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Abstract

With the spread of online services and platforms, there is a growing need
for methods that grant the fruition of today’s digital world in accessible
and natural ways. In a society steeped in the age of big data and com-
puting reality, highly specialized knowledge is often required of people to
enjoy these virtual benefits. Unfortunately, such wisdom is very challeng-
ing to acquire, also for technicians experienced in the Informative Systems
domain. This field branches out into consistently different areas regarding
goals and the skills required to achieve them. Moreover, individuals would
have to handle vast and complex information shown in a machine-readable
shape, which flows into unnatural and often incomprehensible approaches
to interacting with digital systems.

Virtual Assistants (i.e. Google Assistant, Alexa and Siri) have taken
root in solving these problems. In detail, Conversational Agents identify
a fitting solution in allowing natural accessibility to online services for a
broad audience. Such agents enable the interpretation and response to the
users’ statements in ordinary natural language, revolutionizing Human-
Computer Interaction through Artificial Intelligence. Although Conversa-
tional Artificial Intelligence is not a recent research field, the goals it pro-
motes are far from being fully achieved. Natural Language Processing and
Machine Learning techniques have brought significant improvements in
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the interaction quality offered by conversational agents, both in the ways
and in the contents of dialogues. However, people still perceive a certain
communication artificiality and difficulty of use when dealing with such
systems. The main problems lie in the low adaptability of interaction and
understanding of intentions and language towards users.

This thesis proposes to dissect the two most complex issues in imple-
menting conversational agents, which regard their interactivity and ca-
pability to understand the audience’s intents and languages. In particu-
lar, this dissertation collects all the research efforts made so far about the
growth of dialogue systems, focusing on Question Answering Systems and
Conversational Recommender Systems. It highlights how fundamental the
modality and the ways of interacting with conversational agents are to im-
prove user satisfaction. Moreover, we propose Knowledge Graphs based
models to enhance the effectiveness of dialogue systems in understanding
the human language and the users’ personality. We have also explored
some intuitions about the aspect-based sentiment analysis of text to re-
trieve people’s opinions and emotional states on several topics. Our find-
ings prove that deriving sentiment representations from the text will feed
systems with richer informative content, which results in more versatile
conversational agents regarding users’ scenarios. Extensive experiments
support our proposals, spreading through the previously mentioned analy-
sis dimensions, which evaluate in summary the interactivity, the semantics
and the sentiment featuring a conversational system. Finally, this disser-
tation presents a comprehensive literature review on Interactive Question
Answering systems, which also take a picture of the several scenario and
findings which still characterize the constant evolution of Conversational
Agents.
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1
Introduction

In the era of big data and digital platforms, society disposes of many on-
line services designed and distributed to improve people’s welfare and en-
force physical infrastructures. Digital ecosystems like streaming platforms
(e.g. Netflix, Spotify), e-commerce websites (e.g. Amazon, eBay) and social
networks (e.g. Facebook, Twitter) fill today’s virtual panorama. Such tech-
nologies further spread into people’s everyday life with services employed
to handle the most disparate needs, where healthcare, education and pub-
lic/private administration identify only a few examples. Indeed, users in-
teract with several digital services and devices to perform simple to com-
plex tasks. Although online tools and intelligent machines have undoubt-
edly brought considerable benefits [158], the variety of these technologies
may mislead people when engaging them, especially for executing sharp
operations (e.g. online payments, searching for sensitive information, etc.).
Thus, users usually prefer to rely on a simplified and more human-like sys-
tem interaction [129].

Virtual Assistants (VAs) were born to solve this issue, filling the gap
between specialized technicians and the average user. In detail, a VA is
a software program able to assist people in performing some predefined
tasks. It assumes different shapes depending on the type of task the VA
implements (e.g. a smartphone application for daily functions like Google
Assistant and Apple Siri [28], software for robotics in robot control [175],
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etc.). However, all the VA forms share a common feature given by their
Natural Language Interface (NLI) since it represents a concise and effective
way for humans to interact with software and cloud services [49]. Indeed,
its primary goal is to understand user intents expressed through Natural
Language (NL) and reply to them appropriately, emulating a human con-
versation. This kind of interface in the literature takes the name of Conver-
sational Agent (CA), whose summarized tasks are processing people’s text
or speech, understanding their needs, answering with automatically gener-
ated responses functional to the user purposes and maintaining a dialogue
continuity.

In a few words, a CA [1] is an Artificial Intelligence (AI) program that
originated to imitate human conversations using spoken or written natu-
ral languages over the Internet. Given their sophisticated role, such agents
need many methodologies and tools characteristic of several Informative
Systems fields to implement their scope. Therefore, CAs stand at the point
of union of Human-Computer Interaction (HCI), Natural Language Pro-
cessing (NLP) and AI subjects. In different application domains, CAs in-
teractively engage users to accomplish their demands. For instance, they
grant simplified access to healthcare structures and build people’s anam-
nesis [50] or lead the seeking of information through NL dialogues [190].
In this way, CAs facilitate using digital services for a broad audience.

Nevertheless, we still know little about how users perceive CAs [245],
although recent advances in Machine Learning (ML) and NLP techniques
allow them to implement increasingly complex tasks [62]. How to design
appropriate CAs for specific fields of application is still challenging [53],
also because the majority of the publicly available CAs are ”black boxes”
where their inner workings contain highly-protected IP that is not accessi-
ble to the public [39]. Thus, there is no shared approach to good practices
to design them. Current CAs are lagging in meeting users’ expectations in
terms of not being able to hold the conversations for a longer time [71], as
well as answering correctly to the people’s needs since they often imple-
ment less context-aware systems or keyword/pattern-based methods [1].
Moreover, they have broadly proven unfit for handling the users’ emotions
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and moods [168]. Summarizing the main issues that affect today’s CAs,
we can identify two main development topics: interaction and semantic
understanding.

This dissertation aims to explore in detail the two previously mentioned
topics, assessing which are the recent state-of-the-art developments and
proposing novel and functional solutions for CAs. In particular, we focus
on improving the CAs’ interactivity by exploiting instruments like Knowl-
edge Graphs (KGs) and the Aspect-Based Sentiment Analysis (ABSA). Fur-
thermore, we outline how these findings benefit many downstream and
upstream tasks strictly related to CAs, i.e. recommendation and Natural
Language Understanding (NLU). Proving the existence of inner KGs re-
garding Language Models (LMs) would allow CAs to apply effective and
well-established KG-based techniques on vectorial representations of text,
thus broadening their interactive and understanding capabilities. More-
over, modelling entities and relations directly on word embeddings would
provide a further way of retrieving and recognising aspects for the ABSA
task.

Schematically, this thesis outlines our efforts to achieve the following
contributions:

• The literature review of interactive systems dear to CAs, which high-
lights the main differences against non-interactive counterparts and
provides a comprehensive taxonomy of their definitions, implemen-
tations and evaluation protocols;

• The empirical evidence of our proposed ABSA approach in retrieving
a new kind of information from texts and the comparative investiga-
tion between conversational and classic systems in the recommenda-
tion scenario, which also state the advantages of interactivity;

• The presentation of KGs as a powerful tool for both the generation of
dialogues for a recommendation task and the intuitive understanding
of natural language text through LMs.

In the following sections, we provide an in-depth guide on the orga-
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nization of this work, thus showing in detail the research questions that
guided us toward the contributions of this thesis.

1.1 Thesis Organization

This dissertation proposes an exhaustive analysis of CAs, describing the
panorama which characterizes the state-of-the-art. Our research focused on
the interactivity of such dialogue systems, besides enlightening the benefits
that KGs bring to the conversation and understanding skills of a CA. To this
aim, we performed a literature review about interactive systems known as
Question Answering (QA), which allows the delivery of fundamental and
generic concepts regarding CAs and the recently adopted implementations
to realize a high-performer interactive tool. Then, we observed the infor-
mation gain given by sentiment-based text representation proposing a new
approach based on ABSA, which would enrich the interactivity of any sys-
tems relying on Natural Language Processing (NLP). Thus, we confirmed
the usefulness of conversational techniques through the comparative study
of a domain-oriented Recommender System (RS), giving birth to the Con-
versational Recommender System (CRS) GUapp [16]. We finally moved
to study the potential offered by KGs, equipping our previously proposed
CRS with a knowledge-aware dialogue generator module, besides assess-
ing the intrinsic existence of a KG semantic into the BERT [52] LM. Our
findings lead to an improved generalization and understanding ability of
systems that handle human languages, i.e., CAs.

The chapters composing this thesis are self-contained regarding def-
initions, the literature in which our research lay, proposed architectures,
and contributions. In particular, Chapter 2 encloses all the theoretical back-
ground needed to deal with this dissertation, while Chapter 3 surveys the
literature about interactive QA systems. Chapter 4 shows our research ef-
forts on the sentiment-based representation of text, then Chapters 5 and 6
outline our proposal on CRSs. Finally, Chapter 7 holds our assessments on
using KGs in the NLU task through LMs. Thus, Chapter 8 remarks on the
conclusions reached by this work. Figure 1 summarizes the organization of
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Ch. 7Ch. 6Ch. 5Ch. 4Ch. 3

Language
Understanding

Sentiment
Representation

Conversational Recommender
Systems

Question Answering
Systems

Knowledge GraphInteraction

Conversational Agents

Figure 1.1: Thesis organization.

the chapters with the related topics of interest and their interconnections.

Chapters 4 to 7 share a standard structure. The sections follow a pre-
sentation flow that first introduces the research purposes and motivations
of the specific study and then provides a comprehensive analysis of the
related work. Thus, the composition of the proposed approach and associ-
ated experimental setting populate the remaining sections. Only Chapter 3
slightly differs from the others since its research focus is on reviewing the
literature on interactive QA systems. As a further guide for readers, we
collect all the acronyms that fill this thesis in Table 1, each with a dedicated
explanation.

1.2 Research Contributions

The main objectives of this work are the analysis and new model proposal
of the conversational system’s interactivity and the exploration of several
benefits brought by KGs when included in such NL systems. Although
they differ significantly in the treated topics, their focus strictly intercon-
nects with each other in the context of CAs. In particular, each part inves-
tigates a different perspective on dialogue systems, which equally conveys
improvements to the main subject of this work. In the following, we dis-
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Acronym Explanation
ABSA Aspect-based Sentiment Analysis

AC Aspect Category
AI Artificial Intelligence
AT Aspect Term
CA Conversational Agent

CB QA Classifier-Based Question Answering
CoQA Conversational Question Answering

cQA Community Question Answering
CRS Conversational Recommender System
FAQ Frequently Asked Questions
HCI Human Computer Interaction
IQA Interactive Question Answering

IR Information Retrieval
KB Knowledge Base

KB QA knowledge-Based Question Answering
KG Knowledge Graphs

k-NN k-Nearest Neighbor
LDA Latent Dirichlet Allocation

LM Language Model
LP Link Prediction

ML Machine Learning
MRC QA Machine Reading Comprehension Question Answering

NL Natural Language
NLI Natural Language Interface

NLP Natural Language Processing
NLU Natural Language Understanding

QA Question Answering
RS Recommender System
SE Search Enginges

VA Virtual Assistant
VQA Visual Question Answering

Table 1.1: Comprehensive list of acronyms employed in this thesis and their
explaination.

cuss additional details on the research questions that led our study to the
contributions outlined in each chapter. Note that Giovanni Maria Bian-
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cofiore is the corresponding author of the scientific publications related to
the research contributions presented in this thesis1.

1.2.1 Interactive QA Systems

The great diffusion of VAs such as Amazon Alexa, Google Assistant, Mi-
crosoft Cortana, and Apple Siri plays a crucial role in the recent advance-
ments of CAs [139]. One of the principal tasks these VAs perform is to an-
swer questions in several fields: health, weather, news, and shopping [18],
to cite a few of them. Accordingly, the interaction between humans and
QASs is becoming more and more natural. Thus, Interactive QA (IQA) sys-
tems are a solution to several problems QA systems raise in satisfying user
requests, like disambiguation issues and exploring correlated facts given
an initial question.

This chapter offers a detailed overview of the IQA methods prevalent
in current literature. The analysis focused on revealing the different lev-
els of interaction implemented in such systems, which identifies a rele-
vant component to build conversational agents. It begins by explaining the
foundational principles of QA systems and defining new notations and tax-
onomies to combine all identified works inside a unified framework. The
reviewed published work on interactive QA systems is then presented and
examined in terms of its proposed methodology, evaluation approaches,
and dataset/application domain. We also describe trends surrounding spe-
cific tasks and issues raised by the community, shedding light on scholars’
future interests.

Contributions. We analyze QA systems from earlier perspectives by
highlighting the different solutions proposed in the literature. We focused
on work published over the last ten years to provide a detailed picture of
IQA systems. In detail, we provide formal definitions of different QA sys-
tems and the primary characteristics that IQA systems should possess. We
also present a unified architecture highlighting the primary components

1The authors of the publications are alphabetically ordered. The corresponding authors
of publications are reported in the articles.
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of IQA systems and operations while conducting an in-depth classification
of state-of-the-art from the methodological and application perspectives.
Then, we give detailed sights of the most frequently used datasets and
adopted evaluation protocols and metrics organized by paradigms and ob-
jectives.

1.2.2 Interaction with Aspect-Based Sentiment Analysis

Is it possible to group aspect terms extracted through unsupervised approaches
into coherent domain aspect categories relevant to an ABSA scenario? Can a

sentiment-based text representation improve the performances of
sentiment-related tasks?

Nowadays, more and more social networks and Web platforms allow
users to share their opinions and tastes on items of different types. This
information is beneficial for several purposes, such as providing personal-
ized recommendation services or understanding thoughts and introspec-
tions conveyed through text. Consequently, also human-agent interaction
receives a consistent boost in terms of naturalness and efficiency [40]. Senti-
ment Analysis provides helpful methods to analyze these textual opinions
(e.g., reviews) from a global point of view. In case we want a more de-
tailed representation of the opinion represented in a text, ABSA identifies a
valuable option thanks to its fine-grained level of text analysis.

In this Chapter, we have designed a processing pipeline to extract as-
pects domain-related from text using an unsupervised approach. We for-
mally define Aspect Terms (ATs), Aspect Categories (ACs), and Aspect-
based sentiment embedding, which allows representing documents by ag-
gregating sentiment scores for each AC they contain. We perform experi-
mental evaluations on the Spotify dataset to prove the utility of our tech-
nique in predicting elements strictly related to emotions and feelings. Our
results show improvements in the regression task for sentiment-related fea-
tures compared to the classical semantic-based representations.

Contributions. We introduce an unsupervised method to extract rel-
evant aspects from the text for Sentiment Analysis. Our proposed solu-
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tion groups all the found ATs into ACs, each characterized by a specific
sentiment value. To highlight these distinctions, we also provide formal
definitions about Aspect Term and Aspect Category. Moreover, we present
the concept of Aspect-Based Sentiment embedding, a representation strategy
of textual documents based on domain aspects and their related sentiment
scores. We demonstrate the utility of this embedding technique by design-
ing an experiment that proves our approach grants improved performances
in predicting textual features related to human feelings against the well-
known semantic approaches.

1.2.3 Conversational Recommender

Can CRSs improve the efficacy and naturalness of the task employed in an
existing RS service? May a mobile app improve the job recommendation task?

Information overload is a well-known problem that impacts users’ dig-
ital experience when they need to find interesting items in a large set of
possible options [98]. In the literature, IR and RS research areas investi-
gated this problem. In the first case, implemented systems do not consider
the user’s past preferences and retrieve the most relevant items according
to the user query. On the other hand, even though the goal of RSs and IR
systems might seem similar, a user’s profile is built, allowing the proposal
of services tailored to the user’s specific characteristics.

This Chapter outlines the recommender system proposed in GUapp,
based on Latent Dirichlet Allocation (LDA) and the k-Nearest Neighbor
(k-NN) to compute job positions most suitable to the user profile. Further-
more, to improve the user experience, GUapp implements a chatbot whose
goal is to allow users to interact with the app through natural language.
Thanks to that, the search and recommendation process becomes incremen-
tal, and the user can add new requirements at each stage of the interaction,
achieving an effective recommendation through conversation.

Contributions. We developed GUapp’s RS, which classifies jobs ac-
cording to their topics, and a k-NN method computes a personalized rec-
ommendation list. That list is updated daily and provided to the user
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while keeping the user’s past preferences to rank the job positions based
on her interest. Moreover, GUapp offers a natural-language-based interac-
tion through a chatbot. The GUapp’s chatbot allows the user to define her
interests, describe her skills, and filter out results that do not match her
requirements. The user interface is dynamically adapted to the user behav-
ior to show the most fitted view as the app opens. Hence, it improves the
user’s overall experience by anticipating her needs, delivering the list of
new jobs, the recommendations, or the chatbot view at startup, based on
the user habits.

1.2.4 Knowledge Graphs for leading Dialogues

Does integrating a KG in a CRS help drive the dialogue, making the interaction
with users more natural and pushed at a more refined-grained level?

RSs feel the significant issue of cold-start and the possible lack of items
to suggest to users. With a CA which interacts with users exploiting a
domain-specific KG, it is possible to solve those problems. Indeed, the main
difference between a CRS and a standard RS is the interaction with the user
that is more efficient, and natural [244]. Accordingly, a CRS lets the system
build the user profile during the interaction, allowing her to express prefer-
ences through a human-like dialog, especially suited to Knowledge-based
and KG-based RSs.

With this Chapter, we define an improved version of GUapp, an ecosys-
tem for job-postings search and recommendation for the Italian public ad-
ministration. Its main goal is to match user skills and requests with job
positions on the Gazzetta Ufficiale website, offering recommendation ser-
vices through conversations. A domain-specific KG empowers Guapp’s di-
alogues, which improves the users’ natural language interaction with the
app and their user experience. Thanks to that, the search and recommen-
dation process becomes incremental, and the user can dynamically provide
her preferences at each interaction stage.

Contributions. We present GUapp and its overall architecture, besides
the functioning of the conversational agent that dialogues with the user by
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exploiting a custom-designed Knowledge Graph. We also show a running
example that outlines how GUapp models users and provides practical rec-
ommendations through natural language conversations.

1.2.5 Knowledge Graphs for Natural Language

Does BERT generate a latent semantic space holding information about
Knowledge with explicit semantics? Can we learn functions to automatically

detect precise knowledge graph concepts from the BERT latent space?

The advent of pretrained language has renovated the ways of handling
natural languages, improving the quality of systems that rely on them.
BERT played a crucial role in revolutionizing the Natural Language Pro-
cessing (NLP) area. However, the deep learning framework it implements
lacks interpretability [258]. Thus, recent research efforts aimed to explain
what BERT learns from the text sources exploited to pre-train its linguistic
model.

This chapter analyzes the latent vector space resulting from the BERT
context-aware word embeddings. We focus on assessing whether regions
of the BERT vector space hold an explicit meaning attributable to a KG.
First, we prove the existence of explicitly meaningful areas through the
Link Prediction (LP) task. Then, we demonstrate these regions are linked
to explicit ontology concepts of a KG by learning classification patterns.

Contributions. To the best of our knowledge, our work is the first at-
tempt at interpreting the BERT learned linguistic knowledge through a KG
relying on its pretrained context-aware word embeddings. We prove that
BERT embeddings already possess information about the structure of a KG
without needing any fine-tuning processes or architectural changes. We
demonstrate that inner spatial properties of the BERT vector space allow
inferring explicit KG concepts, with extensive experiments supporting our
findings.
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1.3 Final Remarks

This dissertation collects all our efforts in reviewing and proposing mod-
els and approaches significant to the central topics of the thesis, which are
CAs. However, a complete dialogue system intertwines solutions from sev-
eral variegated fields, which flow into dedicated research topics. Thus, our
investigations cover the primary objectives of the cases that characterize
them, while as further goals, the reached findings enrich the proposals of
this work.

For completeness, Chapter 2 will give a comprehensive panorama of
the research interests portraying the fields mentioned above. In detail, we
summarize all the major concepts that the reader has to employ to be aware
of the topics addressed in this document, besides encompassing those in-
tuitions that bring novelty through our proposals. Moreover, we outline
metrics and datasets highly acknowledged by the community to guarantee
a constructive and exhaustive reading of this thesis through its chapters.



2
Background

In this chapter, we will provide all the theoretical background, good prac-
tices, and accepted conventions unanimously from the researchers’ com-
munity regarding the main topics treated in this dissertation. Such infor-
mation, wisely collected and distributed among the following sections, will
give the reader a basic knowledge of Conversational Agents, Interactiv-
ity, and Knowledge Graphs to deal with our research product. First, we
present a frame of today’s panorama about CAs with accepted definitions,
taxonomies, and applications. Then, we give some necessary considera-
tions about the interactivity of such systems, deepened in Chapter 3, and a
description of KGs and their usage.

2.1 Conversational Agents

Conversational agents (CAs), also known as intelligent virtual agents, are
computer programs designed for natural conversation with humans [236].
CAs may entertain informal chatting, in which case the system takes the
name of a chatbot, or it enables the user to fulfill specific tasks (such as a
flight reservation, information seeking, etc.), in which case the system is
called a task-oriented agent. However, CAs state their fame thanks to the
natural and intuitive way of interacting through speech [108] and time-
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saving via hands-free possibilities [147]. Recent advances in the NLP and
AI state-of-the-art allow empowering the functionalities of CAs such that
users can also enjoy hedonic and social interaction. Nevertheless, there is
still a need for improvements concerning the interactivity and cognitive
abilities these systems offer to their audience, which is the purpose of this
dissertation.

