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1 Introduction

Recommender systems are software applications that make tailored item sug-
gestions to users, usually with the goal of helping them overcome information
overload or make informed choices. This tailoring process is typically based
on the assumption that long-term preference information about the individual
users is available to the system, most commonly in the form of a user-item
rating matrix. In such a setting, the recommendation problem can be ab-
stracted as a “matrix filling” task (Resnick et al., 1994), and often also the
information about the time when the preferences were collected and when the
recommendations should be delivered are not considered.

In many real-world recommendation scenarios, however, these assumptions
might not hold and therefore represent an abstraction of a limited suitability.
On the one hand, there can be a substantial number of first-time visitors or
anonymous users requesting a recommendation. Clearly, no long-term prefer-
ence information is available for such users. In this case, providing a tailored
recommendation can only be done based on the interactions observed in the
ongoing session. On the other hand, when long-term user preference informa-
tion is available, the temporal dimension of this information may play a role.
More recent interactions, for example, might be more relevant than the older
ones. In addition, there might also be some ordering constraints among rec-
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ommendations, e.g., not recommending a mobile phone case before the mobile
phone itself is bought; or not recommending a movie sequel before the movie
itself is watched.

Given the practical importance of these problems, there has been increased
attention to sequence-aware recommender systems in recent years (Quadrana
et al., 2018). These systems differ from many legacy recommenders both in
terms of the input they process and the way they consider sequential infor-
mation when generating the recommendations. Regarding the input, sequence-
aware recommenders assume that the available preference information is chrono-
logically ordered or contains timestamps. As for the outputs, sequence-aware
methods take this ordering into account when generating the recommenda-
tions, e.g., by focusing on recent data, making repeated recommendations, or
identifying temporal dependencies in the data.

Both session-based and sequential recommendation approaches can be seen
as special cases of sequence-aware methods.

– The main characteristic of the session-based approaches is that the tailoring
of the recommendations is focused solely on the ongoing user session and,
usually, no longer-term information about the user is available.

– Sequential approaches incorporate the ordering of the past events when
predicting the next ones. Typical examples include the recommendation of
the next point-of-interest (POI), given the POIs the user visited previously.

The distinction between session-based and sequential recommendations is
not always clear in the literature. Session-based recommendation is a sequential
recommendation problem both in the sense that the goal is to predict the next
interactions in a given session and that the available data is time-ordered.
However, not all sequential approaches are session-based. Many of them may
be based on time-stamped and longer-term user preference information, e.g.,
those making next-POI or next-item recommendations (Rendle et al., 2010).

Hence, this special issue opts for a binocular view that focuses on both the
session-based and sequential recommender systems. In this preface, we first
provide a historical overview of sequence-aware recommendations and discuss
the recently emerging trends, and then briefly introduce the accepted papers
Lacic et al. (2020); Sánchez and Belloǵın (2020); Symeonidis et al. (2020).

2 History, Trends and Research Directions

Session-based recommenders have become a trending topic in the recent years.
However, despite the practical value of such recommendations in real-life sys-
tems, the area has been relatively under-explored.

2.1 History and Trends

In practical environments, session-based recommendations have been very
common. Consider, e.g., Amazon’s “customers who bought . . . ” recommen-
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dation scenario solely based on the currently viewed item or Last.fm’s music
recommendations that create playlists from a single seed track. In the aca-
demic literature, early works studied session-based recommenders—although
not using this term—as a Web navigation support (Mobasher et al., 2002) and
a travel planning decision-making tool (Ricci and Del Missier, 2004). In the
e-commerce domain, session-based recommendations were addressed later on
as a machine learning model based on Markov chains by Shani et al. (2005).
Sequential playlist generation were the focus of works by Ragno et al. (2005)
and Hariri et al. (2012).

More recently, much of the research has focused on the e-commerce domain,
primarily due to the availability of new large datasets released by companies.
In 2014, some works based on session logs provided by a European fashion
retailer were published (Jannach et al., 2015; Tavakol and Brefeld, 2014). In
2015, YOOCHOOSE released a large dataset for of the ACM Conference on
Recommender Systems (RecSys) challenge. The teams that participated in
the challenge mostly used non-neural machine learning approaches. Soon af-
ter, however, Hidasi et al. (2016) proposed the landmark GRU4REC method
based on recurrent neural networks. This method and the wider availability
of public datasets marked a turning point, leading a large number of deep
learning based approaches for session-based recommendations. Many of these
used GRU4REC and the evaluation methodology of Hidasi et al. (2016) as a
comparison baseline.

