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Abstract

In recent years the use of neural-based models trained on just textual data for
specific tasks has become the go-to option in Natural Language Processing, both
in academia and the industry. While these models show good results in specific
frameworks, they present several issues, particularly in relation to data and model
maintenance. These issues are made all the more difficult to solve given the in-
herent black-box aspect of neural models, which makes them particularly difficult
to improve and update.
With regards to natural language understanding, an alternative to the textual-
distributional representation implemented by neural models is represented by the
use of structural, symbolic forms of representation for natural language utterances.
These models are easier to implement and generally less data-hungry than neural
frameworks, and can be implemented on top of neural models in order to solve
some of their issues.
This work shows the implementation of such symbolic representation, in partic-
ular by implementing graph-based knowledge representation in three main tasks:
semantic enrichment, relation extraction and question answering.
In particular, such representations are shown to be useful in connecting differ-
ent sources of knowledge, namely texts and knowledge graphs available on the
Web. By doing so, inherent contextual information extracted from texts can be
integrated with common-sense and domain-specific knowledge in an explicit way.
This is also beneficial since it creates an interpretable area that can act as a buffer
against the black-box nature of neural models.
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Preface

This thesis is the result of a three-year PhD Project developed in the Unior NLP
Research Group at the University of Napoli "L’Orientale", Department of Liter-
ary, Linguistic and Comparative Studies.
This project has first and foremost been accompanied by two crucial periods
abroad. The first one spanned from 01/12/2019 to 11/03/2020 and was spent at
the Adapt Centre, in Dublin City University as part of the Erasmus+ Traineeship,
under the supervision of two researchers, Eva Vanmassenhove and Guodong Xie.
During this period, several techniques and research methods have been investi-
gated, in particular in relation to the training and evaluation of neural models.
A second period abroad was spent at the University of Bielefeld, under the su-
pervision of professor Philipp Cimiano (Semantic Computing Group), where the
research project and the structure of the present work has been refined. Further-
more, this period abroad allowed for the definition of future projects regarding the
use of graph-based structures for natural language understanding.

Projects & Collaborations The PhD period saw the involvement in several
projects. While most of them are described in the present thesis as related to
the general topic of natural language representation, several other collaborations
have been carried out in other fields as well.
The first one of these collaborations is Spotto-IT1, a project focusing on the inves-
tigation of university students’ speech, in particular during the lockdown period
in Italy due to COVID-19 policies. In the course of this project, I was involved
with the recollection, maintenance and visualization of the data.

Similarly, I was involved in the generation of the ITAGlam corpus2, a collec-
tion of tweets published by Italian Galleries, Libraries, Archives and Museums

1https://sites.google.com/view/unior-nlp-research-group/blog#h.hwo5hl36r7dg
2https://www.sites.google.com/view/unior-nlp-research-group/glob#h.ecyhi53zqlz
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(GLAMs), during the lockdown period in Italy. This corpus is annotated accord-
ing to communication strategies.

Finally, I was involved in the "VICINA" project3, a virtual assistant which
offers the opportunity to take a virtual tour guided by a conversational agent, and
to explore the map of China created in 1719 by Matteo Ripa and kept in the Museo
Orientale Umberto Scerrato of the University of Naples "L’Orientale".
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• Selected presentation during the Conference on the Future of Europe (COFE)

Datathon5 with a project dealing with multilingual keyphrase extraction and
topic clustering, described in Section 3.3;

• First place at the Challenge for Europeana AI/ML Datasets6 with the devel-
opment of the Named Entity Recognition in Archaeological Texts (NEAT)
dataset, as described in Section 3.2.
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Chapter 1

Introduction

1.1 What is Natural Language Understanding

Natural Language Understanding (NLU) is, together with Natural Language Gen-
eration (NLG), one the main subareas of Natural Language Processing (NLP).
While NLG is generally concerned with the automatic production of new utter-
ances by machines, NLU has at its core the automatic comprehension (however
one may define such concept) of utterances created by human speakers (Allen,
1987). This task is, on one hand, extremely difficult to tackle in terms of its
practical objectives (first and foremost the definition of what would it mean for a
machine to understand human language is still debated), but, on the other hand, its
practical applications are many, and its study has important undertones in defining
how humans understand language (Bender et al., 2020).

This introductory chapter is focused on the general definition of NLU as a field
of research, and on the definition of a framework for natural language representa-
tion.
The first section is dedicated to the different definitions of language understanding
that have been given through the years, mainly with regards to two points of view:
philosophy of language and machine understanding. Then, it describes the most
recent practical applications of NLU.
The second section describes the desiderata for the representation of natural lan-
guage in a machine-readable format, together with the linguistic challenges inher-
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ently present in such a process.
The third section covers the general topic of text-based representations, with a fo-
cus on Large Language Models (LLMs) and on the issues related to this kind of
representation models, while the fourth section introduces graphs as a means to
represent knowledge and language, and frameworks for graph representation.
Finally, sections 5, 6 and 7 describe the dissertation in terms of research questions,
contributions to the field and outline.

1.1.1 Criteria of Understanding

While the question of what would it mean for a machine to be able to under-
stand a natural language utterance has a long history on its own (M. R. Quillian
et al., 1962), before recent efforts philosophers of language, linguists, logicians
and philosophers have all proposed several semantic theories aiming at describ-
ing what it means, for human speakers, to understand a piece of human-generated
communication (Allen, 1987).
In recent years, the goal has rather been moved to what it would take for a ma-
chine to act as if it understood a piece of human-generated communication in a
human-like fashion.
The following paragraphs are dedicated, respectively, to classical approaches to
language understanding1, and to the more recent approaches to this topic with
regards to machine understanding.

Linguistics and Philosophy of Language One the most important themes of
natural language understanding from a human point of view is, historically, its
connection to the major philosophical concept of truth (Kölbel, 2008; Tarski,
1944b). More specifically, this is related to the question of what does it take
for a sentence to be considered true, and what are its truth conditions (i.e. the
conditions according to which a sentence can be defined as being true). This is
the core idea behind classical theories of semantics.
These questions have a long history, and one of the first attempts of defining mean-
ing from this point of view is found in the works of ancient Greek philosophers,
in particular Aristotle.
According to Aristotle, the truth of a sentence does not lie in the sentence itself,

1An analysis of semantic theories’ evolution and their interconnection is beyond the scope of
this paper, and the interested reader is referred to Maienborn et al. (2019) and Speaks (2021).
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neither does it lie in the objects it describes, but rather in a general property of the
sentence defining its relation to the objects described (Wheeler, 1999). Based on
this assumption, the first step in understanding a sentence is its grounding to the
concepts and objects it refers to (its referents).

In this sense, a sentence such as "Leonardo da Vinci painted the Mona Lisa" is
true since its references in reality hold the same relations they hold in the sentence.
Since the same cannot be said of "Leonardo da Vinci painted the Nightwalkers",
this sentence is false, and this is the case because humans understand both the
referents described in these sentences, and the properties expressed in them.
A formalisation of such a theory of reference, and in particular on its distinction
from the concept of sense (i.e., the meaning expressed by a word, even without a
real-world reference), can be found in the works of Frege (1948).
Fregean distinction between sense and reference has had a crucial influence in
modern semantics, particularly as a framework for the definition of the issues re-
lated to the general theory of reference. In particular, it is useful in defining those
situations in which references themselves might not be known to the speaker.
This is the case, for instance, of sentences such as "the tallest man in the world",
which is understandable even without knowing what pieces of reality it directly
refers to.
Carnap (1947) focus on the proposal of a methodology to solve these situations,
with the core idea being that to understand an utterance does not mean to know the
referent itself (as it might not even exists in our world), but rather to understand it
as a function, which can point to a (possibly unknown, or even empty) reference.
These functions are what Carnap (1947) calls intensions, which are evaluated ac-
cording to context-specific circumstances and world knowledge. This idea of a
function representing the sense of an utterance, which is understood as separated
from the conditions which would make it true, is the core idea behind possible
world semantics (Lewis, 1970).

One of the first modern attempts of a structured framework for language un-
derstanding behind the classical scope of reference was the truth-conditional se-
mantics, proposed by Davidson (1967). This theory has as its foundation Tarksi’s
semantic theory of truth (Tarski, 1944a), which attempts to formally define what
criteria a utterance should meet in order to be considered true. One of the most
influential proposals by Tarski is the implementation of a metalanguage to define
the truth conditions of a utterance in a given language in order to avoid paradoxes,
which anticipates the implementation of logical languages to represent utterances’
meaning.
Tarski is mainly interested in defining the afore-mentioned truth criteria, and states
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that a set of meta-sentences defining the truth conditions of every possible sen-
tence in a given language would give us a full interpretation of said language.
Davidsonian semantics, on the other hand, further states that such recollection of
metasentences would, in and by itself, determine the full understanding of the lan-
guage, without any need for explicit connection between sentences and references,
which is why this approach is referred to as truth-conditional semantics. For fur-
ther discussion on the topic, and critiques on the framework, see Burge (1986),
Davidson (1976), Larson et al. (1993), Lepore et al. (1989), Schiffer (1987), and
Soames (2002).
Several aspects of truth-conditional semantics were later employed in Montague
grammar (Montague, 1970a). In particular, one of the main points defined in
Montague’s work is the importance of compositionality of the syntax-semantics
interface, that is how the meaning of a larger linguistic unit can be built up on the
basis of its elements and their syntactic structure. Such compositionality plays an
extremely important role in NLU in general, and in particular in the context of
semantic parsing (Bender et al., 2015).
Montague further amplifies the scope of this paradigm by integrating it with the
notion of contextual parameters (Montague, 1970b), underlying the importance
of the context of use of utterances in understanding their meanings.

An alternative to truth-condition semantics is what is generally referred to as
inferentialism, which formalises meaning understanding through the use of in-
ferences and of entailments of a given statement, rather than its references and
truth-conditions (R. Brandom, 2010). While this paradigm does not fully deny
the assumption that semantic theory should be invested in the definition of truth
conditions, it denies their fundamental role.
Inferential semantics has been defined by R. B. Brandom (2000), who underlines
that the notion of truth follows the notion of good and bad inferences. This means
that, rather than being interested in what a piece of human communication refers
to in the real world, an inferentialist would be more interested in the inferences
that can be drawn starting from the same piece of communication.
This directly leads to the idea that the meaning of sentences cannot be retrieved
by looking at independent utterances and their connection to the world, but that
meaning lies, instead, in the inherent relations between sentences themselves.
One of the main features of the previously defined semantic theories is that the
main focus of the analysis lies in utterances, and not much has been said about
actual discourses. As a way of covering conversations, a semantic theory by the
name of dynamic semantics was developed (Heim, 2012; Kamp, 1981), with the
objective of approaching semantics in the sense of contextual changes, that is how
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discourse is updated in the course of a conversation. This can be seen as a sort
of "extension" of previous theories, rather than being in contrast with any of them
(Stojnić, 2019).
One of the main applications of this theory is Discourse Representation Theory
(DRT), as defined by Kamp (1981). The key component of DRT is a discourse
representation structure (DRS), which is a mental representation of a discourse,
dynamically built up as the hearer receives more information.

Machine Understanding Over the years the focus of natural language under-
standing shifted more towards machine understanding of natural language, which
is interested in what it would mean for a machine to understand natural language.
This question is characterized by several approaches, each defining specific issues
and specific possible goals.

One of the earliest and most influential efforts in this regard is the Turing test
(Turing, 1950), which also ended up being one of the most popular ways of de-
scribing how a theoretical human machine would act. According to this test, a
machine could be said to be able to think as a human (and, in turn, understand
human language) if a situation arises in which a human could not be able to dis-
tinguish such a machine from a human interlocutor.
The main idea behind the Turing test is that the question to be asked is not what it
would mean for a machine to think, but rather how such a machine would act. This
is particularly beneficial since actual behaviors can be seen and evaluated, while
inner mind processes are generally difficult to analyse and emulate. According to
Turing, thus, the interactive use of language would be the most important task to
aim at in order to build an understanding machine. This paradigm is also known
as behaviouralism.

One main point of criticism towards this specific kind of behaviouralism ap-
plied to machines is that humans tend to be extremely quick at assigning intelli-
gence to inanimate objects. This is true for computers as well, as it was proven in
the ELIZA experiments, with what would later come to be known as the ELIZA
effect (Block, 1981; Weizenbaum, 1966, 1976).
While ELIZA is a simple program based on pattern recognition and question
rephrasing, poeple involved in the experiments were extremely invested in their
conversations with the machine, with many of them ending up talking about their
personal issues and experiences as they would do with a human speaker.
This was particularly true for the DOCTOR script in ELIZA, which simulates a
Rogerian pyschotherapist (Hutchens, 1996). Nevertheless, ELIZA shows no sign

7



of actual understanding, being based on a simple system of pattern recognition
and rephrasing.

Over the years, this kind of behaviouralism has also been criticized as being
incomplete, since the use of language on its own cannot prove by itself the pres-
ence of actual understanding. For instance, according to McCarthy (1968) the
way knowledge is represented should also be taken into account in machine un-
derstanding. The author, in particular, focuses on how symbolic representations
are derived, and on the interconnections between these derivations and specific
actions from the machine.
One further development away from behaviouralism is the shift towards the means
through which use and understanding of language has been obtained, as it was also
famously described by Searle (1980) in the Chinese Room experiment.
According to this thought experiment, while one could be able to build a computer
that can answer every question asked in Chinese, while also being able to pass the
Turing test, the question arises on whether this computer does actually understand
Chinese, or it just simulates this ability by mimicking the language through data
learned. These two opposite positions are defined by the author as strong AI and
weak AI, respectively.
Given this framework, Searle deems the strong AI hypothesis as false, since a
human agent would be able to replace the computer and follow its instructions
step-by-step, even while not being actually able to speak Chinese. Thus, the au-
thor concludes, one must assume that the use of language is not actual proof of
understanding.
It is thus clear that the understanding of utterances by humans is only part of the
whole issue. Language should also be linked to actual knowledge and experience
of the world, lest be an incomplete form of machine understanding. In relation to
language understanding, this is further made clear by Harnad (1990), who shows
the impossibility of learning one’s native language by using just a dictionary.

More recently, Levesque (2014) investigates the correct questions researchers
should ask themselves when dealing with understanding for AI. That is, while
behaviour is the main focus of research, one should also answer what this behavior
depends on, and how the final behaviour is achieved.
In particular, the author focuses on how language and knowledge representation
should go in parallel in order to have a real understanding.