Definition 2.1.1. Conversational agents or chatbots are software-based dia-
logue systems designed to simulate a human conversational process by
processing and generating natural language data through a text or voice
interface to assist users in achieving a specific goal [138]. □

Depending on the goals a CA aims to achieve with its implementation,
it may consistently vary in its design and categorization. Indeed, Wahde
et al. [236] propose a coarse-grained taxonomy of CAs, classifying them
into chatbots and task-oriented agents. The former are systems that main-
tain generic dialogues with users rather than provide precise information.
The latter solves an opposite task: providing clear, relevant, and definitive
answers to specific queries. Then the authors propose a set of different
characteristics that each CAs belonging to those categories may have to
define slightly different agents (i.e., input modalities and dialogue repre-
sentations).

On the other hand, Hussain et al. [93] interchangeably use the terms
CA and chatbot, simply distinguishing the taxonomy mentioned above
into task-oriented and not-task-oriented agents. Instead, they articulate the
CAs’ categorization on a finer granularity level. This distinction considers
four criteria:

• Interaction mode (e.g., textual or not);

• Goal (i.e., task-oriented or not);

• Design approach (e.g., rule-based or AI-based);

• Domain (i.e., closed and open domain).
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The exact taxonomy guided the work of Motger et al. [138], although
their survey presents a more detailed and meticulous description of the
state-of-the-art regarding today’s CAs. However, without leading the gen-
erality of this thesis, we offer in the following a summary of the primary
CAs that populate the literature based on two criteria (i.e., domain and
goal). We forward the reader to the works mentioned above for further
insights beyond this Chapter’s scope.

2.1.1 Domains

Chatbots widely differ in their behavior depending on the domains they
engage users. In detail, CAs handling general-purpose objectives may in-
teract more friendly with their audience in their language register and the
politics of leading dialogues and computing answers. Instead, agents that
treat domain-specific activities result in more rigorous functionalities, often
requiring users’ expertise in the related field. Based on solutions available
in the literature, CAs occupy the following areas.

General Purpose. The most common domain in research is the support
of daily life activities [12, 107], where CAs help users achieve their per-
sonal goals and activities. In addition to general-purpose chatbots like QA
systems (cf. Chapter 3), this domain includes different domain-specific ap-
plication areas like restaurants and food [105], smart-home assistance [63],
and commercial activities like e-customer service support [70] and

e-commerce assistance [233]. For the latter, the agents usually take the form
of CoRSs or VAs (cf. Section 2.1.2).

Technical. Chatbots that match this category refer to complex technical
infrastructure management and software engineering assistance. This do-
main covers end-user technical support [222] to advanced, semi-automatic
management of smart industrial infrastructures [79], including telecommu-
nication systems like autonomous call centers [155] and tools for bridging
the gap in terms of usability between users and software products or de-
vices [88].

Healthcare. It is a very active area of research, especially for some (non-
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critical) tasks in elderly care. Examples include CAs that monitor medicine
intake [59], interact with patients regarding their state of health (e.g., dur-
ing cancer treatment [178]), or provide assistance and companionship. Also,
CAs increasingly find application in treating mental health problems [229],
generally with positive results. They can also be used in lifestyle coach-
ing, discouraging harmful practices such as smoking [172] and promoting
healthy habits and lifestyle choices involving, for example, diet or physical
exercise [60].

Education. Most educational applications reported below rely on inter-
pretable CAs, although black box CAs have also found an application. A
natural application of CAs in education is to provide a scalable approach
to knowledge dissemination. In such settings, they can improve the course
quality by setting up handling requests from hundreds or thousands of stu-
dents simultaneously [248]. Other examples of educational CAs provide
learning support for visually-impaired adults [113] and deaf children [41].

2.1.2 Goals

The goal of CAs strongly affects their design and implementation, which
is, in turn, influenced by the application domain. As we highlighted in
Section 2.1.1, each field requires CAs to assume one to more behaviors.
For instance, general-purpose chatbots can answer generic audience ques-
tions (QA systems) or filter tailored information by searching for interest-
ing items (CoRSs). In contrast, healthcare CAs undertake the only scope of
assisting users (VAs). To this aim, we can classify CAs depending on the
following goals.

Information Seeking. CAs that identify commodity query engines allow
easy-to-use access to knowledge or databases (either generic or domain-
specific). Conversational agents for information requests mainly include
QA chatbots [44], comprehensively defined in Definition 3.2.1.

Information Filtering. CAs that include daily use, domain-specific util-
ities like restaurant recommendations [105], and tourist-experience advi-
sors [162]. The information is processed through information aggregation
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algorithms to provide personalized answers based on auxiliary data (e.g.,
user information, context data). Such CAs have recently found an exten-
sive interest in literature with the name of Conversational Recommender
Systems (CoRS).

Definition 2.1.2. A CoRS is a software system that supports its users in
achieving recommendation-related goals through a multi-turn dialogue [97].

□

Assistance. The most common goal among CAs is to extend software sys-
tems with a support tool by integrating human-like communication fea-
tures into existing activities and processes to enhance user experience. Some
application contexts are the commerce domain, as customer and service
support tools [21]; the business domain, as semi-automated interfaces of
utility processes and for internal support [42]; the healthcare domain, in
the form of psychotherapy [4]. In few words, such systems vocated to the
audience’s assistance take the name of Virtual Digital Assistants.

Definition 2.1.3. A Virtual Digital Assistant is an application program that
can understand natural language and complete (electronic) tasks for the
end user [276]. □

2.1.3 Evaluations

The evaluation of CAs is very much an open topic of research. There are
many evaluation criteria aimed at different levels of human-agent interac-
tion. On a low level, when developing the capabilities of a CA to process
utterances, retrieve information, and generate language, traditional metrics
for general pattern recognition, like precision and recall, represent useful
metrics for evaluation. For example, for a CA employed in a psychiatric
facility, one may wish the agent (or a component thereof) to assess whether
signs of depression transpire from the interaction with the patient: In such
a case, maximizing recall is essential.

Traditional metrics like precision and recall are employed across several
benchmark problems, e.g., to evaluate sentiment analysis [215], question



18 Background

answering [196], and reading comprehension [271]. The general language
understanding evaluation (GLUE) benchmark [238] provides a carefully-
picked collection of data sets and tools for evaluating natural language
processing systems and maintaining a leaderboard of top-scoring systems.

Alongside traditional scoring metrics, the field of natural language pro-
cessing has produced additional metrics that are useful to evaluate CAs
in that they focus on words and n-grams (sequences of words) and are
thus more directly related to language. A relevant example of this is the
bilingual evaluation understudy (BLEU) scoring metric. Although initially
developed to evaluate machine translation quality [169], BLEU resulted rel-
evant to assess many aspects of CAs, e.g., summarization and question an-
swering. In short, BLEU can be seen as related to precision and is computed
by considering how many n-grams in a candidate sentence (e.g., produced
by a CA) match n-grams in reference sentences (e.g., high-quality sentences
made by humans). In addition, BLEU includes a penalty term to penalize
candidate sentences that are shorter than reference sentences.

The evaluation of the quality of interaction requires human judgment
instead. We identify two principal methodologies: interviews and qualita-
tive questionnaires.

Interviews. Qualitative interviews allow evaluators to get detailed feed-
back from the participants of an experiment with the conversational agent
regarding its impact and the effects of user interaction with the agent. Such
interviews usually follow two different patterns: focus group interviews,
where participants might be grouped into small groups to facilitate dis-
cussion and the exchange and contrast of opinions and impressions [198];
and individual custom interviews, which are designed and carried on sep-
arately for each individual based on their experience with the agent and
their personal user experience as in open-ended, semi-structured

interviews [213]. The most frequent metric for measuring and analyzing
the participants’ responses is the Likert scale measure for objective ques-
tions, alongside discourse analysis on interview transcripts.

Questionnaires. Composed of a list of questions regarding users’ inter-
action with the CAs, questionnaires aim to assess specific system features
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that strongly affect their design. Goal-oriented questionnaires measure and
monitor features or qualities on which the interaction with the agent has a
significant impact. For instance, in the healthcare domain, questionnaires
can be used to measure disease symptoms like depression or anxiety be-
fore and after interaction with a conversational agent focused on dealing
with and treating these pathologies [66]. On the other hand, user satis-
faction questionnaires cover usability quality topics, including emotional
awareness, learning, and relevancy of content [64]. In qualitative inter-
views, using a 5/10-point Likert scale is the most frequent metric used in
questionnaires.

2.2 Chatbot Core Topics

Significant tasks and procedures are now demanded of CAs, which un-
doubtedly facilitate several duties of people. In the previous sections, we
have highlighted the prominence characterizing chatbots in domains, the
goals they accomplish, and the evaluation methods designed to assess their
quality. However, users still perceive such technology as a service provided
to individuals with specific processes or social agents with their intentions
depending on internal design [26]. Thus, there is a growing need to con-
sider CAs trustworthy in human interaction.

To this aim, features like interactivity and performances became essen-
tial for the audience. The former allows users to relate with agents natu-
rally and proactively so that the overall interaction benefits both actors (i.e.,
reaching objectives in a few conversational steps or feeling comfortable in
any language setting). The latter further boosts previous profits, eventually
permitting lighter system implementation on a broader range of applica-
tions. In detail, KGs represent a valuable resource in amplifying the CAs’
performances in guiding users to reach their objectives rather than under-
standing their intents or generating valid natural language responses.

In the following sections, we provide some fundamental concepts (i.e.,
interactivity and Knowledge Graphs) shaping the intuition behind this re-
search work, then deepen through the remaining Chapter.



20 Background

2.2.1 Interactivity

The term interactivity presents numerous meanings across several domains.
Generally, interactivity is the responsiveness one experiences from another
entity independently from their nature. Although dealing with CAs allows
research to model several protocols and practices to analyze such property
objectively, it is well known that interactivity objectively varies based on
differences in communicators’ conversational behaviors, whether face-to-
face or via other media [191]. Therefore, differences in interactivity may
be associated with various significant interpersonal impressions and out-
comes [120].

In this thesis, we principally refer to interactivity as the capability of
a system to handle and solve natural language issues (e.g., ambiguity in
words and user intents) by actively engaging users through dialogues or
employing multimedia information. To this purpose, we dedicate Chapter
3 to formally frame this interaction, with a comprehensive focus on QA
systems and their literature.

However, we know systems interactivity cannot be limited to being an-
alyzed on the dimension of improving performances. Indeed, the user’s
impressions of the system interacting with it are crucial in defining its in-
teractivity. CAs have many applications in the healthcare and customer
service domains, so it is necessary to handle the conversation with some
degree of empathy to be effective [29]. Thus, Sentiment Analysis provides
practical techniques to leverage agents’ interactivity in covering this other
analysis sphere of human-computer interaction.

Definition 2.2.1. Sentiment Analysis (SA) or Opinion Mining (OM) is the
computational study of people’s opinions, attitudes, and emotions toward
an entity [148]. □

In a nutshell, the SA aims to extract some subjective elements that do
not directly leak out from the natural language text. Such a method allows
further comprehension of user opinions and intents, granting CAs the abil-
ity to adapt to their audience state. In terms of interactivity, SA boosts chat-
bots to an additional level of involvement with the user. Most recent works
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in the Sentiment Analysis field exploit supervised learning techniques that
have proven effective for different text classification tasks. In particular,
among different supervised approaches, there has been a lot of interest in
Deep Learning models like Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNN) with all their variants (i.e., LSTMs and
GRUs), or Language Models like ELMo [174] and BERT [51].

CNNs have shown powerful performances on the crucial task of sen-
timent classification [106, 104, 100]. The promising results of CNN-based
models have driven researchers to further explore the Deep Learning field.
For instance, in [77], authors proposed a joint CNN and LSTM framework
that takes the features extracted by the CNN as input for the LSTM to per-
form sentiment analysis on short texts through a pre-trained word embed-
ding model. Similarly, Behera et al. [15] investigated a hybrid approach
of CNN and LSTM to analyze consumer reviews posted on social media,
aiming to be domain independent and highly adaptable in examining big
social data while keeping scalability. Recently, there has been a lot of in-
terest in the combination of classical Deep Learning architectures and At-
tention mechanisms, whose goal is to mimic cognitive attention in finding
relevant contextual elements in a sentence [216]. Many studies [32, 241, 13]
have demonstrated that the combination of the previous techniques has im-
proved performances on the text classification task. The advent of powerful
language models like BERT defined a new trend in the NLP research field.
In particular, there has been a lot of interest in training custom models for
specific languages for solving different research problems, i.e., Sentiment
Analysis [183, 179].

As opposed to extracting the general sentiment expressed in a text,
Aspect-Based Sentiment Analysis (ABSA) aims to extract both entities de-
scribed in the text (e.g., attributes or components of a product or service)
and the writers’ opinions about such entities. As a result, there has been
an increased interest by the NLP community in ABSA and Aspect Term
Extraction (ATE), so more resources have been made available for these
tasks. Early works deal with the extraction of Aspect Terms and the re-
lated sentiment by using association rules [90], Conditional Random Fields
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(CRF) [96], knowledge-based topic modeling [33], or double propagation
[132, 133]. Recently, the research focus has moved to use Deep Learning
models for ATE. For instance, in [182], authors did different experiments
with Convolutional Neural Networks (CNNs) and several word embed-
ding strategies. The main problem of CNNs is the handling of long-term
dependencies. Thus, recent works started to adopt Recurrent architectures,
such as LSTMs. The latter is used by Li et al. [128], where the history of
aspects detection and opinion summary enhance the ATE model.

Other Deep Learning-based approaches also tried exploiting the depen-
dency trees’ information to enrich the sentence representations as input to
the ATE models. Ye et al. [267] proposed a model based on CNNs, that uses
Tree-Based Convolution to incorporate dependency relationships. Luo et
al. [137] used a Bi-directional LSTM to learn a representation of the depen-
dency tree for each review.

In the dedicated Chapter 4, the main focus is on extracting aspect terms
and sentiment information from the raw text in an unsupervised way. In
literature, different approaches implement unsupervised ABSA models. In
[69], authors developed a framework able to perform both supervised and
unsupervised ATE in large review datasets based on Bi-Directional LSTM
networks and CRF. The idea is to automatically annotate a dataset in an
unsupervised manner by only considering nouns and noun phrases as can-
didate aspects and then training the Deep Learning model in a supervised
way. In [231], Vargas et al. proposed a simple approach called SUAEx
for unsupervised aspect extraction, which relies solely on the similarity of
word embeddings. He et al. [81] introduced a novel neural approach to dis-
cover coherent aspects exploiting the distribution of word co-occurrences
through the use of neural word embeddings. In addition, they imple-
mented an attention mechanism to de-emphasize irrelevant words dur-
ing training, further improving the coherence of aspects. In [31], authors
designed a two-step hybrid model by combining linguistic patterns with
Deep Learning techniques to improve the ATE task. The first step exploits
a rule-based approach to extract aspect terms, used as input for the sec-
ond step, which consists of training attention-based Deep Learning model.
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Other works focused on implementing domain-independent Deep Learn-
ing ATE models trained on multiple datasets (e.g., restaurant, laptops, and
hotel reviews) to improve their robustness and generality [170].

2.2.2 Knowledge Graphs

Knowledge graphs use a graph-based data model to capture knowledge
in application scenarios that involve integrating, managing, and extracting
value from diverse data sources at large scale [164]. This data structure al-
lows facts and concepts to have a formal and strict shape so that systems
can have direct access to generic human knowledge easily and automati-
cally. Indeed, graphs provide a concise and intuitive abstraction for vari-
ous domains, where edges and paths capture different, potentially complex
relations between the entities of a domain [8]. Moreover, KGs permit the
emulation of actions typical of human thought, like the definition of se-
mantics, entailments, and reasoning.

Definition 2.2.2. A knowledge graph is a graph of data intended to ac-
cumulate and convey knowledge of the real world, whose nodes represent
entities of interest and whose edges represent potentially different relations
between these entities [85]. □

Formally, given E, R, and F sets of entities, relations, and facts, respec-
tively, a Knowledge Graph is defined as G = {E, R, F}, where (h, r, t) ∈ F
is a triple of subject h, predicate r, and object t. Thus, h, t ∈ E, also called
respectively head and tail entities, and r ∈ R.

2.2.3 Conversational Recommender

This section cuts across two principal research areas: recommender sys-
tems and conversational agents. Recommender Systems (RSs) can, in turn,
distinguish two main classes according to the paradigm implemented: Col-
laborative Filtering (CF) and Content-based (CB). Independently from the
paradigm adopted, any RS aims to help users address the information over-
load problem. RSs prioritize the delivery of information for individual
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users based on their learned preferences [119]. Hence, RSs support the
user during decision-making when she has to decide among a large set
of options. In CF, the recommender system exploits the user community to
identify items potentially interesting for a given individual. This kind of
RS is generally implemented in online platforms like Amazon [214], Net-
flix [72], and so on. The basic idea behind this recommendation strategy
is that similar users like similar items. Conversely, CB RSs do not need
any community, and recommendations rely on matching user preferences
and textual content associated with the items [98]. The specific task of job
recommendation is widely investigated in the literature given the signifi-
cant diffusion of internet-based recruiting platforms [166]. In the past, the
most used approaches for job recommendation foreseen a boolean search
and filtering [142]. Later, efforts moved on to the problem of catching user
preferences and building a user profile. In [193], the authors propose a sys-
tem that builds the user profile by passively detecting users’ click-stream
and read-time behavior. It is the same strategy adopted in GUapp to reduce
the user effort for defining her preferences. Malinowski et al. [142] build
a multi-slot profile with information about demographic data, job experi-
ence, language, and IT skills. As regards the recommendation algorithm,
Amato et al. [7] compared several algorithms for matching candidate pro-
files with job descriptions. From their study, LDA emerged as the best
algorithm in terms of precision, recall, and f-measure, compared to other
machine-learning and rule-based approaches. LDA found an application
in [11] for building a set of job postings and user profile features. [48] pro-
posed a hybrid approach. The authors combine content-based and KNN in
a fashion similar to that used in GUapp.

The second relevant research area for this work is Conversational Agents
(CAs). CAs are software agents able to interact with the user through nat-
ural language. Generally, there are two main classes of CAs: end-to-end
and modular systems [10]. The former typically use neural networks [207,
235, 217, 55] and learn a dialog model from a set of past conversations [24].
These systems demonstrated good performances in chit-chat dialogs. The
modular systems are pipeline-based agents and are composed of modules,
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each with a specific function [56, 274, 247, 131]. Modular agents generally
work fine for the goal-oriented system. A Conversational Recommender
System (CoRS) is a goal-oriented system whose goal is to make recommen-
dations in a given domain. The main difference between a CoRS and a tra-
ditional RS is that the interaction with the user is more efficient and natural
[244]. Accordingly, the construction of the user profile is incremental, and
the user can express her preferences at different stages of the recommenda-
tion process by an interactive human-like dialog [102]. That is the aspect
that we tried to emphasize by implementing a chatbot in GUapp. There
needs to be more extensive literature on CoRSs. In [192], the authors pro-
pose the idea of combining Virtual Assistants and CoRSs. Recently, CoRSs
have been effectively used and tested in different domains such as music,
movie, and book [160, 94].

The task above is well suited to Knowledge-based and KG-based RSs.
An example is [78], where a comprehensive KG is built upon a specific
domain to lead dialogues and recommendations.
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3
Interactive QA Systems

QA systems are a popular and frequently effective means of information
seeking on the web. In such systems, information seekers can receive a
concise response to their queries by presenting their questions in natural
language. Interactive QA (IQA) is a recently proposed and increasingly
popular solution that resides at the intersection of question answering and
dialogue systems. On the one hand, the user can ask questions in everyday
language and locate the actual response to her inquiry. On the other hand,
the system can prolong the QA session into a dialogue if there are mul-
tiple probable replies, very few, or ambiguities in the initial request. By
permitting the user to ask more questions, interactive question answering
enables users to interact with the system and receive more precise results
dynamically.

This Chapter explains the foundational principles of QA systems and
defines new notations and taxonomies to combine all identified works in-
side a unified framework. The reviewed published work on IQA systems
is then presented and examined in terms of its proposed methodology,
evaluation approaches, and dataset/application domain. We also describe
trends surrounding specific tasks and issues raised by the community. Our
work receives further support from a GitHub1 page hosting a synthesis of

1https://sisinflab.github.io/interactive-question-answering-systems-survey/
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all the major topics covered in our investigation.

3.1 Introduction

Researchers have usually contrasted QA systems with Search Engines (SE)
in the early literature. The primary distinction was that the latter returns
a ranked (often lengthy) list of documents, whereas the former produces
an answer to the question posed by the user [84]. Today, the boundary be-
tween SEs and QA systems is becoming increasingly blurred [58]. When
we query Google seeking for “President of the United States of America”,
we no longer receive a list of results in which we must search for the an-
swer, but rather a concise snippet that contains the answer to our question
(extracted from a web page).

Essentially, QA systems share the characteristic of providing a clear
answer to the user inquiry, regardless of the type of question, i.e., fac-
tual (“Which kingdom does the animal Bird of Paradise belong to?”) [130], vi-
sual (“What color hair does the woman have?” combined with a picture of a
woman) [208], or open-goal oriented (“How can I connect my Fitbit sensors to
the server?”) [76]. The answer can be extracted from a portion of a document
(as in the preceding example) or generated by condensing/summarizing
fragments of many words into a coherent whole [84]. Extraction and gener-
ation constitute the core blocks of a QA algorithm.

