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ABSTRACT
This position paper describes the arising challenges and require-
ments for providing recommendations to travelers in airplanes.
Recommender systems are an integral part of modern-day user
experience when users choose between plenty of possible items.
They understand their preferences and support them in discover-
ing meaningful content by creating personalized recommendations.
The next generation of In-flight Entertainment systems will provide
travelers with the choice of several thousands multimedia items.
Given the constraints of that setting, traditional recommender sys-
tems can not run on board an airplane. This paper identifies the
challenges and provides the first step in research to realize a system
in such an environment. Session-based recommender systems de-
tect the users’ intents quickly and are well suited to the challenge of
anonymous users. Furthermore, they utilize the information from
all users and provide them Wisdom of the Crowd-based recommen-
dations. Unfortunately, their required computational resources and
information flow require a connection between the participants
and the central instance. Such a connection does not exist in air-
planes because of security reasons and added weight. That creates
a significant challenge to provide recommendations to the users
if only local devices are available without a stable network. Fed-
erated Learning is a modern approach for training, updating, and
operating novel Machine Learning approaches in distributed envi-
ronments. The combination of modern Recommender Systems and
Federated Learning is a promising approach to realize the a system
for next-generation IFE-systems. Special evaluation methods need
to be developed, and the first evaluation concepts are presented.
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1 INTRODUCTION
Recommender Systems (RSs) are today an integral part of modern-
day information portals, streaming websites, and e-commerce so-
lutions. Traced back in the field of Information Retrieval (IR) [32],
users inform themselves, book holidays, consume multimedia con-
tent, or shop items. E-commerce websites like Amazon list over 12
million products that the user can choose from, and even the 14.000
movies and series on Netflix create a decision challenge for the
customer. RSs provide a mechanism to support the users in their
task of navigation and decision making by proposing recommenda-
tions on items that fit their preferences and needs. They analyze
the user’s behavior and generate profiles, which map their interests
to an internal representation called the user profile. Furthermore,
the personalized recommendations created by RSs provide a signifi-
cant business benefit by driving sales and introducing new content
for the consumers. Approximately 30% of Amazons’ view come
from recommendations [36] and more than 80% of Netflix watching
events are created by personalized recommendations [12].

Unfortunately, those algorithms run in large data centers and
need a stable network connection to capture the users’ interactions
to create ameaningful profile. But what if no or only aweak network
is available? Today’s modern personal devices can store thousands
of entries such as music or movies. Users do not want to miss
the luxury of personalization on their devices when they create a
playlist of songs for a specific need or watch certain content based
on their current mood. Even though IR techniques can be applied
in that kind of setting, Wisdom of the Crowd [38] approaches have
significant benefits because of those tasks’ highly subjective nature.
A case study for further research was defined in collaboration with
an industrial partner to provide a real-world setting. This paper
describes the first insights and challenges to address.

2 CASE STUDY: IFE-RECOMMENDER
Millions of passengers take a flight each day, and their entertain-
ment is a key aspect of modern-day air travel. It was shown that
a positive multimedia experience is beneficial for the stress level
of each passenger in his travels. From the first in-flight movies
screened in 1921 at an exposition in Chicago to single-aisle coach-
style television systems in the late 1970s, today’s In-Flight Enter-
tainment (IFE) systems offer each passenger their own personal
system. Today, multimedia content in airplanes is usually limited.
Frequent travelers consume all available content in a short time, and
after a few successive travels, there is no unseen content available
for them. However, the deployment of next-generation IFE systems
with thousands of movies available for travelers is the obvious step
forward.

Recently, providers of IFE systems started to extend the avail-
ability of multimedia content in the airplanes and started to host
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several hundred to thousands of items. Given the fact that travelers
now have access to that large corpus of content, they face the same
challenges as browsing on streaming websites like Netflix with
their hosted 14.000 movies and series. Travelers are confronted
with plenty of choices, overwhelmed by the possibilities, and face
the Paradox of Choice [35] and having only the small devices in-
stalled in the seats in front of them. Therefore, they need nowadays
support from appropriate tools to access and navigate through the
vast space of items [39]. RSs are the natural choice to provide users
an improved experience by creating recommendations for items
that match their personal preferences.