Similar issues have had a practical impact in the field of Natural Language
Understanding, in particular with a raise in awareness in relation to the true capa-
bilities of recent NLU systems. This topic is the main focus of the discussion in
Section 1.3.
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Recent Implementations While in recent years the discourse on NLU has rather
shifted towards machine understanding, it is interesting to notice how classical
theories of semantics, while often not being explicitly recognized, have been im-
plemented in various NLU-related tasks.
The objectives of truth-conditional semantics, for instance, are extremely simi-
lar to the task of Common sense reasoning, where a model is required to predict
whether a utterance should be considered true or not2.
Inferentialism, on the other hand, shows many similarities with the task of Natural
Language Inference (NLI), which is interested in whether an hypothesis is true,
false, or neutral given a premise3. It could also be argued that the task of Next
Sentence Prediction, one of the two core tasks of the pre-training of the popular
Language Model Bidirection Encoder Representation from Transformers (BERT)
(Devlin et al., 2019), has its roots in this semantic theory.
Furthermore, the tasks of Entity Recognition4, Relation Classification5, Word
Sense Disambiguation6 and Semantic Parsing in general can be traced back to
questions concerning reference and sense.
Finally, the importance of keeping track of the flow of discourse, highlighted by
DRT, is of extreme importance in the general topic of conversational agents, and
more specifically in the task of dialogue state tracking7. This task aims at keeping
a state of the dialogue, according to the information dynamically inserted by an
user in the course of a conversation. Similarly, the use of DRT for question repre-
sentation in QA been explored in depth by Cimiano et al. (2014).

1.1.2 Applications

Despite the ongoing philosophical debates regarding what does it means to un-
derstand natural language (for both humans and machines), over the years many
applications have been developed for the automation of NLU, with new states of
the art being established extremely fast, and models becoming obsolete extremely
quickly (Hershcovich et al., 2021).

2http://nlpprogress.com/english/commonsense.html
3http://nlpprogress.com/english/naturallanguageinference.html
4http://nlpprogress.com/english/namedentityrecognition.html
5http://nlpprogress.com/english/relationshipextraction.html
6http://nlpprogress.com/english/wordsensedisambiguation.html
7http://nlpprogress.com/english/dialogue
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The main reasons for this rapid hill-climbing (Bender et al., 2020) is that the com-
mercial applications of NLU models are many and extremely remunerative and
that, as a result, long-term goals (such as the one proposed by semantic theories)
have been abandoned in favor of short-term increase in performance.

This section describes some of these applications of particular interest for re-
cent development in the field, namely applications for man-machine interaction.
While direct interaction with a machine generally calls for the use of some sort of
artificial language, NLU models avoid the need to learn and master such languages
by making machines responsive to natural-language utterances.

Question Answering

One of the most important applications for NLU is the creation of systems that
can automatically answer questions posed in natural language. Question Answer-
ing (QA) has been one of the earliest applications of NLP, and as early as the
1960s, A. V. Phillips (1960) describes one of the first approaches to QA, based on
question parsing and text matching on unstructured documents.

Models for QA usually fall into one of two categories: Knowledge-based QA
(KBQA) and Information Retrieval (IR) systems. While both models take a nat-
ural language question as input and give a natural language answer as output, the
former retrieve the answer from a structured Knowledge Base, while the latter is
interested in retrieving answers from a textual source, such as an article or a para-
graph in a document.
This affects the way in which questions are internally represented by the system:
questions posed to a KBQA are usually first mapped to a symbolic representa-
tion (e.g., queries that can be used with the background KB); while IR systems
generally make use of distributional representations and similarity measures.

One of the earliest examples of KBQA is represented by the BASEBALL
system (Green et al., 1961), in which questions get mapped to a formal represen-
tations by reformulation using domain-specific templates, and answers retrieved
by filling the needed slots in the templates, as shown in Table 1 for the question
"Where did the Red Sox play on July 7th?".
The BASEBALL system showed the applications of semantic parsing (i.e., the

explicit mapping of a natural language utterance to a formal representation), which
has since then become a standard operation in KBQA.
Nevertheless, the model imposed many restrictions on the types of questions that
could be asked: only single clauses could be used, logical connectives were pro-
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Place: ?
Team: Red Sox
Month: July
Day: 7

Table 1: Example of a reformulation done by the BASEBALL system from Green
et al., 1961. The system knows it has to answer for the value Place.

hibited, and the system made use of an exact matching to retrieve entities, which
meant that only canonical forms could be used, without any space for entity dis-
ambiguation.

Over the years many other models have been built for KBQA, with early at-
tempts focusing on answering simple questions involving a single relation and
having a single entity as the answer (Bordes et al., 2015; Dong et al., 2015), while
more recently the focus has shifted to the answering of complex questions contain-
ing multiple entities or expressing compound relations (S. Hu et al., 2018; Luo et
al., 2018).
Furthermore, in recent years the rise in popularity of Knowledge Graphs for knowl-
edge representation has led to development of models answering questions over
Knowledge Graphs, in what is generally known as Knowledge Graph Question
Answering (KGQA) (Y. Sun et al., 2019; Y. Zhang, Dai, et al., 2017).
Since entities in KGs are inherently interconnected, the use of such a knowledge
base makes it possible to create explicit reasoning paths between distant enti-
ties (i.e., entities that are not directly connected, but which can be linked passing
through multiple relations).
This process, known as multi-hop reasoning, is currently the focus of many re-
search efforts (Lv et al., 2021). Furthermore, the use of graphs makes it so that
specific graph-based algorithms (e.g. shortest paths and random walks) can be
implemented, increasing the performance of the task.

IR models, also known as text-based systems in earlier surveys (Simmons,
1965), make use of information from an unstructured source of data (e.g., a doc-
ument in natural language) to answer a question posed by an user. One of the
earliest examples of this paradigms in the Protosynthex model described by Sim-
mons et al. (1964), which exploits dependency parsing as a mean to retrieve useful
spans of text regarding specific entities of interest.
Nowadays, such systems generally make use of contextual word embeddings
trained on a reading comprehension dataset (e.g. SQuAD 2.0 Rajpurkar et al.,
2018, or CliCR Šuster et al., 2018), in which questions are paired with a passage

11



from a paragraph containing the answer, and with the span of text representing
answer itself.
These systems usually make use of an internal distributional representation for
words, such as BERT embeddings, without explicit knowledge integration (C.
Zeng et al., 2020). Since word embeddings can be used to train such a system
autonomously, they do not need an explicit step of semantic parsing.

Conversational Agents

While QA systems focus on the specific task of answering a given question, Con-
versational Agents (also called Chatbots) are more general systems designed to
emulate general conversations with human interlocutors.
These systems have become extremely popular in recent years, but their roots are
found in an early system called ELIZA (Weizenbaum, 1966).
As previously mentioned, ELIZA is based on a pattern matching methodology
which creates the illusion of understanding human language. The patterns refer
to scripts, which specify rules and directions to follow on the basis of some given
persona that the system can imitate.
For instance, the DOCTOR script focuses on giving advice on mental health by sim-
ulating a Rogerian psychotherapist, and one of its patterns is shown in Table 2.

While these results might easily fool an human interlocutor, and even pass the

User ELIZA
I am X How do you feel about being X?
I am unhappy How do you feel about being unhappy?

Table 2: Example of a pattern from ELIZA.

Turing test (Hutchens, 1996), it is clear that they act only on the basis of linguistic
patterns, and no actual knowledge of the world is involved in the process.

A more recent model for conversational agents is the corpus-based dialogue
system defined by Inui et al. (2003), in which input sentences are first parsed using
phrase-patterns and N-grams, and then information extracted in this way is used
to find the most similar dialogue from a background dialogue corpus. Finally,
information from this background dialogue corpus is used to generate responses
by generalizing over possible templates.
While this model is a step towards the integration of linguistic information, it still
fails to fully integrate knowledge about the world. Furthermore, since it relies on
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templates from a background dialogue corpus, it does not generalize over all the
possibilities of human language.

Nowadays, chatbots have become extremely complex, and capable of respond-
ing to several different situations. The online application Cleverbot8, for instance,
responds to natural language input by comparing the current conversation to all
the ones that have happened in the past. By constantly updating its own back-
ground dataset, Cleverbot is able to adapt to unknown situations. Nevertheless,
semantic information are still not explicitly stated in the model.

A more recent chatbot is represented by the OpenAI system ChatGPT9, which
makes use of a pre-trained large language model fine-tuned for conversational pur-
poses. Its results are extremely impressive, but the responses have been conflicting
(Gozalo-Brizuela et al., 2023; Pavlik, 2023; Susnjak, 2022).

Some Conversational Agents have also found more common uses in our daily
lives: for instance, it is the case of voice-based virtual agents, such as Siri10,
Google Assistant11, and Cortana12. In order to answer for specific needs (e.g.,
playing music, making appointments, etc.) these systems make use of external
datasets and complex inner representations to complete specific tasks while keep-
ing track of dialogues.

Robot Navigation

The task of robot navigation focuses on the development of robots that are able
to physically move in a spatial environment on the basis of directions uttered in
natural language (Gul et al., 2019). This task is made particularly difficult by how
spatial relations are represented in natural language, and in particular by the use
of specific landmarks and relative directions for space points.
Traditionally speaking, the efforts in this area of study have produced two main
approaches to the task of representing space (Thrun, 1998): grid-based paradigm
(Elfes, 1987; Moravec, 1988), which represents space as a grid containing pos-
sible objects or obstacles, and topological paradigm (Golfarelli et al., 2001; Ko-
rtenkamp et al., 1994), which represents space as a graph, where each node cor-
responds to distinct situations, places or landmarks, and nodes are connected in

8https://www.cleverbot.com/
9chat.openai.com

10https://www.apple.com/it/siri/
11https://assistant.google.com/
12https://www.microsoft.com/en-us/cortana
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case a walkable path exists between them.
While these models are useful in defining space, they represent no knowledge
about the objects and places encountered, which makes the integration of such
systems together with natural language commands particularly difficult. An ad-
vance in comparison to these traditional implementations is to represent space in
what is generally called a semantic map (Nüchter et al., 2008).
The main idea behind a semantic map is to represent space in the form of places
(e.g., a kitchen, the bedroom), objects (e.g., chair, bed) and the relations between
them (Crespo et al., 2020) which are independent of the map content, but can be
used for reasoning by the machine (Nüchter et al., 2008).
This knowledge can then be used as context by the machine when reacting to nat-
ural language utterances, and it is particularly useful when the robot has to react
to some new objects its sensors have never seen before (Kollar et al., 2009).
While the acquisition of a semantic map can be made automatic, it can also benefit
from the assistance of human users, and the integration of natural language in this
field has also been recently explored (Crespo et al., 2017).
A background semantic map can then be used as a Knowledge Base on which
natural language instructions can be grounded. For instance, in Thomason et
al. (2015), human instructions are first mapped to a logical form representation
through semantic parsing (see Section 2.2), and then grounded to a conceptual
representation of the environment, in the form of a manually-created semantic
map.
In Shah et al. (2018), on the other hand, instructions are implicitly connected to
the visual representation of the agent’s observations. These observations make
no use of an explicit source of background knowledge, but are fed into a neural
architecture which attempts at recognizing specific objects in what the machine is
visualizing.
In this way, while no semantic map is explicitly used, the agent can adapt to what
exists in front of it. The main advantage to this method is that it can more easily
adapt to new instructions and to environmental changes.

1.2 Defining Representation

In recent years efforts regarding human-machine interactions have shifted the at-
tention to a more practical approach, in particular in relation to the oft-stated goal
of NLP to build "human-like" models (Eger et al., 2019; Hershcovich et al., 2021;
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Linzen, 2020; Tamari et al., 2020; J. Wang et al., 2019).
In this sense, it is important to note once again that, while the philosophical dis-
cussion on what it means to understand a sentence is long and still alive, many
applications have been built on the basis of the semantic theories previously de-
scribed.
The main way through which these semantic theories are integrated in actual ap-
plications is through the integration of semantic representation of utterances so
that natural language can be made understandable (i.e., parsable and automati-
cally usable) by machines, so that certain actions can be taken as a response.
The following sections take a look at the desiderata of such a representation, and
then describe some of the linguistic challenges inherently present in the mapping
of natural language utterances into machine-readable data formats.

1.2.1 Desiderata for Representation

The desiderata for the kind of semantic representation described in this work have
been laid out by Allen (1987), who defines a representation as one solving two
important issues in the automatic process of natural language understanding.
In particular, Allen refers to two separate, but not independent, problems:

1. Words and sentences ambiguity:
• for each meaning of an ambiguous linguistic unit, at least one possi-

ble representation should be retrieved, and this representation should
be different from that of any other meaning of the same ambiguous
linguistic unit;

• linguistic units with similar meanings should have similar representa-
tions.

2. The explicitation of the knowledge needed to fully understand an utterance
and its implicatures.

In Allen’s work these two issues are then related to two different representations,
respectively logical forms and world representations. While logical forms are
derived by the disambiguation of small linguistic units and their recombination
to produce the interpretation of larger phrases, world representations refer to the
context in which these linguistic units exist, and according to which they should
be interpreted.
While many kinds of semantic representations have been proposed in recent years
(see Section 2.1), they all refer in one way or another to the features hereby de-
fined, with differences in how they realize their final output, and the source of
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knowledge used to retrieve representations.

1.2.2 Linguistic Challenges

While the definition of a coherent method for semantic representation is of crit-
ical importance for many NLP tasks, many issues are inherently present in the
systematization of natural languages, and they affect how machines should handle
specific linguistic phenomena. Such phenomena are present at all linguistic levels,
and they will be the focus of the following sections.

