be a potential trade-off between (a) recommending
the most relevant items for consumers and (b) recommending items

1In some cases there may even be subgroups within the consumer stakeholder group,
e.g., free vs. premium or new vs. existing customers, for which different objectives
may exist.
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Multi‐Objective Recommender Systems

Quality 
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Multistakeholder 
Objectives

Time Horizon 
Objectives

User Experience 
Objectives

Individual level, e.g.,
• Multi‐criteria 
optimization

• Calibration

Aggregate level, e.g.,
• Global diversity, 
serendipity, novelty, …

Long‐term, e.g., 
• Customer retention
• Satisfaction
• …

Short‐term, e.g., 
• Click‐through rates
• Profitability

Trade‐offs, e.g., 
• Information 
completeness vs. 
Information Overload

• Transparency vs. 
Cognitive Effort

• Cognitive Effort vs. 
User Control vs. 
Usability

• Flexibility vs. Efficiency

Two stakeholders, e.g.,
• Consumer and Provider 
(relevance vs. profit)

More stakeholders, e.g., 
• Consumer and Platform 
and Provider (relevance 
vs. commission profit vs. 
revenue) 

System‐related Objectives

Trade‐offs, e.g., 
• Accuracy vs. scalability

Figure 1: Taxonomy of different types of multi-objective recommendation settings.

that are also somewhat relevant but assumed to be favorable in
terms of the provider’s business objectives. Some of the discussed
beyond-accuracy metrics can actually be seen as serving both stake-
holders. Making more novel recommendations not only potentially
leads to a better user experience, but also to more engagement with
the service and longer term customer retention [8].

A number of research works however also consider business
(or: organizational) objectives more directly, in particular in the
form of recommender systems that are “‘price and profit aware”
[33]. In [14], for instance, two heuristic profit-aware strategies are
proposed and the authors found that such methods can increase
the profit from cross-selling without losing much recommenda-
tion accuracy. A number of other possible solutions to maximize
provider profitability were proposed over the years, using a vari-
ety of approaches including mathematical optimization with side
constraints, re-ranking accuracy-optimized lists based on profit
considerations, random walks over graphs or analytical modeling
[9, 9, 59, 76]

Besides such situations with potential consumer-provider trade-
offs, there are settings that involve even more stakeholders to con-
sider. A problem that has been studied for several years—even
though not under the name multistakeholder recommendation—is
that of group recommendation [50]. In such settings, the system’s
goal is to determine a set of recommendations that suit the prefer-
ences of a group of users, e.g., friends who want to watch a movie
together. A variety of strategies to aggregate the individual user
preferences were proposed over the years. Early works on the topic
can be found in [56] and [49]. In [49], for instance, Masthoff reports
the outcomes of different user studies aimed to understand how
humans make choices for a group and finds that humans indeed
sometimes follow strategies inspired from Social Choice Theory.
We note here that the group recommendation setting differs from

other multistakeholder scenarios in that all stakeholders receive
the same set of recommendations.

Reciprocal recommendation is another specific set of problem
settings involving multiple stakeholders. Here, instead of recom-
mending items to users, the problem is to recommend users to
users, also known as people-to-people recommendation. Typical
application scenarios are recommendations on dating and recruit-
ing platforms. A particularity of such settings is that the success
of a recommendation is not determined solely by the recipient of
the recommendation, but there must be a mutual preference match
or compatibility between the two people involved, see [58] for
an in-depth discussion on the topic. The recommendation service
provider therefore faces additional complexities in the matching
process and in parallel has to observe its own business objectives
and constraints. On a job recommendation platform, for example,
the provider may have to additionally ensure that each paid job
advertisement receives a minimum number of relevant impressions,
i.e., exposure [5].

Similar considerations may generally apply when the recommen-
dation platform serves as a marketplace with multiple suppliers of
identical or comparable items. Let us consider again the example
of a typical hotel booking platform, which serves personalized rec-
ommendations to its users [34]. Besides the consumer, who already
might have competing objectives, there are the property owners,
who have their offerings listed on the booking platform and pay
a commission for each booking. The goal of the property owners
is that their offerings are exposed to as many matching customers
as possible in order to increase the chances of being booked. The
booking platform, finally, is not only interested in recommending
matching hotels to consumers, but might also seek to maximize
their commission, e.g., by recommending slightly more expensive
hotels. In addition, to balancing these objectives, the platform may
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furthermore have to ensure that all listed properties reach a suf-
ficient level of exposure, i.e., chance of being booked. This may
be required to ensure a long-term relationship with property own-
ers, who might otherwise discontinue to list their offerings on the
platform at some stage [44]. We discuss short-term and long-term
objectives next.

