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Abstract Conversational Recommender Systems have received widespread at-
tention in both research and practice. They assist people in finding relevant and
interesting items through a multi-turn conversation. The use of natural language
interaction also allows users to express their preferences with more flexibility. How-
ever, these systems often have to work in a cold-start situation, and most of the
conversation is dedicated to the profile elicitation step. In order to ensure good
recommendations, this profile should be as rich as possible, which requires great
user effort. In this paper, we investigate the application of Active Learning tech-
niques for improving the profile elicitation step in a Conversational Recommender
System. We compared five different state-of-the-art techniques, and carried out
a user study with 219 users in order to assess their effectiveness both in terms
of recommendation accuracy and user effort. Results show that assisting users by
providing personalized suggestions during the profile elicitation step improves the
quality of the recommendations in terms of Hit Rate and nDCG, compared to a
strategy that requires users to come up with preferences on their own.
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1 Introduction

Conversational interfaces are revolutionizing the way users interact with machines.
This phenomenon is strongly influenced by the great diffusion of Digital Assistants
(DAs) to the general public, which is making conversational interaction more com-
monplace [13]. Amazon Alexa, Google Assistant, Apple Siri are some examples of
these intelligent systems. The great advantage of DAs is that they support users in
several tasks by interacting through natural language and voice. ”Aleza, play some
music”, "Hey Google, suggest me a book”, ”Hey Siri I’'m looking for a restaurant
for dinner” are just some examples of user requests for particular services.

Overall, users appear satisfied from interacting with DAs [4]. Tasks that a
user can complete with a DA can be classified as either simple, i.e. that can be
completed in the course of a question-answer pair (e.g., What’s the weather like
tomorrow?), or complex (e.g., Find a place for vacation), which require multiple
dialogue steps in order to be completed. In the latter case, the effort required for
the task completion becomes a key component for user satisfaction [31].

It can be argued that the conversational recommendation scenario falls in the
second category. More specifically, a Conversational Recommender System (CoRS)
belongs to a particular class of recommender systems whose main characteristic is
the ability of interacting with users through a multi-turn dialogue [27]. In contrast
to a standard recommender, a CoRS often has to work in a cold-start situation,
thus it needs to acquire user preferences before generating a recommendation. Ac-
cordingly, a CoRS performs a complez task, as defined above, since it is composed
of at least three steps: profile elicitation, recommendation, and user feedback.
Profile elicitation is especially crucial in the context of conversational recommen-
dation, and for this reason several works investigated strategies for selecting the
most informative items to propose to the user [63743].

By employing natural language interaction, users can directly express their
preferences and their needs. In this way, the CoRSs can suggest items using only
information that was explicitly mentioned by the user during the conversation,
and can focus on recommending items based on what the user is currently looking
for, instead of previous purchases or other kinds of implicit feedback. Moreover,
users are more aware of the information the CoRS will exploit for generating the
recommendation. Natural language interaction has been previously shown to be
effective for conversational recommendation [25]. For this reason, it is necessary
to work on improving the quality of the preferences acquired from the user [11].
Trivially, one might think that the problem can be simply overcome by asking
the user to provide more information before making a recommendation. However,
increasing the profile size requires more interaction steps which, in turn, increases
user effort and negatively impacts user satisfaction.

A possible solution for improving the preference elicitation step is to employ
Active Learning approaches. These approaches are used in various Machine Learn-
ing tasks in order to dynamically select data that is most useful for training [49].
Active Learning has already been successfully applied in Collaborative Filtering
Recommendation scenarios [11]], but little research has been done on the integra-
tion with CoRSs.

In this paper, we investigate the introduction of Active Learning strategies
into an existing conversational content-based recommender system that interacts
with users via natural language. The system could previously only acquire the user
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profile by asking users to provide ratings on their own. Our belief is that adding
the ability to suggest items to rate may help achieve better recommendations using
less interaction turns.

This paper extends the work described in [24], in which an evaluation of active
learning strategies was performed, with a specific focus on non-personalized tech-
niques. Results proved that non-personalized techniques have a positive effect on
both the recommendations quality and interaction costs, even though preliminary
experiments on personalized techniques support the hypothesis that the balance
between popularity and diversity might have an effect on the user experience of a
conversational recommender system.

Hence, we extended the work along the following directions: (i) we have in-
troduced and tested a new personalized Active Learning strategy; (i3) we have
repeated the user experiment with new participants; (i7i) we have added an in-
vestigation on the diversity of the recommendations produced by each strategy by
calculating the Aggregate Diversity and the Gini Index.

Therefore, our contributions can be summarized as follows:

— We propose an approach for integrating system-driven suggestions on a Con-
versational Recommender System based on natural language interaction, which
use Active Learning to assist users during preference elicitation by proactively
presenting informative or interesting items to rate;

— We investigate how the introduction of system-driven suggestions based on
Active Learning affects the quality of the recommendations and the user ex-
perience of a CoRS;

— We identify the advantages and challenges of introducing system-driven sug-
gestions during the profile elicitation step of a CoRS.

We performed a user study to evaluate each strategy in terms of interaction
cost and recommendation quality. The user study was performed in a live setting,
in which users interacted with a working version of the system. The rest of paper
is organized as follows: Section [2] describes related work in the area of CoRSs and
Active Learning. Section [3| describes the architecture of the CoRS used in this
study. Section [ introduces an approach for introducing system-driven suggestions
in the CoRS, as well as the Active Learning approaches involved in the study.
Section [5] describes the experimental protocol of the user study, while Section [f]
presents and discusses the results. Finally, Section [8] draws the conclusions, and
outlines future work.

2 Related Work

The work presented in this paper cuts across two main research topics: the elicita-
tion of user preferences in a conversational recommender system, and the Active
Learning strategies used by machine learning algorithms. In the following, we will
analyze these two aspects with a particular focus on the interaction based on
dialogue.
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2.1 Preference elicitation strategies for CoRSs

A Conversational Recommender System (CoRS) is defined as a system that pro-
vides recommendations to users via a multi-turn dialogue [27]. CoRSs are char-
acterized by the fact that they acquire the user profile in an iterative fashion.
The system can ask the user to rate some items, and the user can influence the
outcome of the recommendation by providing feedback on the suggested items.
Traditional recommender systems, on the other hand, require that all user infor-
mation is provided before generating a recommendation [34]. CoRSs can differ
from each other in many ways. For example, they can be developed either using
a traditional form-based interface, or using natural language (written or spoken).
CoRSs can also be classified based on the interaction initiative (i.e., whether the
user or the system takes initiative in the conversation), and the profile elicitation
strategy. Users can build their profiles by either providing example items, or by
providing constraints over several facets. In the case of system-driven interactions,
one of the problems a CoRS has to address is how to select the questions to ask.
In fact, many works investigate the next-question problem, for example by de-
veloping of strategies for choosing the most appropriate facet-based questions for
CoRSs. Examples are Goker and Thompson [I7], Jannach and Kreutler [26], Sun
and Zhang [48], and Priyogi [41].