Syntax-semantics interface

As mentioned before, the interaction between syntax and semantics is a particu-
larly relevant topic in the literature of semantic theories, ever since classic theo-
ries.
While certain syntax-semantics interaction patterns are easy to handle and predict
(Shi et al., 2020), some syntactic phenomena are particularly hard to tackle for
automatic models with regards to the meaning they express.
One of such phenomena is the handling of long-term dependencies. Dependencies
in general are very important in terms of syntax-semantics interaction, since it can
be generally assumed that a dependency relation between two words also implies
the presence of a semantic relationship between the two (Temperley et al., 2018).
Furthermore, it has been proven that the dependency structure of a sentence heav-
ily affects its processing difficulty by human users (Gibson, 1998, 2000), in partic-
ular for what regards long-distance dependencies (C. Phillips et al., 2005), which
is the case, for instance, of the object-verb relation in sentences such as "The cap-
tain who the sailor greeted is tall" (Piñango et al., 2016).
The same has been observed with machines, for which the issue of long-distance
dependency relations has been the focus of many studies with regards to Neural
Networks (Bengio et al., 1993; Bengio et al., 1994) and the general topic of van-
ishing gradients (Bhatt et al., 2020; Le et al., 2016).
The main source of this problem lies in the inherent lack of an upper bound on the
number of sentences that a natural language can generate, as underlined by Chom-
sky (1956) in his investigation on the recursiveness of language. Thus while hu-
mans are capable (with a certain degree of difficulty) of understanding sentences
made up of an ever-increasing number of words, the same cannot be said about
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machines, for which retaining information spanning over long time periods is a
difficult task. For more on the topic, see Chomsky (1957) and Roeper (2010)

Another important issue in the field of syntax-semantics interface has to do
with coreference and anaphora resolution.
While coreference resolutions deal with the grouping of an entity and all its men-
tions referring to it in a text, anaphora resolution deals with the solving of such
references within the text with the same sense on a linguistic level. The differ-
ence between the two is well defined by the example proposed by Mitkov (2001):
Every speaker had to present his paper. While we can say that "his" and "every
speaker" are in an anaphoric relation, since in the context of this sentence they
both refer to the same entity, they are not co-referent: we would never say that
the sentence means that every speaker had to present every speaker’s paper, since
they refer to two different extra-linguistic entities. This is also closely related to
the more general issue of scope ambiguity and quantification (Montague, 1974).
These two tasks have been the focus of many studies and efforts in the NLP lit-
erature (Sukthanker et al., 2020), with the main issues being, once again, that
anaphoric elements may happen distant from each other, and the many different
forms that the references can take, a list of which can be found in Sukthanker et
al. (2020). Some of these references pose particular difficulties to machines, for
instance zero anaphora (Iida et al., 2006) and split anaphoras (J. Yu et al., 2021).

Semantics

Some issues present in natural language representation are linked to phenomena
inherently present in natural language semantics. One of the central problems in
this field is ambiguity (MacDonald et al., 1994), as already mentioned in relation
to Allen’s desiderata for representation. As defined by Pinkal (1995), a sentence
can be seen as semantically indefinite (i.e., ambiguous) when, despite sufficient
knowledge of the relevant facts described by the sentence itself, it is not possible
to assign to it a clear truth value.
The simplest level of ambiguity is found at the level of lexicality, which deals with
the possible meanings that a linguistic unit can have, according to the context it
is used in (MacDonald et al., 1994). Words, for instance, might have different
meanings, and the same meaning can be realized by different surface forms. This
issue is generally tackled by tasks such as word sense disambiguation13, and it is
of particular importance in the context of contextual word embeddings.

13http://nlpprogress.com/english/wordsensedisambiguation.html
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While words can be ambiguous on their own, another level of ambiguity is found
in the way linguistic units are combined according to the principle of composition-
ality (Heim et al., 1998). An example of such ambiguity arises from the previously
mentioned scope ambiguity (Musolino, 2006): in the sentence Every horse didn’t
jump over the fence (Scontras et al., 2021), it is not clear whether every refers to
none of the horses, or to all except some of the horses. More formally, in mapping
this sentence to a logical form, it is not clear whether the quantifier every should
be translated as ∀ or ∃.
The discourse on compositionality has been extensively addressed by authors such
as Frege (1948), Montague (1970a), and Partee (2010).

Another issue in relation to semantics is the handling of unseen language units.
For instance, recognizing and dealing with new words has been an important topic
of discussion in recent works on NLU (Cui et al., 2021; Schick et al., 2020),
with recent distributional models poorly handling rare words (Gong et al., 2018;
Ruzzetti et al., 2022; Q. Wu et al., 2020; W. Yu et al., 2021).

Pragmatics

Any real-world process related to natural language is inherently interactive. Hu-
mans acquire language through interactive feedback (Thornton, 2008), and in
a human-to-human environment language generation and understanding is con-
stantly adjusted according to the surroundings (Labov, 2001). While this is ex-
tremely natural for humans, the same cannot be said about machines.
The effects of the inherent difficulty in dealing with pragmatics on a processing
level are twofold: on one hand, it heavily affects human-machine interaction, in
particular in how humans react to machines’ violation of cooperative principles
(Jacquet et al., 2021; Saygin et al., 2002); on the other hand it affects how ma-
chines deal with utterances in a real-world settings, which might have negative
effects on the final application.
Generally speaking, the main intuitions about pragmatic theory are due to Grice
(1989), who stated the central role of common sense reasoning about the intents
of the speaker in communication.
From this point of view, participants of a conversation actively seek an explanation
for the choices of the other participants, and, in doing so, they fill the blanks left
out by the speakers, on the basis of shared knowledge. This is generally defined
as cooperative principle.
This kind of shared knowledge is not inherently present in machines, and it has
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to be explicitly delineated through the definition of specific knowledge bases and
ontologies, on which inferences can be made.
In absence of such knowledge, it is extremely difficult to train for a system given
that certain inferences might be never observed in the training set, which makes
it difficult to compute their distribution. This might be the case, for instance, of
causal inferences (Feder et al., 2022; Holland, 1986).
While such knowledge bases can be represented by actual structures, such as se-
mantic maps (previously mentioned in Section 1.1), or common ontologies (Icarte
et al., 2017), in other cases researchers have tested the possibility for a machine
to learn about inferences on the basis of just textual data (Rashkin et al., 2018;
Trichelair et al., 2019).

1.3 Text-based Representations

While language has a lot to do with cognitive ability and mental processes, which
are extremely difficult to retrieve and use as data, the output of communication
efforts (i.e., texts and documents) is actually easy to retrieve and manipulate. Be-
cause of this, textual data has historically been used as the main source of informa-
tion about language and linguistic phenomena for actual applications, excluding
inner processes.
Over the years many models have been proposed for text-based representation
(Naseem et al., 2021), from classical feature-based models to more recent low-
dimensional distributional models (see Section 2.3). The starting point of these
models is generally to simplify texts as bag-of-words (BOW), a list of words,
disregarding underlying structures such as syntactic and semantic dependencies.
While earlier BOW models also disregarded word order, more recent systems ac-
tually implement such information in their representations.
In particular, one of the main trends of state-of-the-art NLP systems is the com-
mittment on using Language Models (LMs), such as BERT (Devlin et al., 2019),
trained using a neural architecture as a means to represent natural language sen-
tences.
While Section 2.3 gives more details on how neural LMs work, the main take-
away of such representations is that it can be learned directly from raw texts, on
the basis of the statistical distribution of words in the corpus (Firth, 1957; Harris,
1954). In particular, LMs approach this core idea by training a neural network
to predict the next word in a sentence, and the probability of a given sequence of
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words (Bender et al., 2020).
Recently, the high rate of success of large LMs on certain tasks, such as ques-
tion answering, sentiment analysis, question classification an sentence entailment
(Qiu et al., 2020a) has caused a rise in the interest on them (Bender et al., 2020),
in industry and academy alike. In particular, the hype caused byLMs regards the
possibility for such systems to understand, comprehend and act on the basis of
natural-language utterances in a human-like way once they are trained on a large
enough corpus.
This hype is further fueled by efforts made in the analysis of said LMs through
the use of probing tasks (Adi et al., 2017; Warstadt et al., 2019; L. Yu et al.,
2020). These efforts have shown that LMs implicitly acquire some information
about unspecified language-specific phenomena such as subject-verb agreement
(Goldberg, 2019; Jawahar et al., 2019), semantic structures (Tenney et al., 2019),
semantic similarity (Mikolov, Yih, et al., 2013; Rubenstein et al., 1965, and rela-
tional knowledge (Petroni et al., 2019; Safavi et al., 2021).

1.3.1 Issues with text-based learning

Despite the successes with recent implementations of LMs, and text-based rep-
resentations in general, the hype behind them should be generally checked by
looking more closely at how, and why, they work (Bender et al., 2020).
While such doubts on the inner workings of LMs have started to become more
popular in recent years, in an early paper by Jones (2004) some of the issues
which would become prevalent in recent years are already defined.
One such issue is the importance of data, in that the amount of data used is di-
rectly correlated to the performance of said LMs, with more data bringing about
more powerful models. Nevertheless, the author highlights that, being based on
statistical information, no amount of data would make the models match every
possible situation.
Limitations in terms of statistics have also been recently highlighted in the more
general field of Artificial Intelligence (AI) (Landgrebe et al., 2019, 2021), in par-
ticular in relation to the impossibility of developing an AI capable of solving
complex systems (Landgrebe et al., 2022), understood as systems in which the
components countinously interact with each others and with the system itself (La-
dyman et al., 2013).
Since, by definition, natural languages are complex systems on their own, this
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would mean that it is impossible to fully automate the processing of natural lan-
guage, which does not mean that working on such systems is useless, but only that
the scope should be narrowed down.

One further issue arises when investigating said models, since they inherit
the opaqueness of the neural models they are based on. Because of the so called
black-box nature of neural models (Dayhoff et al., 2001), the investigation of LMs
is extremely complex and can take many different forms. One popular method,
for instance, is to investigate which linguistic information is captured by neural
networks (Belinkov et al., 2020), by employing specific probing classifiers (Alt et
al., 2020) or by analysing neuron activation (Alt et al., 2020) and attention heads
(Alt et al., 2020).
Another line of researches test how these models fare under pressure (Tenney et
al., 2020), such as under adversarial settings (Belinkov et al., 2017; Ebrahimi et
al., 2018; Jia et al., 2017; Papernot et al., 2016).
The key takeaway of investigating LMs is that gaps still exist between meaning
and its representation, and that these gaps are of difficult analysis in a purely
distributional environment, even in recent Transformer models.

For instance, Yanaka et al. (2019) investigate whether neural NLI models im-
plicitly learn monotonic reasoning. The bad results show that such information is
not encoded in any way by the models, which affects their generalization capa-
bilities. The authors also show the integration of external data on top of text-only
information greatly improves the results.
This is similar to what has been shown in the experiments on NLI by McCoy et al.
(2019). The authors prove that neural models learn heuristics, rather than actual
logical inference, to solve the final task. The authors also underline the need to
inject knowledge coming from outside the text.

In Forbes et al. (2019), the authors investigate the extent to which neural LMs
demonstrate physical commonsense reasoning. The idea is that humans possess
an inherent knowledge of the physics of the objects present in the world, in par-
ticular regarding their physical properties. This knowledge makes it possible to
reason about if-then inferences, which is something that is not found in LMs rep-
resentation, except for those inferences that are explicitly written down in training
texts.

While Petroni et al. (2019) have shown that LMs inherently learn some sort
of relational knowledge, the experiments by Pörner et al. (2019) show that this
retrieval of relational knowledge is actually based on entity names, rather than
actual factual knowledge. This kind of factual knowledge, the authors highlight,
has to be integrated in LMs from an external knowledge source.
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Similar issues have also been found in relation to temporal knowledge, as seen
in B. Zhou et al. (2020).

Finally, Niven et al. (2019) observe that the high performance of LMs on argu-
mentation mining (Mochales et al., 2011) is essentialy derived from the exploita-
tion of specific spurious statistical clues, rather than on actual information about
arguments and semantics.

It is easy to see that there is a common theme in these works: since purely-
textual LMs are based on using unstructured texts as the sole background knowl-
edge for natural language representation, issues arise when information are not
actually present in texts. This is true not only for information on a linguistic level
(such is the case for dependencies and semantic arguments), but also for common-
sense knowledge (such as world knowledge).
As previously mentioned, human communication is based on certain pragmatics
principles (Grice, 1989), and one of the most important aspect of such principles
is that not everything is said in conversations. Since this is to be expected, human
speakers are also expected to act based on what is not said in the actual conver-
sation, based on the background knowledge of the world derived from one’s own
life experience and information about the context as well.
But if a model has only the text as its source of knowledge, it would never be able
to retrieve such informaion in a complete way. Some examples of such issues in
relation to common-sense reasoning are found in Bouraoui et al. (2019).
Bender et al. (2020) maintain that meaning cannot be learned from form (i.e.,
texts) alone, and as such grounding to the real world is needed to fully understand
natural language. The question then arises of what is the best way to integrate
grounding into LMs. One option to integrate such ground to world knowledge is
the training of the models on structured objectives (e.g. relation extraction or NLI)
which would lead the system to learn something, but these systems have already
been proven to still learn on the basis of simple heuristics.
More practically, while an extremely complex system such as GPT-3 (T. Brown et
al., 2020) or BERT (Devlin et al., 2019) would be able to fool a human interlocu-
tor by making use of their extremely complex statistical knowledge of linguistic
forms’ distribution, without an actual mapping of language to real-world entities
this could not cover all the possible linguistic examples which are, instead, possi-
ble to be covered and understood by humans.

Given these bases, it is clear that texts on their own are not enough to learn
models for natural language representations, but that external, grounded informa-
tion is needed in order to solve many of the present issues.
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1.4 Graphs for Knowledge Representation

Since distributional representations based on only texts are shown to have inher-
ent issues, the integration of structured and explicit external information has been
proposed as a way to solve unsolved problems. One of the possible sources of
such external information is represented by knowledge graphs (KGs), and graph-
based knowledge representations in general.
In recent years, in fact, KGs have become one of the main sources of data for
the task of integrating structured knowledge into distributional representations for
natural language (see Section 2.4), which can help with the above-mentioned need
of integrating structured, non-textual information together with text-based repre-
sentations.

The use of graph-based data representation has seen a rapid growth, both in
terms of development of graph-specific techniques and in terms of applications of
such structures (Q. Wang et al., 2017). In NLP, in particular, large Knowledge
Graphs such as YAGO, DBpedia, Freebase and Wikidata have been implemented
in a variety of tasks, such as semantic parsing (Berant et al., 2013; Heck et al.,
2013), named entity disambiguation (Hakimov et al., 2012; Zheng et al., 2012)
and question answering (Bordes, Chopra, et al., 2014; Bordes, Weston, et al.,
2014).