The QA task progresses from the earliest systems characterized by one-
shot requests through IQA, which allows users to continue interacting with
the system after receiving an answer. In some recent conversational ques-
tion answering, a multi-turn dialog provides for determining the correct
answer. In this direction, the great diffusion of VAs such as Amazon Alexa,
Google Assistant, or Apple Siri is playing a crucial role [139]. One of their
principal tasks is to answer questions in several fields: health, weather,
news, shopping [18], to cite a few of them. Accordingly, the interaction be-
tween humans and QA systems is becoming more and more natural. Here,
we use the term interaction to refer to any feedback or reaction/response
from the user or system, not only the standard exchange of questions and
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answers seen in Conversational QA (CoQA) systems.

Motivations. IQA systems are a solution to several problems raised by
QA systems in satisfying user requests. One of the core problems is related
to the disambiguation of the user question. The user request is not always
understandable by the system, and part of the interaction can be devoted
to the disambiguation or, more generally, clarification of the user request.
This scenario does not affect only conversational systems but interactive
ones in general. If we query Google with ”When was Milan founded?”, the
answer provided is related to the ”Milan football club”. However, the re-
lated questions proposed by Google also contain ”When the city of Milan
was founded?”, since Milan is an ambiguous name. In case the user did not
mean Milan as the football club, but as the city, she can click on the related
question and get the right answer.

Thus, the watershed between non-interactive and interactive QA systems
will be the capability of the latter to continue the interaction after the origi-
nal query for disambiguation or exploration purposes. About the exploration,
in a system-driven scenario, the system proposes a set of other questions
related to the topic (e.g., Milan, football clubs, etc.), and the user selects
one of them. Conversely, in a user-driven scenario, the user can ask further
questions after receiving answers.

Undoubtedly, the latter is the most challenging, as highlighted by Guo
et al. [74], between IQA and CoQA systems. In addition to the general
problems of an IQA task, there are some particular issues related to nat-
ural language processing. For example, these systems should be able to
cope with complex linguistic figures such as the ellipsis phenomena (e.g.,
”Where was the President of the United States born?”, ”Where did he graduated
from?) that characterizes dialogues between human beings. For this reason,
a CoQA system has to keep track of the interaction state, introducing an ad-
ditional analysis dimension, exploited in this survey, related to the stateful
or stateless characteristic of these systems.

Contributions. We analyze QA systems from the aforementioned per-
spectives by highlighting the different solutions proposed in the literature.
We focused on work published over the last ten years to provide a detailed



30 Interactive QA Systems

picture of IQA systems, such that:

• We provide formal definitions describing the purposes of QA systems
in the literature and further state the primary characteristics that IQA
systems should possess;

• We present a unified and encompassing architecture highlighting the
primary components of IQA systems and their operation;

• We lead an in-depth classification of state-of-the-art from the method-
ological and application perspectives;

• We give detailed sights of the most frequently used datasets, adopted
evaluation protocols and metrics, organized by the paradigms and
objectives of IQA systems;

3.2 Question Answering Approaches

The focus is on IQA, which is a multidisciplinary topic combining several
fields such as Information Retrieval (IR), NLP, HCI, and, more recently, AI
and ML. Thanks to the latest developments in NLP and ML areas, QA sys-
tems have found a significant and growing interest from the AI community,
especially for the role they play for digital assistants (e.g., Google Assistant,
Amazon Alexa, Apple Siri). Nowadays, they have evolved to gain their
field of study, whose goals continually increase by including new research
topics like knowledge representation and semantic entailment.

Thus, we present the formal definition of IQA, including the QA prob-
lem (cf. Definition 3.2.1), two configurations of IQA (cf. Definition 3.2.2,
Definition 3.2.3) and CoQA systems (cf. Definition 3.2.7). Then, we pro-
vide definitions of interactive session (cf. Definition 3.2.4), QA state (cf.
Definition 3.2.5) and conversational history (cf. Definition 3.2.6), and dif-
ferent examples/pointers to state-of-the-art solutions that would help the
reader to obtain a profound understanding of the topic.

Assumption. In information-access systems, the user’s information
need could be expressed through keywords (retrieval), a question (question-
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answering), or user profile (recommender system). At the same time, an-
swers could be a piece of text, an image, or items of interest most relevant
to the information needed. Systems such as task-oriented chatbots or dia-
log systems whose primary role is not providing information access remain
outside the focus of this survey.

To highlight the motivations behind this assumption, we consider the
following definition.

Definition 3.2.1 (QA problem). Let Q = {q1, ..., qN} be the set of possible
queries and A = {a1, ..., aM} ∪ {NULL} the set of possible answers including
the NULL symbol representing the situation where the system is not able to
provide an answer. A QA system aims to find the most relevant answer to
a question in a single shot iteration. More formally:

∀q ∈ Q, â = argmax
a∈A

g(q, a)

with g being a utility function that considers how well a given answer a
satisfies the proposed query. In probabilistic terms, we can define the prob-
lem as finding the most probable answer given an input question (and its
context)

∀q ∈ Q, â = argmax
a∈A

p(a|q)

□

Users may interact with QA systems to find the information they need.
A QA system will answer the question with a unique result well-formed in
natural language, like ”The Lord of the Rings writer is J.R.R. Tolkien”, saving
the user to search for the needed information.

3.2.1 Interactive QA as Exploration and Disambiguation

Finding the correct answer to a given question is the primary goal to be
achieved by QA systems. Although most of the QA systems show high
performance for this task, some intrinsic natural language issues cannot
be solved by only analyzing the submitted question. The definition of a
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well-disambiguated request through a natural language question is a chal-
lenging task. Indeed, it requires the usage of specific terms plus a cognitive
effort that is only affordable for some. Hazrinaa et al. [80] examine the
semantic QA task, which permits the disambiguation of queries by lever-
aging context or requesting further information from the user.

An extension of QA systems, named Interactive Question-Answering
systems, overcome this limitation with two specific goals:

Disambiguation. In case there are too many or too few eligible answers for
a given question, or the request is ambiguous, the system can ask a
new question to the user [110]. For this reason, IQA systems can be
seen halfway between QA and dialog systems. Let us consider the case
when the original query q has a set A′ ⊆ A of candidate answers.
The system can suggest a new query q′ ∈ Q. The user answer a′ to
q′ gives the information that leads to an unambiguous answer â ∈ A′

to the previous question q. We can say that â is an answer to the
combination of q and q′.

Exploration. After the system returns the answer â to the initial query q, a
new set of queries Q′ can be suggested by the system or posed by the
user2 to explore other relevant topics related to â.

As noted, interactivity refers to the possibility of the system posing or
suggesting new queries to the user. Please note that while the disambigua-
tion step is always system driven, exploration can also be user driven. In
the latter case, the user decides the new aspects to explore related to â.

Disambiguation and exploration may run for one step only or a se-
quence of steps. Depending on the ”memory” the QA system has about
previous questions and answers, we may have a stateless QA system or
a stateful one. This latter situation leads to what we call Conversational
Question-Answering system.

In a conversation aiming to disambiguate the original query q, we may
have situations where the answer a′ to q′ does not lead to â. In these cases,

2Q′ is also referred to as follow-up questions in the literature.
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the system computes a new query q′′ based on a′ until it reaches â. It is not
helpful to have exploratory steps while trying to disambiguate q to com-
pute â.

Example 3.2.1 (IQA for disambiguation). Let us consider the case in which
a user needs some information about music tracks, so she asks ”Who sang
the song Money”. This question is ambiguous since the answer could refer
to the group Pink Floyd and the musician David Gilmour. In this case, the
system replies with a question trying to disambiguate the user information
needed. It searches for relevant information from the possible answers to
reach this goal. Consequently, it will pose disambiguation questions until
it reaches what the user meant. In this example, the system asks ”Do you
mean the band who sang Money?” and the user agrees, receiving then the final
answer ”Pink Floyd”.

It is worth noting that in Example 3.2.1, the choice of which disam-
biguating question to pose the user merely depends on the implementa-
tion of the system. Asking for ”Do you mean the musician who sang Money?”
leads to the same answer Pink Floyd once the user gives her feedback (i.e.,
she disagrees). That is because Example 3.2.1 has a binary mutually exclu-
sive ambiguity. Choosing disambiguating questions from an often large set
depends on whether the system allows optimized interactions.

Differently from disambiguation, two scenarios are possible in an ex-
ploratory conversation, where the QA system (system-driven) or the user
(user-driven) may compute the queries. In a system-driven strategy, the
new proposed questions have their answer already known. Thus, disam-
biguation steps become useless.

Example 3.2.2 (IQA for system-driven exploration). Following the Exam-
ple 3.2.1, a QAS could start an exploratory session within the conversation
once it gives the needed answer. It could propose questions like ”Do you
know when Pink Floyd was born?” or ”Do you know when David Gilmour joined
Pink Floyd?” and then provide the related data depending on the user’s an-
swers. For instance, the user may know when the band was born, but she
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does not know the answer to the second question, so the system will reply:
”He joined Pink Floyd in 1968 as a support to Syd Barrett”.

Conversely, in a user-driven scenario, the user poses new queries, which
may lead to ambiguous answers. The system must start disambiguation
steps in those cases to reach the relevant solution.

Example 3.2.3 (IQA for user driven exploration). Going back to the con-
versation in Example 3.2.2, the user may continue the dialogue by asking:
”When was he born?”. Here we can refer to both David Gilmour and Syd Bar-
ret, so the system will ask ”Do you mean Syd Barret?”. Consequently, the
user may agree with the system or not. In the latter case, the QAS answers
with ”David Gilmour was born on 6 March 1946”. The conversation will last
until the user information need is satisfied.

With respect to stateful exploratory QAS it results useful to avoid inter-
action loops. In principle, the exploration of the knowledge space may run
forever. If we do not consider previous user interactions and answers, the
exploration may get stuck in a loop where the system computes questions
already suggested in the earlier steps.

Before we formally define the different interaction steps we have dis-
cussed, we introduce two unary operators to represent the possible actions
an IQAS or a user may perform, e.g., generating a new query or an answer.
We use y ∈ {u, s} to state if the next query/ answer has been generated by
the user (u) or by the system (s). Given x ∈ A ∪ Q, y ∈ {u, s}, a ∈ A and
q ∈ Q we will use:

• x
y
⇝ q: the IQAS (y = s) or the user (y = u) generates a new query.

• x
y−→ a: the IQAS (y = s) or the user (y = u) generates an answer.

Given a query q, we then represent the simple query-answering step as
q s→ â. Analogously, for the exploratory IQA we have q s→ â

s
⇝ q′ while

the disambiguating Interactive QA steps are represented with q
s
⇝ q′ u→

a′ s→ â. In this case, a′ is the answer (e.g., feedback) provided by the user
to the query q′ generated by the system.
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Definition 3.2.2 (Interactive Question Answering for Disambiguation). An
interactive question answering for disambiguation IQAd is a system that
takes a user query q as input and computes a new query q′ to reach the
answer â to q. More formally, we have

â = argmax
a∈A,q′∈Q

p (q′|q), p (a|q s
⇝ q′ u→ a′)

□

The idea here is to find the best next question q′ given the initial query
q in order to compute the best answer to q

s
⇝ q′ u→ a. As for p (q′|q) and

p (a|q s
⇝ q′ u→ a′), in principle, we do not make any assumption on their

(in)dependency.

Figure 3.1: Example of an interactive QAs answer.

Figure 3.1 depicts an example of IQA system. The question asked to
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the interactive system is ”Who is the president of America?”. As already high-
lighted in the example, the user obtains an answer that satisfies her query,
plus some more suggestions useful to explore the related exploration space.
Here the picture outlines a collection of information and interactive area
that allow users to continue their exploratory interaction.

The first information shown by Google in the example is the answer ”Joe
Biden”, which includes the entities and relations of a knowledge graph rec-
ognized in the question, respectively ”United States” and ”President”. The
second one proposes a set of follow-up queries that could come after the
initial question. For instance, other people searched for ”Who was the pre-
vious president of America?” that was ”Donald Trump”, or ”Who is the vice-
president of America?” that is ”Kamala Harris”. In this way, the user may
reach all this data by simply interacting with the suggested images, en-
riching the solution to her information need. The same area also groups
different clickable questions people ask to achieve the same correlated an-
swers. In a way, it gives information about the context understood by the
system. The user who obtains an unexpected answer could rephrase her
question to disambiguate its sense intention/meaning and then receive the
appropriate response from the system.

Furthermore, the system provides a suite of possible multi-modal in-
teractions, like images, audio, and text, which aim at improving both the
user experience and the correctness of the results. A feedback slot allows
people to interact further with the system by offering comments about the
answer. Whether the solution is wrong, the user can specify the motiva-
tions and send them to the system, improving its behavior about that type
of question.

Definition 3.2.3 (Interactive Query Answering for Exploration). An inter-
active question-answering system for exploration IQAe aims at guiding the
user through the exploration of a knowledge space. Given a question q, it
provides both an answer and a set of follow-up questions close to q. More
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formally, we have:

⟨â, q̂′⟩ = argmax
q′∈Q,a∈A

p (a|q), p (q′|a)

□

The aim of an IQAe is to find an answer to q and, simultaneously, to sug-
gest a new query q′ related to the computed answer. Without loss of gen-
erality, in the previous definition, we consider only one follow-up question
q′, which can also refer to a set Q′ of follow-up questions. Also in this case,
we do not make any assumption on the (in)dependency between p(q′|a)
and p(a|q).

Therefore, we may indeed have a hybrid situation where a disambigua-
tion step supports the exploration:

q
s
⇝ q′ u→ a′ s→ â

s
⇝ q′′

Where the system must disambiguate the initial query before computing
the answer â and the next question q′′. An IQA system allows the user
to further interact with the system once it replies through interactive ses-
sions.

Definition 3.2.4 (Interactive Session). A set of user-enabled actions follow-
ing the system reply to a previous user question defines an interactive ses-
sion:

I = {a′, q′ : a
u
⇝ q′, q u→ a′}

□

An interactive session with infinite cardinality remarks an interaction led
by the user, which reflects her freedom to pose any question to the system
response. In contrast, a finite interactive session cardinality outlines interac-
tions conducted by the system. Therefore, the IQA system proposes only a
fixed number of actions permissible (i.e., answers to disambiguating ques-
tions or enabled exploratory questions) to the user. Here, the interaction
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occurs when the user gives her feedback to the interactive session (e.g., an-
swering with disambiguating information).

3.2.2 Conversational QA

The interactive system shown in Figure 3.1 does not keep any memory of
previous interactions with the user. When the user explores the knowledge
space, every exploration step does not consider previous ones. However,
the system needs a set of information to understand the user intents behind
each question. With context, we refer to that data helping the system un-
derstand the meaning intended by the user behind her questions. Thus,
the context is the set of data C which supports the QA system in finding
the answer a to the user question q. Nevertheless, the overall process is a
stateless application of a sequence of IQAe. Accordingly, we can formalize
the state as follows:

Definition 3.2.5 (QA State). Let q be the user question, C a context support-
ing q, a the system answer and I the following interactive session enabled to
the user. The QA state is the tuple that collects all the information of a QA
interaction:

SQA =< q, C, a, I >

□

In other words, the QA state hosts all the data exchanged through a
user-system interaction, totally outlined at the end of each interaction.

The QA state context C determines the statefulness property of an IQA
system. Stateless IQA systems host supporting information in their QA state
context C that does not belong to other QA states, which may lead to loops
in the exploratory task. On the other hand, if the system had a memory of
previous QA states through the context, it could avoid proposing questions
to the user already answered. Analogously, an IQAd can only consider the
original question q and the answer given by the user to q′. In general, IQAd

and IQAe are stateless and do not take into account the history referring to
previous interactions between the user and the system.
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Suppose the IQA model had access to the user’s search history. In that
case, it could grant new rounds of interaction helpful, e.g., in handling
some linguistic issues like the Coreference Resolution problem. The corefer-
ence resolution is the task of finding all expressions that refer to the same
entity in a text [37], which frequently appears by exchanging follow-up
questions with the system. For example, assuming that the first user query
is ”Who wrote the Lord of Rings?”, a follow-up question could be ”When he
wrote it?”, where ”he” refers to the answer ”J.R.R. Tolkien” and ”it” to the
entity ”Lord of the Rings”. In these situations, the system must know what
the user asked in the past and the given answers to solve this issue, thus
moving from a stateless configuration to a stateful one. The stateful configu-
ration of an IQA system is also known in the literature as conversational QA
system due to its ability to treat conversations as having dialogues with the
user.

In CoQA systems, we can have both user-driven and system-driven ex-
ploratory interactions and their combination. The previous example re-
lated to ”The Lord of the Rings” is a clear user-driven exploratory interaction.
Indeed, thanks to the coreference resolution and the corresponding conversa-
tional context (c.f. Section 3.3) computed by the CoQA system, the user is
allowed to explore the knowledge space related to their original query q.
Moreover, a CoQA system can trigger a system-driven disambiguation in
case the answer to q′ is not satisfactory to provide an answer to q. Thus,
we will never need any disambiguation step in a system driven CoQA sys-
tem for exploration. The new queries suggested by the system already have
the answers (cf. Example 3.2.2). In the case of user-driven exploration via a
CoQA system, a new query posed by the user after some exploration steps
may require a disambiguation process by the system (cf. Example 3.2.3).

In a System Driven Conversational Question Answering System for
Exploration, we have a sequence of exploratory steps in the form:

q s→ a
s
⇝ q′ s→ a′

s
⇝ . . . s→ an

where the transitions between the exploratory questions posed by the sys-
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tem and the related answers are interleaved by user feedback, in case, she
is knowledgeable or not on those topics.

Dually, in a User Driven Conversational Question Answering System
for Exploration, we obtain:

q s→ a
u
⇝ q′ s→ a′

u
⇝ . . . s→ an

Differently from IQAe, in the conversational case the system-generated
query qi at the i-th step also considers the two sets Qi and Ai containing
the previously generated queries Qi = {q′, . . . , qi−1} as well as their corre-
sponding answers Ai = {a, a′, . . . , ai−1}. The same happens in the disam-
biguation case for the system-generated answer ai.

Definition 3.2.6 (Conversation History and Conversation Span). Given a
conversational sequence of exploratory or disambiguation steps we define
Conversation History at step i as hi = Qi ∪ Ai where Qi = {q′, . . . , qi−1}
and Ai = {a, a′, . . . , ai−1}. For a step l and a step i, with l < i we define
Conversation Span as sl,i = hi − hl .

A conversation history contains all the user-driven and system-driven
interactions up to a certain point in the conversation, which feeds the con-
text for the following question to answer. A conversation span represents
the conversation history from a certain step l up to step i. We can see
that hi = s0,i. So, what we will say for sl,i also holds for hi. Again, the
system generates the answer ai to the query qi and the following ques-
tion to ask qi+1 in a system-driven conversational exploration. Also, since
the system generates the following query, it is always unambiguous. Con-
versely, a user-driven conversational exploration could be different. The
user-generated question qi may be ambiguous to the system and require
further interaction for disambiguation. Here, we can generalize concern-
ing the definition of a IQAd and assume multiple steps of interaction to
disambiguate qi in a situation like the following:
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q s→ a
u
⇝ q′ s→ a′

u
⇝ . . . qi︸                      ︷︷                      ︸

exploration

s
⇝ q̃′ u→ ã′

s
⇝ q̃′′ . . . q̃k u→ ãk︸                                   ︷︷                                   ︸

disambiguation

s→ ai u
⇝ qi+1 s→ . . . an︸                          ︷︷                          ︸

exploration

where the conversational system cannot disambiguate qi given a conver-
sational span sl,i. Then, it starts k rounds of disambiguation steps until it
gets enough information to compute the answer ai. Then, the user-driven
interaction may continue to explore the addressed information space.

For the sake of presentation, we assume the system does not have a
bounded number m of queries to pose during the disambiguation phase. In
case, it can ask at most m questions to disambiguate. After the m-th answer
cannot compute an unambiguous one, the system returns NULL, and the
overall conversation ends.

Definition 3.2.7 (Conversational Question Answering). A Conversational
Question Answering system aims at exploring an information space alter-
natively via user-driven or system-driven interactions.

A system-driven Conversational Question Answering system CoQAs

computes answers to the current query and the next question to ask, given
a Conversation Span. More formally, we have:

⟨â, q̂i+1⟩ = argmax
qi∈Q,ai∈A

p (qi+1|ai, sl,i+i), p (ai|qi, sl,i)

In a user driven Conversational Question Answering system CoQAu,
we formally distinguish between the exploration and the disambiguation
as:

â = argmax
ai∈A

p (ai|qi, sl,i) and q̂ = argmax
qi∈Q

p (qi|sl,i)

□

Please note that in CoQAs, the aim is to maximize the probability that a
specific answer satisfies the current query and the likelihood of the follow-
ing question. Conversely, in CoQAu, we are only interested in computing
the solution maximizing the probability that it satisfies the current query
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during exploration. On the other side, in a disambiguation step, we are
only interested in computing the following question to pose to the user to
provide an answer.

3.2.3 Task and Challenge based classification of QA Systems

QA systems have several implementations to fulfill specific tasks, which
decline the QA problem (cf. Definition 3.2.1) in multiple variations. It
emerges from literature the following task-based taxonomy of QA systems.

Open-Goal QA. Here the QA systems exploit unstructured text to solve
the QA problem. Forum messages or bounded sets of answers re-
lated to a specific domain, commonly known as Frequently Asked
Questions (FAQ), fed the knowledge source of open-goal QASs. More
in-depth, depending on the QA model and its knowledge source, the
open-goal QA is further classified into community QA (cQA) [254] and
classifier-based QA (CB QA) [136]. Selecting the best answer from a
pool of candidate ones, usually built on top of a forum thread, is re-
ferred to as a community Question-Answering. In detail, cQA mod-
els foresee ranking mechanisms to achieve their goal. Conversely, a
classifier-based QA system chooses appropriate answers by categoriz-
ing questions into default classes provided by the knowledge source
(e.g., FAQ). Each group maps a specific answer that best satisfies the
corresponding information needed.

