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Abstract
Recommender Systems (RSs) play a crucial role in shaping user experiences on the Web, yet their
availability is limited when it comes to indoor environments. Indoor RSs face unique challenges,
including user localization, privacy concerns, complex spatial layouts, and user adoption. While several
evaluation frameworks exist, they are primarily designed for online domains and may not be suitable
for indoor recommendations. This paper introduces an evaluation framework tailored for indoor RSs,
addressing the scarcity of publicly available datasets and the complexity of model comparison and metric
selection. We also emphasize the absence of a suitable dataset for indoor recommendations and propose
the integration of a synthetic data generator to facilitate research in this domain. This paper reviews
existing evaluation frameworks and identifies their limitations in the context of indoor recommendations,
setting the first step for developing a specialized framework. Our work aims to bridge the gap between
traditional RSs and indoor environments, paving the way for more effective recommendations in physical
spaces.
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1. Introduction

A Recommender System (RS) can filter the content in a given scenario by creating personalized
recommendations specific to help users make decisions. To date, these systems are widespread
on the Web and, in many cases, shape the success of the platforms we use every day [1]. Despite
this, when outside the Web, particularly in indoor environments, we rarely take advantage of
RSs [2, 3].
The low proliferation of indoor RS is a combination of several factors, and there are some

unique challenges to address in this environment compared to their online counterparts [4, 5].
Some key points to consider are user localization, privacy issues, complex environments, and,
most importantly, user adoption [6]. In particular, an indoor RS relies mainly on users’ physical
movements and interactions in the environment, which can be very tangled (e.g., multiple rooms,
floors, and different layouts). Moreover, convincing users to adopt this type of system can be
difficult considering the amount of information it needs, but building them with anonymity-
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preserving techniques can help to overcome this aspect [6]. It is important to note that they
must also face the usual issues impacting any RS [1], such as cold-start, data sparsity, scalability,
and fairness.
Indoor environments, such as retail stores, museums, and educational institutions, present

distinctive needs, and traditional online RSs may need to adapt more effectively to these physical
spaces. Even if there are noteworthy works in indoor environments (e.g., see [5, 7]), to the
best of our knowledge, the current research landscape suggests that there is still no established
approach in these settings due to several factors: lack of publicly available datasets, difficult
model comparison, and suitable evaluation metrics selection. To this end, we introduce and
discuss an evaluation framework for indoor RSs with a special synthetic data generation module
to simplify research.

The following section will discuss the background by introducing different evaluation frame-
works we can employ in this domain. Next, we will illustrate the research goals. Finally, our
framework and its main components will be discussed by summarizing the work’s contributions
and presenting the possible limitations.

2. Background

Considering that “offline evaluations are often the first step in conducting evaluations and there
is a logical evolution from offline evaluations, through user studies to online analyses” [1],
the development of an evaluation framework plays a key role in helping to reproduce experi-
ments [8]. Over the years, several evaluation frameworks for RSs have emerged, some of them
theoretical (e.g., see [1]), others freely distributed under license1, but to our knowledge, none of
them was explicitly built for evaluating indoor RSs.
A review of the literature revealed five frameworks, summarized in Table 1, which could

be used and adapted to our scenario: Daisy-Rec [9], Mab2Rec2, RecBole [10], ReChorus [11],
RecPack [12].

DaisyRec, RecPack, and RecBole are created explicitly for Top-K recommendation but support
only one type of input, a matrix of user and item interaction. For this reason, these systems
are not suitable for our application domain since no information about the placement of items
in the environment can be used. In contrast, Mab2Rec accepts a more complex representation
as input but is a framework that only implements models based on multi-armed bandits, thus
limiting evaluation with different recommendation techniques. RecBole, on the other hand, is a
vast framework that allows the evaluation of many recommendation tasks. However, even if
more than 64 models are implemented for context-aware/session/sequential recommendation,
none of them is made to suggest items specifically in an indoor environment.

In addition, all these frameworks already provide and simplify the loading and preprocessing
of the most popular datasets in the literature. However, unfortunately, no one of them belongs
to the indoor scenario. Finally, they do not implement any mechanism for generating synthetic
data even if it would be useful because “in cases where a natural real-world dataset that would be

1github.com/ACMRecSys/recsys-evaluation-frameworks (last access: February 25, 2024)
2github.com/fidelity/mab2rec (last access: February 25, 2024)
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Table 1
A summary table of frameworks we may adapt in the indoor recommendation domain.

System Recommendation Tasks Data Input
DaisyRec [9] Top-K user-item interaction matrix

Mab2Rec3
Content-Aware,
Context-aware

user-item interaction matrix,
user features,
item features,
eligibility

RecBole [10]
General, Sequential,
Context-aware,
Knowledge-based

user-item interaction matrix,
user features,
item features

ReChorus [11] Top-K user-item interaction matrix
RecPack [12] Top-K user-item interaction matrix

sufficiently suitable for developing, training, and evaluating a RS is not available, a synthesized
dataset may be used”[1].

3. Research Goals

Given the above, the Research Goals can be summarized into three points:

1. Implement a synthetic data generator from indoor environment representation (i.e., items
and their location).

2. Implement models used in indoor recommendation (e.g., [5, 7]).
3. Identify metrics to be used for evaluation (e.g., crowdness, coverage, popularity).

4. Framework Overview

In every evaluation framework, we can identify three characteristic components: data module,
recommendation module, and evaluation module.

The first element is the module in charge of data loading and processing. In our case, we want
to enrich the module with a component in charge of generating synthetic data to overcome
their lack in literature. A strategy for generation is presented in [13] where, starting from
a limited set of real data, the authors generate synthetic datasets to train context-aware RSs.
Different strategies can be used to generate the data at this point, starting from less complex
simulations (e.g., random-walking) to elaborate scenarios with different user preference profiles
(e.g., visiting style in museum [14]), different user flow (e.g., Google Popular Times 4), or adding
dwell time [15].
Another central element is the recommendation module, where all the models available for

training are implemented. This part differs between frameworks in the number of models
implemented and the recommendation task. In our framework, we will implement the models

4blog.google/products/maps/maps101 (last access: February 25, 2024)
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found in the literature for offline recommendation(e.g., see [5]). However, we will also add
traditional models to test whether it is the most suitable in this domain.
Finally, the evaluation module is used to evaluate the RSs through classical metrics (for a

complete list please see [1]) with particular attention to the so-called fairness metrics [16] if
synthetic data are used since real data (e.g., rating) are not available to compute some results
(e.g., prediction accuracy).

The system will be modular enough to write a configuration file to start an experiment,
making it very easy to introduce new researchers to this topic.

Figure 1: A high level view of the framework.

5. Conclusion

In conclusion, the evaluation of indoor RSs is a challenging task, primarily due to the scarcity
of available datasets and models. We recognize this limitation so we are determined to fill this
gap, in an underexplored domain, by developing an evaluation framework with new specifics.
In this initial contribution, we outlined the research activities planned for this purpose.
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