This kind of interaction brings to mind one of the earlier well-known interaction
approaches for CoRSs, called critiquing [5L2I]. The principal goal of critiquing
strategies is to reformulate the user query in order to best fit the items in the
catalog. Generally, this feedback is used for refining the user preferences, thus
it shares a goal similar to the next-question problem as described above. Our
paper is especially focused on the development of mized-initative, preference-based
conversational recommenders, in which the user can provide the system with item
ratings on her own accord, and the system can also prompt the user to rate items
if needed. Thus, a critiquing strategy is not considered in our work.

Bertomeu Castell6 [3] developed an item selection strategy for CoRSs based on
a Markov Decision Process (MDP) model. The system selects the most appropriate
action at any moment, i.e. asking a facet or proposing an item. However, it does not
support natural language interaction, and no experiment was conducted. Greco
et al. [20] developed a framework for conversational recommendation based on
neural networks and reinforcement learning, in order to concurrently learn several
recommendation-related tasks. In the framework, there is a meta-controller, with
the role of receiving the dialogue state and predicting the goal for that state.
There goal is twofold: chitchat and recommendation. A goal-specific representation
module converts the dialogue state to a score vector, which is then refined by an
attention module to focus on the most important parts. Eventually, a controller
uses these refined scores and takes an action to satisfy the given goal. The main
limitation of this work is that constraints in the dialog are not explicitly modeled,
thus the dialog is completely driven by the learned model.

Christakopolou et al. [8] developed a preference elicitation framework for CoRSs,
whose objective is to identify the most appropriate questions to ask the user. An
experiment was conducted to compare several question-selection techniques based
on active learning and bandit learning approaches. Each technique selects an item
to be rated, to which the user can provide feedback. While the main goal of this
study is very similar to ours, the two studies are not directly comparable, as the
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approach, research questions, and the experimental protocol used are very dif-
ferent. First of all, the system presented in [§] is based on a Probabilistic Matrix
Factorization (PMF) recommendation algorithm, while ours is based on a Content-
Based algorithm. Second, one of the main points of [§] is the comparison between
absolute and relative feedback. The study concluded that the absolute model was
able to achieve better performance. Our work compares several question selection
models based on absolute feedback against a model that is completely user-driven,
in which users provide preferences on their own. Finally, the experiment in [§] is
conducted by generating a bootstrapped ground truth from a user questionnaire.
Instead, we performed a live experiment, in which users tested a working system,
and directly evaluated the recommended items.

Bandit learning algorithms are also implemented by Parapar and Radlinski
[40]. The authors investigate how to improve the preference elicitation step in
a (generic) recommender system. Indeed, their approach is independent of any
particular recommendation algorithm, and results in broader user profiles. They
propose to diversify the preferences elicited using Multi-Armed Bandits. This leads
to improved diversity and serendipity of recommendations. The goal of our inves-
tigation is quite different since we compare state-of-the-art solutions for active
learning in the specific context of CoRSs. However, we also investigate active
learning methods based on popularity and diversity, although the strategies are
different from those proposed in [40].

FPAN (Feedback-guided Preference Adaptation Network) is proposed by Xu
et al. [53] with the aim of improving the preference elicitation step of a CoRS. The
authors define a model for adapting the original user embeddings according to
online item and attribute-level feedback. Experiments demonstrated that FPAN
outperformed state-of-the-art baselines in terms of user preference estimation. Al-
though the main goal is similar to ours, this model is only applicable to end-to-end
architectures.

2.2 Active Learning approaches

Active Learning [49] is defined as ”the process of guiding the sampling process by
querying for certain types of instances based on previously seen data”. Its objec-
tive is to select the training data to feed a machine learning technique, in order
to improve the efficiency of the data. The examples that are most useful for the
prediction task are selected, while the most uninformative are discarded. Active
Learning strategies have been extensively researched in the area of recommender
systems as a potential way to improve the efficiency of the profile acquisition pro-
cess. In fact, they can help select the most informative items for the recommen-
dation task. Accordingly, Active Learning can play a strategic role for supporting
the preference elicitation step. Active Learning is especially useful when training
data is scarce. This is relevant for CoRSs, since they frequently work in cold-start
condition.

In [I1LI2], Elahi et al. provided a survey on the state of the art regarding
Active Learning techniques for recommender systems based on collaborative fil-
tering. These techniques can be divided into personalized and non-personalized.
Both categories can in turn be classified as single-heuristic or combined-heuristic.
Non-personalized strategies do not take into account the active user’s previous
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ratings, and only aim to select the items that are most popular, diverse or con-
troversial, such as Merialdo [35], Rashid et al. [43][44], and Golbandi et al. [I8|[19].
Personalized strategies select items based on what was previously rated by the
current user. Some examples are described in Rubens et al. [46] and Lee [33].

Hernéndez-Rubio et al. [23] propose a novel Active Learning approach focused
on opinions about item aspects extracted from user reviews. The proposed ap-
proach outperformed state-of-the-art strategies in terms of both rating prediction
and ranking. Aspects are extracted through a vocabulary-based aspect extraction
method. Items with the highest similarities with the user’s previously rated objects
are selected. While the proposed model was implemented in a traditional recom-
mender system, Aspect-based Active Learning could represent an interesting and
promising extension of our work.

Chuan et al. [9] propose a chatbot specialized for determining the eligibility
criteria for clinical trials using Active Deep Learning. The proposed chatbot sim-
plifies the process for allowing users to participate in clinical trials. The complex
and domain-specific criteria required to assess eligibility are separated into ques-
tions that users can answer. The sampling is getting from the uncertainty cluster,
thus the algorithm performs clustering on uncertain cases and selects the centroid
of the cluster to query the human oracle for the class label. The Active Learning
algorithm is used for improving the accuracy of a Convolutional Neural Network
(CNN). This is a very interesting research direction since CoRSs often make use
of deep learning architectures.

The work presented in this paper fits well in the current state of the art:
while there is a large quantity of research regarding the topics of Conversational
Recommender Systems and Active Learning, very few works actually investigate
the idea of combining the two areas, by integrating Active Learning strategies
during the conversational recommendation scenario. Our intention is to bridge
this gap by performing a user study that involves the integration of several Active
Learning strategies into a natural language-based Conversational Recommender
System. Accordingly, the principal goal of our study is to compare state-of-the-art
approaches for Active Learning (as reported in Section |4 for assessing how they
work in the context of conversational recommendations.