Factoid QA. It answers questions that refer to a specific fact, e.g., ”Who is
Leonardo Di Caprio?” or ”What is Interstellar?” and ”Where Christopher
Nolan is born?”. The QA knowledge source, which takes the shape of
a knowledge base (KB), usually holds facts answering a given natural
language question. The KB can occur as a set of unstructured docu-
ments hosting facts (i.e., Wikipedia, business documents, etc.) or as
a collection of structured rules expressed in several forms (e.g., logic
programming rules with Prolog and graph triples for KG). In case, we
distinguish machine reading comprehension QA (MRC QA) [268] from
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knowledge-based QA (KB QA) [275] tasks respectively. Teaching ma-
chines to read and understand texts on which to infer answers to user
questions defines the machine reading comprehension (MRC) Question-
Answering task. MRC QA systems reply to questions by pointing
to words spanned in documents or by generating a new text string,
enclosing facts satisfying the user information need. Differently, KB
QAS implements a model to translate user questions into queries the
KB allows for seeking answers. In other words, it provides a univer-
sally accessible natural language interface to factual knowledge [218].

Visual QA. This task aims to generate answers that encapsulate a truth-
ful description of a picture on which questions emerge. Visual QA
(VQA) seeks a correct answer for a given question consistent with the
visual content of a given image [54].

Open-Goal QA Factoid QA Visual QA
cQA CB QA MRC QA KB QA VQA

SP

Wu et al. [254] Waltinger et al. [237] Han et al. [76], Yang et al. [263] Zheng et al. [275], Shi et al. [210]
Hu et al. [89] Nie et al. [163] Yuan et al. [268], Chada [30] Zhang et al. [272] Do et al. [54]

Wu et al. [253] Su et al. [221] Das et al. [47], Mass et al. [145] Zhang et al. [269] Gao et al. [67]
Xiong et al. [260] Li et al. [123], McCarley [146] Petukhova et al. [177] Shao et al. [208]

Xie [259], Li et al. [127] Perera et al. [171] Pradhan et al. [184]
Bhattacharjee et al. [20] Moon et al. [154] Gordon et al. [73]

Kuo et al. [115], Kundu et al. [114] Damljanovic et al. [46] Yang et al. [265]
Osama et al. [165], Qu et al. [188] Liu et al. [130]
Wang et al. [242], Su et al. [220] Christmann et al. [36]

Qi et al. [185], Li et al. [124] Müller et al. [156]
Yang et al. [264], Qu et al. [186] Shen et al. [209]

Qu et al. [187], Ju et al. [101] Guo et al. [74]
Zhu et al. [278]

UTTP

Rücklé et al. [201] Liu et al. [135] Chiang et al. [34] Sorokin et al. [218] Alipour et al. [3]
Zhang et al. [273] Latcinnik et al. [116] Baheti et al. [9], Mandya et al. [143] Wu et al. [256] Jin et al. [99]
Zhou et al. [277] Sugiyama et al. [223] Mandya et al. [144] Habibi et al. [75] Shin et al. [211]
Xiong et al. [260] Vakulenko et al. [230] Xu et al. [261] Li et al. [126]
Wong et al. [251] Reddy et al. [197], Basu [14] Li et al. [125]

UIA
Sen et al. [205] Siblini et al. [212] Hulburd [92], Otegi et al. [167] Le Berre et al. [19]

-
Kulkarni et al. [111] Aken et al. [2] Aken et al. [2]

SDDT

Zhang et al. [270] Maitra et al. [141], Schwarzer et al. [204] Li et al. [122] Riley et al. [199]
Kulkarni et al. [111] Lockett et al. [136] Siblini et al. [212] Habibi et al. [75]

Lee et al. [118], He et al. [82] Kumar et al. [112]
Alloatti et al. [5]

Sakata et al. [203]

Table 3.1: Work distribution over the dimensions identified by tasks and
challenges of IQA systems.

Table 3.1 collects all the publications distributed among the previously
described task-oriented classes. Although multiple works aim to realize
an IQA system able to read and understand many textual documents to
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answer users’ questions, all analyzed research findings evenly occupy the
highlighted categories. In addition, QA approaches vary depending on the
challenges they target. We found different features in QA methods aiming
for other goals, e.g., optimizing system performances (i.e., answers accu-
racy, response time, etc.) or the overall user experience. Therefore, QASs
can be further classified based on the objectives they cover.

System Performances (SP). New approaches continually design novel QA
systems with improved effectiveness compared to the ones compos-
ing the state-of-the-art. To this purpose, extensive offline experiments
usually assess the SP on several public datasets.

User Experience, Trust, and Transparency (UTTP). QA systems aiming to
solve this goal engage users more compliantly. Three main aspects are
usually evaluated regarding users relationship with the system, that
is user experience, trustworthiness, and transparency. Whether the first
one deals with satisfaction and usability, the trustworthiness is more
oriented to measure user expectations about results returned by the
system, meaning how users trust system functionalities [144]. The
transparency instead, evaluates the interpretability and comprehensi-
bility of system processes [157].

Usability and Interaction Analysis (UIA). This challenge does not need a
QA systems implementation. Its scope is to analyze the usage of
already existing QA systems or users’ behaviors toward interacting
with them. Thus, statistical analysis is always provided and dis-
cussed for this goal [19].

Specific Domain-Dependent Task (SDDT). Most papers here design a QA
environment to solve a specific issue. The proposed system usually
drives users to execute domain-dependent processes or tasks more
efficiently. Consequently, these solutions are designed and tested to
fit the problem to solve instead of being generalized. This kind of
publication often needs more comparisons with other state-of-the-art
models [134].
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Table 3.1 also depicts the distribution of publications among the chal-
lenges above, where a lack of balanced QA community interest emerges.
Research efforts are almost totally focused on improving QA systems per-
formances, while a very few works emphasize statistical analysis about us-
ability and interaction. Implementation modalities and algorithms still fail
to reach strong performances about not specialized QA systems. Thus, the
IQA field still needs to be solved. To underline this evidence, we see a
lower interest in User Experience, Trust, and Transparency challenges.

3.3 IQA Systems: Architecture and Techniques

Figure 3.2 outlines a high-level architecture with the components that an
IQAS should implement. Four major components are proposed: the inter-
action engine, the state tracker, the QA module, and the knowledge source.

The Interaction Engine (IE) is the module that manages the interac-
tion with the user, receiving her requests and providing the response to
her. This module enables user and system interaction by leveraging differ-
ent interfaces according to the system’s capabilities. For instance, in case
the user-system interaction is based on click (e.g. automaTA by Lee et al.
[118]), the IE enables the system to capture the user request and prepare
it in a suitable form for the state tracker (cf. Section 3.3.2). Similarly, when
the interaction relies on natural language messages, then the IE supports
the reception of textual messages [253], as well as images [199], or even
videos [99] for visual user-systems interactions. The IE manages different
interaction modalities according to the system implementation.

The complexity of the IE depends on several factors: (i) the interactiv-
ity level, (ii) the operation modality. The interactivity level refers to the dis-
tinction between standard and interactive QASs. The IE enables users to
engage with the system in both single-step (e.g., QAS that returns the most
relevant answer as a direct result to the user question [203]) or multi-turn in-
teraction (e.g., systems allow further steps to refine or expand the given sys-
tem response [221, 211]). The higher the interactivity level is, the more com-
plex the IE-module implementation will be. The operation modality is de-
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fined as the capability of the IE to deals with one or more interaction modes,
making a IQAS uni-modal [185] and/or multi-modal [67]. Finally, the initia-
tive defines whether the user [114], the system [261] or both [250] can trig-
ger a disambiguation/exploration step, i.e. with disambiguation/follow-
up questions.

Figure 3.2: General Architecture of Interactive Question Answering Sys-
tems

The State Tracker (ST) manages all the information the interaction engine
and QA module need in order to handle the QA request. In greater detail,
it aims to fill up the QA state (cf. Definition 3.2.5) and to collect all the
information exchanged between the user and system up to that time. In
addition, referring to the Definitions 3.2.2, 3.2.3 and 3.2.7, an IQA task can
also be seen as a chain of interactive sessions (cf. Definition 3.2.4) grouped by
the user’s information need. Accordingly, the ST keeps track of the exact
point of the chain in which the system is at any given time: this is the QA
state that represents a snapshot of the system at time t.

The ST operation mainly depends on two elements: (i) the context and
(ii) the tracking methods. For CoQA systems, the same action could have
different reactions and meanings given the dialogue context. In contrast, for
stateless IQASs, the ST has no information about past interactions, dealing
with session context as exploitable information (e.g., images or textual snip-
pets) that completes the user input to the system.

With regard to tracking methods, in the literature they are classified as
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implicit or explicit. An explicit tracking method keeps information about the
previous QA states in a structured form. For example, natural language
tokens or knowledge graph entities can be collected [256]. Conversely, im-
plicit tracking methods store previous QA states in a latent shape like embed-
dings or trained parameters of a model. That is the case of systems that rely
on deep learning models, which learn patterns on real dialogue sets and
perform conversations without needing explicit state tracking techniques
[188]. Here, the model learns the state as embedded representations.

The Question Answering Module (QAM) aims to provide the most
suitable answer to the user question and represents the core component
of every QA system. It retrieves or generates the response to the user by
exploiting the context, if any, managed by the ST. The answer depends on
the data representation adopted by the QAS (e.g., text, images, etc.) and the
interaction mode.

In order to deal with them, the QA models can implement data-driven
and instruction-based approaches. The former belongs to the ML field and
encodes all the collected documents through numerical representations such
as TF-IDF, one-hot encoding, Word2Vec, etc. [126]. The latter operates with
both categorical information, such as pure text or KG entities [159], and nu-
merical representations outlined before [130].

Finally, the Knowledge Source (KS) stores all the knowledge exploited
by QAS to answer users’ questions. The KS data can be structured (e.g KG,
relational database, etc.) or raw (i.e. images, videos, texts, etc.). The data
type can depend on the task the QAS aims to solve. For instance, a factoid
QASs can rely on both structured information as a KG, a set of triples in the
form of subject-predicate-object [209], and raw format data as a collection of
textual documents [264].

In the following, we aim to give an in-depth snapshot of the state-of-
the-art IQA systems for the components outlined in Figure 3.2. On this
line, Table ?? groups some relevant examples provided by the literature
according to the IQAS modules, their aspects, and technical specifications
for their implementation.
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Module Aspect Approach and Example work

Interaction
Engine

Interactivity single-step [19, 73],
multi-round [103, 275].

Operation Modality
• Single text [127], audio [136].
• Multiple images & text [3, 210], audio & text [115],

video & text [265].
Initiative system-driven [86, 272],

user-driven [54, 187], mixed [46].
State

Tracker
Tracking Methods implicit [220], explicit [36, 134].
Context session [154], dialogue [188].

Question
Answering

Image Representation ResNet [89], Faster-RCNN [208],
VGG Net [184], CNN [73].

Text Representation inverted index [43], pure text [65],
term frequency [125], Word2Vec [89],
Glove [208], LSTM [73], WordPiece [203].

Model
• Instruction-based keyword matching [43, 249],

rules execution [36, 275].
• Data driven supervised [254, 123], reinforced [268, 47].

Knowledge
Source

Structured knowledge graph [218], relational database [159].
Unstructured texts [2], images [126], video [99].

Table 3.2: A summary of components in the IQAs representation pipeline,
as sketched in Fig.3.2

3.3.1 Interaction Engine

The interaction engine manages the user-system interactions flow. Its main
objective is to allow users to communicate with the system naturally. As
a result, the IE uses interfaces tailored to the system’s characteristics while
properly formatting the information intended for the user. For example,
CoQA systems require an IE that supports dialogues via chat-box inter-
faces. Rather than that, IQA systems that solve the VQA task require this
component to attach photos as an additional feature. The IE can incorpo-
rate numerous system design choices, such as allowing users to ask follow-
up questions (i.e., exploratory questions) or choosing a query from a pre-
defined set. In a nutshell, the IE is characterized by three primary char-
acteristics that include: interactivity, operation modality, and the authorized
initiative.

The interactivity of a QA system determines how users engage in the
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process of seeking answers. This aspect denotes the distinction between
conventional QA systems and IQA systems. Traditionally, QA systems de-
liver immediate responses to user queries, excluding her from further dis-
cussions. In comparison, IQA systems accumulate several interactive ses-
sions allowing users and the system to refine/enrich the initial result. In a
nutshell, interactivity defines the QAS required to support interactive user
sessions.

In the literature, systems that do not use interactive sessions to support
achieved replies are referred to as single-step interactive systems. Such sys-
tems receive inquiries from the user and eventually supporting data (i.e.,
images, document extracts, audio tracks, etc.) to produce a unique and ap-
propriate response. Thus, the system-user interaction concludes when the
user receives the system response.

For example, Aken et al. [2] analyze how BERT-based QA systems an-
swer user questions. Their system addresses the MRC QA task focusing on
understanding BERT operations in retrieving the correct answer to a given
query. Therefore, authors omit the system to enable interactive sessions for
the computed solution, granting only single-step interactions with the user.

Conversely, CROWN, a CoQA system implemented by Kaiser et al.
[103], exploits a supervised approach to allow context propagation through
multi-round interactions. As a stateful IQAS, CROWN can understand the
context left implicit by users during their conversations.

It is worth noticing that the IE interactivity has no direct relations with
the statefulness property, which belongs to the State Tracker. Thus, the inter-
activity does not distinguish stateless IQA systems from stateful ones. As a
further proof, the example in Figure 3.1 shows an IQA system that support
multi-round interactions in a stateless configuration.

The QA system’s operation modality specifies to the IE to deal with
which kind of interaction mode. QA systems that manage more than one
physical channel as a means of interaction (i.e., text and visual or speech
and clicks) exploit a multi-modal IE. Instead, systems that allow unique
interaction modalities in communicating with users (e.g. only text [230] or
speech [115]) have their IE being uni-modal.
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Qi et al. [185] implement a QA system based on siamese networks to learn
user preferences and answer her subjective questions. To this goal, the QA
system IE implements an uni-modal operation modality, which requires only
textual questions.

Gordon et al. [73] address the VQA task through an autonomous agent
that dynamically interacts with a visual environment to reach the answer.
They design an IQA system that requires both a textual question and a
visual context as input. Thus, the agent may seek other graphical views
for disambiguating the user question or compute the answer employing
several modules, i.e., a Scanner to capture images, a Navigator to change
the system view, and a Manipulator.

However, the IE initiative designates the actor mainly involved in lead-
ing interactive sessions, which is three-folded. We refer to user-driven ini-
tiative when users can freely choose their questions as a follow-up to the
system response (i.e., exploratory question). In contrast, the system-driven ini-
tiative specifies the interactive session being a finite set of data on which users
may interact (e.g., picking a follow-up question from a collection computed
by the system or answering disambiguating questions). The mixed initiative
allows both the previous two cases.

Referring to Section 3.2, systems enabling the disambiguation have at
most a system-driven initiative, while exploratory interactions can also in-
clude a user-driven initiative.

For example, the work of Su et al. [221] implements an IQAS which
allows users to ask about the composition of API calls. In addition, it sup-
ports the user to refine the system answer by adding/removing parame-
ters to the returned API call and exploring new related ones. The system
provides these parameters as the interactive session related to the reached
answer. Thus, the proposed system initiative is system-driven.

Finally, Google Assistant and the system implemented by Qu et al. [187]
are CoQA systems that allow multiple user-defined interactions, which
make user-driven their initiative. In both cases, the user is free to ask any
exploratory question, moving the system to seek manifold information on
a topic.
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3.3.2 State Tracker

The state tracker is the module that deals with QA states as described in
Definition 3.2.5. It supports communications between the IE and QA mod-
ules to solve the QA task as a central component. Thus, the ST takes data
from both of them to update the QA state at each interaction step. It en-
ables the QA module to exploit information (i.e., context data) in addition
to the knowledge source for computing answers to user questions. At the
same time, it supports the IE to configure the authorized interactions based
on data currently stored in the QA state.

In literature, the ST strictly depends on the statefulness property of a
QA system. It assumes different behaviours based on both QA state track-
ing methods and the type of context (cf. Definition 3.2.5). In particular, the
context may differ in two types, i.e. session context and dialogue context.

The session context is a set of supporting data contained in the QA state,
obtainable with just a single interaction with the user. The data hosted in
this context depends on the QA system operation modality and the represen-
tation of that information. For instance, Shi et al. [210] design a Quaternion
Block Network to solve the VQA task, which admits images in a numeric
representation in its session context. Similarly, Das et al. [47] expect a set of
textual paragraphs in a numerical form to support the user questions.

The dialogue context is instead typical of CoQA systems whose data
grows after each interaction with the user. All the QA states feed the con-
text of the next one, forming a conversation with the user. For example,
IHAF is a CoQAS implemented by Perera et al. [171] that hosts textual data
in form of a conceptual graph within the context of each QA state. During
the conversation, it receives from users further information that expands
the contextual graph at each interaction step, allowing the system to return
more accurate answers the longer the conversation is.

To keep in memory all the QA states, the ST relies on tracking methods.
In literature, we distinguish implicit from explicit tracking methods regardless
the type of context hosted by QA states (i.e. session or dialogue context).

On the one hand, the implicit tracking methods deals with the storage
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of QA states in numeric forms (e.g., latent representation). For instance,
Su et al. [220] model a CoQA system as an adaptive framework based on
the sequence-to-sequence model. It manages numerical representations of
all the memorized QA states in a conversation history, that combined with
current questions (also numerically represented), retrieves more straight
answers.

Conversely, Chiang et al. [34] implement three CoQA systems with
different implicit tracking methods to test their ability to comprehend textual
contents regardless of their performances on the MRC QA task. They show
how ML systems like FlowQA [91], BERT [52], and the proposed SDNet
rely more on previous QA state answers instead of any contents host in the
KS. In a nutshell, it computes answers by exclusion from the previous ones
instead of being logically inferred from both the implicit tracked dialogue
context and the KS.

On the other hand, the explicit tracking methods grant direct access to
explicit data stored by the system. This information type is understandable
by humans. Here, QA states have not a latent form, thus preserving the
structure outlined in Definition 3.2.5. The system designed by Wong et al.
[249] represents a first attempt to realize a CoQA system with an explicit
tracking method for storing QA states. This solution expands the dialogue
context with all the keywords that arose during the conversation with the
user. Therefore, the QA Model infers appropriate answers relying on its
KS and dialogue context, which hosts some weighted elements computed
according to a decay function over conversation steps.

3.3.3 QA module

The core component of a QA system is the QA Module, whose goal is to
find appropriate answers to user questions given a knowledge source and
possible contexts. Thus, a QA module must understand user queries and
infer the requested information from extensive data collection.

The QAM differs on the type of data the QA system has to deal with
and the modeling strategies that fit the QA task resolution. Therefore, it is
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described by two characteristics, i.e. the data representation and the modeling
approach.

The data representation depends on the supported interaction modality
and its modeling approach, which in turn counts on the information types
hold by the Knowledge Source (cf. Section 3.3.4). In fact, we distinguish cat-
egorical data (e.g., a sequence of textual strings) from numerical one (e.g.,
vectors as well as matrices). It is worth noting that the QAM data repre-
sentation is the data model that best fits the requirements of a QAS, which
may differ from the ones of the knowledge source. In a nutshell, the QAM
supports a numerical data representation when its model requires data being
expressed with numeric elements to compute an answer (e.g., dealing with
images/audio or deep learning architectures). For example, the work of
Hu et al. [89] enriches the semantic information of possible answers by
adding images to their knowledge source. Thus, the QAM requires a nu-
meric data representation to evaluate semantic similarities between queries
and possible answers.

Mandya et al. [143] focus on the Co-reference resolution task in a con-
versational setting through ML models. In particular, they highlight a set
of co-reference question-answer chains in the dialogue context searching for
terms that may refer to the same entities of the user question. Their im-
plemented model automatically achieves the goal by employing attention
mechanisms, which requires data in a numerical form.

On the other hand, Fukumoto et al. [65] leverage the conversational
issues through matching keyword methods and Named Entity Recognizer.
Thus, their QAM relies on data expressed with their categorical values.

The Modeling Approach identifies the strategies adopted by the QA
system to make it practical and effective to reach an answer given a ques-
tion. In other words, it refers to the framework that existing algorithms or
new ones exploit to solve a QA task. The choice of a model relies on three
factors, which are the QA task to be solved (cf. Section 3.2.3), the supported
functionalities (e.g., targeted challenges or the allowed interactivity), and
the available data (i.e., the knowledge source). Nevertheless, each implemen-
tation can be classified as an instructions-based or data-driven model. The
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former takes advantage of well-designed instruction sets for its goal, while
the latter tries to take out and learn patterns from a huge set of data (i.e.,
query-response pairs) to reply to the user questions.

Hence, the instructions-based methods rely on a set of rules designed a
priori to accomplish its task. The resulting QAM is unaware of data held
by the knowledge source. Thus, its implementation covers a finite number
of scenarios that may emerge while answering questions. The state-of-the-
art QASs can be further divided into three categories: (i) keyword matching
models, (ii) pipeline execution algorithms an (iii) translation models.

The keyword matching strategy aims to find the answer to a question
based on the number of matches between their key terms. For instance, the
previous work of Schwarzer et al. [204] implements several scoring func-
tions that retrieve the answer among the most relevant document based on
how many question keywords the system found.