Motivation

Ever since the announcement of the Google Knowledge Graph (Singhal, 2012),
the development of graph-based structures for storing, maintaining and accessing
knowledge has gained a lot of attention, as proven by the implementation of such
graphs by several companies (Hogan et al., 2021) following Google’s example,
and the attention gained in relation to several topics of research (Ji et al., 2021).
Despite this recent surge in interest, the idea of using graph-like structures to
represent data has a fairly long history, with the use of a network-based repre-
sentation of concepts being proposed by the Greek philosopher Porphyry (Sowa,
1999), and with the term "knowledge graph" appearing as early as 1972 (Schnei-
der et al., 1973), as a means to store information used in an instructional system.
In the area of natural language representation, the use of a network-based struc-
ture to represent utterances was first proposed by R. Quillian (1968) and then later
developed by Allen (1987) in the structure that then came to be known as semantic
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network.
Over the years, the line between knowledge graphs and semantic networks began
to blur, and, following L. Zhang (2002), knowledge graphs are generally under-
stood as a more-specialised form of semantic networks.
As stated by Angles et al. (2008), the use of graph-based data modeling is partic-
ularly beneficial in those areas where information about data interconnectivity is
as important as the data itself. This definition applies to many areas, including
natural language, since one of the main axioms of natural language is that words
and utterances generally cannot be understood on their own, and that their mean-
ing arise from their interconnection to other elements of the context they are used,
and how the elements are connected among each other. Broadly speaking, this
is also the core idea behind the distributional hypothesis (see Section 2.1.2) and
compositionality (Bender et al., 2015).
In such cases, the use of graphs to represent information offers several advantages:

• the modeling of data using graphs is symbolic rather than distributional (i.e.,
it is easily readable by human users);

• queries over graphs can make use of specific graph operations and algo-
rithms for advanced applications (e.g., finding shortest paths, finding sub-
graphs, or using specific metrics such as the centralness of nodes, etc.);

• graphs allow the data to be developed in a flexible way, by giving the pos-
sibility of postponing schema definition, which is especially useful for the
representation of incomplete knowledge, as shown by Abiteboul (1997).;

• graphs allow for the implementation of many standard knowledge represen-
tation formalisms (e.g., ontologies) to define the semantics of the structure
and improve access and reusability to data,

• in recent years, the development of machine learning techniques specifically
tailored for graphs, particularly in the form of Knowledge Graph Embed-
dings, has also increased the tools available when working with such data
structure (Q. Wang et al., 2017).

Given these benefits, knowledge graphs have become a popular means to share
knowledge on the Web, particularly for large amounts of interconnected data. In
this regard, Freebase (Bollacker et al., 2007), Wikidata (Vrandečić et al., 2014),
DBpedia (Lehmann et al., 2015) and Yago (Hoffart et al., 2011) represent well-
known examples of multi-domain KGs, which have been amply used as a source
of reliable and structured information.
Graphs might also be domain-specific, and they offer an important source of infor-
mation for tasks related to more fine-grained knowledge representation. Graphs
have been employed to represent domains such as Government Data (Holm et al.,
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2012), tourism (Maturana et al., 2018), Life Science (Callahan et al., 2013) and
more (Hogan et al., 2021).
This is true for linguistics as well, with several language resources being pub-
lished using graph-based representations. For instance, in frame semantics (Fill-
more, 1977) words are understood as being connected to specific situations, along
with all the essential knowledge for the situation to be understood.
The verb to sell, for instance, evokes (i.e., it refers to) the situation of commercial
transfer, which involves (at least) a seller, a buyer, goods and money.
These situations are represented as frames connected to their arguments using a
network of nodes and edges. By extension, FrameNet14 (C. F. Baker et al., 1998),
the linguistic resource based on this theory, makes use of a graph-based represen-
tation to share data about frames.
Similarly, in the lexical resource WordNet15 (Miller, 1995), synonymous words
are linked together into synsets, which are then connected among each other ac-
cording to their semantic relations (e.g., synonymy and meronymy), creating nets
of concepts.
This data can be incredibly useful in solving many of the current issues we are
facing in NLU, since it explicitly shows the connection that distributional models
try to implicitly predicts, and thus in recent years efforts have been made in order
to implement it, together with contextual information, in a coherent and meaning-
ful way. Section 2.4 describes some of these efforts.
While this is true for knowledge graphs referring to linguistics specifically, domain-
specific knowledge graphs can be of extreme benefit as well, in particular for those
cases in which raw text for a specific domain is hard to find, making it difficult to
train a distributional model.

1.4.1 Models for Graph representations

In terms of practical applications, the two main frameworks for graph data model-
ing are represented by the Resource Description Framework (RDF) and Labeled
Property Graphs (LPG). This section aims at giving a general overview of both
models, while also describing benefits and drawbacks for each one.

14framenet.ics.berkeley.edu/fndrupal/
15wordnet.princeton.edu
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Linked Open Data and Resource Description Framework

RDF represents the go-to data model used to share data on the Web in the context
of the Linked Open Data paradigm (Bauer et al., 2011). Since this is the case,
the main method through which this data frame is published is in a structured tex-
tual form which follows the RDF language, standardized by the World Wide Web
Consortium16 (Manola et al., 2004).
More practically, each RDF graph is composed of information represented by
triples of type subject node, relation, object node. Three possible nodes
exist: URIs, literals and blank nodes. URIs are string sequences used to identify
resources on the Web, such as www.wikidata.org/wiki/Q12418, which is the
URI identifier for the entity representing the Mona Lisa on Wikidata.
Literals, on the other hand, represent a value from a certain data type, for instance
a string, a date, or a numeral. Blank nodes represent nodes with no identifier, and
can be used to represent variables.
In a triple, relations are generally identified by their URI as well. In order to
give a more compact and cleaner view of the graph, prefixes can be defined
so that URIs can be abbreviated. For instance, we can define a prefix wd for
www.wikidata.org/wiki/ so that the above-mentioned URI defining the mona lisa
can be abbreviated as wd:Q12418. A triple is such as follows:
@prefix wd: <http://wikidata.org/wiki>
@prefix wdt: <http://wikidata.org/wiki/Property>
wd:Q12418 wdt:P276 wd:Q19675
This triple describes the existence of a relation P276 (location) between the entity
Q12418 (Mona Lisa) and the entity Q19675 (Louvre Museum). An RDF graph is
composed on many such triples.
The strongest benefit of using RDF is represented by the use of permanent URIs to
map nodes and relations to a unique identifier, which can be shared across several
graphs, thus improving reusability of data.
Furthermore, as mentioned already, RDF is highly standardized, and its usage
has a long history in the literature (Ali et al., 2021). This also means that many
knowledge bases on the Web are freely available in RDF format to be accessed17,
despite the current state of RDF archiving being still underdeveloped (di Buono
et al., 2022; Pelgrin et al., 2021).
The access to this data is generally done through a specific language called SPARQL,

16https://www.w3.org/RDF/
17https://www.w3.org/wiki/DataSetRDFDumps
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also standardized by the World Wide Web Consortium18. The use of a standard-
ized query language makes it so that querying data generally follows the same
rules regardless of the specific dataset that is being accessed. SPARQL also allows
for specific optimization techniques (Rabbani et al., 2021; Saleem et al., 2018),
and it has been widely used as the desired output for general Semantic Parsing
models (Cimiano et al., 2014; Luz, 2019; Luz et al., 2018, which represent the
main topic of Section 2.2.
Furthermore, since one of the main principles of this framework is to make data
linked in a coherent way, many ontologies (both for general domain applications
and domain specific) have been proposed through the years to describe data in a
coherent way. These ontologies are generally freely available on the web19, and
they follow the Web Ontology Language20 (OWL) language to represent knowl-
edge.
In the field of linguistics and the development of language resources, one of such
ontologies is represented by OntoLex-Lemon21 (J. P. McCrae et al., 2017), which
has been used extensively in several resources (S. W. Brown et al., 2017; Gangemi
et al., 2016; Rospocher et al., 2019).
Similarly, in Chiarcos et al. (2017), the authors propose the development of CoNLL-
RDF, a rendering of the CoNLL tsv format into RDF. The main objective of such
effort is to create a vocabulary that makes use of the extensive history and range
of applications of the CoNLL format, while facilitating the integration of Linked
Open Data (LOD) principles22. Furthermore, mapping from the CoNLL tsv for-
mat to its RDF counterpart is pretty easy, with resources being developed to do
so freely available23 (Chiarcos et al., 2017; Chiarcos et al., 2020; Chiarcos et al.,
2021).
While the RDF framework offers many benefits, in particular regarding the reusabil-
ity of data and a wide range of available tools, resources and schema to develop
one’s own graph, many drawbacks are still present in this regard. First of all,
as mentioned already, the presence of a high amount of ontologies, schema and
datasets means that some overlapping of data is present, while interoperability
of data is seldom applied (di Buono et al., 2022; Ding et al., 2006), which means
there is still a strong need to bridge data and metadata between datasets and repos-

18https://www.w3.org/TR/sparql11-overview/
19https://www.w3.org/wiki/Listsofontologies
20https://www.w3.org/OWL/
21https://www.w3.org/2016/05/ontolex/
22https://www.w3.org/wiki/LinkedData
23https://github.com/acoli-repo/conll-rdf
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Q762
label:Leonardo da vinci

date of birth:15 April 1452

Q12418
label: Mona Lisa
movement: High

Renaissance

creatorOf
started:1503-1506
completed:1517
medium:oil on canvas

Figure 1: Example of a labeled property graph

itories. This is made particularly difficult by the presence of hundreds of ontolo-
gies, which would need to be aligned before any bridging can happen.

Labeled Property Graphs

While RDF is a schema primarily designed to describe and share resources on the
Web, the Labelled Property Graph (LBG) is a database model, designed to specif-
ically manage and work with graph-like data, as opposed to relational databases
(Angles, 2018). The main feature of such a graph database model is that it can
encode, for each node or edge, a (possibly empty) set of properties (Angles et al.,
2019).
This leads to differences in how data is encoded. For instance, given a triple
(LeonardoDaVinci, creatorOf, MonaLisa), additional information could be
added regarding the date of completion of the work, or specifics about the medium,
by adding specific properties to the relation creatorOf, as shown in Figure 1.
The main use of such properties is to define information about nodes that would

not connect any two nodes. For instance, RDF literals might be represented as
properties rather than triples without losing any structural integrity of the graph.
On the other hand, removing these relations greatly improves traversals’ perfor-
mance at query time.
In RDF, the only way to encode additional information about relations rather than
nodes is through reification, that is the process through which a triple is encoded
as a node of its own, with subject, predicate and object being its attributes, so that
meta-information can be added (Hernández et al., 2015). The process of reifica-
tion is graphically shown in Figure 2.
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Hernández et al. (2015) go into details about the types of reification available, but
the core idea stays the same. This process is non-trivial, and the absence of a
clear-defined semantics and formal description in the RDF Primer makes its use
particularly difficult (V. Nguyen et al., 2014).

wd:Q12418 wd:Q19675

wdt:P276

statement wd:Q12418hasSubject

statement wdt:P276hasproperty

statement wd:Q19675hasObject

Figure 2: Example of reification: the graph on the left represents a basic RDF
triple, the one of the right its reified representation.

One additional feature of property graph is that it does not need a predefined
schema to be implemented. Actually, the schema of such a structure is dynami-
cally built as the graph grows: this makes the framework especially useful in case
of dynamic data (language falls into this category). Furthermore, property graph
environments are generally designed with optimization in mind: in particular, this
means that specific graph algorithms, such as shortest path finding and traversing
techniques, are already implemented and quick to use (for instance in path anal-
ysis and deep queries). For this reason, this kind of graphs are generally used in
industry as opposed to the RDF schema (Angles, 2018).
On the other hand, reusability of data becomes an issue when using such data.
First of all, while RDF is a schema and is usable through simple text files, prop-
erty graphs generally require a specifically designed framework, such as Neo4J24

or the Python library NetworkX25, each with its own tools and peculiarities. This
makes it hard for graphs to be reused unless they are designed using the same
framework.
The presence of multiple frameworks and the lack of a pre-defined schema also
mean that, while there are some general best practices on how to implement prop-
erty graphs26, no one commonly accepted set of syntax and semantics is defined

24https://neo4j.com/
25https://networkx.org/
26https://neo4j.com/developer/guide-data-modeling/,https://docs.microsoft.com/en-us/graph

/best-practices-concept,https://www.dataversity.net/graph-databases-best-practices-and-new-dev
elopments/
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in the community, which means that data from different sources will rarely be co-
herent, with a negative impact on interoperability and reusability.
Finally, while RDF has its own query language in SPARQL, which allows users
to access many RDF graphs, property graphs lack a common one, which directly
affects the accessibility to online databases. A publication called the GQL man-
ifesto27, proposes the standardization of such graph query language through the
fusion of the three most used query languages for graphs, but at the time of writing
this has yet to become a reality.

1.5 Research Question

Given the presented topics and issues in relation to the task of representing natural
language for NLU tasks and applications, this section describes the main research
questions which are at the core of the efforts described in the course of this work.
The first question is concerned with a general analysis of whether the integration
of external knowledge together with text-based representation in order to improve
the final results of NLU models. In particular, the focus of such a question is on
two main tasks: semantic enrichment and relation extraction.

(RQ1) What are the effects of graph-based knowledge integration on
NLU-related tasks of semantic enrichment and relations extraction?

While this question covers several of the theoretical issues previously defined in
relation with semantic theories and natural language representation, it is also of
interest whether there is actually an improvement in the final results through the
integration of explicit, structured information represented using graphs.
This kind of integration can take many forms, since graph-based knowledge can
come in many sizes and shapes, and the second research question deals with this
topic.

(RQ2) Which is the best format for graph-based knowledge integra-
tion?

27https://gql.today/
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More specifically, this work is interested in investigating the use of knowledge
graphs, which can generally come as either RDF or labelled property graphs.
These paradigms are integrated in different NLU applications, and investigated
accordingly, particularly in relation to the task of question answering.

1.6 Contributions

The main contribution of this thesis is represented by a series of efforts made in
relation to graph-based knowledge integration for natural language understanding.
In particular, they refer to three main lines of work:

• The definition of a language-agnostic methodology for the integration of
graph-based knowledge (in the form of ontologies) for concept retrieval and
semantic enrichment (di Buono et al., 2023; Nolano et al., 2022a, 2022b);

• a preliminary analysis of graph-based models for relation extraction models
against distributional representations, in a standard environment and in an
adversarial evaluation framework;

• the definition of methodologies for the development of a QA system based
on open-data knowledge (Nolano et al., 2021).

1.7 Dissertation Outline

This dissertation is organized as follows:
• Chapter 1 introduces the general topics discussed in this thesis and provides

an outline of the full work. In particular, the chapter focuses on issues in
relation to the understanding and representation of natural language, both
in relation to linguistic levels of analysis and theoretical foundation, and in
terms of practical implementation in real-world systems.