3 Conversational Profile Elicitation with Active Learning

The experimental object of this user study is a Conversational Recommender Sys-
tem (CoRS) specialized in providing movie recommendations. The system uses an
interface based on natural language: users can interact with the system by writing
text messages, and will receive feedback in the form of text and images. In the
original system, user profile elicitation was only performed by asking users to talk
about movies that they like or dislike, without any intervention from the system.
For the purpose of this study, we integrated an item suggestion functionality into
the system, which will be further explained in Section

The interaction process of the CoRS follows three steps: user profile elicitation,
recommendation, and user evaluation of the recommendations [25]. These steps are
repeated over time until the recommender system has enough data to generate a
satisfactory recommendation.
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During the profile elicitation phase, users can express preferences to both items
and their properties, i.e. characteristics or features that describe the items. In the
movie domain, properties can be concepts such as actors, directors, or the genre.
This distinction is consistent with the existing literature [30]. Both movies and
their properties were extracted from Wikidata%

Users can give a positive preference to an item to signal the desire to receive
recommendations that are similar to it, or can express a negative preference oth-
erwise. Users can also talk about some properties of the items that they like or
dislike, which helps the recommender system focus on the characteristics that are
most important. For example, in the movie domain, the user can write something
like ”I like Mel Gibson, but I don’t like Braveheart” (Figure [2). In this case, the
user expresses two preferences: a positive one for the property Mel Gibson, and a
negative one for the item Braveheart.

When the system has acquired enough ratings, the user can then proceed by
requesting some recommendations, e.g. by writing ”What can I watch tonight?”.
During the recommendation phase, the system proposes a set of recommended
items, each of which can be either accepted or rejected by the user. Figure [3]shows
an example of recommendation provided by the system.

The system and the data used in the experiment have been made available
publicly on a Github repositoryﬂ

3.1 CoRS architecture and implementation

The architecture of the CoRS (shown in Figure [1) mirrors that seen in Goal-
Oriented Conversational Agents described in Williams et al. [52]. The system is
made up of several components, each with its specific functions and responsibilities.
One advantage of this approach is that modules are mostly independent from one
another, and can be interchanged easily. For example, the module that handles the
recommendation algorithm can be changed without affecting the dialogue model.
Figures 2] [3]and @] show some examples of interaction with the CoRS. The following
sections describe the components in detail.

3.1.1 Natural Language Understanding

This component has the responsibility of understanding the user’s message, and
extracting all information contained within. This information is composed of: 1)
the intent, i.e. the action or request made by the user; 2) the entities mentioned
in the text, and 3) the rating expressed to each entity.

Intent recognition (IR) is the first step to understanding the user’s message.
The intents supported by our CoRS are consistent with those described in [27],
and are detailed in Table [1

The provide preferences intent is recognized when the user expresses a prefer-
ence to one or more items or properties during the profile elicitation acquisition
step. An example of interaction with this intent is shown in Figure [2| The request

I https://www.wikidata.org
2 https://github.com/aiovine/conversational-recommender-jiis/tree/master
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Fig. 1 Architecture of the CoRS

a recommendation intent is used when the user is ready to start the recommen-
dation. Figure [3| shows an example of a user requesting a recommendation to the
CoRS. The feedback on recommendation intent is activated when the user responds
to an item recommended by the CoRS, e.g. by accepting or rejecting it.

For this experiment, we included a new intent called feedback on suggestion,
which is recognized when the user provides feedback to an item that was sug-
gested by the system. Figure El shows an example of system suggestion and user
feedback. Section [d] will provide more details about how suggestions are generated
and how feedback is handled. Intent recognition is treated as a text classification
task, in which the entire message is classified against each of the aforementioned
intents. The intent recognition functionalities of our CoRS are implemented using
DialogﬂowEl

When the provide preferences or feedback on recommendation/suggestion in-
tents are recognized, the Natural Language Understanding (NLU) component is
also tasked with understanding what the user is talking about by performing
Named Entity Recognition (NER) on the text. The goal of NER is to extract
entity mentions from text, and match them to entities in the knowledge base. We
employed a custom-built NER solution that exploits knowledge graphs such as
Wikidata. This component performs two steps: spotting and linking. In the spot-
ting step, the algorithm analyzes the text in order to discover candidate entities.

3 |dialogflow.com/

Intent name Description Example
Provide preferences The user has provided one or more 1 like Mf-zl Gibson, but I don’t
preferences to the system like Braveheart
The user is providing clarification to
Provide clarifications a previous preference (e.g. when I mean Ghostbusters (1984)

multiple entities match the user input)
The user is asking for movie recommendations,
starting the recommendation phase
The user is responding to a system
Feedback on recommendation recommendation, by accepting or I like this movie
rejecting it
The user is rating a movie that the
system proposed during the suggestion phase
Show profile The user is asking to review his/her profile Can I see my profile?

Table 1 List of intents supported by the CoRS

Request a recommendation What can I watch tonight?

Feedback on suggestion 1 like it, but I don’t like the genre
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In particular, the algorithm detects sequences of words (the surface form) match-
ing a Wikidata alias, and then all the concepts that can be associated to the alias
are retrieved. For the linking step, it uses holographic graph embeddings [39] to
exploit the relations between concepts in the knowledge graph. In case multiple
concepts can be assigned to a surface form, a disambiguation step is performed.
Following the one topic per discourse hypothesis, it selects the concept that is
more similar to the other concepts in the text. When the NLU component is not
able to resolve the ambiguity in one or more entities, the system will ask the user
to select from a list of candidate entities. The answer to this question will activate
the provide clarification intent.

Finally, the show profile intent is activated whenever the user wants to review
his/her profile.

Sentiment Analysis (SA) is then performed to extract the rating associated
to each entity. To do this, we employed the Sentiment Tagger provided by the
Stanford CoreNLP libraryEl The component assigns a positive or negative rating to
each of the previously retrieved entities. To do this, sentiment words are identified
from the text, and each sentiment word is then associated to the closest entity.

In the example shown in Figure [2| the user writes "I like Mel Gibson, but I
don’t like Braveheart”. In this case, the output of the IR is the provide preferences
intent. The NER extracts the mentions to the property Mel Gibson and the movie
Braveheart. Finally, the SA extracts the sentiment words like and don’t like, and
assigns a positive rating to the first entity, and a negative rating to the second.

Hello! I am MovieRecSysBot, and | can help you What can | watch tonight? - 600 &
find a movie based on your preferences.

To start, tell me something about you. What
movies did you watch recently? Did you like them
or not?

‘What did you like or dislike about them? 13:52

Ok, let me think of something... (please don't send
messagesl) P

Isuggestyouwatch this: 5.,

You can write something like: "l dislike Sylvester
Stallone, but | love Rocky 11" 13:52 AP u‘ ALYPTO

1 like Mel Gibson, but | don't like Braveheart
13:5

Ok, I added a positive rating for: Mel Gibson.
| added a negative rating for: Braveheart.

| need 1 more preferences. Can you talk about
some other movies that you watched recently?