The pipeline execution models foresee a sequence of functions performed
in cascade to solve the QA task. Christmann et al. [36] take advantage of
this modeling strategy to implement Convex, a factoid CoQA system based
on the Wikidata3. The authors design a set of processing steps to be exe-
cuted in the pipeline for solving the KB QA task. It foresees a (i) named
entity recognition and disambiguation (NERD) system; a (ii) context sub-
graph built upon Wikidata entities recovered by (i); (iii) key entities re-
trieved based on three relevance evaluations; an aggregation through (iv)
the Fagin’s Threshold Algorithm [61], and the answer obtained from (v) a
scored list of entities.

Furthermore, translation approaches to perform a translation of ques-
tions from a natural language to a formal one, which depends on the QA
system knowledge source. It allows users direct access to complex structured
data collections (e.g., knowledge graphs or relational databases) without
being an expert in the related query languages (i.e., SPARQL and SQL).
Naeem et al. [159] implement a QA system that translates the natural lan-
guage user questions into OLAP queries, while FREyA, by Damljanovic et

3https://www.wikidata.org/
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al. [46], is one of the first examples of KB QA systems that translates the
user questions into SPARQL queries. It identifies a set of ontology con-
cepts from the natural language question by combining syntactic parsing
and ontology reasoning techniques or using string similarities evaluation,
synonyms detection, and user engagement. The SPARQL query is built
based on the retrieved ontology concepts.

Differently, data-driven strategies refer to models trained on often huge
data collections to learn patterns for answering user questions. These mod-
els build their knowledge by looking at the examples provided during a
training phase. Then, they take advantage of their training to solve a spe-
cific task (i.e., answering questions). The QAM data-driven strategies found
in the literature are classified in supervised and reinforced.

The supervised data-driven model relies on a labeled dataset to learn the
answers linked to a given question example, divided into detecting and gen-
erative implementation, which depends on the method computing the an-
swer. With the detecting approach, the QAM learns how to detect the de-
sired response from an information set. Thus, answers can be found as a
limited sequence of words within a document or picked from a set of an-
swers held by the knowledge source. For example, the work of Alloatti et
al. [5] proposes a CB QA system on the e-invoicing domain and its reg-
ulation. The authors opt for a BERT-based model with an added layer to
classify user questions into specific groups, which are, in turn, labeled with
the related answer. The training procedure matches BERT’s fine-tuning
in learning a one-hot encoded vector whose indexes refer to the different
groups of answers.

In contrast, generative approaches build the answer by composing ap-
propriate words to the given question. The output comes from scratch in-
stead of being selected among the existing ones.

Li et al. [123] train a CoQA system to answer the user’s question about
information previously given to the system. It expects a list of sentences
defining a queryable ”story” as input. Then the user asks for data about
that story in a conversational setting. The system also learns to pose dis-
ambiguation questions to the user when its current knowledge lacks crucial
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information for computing a reply. The generative data-driven model en-
codes both sentences and questions via Gated Recurrent Unit (GRU). Then,
they decoded such representations into answer/disambiguation questions.

Finally, the reinforced data-driven models adopt the paradigm of rein-
forced learning to comprehend the QA task. Hence, the QAM performs some
actions based on observations and states, which may results in transitions to
other states eventually rewarded. The training procedure states the system
attempting to solve the QA problem through an intrinsic logic. When the
QA system answers correctly, it receives a reward that usually minimizes
its training cost function. Otherwise, no incentives, or penalties, are given
to the system.

Gordon et al. [73] propose a visual QA system modeled as an agent
able to explore the environment of a given picture through several actions
(i.e., navigating, manipulating, scanning, detecting, and answering). Here,
the authors enable the hierarchical reinforced learning paradigm to train a
high-level controller in selecting and invoking the right sub-task (i.e., the
previous actions) to reach the correct answer efficiently. The reward is re-
ceived when the system planning produces a positive outcome (i.e., the
correct answer).

3.3.4 Knowledge source

The knowledge source (KS) collects the information the system needs to
compute answers to user questions. Data about facts, domain-specific in-
structions, and community opinions present different forms and modali-
ties. This component represents the bases on which the QAS knowledge is
built, defining what it is aware of and does not know. The hold informa-
tion is made available both at the running time and at an eventual training
time for the QAS. This distinction determines the type of the adopted QAM
modeling approach (cf. Section 3.3.3), which also depends on the kind of
data contained in the KS.

Although the KS module usually mirrors the main features of datasets
exploited by the system to accomplish its task (cf. Section 3.4), in this sec-
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tion, we provide a view oriented to the QA processes instead of its data. We
focus on the organization of information collections at a high level of ab-
straction to label the state-of-the-art QASs approaching methods with data.
The QAS knowledge source can be classified into structured, unstructured, and
mixed.

The structured KS manages the information of the system knowledge
through well-designed structures. In other words, it accepts only data that
presents a standard structured organization universally recognized (e.g.,
knowledge graphs, relational databases). This is the case of Zheng et al.
[275] and Zhang et al. [272], where the implemented systems are designed
to rely on knowledge graphs (i.e. Dbpedia [149] and Freebase [23]) to re-
trieve the answer. Instead, the collection of question-answer string pairs
(e.g., QALD-6 and WebQuestion datasets) evaluates only the system’s per-
formances. Li et al. [122] instead foresee a relational database as their
CoQA system structured KS.

In contrast, unstructured KSs allow data sources to lack an intrinsic
structure. They cover most QA systems populating today’s literature, re-
lying on paragraph lists or image collections to reply to user queries. Wu
et al. [253] implement a cQA that depends on question-answer pairs (i.e.,
string sentences) retrieved from forum websites. Instead, Gao et al. [67]
use a list of question-images pairs labeled with answers as a KS for their
VQA system.

Finally, the mixed KS enables the system to rely on both structured and
unstructured data sources. An example is given by Zhang et al. [273],
where the implemented QA systems rely on multi-modal KGs (with im-
ages) and collections of qualified doctor advice to consultants in the form
of question-answer strings to build their knowledge. Shen et al. [209] also
exploit structured and unstructured information to train their CoQAS. In
this case, authors use the Wikidata KG for the semantic knowledge and
the Complex Sequential Question Answering (CSQA) [202] dataset to deal
with dialog.
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3.4 Evaluation and Dataset

While all IQA systems in the literature are characterized using the unified
architecture seen in Figure 3.2, the datasets used to train and evaluate their
models do not share a standard set of properties. Depending on the QAS
purpose, the modality type, and the interactivity setting (i.e., QA, IQAe,
IQAd or CoQA), the nature and characteristics of a dataset might be vastly
different. Consequently, evaluation methods also end up being rather dis-
tinct.

While all IQA systems in the literature are characterized using the uni-
fied architecture seen in Figure 3.2, the datasets used to train and evalu-
ate their models do not share a standard set of properties. Depending on
the QAS purpose, the modality type, and the interactivity setting (i.e., QA,
IQAe, IQAd or CoQA), the nature and characteristics of a dataset might
be vastly different. Consequently, evaluation methods also end up being
rather distinct.

The evaluation phase of IQA systems determines the system’s efficacy
regarding the intended task and challenge. Permitting comparisons be-
tween current solutions is essential, therefore identifying the most effective
for a given objective. The evaluation step is critical to advancing the state-
of-the-art.

There are two types of evaluation protocols: offline and online which are
used for different types of evaluations. Similarly to ML/RS models, offline
evaluations for IQA systems use pre-compiled offline datasets. Conversely,
online tests require the system to work with real users to evaluate its func-
tioning and returned results.

However, concurrently offline and online configurations realize a fur-
ther detailed system evaluation. For instance, Zhang et al. [272] and Shin
et al. [211] implement this mixed strategy to evaluate their systems in a
broader range of features. The former engaged 300 college students to an-
alyze the system performance changes in increasing the number of hints
given by human participants. The latter asked 3000 workers to evaluate
response features like diversity, attractiveness, and expressiveness.
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Task Modeling Approach Dataset

cQA
Data Driven

Yahoo!, StackExchange
Instruction Based

CB QA
Data Driven

Domain Dependant Datasets
Instruction Based

MRC QA
Data Driven CoQA, SQUAD, TriviaQA, SearchQA
Instruction Based CLEF, QuAC, SQUAD

KB QA
Data Driven SQUAD, CSQA
Instruction Based WebQuesitons, QALD-N, SimpleQuestions

Visual QA Data Driven VQA, VQA2.0, TDIUC, COCO-QA

Table 3.3: Main relevant datasets exploited in IQA systems literature
grouped by tasks and QAM types.

In detail, the evaluation focuses on the following:

Single Answer. Systems are assessed based on their ability to respond to
user queries, with the returned responses serving as the primary eval-
uation metric. Depending on the problems, tasks, and methodologies
of the QAS, solutions can be assessed at several levels, which in turn
establish assessment objectives such as correctness, reliability, and sen-
sitivity, as well the naturalness and the expressiveness.

Ranked List This group refers to the system’s capacity to retrieve appro-
priate resources for a given query. Although the QA task allows a sin-
gle result to return to the user, some state-of-the-art works also per-
mit other replies produced by the system after the initial response.
This list reveals the reasoning capabilities of the QAS and which fea-
tures/information are deemed necessary for locating appropriate re-
sponses. The examined test objectives are comparable to those of the
first group, although being able to be evaluated on a deeper level
(e.g., answers positions in the returned ranked list).

Interaction Rather than the solution itself, the attention is on the interac-
tion enabled by the system to arrive at it. The interaction influences
the quality of the system’s responses. Consequently, interactions are
assessed based on their cost and their required user efforts, as well as
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their effectiveness and efficacy. The majority of studies focusing on this
element employ online evaluation techniques. Nonetheless, offline
metrics are also utilized for stateful IQA systems, which may further
evaluate the coherence, context, and naturalness.

The table ?? shows the most frequently used datasets for building, test-
ing, and evaluating an IQAS according to the literature.

3.5 Conclusion

We have reviewed a substantial collection of interactive question-answering
(IQA) systems-related literature published during the past decade. We dis-
covered the literature to be diverse, beginning with adopted methodolo-
gies for addressing multiple QA tasks and concluding with a vast array of
resources (i.e., knowledge sources and datasets) utilized to create and eval-
uate question-answering (QA) systems. Although several types of QA so-
lutions define the state-of-the-art, we determined the characteristics shared
by the suggested systems that constitute a shared framework. To the best
of our knowledge, we are the first to present a unified and comprehensive
design that emphasizes the fundamental components and functions of IQA
systems. For each element, we have comprehensively categorized the liter-
ature from the methodological and application perspectives, categorizing
the works by tasks, difficulties, and interaction modes. In addition, we
give explicit definitions of the implementation goals and features of IQA
systems. To achieve this goal, we have categorized QA systems based on
their behaviors and enabled interaction so that we captured the whole IQA
systems landscape. Then, we detailed trends regarding specific tasks and
problems, demonstrating the community’s keen interest in enhancing the
system’s performance and openness. Lastly, we have included a classifi-
cation of evaluation approaches often used in the literature and a list of
primary datasets used in the evaluation process.



4
Interaction with Aspect-Based Sen-
timent Analysis

Nowadays, several social networks and Web platforms permit users to
share their opinions and tastes on items of different types. As a result,
there is a growth of data relating to the subjective sphere of each individ-
ual. This information is handy for several purposes, such as providing per-
sonalized recommendation services or understanding opinions conveyed
through text. Sentiment Analysis provides helpful methods to analyze
these textual opinions (e.g., reviews) from a global point of view. In case
we want a more detailed representation of the opinion represented in a text,
Aspect-based Sentiment Analysis identifies a valuable option thanks to its
fine-grained level of text analysis.

In this Chapter, we discuss the design of a processing pipeline to ex-
tract domain-related aspects from the text by employing an unsupervised
approach. We formally define Aspect Terms and Aspect Categories and
Aspect-based Sentiment Embedding, an approach to represent documents
by computing aggregated sentiment scores for each aspect. We perform
experimental evaluations on the Spotify dataset to prove the utility of our
technique in predicting elements strictly related to emotions and feelings.
Our results show improvements in the regression task for sentiment-related
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features compared to the classical semantic-based representations.

4.1 Introduction

The increasing amount of user-generated content on blogs, social networks,
and e-commerce websites has pushed many companies to explore data
mining technologies to use this subjective information source. One of the
most prolific research areas in Natural Language Processing is Sentiment
Analysis, which aims to identify and extract user opinions from the text.
Sentiment Analysis has the goal of identifying sentiments expressed in
texts and whether the expressions indicate positive (favorable) or negative
(unfavorable) opinions toward the subject [161]. For instance, a sentence
like ”The latest Apple Macbook has finally arrived and is amazing!” tweeted by
a user can give the Apple Company a valuable opinion about its product
just released. Another example might be the detection of the emotional
state of a customer during a dialog with a chatbot. Automatic customer
service may improve its efficacy by moving the dialogue to a human op-
erator in case the conversation becomes frustrating for the user. Sentiment
Analysis techniques cover all those situations, finding and measuring the
subjectivity behind words that express a Sentiment.

Sentiment Analysis can be performed at three levels: document, sen-
tence, and entity. While at both document and sentence levels, sentiment
analysis aims to find the overall opinion expressed in a text, entity-based
sentiment analysis aims to discover the opinion of a user with respect to a
specific entity extracted from the raw text. This task is typically known as
Aspect-Based Sentiment Analysis (ABSA). More specifically, ABSA mines
opinions from the text about specific entities and their aspects [181]. It in-
volves two main sub-tasks: the Aspect Term Extraction (ATE), which ex-
tracts all the words that refer to an aspect, and the Opinion Term Extraction
(OTE), which aims to find all the expressions that convey the user opinion
concerning the extracted aspect terms (i.e., assign a sentiment score to a
specific aspect term).

The task of ABSA is not trivial because of different reasons. There is no
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objective and formal definitions of Aspect, and, in general, possible aspects
differ from one domain to another. Moreover, users could refer to the same
concept using different words or expressions. For example, in the Semeval
2014 laptop dataset [180] there are a lot of training samples that express
opinions about the aspect ”Technical Support”, but reviewers refer to it with
expressions like ”technical service”, ”tech support” or ”staff”. Additionally,
there are no consistent and labeled datasets for the ABSA task, pushing the
majority of work in this field to adopt unsupervised approaches.

Nevertheless, a vast amount of data about sentiment conveyed by text
is available, given the high interest of the community in automatically un-
derstanding subjective opinions and emotions from written documents.
Among several domains, datasets belonging to the music field undoubt-
edly offer the wealthiest collection of texts. On this line, several works
started to analyze and exploit that data for several purposes, like recom-
mending music based on users’ emotional states [6] as well as analyzing
how songs characteristics match user personalities [152].

In this chapter, we aim to answer and give empirical evidence to the
following research questions:

• Is it possible to group Aspect Terms extracted through unsupervised ap-
proaches into coherent Domain Aspect Categories relevant in an ABSA sce-
nario?

• Can a Sentiment-based text representation improve the performances of a
Sentiment-related task?

To reach these goals, the unsupervised paradigm chosen for the aspect
detection task exploits dependency trees and syntactic relations between
words to extract not only Aspect Terms but also Opinion Words, allowing
us to assign a sentiment score to them. Therefore, we adopt a Word2Vec
representation to group all the similar Aspect Terms and define the Aspect
Categories they belong.

As the main contribution, we introduce an unsupervised method to ex-
tract aspects from text which are relevant for Sentiment Analysis. Com-
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pared to other solutions, which detect the Aspect Terms but compute a sen-
timent score for the overall document, our solution groups all the found
Aspect Terms into Aspect Categories, each of them characterized by a specific
sentiment value. To highlight these distinctions, we also provide formal
definitions about Aspect Term and Aspect Category. Moreover, we introduce
the concept of Aspect-Based Sentiment Embedding, a representation strategy
of textual documents based on domain aspects and their related sentiment
scores. We demonstrate the utility of this embedding technique by design-
ing an experiment aiming to prove that our approach grants improved per-
formances in predicting textual features related to human feelings against
the well-known semantic approaches.

Our intuition is that a sentiment-based embedding could be more rep-
resentative than a semantic one for text rich in sentiment. To the best of our
knowledge, this is the first attempt that introduces the concept of numerical
representation based on opinion and exploits it to improve performances
of sentiment-related tasks.

Since song lyrics are rich in human emotions [35], we choose the mu-
sic domain to evaluate our sentiment-based representation on a prediction
task. In particular, Spotify, one of the most renowned music streaming
services, released a dataset composed of features that best fit our needs
paired with song lyrics. To prove our hypothesis, we train several models
for predicting different elements on a given lyrics representation based on
sentiment (Aspect Based Sentiment Embedding) or semantic vectors (i.e.,
Doc2Vec). This comparison highlights the latter relies more on semantic
features like word co-occurrence or context that embed the semantic mean-
ing of each word, and the former encloses information strictly related to
subjective sentiment and opinions. In other words, the semantic embed-
ding identifies what the user means, while the sentiment one points out
what the user feels. Therefore, our proposed sentiment-based embedding
strategy is more suitable for assessing features strictly related to human
emotions. Finally, we assessed the statistical significance of our results with
a T-Student test.
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4.2 Unsupervised Aspects Extraction

Figure 4.1: Aspect Term Extraction and Clustering

One of the main issues we address is that aspect terms extracted through
state-of-the-art approaches are not grouped into categories since they are
not inferred. Another problem is that these works do not leverage all the
fine-grained sentiment information enclosed in each Aspect. Here, we ad-
dress the problem of unsupervised ABSA for extracting relevant aspects
and related sentiment to understand if it is possible to infer better features
related to human feelings with a representation based on sentiment data
instead of semantic one. For this purpose, we implement an unsupervised
ABSA model that has been tested on the Spotify dataset, creating a repre-
sentation of each song based on the extracted aspects and the related sen-
timent. We use these song encodings to predict scores like danceability,
valence, mode, and others, which we will discuss in the following sections.

To the best of our knowledge, there are no works in literature that ex-
ploit aspects and their related sentiment for a regression task like the one
described before.

Finding relevant aspects in a specific domain is not a trivial task since
they are not known a priori and because of their intrinsic subjectivity. Sev-
eral NLP techniques can infer these concepts that typically describe fea-
tures of items like instruments or cars if they still need to be provided.

To reach this objective, one possibility is to collect all the nouns that are
directly related to words that carry a sentiment with them (e.g. uncondi-
tional love, great party, beautiful sun, etc.). The main intuition behind this
assumption is that items aspects are generally evaluated by the reviewers
who expose opinions on them [69, 81].

Without loss of generality, it is possible to widen this assumption to any
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written text belonging to any domain. For example, in the music domain,
topics treated by the songwriter identify sentiment-related aspects. There-
fore, depending on the matters and their sentiment polarity, we can infer
some peculiar features more related to subjective emotions instead of the
semantic meaning.

Given a set of documents, we define the pipeline based on an unsu-
pervised approach depicted in Figure 4.1, able to identify all those aspects
that characterize a specific domain. This choice has been made given the
absence of a complete and consistent dataset designed for this task and to
keep the aspect extraction algorithm as less domain-dependent as possi-
ble. To better explain how the proposed method reaches the final goal of
detecting the domain aspects, we found it helpful to introduce two formal
definitions of the Aspect Category and the Aspect Term.

Definition 4.2.1 (Aspect Category). Given a domain D, an Aspect Category
A, or more briefly Aspect, is either a topic or concept which meticulously
describes a specific domain characteristic s.t. a domain is portrayed by a
set of N Aspects D = {A0, A1, ...AN}. □

As an example, we may consider the domain of movies. Some As-
pect Categories which best portray film industry products are undoubt-
edly the ones evaluated by the Academy of Motion Picture Arts and Sci-
ences assigning the Academia Award, like Picture, Visual Effect, Director,
etc. Then, for the movie domain and the corresponding Aspects are D =

{Picture, Director, Visual E f f ect}

Definition 4.2.2 (Aspect Term). Let A be an Aspect for the domain D and
w a generic natural language word. Then w is an Aspect Term for D if w is
a token used to denote the concept or the topic of the Aspect A. We denote
this relation with w ◁ A. □

Following the previous example, a movie can be entirely described by
talking about its computer graphic, the plot, and the actors’ performances,
all words that belong to the Aspect Terms sets of the movie domain. For
instance:

(light, color, saturation, landscape) ◁ Picture
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(monster, f ire, explosion, dragon) ◁ Visual E f f ect

(adaptation, f raming, casting) ◁ Director

Therefore, given the sentence: ”Interstellar is a film with incredible land-
scapes, where realistic space and planets are the contexts for great actors and an
impeccable soundtrack.”, we can infer that:

D = {Picture, Visual E f f ect, Actor, Music}

(landscape) ◁ Picture ∧ (soundtrack) ◁ Music

(space, planets) ◁ Visual E f f ect ∧ (actor) ◁ Actor

The main goal of our pipeline is the Aspect Term Extraction. Based on
a sequence of processing steps, starting from textual data, it can identify
Aspect Categories together with the corresponding Aspect Terms. Following
the process depicted in Figure 4.1, we have a sequence of steps:

1. Candidate Aspect Term Detection: all the words that have a high
probability of being an Aspect Term are here identified through the
Rule-Based Aspect Term Extractor. It searches entities related to opin-
ions exploiting some syntactic rules. In detail, nouns usually refer
to entities, while adjectives, adverbs, and some verbs usually carry
sentiment information that defines the opinion polarity [252]. Thus,
only those nouns strictly linked to words having a non-neutral senti-
ment score are selected. For this purpose, we generate a Dependency
Parse Tree for all the sentences in each collection document since de-
pendency relations reveal connections between words and possible
sentiment inflections.