2.2 Research Directions

The broad adoption and of success of GRU4REC and related neural methods—
including methods based on alternative architectures such as attention (Li
et al., 2017)—had a strong impact on the research community. These works
inspired extensive research on a highly relevant problem and nowadays serve
as baselines to benchmark new methods, both neural and non-neural ones
(Ludewig et al., 2019). Despite this progress, there are a number of problems
that require further research. In the following paragraphs, we outline a selec-
tion of possible research directions, which, in our opinion, have not received
sufficient attention so far.

Incorporating Long-Term Preference Information. In the recent years, we ob-
served a strong focus on session-based techniques (i.e., on anonymous sessions),
where datasets similar to the one released by YOOCHOOSE serve as a basis
for evaluations. In real-world settings, however, additional information about
past user sessions is often available, either because the users had logged in
or because they were tracked with cookies. The number of works that try
to incorporate such longer-term preferences in session-aware recommenders
Quadrana et al. (2018) is still scarce. Existing works include (Quadrana et al.,
2017) and (Phuong et al., 2019), but these focus on specific domains, e.g., job
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or music recommendations. Hence, there is an opportunity to study session-
aware recommendations using both on the user’s short-term intents and their
longer-term profile. Furthermore, knowing past user preferences can also help
to implement features like reminders (Jannach et al., 2017) or proactive rec-
ommendations (Rook et al., 2020).

Use of Item and Context Side Information. Session-based recommendation es-
sentially is a cold-start problem, where the recommender neither has access
to the user’s long-term preferences nor to their current situational context.
Considering additional side information about the properties of the recom-
mendable items is a proven approach to deal with such situations and has also
been explored in previous research (Hariri et al., 2012; Tavakol and Brefeld,
2014). In the context of session-based recommendation, more work on inte-
grating additional data sources (such as Hidasi et al. (2016)), and building
hybrid and context-aware systems is still needed. In recent years, more and
more datasets containing such side information have become available, e.g.,
through challenges such as the CIKM Cup 2016 that shared a dataset con-
taining various item features (CIKM, 2016). The key issue, however, is to
develop hybrid and context-aware approaches that generalize beyond a given
application domain like e-commerce or news recommendations. A particularly
interesting research direction may also target navigational actions like catalog
browsing or the search functionality.

User Perception and Impact Analysis. Research in sequential and session-
based recommendation largely exploits offline evaluation methodologies, aim-
ing to improve prediction accuracy on a held-out part of a historical dataset.
This methodology, however, has some inherent limitations. While being able to
predict whether an item is relevant or not is important for any recommender,
offline metrics cannot inform how the recommendations are perceived by users,
e.g., whether they help users in their decision-making or if they facilitate item
discovery. Considering broader recommendation tasks, questions of user per-
ception have been explored (Ekstrand et al., 2014) and different evaluation
frameworks were proposed (Knijnenburg et al., 2012; Pu et al., 2011). The
number of published user studies on sequential and session-based recommen-
dation is, however, very limited. Examples of recent studies include (Ludewig
and Jannach, 2019) and (Kamehkhosh and Jannach, 2017), both in the music
domain. More work is required to understand how different quality factors
(e.g., diversity or discovery support) influence user perceptions.

Explanations of session-aware recommendations. Topics associated with ex-
plainability of both session-based and sequential recommendations are of a
particular importance in practical systems. The former, typically being based
only on the current user-recommender interaction session, are critical for in-
stilling user trust in the system and increasing the chances of the user actually
following the recommendations (Berkovsky et al., 2017). Sequential recom-
menders, on the contrary, incorporate longer-term user profiles and also take
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into consideration previous recommendations delivered to the user. As such,
the generated sequential recommendations will differ from a set of standalone
recommendations and this may be recognized by the user. In this scenario, ex-
plaining the dependencies between the recommended items or the reasons for
recommending certain items may substantially improve user experience (Rana
and Bridge, 2020).