‘You can write something like: "I like Ghostbusters
for the director” 13:53

Ilike Joker 5.5, o

Ok, | added a positive rating for: Joker. .- Apocalypto

Fig. 2 Screenshot of the system during the Fig. 3 Screenshot of the system during the rec-
profile elicitation phase ommendation phase

4 |https ://stanfordnlp.github. io/CoreNLP/l
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3.1.2 Recommender System

This component is responsible for handling the recommendation process, as well
as the user profiles. The algorithm used is the PageRank with Priors, also known
as the Personalized PageRank (PPR) [22]. Recommendations are generated using
a knowledge base of movies and movie properties extracted from Wikidata. The
knowledge base is organized as a graph, in which each node is either a movie
or a property (actors, directors, etc.). PPR adds a non-uniform personalization
vector, that assigns different weights to different nodes in the graph. In our case we
adopted the default distribution, i.e., 80% of the total weight is evenly distributed
among items liked by the user, and 20% is evenly distributed among the remaining
nodes. As confirmed by recent research in the area [2,[7,[36,50] PPR provides results
in line with the most popular recommendation strategies. Moreover, one of the
strengths of this algorithms lies in the fact that it can leverage preferences to both
items and properties.

To better understand your taste in movies, | will
now ask you to rate some popular movies. ;.

Have you watched Forrest
Gump? do you like it or not? If
you haven't watched it you
can skip it.

Fig. 4 Screenshot of the system suggesting an item during profile elicitation

3.1.3 Dialogue Manager

This component orchestrates the entire recommendation process. It handles three
main tasks: Dialogue state tracking, i.e. keeping track of the current state of the
conversation; Dialogue policy, i.e. selecting an appropriate action to perform given
the current state; and Response generation, i.e. organizing the outputs of the other
components in order to build the final response that will be sent to the user.
The Dialogue Manager was developed completely in-house. Dialogue state
tracking and policy selection are performed using a rule-based approach: the ac-
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tion performed by the system is chosen based on the current dialogue state and
the intent recognized by the Natural Language Understanding component. Once
the action has been performed, the dialogue state is updated accordingly, and a
textual feedback is provided to the user.

For the Response generation task, we chose a simple template-based model: for
each action that the system can perform, a template response is associated. When
the action is performed, a text feedback is generated by filling in the template
with contextual data, and then it is displayed to the user.

3.1.4 Item Selector

The Item Selector component was implemented for the purpose of this study. It
is responsible for proposing movies during the suggestion phase of the CoRS, and
supports several item selection strategies, which will be further detailed in Section
[@ This component also cooperates with the Recommender System, as it uses the
knowledge base and/or the user profiles to select the items to suggest (depending
on the strategy used).

4 Mixed-initiative profile elicitation with Active Learning

The user profile elicitation strategy used in the original system is largely user-
driven. The onus of providing preferences is mostly on the users, which can make
the interaction slower and more frustrating as they have to come up with enough
items and properties to rate before the recommendation can begin. We propose to
overcome this limitation by making profile elicitation a mized-initiative process,
i.e. the flow of the conversation can be controlled by both the user and the system
in different moments. Effectively, the two parties collaborate to reach the ultimate
goal, i.e. finding a useful recommendation. We enforce mixed-initiative dialogue
by dividing the profile acquisition into two phases: warm-up and suggestion. The
new workflow of the interaction process is shown in Fig.

During the warm-up phase, the system introduces itself, and prompts users
to share their preferences about both items and their properties. This phase is
reminiscent of the profile elicitation strategy employed by the original system.
Once enough ratings are provided, the suggestion phase is activated. The system
asks the user to express a preference to several popular or interesting movies, with
the objective of fine-tuning its understanding of the user’s taste. The advantage
of natural language interaction is that the user is not limited to simple like/dislike
answers, but can also provide more detailed feedback. In fact, users can criticize the
suggested item, by giving specific feedback to a property of the item. In practice,
system suggestions become a starting point for further conversation. In Fig. |5 the
system presents the question ”Have you watched Ready Player One? Do you like
it?”, and the user answers with ”I like that movie, but I don’t like sci-fi movies
that much”.

Ideally, the items shown during the suggestion phase should be chosen by
maximizing the quantity of information that can be elicited from the user, while
minimizing interaction effort. In this sense, Active Learning [49] is definitely rele-
vant. It is defined as ”the process of guiding the sampling process by querying for
certain types of instances based on previously seen data”. Its objective is to select
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Profile acquisition

Warm-up >> Suggestion >

Have you watched
Ready Player One? Do
you like it?

> Recommendation >

What can | watch
tonight?

| like Mel Gibson, but |
don't like Braveheart

What do you think of
Lethal Weapon?

| like that movie, but |
don't like sci-fi movies
that much

Fig. 5 Workflow of the CoRS

the training data to feed to a machine learning technique, in order to improve the
efficiency of the data. The examples that are most useful for the prediction task
are selected, while the least informative ones are discarded.

Many Active Learning strategies exist for recommender systems [12], each of
which focuses on maximizing one aspect of the suggested items, such as their
diversity, or the likelihood that the user can confidently provide a rating on them.
Choosing a strategy over all others is not trivial, as there is no one-size-fits-all
solution for achieving good results.

When dealing with natural language, the effect of a specific suggestion strat-
egy becomes more nuanced. For example, suggesting items that are well-known
increases the probability that the user will be able to generate more complex
feedback. On the other hand, presenting a small set of diverse items can poten-
tially lead to a more informative user profile. However, if the suggestions become
too specific or obscure, users will not know what to say about them, making the
interaction more frustrating.

In this section, we describe the Active Learning strategies that we have inves-
tigated for empowering the suggestion phase of our CoRS.

4.1 Popularity

This strategy selects the most popular items, i.e., those with the highest number of
ratings [4312). It belongs to the single-heuristic non-personalized category, since
it does not take the user’s previous preferences into account. It also falls into the
category of attention-based strategies, since it focuses on finding items that have
received the most attention among users in the past.

The principle behind this approach is simple: popular items are more likely to
be also known by the current user, which in turn decreases the chance that he/she
does not know how to rate it. This is important in the context of a CoRS, since it
means that users have to spend less time rating items, and can potentially receive
a recommendation with less interaction turns.

The conversational interface can also bring out another potential advantage: in
fact, users are not limited to provide a simple like/dislike rating, but can also write
more complex feedback via text. Popular items can be a good starting point for
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the user to provide more feedback, simply because he/she may have more things
to talk about them.

A problem commonly observed when using this strategy is the prefiz bias [43]:
because the user profile is mainly acquired through popular items, the recom-
mender system is also biased towards recommending other popular items, thus
ignoring the long tail of less popular items.