All nouns that have dependencies with adjectives, adverbs, adjectival
modifier (amod), and adverbial modifier (advmod) identify the Can-
didate Aspect Term, including also nouns linked to verbs with a non-
neutral sentiment score obtained from the Sentiment Lexicon Senti-
Words [68]. For instance, expressions like ”The colors make you love the
film” give a positive opinion on the aspect Picture with the composed
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verb makes - love without exploiting adjectives or adverbs. It is worth
noting that words enclosing opinions are considered a filter condition
to select candidate terms of interest without storing any information
about them. The frequency of each unique term on the entire collec-
tion of documents is kept.

2. Aspect Term List Generation: From the Candidate Aspect Terms, all the
words that have the same lemma are collapsed via lemmatization. For
each term that shares the same lemma, we sum its relative number of
occurrences. Then we delete all terms whose counter is lower than a
specific threshold (10 in our case), resulting in the final Aspect Terms
List, as outlined in Figure 4.1. This choice avoids taking into account
aspects that are not highly informative for inferring Aspect Categories,
thus generating noise in the following steps.

3. Word2Vec Representation: aiming to define which are the main As-
pects that qualify the domain of interest, we take advantage of se-
mantic vector representations of terms like Word2Vec [151]. Due to
its known capability of shaping categorical features like words into
numerical representations with an intrinsic semantic spatial distribu-
tion, we found Word2Vec particularly fits our goal. We compute for
each lemma that populates the Aspect Terms List the Word2Vec em-
bedding.

4. Aspect Categories Extraction: all the Aspect Terms embeddings are
grouped in clusters using the K-means algorithm [140]. It allows us
to define those categories which best assemble the Aspect Terms in a
semantically consistent way. The Aspect Categories are the centroids of
the retrieved clusters, and each of them keeps track of a list of Aspect
Terms to which they belong.

To clarify the process of Aspect Term Extraction and Clustering, shall
we consider two example tracks from the music domain: ”My Father’s Eyes”
by Eric Clapton and ”Civil War” by Guns ’N Roses. From these two songs,
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our approach can extract some aspects such as:

D = {Family, Love, War, Humanity}

More in-depth, to define the previous Aspect Categories, the Rule-Based
ATE module receives as input a set of lyrics, whose excerpts are: ”When
I look in my father’s eyes, my father’s eyes, then the light begins to shine, and I
hear those ancient lullabies” and ”I don’t need your civil war, it feeds the rich
while it buries the poor, your power hungry sellin’ soldiers, in a human grocery
store”. Then, it extracts some candidate Aspect Terms like ”father”, ”lulla-
bies”, ”war”, ”power” and ”soldiers”. After removing not frequent terms like
”lullabies” and ”power”, we obtain that the remaining words belong to the
Aspect Term List and their Word2Vec representations. These representa-
tions are then used by the Clustering module, together with all the other
aspect terms extracted from the lyrics, to define the previous Aspect Cate-
gories, reaching:

( f ather) ◁ Family ∧ (war, soldier) ◁ War

It is worth noting that our Aspect Extraction approach is not domain-
dependant. Without loss of generality, we can apply our method to several
objectives in many domains, like reviewing items for an e-commerce plat-
form or detecting sentiment features in a song collection.

4.3 Sentiment Representation

The main idea behind our work is to identify a numerical sentiment-based
representation of documents, which could deal with features strictly re-
lated to emotions or opinions more accurately.

To define this new kind of embedding, we found it helpful to set the As-
pect Categories as dimensions of the vector representation, in the sense that
each domain aspect match with a specific vector position whose element
or value enclose sentiment information about that Aspect. For instance,
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Figure 4.2: Aspect Based sentiment representation strategy

assuming that we found fifty Aspect Categories in the music domain:

D = {People, Friendship, ..., Love, ..., Time}

Sentiment embeddings of songs lyrics will have the first position referred
to the aspect People, the second one related to Friendship, the forty-eighth
to Love and the last to Time. Each of them could have a non-zero value
depending on whether the songwriter expresses an opinion on the Aspect
or not, as also highlighted in Figure 4.3. More formally:

Definition 4.3.1 (Aspect-Based Sentiment Embedding). Let A be a set of
Aspect Categories, N the cardinality of A and s a sentiment score s.t. s ∈
[−1, 1]. Given a document D, composed of different sentences, we define
the Aspect-Based Sentiment Embedding e of D the vector:

e = (s0, s1, ..., sN)

where si, i = 0, 1, ..., N is the sentiment score computed on the i-th Aspect
Category.

Documents that treat the same aspects are similar in their representa-
tions. Moreover, depending on the opinions expressed for each Aspect, the
computed sentiment value is an aggregation of sentiment scores obtained
from each adjective, adverb, and verb linked to that Aspect.
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More in-depth, we base our sentiment-based representation on the re-
sults produced by the Aspect Term Extractor presented in Section 4.2. Start-
ing from the list of Aspect Categories that our model found over a domain,
our approach takes as input a document written in Natural Language and
searches for aspects and the related sentiment scores to shape the aspect-
based sentiment embeddings. The designed pipeline is outlined in Figure
4.2.

Figure 4.3: Aspect-Based Sentiment Embedding example

To evaluate our system, we choose to build aspect-based sentiment em-
beddings over documents belonging to the music domain because song
lyrics carry a more emotional meaning instead a semantic one. Hence, they
fit to test performances in predicting sentiment-based features. However,
our approach is not dependent on the music domain, thus relying on a
field-independent method that exploits an Aspect Category list to identify
the numerical representations.

The proposed method receives in input a document, a song in this case,
and searches for Extracted Aspect Terms by employing the Rule-Based Aspect
Term Extractor already adopted in the Aspect Term Extractor outlined in Fig-
ure 4.1. Here, terms with sentiment inflections are collected together with
adjectives, adverbs, and non-neutral verbs to specify their sentiment value.
For each aspect term, we go back to its lemma and compute its Word2Vec
representation.

As a consequence, the Aspect Detector module, shown in Figure 4.2, es-
timates the cosine similarity between all the aspect terms and the centroids
of each aspect category stored in the Aspect Category List. This way, we can
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assign each aspect word to a specific Aspect Category based on the highest
similarity value. At the same time, we delete those terms whose similar-
ity scores are lower than a certain threshold. As a result, we produce a
list of Aspect Terms and related sentiment words assigned to specific Aspect
Categories.

We can now build the Aspect-Based Sentiment Embedding, whose dimen-
sion is equal to the number of categories composing the Aspect Categories
list. Each position of the embedding vector matches with a specific Aspect
Category, while the value is computed based on the sentiment score related
to that Aspect. To this scope, we implement a Lexicon-based Sentiment
Score Extractor relying on the Sentiment Lexicon SentiWords, a high cov-
erage resource containing roughly 155,000 English words associated with a
sentiment score between -1 and 1 [68], to retrieve the ones related to words
carrying the opinion of the writer. It follows that the overall sentiment
value for an aspect is an aggregation of scores obtained for each aspect term
belonging to that aspect category. In our case, the aggregation function we
adopted is the simple summing function that sums all the sentiments of
adjectives, adverbs, and non-neutral verbs related to each aspect term be-
longing to the same category.

The Aspect-Based Sentiment Embedding built with this approach fol-
lows an intuition similar to the one that characterizes the one-hot encod-
ing representation. While in the one-hot encoding embedding, each word
identifies a specific position in the vector, in our approach, the aspect cate-
gories define the space of the embedding vectors. In this way, documents
that treat similar aspects with a similar sentiment share the same emotional
meaning.

4.4 Experiment

This section describes in-vitro experiments we have run to understand if
some music track features in the Spotify dataset related to the feelings con-
veyed through songs can be better inferred using a representation based on
the sentiment instead of one based on semantics.
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We have used a free dataset on Kaggle1 that contains various types of
information over more than 18,000 Spotify songs, including artist, album,
audio features (e.g., loudness), lyrics, the language, genres, and sub-genres.
The dataset contains many songs from a period from 1921 to 2020.

From the dataset, we have selected only songs with lyrics in English,
discarding the instrumental ones because they are not exploitable by our
model. We have split the dataset using the following proportions: 60% for
the training set, 20% for the validation set, and 20% for the test set. The
first step was to feed the training to the pipeline described in Section 4.2.
In this way, we could extract all the aspect terms from lyrics and group
them into aspect categories, identifying the main aspects of the music do-
main. We have adopted a Word2Vec representation of aspect terms exploit-
ing the model trained on Google-News dataset2 and then we have used the
K-means algorithm to cluster the aspect terms into their categories, setting
the number of clusters to 75 resulting from the Elbow method [226].

Once we defined the aspect categories, we proceeded with the online
step to estimate the Sentiment-Based Aspect Embedding for each song in
the dataset.

As stated in Section 4.3, song lyrics were the input to the Rule-Based
ATE module for extracting candidate Aspect Terms and related opinion words
from the text. For each candidate, we compute similarity scores with the
centroids of all the Aspect Categories, keeping only those values greater than
a certain threshold, empirically set to 0.4. The highest score identifies the
cluster to which the candidate belongs. At the same time, we calculated the
related sentiment using the SentiWords sentiment lexicon. Following this
approach, we were able to represent a song as a vector of 75 elements in
which the element at the position i represents the sentiment expressed in
the text for the i-th Aspect Category, according to the Definition 4.3.1.

The main objective of our work is to answer the following research
question: ”What is the best representation for each Spotify feature? The seman-
tic or the sentiment-based one?” To this purpose, we decide to use Doc2Vec

1https://www.kaggle.com/imuhammad/audio-features-and-lyrics-of-spotify-songs
2https://drive.google.com/file/d/0B7XkCwpI5KDYNlNUTTlSS21pQmM/



74 Interaction with Aspect-Based Sentiment Analysis

[117] as our baseline for the semantic-based representation of song lyrics.
To validate our hypothesis, we have trained regression models on both sen-
timent and semantic songs representations to predict the following six key
features in the Spotify dataset (for a total of 12 models), whose values are
in a range from 0 to 1:

• Valence describes the musical positiveness conveyed by a track.

• Mode indicates the modality (major or minor) of a track, the scale of
its melodic content.

• Speechiness detects the presence of spoken words in a track. The
more exclusively speech-like the recording (e.g., talk show, audio-
book, poetry), the closer to 1.0 the attribute value.

• Acousticness is a confidence measure of whether the track is acoustic

• Liveness detects the presence of an audience in the recording.

• Danceability describes how suitable a track is for dancing based on
a combination of musical elements

For completeness, we have also trained the regression models for Speech-
iness, Acousticness, Liveness, and Danceability, even if those variables are
unrelated to the sentiment. Speechiness represents how much the track
is wordy, while the others identify the technical audio characteristics. On
the contrary, Valence and Mode are more linked to the sentiment conveyed
by song texts. The Valence is the positiveness of a song, in the sense that
tracks with a high valence score sound more positive (happy, cheerful, eu-
phoric), while tracks with a low valence value sound more negative (sad,
depressed, angry). The Mode is the likelihood of a song being in a major
or minor scale. Even though this description seems unrelated to sentiment,
different studies demonstrated that minor scales convey a negative mood
while major ones communicate a positive emotion [109]. The model’s archi-
tecture adopted for solving the regression task is a Fully Connected Neu-
ral Network with three hidden layers with ReLU activation and an output
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layer with a linear activation function. We used the early stopping strategy
to optimize the training and avoid overfitting by monitoring the Mean Ab-
solute Error (MAE) and Mean Squared Error (MSE). We have also trained
a Doc2Vec model on the song lyrics to obtain those semantic-based repre-
sentations to use as input in our model.

Spotify Feature Representation MSE MAE

Valence
doc2vec 0.0542 0.1891

sentiment 0.0530 0.1920

Mode
doc2vec 0.2694 0.4686

sentiment 0.2507 0.4682

Speechiness
doc2vec 0.0082 0.0619

sentiment 0.0124 0.082

Acousticness
doc2vec 0.0574 0.1618

sentiment 0.0488 0.1618

Liveness
doc2vec 0.0256 0.1122

sentiment 0.0234 0.1140

Danceability
doc2vec 0.0270 0.1295

sentiment 0.0307 0.1416

Table 4.1: Evaluation results of several model, one for each Spotify feature,
trained on Sentiment Representations and the Doc2Vec embeddings, that
achieve the best value of MAE in the validation set. Values in bold identify
the best performing model on the related feature.

Table 4.1 and Table 4.2 show the evaluated performances of our models
in terms of MSE and MAE. Table 4.1 contains the results that we reached
with both our semantic-based embeddings and the doc2vec representation
with the model that achieved the lowest value of MAE on the validation
set. Similarly, Table 4.2 shows the differences in performance of the models
obtained with the lowest value of MSE on the validation set.

The results presented in the tables confirm our hypothesis about the
target variables. The MSE smaller than 0.0018 for the Valence with the
Sentiment-Based embeddings demonstrates that the model commits less
consistent errors than the Doc2Vec approach. Regarding the Mode, we
reach a proximity value for errors equal to 0.137 on average when using
the sentiment embedding, reflecting improved results on the MAE. As fur-
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Spotify Feature Representation MSE MAE

Valence
doc2vec 0.0542 0.1891

sentiment 0.0524 0.1911

Mode
doc2vec 0.2597 0.4803

sentiment 0.2470 0.4725

Speechiness
doc2vec 0.0082 0.0619

sentiment 0.0129 0.0741

Acousticness
doc2vec 0.0508 0.1632

sentiment 0.0517 0.1907

Liveness
doc2vec 0.0256 0.1122

sentiment 0.0235 0.1158

Danceability
doc2vec 0.0268 0.1287

sentiment 0.0307 0.1423

Table 4.2: Evaluation results of several model, one for each Spotify feature,
trained on Sentiment Representations and the Doc2Vec embeddings, that
achieve the best value of MSE in the validation set. Values in bold identify
the best performing model on the related feature.

ther proof of our intuition, the performances on Speechiness suggest that
the semantic-based representation is more suitable for predicting targets
that depend solely on textual features. The results for the other target vari-
ables are quite unclear, which depends on the fact that these features are
not connected to the lyrics of a song but to the audio characteristics.

We also performed a T-Student test for comparing the predicted values
with the actual targets, and in all the settings, we obtained a p-value ¡ 0.01.
Therefore, the presented results are statistically reliable.

4.5 Conclusions

In this chapter, we have introduced a new unsupervised approach for ex-
tracting sentiment aspects from documents on a specific domain by detect-
ing Aspect Terms and finding Aspect Categories to which they belong. Fur-
thermore, we have formally defined Aspect Term and Aspect Category high-
lighting their differences, as well as the Aspect-Based Sentiment Embedding, a
new kind of document representation based on sentiment values computed
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for each Aspect Category. We have also provided an initial use case of our
sentiment representation technique, motivating its benefits by performing
an in-vitro experimental evaluation on Spotify’s features regression task.
We have compared our results with those obtained from semantic-based
embeddings (i.e., Doc2Vec) on Spotify song lyrics, and we have demon-
strated little improvements in the Mode and Valence features prediction.

To statistically validate our experiments, we have also performed a T-
Student test on the predicted data that confirms the results reached. De-
spite the basic configuration of our method, we have proved that a senti-
ment representation could be more informative than a semantic one in a
sentiment-related task.
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5
Conversational Recommender

GUapp is a platform for job-postings search and recommendations for the
Italian public administration. The platform offers recommendation ser-
vices to match user skills and requests with job positions available in a
given period. Based on Latent Dirichlet Allocation, the recommender sys-
tem implemented in GUapp computes the k-nearest neighbor’s job positions
most similar to the user profile. Furthermore, to improve the user experi-
ence, GUapp implements a chatbot whose goal is to allow users to interact
with the app through natural language. Thanks to that, the search and
recommendation process becomes incremental, and the user can add new
requirements at each stage of the interaction. In this chapter, we present
GUapp, its recommender system, and the chatbot developed for achieving
effective interaction with the user.

5.1 Introduction

Information overload is a well-known problem that impacts users’ digital
experience when they need to find interesting items in a large set of possible
options [98]. Also, looking for a new job is a scenario when users partic-
ularly feel this problem. In this context, the only strategy for people is to
manually declare job calls suitable or unsuitable for them, thus resulting in
a clumsy user experience. Moreover, job calls usually have a limited time
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for applying, so it is essential to constantly look for proper job openings
over time as quickly as possible.

We developed the GUapp platform to find and discover job positions
among job offers in the Italian public administration1.

The information-retrieval (IR) and recommender-system (RS) research
areas investigated this problem in the literature, where, in the first case,
systems do not take into account the user’s past preferences and retrieve
the most relevant items according to the user query. On the other hand,
although the goal of an RS and IR systems might seem similar, a user profile
is built. It allows the proposal of services tailored to the user’s specific
characteristics and, in our case, to provide a personalized ranked list of items.

The GUapp’s RS classifies jobs according to their topics and employs
a k-Nearest Neighbor (k-NN) method to compute a personalized recom-
mendation list. That list is updated daily and provided to the user. The
user’s past preferences identify a way to rank the job positions interest-
ing to them. Moreover, GUapp offers a natural language-based interaction
through a chatbot. The GUapp’s chatbot allows the user to define her inter-
ests, describe her skills, and filter out results that do not match her require-
ments. Thus, GUapp must invoke different back-end services to satisfy the
user’s requests.
GUapp is available as a mobile app and a responsive Web client. The

UI is dynamically adapted to the user behavior to show the correct view
as the app opens proactively. Hence, the user’s overall experience shows
improvements by anticipating her needs. Hence, GUapp shows the list of
new jobs, the recommendations, or the chatbot at startup, based on the
user preferences.

5.2 The GUapp’s Architecture

Figure 5.1 sketched the GUapp’s architecture. We can find five main com-
ponents: the Orchestrator, the Chatbot, the Recommender System, the User

1All the documents are freely available online at https://www.gazzettaufficiale.it/
30giorni/concorsi
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Profiler, and the Crawler.

The Orchestrator is a hub for GUapp. It manages the interaction between
the different components of the system to satisfy the user’s requests. Hence,
for example, it invokes the recommender system when the user asks to re-
ceive a personalized list of job positions based on the information stored in
her profile.

The Chatbot is the component of GUapp which allows users to interact
through natural language powered by DialogFlow2. It performs two main
tasks: intent and entity recognition. The Intent Recognizer (IR) analyzes
the user’s request expressed in natural language and understands her goal.
That is a crucial step in identifying the back-end services to be invoked to
accomplish the request. For example, if the user writes I am looking for a new
job in Bari, the IR identifies as intent new job. Actually, at this stage, GUapp
is able to recognize three intents: welcome, new job, refine.

The intent welcome is automatically recognized when the user activates
the chatbot, which results in starting the conversation with a welcome mes-
sage from the agent. The new job intent is activated when the user sends a
message looking for a new job. Finally, refine is an intent activated when
the user adds new requirements to her previous request. For example, af-
ter the first message I am looking for a new job in Bari, the user might write I
prefer jobs at university. In that case, refine adds this new request to the user
request.

Once recognized the intent, the Entity Recognizer (ER) checks whether
the sentence contains mentions of real-world entities. ER is implemented
through DialogFlow as well. It adopts a fuzzy-matching strategy to iden-
tify entities in the user sentence. The set of entities is explicitly defined in
a vocabulary. In the case the match succeeds, the recognized entity is re-
turned. In the example above, the entity is Bari, a city in southern Italy.
Now, the entities in the vocabulary are related only to cities and job-place
categories (e.g., university, municipality).

The third component of the system is the User Profiler (UP). UP stores

2https://dialogflow.com/



82 Conversational Recommender

Figure 5.1: The GUapp’s Architecture

and updates information about user preferences and habits. The user pro-
file emerges by analyzing implicit and explicit feedback. As for the explicit
ones, users can bookmark job positions and give ”Like” feedback. Fur-
thermore, analyzing natural language messages sent by the user to GUapp
gathered further explicit feedback. Indeed, the user can refine the retrieved
list of relevant job positions as described above. Other significant sources
for getting user information are social networks, and more specifically,

LinkedIn3. Indeed, GUapp offers authentication by LinkedIn APIs. Thanks
to this integration, data from public information stored in the social net-
work feed the user profile in GUapp. GUapp is able to get information about
reachable cities and skills.

It is an effective strategy for addressing the cold-start problem. When
the user signs in to the app for the first time, her profile is empty (i.e., cold-
start situation). Thanks to the LinkedIn integration, GUapp can rank job calls
by exploiting information stored in the social profile.

As for the implicit signals, we measure how long users read articles in
the mobile app and from which view. Specifically, for each user, we record:
i) a list of open positions, ii) searches, and iii) recommendations.

The Recommender System is another core component of GUapp, fully de-
scribed in the following Section.

3https://www.linkedin.com/
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Figure 5.2: GUappWeb Site

Finally, GUapp implements a Crawler that daily extracts the job positions
from Gazzetta Ufficiale, the official journal of record of the Italian govern-
ment.

5.3 GUapp@work

As mentioned above, new job opportunities in public administration are
announced daily. Our back-end infrastructure crawls new public calls daily.
GUapp offers two kinds of UI: a Web Interface and an Android Application.
Let us consider a running example to explain how GUappworks.