2.1 Problem setting for IFE-Recommenders
During the period of a flight, only a few interactions happen be-
tween the traveler and the system. Usually, more time is spent
consuming content than browsing, making it challenging to gather
enough data to build a comprehensive profile. Furthermore, travel-
ers are anonymous, and no persistent storage of derived preferences
is created.

Recommendations can not be calculated by a central compute
server in the airplane, and the interaction data from the local device
can not be transmitted to the server. IFE-devices in planes usually
do not have network connectivity during flight time. Therefore,
local devices have to generate these recommendations for the trav-
eler. Those – mostly ARM-based – devices have limited resources
in available memory and computational capabilities and can not
operate on the typical large models, which are today applied by
providers of personalized services.

Even though these devices could operate on local and streamlined
models, updates regarding new information can not be deployed
without addressing further challenges. Airplanes usually commu-
nicate over satellite, and connections with higher bandwidth to
upload all user interactions and update the models are seldomly
accessible. With a stable connection, the devices could upload the
interactional data to a central training server, the model retrained,
and the new model could be rolled out. Unfortunately, the training
of modern-day Deep Learning (DL)-models is resource-intensive,
and there exists a high probability that the new model is not de-
ployed in the timeslot when the aircraft has a stable connection
to the central instance. Therefore, a delay between the insights
taken from the recent interactional data and the deployment of the
updated model. An old model from a former upload-retrain-deploy
cycle would then calculate recommendations with lower quality.

Furthermore, IFE system manufacturers, as well as multimedia,
capture the user action such as browsing in the item base, interac-
tion patterns, and watching behavior. Such customer data is highly
precious, giving those companies insights and support for strategic
decisions [8]. The value of those companies directly correlates to
the worth of their user base, making them with obvious reasons not
willing to share it [13]. At the same time, a vast userbase can benefit
all collaborators, and everyone could profit from the competitors
as well.

2.2 Challenges and possible approaches for
IFE-Recommenders

In the following, the questions which were derived in the plan-
ning stage of the IFE-Recommender are presented. Furthermore,
recent research’s possible solutions and best practices to address
the challenges are described.

2.2.1 How anonymous users can get good recommendations? Ac-
cording to their kind of calculation approach, RSs are classified
into content based filtering (CBF) and into collaborative filtering
(CF) [1]. In CBF, that type of RS determines items that have similar
features to those items preferred in the past. CF follows the assump-
tion that similar users have similar preferences. Then the system
proposes to the current user possibly interesting items which are
liked by those peers. CF has the advantage of considering only the
users’ point of view, and that method doesn’t need to extract the
features of the items to match them against the users’ preferences.
Therefore, they are highly domain-independent and can be used to
recommend items independently of their type [1]. Unfortunately,
those classical approaches rely on static representations of user
preferences in the form of their profiles. Those profiles are built by
collecting past data and therefore make it challenging to operate
such a RS in a setting where the interactions are ephemeral and
anonymous.

Session-Based Recommender Systems (SBRSs) are designed to
discover the intent of anonymous users in their interaction with
the system after a short time with the need of a limited amount of
data points. They take only short interaction sequences (so-called
session) of usually 4 to 10 events into consideration to derive the
interactional view [10] of the current users’ context. That kind of
RS treats each session independently, and without the need for a
persistent user profile [41]. As no profiles are needed, SBRSs are
a powerful tool to address the challenge of anonymous or new
users [41]. That isolated treatment of sessions allows discovering
the user’s goal independently. As SBRSs address these challenges
by design, their deployment is the natural choice to realize a next-
generation IFE system.