4.2 Random Popularity

Random Popularity is one of the first examples of combined-heuristic non per-
sonalized Active Learning strategy, which was first introduced in the MovieLens
recommender system [12]. In the original definition, preference elicitation was per-
formed by showing a list of movies that users could rate. This list was composed
of randomly selected movies, plus one that was selected from a manually-sourced
repository of popular movies. This increases the probability that users have ex-
perienced at least one of the proposed movies, while avoiding the most common
pitfalls of a strategy purely based on popularity.

Some modifications are required in order to fit this approach into our conver-
sational interface, because suggestions are provided one after another, and users
are asked to provide a preference to each of them. First, we extracted the Top 250
most popular movies from IMDbEI During preference elicitation, the system can
do two things:

1. Ask the user to rate a movie from the popular list. The movie is chosen ran-
domly (among those that were not already rated by the user);
2. Ask the user to rate a completely random movie.

Both options have a 50% chance of being selected, therefore the user will be
asked to provide preferences to a balanced combination of popular and less popu-
lar items. Suggesting random movies can however lead to some problems, as the
likelihood that the user can express an opinion on them is significantly lower. The
effectiveness of the suggestion strategy is thus reduced, as well as the efficiency of
the interaction.

4.3 \/Popularity x Variance

This strategy tries to combine the effect of the popularity score with heuristics
that take into account the informativeness of the ratings [I8]. It is a combined-
heuristic non-personalized strategy that selects popular items that also have a
large variance of ratings. Preferences on these items may provide more useful
(discriminative) information about the user’s profile.

The strategy is a variant of the log(popularity) x entropy one. Applying log-
arithm or square root allows to reduce the weight of popularity, which usually
has an exponential distribution, in order to avoid the dominance on entropy or
variance when the two values are multiplied. Research shows that this is preferred
to a strategy that only selects items based on either variance or entropy, which

5 https://github.com/jberkel/imdb-movie-1links/blob/master/top250.txt
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tends to select unpopular items that are less likely to be relevant to the current
user’s interests [19]. Given a candidate item ¢ and R;, the set of ratings associated
to i, we calculate the score as follows:

r—pg,)?
score(i) = mZTER"’(R” ) , (1)

where pp, is the average of the ratings in R;. We then select the item with with
the highest score, and present it to the user.

4.4 Ttem-to-Item

This is a single-heuristic personalized strategy, which takes into account the item
similarity to the user’s previously rated items. To calculate this similarity, two
elements are needed: a way to represent items, and a function that calculates the
distance/similarity between two items. The implementation of the item-to-item
strategy found in [I2] uses a standard item-based collaborative representation, in
which an item is described by the ratings it received by all users. The Pearson
correlation coefficient calculates the similarity between items by analyzing the
subset of users that rated both items.

We instead opted for a content-based representation of the items, which is
also used by the recommendation algorithm. Each item is described by a set of
properties. In the movie domain, properties can be things such as the actors, the
genre, and the director. We then measure the distance between two items by
calculating the Jaccard Index between the sets of properties that describe them.
The Jaccard Index is often used to gauge the diversity of two sets [45]. Given two
items ¢ and j, and their respective set of properties P; and P;, we calculate the
similarity using the following formula:

[P N Py

S s 2
‘PZ’UPJ‘| ( )

sim(i,j) =

Essentially, the similarity score takes into account the properties that are
shared between the two items. For example, two movies could be considered simi-
lar because they share the same director, or belong to the same genre, or because
one or more actors participated in both.

During the interaction, we calculate the similarity between the candidate items
and those already in the user profile, using the aforementioned formula. The warm-
up phase described earlier ensures that the similarity can be calculated correctly.
Differently from [I2], we do not ask the user to rate the most similar movies. In-
stead, we chose to select the least similar items, among those that meet a minimum
similarity threshold.

This decision was made to differentiate this strategy from the ones that are de-
scribed earlier in this section. While the popularity-based strategy focuses entirely
on the familiarity of suggested items, here we employ a strategy that is dedicated
to maximizing their diversity. A potential advantage is that this diversity can help
build a more accurate user profile [38].
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4.5 Highest Predicted

This is another personalized, single-heuristic approach, which falls specifically in
the prediction-based category. In fact, this strategy relies on asking users to express
a preference to items that he/she probably likes. In order to find those items, a
rating prediction algorithm is adopted, and the item with the highest predicted
rating is returned. Hence, this strategy exploits the output of a recommender
system during the preference elicitation step.

In our case however, we decided not to use our recommendation algorithm,
and instead generate suggestions using collaborative filtering, in order to avoid
redundancy between the output of the item selection strategy and that of the
recommendation phase.

Specifically, we used a matrix factorization model based on Singular Value
Decomposition (SVD++) [32]. To sum up, SVD++ is used as rating prediction
algorithm and the item with the highest predicted rating that has not been rated
by the user will be suggested, because it is more likely to be interesting to the
user, and worth to be rated.

5 Experiment
5.1 Experimental Protocol

We performed a between-subjects in-vivo user study that involved 219 participants
(women = 14.48%, medium-high interest in movies = 92.76%), most of which
were University students. Participants were collected via voluntary sampling. The
experiment involved six configurations of the recommender system described in
Section [3] Five configurations use one of the item selection strategies that were
described in Section [4] The sixth configuration disables the suggestion phase, thus
profile elicitation is performed exclusively by asking users to provide preferences on
their own, without any assistance from the system. This will serve as the baseline
configuration. The participants were randomly divided into six groups, each group
having a number between 34 and 40 participants. Each participant tested only one
of the configurations, and performed the following steps:

1. Before starting the experiment, each participant is required to read the instruc-
tions, which describe the purpose of the test, the tasks, and some examples of
use.

2. At the beginning of the test, the system introduces itself to the participants.
Then, the warm-up phase begins: each participant has to provide at least three
ratings to movies or properties on his/her own. For the baseline configuration,
we decided to increase the minimum number of user-given ratings during the
warm-up phase to six. This was chosen to decrease the difference in profile size
with the other configurations, in which the user profile always contains at least
eight ratings.

3. After the warm-up phase, the suggestion phase begins. The system proposes a
set of five movies, chosen using one of the item selection strategies described
in Section[d The participants can rate each item, skip it, or provide additional
feedback. This step is ignored for the baseline configuration.
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4. After enough ratings have been elicited, participants can ask the system to rec-
ommend some movies. At this point, the recommendation phase is started, and
five recommendations are generated. Each recommendation can be accepted,
rejected, or skipped. Also, participants can request more details, the trailer, or
an explanation.

5. At the end of the test, participants are required to fill out a post-test question-
naire.

5.2 System configuration

We configured the conversational recommender system for the movie domain. To
do this, we generated a movie knowledge base by extracting movies and their prop-
erties from Wikidata. As a result, the knowledge base contains 17,155 movies and
372,557 properties. The Natural Language Understanding component is trained to
recognize 61,559 distinct entities in the movie domain (movies, actors, directors,
genres, etc.).