• Chapter 2 offers a literature review on the broad topic of representation in
Natural Language Understanding, according to two main frameworks: for-
mal and distributional representations. The chapter also gives an overview
of methodologies implemented in order to represent natural language ac-
cording to these two frameworks, namely through semantic parsing and
neural word embeddings. A portion of the chapter is further dedicated to
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representations that try to implement both formal and distributional frame-
works together in a single environment.

• Chapter 3 proposes a methodology for the extraction of concepts and se-
mantic enrichment of texts, based on ontological information. In particu-
lar, the chapter focuses on the description of two different methods imple-
mented for domain-specific semantic enrichment, for the domain of archae-
ology and cultural heritage in general.

• Chapter 4 investigates the graph-based knowledge representation and injec-
tion for the task of relation extraction. In this chapter textual models based
on neural networks are fared against graph-based representations making
use of both textual and structural information from a background knowl-
edge base, both in a standard and in an adversarial environment.

• Chapter 5 describes efforts made in relation to the development of Knowledge-
graph Question Answering over Linked Open Data. The chapter describes
two efforts in this regard, both making use of graph-based representations
of questions to query over a background knowledge graph.

• Chapter 6 draws conclusions and provides an outlook for future work.
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Chapter 2

Natural Language Representation

This chapter gives a general overview of related works with regard to the general
topic of natural language representation. In particular, the first section gives an
overview of two main frameworks of representation, namely formal and distribu-
tional representations. The second section describes the task of semantic parsing,
that is the explicit mapping of sentences to machine-understandable representa-
tions. The third section focuses on the implementation of neural networks to
derive representations from texts for NLP purposes, generally seen as the go-to
way to represent natural language utterances. Finally, the fourth section defines
efforts made in relation to the use of graph-based structures to represent natural
language.

2.1 Methods of representation

One of the main topics of discussion in NLU is what form of representation should
be used to map semantic information from a given natural language utterance to
a machine-readable format (Clark et al., 2007). While in recent years this issue is
becoming more and more a practical problem concerning which one is the better
method to use given a specific task, the foundational ideas on the topic have their
roots in linguistic, philosophical and logical theories (Pirozelli et al., 2022).

The choice of which representation method to use when developing a system
for NLU is thus of critical importance, both in terms of the theoretical background
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being followed and in terms of the final results (Bender et al., 2020). In particular,
the most commonly used forms of semantic representation usually fall into one of
two frameworks: formal representations and distributional representations.
These two frameworks differ both in terms of their foundational ideas and in the
way they are actually implemented in real-world scenarios. Following the defi-
nition proposed by Emerson (2020) and Koller (2016), the two paradigms can be
defined in terms of top-down and bottom-up approaches: while the former are in-
terested in reaching a specific objective, the latter is more interested in expanding
models based on a given theory or tool.
More specifically, formal semantics generally follows a top-down approach (with
the specific objective being the mapping of natural language to a logic, symbolic
format), while distributional semantics can be defined as a bottom-up approach to
the same natural language representation problem (i.e., it is based on distributional
representations of language and it expands models based on this representation).
This difference also has an impact on how the paradigms are viewed in the cur-
rent state of the art. In fact, since formal semantics generally has as a goal the
principles of truth-conditional semantics and entailments, as previously defined in
Section 1.1, and since these well-defined goals have yet to be reached, the suc-
cesses of formal semantics are generally undervalued in the current state of the
art, while, on the other hand, distributional semantics generally seemingly moves
from successes to successes, since no clear goal is set as long as distributional
representations are used (Koller, 2016). Because of this, in recent years it has
become extremely common to look at the successes of distributional semantics
approach without taking into account its intrinsic issues (Bender et al., 2020).
On a more practical level, another important difference between the two frame-
works is in their application scope: while formal semantics is generally interested
in the representation of larger units (e.g., sentences and utterances), distributional
semantics is more interested in the representation of single tokens (Venhuizen et
al., 2022).
The next sections give a brief overview of the two methodologies thus introduced,
together with more specifics in terms of foundational ideas and implementation
techniques.

2.1.1 Formal Representations

Historically, the earliest attempts of representing meaning in some sort of un-
ambiguous and general form were based on the usage of a formal and logical
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language (Wintner, 2002). The main benefit of using such logical languages is
that they are, by definition, unambiguous, as opposed to natural languages, and as
such can be implemented together with automatic systems (Allen, 1987).

The idea of using a formal metalanguage to represent the meaning of a natural
language utterance as its root in works of linguists such as Frege (see Section 1.1),
and, in particular, Montague (Montague, 1970a), who set the basis for what came
to be known as Montague semantics.
The core principle of this theory is that it is possible to represent natural language
using logic languages, and that the meaning of a sentence can be understood as
a function of the meanings of its parts and the way syntax combines them, just
as an expression is a formula of its part. Furthermore, it enforces the idea that
a well-defined metalanguage is an essential part in representing meaning (Partee,
1981).

The use of a metalanguage to describe the semantics of utterances has found
a lot of popularity in NLP since the work described by Greenberg (1949), which
made use of first-order predicate calculus to describe semantic components.
Given this idea, over the years many formal languages have been proposed for the
task of representing meaning from natural language utterances. Two main families
of formalism have been defined and are commonly used: logic based formalism
with its root in philosophy and mathematical logic and based on logic languages
such as first order logic; and structured formalism which is usually linguistically
or psychologically motivated, and based on structures such as graphs and frames.

Logic based formalisms

One of the most flexible and commonly used logic based representations for lan-
guage is First-Order Logic (FOL).
FOL makes use of functions and constants to express meaning, while also allow-
ing for variables and quantifiers, all extremely useful features for the representa-
tion of natural language.
For instance, a question such as Who painted the Mona Lisa? would be repre-
sented using FOL as:

(1) ∃y.hasName(x,y)∧ creator(MonaLisa,x)

Despite being recently used in QA as described by P. Liang (2016), and despite
all its flexibility and expressivity, FOL shows some heavy limitations.

For instance, FOL does not allow for the aggregation and manipulation of
sets of entities. Thus, questions such as How many authors worked on the Sis-
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tine Chapel? are impossible to be represented in FOL, its logical interpretation
asks for the aggregation and subsequent counting of all the x that participated in
creator(SistineChapel,x).

One possible solution to this issue is the augmentation of FOL with lambda
calculus (LC), as proposed by Carpenter (1997).
LC is based on the use of λ -terms, which group together all the possible values of
a variable, given certain conditions. Thus, the question How many authors worked
on the Sistine Chapel? can be represented as

(2) count(λx.creator(SistineChapel,x))

With λx grouping together all the entities that can be found in a relation creator
with SistineChapel.
LC has been used in recent works in NLU (Kamath et al., 2018), with applications
in the creation of queries for DBs (L. S. Zettlemoyer et al., 2005); interaction
with conversational agents (Artzi et al., 2011); and instructions mapping for robot
interaction (Artzi et al., 2013).

P. Liang et al. (2013) propose a more compact version of LC, Lambda Depen-
dency based Compositional Semantics (λ -DCS), where variables are eliminated
and existential quantifications are made implicit. Thus, the aforementioned ques-
tion would be represented as:

(3) count(creator.SistineChapel)

Applications of λ -DCS for natural language representation can be found in several
works, such as Berant et al. (2013), Krishnamurthy et al. (2017), and Pasupat et al.
(2015).

Structured formalism

Another possible paradigm is represented by structured formalisms, which are
based on certain data structures rather than logical formulas. The most popular of
such data structures for NLP purposes are graphs and frames.

Graphs have seen many implementations for NLP, such as in the form of Se-
mantic Networks, first proposed by R. Quillian (1968) and later developed for
linguistic purposes by Allen (1987). In this paradigm, the graphs used to represent
meaning represent objects in the world in the form of nodes, and arcs representing
relationships between these objects, as described by a source of knowledge.
In comparison with logic representations, using graphs offers several advantages:
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1. they are generally easier to read for humans;
2. graph algorithms can be leveraged to implement better reasoning;
3. graphs following LOD principles (see Section 1.4) are easy to share and

integrate with each other to increase the amount of information covered.
In recent years, similar representations have been used in the form of semantic
queries, which can be implemented to retrieve the correct answer for natural lan-
guage questions, given a background database. This is the case, for instance, of
the work described by Yih et al. (2015), in which a query graph is automatically
built from an input question. The model was later implemented and improved by
Bao et al. (2016) and Sorokin et al. (2018).
One of the main issues regarding this kind of representation is that, since they
are based on an external ontology for representation, the reuse of data is heavily
dependent on the implementation of a given task- and domain-specific definition
(Gracia et al., 2012).

Another kind of structured representations is the frame paradigm, based on the
work by Fillmore (1968), in particular his work on Case grammar.
According to this paradigm, each situation puts certain constraints on which cases
(i.e., semantic roles) it needs in order for a piece of communication to have a
complete meaning. These constraints are reflected in both the syntax, in terms of
which syntactic units appear in a given sentence, and on semantics, since a certain
number of obligatory semantic arguments are needed for an utterance to make
sense, each appearing in certain syntactic roles.
For instance, the verb to paint requires at least two elements to make sense: a
human painter and an object being painted. Given this assumption, the sentences
Leonardo da Vinci painted the Mona Lisa and The Mona Lisa was painted by
Leonardo da Vinci, despite the different structure, represent the exact same situa-
tion, in which Leonardo da Vinci is always the agent of the action, since the verb
requires an human agent, and the Mona Lisa is always the object painted.
Furthermore, this also underlines the presence of a strong link between syntax
and the underlying meaning of every utterance (M. Baker, 1988; Gruber, 1965;
Jackendoff, 1972, 1990), which nevertheless does not mean that the connection
between the two is trivially retrievable (Levin, 1993).
The deep connection between surface forms and semantics gives theoretical back-
ground to the mapping of an utterance to its representation using frames. These
concepts later converged in the frame paradigm, which has its roots in AI (Hues-
mann, 1974; Minsky, 1974) where frames (or scripts, as they were referred to in
the earlier stages) are used to describe procedural or stereotyped knowledge.
In linguistics frames were mainly adopted by Fillmore in what came to be known
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as frame semantics (Fillmore, 1977), in which case grammar is extended to link
semantics to encyclopedic knowledge. According to this theory words can be
linked to a certain frame which would describe their meanings in terms of con-
nections to other linguistic entities.
For instance, the above-mentioned verb to paint generally describes a situation in
which a representation is being created by a creator. This frame is evoked by the
surface form of the verb to paint, but in general it is more correct to say that it is
related to a certain situation of creating a physical artwork, which is also evoked
by certain nouns such as Mona Lisa and paintings.

While there is no general agreement on which and how many roles are needed
for this representation, a certain level of consensus exists according to specific ar-
guments, such as the agent (i.e., the doer of the action depicted by the predicate)
and the patient (i.e., the undergoer of the action depicted by the predicate). Fur-
thermore, these arguments are generally indexed so that they can easily be mapped
to the underlying syntax of the sentence (Dowty, 1991): because of this, a gener-
ally accepted practice is to assign the label arg0 to the agent, the label arg1 to
the patient, and so on for other optional arguments.

Frame-based representation has been used in the development of several anno-
tated resources. Among the most popular ones there are FrameNet1 (C. F. Baker
et al., 1998), a resource which is directly based on Fillmore’s frame theory, and
Propbank2 (Palmer et al., 2005a).
One of the main differences between the two resources is how they represent
predicate’s arguments. On one hand, FrameNet implements frame-specific an-
notations, which means that the frame painting has labels such as creator and
representation, while the frame examination has labels such as examination
and examinee. PropBank, on the other hand, makes use of a predicate-agnostic
indexing (thus leaving arg0, arg1, etc. as labels). The two different annotations
of the same sentence are thus as follows:

• FrameNet: [Leonardo da Vinci]creator [painted] [the Mona Lisa]representation
• PropBank: [Leonardo da Vinci]arg0 painted [the Mona Lisa]arg1

While FrameNet is specifically designed to provide more fine-grained semantic
information about frames, PropBank is more focused, by design, on providing a
data for training statistical systems (Palmer et al., 2005a), in which case the sim-
pler annotation schema is a benefit, since it reduces the possibility of overtuning
the trained system.

1https://framenet.icsi.berkeley.edu/fndrupal/
2https://propbank.github.io/
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Furthermore, while FrameNet’s representations are focused on the semantic of
a sentence, PropBank’s representations have a stronger connection to its syntax.
One of main effects of this difference can be seen when dealing with verbs evok-
ing the same frames but with different syntactic structures, as explained by the
following examples, proposed by Palmer et al. (2005a):

• FrameNet:
– [Chuck]buyer [bought] [a car]goods [from Jerry]seller
– [Jerry]seller [sold] [a car]goods [to Chuck]buyer

• PropBank:
– [Chuck]arg0 [bought] [a car]arg1 [from Jerry]arg2
– [Jerry]arg0 [sold] [a car]arg1 [to Chuck]arg2

This means that, for FrameNet annotations, the roles for Chuck, Jerry and car are
always the same, regardless of the realization of the specific frame. In PropBank,
on the other hand, the roles are more strongly connected with the underlying syn-
tax of the sentence, and thus change as the sentence changes.
Finally, while FrameNet includes nouns and adjectives as well as possible frames’
realization, PropBank addresses only verbs as anchors for frames’ realization.

The main benefit of using frame structures in a model is that the constraints
inherently posed by their semantic meaning and their representations might be
leveraged to have a more robust system. For instance, in a sentence such as I
saw him playing the bass, the word bass might be ambiguous for a system, which
could understand it as either an instrument or a fish. In this case, knowing that the
performing_arts frame is evoked by the verb to play, would lead the system to
understand bass as the medium used to play music with, and thus disambiguate it.
On one hand, this kind of knowledge is of extreme importance in natural language
processing, but, on the other hand, the lack of availability for frame resources
for certain languages, such as Italian, makes it difficult to implement in every
scenario.

2.1.2 Distributional Representations

The theoretical roots of distributional representations are found in the linguistic
theory of distributional hypothesis, which was laid out by authors such as Firth
(1957) and Harris (1954). The core idea behind this theory is that the meaning
of words (along with every other linguistic aspect) can be inferred from the dis-
tribution of linguistic entities given a large enough number of examples of that
language, that is by the word’s context of use. By extension, this means that se-
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mantically similar words will share similar contexts, while semantically dissimilar
words will have little to no context in common.
Distribution, in particular, is defined as the frequency in which certain linguistic
entities occur among each other, with the conclusion being that linguistic entities
occurring in similar contexts will share similar linguistic features, including (but
not limited to) meaning.