2.2.2 Which is the most suitable IFE-Recommender SBRS approach?
SBRSs are classified into traditional heuristic-based approaches,
into factorization-based methods and into DL-based methods [41].
Factorisation Machines (FMs) [31] are an extension of Matrix Fac-
torisation (MF) [17], whichwere originally developed to particularly
address the problem of sparse data. SBRSs consider the user rat-
ings and further contextual information of the users’ interaction
with the system as an input to create recommendations. With the
recent advances in DL [20] in fields such as in computer vision
[18] or natural language processing [34], it was a matter of time
until DL-algorithms were deployed in the field of RS. Especially
when it comes to analyse and interpret sequential data such as
the interaction patterns occurring in SBRSs, DL methods based on
Recurrent Neural Network (RNN) – a neural network architecture,
which covers the sequential behavior of data – could improve the
accuracy of recommendations [15]. Being successfully applied in
NLP-settings and the similar sequential structure of sessions and
sentences, Transformers such as BERT4Rec [37] and STAMP [22]
were recently adapted to the recommendation task in SBRS.
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DL based methods got increased popularity in the field of RSs,
outperforming traditional approaches in several applications [43].
Controversially, the opposite was found in a recent evaluation, as
MF approaches still can exceed the more modern DL algorithms in
the investigated domains [7]. While those evaluations happened
in the setting of traditional RS, it should be investigated which of
those two results holds in the context of SBRSs in the IFE-setting.

2.2.3 CanWisdom of the Crowd be used in a distributed environment
without stable network connections? In the traditional centralized
approach for DL, data collected by devices is uploaded and pro-
cessed centrally on a cloud-based server or in a data center. The
model is updated with local information (images, location informa-
tion, or sensor values) and then distributed among the participants.
Originally motivated by privacy challenges and the availability
of computational resources in modern-day personal devices, a de-
centralized machine learning approach called Federated Learning
(FL) was developed by Google [24]. By its architecture, FL guar-
antees that training data remains on personal devices while the
users collaboratively train a shared model. The devices send only
model updates (weights of the model or gradients of a feed-forward
model from the loss function) to a central instance. That system
aggregates the particular results and transfers the updates back to
the participants. This step is repeated until a desirable precision is
achieved. Then, each device has the refinedmodel locally stored and
performs further calculations independently of a central instance
or network availability.

The research of FL in the context of RSs is an emerging new field
[21]. Personalization happens directly at the device, and only the
interpretations of actions are shared between the peers. With their
locally trained profile but contributing to the global model in the
form of updates with small network requirements, peers do not
need constantly upload their preferences but still benefit from the
Wisdom of the Crowd. As MF is still considered state of the art, it is
obvious that the first research in the combination of RS and FL bases
onMF approaches [4]. Nevertheless, the first implementations of the
federated DL approach and their evaluation comparing centralized
algorithms were published recently. The surveys of Yang et al. [42]
and Alamgir et al. [3] give a comprehensive overview on current
trends and open research questions in the field of Federated RS.

2.2.4 How to share the information between different peers? Besides
the ability to update models asynchronously and to generate the
recommendations locally, FL allows sharing the insights of the mod-
els between different peers, such as the provider of IFE-solutions
and the content providers. FL for RS are distinguished into vertical,
horizontal, and transfer FL [42]. To address this challenge, hori-
zontal FL is the most suitable approach when all peers have data
coming from the same domain and share common identifiers for the
recommendable items. Each party has its particular collection of in-
teractions and trains its model independently without information
disclosure of its business data and a common userbase.

2.2.5 How to create a proper baseline? The necessity of ”real” user
data because of the drawbacks of synthetic datasets is a well-known
problem [2]. With the growing corporate interest in SBRS, several
data sets in different domains capturing sequential browsing and

consuming behavior of the users were released recently. Unfortu-
nately, researchers focus today only on presenting improved results
of their new algorithms compared to older approaches and omit to
tune the baselines to their optimal results [6]. A first step on the
comprehensive evaluation of SBRSs was performed by Ludewig
[23]. Following the evaluation guidelines from that survey, new
approaches should be evaluated with data from different published
datasets based on real user behavior. Each dataset was derived from
different domains and has its own hidden structure of interactions.
As the algorithms perform differently on each dataset, they have
to be truthfully tuned accordingly to reach their best performance.
Only that approach makes an objective analysis of the advantages
of new algorithms possible. To span different domains, it is planned
to use the following data sets from e-commerce and multimedia
together with a dataset created by the industrial partner of tra-
ditional IFE-systems to compare the next generation IFE-system
objectively:

• RSC15, a dataset containing click sequences and shopping
actions, which was published in the RecSys 2015 challenge
and already been used in the work of Hidasi [15]

• #nowplaying-RS was created in order to allow an objective
benchmark for evaluating contextual-aware music RS [30]

• Booking.com trips, a dataset created for the WSDM 2021
challenge by Booking.com consisting of 359k journeys over
39k destinations [11]

• Fly-data A dataset containing traveler sessions with watch-
ing events (Play-Stop-Resume) for multimedia content of
airplane travelers, which was created by a private com-
pany. That dataset will be the input base for the planned
IFE-Recommender.