For the Popularity, v/ Popularity x Variance and Highest Predicted configura-
tions, which rely on previous ratings, we decided to bootstrap the database of user
profiles by including ratings collected from the Movielens latest-small datasetﬂ
This is a necessary step to ensure that all strategies are treated fairly, i.e. by pro-
viding enough data to function correctly. This also provides the added benefit of
increasing the consistency of the suggestions across all users, because they will not
be strictly dependent on the interactions collected from previous users.

5.3 Research Questions

— RQ1: What is the effect of Active Learning techniques on the rec-
ommendation quality of a CoRS? How does it compare against a
model based only on user-given preferences? The suggestion strategies
described in Section M use different criteria to decide which items to use for
profile elicitation. Therefore, the profiles that will be captured will possess
different characteristics, which in turn should result in different recommenda-
tions. We are interested in understanding how these strategies affect the users’
perception of the recommendations, and if they can actually improve the rec-
ommendation process compared to a preference elicitation strategy that relies
entirely on the user. Accordingly, we collect feedback on the output of the
recommender system, as well as the users’ opinion through the answers to the
questionnaire.

— RQ2: What is the effect of Active Learning techniques on the inter-
action cost of a CoRS? How does it compare against a model based
only on user-given preferences? Suggesting different items leads to differ-
ences in the quality of the interaction as well. We collect a set of metrics that
measure the users’ attitude in using the CoRS, as well as record their opinion
on the user experience through the questionnaire. This will help us understand
if the aforementioned strategies are beneficial in making the interaction more
efficient and pleasant for users.

6 https://grouplens.org/datasets/movielens/
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5.4 Metrics

During the experiment, we collected a set of metrics that we use to determine
the answer to the aforementioned research questions. In order to answer RQ1, we
collected a set of state-of-the-art metrics for evaluating the quality of the recom-
mendations:

Hit Rate (HR): It is the average number of hits. For each user, we register
a hit if at least one item in the recommendation list was deemed satisfac-
tory. It assesses the system’s ability to reach the user’s goal, i.e. find a good
recommendation.

Accuracy (ACC): It measures the ratio between liked recommendations and
all recommendations presented by the system.

Mean Average Precision (MAP): The average precision of the recommen-
dation lists, calculated by taking into account the items liked by the user and
their ranking. It measures the quality of the ranking of the recommendations
[47].

normalized Discounted Cumulative Gain (nDCG): This is another met-
ric of ranking quality commonly used in Information Retrieval (IR). It measures
the utility of each recommendation, which is logarithmically discounted based
on its position in the recommendation list [28].

Aggregate Diversity (AD): It measures the recommender systems perfor-
mance based on the top-N recommended items lists that the system provides
to its users. It is computed as the total number of distinct items recommended
across all users [I]. In order to carry out a fair comparison among configura-
tions involving different number of users, we also report the aggregate diversity
as a percentage of the maximum total number of possible diverse recommenda-
tions. For example, if we recommend 5 items to 40 users, the maximum number
of possible diverse recommendations is 200, while with 20 users we could rec-
ommend a set of 100 possible diverse recommendations. Hence, an aggregate
diversity of 100 items corresponds to a percentage of 50% and 100% for the
the two cases, respectively.

Gini Index (GI): It measures the degree to which recommendations are con-
centrated on a few popular items (i.e., low diversity), or conversely, how much
they are equally distributed across all candidate items [I5]. A Gini index equal
to 1 means that recommendations are concentrated on a single item in the
knowledge base, while an index close to 0 means that recommendations are
evenly distributed on all recommendable items.

In order to answer RQ2, we measured the cost of interacting with the system

via a set of metrics commonly used for evaluating conversational agents.

Number of Questions (NQ): It counts how many questions are asked by the
system during the profile elicitation step. Precisely, questions are asked either
when the system prompts the user to give a preference to an item during the
suggestion phase, or whenever some additional information is required in order
to fully understand the user’s message (e.g. when multiple concepts match
with an entity written by the user). Asking too many questions could be an
indicator of a more complicated user interaction.
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— Average time per question (TPQ): It is the average time (in seconds)
taken by the user to answer a question asked by the system. If the system
asks difficult questions (e.g. by suggesting an unfamiliar item during profile
elicitation), the time needed to answer this question may increase.

— Interaction Time (IT): It is the average time (in seconds) taken by the user
to complete the experiment.

— Query Density (QD): Inspired by Glass et al. [I6], it is defined as the av-
erage number of new concepts (in our case, ratings to movies or properties)
introduced in a user message. A higher QD means that the user can provide
more complex ratings. The QD is computed by the following formula:

_ LS N
" Ny < « N (i)’
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QD (3)

where N, (4) is the number of distinct concepts introduced by the user v in the
dialogue 7, Ny, (¢) is the number of messages of the user in the dialogue ¢, and
Ng is the number of dialogues.

— Conversation Length (CL): It measures the average number of interaction
turns that take place during the experiment. Longer conversations could be a
potential indicator of a less efficient interaction.

We have also collected the answers to the questionnaire, which is based on the
ResQue model [42]. The questionnaire aims to assess the quality of each configu-
ration from the users’ point of view. Questions are organized into eight constructs:
Ease of use, Control, Transparency, Interaction Adequacy, Recommendation Ac-
curacy, Intention of use, Perceived usefulness, Overall Satisfaction. Answers are
provided on a 5-point Likert Scale, with 1 meaning Strongly Disagree, and 5 mean-
ing Strongly Agree.

6 Experiment Results

The values of the metrics collected during the experiment are presented in Table
We also performed statistical tests to verify the significance of the differences
between the configurations. In particular, we used the MANOVA test, followed
by t-test for independent samples to check significant differences between pairs
of configurations. The t-test is performed for all metrics except for AD and GI,
since they are aggregate. For both tests the significance level is 0.05, however, we
mitigate the effect of multiple comparisons by applying Bonferroni correction to
the t-test results [I0]. Since each group has a sample size that is between 34 and
40, we can safely assume a normal distribution for the metrics. Moreover, we also
report the statistical power of each test.

The MANOVA test confirms that the differences in the metrics between all con-
figurations are significant (p < 0.001, Pillai’s Trace = 0.56, F' = 3.31, NumDF =
40, DenDF = 1050).
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Metric No sugg. Pop. Rand Pop. Pop.Var. I21 Highest Pred.

NQ 3.73 11.94 12.14 12.57 8.89 22.03
TPQ 39.84 23.32 24.54 29.21 31.60 20.80
IT 790.42 653.64 751.41 805.40 834.50 862.91
QD 1.28 1.26 1.08 1.29 1.08 1.26
CL 19.35 26.25 25.86 28.71 23.78 35.24
HR 0.788 0.882 0.919 0.890 0.919 1.000*
Accuracy 0.398 0.518 0.516 0.533 0.430 0.529
MAP 0.288 0.422 0.400 0.402 0.301 0.397
nDCG 0.603 0.728 0.767 0.695 0.718 0.818%*
AD 174 130 152 124 160 141
%AD 87% 2% 82% 1% 86% 83%
GI 0.120 0.241 0.158 0.256 0.122 0.157

Table 2 Results of the metrics for the user study. The highest scores are highlighted in bold.
*Means that the configuration performs significantly better than the No Suggestions baseline.