2.3 Time Horizon Objectives
In some application domains, it might be quite simple to increase
short-term Key Performance Indicators (KPIs). In the hotel booking
scenario which we have just discussed, boosting short-term rev-
enue might be achieved by recommending hotels with currently
discounted rates, which maximizes the probability of a transaction
[38]. In the news domain, recommending articles on trending topics,
articles with click-bait headlines or generally popular content such
as celebrity gossip may lead to high click-through-rates (CTR). In
the music domain, recommending tracks of trending or popular
artists, which the user already knows, may be a safe strategy when
the target metric is to avoid “skip” events.

Such strategies that are successful in the short termmay however
be non-optimal or even detrimental in the long run. The recom-
mendation of discounted hotel rooms may be bad for profit. News
readers may be disappointed when actually reading articles with a
clickbait headline and may not trust these recommendations in the
future. Music listeners finally may have difficulties to discover new
artists over time and may quit using the service after some time.

Most academic research is based on one-shot evaluations, typ-
ically focusing on the prediction accuracy given a static dataset
and a certain point in time. Longitudinal effects of different rec-
ommendation strategies are much less explored and there is also
limited literature on the long-term effects of recommender sys-
tems in industry. A/B tests in industry may last from a few weeks
to several months. In [24], the case of Netflix is discussed, where
one main KPI is customer retention, which is oriented towards
the long-term perspective. In their case, attributing changes in the
recommender system to such long-term effects is reported to be
challenging, e.g., because of already high retention rates and the
need for large user samples. Other reports from real-world deploy-
ments a recommender systems can be found in [59] or [45]. In [45],
the authors for example found that using a recommender system
led to decreased sales diversity compared to a situation without
a recommender. A similar effect was reported in [8], where the
recommender system on a music streaming site led to a reduced
consumption diversity. A survey of other reports on real-world
applications of recommender systems can be found in [35].

Given the limitations of one-shot evaluations, we have observed
an increased interest in longitudinal studies in recent years. One
prominent line of research lies in the area of reinforcement learning
(RL) approaches in particular in the form of contextual bandits, see
e.g. [46] for an earlier work in the news domain. In such approaches,
the system sequentially selects items to recommend to users and
then incorporates the users’ feedback for subsequent recommenda-
tions. Different recommendation algorithms can be evaluated offline
with the help of simulators, e.g., [51, 65]. A common challenge in
this context is to ensure that such evaluations are unbiased [27, 47].
We note that the consideration of temporal aspects such as different

time horizons or delayed feedback have been explored in the RL
literature for the related problem of computational advertising for
several years [13, 72].

Reinforcement learning approaches typically aim at finding a
strategy to maximize the expected reward. During the last few
years, a number of studies that use other forms of simulations were
published that focus on other important long-term phenomena of
recommender systems. These studies for example focus on lon-
gitudinal effects of recommender systems on sales diversity [22],
potential reinforcement effects in terms of popularity bias and other
aspects for traditional and session-based recommendations [21, 37],
longitudinal performance effects of recommender systems and the
“performance paradox” [78], differences in terms of long-term ef-
fects of consumer-oriented and profit-oriented recommendation
strategies [23].

2.4 User Experience Objectives
Going beyond specifics of individual algorithms, there can be also
various objectives to be pursued at the user interaction level of a
recommender system. The design space for the user interface of
recommender systems is actually large, see [41], and there thus
may be a number of competing objectives at the user interface (UI)
level.

Here, we only list a few examples of potential trade-offs that
may be common for many recommender system applications.

• Information Completeness vs. Information Overload: This, for
instance, refers to the question of how many items should
be shown to users and if we should completely filter out
certain items from the result list. Showing too few options
may give users the feeling that the system holds back some
information. If there is too much information users will
find themselves again in a situation of information over-
load [7, 11]. Besides the question of how many options to
show, a related question is how much detail and additional
information to show for each recommendation.

• Transparency and User Control vs. Cognitive Effort: Trans-
parency and explanations are commonly considered to be
trust-establishing factors in recommender systems [61]. A
variety of different ways of explaining recommendations
were proposed in the literature [55, 73]. Many of these
academic proposals are quite complex and may easily cog-
nitively overload average end users. Similar considerations
apply for approaches that implement mechanisms for user
control in recommender systems [19, 39].

• Flexibility vs. Efficiency: This question arises in the context
of modern conversational recommender systems that are
implemented in the form of chatbots. Chatbots typically
support two forms of interactions: a) natural language input
and b) form-based input (i.e., using buttons). While natural
language inputs may allow for more flexible interactions,
the study in [28], for instance, indicated that a combination
of interaction modalities was most effective.

Several other more general design trade-offs may exist depend-
ing on the specific application, e.g., regarding acceptable levels
automating adaptivity of the user interface, which may hamper
usability [60].
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2.5 System Objectives
In this final categorywe discuss technical aspects and their potential
trade-offs. We call them “system objectives”, as they refer to more
general system properties.