The main contribution of this theory is that there is no need for any non-
linguistic information to represent the meaning of natural language utterances.
That is to say, given a large enough source of textual information and a way to
represent differences among linguistic entities in terms of occurrences, these dif-
ferences can be used to infer information about words and sentences.
While this theory was introduced as being implementable at any linguistic level,
in particular in the works of Harris (1954), in recent years it has mainly been ap-
plied in relation to words and sub-word entities.
Representation methods based on this hypothesis represent words from a given
language/vocabulary in relation to their distribution given a large enough context
of use (e.g., a corpus). Since the advent of modern computing, the large amount
of textual data freely available on the Web, and the increasing power of hardware,
made it so that this representation has lately become the default choice for natural
language representation (Ferrone et al., 2020).

Vector Semantics & Word Embeddings

The standard method for distributional representation is to represent each word by
mapping it to a vector, that is a list of numerical values that represents specific
linguistic information. The main benefit of using vectors is that they allow for the
integration of many algebraic techniques, such as cosine or Euclidean distance to
compute semantic similarity between two words.
One of the earliest applications of vector representation for natural language can
be found in the work of Jones (1964), who propses the representation of word
meaning by using boolean vectors based on information from an external the-
saurus.
One of the most important steps regarding vector semantics was the introduc-
tion of the above-mentioned distributional hypothesis to compute vectors. In this
sense, the original core element used to build such vectors is a co-occurrence ma-
trix, where rows represent words, columns represent contexts (e.g. other words
in the vocabulary, or documents), and cells contain the frequency of words given
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a the desired context (e.g., how many times that specific word co-occur together
with another word given a certain context window, or how many times it appears
in a given document).
One of the main issues in using such a co-occurrence matrix for semantic repre-
sentation is that raw frequency counts are rarely, if ever, informative of meanings.
This is especially true since the distribution of words in language approximates to
a Zipfian distribution (Fagan et al., 2010; Zipf, 1932). According to Zipf’s law, in
fact, the frequency of a word is inversely proportional to its statistical rank, which
means that the most frequent words appear with an extremely high frequency,
while least frequent words appear extremely rarely.
One of the main consequences of this property is that natural languages have a
very few extremely frequent words, a small group of words that appear with an
average frequency, and a large group of words that appear with a rare frequency3.
Taking this into account, and the fact that generally the most frequent words in a
language are function words, there is a need to adjust the statistical information
about the data in order to represent meanings, so that more informative events get
emphasized, while less informative events get ignored.

The first efforts made to fix these issues have been to weight the values in the
matrix’s cells, that is by integrating a specific function on top of the raw frequency
counts. One of the earliest methods in this regard is the term frequency x inverse
document frequency value (tf-idf) (Jones, 1972) to re-weight term-document ma-
trices. This method has been applied, for instance, by Salton et al. (1988) for the
task of automatic information retrieval.

Another popular method for re-weighting is Positive Pointwise Mutual Infor-
mation (PPMI) (Niwa et al., 2003), which has been proven to perform well on
term-term matrices (Bullinaria et al., 2007).

Issues are also found in relation to the optimization of such distributional mod-
els. First of all, the vectors created using these early models are generally sparse,
in particular when dealing with term-term matrices. Most words, in fact, do not
co-occur with every other word in the vocabulary, which leaves many cells with a
value of 0 (Clausi et al., 1998).
Furthermore, using words to represent context in columns means that the length
of the vectors is equal to the length of the vocabulary of the corpus, which creates
extremely long vectors with a heavy effect on performances. This, combined with
the large presence of zeroes, means that the results would be represented by ex-

3For instance, only 135 words are needed in order to recreate half of the 1-million-token
Brown Corpus, as observed by Fagan et al. (2010)
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tremely long vectors filled with empty values (Sahlgren, 2005).
Over the years, in order to solve both these issues, many techniques have been pro-
posed to create shorter, denser vectors generally referred to as word embeddings.
The task is thus to compress the amount of data present in the matrix, while also
preserving information about the relations between words and contexts. Early on,
this was done using linear algebraic methods for dimensionality reduction, such as
Principal Component Analysis (PCA) (Hotelling, 1933; Pearson, 1901), Indepen-
dent Component Analysis (ICA) (Lee, 1998) and Random Indexing (RI) (Kanerva
et al., 2000; Kanerva, 1988).
One of the most popular methods is the use of Singular Value Decomposition
(SVD) for matrix factorization. The application of this technique to a term-term
matrix is called Latent Semantic Analysis (LSA) (Deerwester et al., 1990; Dumais
et al., 1988). In linguistics, LSA has been used for several tasks mainly in relation
to information retrieval, such as topic modeling (Kim et al., 2020; Valdez et al.,
2018), document classification (Ju et al., 2015), synonyms retrieval (Ekštein et al.,
2013), and extraction of semantic patterns (Altszyler et al., 2016).
Most interestingly, Landauer et al. (1997) analyze LSA from a cognitive point of
view, by employing the model in order to explain some specific phenomena in
human speech and understanding.

More recently, the pioneering work by Bengio et al. (2003) has proven the ben-
efits of using neural models rather than algebraic or statistical processes for the
implementation of word embeddings. In neural word embedding models, rather
than first learning a co-occurrence matrix and then reducing its dimensionality,
the embeddings are learned directly from a large corpus by teaching the model to
solve a given task, usually a general one such as word prediction. In this case, the
task is generally referred to as language modeling.
The more recent neural models generally reach state of the art results for many ap-
plications and datasets: named entity recognition (X. Wang et al., 2021); reading
comprehension (K. Sun, Yu, et al., 2019); semantic parsing (J. Zhou et al., 2021)
and more4.
As mentioned already in the beginning of this section, this is to be expected: dis-
tributional representation has, at its core, a hypothesis rather than a specific goal
(as it is the case for formal semantics), because of this, any step is considered a
success, regardless of the direction and the inherent issues present in the models.

4A list of current state-of-the-art models for NLP can be found at http://nlpprogress.com/
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2.2 Semantic Parsing

The task of mapping natural language utterances to representations of their mean-
ing using an explicit formal language is generally defined as semantic parsing
(Kate et al., 2010).
Over the years semantic parsing has represented a central topic of research in
natural language understanding (NLU). The act of mapping a natural language ut-
terance to a structured meaning representation has several benefits (Kamath et al.,
2018), such as:

• it helps solving the ambiguity inherently present in all natural languages;
• it allows for reasoning and inference;
• it is extremely flexible, being re-usable in many applications.

Furthermore, as mentioned already, formal meaning representations resulting from
semantic parsing are generally understandable and interpretable by humans as
well as machines. This makes these kinds of models easier to maintain and up-
date in contrast to modern distributional models.

Generally, models for semantic parsing differ along two main dimensions: the
logical language used to represent meaning, and the techniques implemented to
actually map the natural language utterance.
While the former has been discussed in Section 2.1, the techniques which can be
implemented, usually fall into one of three categories: rule-based, statistics-based
and neural, as it is the case for many other NLP tasks.

Another level of difference is described by Cheng et al. (2017), where the
authors define two main approaches: under the first one, the mapping from ut-
terances to meaning representations is done directly via the use of a task-specific
grammar (Berant et al., 2013; Groschwitz et al., 2015; Kwiatkowksi et al., 2010;
P. Liang et al., 2011; L. S. Zettlemoyer et al., 2005); in contrast, under the second
one the utterance is first parsed to an intermediate, task-independent representa-
tion according to a syntactic parser, which is then mapped to a semantic repre-
sentation (examples of this approach can be found in Cheng et al., 2017; Gardner
et al., 2016; Kwiatkowski et al., 2013).

The main benefit of working under the latter is that the intermediate inter-
pretations can be reused afterwards, even for different tasks, which would further
improve the reusability of the final model and its parts. Nevertheless, as expressed
in Bender et al. (2015), in recent years the lack of an explicit connection between
surface linguistic representation and their underlying meanings (which is the core
idea behind using self-supervised neural networks), represents an important draw-

43



back of recent proposed models for semantic parsing. Furthermore, the recent fo-
cus on domain-specific tasks rather than general-domain applications also hinders
the aim of a general-purpose natural language understanding.

The following sections define some of the proposed models for semantic pars-
ing.

2.2.1 Rule-based systems

Rule-based paradigm has mostly been used in early semantic parsing systems.
There are several benefits of using rule-based systems: they do not require a lot of
data or powerful hardware in order to be implemented, they are easier to maintain
and update, and they tend to be easy to implement together with external informa-
tion. On the other hand, they generally suffer from poor generalizability and poor
disambiguation ability.

Early on, an important step to make the systems more responsive to changes
in the context was to employ semantic categories and rules in semantic-grammar
models (Kamath et al., 2018). For instance, the Rapidly Extensible Language
(REL) (Dostert et al., 1969) performs semantic analysis first, to then map syntac-
tic arguments to objects from a a datasets.
Another early system is the Lunar Sciences Natural Language Information Sys-
tem (commonly referred to as LUNAR) (Woods, 1973; Woods et al., 1972), which
makes use of a parser based on syntactic and semantic information to represent the
meaning of queries written in natural language. In particular, the system makes
use of rule-driven semantic interpretation and a domain-specific dictionary to in-
terpret questions and answer them according to a background knowledge base.

The Language Access to Distributed Data with Error Recovery (LADDER)
system described by Hendrix et al. (1978) and Sacerdoti (1977) is developed in
order to retrieve information from the domain of Navy commands. The parser for
this system is built on domain-specific labels rather than grammatical ones.
Thus, for instance, rather than labels such as NOUN-PHRASE or VERB-PHRASE,
LADDER uses labels such as ship specification and carry-verb phrase
to interpret queries. For instance, in a question such as Where is the Kennedy?,
Kennedy would not be interpreted as a noun phrase, but rather as a ship name,
thus leading to more domain-specific representations.

The use of pattern recognition to give more freedom to users with their in-
puts is a step in the right direction compared to other earlier systems such as
Clout, which lacks the acceptance of misspellings, and NaturalLink, which em-
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ploys menus with pre-defined phrases (Johnson, 1984).
Templeton et al. (1983) describe the End-User Friendly Interface to Data man-

agement (EUFID), which employs a domain-specific dictionary and rules in order
to map input sentences into a semantic graph. In order to account for incomplete,
or mistyped inputs, the system takes into account all the possible partial parses
of the input. As described by the authors, this system is mainly semantic, and
syntactic conditions are introduced only when semantic ambiguities arise.

In an early survey on the commercial applications on NLP techniques (John-
son, 1984), the authors describe the system SAVVY as the pioneer in the field of
micro applications for the industry. SAVVY is a semantic parsing system, devel-
oped around pattern-matching, with patterns specifically built in order to accept
even ill-formed queries.

Despite some of the early successes with this kind of system, they present
many issues. Generally speaking, rule-based systems take a lot of manual effort
in order to be implemented: every rule has to be created and then checked so that
it does not cause any contrast with pre-existing ones (Chiticariu et al., 2013). In
addition, these systems usually do not generalize well, since it is hard to rule out
every possibility inherently present in natural languages (Waltl et al., 2018).
Furthermore, once a domain-specific dataset or set of patterns is implemented
together with the parser, it is hard to re-implement it for a different task (Kamath
et al., 2018), which hinders the access to previously generated resources.

2.2.2 Statistical Systems

One step toward improvements in terms of generalization is represented by statis-
tical models. While rule-based systems employ pre-defined rules to map meaning
representations, statistical systems learn the most likely representation for utter-
ances using a background dataset as a source of knowledge.

The CHILL system described by Zelle et al. (1996) represents one of the ear-
liest attempts at developing a model based on learning probabilities for seman-
tic parsing. In particular, the training is done on a corpus of pairs question -
query, which is the most common method implemented to train such systems.
One of the main issues in the CHILL system is that it needs a certain number of
(non-trivial) manually annotated natural language utterances in order to be trained
effectively. Furthermore, it is based on a hand-built domain-specific lexicon as a
source of external knowledge. Both these issues have been looked into, in order
to find whether the processes could be automated.
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The work by C. A. Thompson et al. (1999), for instance, employs the use of
selective sampling techniques to reduce the number of manual annotations needed,
by filtering out less informative parses.

In C. Thompson (2003), on the other hand, the authors focus on automat-
ing lexicon acquisition by using the training set and semantically labeled trees.
Furthermore, the parser learnt using the latter system can be easily ported to lan-
guages other than English.

All these works use Prolog (Giannesini et al., 1986) as a formal language to
represent meaning. By contrast, the system described in L. S. Zettlemoyer et al.
(2005) is trained on pairs of question - logical forms, where the logical
forms are represented by lambda calculus expressions. In this work, a proba-
bilistic grammar is automatically learned by mainly using domain-specific lexical
features. This grammar is then used to assign probabilities to the different possi-
ble parses in case ambiguity arises.
In particular, the grammar used is a probabilistic extension to combinatory cat-
egorial grammar (CCG) (Steedman, 1996, 2000). The authors further improve
on their results in another work (L. Zettlemoyer et al., 2007) by making the CCG
more flexible in which kind of inputs it accepts.

The systems hereby described are all fully supervised, that is they are trained
on pairs of natural language sentences and their mappings into some kind of for-
mal language. Other solutions of weak supervision have been explored through
the years.
For instance, efforts have been made in training statistical systems by pairing nat-
ural language utterances with the result of their corresponding logical queries on a
dataset (rather than with the query itself) (Berant et al., 2013; Clarke et al., 2010;
Kwiatkowski et al., 2013; Pasupat et al., 2015), or with the behavior they are sup-
posed to cause in systems (Artzi et al., 2011; Goldwasser et al., 2011).
The main benefit of these models based on denotations is that it is usually eas-
ier to manually create the needed datasets rather than annotate natural language
utterances to their logical form. For instance, in a QA environment this would
mean annotating a question with its answer from a knowledge base, rather than
the query it should be mapped to. Furthermore, while there exists many possible
logical languages, denotations are usually less specific, which means that these
datasets can be reused for other systems as well.

Among these, of particular interest is the model proposed by Kwiatkowski
et al. (2013). The parser adopted by the authors is made of a two-step process:
first, domain-independent CCG parse trees are built and then these trees used to
write under-specified logical forms; then these logical forms are matched to a
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domain-specific ontology by replacing under-specified constants with constants
representing concepts from the ontology. A model is then trained by using these
parsers, together with the final answers to the questions.
The main contribution of this work is the possibility of reusing the results from
the CCG parsing step for other tasks and/or other domains.

Other methods of weakly supervised and unsupervised statistical model are
further described by Kamath et al. (2018).