Sequential Recommendations for Groups. One more open challenge relevant
to sequential recommendations is group-based sequential recommendation.
Group recommender system often build a virtual ‘centroid’ group member
representing the group as a whole and deliver recommendations tailored to
the preferences of this virtual group member. While this may turn out suc-
cessful for homogeneous groups, such recommendations may actually satisfy
nobody in highly heterogeneous groups (Delic et al., 2016; Tran et al., 2018).
On the contrary, the recommendation delivered by a sequential recommender
could target a different member of the group every time and potentially im-
prove the perceived quality of such recommendations. To this end, a framework
for sequential group recommendations in the music domain was proposed by
Hadash (2019). The key contribution of this framework was the satisfaction
module that applied user and music track weighting to improve the fairness of
the generated recommendations.

Improved Offline Evaluation. Further improvements to our offline evaluation
methodology are also possible. Today, research predominantly focuses on ac-
curacy measures, such as the Mean Reciprocal Rank or the hit rate, and very
few works consider other quality metrics, like coverage, diversity or novelty.
In addition, certain recommendation algorithms might introduce undesirable
biases, e.g., to recommend popular and fresh items, leading to reduced quality
and potentially low uptake of the recommendations. In this sense, there might
also exist longitudinal effects of certain recommendation strategies that are not
well understood yet (Zhang et al., 2020). Generally, the community also seems
to sometimes face methodological issues, e.g., comparisons with non-optimized
baselines and limited reproducibility (Ferrari Dacrema et al., 2019; Ludewig
et al., 2019), which may hamper the progress of research in session-based and
sequential recommendations.

3 Papers in this Issue

Using Autoencoders for Session-Based Job Recommendations In this paper,
Lacic et al. propose a session-based recommender system for job recommen-
dation (Lacic et al., 2020). They are primarily concerned with a setting in
which users anonymously interact with the system in online sessions, a sce-
nario for which session-based techniues are well-suited. The proposed approach
uses several different autoencoder architectures, including denoising and vari-
ational autoencoders, to encode user sessions. The embeddings, in turn, are
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used in a k-nearest-neighbor recommendation framework to recommend jobs.
The autoencoders are trained using two sources of data: interaction data from
sessions, and content features of job postings, for which interactions were ob-
served. The authors use three job recommendation data sets (two publicly
available data sets and a proprietary data set from an Austrian student job
portal) to train and test their models. They then report the results of several
experiments measuring the performance of their approach using a variety of
evaluation metrics. In particular, experimental results show that variational
autoencoders that were trained on interaction and content data leads to the
best results in terms of novelty and serendipity and good results in terms of
accuracy compared to baselines.

Applying Reranking Strategies to Route Recommendation Using Sequence-Aware
Evaluation. Sánchez and Belloǵın examine the problem of generating a mean-
ingful and personalized sequence of venues (a route) for users in Location-
Based Social Networks (LSBN) (Sánchez and Belloǵın, 2020). They develop a
general framework for generating venue sequences from check-in data. The pa-
per further investigates a variety of reranking methods (across several standard
recommendation models) to build sequences of items from recommendations.
The paper also proposes a class of sequence-aware evaluation metrics (based
on the Longest Common Subsequence algorithm) that take into account the
ordering of visited venues in user profiles as part of the evaluation process.
The experimental evaluation is performed using several LBSN datasets. The
results generally show that those recommendation approaches that use tem-
poral or geographical information perform better in terms of relevance. The
experiments also explore various trade-offs among relevance, sequentiality, and
distance, which are key aspects in evaluating the quality of venue and route
recommendations.

Session-based News Recommendations using Random Walks on Time-evolving
Heterogeneous Networks. In this paper, Symeonidis et al. develop a session-
aware news recommender system which captures users’ short-term intents by
performing random walks on a heterogeneous information network (Symeoni-
dis et al., 2020). The underlying time-evolving heterogeneous graph structure
consists of users, news items and categories, sessions and other meta-data. The
paper explores different sliding time windows and compares various weighting
strategies as part of the session-aware recommendation generation process.
The random walk with restart strategy is used to model the relevance of news
items, while the sliding time windows are used to favor more recent articles
in user profiles. The authors use three news data sets in their experimental
evaluation. They empirically show that the proposed approach performs fa-
vorably when compared to several baselines. The best accuracy is achieved
when considering very small session windows, for example, consisting of only
the last item selected by the user. However, using longer session windows and
the use of the heterogeneous information network may lead to more diverse
recommendations.
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