One such trade-off in practice may lie in the complexity of the
underlying algorithms and the gains that one may obtain in terms
of business-related KPIs. Already in the context of the Netflix Prize
[10] we could observe that the winning solutions were finally not
put into production, partly due to their complexity. Similar con-
siderations can be made for today’s sometimes computationally
demanding methods based on deep learning. In some cases there
might be a diminishing return of deploying the most sophisticated
models in production, only because they lead to slightly better accu-
racy values in offline testing. In some research works, it even turns
out that “embarrassingly shallow”models can be highly competitive
in offline evaluations [70].

With highly complex models, not only scalability issues may
arise and monetary costs for computing resources may increase,
the complexity of the architectures might also make such systems
more difficult to maintain, debug, and explain. On the other hand,
solutions built upon modern deep learning frameworks are some-
times reported to be advantageous over conceptually simpler, but
specialized solutions, because these frameworks and deep learn-
ing architectures make it very easy to integrate various types of
information into the models [71].

3 SUMMARY AND CHALLENGES
Our review outlines that providing automated recommendations is
a problem that may require the consideration of more than one ob-
jective in many real-world use cases. Such multi-objective settings
may include competing objectives of consumers, possible tensions
between goals of different stakeholders, conflicts when optimizing
for different time horizons, competing design choices at the UI level,
as well as system-level and engineering-related considerations. In
this work, we reviewed the literature in this area and provided a
taxonomy to organize the various dimensions of multi-objective
recommendation. We note here that the categories of the taxon-
omy are not mutually exclusive. For instance, a multi-objective
recommendation approach may address both aspects regarding
different time horizons as well as the possibly competing goals of
the involved stakeholders.

In practice, one main challenge may usually lie in deciding on the
right balance between the competing goals from an organizational
perspective. Various stakeholders from different organizational
units may have to agree on such decisions, and corresponding
KPIs need to be defined and monitored. Given these KPIs, suit-
able optimization goals and possibly proxy measures have to be
implemented and validated at the technical level.

In academic settings, researchers typically abstract from the
specifics of a given application context, aimed at developing gener-
alizable algorithmic solutions to deal with multi-objective problem
settings. This abstraction process commonly involves the use of
offline evaluation approaches, the establishment of certain assump-
tions, and the introduction of computational metrics which should
be optimized. After such an abstraction, one main challenge, how-
ever, lies in the evaluation process and, in particular, in making sure

that improvements that are observed in terms of abstract evaluation
measures would translate to better systems in practice [15].

Unfortunately, in many of today’s research works, we observe
phenomena similar to the “abstraction traps” described by Selbst
et al. [67] in the context of research on algorithmic works in Fair
Machine Learning. In the case of competing individual-level quality
goals, for example, how can we be sure that a particular diversity
metric, which we optimize such as an intra-list similarity, matches
human perceptions and what would be the right balance for a given
application setting or an individual user? How do we know if cali-
brated recommendations are liked more by users, and what would
be the effects of calibration on organizational goals? Answering
such questions requires corresponding user studies to, e.g., vali-
date that the computational metrics are good proxies for human
perceptions.

The problem however becomes even more challenging when not
even the target concepts are entirely clear. In recent years, a widely
investigated multi-objective problem setting is the provision of fair
recommendations [18]. Unfortunately, optimizing for fairness turns
out to be challenging, as fairness is a societal construct. Researchers
therefore came up with various types of ways of operationalizing
fairness constraints. However, in many of such works, little or no
evidence or argumentation is provided why the chosen fairness
metrics are meaningful in practice in general or in a particular
application setting, see [17] for a survey on the recent literature. In
several cases, making fair recommendations is simply equated with
reducing the popularity bias of recommendations, e.g., by matching
it with a target distribution, which is assumed to be given. In reality,
however, it is not clear if it would be fair to frequently recommend
items that are not popular—these items might simply be of poor
quality—or if users would even perceive these recommendations
to be fair.2 Similar considerations apply for many other types of
multi-objective recommender systems.

Overall, these observations call for more studies involving hu-
mans in the evaluation loop and industry partners in the research
process. However, only few works exist in that direction so far. An
example of a user study can be found in [9], outcomes of field stud-
ies are described in [59]. An offline evaluation with real-world data
from industry is done in [54], but even in this case it is not clear if
the computational metrics truly correspond to the real-world goals,
e.g., if more listening events on the music platform lead to higher
user satisfaction as claimed. In a very recent work, Wang and col-
leagues from Google [77] investigated the relationship between
observed user behavior—using data from a large platform—and
desired long-term outcomes in terms of user experience. With their
work, they aim at providing guidance for researchers and practi-
tioners when selecting surrogate measures to address the difficult
problem of optimizing for long-term objectives.

Ultimately, despite such recent progress, multi-objective recom-
mender systems remains a highly important research area with a
number of challenging research questions. Addressing such ques-
tions will however help to pave the way towards more impactful
recommender systems research in the future.

2Avoiding popularity biases in general, i.e., beyond fairness considerations, certainly
is important for different reasons in practice, e.g., to ensure a certain level of exposure
for novel (cold-start) items.
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