2.2.3 Deep Learning Systems

In recent years the use of neural systems has become more and more common for
many NLP-related tasks. This applies to semantic parsing as well.

The use of neural networks (NNs) to solve this task has many advantages:
most importantly, it avoids the need for explicitly defined lexicons, templates and
features, thus making the model easier to get going while also being easily adapt-
able to other domains. Furthermore, this means that all the model needs is a corpus
of examples to be trained on. Finally, it makes full use of vector space models to
represent words, which comes with all the advantages of this kind of model.
On the other hand, this also means that these models come with all the issues re-
lated to neural models, such as the high amount of data needed in order to train
them, and the difficulty to update and maintain them.

There are two main paradigms in deep learning systems for semantic parsing.
In the first one, this task is tackled as if it were a translation task: that is, the neural
systems are trained on a set of pairs utterance - logical form to learn how
to map natural language utterances to their corresponding logical form. In the
second one, neural modules are implemented to solve specific subtasks for the
general aim of semantic parsing.

Semantic Parsing as Translation

A traditional bag-of-word approach with word embeddings would not be bene-
ficial for the task of semantic parsing, since information about the order would
be lost and the semantics of an input is strictly related to its surface form. Thus,
one possible solution is to make use of recurrent neural networks (RNNs) (Elman,
1990), which allow for a better representation of sequences of words in a vector
space by retaining information about the original structure of the input.
One such architecture is Long-Short Term Memory (LSTM), which is useful to
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learn long-term dependencies by representing information from the context pre-
ceding a given word (Hochreiter et al., 1997). LSTM makes use of gates to com-
pute whether a piece of information should be kept or deleted, and to what extent.
Similarly, a bidirectional LSTM (BiLSTM) takes into account both the preceding
and the future context of a word.

In Dong et al. (2016), for example, authors train a model to map natural lan-
guage inputs to a logical form representation by employing a Seq2Seq model: an
encoder first maps the input to a vector representation; then a decoder maps this
representation to a logical form expression. Each of the encoder and decoder have
LSTM units, and an attention mechanism is implemented from the decoder to the
decoder to make full use of the hidden vectors of the input sequence.

The integration of character-level representation is explored by van Noord et
al. (2020), together with a contextual language model, to improve semantic pars-
ing. According to the results found by the authors, these improvements are larger
than those resulting from the implementation of individual sources of linguistic
information (e.g., POS, dependency parses, or semantic tags) together with word
embeddings.

Nevertheless, many issues arise in working with these kinds of systems. First,
they are extremely data-hungry. While some languages (especially English) can
benefit from a large amount of data freely available on the Web, the same cannot
be said about other languages. Similarly, the recollection of training data for spe-
cific tasks and specific domains can represent a very cost-intensive effort.
Additionally, certain words or combinations of entities-relation may appear with
a low frequency in the dataset, thus affecting their final representation.

Neural Modules for Subtasks

The models proposed by Bao et al. (2016) and Sorokin et al. (2018) aim at map-
ping natural language questions to semantic queries through a series of staged
actions. One of the issues to solve in order for such a model to be effective is the
implementation of a system to find the correct final graph among all the possible
inferential chains that may arise given an input question.
The use of linguistic information on top of these systems can be extremely useful
in solving this issue. Bao et al. (2016), for instance, propose the implementation
of a type constraint: from the input question, in fact, the model could infer the
type of answer, and this information can be used to prune the list of possible re-
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lations. For instance, in the question Who painted the Mona Lisa? the who is
already defining that the answer is some kind of person. Furthermore, entity types
can be used to further filter out impossible relations by making use of information
about domain / range, thus reducing the amount of data needed to train the model.

In the work done by Sorokin et al. (2018), this is further implemented in a
Gated Graph NN (GGNN), which is used to compute a final representation for
the resulting graph. Most interesting, this final graph representation incorporates
information from both a KB and word embeddings.

Once again, these models need a large amount of annotated data to be trained
on, something that is not easy to find for specific languages and specific domains.
But what this kind of model shows is that neural networks can be implemented
to solve smaller, narrower tasks, and the outputs of these task can be combined
through other techniques to build the final semantic representation. The main
benefit of such a system is that the amount of data needed is lower than that needed
to train a neural model for full mapping of semantic representations.
In particular, since the rise in popularity of freely available pre-trained contextual
models (e.g., BERT) this can be easy to implement via fine-tuning of a small task-
specific dataset which is easy to obtain or annotate (M.-T. Nguyen et al., 2020).

2.3 Neural Word Embeddings

Recently, the use of short, densely populated embeddings to represent words has
seen an increase in popularity in many NLP tasks. Since the work by Bengio et
al. (2003), these embeddings are usually built by implementing a Neural Network,
despite some count-based implementations still being used, with the most popular
one being GlOve5 (Pennington et al., 2014).

These models have also been improved by the many efforts made regarding
neural network architectures, in particular since the implementation of models
such as RNN (Melis et al., 2017; Zaremba et al., 2015), which allows for outputs
at each epoch to be used as inputs for next epoch. This means that information
does not get lost along the model, and that historical information is retained.
Another such model is the convolutional neural network (CNN) (Dauphin et al.,
2017), in which a small matrix of weight is passed over the inputs to get only the
most salient information from each subsection of the input. While mainly used

5https://nlp.stanford.edu/projects/glove/
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for computer vision tasks, CNN has been used in NLP as well, in particular in
combination with LSTM (Chiu et al., 2016; J. Wang et al., 2016).
Generally, neural word embeddings are learned by training the model on the task
of Language Modeling, that is the prediction of the probability of a given word
sequence. The final objective is for acceptable sequences to have a high proba-
bility, and for unacceptable sequences to have a very low probability. While this
task might seem rather simplistic, it actually lets models learn a lot about language
use, as proven by the many applications of LMs (Qiu et al., 2020b).

Indeed, one of the main benefits of these models is that, since they are trained
to solve a general task, the embeddings they create can be used for other tasks as
well, even on their own (Petroni et al., 2019). Furthermore, they can also be used
on more specific tasks by implementing a phase of fine-tuning, during which the
vectors are re-adjusted on a smaller dataset in order to solve more narrow tasks.

Generally, word embeddings are classified into one of two families: static
embeddings, in which one fixed vector is learned for each word in the vocabu-
lary; and contextual embeddings, where the model learns, for each word, several
embeddings reflecting the word’s use in different contexts.

2.3.1 Static Word Embeddings

One of the earliest and most influential models for word embeddings is word2vec6,
proposed by Mikolov, Yih, et al. (2013). The main intuition behind word2vec is
based on the work on self-supervision (Bengio et al., 2003; Collobert et al., 2011),
that proved how a neural network could be trained to predict the next word in a
sentence using only a corpus as a training dataset. The main benefit of this archi-
tecture is that it overcomes the need for annotated training data, and still encodes
embeddings representing useful information about tokens.
Word2vec makes use of two separate algorithms: the Continuous Bag of Words
Model (CBOW) and the skip-gram with negative sampling (SGNS), that learn
embeddings by using two different tasks. In CBOW, given a right and left con-
text, the model tries to predict the central word. In SGNS, on the other hand, the
process is the opposite: given a word, it tries to predict the words in the right and
left contexts.
The embeddings that are created represent words, both in terms of semantics and
in terms of syntax usage. This is proven by the applications of word2vec in sev-

6https://github.com/tmikolov/word2vec
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eral tasks, such as NER (Das et al., 2017; Horn, 2017; Sienčnik, 2015), sentiment
analysis (Acosta et al., 2017; H. Liu, 2017; Petrolito et al., 2018) and syntactic
parsing (Ling et al., 2015).

One of the main issues with word2vec is the handling of out of vocabulary
(OOV) words, which cannot be encoded in the same way as other words as they
never appear in the training corpus. Furthermore, a rich morphology can affect the
model, since the different forms for nouns and verbs could occur with different
frequencies in a given corpus. A possible solution to both these issues is the one
implemented in fasttext7, as described in Bojanowski et al. (2017) and Joulin et al.
(2017).
In fasttext each word is in fact represented by both itself and a bag of constituents
of length n. For instance, the word Gioconda with n = 3 would be represented by
<gioconda> and <gi, gio, ioc, oco, con, ond, da>. Then, embeddings
are learned using a skipgram model for each of these constituents and the word
itself. In case the word has never been seen before, it is represented by a function
of its constituents.

Nevertheless, the main issue with static embeddings is that each word (or con-
stituent) is represented by one fixed vector. This does not reflect the natural use
of language, where a word such as bank has two different meanings based on
the context it is used in: going to the bank for a loan and the river bank is full
of flowers. These two different meanings should be represented by two different
embeddings, which is the main reasoning behind the development of contextual
embeddings.

2.3.2 Contextual Word Embeddings

In contextual embeddings, each token is represented by a function of the input
sequence, so that its modeling depends on the sense in which the word is being
used (Q. Liu et al., 2020). One of the precursors of modern contextual embedding
methods is the work presented by A. M. Dai et al. (2015), in which a sequence
autoencoder is implemented to improve sequence learning.

Among more recent works in the field is the Embeddings from Language Mod-
els (ELMo) (Peters et al., 2018), in which the input raw vectors are first computed
based on a character-level CNN, then passed through two layers of bidirectional
language model (biLM).

7https://fasttext.cc/
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A biLM works in two steps: first, a forward pass uses the context before a word to
predict the word itself; a backward pass, on the other hand, predicts a word based
on the context following it. The representations resulting from the first layer of
biLM are fed into the second biLM layer, which outputs another set of represen-
tations. The weighted sum of these two intermediate representations and the input
raw character-based vectors is the final ELMo representation.

This model greatly helps retaining information about context in a sentence. It
has seen application in many tasks such as word sense disambiguation (Kutuzov
et al., 2019), NER (Dogan et al., 2019; Sheikhshab et al., 2018; Zhai et al., 2019)
and semantic parsing (Einolghozati et al., 2019; Oren et al., 2020; Rongali et al.,
2020).

A groundbreaking innovation in NLU is represented by the proposal of the
Transformer model, described by Vaswani et al. (2017), which makes full use of
the concept of self-attention.
The main idea behind self-attention is that, given an input sentence, the represen-
tation of each of the tokens should be associated to the representations of other
tokens in the same sentence. For instance, given the sentence:

(4) When I visited the Louvre and saw the Mona Lisa, I found it smaller than
I expected.

the embedding for it should, in some way, encode the fact that it refers to the Mona
Lisa, rather than to the Louvre. With self-attention, during the processing of each
token, the model looks at other positions in the input sequence, then it gives more
or less attention (in terms of weights) according to the desired results.
In the Transformer model, self-attention is applied at each step of the training
process. The results are incredibly good, with the base model outperforming other
models for many tasks, while also being relatively fast to train since it is able to
employ parallelization (Vaswani et al., 2017).

This, however, comes with a high price in terms of data and hardware. One
of the benefits of the models, though, is that a big model pretrained on a general
language task (such as word prediction) over a large amount of data, can be fine-
tuned on a downstream task, that is going through a smaller steps of re-training on
a more specific task to finely adjust the embeddings in order for them to be usable
in that specific task. This process is also known as transfer learning.

Transfer learning has become a staple in recent NLU researches since the raise
in popularity of Transformer models, such as BERT, proposed by Devlin et al.
(2019), and the Generative Pre-trained Transformer 3 (GPT-3), proposed by T.
Brown et al. (2020), especially with the raise in availability of pre-trained model
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on the web8

BERT is one of the most popular choices in this regard. It employs a Transformer
model that looks over the whole sentence both from left and right of each token
during training. In order to solve the issue of OOV words, the original BERT em-
ploys a WordPiece tokenizer, where each word is split into subword units learned
statistically over the vocabulary of the trained corpus (Y. Wu et al., 2016). These
subword units may represent morphemes, but this is not always the case (West-
helle et al., 2022).
Furthermore, BERT is trained on two separate tasks at the same time: Masked
Language Model (MLM), which first replace around 15% of the tokens with a
[MASK] token, then tries to predict those replaced units; and Next Sentence Pre-
diction (NSP), that predicts whether a sentence might follow the previous one.
Over the years, many models have been proposed based on the BERT architecture,
for instance:

• RoBERTA (Y. Liu et al., 2019), which removes the next-sentence prediction
while implementing dynamic masking, where the masked tokens change
during training;

• XLNet (Yang et al., 2020), which introduces permutation language model-
ing, where all tokens are predicted in random order;

• SciBERT (Beltagy et al., 2019), based on base BERT and pre-trained on
scientific publications.

These models have been implemented for various tasks, generally achieving state-
of-the-art results. Some examples include: NMT (Clinchant et al., 2019; Zhu et
al., 2020); text classification (Chang et al., 2019; Garg et al., 2020); semantic
parsing (He et al., 2020).

As previously mentioned, despite the great results in many applications, issues
are still present in terms of bias and lack of grounding in any sort of knowledge
of the world (Bender et al., 2021). Similarly, while multilingual support is present
for several BERT models, the results are not coherent across all languages (S.
Wu et al., 2020), and the languages supported still do not cover for many of the
low-resource languages around the world (Joshi et al., 2020).

8For instance, the platform Hugging Face Transformers provides APIs to quickly access and
train models, https://github.com/huggingface/transformers.
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2.3.3 Integration of Structured Knowledge into Embeddings

Recently, there have been many efforts regarding the injection of knowledge from
an external, structured source into word embeddings, in order to solve some of
the issues inherently present in distributional models (Roy et al., 2021). In Sheth
et al. (2017), the authors describe three main situations where the use of structured
Knowledge Bases can be used to improve neural models:

• in cases where hand-labeled data is not readily available;
• in case the text to be recognized present complexities, for instance in the

type of entities to classify, or in the inherent subjectivity of some features
(e.g., emotions and intention);

• in cases where multimodal data is present.
The need to bridge the gap between the two paradigms of AI is generally referred
to as neural-symbolic integration (Bader et al., 2005), and in the field of distribu-
tional representation the attention to this topic has been rekindled in recent years
by the need to enhance language models so that they can support actual, explicit
grounding to real-world concepts (Peters et al., 2019). The main benefit of do-
ing this is that the contexts of use, inherently encoded by word embeddings, can
benefit from explicit semantics and syntax knowledge, extracted using an external
source of data.

The analysis presented by H.-Y. Wang et al. (2017) proves that the inclusion
of relational information in distributional models improves the final results for
tasks such as word similarity and analogical reasoning, thus making the process of
integration an improvement both in terms of final results, and in terms of climbing
the right hill (Bender et al., 2020).