2.2.6 Is accuracy the only critical metric? Even though an offline
evaluation has its particular drawbacks as it relies on heuristics
with assumptions, that step gives valuable insights before the roll-
out of RS systems. Well regarded metrics that measure the accuracy
of the predicted content such as Precision@N [14] and ranking met-
rics such as NDCG@N [40] should be used. Furthermore, systems
should be evaluated beyond accuracy as it is nowadays commonly
believed that the diversity of recommendations has an even higher
importance [25]. By emphasizing the systems’ accuracy only, a
system would be realized, which generates only boring and inef-
fective recommendations. That will lead to a limited scope filter
bubble which traps the user and hinders his personal growth [28].
Therefore, novelty and the closely related concept of serendipity
are central evaluation dimensions when it comes to the quality of
the IFE-Recommender [9, 16].

2.2.7 The long-tail and non-IID data. Closely related to the ques-
tion of serendipity is the behavior of the systems in the so-called
long tail of items. The long tail describes the shape of item distribu-
tion where only a few items have high popularity (f.e. ratings, sales,
or accesses), and most of them are rarely accessed [5]. First formu-
lated by Park and Tuzhilin as the long tail-problem [29], most RS
algorithms lose their accuracy when it comes to the access of items
in the tail. Such systems behave comparable to simple popularity-
based RS. Therefore, performance evaluations have to regard the
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items’ distribution to cover unpopular items. Furthermore, as FL se-
riously suffers under the non-IID challenge typically arises because
of the long-tail data distribution in the RS setting [42], methods to
leverage that impact has to be incorporated into the system[44].

2.2.8 How to determine the minimal bound of required computa-
tional resources? As the system’s performance is significant when it
comes to real-world operations, its behavior in dependency on the
total amount of users and items has to be investigated according to
response time, and throughput [33]. Most modern personal devices,
as well as the hardware of IFE-systems, are based on the ARM-
architecture. Only a few research concerning the deployment and
operation of DL-algorithms have been performed on Edge-Devices
[27] and those examinations mainly focused on computer vision
[19], and no evaluation of SBRSs on that hardware was performed to
the authors best knowledge. A heterogeneous cluster of ARM-based
devices with different hardware specifications could be created. The
models will be deployed on those ARM-based devices to determine
their performance concerning the specific hardware environments.
This environment will measure the impact of the model sizes and
algorithms on real-world hardware. Those operational parameters
are used to simulate a network of FL-nodes.

As the number of nodes in a FL-based RS easily surpasses hun-
dreds of nodes, an evaluation running on real devices on such a
scale is not feasible. Therefore, that network of devices has to be
simulated. A central instance such as a virtual machine (VM) will
provide the environment with several simulated clients reflecting
the hardware specifications of the clusters peers to give a good
estimation for a real-world distribution. Overhead costs such as
network traffic will be simulated and taken into consideration. The
systems should be evaluated with the formerly mentioned real-
world data sets according to several quantitative metrics covering
the accuracy and other metrics beyond the sole accuracy. Further-
more, the correlation between the resource requirements of the
investigated algorithms and their overall applicability to the data
sets’ domain has to be determined. That information brings crucial
insights into recommendation quality vs. needed resources and can
help to find optimal reduced model sizes – for example, with model
pruning [26] – given the hardware constraints.

3 SUMMARY
This work describes the first steps and research questions to re-
alize a case study for a distributed SBRS in an edge environment.
That IFE-recommender gives domain-dependent requirements for
its operation, such as independence of a stable network, certain
hardware constraints, and the existence of anonymous user interac-
tions. This case study can easily be adapted to other domains, such
as a playlist generation for local song collections or touristic tour
guidance in offline environments. This paper contains an overview
of challenges to be addressed in designing such a system, and re-
cently developed methods to solve them are presented. It provides
an interesting overview of several state-of-the-art approaches for
further research.
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