Paolo is looking for a new job, and he visits the GUappWeb Site4. Figure
5.2 shows the home page. Here Paolo types Bari in the search box, and
he receives a list of open job positions located in Bari as shown in Figure
5.3. Calls are sorted in descending order of deadline, putting in the first
positions those that expire first. Paolo browses the list of retrieved calls,
but since the list is vast, he changes his query in the hope of better filtering
the results. Since he would find a job position in a health institution, Paolo
types as keywords healthcare job calls in Bari, which results in a more refined
list of open job positions. Paolo finds an exciting job call; thus, he clicks on

4https://guapp.sisinflab.poliba.it
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Details (i.e., Dettagli), and a new tab shows all the information published
for that job position and a link to the official document provided by the
recruiter.

Figure 5.3: Searching results in GUappWeb Site

The details include the job place, type, application deadline, and a sum-
mary. However, the selected call only partially satisfies Paolo. Thus he ex-
plores the Competitions (i.e., Concorsi) tab, which contains all the available
job calls provided by the Gazzetta Ufficiale. The GUappWeb Site can not help
Paolo find his job since it is an open-job-position search engine, which leads
Paolo to end his search hoping to find an interesting job call in the follow-
ing days. Some days later, Paolo visits the GUappWeb Site again, but he has
to start over his search since the website does not store his user profile and
previous interactions.

Let us now consider the interaction through the Android app. The sce-
nario is the same: Paolo is looking for a new job and launches the GUapp
Android application on his smartphone. GUapp asks Paolo’s credentials for
the login. Indeed, the main difference between the mobile app and the web-
site version is the capability of building a user profile. That is an excellent
advantage for the user since he can receive personalized services. Paolo
has two options: to create his account by providing an e-mail address and
password or to sign in through the LinkedIn account.
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(a) Recommendations (b) Chatbot

Figure 5.4: Screenshots of the Android application.

Paolo decides to sign in to the app through his LinkedIn account and
chooses the information to share with GUapp. He grants to GUapp permis-
sions for getting information on reachable locations and skills. Now, the
app’s primary view is a list of all job calls ordered by deadlines. Since
Paolo does not want to browse a massive amount of items provided by the
system, he selects the Recommendations (i.e., Suggeriti) view, which shows
a list of recommended open job positions computed on his preferences, as
depicted in Figure 5.4a. It is worth noting that the recommendation list is
also pushed daily to Paolo proactively. The application exploits data gath-
ered from LinkedIn to build the first list of recommendations. The list in-
cludes job calls whose location and requirements match Paolo’s approach-
able cities and skills from LinkedIn. Here Paolo browses the recommended
items that can potentially match his interests, and once he has found some
exciting job calls, he taps them to get more details. Hence, GUapp shows
more information for the selected job calls in a fashion remarkably similar
to the web app. Paolo now expresses his preferences by tapping the corre-
sponding like button for the calls deemed attractive. After Paolo rated all
the open job positions he is interested he selects the Favourite (i.e., Favoriti)
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view for marking the deadlines on his agenda.

GUapp implements also a conversational interface through a chatbot (Fig-
ure 5.4b). Accordingly, the user can dialog with GUapp, performing requests
in natural language. Users can ask for a job position in a given location or
say their preferences about a specific job opportunity by simply writing
natural language sentences. The main difference compared to the search
box is that the chatbot allows incrementally acquiring user preferences.
Hence, Paolo, still looking for a job, selects the GUapp Bot view. GUapp Bot
asks to exploit LinkedIn’s information for the current session. However,
Paolo ignores this option and sends the message I am looking for a job at uni-
versity. Hence, GUapp shows a ranked list of job calls. The GUapp behavior is
the same as the search box so far. However, Paolo can refine his request. He
writes Are their positions in Torino?. At this point, GUapp has new informa-
tion to refine the list of retrieved job positions. If Paolo wants to perform a
new search, he sends the message new search and can start over.

5.4 The Document-Based Recommender System be-
hind GUapp

The recommender system behind GUapp helps users find suitable job post-
ings among daily published daily. GUapp recommends jobs by analyzing
unstructured text that describes both requirements for the job application
and job duties.

We first perform a pre-processing step on the text, removing stop-words
from all the documents. Furthermore, words with a frequency greater than
95% and those that appear in the collection less than two times are re-
moved, given their low informative power. The vocabulary size is limited
to 1, 000 features (words). Thus, the final vocabulary V = [w1, . . . , wm] con-
tains the m top words in the collection, ordered by their term frequency in
the whole dataset. Each document d is represented in a Bag-of-Words ma-
trix R ∈ Nn×m where n denotes the number of documents, and m is the size
of V. Each entry rij ∈ R of the matrix is an integer counting the occurrences
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for the term wj in the document di.
Since we have no training data, the only option we can leverage to gen-

erate recommendations is to exploit Unsupervised Learning algorithms. We
decided to use topic modeling to build clusters of words. Each document
is then represented by all the topics t, each having a specific weight.

We adopted LDA [22] for topic modeling. It is a generative model that
finds groups of words that frequently appear together across different doc-
uments. It allows linking text in a document to specific topics. LDA builds
a topic per document Q and a word per topic P model, as shown in Figure 5.5.
The algorithm has only one hyperparameter k representing the number of
topics modeled. In GUapp, we empirically found that 10 is a good number
of prior topics in our setting.

Figure 5.5: Topic modeling with Latent Dirichlet Allocation.

Given n documents, m words, and k prior number of topics, we train the
model to predict: i) the distribution of words for each topic; ii) the distribu-
tion of topics for each document. LDA works by assigning a random topic
t to each document word. Iteratively, for each word w and each document
d, it computes p(t | d) as the proportion of words in d currently assigned
to t and p(w | t) as the proportion of word w assigned to the topic t over
the whole collection. Eventually, it reassigns each word w to a new topic,
using the probability that topic t generates word w, as

t(w) = p(t | d) · p(w | t)

In GUapp, we normalize the matrix Q, which represents the ”document
to topic” distribution so that topics for each row (document) range between
0 and 1. Since we want to recommend only open positions to which the
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user might want to apply, we filter out all expired documents from R and
compute the cosine similarity on the new matrix. For each topic, we select
the top 50 documents never rated by the user and rank them according
to their similarity score in the matrix. Records with a score equal to zero
are filtered out. Thus, we generate a top-50 recommendation list of job
positions for each user. It is noteworthy that, following [219], the topics of
the recommended documents have the same proportion of the user’s liked
topics.

5.5 Conclusion

This chapter presented a platform for searching for jobs in Italian public
administration. GUapp is composed of a recommender system that sug-
gests relevant jobs to the users and a mobile app client that allows users to
interact with the platform. One of the most exciting aspects of the mobile
version is the chatbot integration that makes the interaction more natural.
Indeed, preference elicitation becomes an incremental process, possibly re-
fining and improving user requests. Although very useful from a practi-
cal perspective, the entire ecosystem results be an ideal candidate for AB
tests related to user interactions and for the recommendation engine to be
adopted in similar scenarios.



6
Knowledge Graphs for leading Dia-
logues

GUapp is an ecosystem for job-postings search and recommendation for the
Italian public administration. Its main goal is to match user skills and re-
quests with job positions available on the Gazzetta Ufficiale website, of-
fering recommendation services in a conversational setting. We model
Guapp’s dialogues employing a domain-specific Knowledge Graph, which
improves the users’ natural language interaction with the app and the user
experience. Thanks to that, the search and recommendation process be-
comes incremental, and the user can dynamically provide her preferences
at each stage of the interaction. In this paper, we present GUapp and its
overall architecture, besides the functioning of the conversational agent
that dialogues with the user by exploiting a custom-designed Knowledge
Graph. We also show a running example that outlines how GUapp models
users and provides practical recommendations through natural language
conversations.

6.1 Introduction

We stated in the previous Chapter how information overload affects the
users’ digital experience when selecting a suitable item among a large set
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of alternatives, especially when searching for a new job. Moreover, job
calls have a limited period for applying. For this reason, it is crucial to look
for attractive job openings constantly. In this scenario, a system that only
allows searching by a query composed of relevant keywords can make this
task an ordeal for users.
GUapp offers a natural language-based interaction through a chatbot, al-

lowing the user to define her interests, describe her skills, and filter out
results that do not match her requirements. The system leverage the cold-
start issue and the possible lack of items to suggest with a Conversational
Agent. In addition, our system now interacts with users by exploiting
a domain-specific Knowledge Graph (KG). The GUapp KG is obtained by
merging some sub-graphs from state-of-the-art solutions like Dbpedia1 and
new triples generated from data scraped from external sources such as the
ISTAT2 website. From the latter, we have taken information about profes-
sion hierarchies and fields to which jobs belong.

Furthermore, we have built an ontology on which the retrieved facts
rely. This KG allows our system to search for new semantically linked user
preferences besides engaging in a negotiation phase when the proposed
calls do not match all the user requirements. By exploiting the KG rela-
tions, GUapp can search for jobs that do not perfectly suit the user’s pref-
erences but remain close to her interests. On this line, conversations can
reach a finer-grained level of detail on job aspects to recommend to users
and enhance their expressiveness.

6.2 The architecture

Figure 6.1 sketches the renewed GUapp’s architecture, composed of six main
components: the Orchestrator, the Chatbot, the Recommender System, the
User Profiler, the Crawler, and the Knowledge Graph.

The Orchestrator manages the interaction between the different compo-
nents of the system. For example, it invokes the RS when the user asks to

1https://www.dbpedia.org/
2https://www.istat.it/
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Figure 6.1: The GUapp’s Architecture and its flow of data.

receive a list of job positions based on the information stored in her pro-
file. In detail, this module leverages the overall data flow, selecting the
appropriate component to solve specific tasks. We will consider the case
where the Recommender System needs to start a negotiation phase with the
user. The Orchestrator will collect data semantically related to her profile
by querying the Knowledge Graph, exploited to find other items suitable
to the user.

The Chatbot is the component of GUapp which allows users to interact
through natural language, implemented by using DialogFlow3, a Google
platform for designing and integrating conversational user interfaces. For
this purpose, the chatbot is equipped with an Intent Recognizer and an En-
tity Recognizer, allowing the system to understand several user requests
and retrieve her essential data for the recommending task. That is a crucial
step in identifying the back-end services to be invoked to accomplish the
request. TheIntent Recognizer analyzes the natural language request search-
ing for specific goals such as collecting the user preferences, providing new
job recommendations, or negotiating with the user. The Entity Recognizer
checks whether the sentence contains mentions of real-world entities. It
also exploits Dialogflow, and the KG entities power it. It adopts a fuzzy-

3https://dialogflow.com/



92 Knowledge Graphs for leading Dialogues

matching strategy to identify real-world entities in the user sentence. In the
case the match succeeds, the recognized entity is returned.

The User Profiler instead collects all the users’ preferences. In detail,
we store all the data they provide during conversations, like favorite job
locations, professions, etc. When the user signs into the app for the first
time, her profile is empty (i.e., cold-start situation), but thanks to the chatbot,
the user talks with GUapp about her skills, wishes, and ambitions. Then
the system can rank job calls by exploiting the provided information. The
User Profile is actively updated to the new user inputs, guaranteeing the
recommendations be adaptive.

The Recommender System is another core component of GUapp. It ex-
ploits an Elasticsearch4 index, which stores all the information scraped by
the Crawler enriched with all the linked entities of our KG. In particular,
for each job call, we automatically search for mentions of the KG entities
or the ontological categories. The Elasticsearch documents will store the
entity/category label related to each discovered mention with a confidence
score, estimated with the BM25 algorithm, showing how reliable the label-
ing process outcomes are. The recommendations will be the job call closest
to the user preferences with the highest confidence score.

The central intuition behind this model is to make dialogues as interac-
tive and efficient as possible, allowing the system to negotiate with users
whether results do not entirely match their preferences.

To be updated with all new jobs that the market offers, GUapp imple-
ments a Crawler that daily extracts the job positions from Gazzetta Ufficiale,
the official journal of record of the Italian government. It directly communi-
cates with the Orchestrator to store all the obtained data in the Elasticsearch
instance as new documents.

Finally, we have provided the system a domain-specific Knowledge Graph
built upon several sources, like Dbpedia and the ISTAT website, as stated
before. The latter identifies a collection of raw data not in KG form. Conse-
quently, we have modeled a new Ontology on which the overall KG can rely.

4https://www.elasticsearch.com
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It defines relations and hierarchies about professions, competencies, loca-
tions, and so forth, and it wisely integrates the essential information with
the already structured ones. It allows GUapp to be highly knowledgeable
about job features crucial for the recommendation task. It also enables the
chatbot to leverage fine-grained conversations and negotiations with users.
To make the system more specialized in the job-opening domain, we plan
to enrich our KG with further facts related to the job calls and positions
recommendation.

6.3 Building the Knowledge Sources

The more detailed the features of items of a data collection, the higher the
accuracy of the recommendations provided by the system. Following this
intuition and given the conversational configuration of GUapp, we found
owning a well-structured source of information an essential requisite. The
system can provide more fine-grained recommendations using a knowl-
edge source that defines aspects users evaluate to match their interests. For
instance, job location and profession that a person could cover represent
two main features that people consider while seeking a new job. At the
same time, skills and experiences are crucial information to retrieve the
most proper job position for the user. Employing a Knowledge Graph fur-
ther allows the system to build semantically explicit user profiles. That
results in highly interpretable recommendations, besides leading efficient
negotiations in case no item satisfies all the user requirements.

On this line, we opted to enrich GUapp with a collection of Linked
Open Data (LOD), suitable for the job recommendation task, since their
availability in structured non-proprietary formats under an open license.
Unfortunately, no KG and Ontologies are already available that outline
the hierarchies of job professions and their belonging fields. Accordingly,
we have started to implement a new LOD resource that perfectly fits the
GUapp intents, besides being also available for other related purposes. To
the best of our knowledge, the GUapp KG identifies the first attempt to
structure relations between professions and their application fields under
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the guidelines of the LOD protocols. Moreover, it also integrates all the data
related to the job recommending task obtained from other state-of-the-art
solutions, like cities, regions, and countries provided by Dbpedia.

We first collected all the RDF statements about locations from the Db-
pedia project and the associated ontology to create a complete and consis-
tent KG for this work. For this purpose, we have exploited the OpenLink
Virtuoso5, a Dbpedia SPARQL endpoint that allowed us to perform dif-
ferent SPARQL queries to collect the related data. Regarding professions
and application fields, we opted to create a new ontology from scratch, as-
sembling this information from highly reliable sources. The ISTAT website,
managed by an Italian research institute for statistics, totally accomplishes
this requirement. It stored a complete hierarchy of professions organized
for sectors, application fields, and services in a tree data structure navi-
gable through web pages for each position. For example, at the higher
level, we can find distinctions between intellectual, technical, and office
jobs; descending into the graph, we identify groups like scientific, health,
and managing positions. This taxonomy reflects what the GUapp ontology
asserts about professions. The leaves of the ISTAT tree describe all the jobs
currently recognized in our society, like computer scientists and computer
engineers, which compose some of the GUapp KG facts.

All these data are automatically retrieved from the previously men-
tioned website exploiting the Crawler routines. They not only collect all
the job calls of the day, but they also scrape all the information that popu-
lates the KG. Then, we generate an owl file for the GUapp ontology, and all
the RDF triples form the KG. For instance, the Computer Engineer profile
belongs to the GUapp class Electronic Engineer, a subclass of Engineer-
ing, and the higher Intellectual and highly specialized Scientific profession
class. These facts integrate those obtained from Dbpedia and form the over-
all GUapp KG. Currently, our KG is limited to the Italian language and has
data restricted to professions, fields, and locations. Nevertheless, thanks to
its semantic structure, we plan to expand it by adding several languages

5https://dbpedia.org/sparql/
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besides including other job position features like user skills and goals.

Our system relies on this knowledge source mainly for implementing
two functionalities. The first one is the labeling phase of the crawled dataset
that makes the recommendation possible. In detail, the job calls retrieved
by the Crawler are unstructured text, so we found it necessary to index the
documents on a search engine like Elasticsearch. Looking for the KG la-
bels in each job call, we enriched all the collected texts with the GUapp
linked entities, which helps perform recommendations given the users’
preferences. Instead, the second functionality allows the system to perform
preference elicitation and negotiation steps during a conversation. Led by
the GUapp KG entities and categories, our conversational agent realizes
dialogues deeply related to the recommendation domain. It also grants to
manage two highly felt issues in the RecSys community, like the cold start
problem and the absence of items to suggest.

6.4 Recommending Jobs through Dialogues

Figure 6.2: An example of Ontology driven negotiation. The messages in
blue refer to the recommendations provided by the agent. The message in
orange is the one that triggers the backward process in the ontology. Blue
nodes in the ontology are the classes associated to the job proposals, while
orange nodes are those explored in the negotiation phase.
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This section presents an example of an ontology-driven conversation
with details about how the knowledge base and the ontology handle the
negotiation. Given the conversational nature of the system, a preliminary
step for preference elicitation is needed. In this phase, the agent asks the
user about her preferences. In particular, it asks about the geographical
area and the field of interest. This first conversation phase follows a well-
defined dialogue flow. Let us consider a scenario in which Claudio, a user
who graduated as Computer Engineer, is looking for jobs in the computer
engineering field. Therefore, he visits the GUapp website and finds the
section related to the conversational agent. After a standard welcome mes-
sage, the agent asks for the geographical area suitable for Claudio. In this
case, Claudio writes that he is interested in working in Rome. The second
crucial question that the agent asks Claudio is about the job position he
would like to cover. He answers by stating that he is interested in a job
as Computer Engineer. At this point, the agent tries to map Claudio’s re-
sponses to entities and classes in the KG. In this particular case, the agent
understands that Claudio is interested in a jobs proposal in Rome (linked to
the entity gpr:roma) regarding a position of computer engineer (which refers
to the ontological class gpo:computerEngineer). As a result, by exploiting the
Elasticsearch index, the agent starts searching for jobs that match Claudio’s
requirements and creates a list of possible recommendations that perfectly
match his preferences. The proposals are ranked based on the relevance
score described in Section 6.2. Therefore, the agent provides only the first
job proposals in the ranked list to not negatively impact the user experi-
ence. If Claudio asks for more results, the agent will explore the ranked
list to provide other possible recommendations until he is satisfied or no
more job proposal is available. If Claudio finds an exciting job call, the in-
teraction ends. Otherwise, the scenario is more interesting since the agent
cannot provide other solutions that perfectly match the user’s needs. In
that case, the agent needs more information to understand if the user is
willing to travel or how flexible she is for the place. We refer to this phase
as negotiation. Figure 6.2 shows an example of the agent’s behavior in the
negotiation and how it exploits the ontology for predicting other possible
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recommendations. At the end of the preference elicitation phase shown in
the previous example, the agent creates a ranked list of possible job rec-
ommendations in the computer engineering field in Rome. Thus it pro-
vides Claudio the first result, which is a job offer as a researcher offered
by the University La Sapienza that is an instance of the Computer Engineer-
ing class in ontology. Let us assume that Claudio does not find the job
proposal interesting and asks for more results. For the sake of simplicity,
we assume that no more alternatives are available. To provide other solu-
tions, the agent needs more information about Claudio. In particular, since
there could be possible job offers in slightly different fields, it asks about
the user’s flexibility concerning the job place. Following the example, the
agent asks Claudio ”I can recommend similar jobs in slightly different fields.
How are you flexible in this sense?”. The agent maps Claudio’s answer to the
number of edges it could navigate backward in the ontology. For instance,
if Claudio answers ”Not so much”, it means that he is not interested in jobs
that differ too much from the field he proposed previously. For this reason,
the answer is mapped to a maximum of 2 backward hops in the ontology.
In case Claudio replies with ”Quite flexible”, the agent maps the answer to
three backward hops. This mapping has been empirically defined. Since
our ontology is composed of 6 levels, two backward hops allow the sys-
tem to provide job recommendations that belong to a similar domain as the
previous ones. In this sense, the agents navigate backward the ontology
starting from the class gpo:computerEngineer and reaching the parent node
gpo:electronicEngineeringAndTLC. Starting from the inner node, reached af-
ter the backward phase, we get the leaves of the sub-tree with a forward
step. Following the example, the agent reaches the leaf gpo:electricalEngineer
that, for simplicity, is the only node in the current sub-tree associated with
possible job offers in Rome. Also, in this case, it creates a ranked list follow-
ing the same approach described previously and provides the user with the
most relevant alternatives.

Another possible scenario in which the same method works is the fol-
lowing. Assuming that, during the negotiation phase, the user answers that
she does not want the system to search for similar jobs or areas of work. In
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this case, the agent will ask if the user is willing to travel, and according
to the answer, it will provide job proposals more or less distant from the
original request. Since the KB holds all the information about geographical
entities, it allows the system to navigate the graph and find possible job
offers in the same geographical area.

6.5 Conclusion

In this chapter, we presented GUapp, a platform searching for jobs in Italian
public administration. We have outlined the architecture designed to make
the job recommendation task possible in a conversational setting, besides
describing the overall structure of the GUapp KG and its ontology. Thanks
to that, GUapp consists of a recommender system that suggests relevant jobs
to the users. One of the most exciting aspects is integrating a KG that helps
drive the dialogue, making the interaction more natural and pushed at a
finer-grained level. Indeed, the preference elicitation becomes incremental,
possibly refining and improving the user requests.