6.1 Interaction Quality Metrics

The first noticeable result is that the No Suggestions configuration asks less ques-
tions compared to the others. This is expected, since, as we said earlier, we counted
each movie suggestion as a question. The t-test confirms that the difference be-
tween No Suggestions and all Active Learning strategies is significant (p < 0.001,
t > 7.12, statistical power > 99%).

We can also see that the Item-to-Item configuration seems to ask a lower num-
ber of questions compared to Random Popularity, and /Popularity x Variance
and Highest Predicted strategies. This can happen because the suggestion phase
may be interrupted when no suitable movies can be suggested by this strategy.
The t-test confirms the difference in NQ between Item-to-Item and Random Pop-
ularity (p = 0.0028, t = 3.10, statistical power = 87.2% ), Item-to-Item and
v/ Popularity x Variance (p = 0.0025, t = 3.20, statistical power = 78.1% ), Item-
to-Item and Highest Predicted (p < 0.001, t = 4.82, statistical power = 99.7%).

Out of all Active Learning configurations, Highest Predicted reports the high-
est number of questions asked. By analyzing the interaction logs in detail, we
discovered that few users skipped a large amount of suggestions, thus increasing
the number of questions asked by the system, since it has to provide more sugges-
tions before the recommendation phase can start. It is likely that in these cases
the item selection strategy did not receive adequate information during the warm-
up phase, in which case the SVD++ algorithm returned irrelevant or uncommon
movies. Nevertheless, this has not affected recommendation performance.

In terms of TPQ, Highest Predicted achieved the quickest answer time, while
Item-to-Item was the slowest. This suggests that the personalized suggestions made
by the Highest Predicted approach make it easier for users to quickly rate. Pop-
ularity achieved a close second for this metric. When diversity is prioritized, the
answer time becomes longer, as users will be faced with unfamiliar items more
often. Despite this, the t-test did not find any significant differences in TPQ.

Users reported a lower IT for the Popularity-based technique, while the highest
value is reported by the Highest Predicted configuration. This is again influenced
by the fact that some users skipped a large number of suggestions, thus the profile
elicitation phase required more time before enough data was collected. The differ-
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ence in IT between Popularity and Highest Predicted is significant (p = 0.0044,
t = 2.95, statistical power = 83.8%). This gives credit to the hypothesis that popu-
lar items are easier to rate for users, thus allowing them to complete the preference
elicitation phase quicker. By introducing variance with the Random Popularity,
v Popularity x Variance, and Item-to-Item configurations we observe an increase
in I'T, which is also consistent with the previous hypothesis.

In terms of the overall conversation length, we can see that the Active Learning-
based configurations require on average more messages before the interaction can
be completed. This was expected, as participants had to rate at least five movies
proposed by the Item Selector. The t-test confirms that the difference in CL be-
tween No Suggestions and all other configurations is significant (p < 0.003, ¢ > 3.1,
statistical power > 86.8%). Additionally, the Highest Predicted configuration re-
ports a higher CL than Popularity (p = 0.008, t = 2.74, statistical power = 77.7%),
Random Popularity (p = 0.003, ¢ = 3.11, statistical power = 86.3%), and Item-
to-Item (p < 0.001, t = 3.64, statistical power = 94.9%). This is justified by the
higher number of skipped suggestions.

Query Density is very close across configurations, with only the Item-to-Item
and Popularity strategies scoring slightly lower. On one hand, this is an indication
that the proposed strategies do not negatively affect the efficiency of the interac-
tion. However, it also means that the hypothesis that system suggestions can help
users provide more complex feedback cannot be confirmed. In fact, participants
often limited themselves to rating the suggested item itself. The t-test confirms
that the differences in QD are not significant.

6.2 Recommendation Quality Metrics

As for recommendation quality metrics, we can observe that the Highest Predicted
configuration managed to achieve a Hit Rate of 1, which means that all partici-
pants managed to find at least one satisfactory item within the 5 generated by the
recommender system. In general, all Active Learning-based configurations man-
aged to obtain a higher HR compared to the baseline. However, only the difference
between No Suggestions and Highest Predicted is significant (p = 0.003, ¢t = 3.05,
statistical power = 88.6%). Similar considerations are made for the nDCG metric:
all Active Learning configurations score higher than the baseline, with Highest Pre-
dicted obtaining a significant improvement (p = 0.001, ¢ = 3.34, statistical power
= 92.9%). Thus, we can say that the profile acquired through the use of Active
Learning strategies can lead to a higher quality of both the recommendations and
their ranking. Therefore, providing suggestions to users during the preference elic-
itation phase of a CoRS is indeed beneficial to its effectiveness, because it supports
users in coming up with a set of preferences that is representative of their tastes.
Moreover, tailoring the suggestions based on what the user has provided during
the warm-up phase seems to increase this benefit, as demonstrated by the fact
that the Highest Predicted configuration scored the highest for HR and nDCG.

The v/ Popularity x Variance configuration obtained scores similar to Pop-
ularity for the recommendation quality metrics. This suggests that introducing
variance in the suggestion strategy does not produce an appreciable increase in
the informativeness of the acquired user profile. Indeed, no significant differences
were found between the two configurations.
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The recommendations generated by the Active Learning configurations have
not achieved higher diversity compared to the No Suggestions baseline, accord-
ing to the AD and GI metrics. The results show that, by letting users provide
preferences on their own, the recommender system is already able to achieve very
high diversity. In fact, only 13% of the recommendations proposed by the baseline
were shared across two or more users. Instead, the suggestion strategies that rely
on familiarity introduce some homogenization in the acquired profiles, as more
items are shared across profiles. This is also why the system is able to regain
some diversity by using randomized suggestions, promoting their diversity, or by
personalizing them.

6.3 Answers to the Questionnaire

The results of the questionnaire are shown in Table |3 We compare the approaches
by calculating the mean of the answers to each question. Due to the low sample
size, the MANOVA test was unable to confirm that the difference in the responses
are significant. Nevertheless, we can state that all configurations are rated posi-
tively by participants for all constructs. The highest score is consistently achieved
by the Popularity and Random Popularity strategies. Specifically, the Popularity
configuration was rated the highest in terms of Use Intentions, Overall Satisfaction,
Recommendation Accuracy, Perceived Usefulness, and Control.

The answers to the Recommendation Accuracy and Perceived Usefulness con-
structs show a picture that is different from the one described by the metrics.
Indeed, despite the fact that Highest Prediction obtained the best results for both
Hit Rate and nDCG, participants rated it lower than most other approaches. Of
course, this highlights the discrepancy between the relevance of the recommenda-
tions, and their usefulness as perceived by users, which is already discussed in the
literature [141[42,29]. We propose to investigate this phenomenon further: if it is
validated statistically, it could mean that personalized suggestions favor relevance
over the usefulness of the items.

Participants rated positively both Popularity and Random Popularity con-
figurations for the Ease of Use construct. This corroborates the hypothesis that
the use of popular items makes profile elicitation easier. On the contrary, the
v/Popularity x Variance and Item-to-Item configurations scored lower for this
construct, which can be attributed to the fact that they tend to suggest movies
that are uncommon or controversial.

Construct No sugg. Pop. Rand Pop. Pop.Var. I2I Highest Pred.
Transparency 4.03 4.00 4.22 3.83 3.70 3.71
Use Intentions 3.88 3.92 3.73 3.63 3.65 3.53
Overall Satisfaction 4.10 4.25 4.24 3.97 3.97 3.82
Recommend. Accuracy 3.83 4.17 3.95 3.57 3.70 3.62
Perceived Usefulness 3.65 4.06 3.84 3.54 3.51 3.35
Ease of Use 4.10 4.22 4.30 4.16 4.07 4.19
Control 3.70 3.97 3.84 3.80 3.62 3.75
Interaction Adequacy 3.96 3.98 4.01 3.94 3.95 3.98

Table 3 Answers to the questionnaire, organized by construct. The highest scores are high-
lighted in bold.
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All configurations score similarly in the Interaction Adequacy construct, which
means that the participants generally agree that the dialogue model employed by
the CoRS is adequate for reaching their recommendation goals. This suggests that
the slight increase in interaction time and conversation length does not negatively
impact user experience.

7 Discussion

Based on the experimental results, we can now answer the research questions
described in Section [5.3t

RQ1. What is the effect of Active Learning techniques on the rec-
ommendation quality of a CoRS? How does it compare against a model
based only on user-given ratings?

The results described in Table[2show that incorporating user profile elicitation
strategies based on Active Learning into a CoRS can have a positive effect on
the quality of the recommendations. Indeed, the statistical tests confirmed that
the Highest Predicted strategy significantly improves both Hit Rate and nDCG,
compared to a strategy based only on user-given feedback. On the other hand, the
Popularity and Random Popularity approaches tend to score better in terms of
the perceived quality, usefulness, and trust in the recommended items. However,
these results are not statistically significant, and will require further studies in
order to be fully understood.

Contrary to our expectations, the introduction of system suggestions did not
result in increased diversity of the recommended movies. In fact, most approaches
involved in this study rely on proposing popular or familiar items, which are more
likely to be shared across profiles. This in turn increases the probability that the
same movie will be recommended to multiple users. Despite this, we show that
a decrease in overall diversity is not accompanied by a loss in recommendation
quality.

These results help us better understand how people interact with a CoRS using
natural language. Since users prefer interacting using short, direct messages, the
problem of obtaining an informative user profile with few interactions becomes a
fundamental factor for the success of a CoRS. The user-driven strategy employed
in the baseline allows users to tailor the profile to their specific preferences, which
explains the high diversity. However, users may be inclined to only rate a set of
closely related items, thus narrowing down their profile into a narrow view of the
entire item space. This results in overspecialized recommendations, as the out-
puts of the recommender are also related to the ones mentioned in said profile.
This limits their usefulness, as shown in the results in Tables [2] and [3] The item
selection strategies investigated in this study help reduce the risk of narrow pro-
files, which allows the PPR algorithm to find more suitable connections between
movies. The choice of the specific approach is also important: we discovered that
personalized Active Learning strategies can improve the relevance of the recom-
mendations, however this does not directly translate into a higher perceived value
of the recommendations. Therefore, this choice must be made carefully.

RQ2. What is the effect of Active Learning techniques on the in-
teraction cost of a CoRS? How does it compare against a model based
only on user-given ratings?
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The statistical tests failed to find any significant improvements to the inter-
action cost over the baseline. On the contrary, they show that Active Learning
strategies suffered a slight increase in conversation length, as users were required
to write more messages on average before completing the experiment. However, it
can be argued that measuring the effects of user profile acquisition strategies on
interaction cost is hard, even more so if the measurement is done in a real world
scenario.

Moreover, the results suggest that system suggestions do not help users extract
more complex preferences, who instead limited themselves to one item per message.
Indeed, the fact that users prefer writing short queries is known, has been discussed
in similar areas of research such as Web search [51]. Therefore, more research is
needed in order to understand how to elicit complex text feedback from users.

Nevertheless, the results show that there are clear differences in the way each
Active Learning strategy affects user experience. The configurations that rely on
popularity tend to decrease the time per question and the overall time needed to
complete the experiment. On the other hand, the strategies that prioritize diversity
tend to make the preference elicitation step harder. The opinions recorded from the
questionnaire also seem to suggest that users consider the Popularity and Random
Popularity strategies as slightly easier to use than the others. Indeed, popular
movies are easier to rate, because users are more familiar with them. Therefore,
suggesting items to rate based on their popularity can be a simple yet effective
strategy for acquiring preferences more easily. However, a more comprehensive
study must be performed in order to fully validate this hypothesis.

8 Conclusion

In this paper, we presented an investigation on the application of several item
selection strategies based on Active Learning into a Conversational Recommender
System, and evaluated them in an experiment. We compared each strategy against
a completely user-driven baseline. The experiment was performed in a realistic sce-
nario, in which actual users interacted with a working recommender system, and
evaluated the recommendations. We measured the effects on both recommenda-
tion quality and interaction cost. The experiments prove that the integration of
item suggestion strategies based on Active Learning has a positive effect on the
recommendation quality of the system, despite a sensible decrease in overall di-
versity of the recommendations. Moreover, we discovered that while personalizing
the items suggested during profile elicitation increases the likelihood of finding
satisfactory recommendations, focusing on popular items tends to improve the
perceived quality of the recommendations.

A limitation of this experimental study is the relatively small sample size com-
pared to the number of configurations, which reduced the significance of the results.
Additionally, the Bonferroni correction applied to the t-test results further reduced
the amount of significant differences due to its highly conservative behavior [10].
As future work, we plan on extending this study by increasing the number of par-
ticipants. This will help increase the significance of the results, and will give more
confidence to the observations made in this paper. We will further investigate the
new hypotheses that emerged from this experiment. First, we propose to perform
an experiment focused on measuring the quality of interaction of the preference
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elicitation step. We will continue studying the trade-off between the accuracy of
recommendations and their usefulness as reported by users. In order to widen the
range of applicability of our findings, we will replicate the study using other rec-
ommendation algorithms. Finally, we propose to investigate aspect-based active
learning techniques, which can elicit judgements on aspects of the items instead
of items themselves, in order to improve the profile acquisition process.
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