7
Knowledge Graphs for Natural Lan-
guage

The advent of pretrained language has renovated the ways of handling nat-
ural languages, improving the quality of systems that rely on them. BERT
played a crucial role in revolutionizing the Natural Language Processing
(NLP) area. However, the deep learning framework it implements lacks
interpretability. Thus, recent research efforts aimed to explain what BERT
learns from the text sources exploited to pre-train its linguistic model. This
chapter analyzes the latent vector space resulting from the BERT context-
aware word embeddings. We focus on assessing whether regions of the
BERT vector space hold an explicit meaning attributable to a Knowledge
Graph (KG). First, we demonstrate the existence of explicitly meaningful
areas through the Link Prediction (LP) task. Then, we prove these re-
gions are linked to explicit ontology concepts of a KG by learning classi-
fication patterns. This work represents the first attempt at interpreting the
BERT learned linguistic knowledge through a KG relying on its pretrained
context-aware word embeddings.
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7.1 Introduction

Natural Language Processing (NLP) has experienced radical changes in its
paradigms. Large amounts of linguistic data have promoted deep learning
models to learn textual data representations at the expense of hand-crafted
feature engineering approaches. This led to the design of highly successful
architectures in implementing language models (i.e., Benjo et al. [17], and
Mikolow et al. [150]). The growing interest of the research community, in
parallel with the development of deep learning, has contributed to the ex-
plosion of a massive variety of NLP models to accomplish the most diverse
applications [83]. The work of Vaswani et al. [232] stood out for its perfor-
mance in solving the sequence transduction task with Transformers. Delvin
et al. [52] got inspired by both this architecture and the gain in popularity
of the pre-training and fine-tuning formula recorded in those years [153].
They proposed Bidirectional Encoder Representations from Transformers
(BERT), which draw a turning point in the state-of-the-art NLP. Unlike the
earlier proposed pre-trained language models [173, 87, 189], BERT imple-
ments a masked paradigm based on the Cloze task [224] and a next sen-
tence prediction assignment to pre-train its language model. Such configu-
ration, once fine-tuned, allowed BERT to achieve competitive performances
on multiple benchmarks (e.g., GLUE [239], and SQuAD [195, 194]), which
triggered the generation of many BERT variants to improve the resolution
of the most popular NLP-based tasks.

Xia et al. [258] collected all the BERT implementations in five areas of
progress. Four of them own the most published works on modifying BERT
to reach specific goals, i.e., improving the language model acting on the
pre-training objectives or data, the model efficiency, and the multilingual
ability. In contrast, the fifth field on interpretability holds fewer works, re-
flecting the non-trivial task of interpreting such a sophisticated framework.
Nevertheless, recent trends in published papers show an increasing interest
in this topic. Many jobs inspect the model through attention heads [234, 38,
206, 95, 246], fine-tune it to solve interpretable tasks [121], or even modify
the pre-training procedure for the same goals [225, 257].
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On the other hand, only a minority poses questions on the semantic
space conformations resulting from BERT. Some of them rely on classifiers
to assess held information about the Entity-Linking [27], entity category
clustering [45], and link prediction [176] tasks, which provide insights into
the BERT learned knowledge. However, these solutions require authors to
modify the embedding representations or target a multiclassification job.
Thus, they are more proper to consider which information BERT learns to
distinguish the embeddings rather than providing data on the properties of
their space. Conversely, Ethayarajh [57] first studies the BERT latent space
properties by comparing the cosine similarity between contextualized pre-
trained BERT word embeddings. These word representations result from
feeding BERT with words enclosed in contextual sentences without fine-
tuning it. From this point, we will refer to this type of embedding simply
as BERT embeddings. Ethayarajh states that BERT vector representations
are anisotropic concerning their direction, forming groups in narrow cones.
In this work, we aim to answer the following research questions:

• R1: Does BERT generate a latent semantic space holding information
about knowledge with explicit semantics?

• R2: Can we learn functions to automatically detect precise knowledge
graph concepts from the BERT latent space?

The study aims to investigate the BERT embedding space, looking for mean-
ingful regions about explicit concepts and their edges. We rely on knowl-
edge graphs (KGs) that connect entities via directed edges with exact se-
mantics (relations), serialized via a set of triples subject-predicate-object
where subject and objects represent unambiguous entities with a unique
identifier. Given a KG, we first compare the behaviors of the BERT em-
beddings with several types of KG embeddings through Link Prediction
(LP). Our intuition is that similarities between the two types of embed-
dings highlight that the BERT space contains the inherent structure of the
KG. Also, they reflect the BERT embeddings holding explicit semantic in-
formation that depends on their position, thus areas that affect such infor-
mation (i.e., a topology). We prove this property leads to exact KG concepts
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(i.e., ontological classes). We learn patterns on BERT embeddings through
several classifiers, one for each KG ontological category. Differently from
a single classifier trained on a multi-classification task, individual binary
classifiers extract feature patterns that uniquely identify each concept in-
stead of checking BERT embedding differences for the assignment task. In
other words, binary classifiers model regions in the BERT space that refer to
the ontological categories. In contrast, the multi-classifier learns which fea-
tures distinguish the word representations among the finite set of concepts,
discarding the existence of other classes or the simultaneous belonging to
multiple categories.

As the main contribution, we prove that BERT embeddings already pos-
sess information about the structure of a KG without needing any fine-
tuning processes or architectural changes. We demonstrate that inner spa-
tial properties of the BERT vector space allow inferring explicit KG con-
cepts. Extensive experiments support our findings.

7.2 Methodology

The first goal we address is to prove the existence of explicit semantics
behind the latent space resulting from BERT embeddings. BERT represen-
tations encode syntactic and hierarchical information (e.g., parts of speech,
syntactic functions, subject-predicate agreements). Also, they are aware of
semantic roles, entity types, and relations derived from linguistic knowl-
edge [200]. However, the BERT vector space is mostly unexplored. We
learn that the BERT space is anisotropic from [57]. Instead, Dalvi et al. [45]
show that BERT embeddings can be grouped according to interpretable,
but not explicit concepts. Thus, recent literature does not let us assert that
the BERT space contains precise semantics.

Our approach analyzes similarities of the BERT embeddings with stan-
dard KG embeddings in solving the LP task. In detail, KG embeddings en-
code explicit semantics of a KG into a continuous vector space preserving
its inherent structure [240]. At the same time, the LP focuses on predict-
ing the correctness of unseen triplets (i.e., subject-predicate-object), which
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also identifies a way to test the learning of a KG structure [228]. Thus, test-
ing BERT embeddings with the LP will give further insights into the clear
semantic information and the KG structure they may hold. To make our
study significant, we lead our analysis under the following assumptions:

1. The BERT embeddings result from the BERT vanilla pre-trained model;

2. KG embeddings come out of training where both the subject and the
object entities of a subject-predicate-object triple in a KG share the
same vector space;

3. All the embeddings possess the same dimension.

Assumption (1) allows us to evaluate the intrinsic capability of BERT to
encode explicit semantic information in its pre-trained language model,
thus making deductions on its derived latent space. Fine-tuning proce-
dures may specialize information held by BERT, affecting our study’s gen-
erality. Therefore, we do not use variants like KG-BERT [266] or the one
proposed by Petroni et al. [176] since they modify the pre-trained language
model or fine-tune BERT. The last two assumptions make the comparisons
between the BERT embeddings and the KG embeddings significant. On the
one hand, with belief (2), we are interested in investigating only the vector
space resulting from BERT; thus, KG embeddings and LP methods that re-
quire a space transformation or additional support spaces are out of our
scope. On the other hand, constraint (3) places the examined embeddings
on equal terms.

Given a KG, we compute the BERT embeddings on its entities. Since the
most effective BERT representations in a semantic task are context-aware,
we feed the BERT model with the entity label plus a related context. In par-
ticular, we compose sentences in the form of ”label + be + abstract” for each
KG entity. Then, we gain the contextualized BERT representation from the
last hidden units that refers to the label. We do not make any assumptions
about the granularity of the entity labels. Indeed, BERT operates on the
WordPiece [255] segmentation of the input on a sub-word level, mainly to
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avoid the mismatch vocabulary issue. Hence, each BERT hidden units rep-
resent single sub-words. The BERT embedding of the label results from
aggregating its sub-word hidden units, which can belong to one or more
words.

More precisely, let w be a word made of a set of WordPiece tokens t
s.t. w = [t1, t2, ..., tn] and l be the entity label, which may have one o more
words s.t. l = [w1, w2, ...wm]. Thus, we refer with tji to the i-th WordPiece
token of the j-th word, with 1 ≤ i ≤ n and 1 ≤ j ≤ m. Given the BERT
hidden unit h, the BERT embedding of a WordPiece token t results from
hs(t), including the contextual information derived from the whole input
sentence s. Therefore, hs(tji) identifies the BERT embedding for the i-th
WrodPiece token of the j-th word. In our approach, we denote with b the
single word be and with c the set of d words composing the entity abstract.
Thus, we can refer to the input we give to BERT for encoding each entity
with s = l + b + c . Referring with wl and tl respectively to words and
WordPiece tokens that belong to the entity label l, given an aggregating
function f , the BERT embedding of an entity e derives from the aggregation
of the WordPiece tokens embeddings of each word belonging to its label s.t.
e = f (hs(tl

ji)).

Once we encoded all the KG entities, we learned the relation embed-
dings over their entity BERT embeddings through existing LP models. We
have chosen not to use BERT embeddings for relations as they differ from
entities as semantic components. In an anisotropic space, such represen-
tations would depend on entities and relations directions. This way, we
avoid assuming that relationships and entities have similar properties or
analogous elements. To accomplish requirement (2), we opt for three well-
established LP models such as TransE [25], TransH [243], and DistMult
[262]. TransE is a translational distance model defining entities and rela-
tions as vectors in the same space. Given a KG fact (h, r, t), the relation is
interpreted as a translation vector r so that the embedded entities h and t
can be connected with h + r ≈ t. Similarly, TransH follows the intuition
of TransE by introducing relation-specific hyperplanes defined by the nor-
mal vector wr. Therefore, we have to first project the entity representations
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h and t onto the hyperplane to have their connection: h⊥ = h − wT
r hwr,

t⊥ = t − wT
r twr. Instead, DistMult represents each relation as a diago-

nal matrix Mr = diag(r) modeling pairwise interactions between com-
ponents of h and t along the same dimensions with a scoring function:
fr(h, t) = hTdiag(r)t. We apply these models directly to the BERT em-
beddings of the KG entities to infer their relations according to the KG
structure. The BERT embeddings used for the entities remain fixed dur-
ing the whole training process. Since the LP models encode the KG explicit
semantics in the resulting KG embeddings, similarities of performances on
the LP task for the KG embeddings and the BERT ones answer our research
question R1 in Section 7.1.

The second objective is to assess whether the BERT space’s properties
enable the detection of precise KG concepts. To find those BERT space
properties, we train several binary classifiers to detect if the BERT embed-
ding of an entity belongs to an ontological class. We design each classi-
fier to recognize a single concept, implementing one classifier for each KG
class. In detail, this type of classifier will learn patterns from the BERT rep-
resentations related to the concerned ontological concept. These classifiers
know no other class than their own. Thus, they focus only on the input fea-
tures (i.e., BERT embeddings) that allow deriving their class. These feature
properties can then be extended to the whole embedding space. Reaching
high test performances on each classifier answers to research question R2
in Section 7.1.

7.3 Semantic Analysis

This section provides the detailed configuration of the experiments that led
to our analysis of the BERT space. We explore its inner properties through
the embeddings computed by the pre-trained language model of the BERT-
Base-cased. We investigate the cased version since we believe cased words
enclose a different semantic than uncased ones.

We use Freebase (FB15k-237) [227] as the benchmark dataset to imple-
ment LP over the BERT embeddings. The central intuition here is that BERT
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already contains Freebase explicit semantics since it was pre-trained on the
English Wikipedia corpus that gives birth to Freebase. Since we need to
feed BERT with sentences formed concatenating the label, the verb be, and
the abstract for each entity, we discard from the FB15k-237 all the entities
with no label or abstract in their Wikidata mapping1. Thus, we obtain an
FB15K-237 subset by removing the facts related to the discarded entities,
and we call it FB15K-237-Desc. It contains 266,263 facts over 13,667 entities
compared to FB15K-237, which has 310,116 facts over 14,541. For complete-
ness, we also compute separated entities’ BERT representations by feeding
the BERT model with only entity labels. These embeddings will benchmark
the utility of the context for BERT in positioning them into the most appro-
priate space region. In both cases, the aggregation of the hidden units of
the WordPiece tokens referring to the entities takes place through the arith-
metic mean function.

7.3.1 Link Prediction and Semantics

Once we have computed the two BERT representations for all the FB15K-
237-Desc entities, respectively BL (i.e., BERT Label) and BD (i.e., BERT
Desc), we start the LP task in three configurations. The first one computes
the standard KG embedding of TransE, TransH, and DistMult to compose
our baselines. We need to recompute their performance to accomplish re-
quirement (3) since their embedding size is 768. The second setting learns
the relation embeddings over the BL entity representations, enabling the
evaluation of the LP over the BL entity embeddings. The last scenario dif-
fers in the computation of the BERT entity embeddings through contextu-
alized sentences (BD). All the configurations have their models trained on
FB15K-237-Desc, split into 80%-10%-10% to generate the train, evaluation,
and test sets. The training procedure follows the minibatch mode over the
raw and filtered negative sampling proposed by Bordes et al. [25].

We used the grid search with early stopping to select the hyperparam-
eters leading to the best performance in each configuration. The batch size

1https://developers.google.com/freebase/
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Raw Filtered
MR hit@10 hit@5 MR hit@10 hit@5

TransE 305.32 33.15 24.48 177.86 45.94 37.19
TransH 412.73 29.74 21.39 271.88 40.98 32.39
DistMult 395.48 25.46 17.30 281.00 33.79 24.84
TransEBL 866.47 21.30 15.88 773.43 25.03 19.56
TransHBL 968.67 20.98 15.88 875.44 24.54 19.62
DistMultBL 847.86* 19.84* 14.61* 753.46* 23.76* 18.09*
TransEBD 604.83 23.26 17.04 508.40 28.68 22.15
TransHBD 702.62 20.62 15.49 609.64 24.84 19.01
DistMultBD 560.64* 21.31* 15.60* 467.01* 26.11* 19.83*

Table 7.1: Evaluation results of the LP task through the standard, BERT label (BL)
and BERT description (BD) embeddings of TransE, TransH and DistMult. In bold,
the best achieved results over the three configurations. The asterisks mark the BL
and BD results closest to those of the standard model. The underlined outcomes
highlight those values most relative to the best results.

has a value fixed to 1200 while the margin value γ can assume values
among (1, 2, 10) for TransE, (0.25, 0.5, 1, 2) for TransH, and (0.001, 0.005,
0.01) for DistMult. In addition, TransH has its soft constraint weight se-
lected among (0.015625, 0.0625, 0.25, 1), and TransE has its distance func-
tion tested between L1 and L2. TransE and TransH were trained with
stochastic gradient descent (SGD) in the first LP configuration, while they
exploited the Adam optimizer in the remaining two settings. DitsMult in-
stead uses the AdaGrad optimizer in each LP scenario. We adopt the Mean
Rank (MR) and the hit@n (i.e., hit@10 and hit@5) metrics to assess the LP
performances. Table 7.1 resumes the results we achieved.

Surprisingly, the standard TransE reaches the best results in each con-
figuration. This outcome derives from its known ability to catch the KG
geometrical properties. In contrast, TransH and DistMult collect more se-
mantic information, which can behave like noises given the different em-
bedding dimensionality. The BL embeddings instead obtain the worst per-
formances as we expected, further proving the importance of the context
in correctly positioning the BERT representations in its vector space. The
last configuration gives the most exciting results. Albeit maintaining the
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same behaviors of the models, TransE over the BD embeddings gets com-
parable results with the standard DistMult model. This finding shows that
we can infer meaningful explicit semantics by referring to the BERT em-
beddings’ relevant properties (i.e., specific space dimensions). Therefore,
we can say that the BERT space intrinsically contains a KG structure and
precise semantics.

7.3.2 Ontological Analysis

The second experiment trains binary classifiers for each KG ontological
class to detect whether a BERT embedding belongs to a specific category.
Thus, we first retrieve from the Wikidata mapping all the entities’ onto-
logical classes through their instanceOf property, discarding those having
no label or category. Since it contains more entities than its smaller coun-
terpart, we use the FB15K [25] and limit our observations to those classes
with enough entities to train meaningful classifiers. Hence, we obtain 20
categories with 9,258 entities distributed as in Figure 7.1.

human: 40.5%

film: 15.3%football club: 5.7%

big city: 5.5%

U.S. city: 4.3%

city: 3.2%

music genre: 2.9%

county seat: 2.8%

university: 2.4%

state: 2.1%

tv series: 2.0%

pv edu inst: 1.8%

country: 1.8%

pb edu inst: 1.7%

million city: 1.6%

business: 1.4%

record label: 1.3%

class of award: 1.3%

capital: 1.2%

Figure 7.1: Distribution of the FB15K entities among the Wikidata ontological
classes.



7.3. Semantic Analysis 109

Acc. (%) P (%) R (%) F1 (%) Supp. (#)
human 99.95 100 99.88 99.94 866
film 99.14 95.33 100 97.61 327
football club 99.78 96.82 100 98.39 122
big city 94.06 50.46 97.32 66.46 112
U.S. city 98.49 76.47 100 86.67 91
city 95.30 43.05 98.48 59.91 66
music genre 99.84 95.38 100 97.64 62
county seat 96.76 50 100 66.67 60
university 95.65 45.04 98.04 61.73 51
state 99.19 75.43 97.73 85.15 44
tv series 93.84 26.62 97.62 41.83 42
pv edu Inst 95.79 33.34 100 50 39
country 99.46 80 100 88.89 40
pb edu Inst 97.35 42.23 100 59.50 36
million city 94.60 23.08 100 37.50 30
business 95.63 26.36 100 41.73 23
record label 97.03 33.73 100 50.45 28
class of award 99.62 80 100 88.89 28
capital 94.55 18.70 95.83 31.29 24
o.a. publisher 95.46 21.70 95.84 35.38 24

Table 7.2: Evaluation results of the binary classifiers trained on each Wikidata
category. In bold, the classifier’s best results.

It is worth noting how classes like city, big city and US city can group into
a single category. However, we first split the overall dataset into 80%-10%-
10% to generate the train, validation, and test set. In this manner, we avoid
classifiers knowing the entity class from the training set during their test.
In addition, we perform this partition, maintaining the same distribution
of classes. Then, for each category, we select from the train set all those
samples that belong to the related classifier category. We added an equal
amount of entities from other classes to have the train set balanced. We
model each classifier as a feedforward neural network with a single hid-
den layer of 300 units that uses the ReLU activation function and the Adam
optimizer. We evaluate the classifiers’ performances through their accu-
racy, precision, recall, and F1 measure. Table 7.2 resumes the results of
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each model and gives data about the positive output for each class through
support.

As we can see, all the classifiers reach a high value of accuracy, among
which the performance of the human classifier emerges. We explain these
outcomes since the human classifier possesses most of the KG data sup-
porting its modeling. Moreover, the human category identifies the most
unambiguous class of the dataset, making it easy for its classifier to recog-
nize its entities. Conversely, classes like city, big city, and US city have their
classifier reaching low precision values despite their high recall. This result
mainly depends on how these categories actually identify a single one. In-
deed, the high recall highlights that the classifiers recognize all the positive
samples of that class. At the same time, the low precision shows that they
also identify other entities as belonging to that group. Therefore, We can
infer that the BERT embeddings contain precise information that leads to
explicit ontological classes, which can be extended to the spatial properties
of the BERT vector space.

7.4 Conclusion

We have analyzed the latent vector space resulting from the BERT context-
aware word embeddings, assessing whether the BERT vector space regions
hold explicit semantics attributable to Knowledge Graphs (KGs). We have
demonstrated the existence of explicitly meaningful areas exploiting the
traits of the Link Prediction task. Then, we show these regions lead to ex-
plicit ontology concepts of a KG by learning classification patterns over the
BERT embeddings. No previous works attempted interpreting the BERT
learned linguistic knowledge through a Knowledge Graph.



8
Conclusion

This thesis presented a detailed analysis of Conversational Agents, focus-
ing on their interactivity and elucidating the advantages that Knowledge
Graphs convey to the conversation and understanding skills of such sys-
tems. This three-year work was characterized by an in-depth study of the
vast panorama that describes the Conversational Agent, which allows us
to propose innovative and practical solutions to the topic discussed so far.

In Chapter 3, we performed a literature review about Interactive Ques-
tion Answering systems, which delivered fundamental concepts regarding
Conversational Agents and the recently adopted implementations for high-
performer interactive tools.

Secondly, in Chapter 4, we established a new approach based on Aspect-
Based Sentiment Analysis that brought information gain to the sentiment-
based application compared to the semantic one. Here, we proposed a
sentiment-based text representation that enriched the interactivity of any
systems relying on Natural Language Processing techniques.

We confirmed the usefulness of conversational techniques in Chapter 5
through the comparative study of a domain-oriented Recommender Sys-
tem, modeling the Conversational Recommender System GUapp.

We finally moved to study the potential offered by Knowledge Graphs
in Chapters 6 and 7. Specifically, in Chapter 6, we equipped the Conver-
sational Recommender System GUapp with a knowledge-aware dialogue
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generator module, stating their efficiency in leading meaningful conversa-
tions for the job recommendation task.

Then, in Chapter 7, we assessed the intrinsic existence of a Knowledge
Graph semantic in the BERT Masked Language Model. Our findings led
to an improved generalization and understanding ability of systems that
handle human languages, i.e., Conversational Agents.

Taken together, the research contributions presented in this dissertation
enlightened new paths and methods that lead to general improvements of
Conversational Agents, which are still far to be highly performant. We also
outlined the limitations of our research findings that can inspire additional
research in the topic aiming at more human-like and more intelligent chat-
bots. We hope that the content of this dissertation will serve as a beacon for
future research in unveiling more accurate understanding and interaction
abilities of Conversational Agents.
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