While many approaches exist, Emerson (2020) introduces three paradigms for
grounding structured information into distributional models:

1. by training a base distributional model and then combining it with a grounded
model;

2. by linking distributional and grounded features through correlations;
3. by jointly learning distributional and grounded parameters.

The author admits that the last option would be the best option to ground corpus
data, but it is also the most computationally intensive one to recreate (Emerson,
2020).

Another classification of the current paradigms for the infusion of knowledge
in Deep Learning for NLP is the one proposed by Sheth et al. (2019). The authors
investigate three paradigms for knowledge infusion: shallow, semi-deep and deep.
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In shallow infusion, the structure of knowledge is disregarded, as it is first trans-
formed into a flattened intermediate form, so that it can be directly injected into
the learning model without any significant change. The external information is
injected by first training a model on a large corpus, and then used as an input for
a second, task-specific, model.
In the semi-deep paradigm, alternatively, the addition of structural (e.g., depen-
dency relations) or symbolic (e.g. attention probability) information is used to
resolve some mismatches that might be present in a deep net. This is effective in
learning features that the model is unable to learn from text alone.
Deep infusion paradigm, finally, is based on the combination of representations
learned from a deep neural network with semantic information from KGs, that
can be used to reveal patterns that might have been missed. In particular, the au-
thor suggests that this kind of infusion should be applied within the latent layers
of a neural network to boost learning (Emerson, 2020).

In this work, the paradigms are divided in two main categories, according to
how structured knowledge is integrated in distributional representations: it can be
done with regards to a specific task, for instance relation extraction; or external
knowledge can be injected directly into the training steps of a LM, which would
make the final results usable in many different environments and settings, and
more robust to changes in language/domain of use.

Task-Specific Integration

Over the years, the integration of external sources of knowledge together with
word embeddings has been explored for several task-specific applications. These
paradigms for integration are generally implemented at the level of the models, or
at the level of the training dataset.

Model-level integration Passos et al. (2014) propose the use of a lexicon to-
gether with a space vector model to improve the results on NER. In particular, on
top of a the word prediction task of the Skip-gram model, this system features a
classification task over possible lexicon classes, derived from Wikipedia pages.

Celikyilmaz et al. (2015) describe two models specifically designed to enrich
word embeddings from word2vec with structured information for the semantic
parsing to natural language queries. The first is Context and Entity Constrained
Model (CECM), which puts implicit constraints on the context of the word by
querying a dataset. More precisely, this model maximizes the log likelihood of
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each query token given both its context words and any other entities present in
the question itself, according to an external source of knowledge, for instance
Freebase.
The second model is a Relation Encoding Model (REM), which further encodes
relational data into the previous CECM method inspired by the TransE model
(Bordes et al., 2013). In particular, the assumption is that given a triple (s, r,
o) present in the Knowledge Base, the vector representing the relation realization
r should correspond to a translation of embeddings from subject realization s to
object realization o. Thus, by enforcing the equation s+ r ≈ o the embedding
representing r would effectively retain information about the relation it realizes.
To implement such a model, a precise Entity Linking and Relation Extraction
process is needed, which is not always possible to include for every language and
every domain.
While the TransE model is used to create Knowledge Base embeddings, CECM
and REM are used to build word embeddings. One of the issues related to this
technique is that for it to be implemented it has to be assumed that all the entities
present in a knowledge base have enough examples in linguistic data for them to
be expressed in the form of meaningful embeddings.

Another method to integrate linguistic information together with structured
knowledge is presented by Long et al. (2016), who propose the use of entities’
textual description, which might be available in certain datasets, to better initialize
the TransE model. While this solution might work with some specific knowledge
bases (e.g., WordNet, Freebase and Wikidata), the assumption that entities’ textual
description are available of all datasets is not always true.

Data-level integration While the solutions previously described are integrated
during the training step of neural models, another set of solutions operate at the
corpus level, by creating better and more robust examples in order to improve
pre-training and fine-tuning.

As mentioned already, one common issue in these neural systems is how they
handle rare words, or rare features. While one possible solution to rare words is to
use subword tokenization rather than word-level tokenization, this does not help
with having more robust examples for other features, for instance entity-relation
pairs. Because of this, efforts have been made in the use of knowledge injection
to have better examples for such rare phenomena.

Jia et al. (2016) explore the application of a recombination process to create
more robust training examples. In particular, given a question as an input, any
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entity is first substituted by its type. Then, each type is replaced by each of the
possible entities once, creating a new set of examples.
This process, visualized in Example 5, can leverage either an external lexicon or
contextual information for entity recognition.

(5)

Original Examples

who painted [the mona lisa]?

when was [guernica] painted?

Entity Replacement

who painted painting?

whan was painting painted?

Recombination

who painted the mona lisa?

when was the mona lisa painted?

who painted guernica?

when was guernica painted?

This would, in turn, improve how much the system can generalize by actually
providing a set of examples reflecting the typology of entities. Indeed, in order to
complete such a process, the corpus needs to be augmented by some sort of entity
classifier and/or entity linker.

Dimitrakis et al. (2019) describe how resources, such as lexicons, can be ex-
ploited to reformulate questions in Information Retrieval tasks. Techniques for
reformulation based on the redundancy approach for QA have also been explored
by J. Lin (2007).

Similarly, an external source of structured knowledge can also be used to au-
tomatically label data. This, in particular, has been proven particularly useful for
the task of relation recognition. In fact, while information about relations may be
learned by a neural system by training a NN on a classification task, the annotated
data needed for such a training effort is not always easy to find, in particular for
specific languages. Furthermore, the manual annotation of such a dataset requires
a huge effort by experts in specific domains.
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One possible solution to this issue is to apply distant supervision, as first proposed
by Mintz et al. (2009). The main idea behind this technique is that, given a set of
triples (subject, relation, object) from a KB, and a set of possible sur-
face forms that the subject and the object can take in NL utterances (mentions), it
is possible to automatically label any sentence containing a mention of the subject
and a mention for the object as being representative of that specific relation. The
main assumption is thus that, if a sentence shows both a mention for the subject
and a mention for the object, it should be given for granted that the sentence would
also realize in some way or another the relation between the two.
Thus, given the triple (mona-lisa, created-by, leonardo-da-vinci), a
list of possible mentions for mona-lisa such as [mona lisa, gioconda], and
a list of possible mentions for leonardo such as [leonardo, leonardo da
vinci], the following sentences would be labeled as representing the relation
created-by:

(6) Leonardo painted the Mona Lisa
The Mona Lisa, one of the most famous paintings by Leonardo da Vinci,
is currently displayed in The Louvre.
Leonardo da Vinci is especially renowned as the author of the Mona Lisa.

Distant supervision is easy to apply to any combination of DB/corpus, given that
a mapping from entities to mentions is available, as proven by Mintz et al. (2009),
who uses Freebase as a background DB, with a named entity tagger to link men-
tions to entities.
The distant supervision paradigm has since been used for other applications. For
instance, W. Xu et al. (2013) apply this technique to Knowledge Base completion.

Baldini Soares et al. (2019) propose to extend distant supervision by applying
distributional hypothesis to fine-tune a Transformer model.
Given a dataset automatically labeled by levering information from an external
dataset, the authors define a relation statement as a triple (x, s1,s2), with x be-
ing a sequence of tokens, and s1 and s2 being indices delimiting entity mentions
in x.
As opposed to the model described by Mintz et al. (2009), this system does not
train a classifier, but rather it learns to map a relation statement to a fixed-length
vector representing the relation between the two entities of interest. This is done
by maximizing the probability that two relation realizations between the same two
entities represent the same relation in the Knowledge Base.
Finally, the sentences representative of relations are modified, so that entity men-
tions may be replaced by a special [BLANK] symbol. This is done so that the
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system does not simply relearn the entity linking system, which would otherwise
perfectly solve the task.
By employing this method, relations can effectively be encoded in the same space
as word embeddings, by making full use of the data available on the Web while
still leveraging information from a structured source of data. In particular, the
system is applied as a fine-tuning step to BERT base model.

One further improvement to the model defined by Baldini Soares et al. (2019)
is the application of pronoun resolution in order to cover for sentences where
entity mentions are implied. This is extremely common in Italian data, and would
improve the system greatly.
One of the main issues with distant learning is that its basic assumption that every
sentence mentioning a subject and an object of a relation also shows realization
of a relation is a strong one. Furthermore, this process tends to create extremely
noisy results if the output is not checked, since any error in entity linking will also
propagate in the final annotated output.

Another possibility is to leverage Natural Language generation to build task-
specific datasets from KB triples. The main idea is to convert triples into sentences
by using relation templates, and has been applied in many different environments,
such as story generation (Guan et al., 2020), QA (Ma et al., 2020; Ye et al., 2020)
and relation classification (Bouraoui et al., 2019). While the basic approach to
this kind of system is to handcraft templates for sentence generation, distant su-
pervision might also be implemented to automatically mine templates (Bouraoui
et al., 2019; Safavi et al., 2021; Ye et al., 2020).

The use of linguistically motivated templates can help improve distant super-
vision by removing noisy examples on the basis of structured, grounded informa-
tion.

One general issue of the presented methods is that, while they are useful in
solving specific issues, the embeddings are not re-usable for more general tasks.
A better solution in this regard is to inject knowledge directly into the Language
Modeling task, so that it can then be leveraged together with linguistic informa-
tion, and reused for different applications.

Knowledge-enhanced Language Models

In recent years, many efforts have been made in trying to leverage structured
source of knowledge in the pre-training step of LMs. While this can generally
be done by connecting word embeddings to information from a KB by employing
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an entity-aware model, new Transformers models have given new possibilities
in this regard, in particular through the usage of the attention module. As such,
knowledge-enhanced transformer models can be used to improve the represen-
tation of meaning by integration with an external source of knowledge.

Entity-aware Language Models Bian et al. (2014) integrate morphological,
syntactic, and semantic knowledge into word embeddings through several steps.
On one hand, morphological information are integrated by exploiting either a
root/affix or syllable dictionary, in place of the standard word dictionary.
This helps both introduce external knowledge into the system, while also reduc-
ing the overall vocabulary size and helping with unseen words. This is not too
dissimilar to the word-piece tokenization employed in BERT, but while original
BERT learns its WordPiece tokenizer statistically, this method can be guided by
linguistic knowledge to split words into actual morphemes.
Syntactic and semantic information, on the other hand, are implemented by ex-
tending the original word vector to include further information. For instance, an
entity vector would be a one-hot vector containing non-zero values only in po-
sitions which would indicate that the word belongs to certain entity categories.
Relationships and POS value could be represented in a similar way as well.
While this method proposes an interesting and simple way to integrate external
structured source of knowledge, the extension of the original word vector would
affect the hardware usage, making this process less cost-effective than other pro-
posals where embedding dimensions do not change. Furthermore, the information
would get implemented in different parts of vectors, without any kind of commu-
nication between them.

Another integration of external knowledge for word2vec is the Relational Con-
strained Model (RCM) presented by M. Yu et al. (2014). RCM refers to an ob-
jective in which words are predicted based on some externally represented rela-
tionship (e.g., a property from a knowledge base). This model learns embeddings
by jointly training the cbow objective from word2vec, together with RCM, thus
integrating external knowledge into the basic word2vec contextual representation.

The method presented by Faruqui et al. (2015) first learns embeddings based
on distributional information, then post-process them based on semantic lexicons,
so that words linked by any relation end up having similar word representations.
In practice, once embeddings are learned, they are retrofitted so that they are both
still close to the original learned vectors, while also being close to adjacent ver-
tices given a semantic graph representing a background knowledge base. While
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the authors experiment with three lexicons as possible sources of external knowl-
edge (a paraphrase database, Wordnet and Framenet) the model could be theoret-
ically implemented with any kind of knowledge base with the help of an entity
linking module.

Ahn et al. (2017) propose to combine symbolic knowledge from a knowledge
graph with a RNN LM. In particular, this model is based on connecting words to
a fact-based topic knowledge, where each fact is represented by a triple in which
the word realizes either the subject, the object, or the relation. One of the main
issues of this proposed model is that it is based on a simple process of string
matching, which might not be enough for entity linking (especially in case of
complex terminology compounds found in specific domains).

The model proposed by Yang et al. (2017) explores the use of references in
the training of Language Models. In particular, the authors propose three kinds of
references: references to a list (for instance a list of ingredients given a recipe);
references to a database; and references to other elements in the document.

As mentioned by Peters et al. (2019), one of the main issues of the entity-
aware language models is that they require a full annotation before training step.
For instance, the method proposed by Yang et al. (2017) requires annotation for
either one of the reference models, which might not be accessible given certain
languages. This necessity for high-level annotation can be reduced by employing
more weakly supervised models.

Knowledge Enhanced Transformers Many efforts have also been made in in-
jecting information from Knowledge Base into transformer models.

Peters et al. (2019), for instance, present KnowBert, in which the attention
mechanism is applied to embed knowledge bases into LMs. One of the main con-
tributions of this method is that the entity linking module that is used to connect
entity mentions to the entities they represent in the KB is learned jointly with the
language modeling task.
Then, once the entity linking process is completed, the information extracted from
the entity in the Knowledge Base is injected into the mention-span representations
built by BERT.
Finally, word representations are recontextualized according to the information
from the entity representation by making full use of a Multi-Head Attention as
described by Vaswani et al. (2017), between the word-piece representations and
knowledge-enhanced entity span vectors.

This information is then mapped to one-hot vectors, which can then be inserted
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into the self-attention layer of BERT. Furthermore, knowledge is shared among the
sub-networks through a layer of topical attention based on a trainable task-specific
query vector.

J. Zhou et al. (2020) propose Linguistics Informed Multi-Task BERT (LIMIT-
BERT) as an attempt to inject linguistic knowledge into LMs. In particular, the
core of this model is Multi Task Learning (MTL) (Caruana, 1993) to make repre-
sentations transferable between language-specific tasks.
In particular, every sentence in the training dataset is first automatically labeled
with POS tags, syntactic information and semantic information.
Then, during the language model training process, this information is fully ex-
ploited in several task-specific layers, each scoring its own objective. The loss for
each layer is taken into the account for the overall loss of LIMIT-BERT.

K-Adapter is an attempt to integrate both factual and linguistic information,
described by R. Wang et al. (2021), and it further shows a lot of flexibility by
integrating independent learning in its modules.
The main idea behind K-Adapter is that of using adapters, that is knowledge-
specific, independently trained modules with few parameters in which the outputs
of the intermediate hidden states of the pre-trained model can be inserted. In
particular, the authors propose a relation classification adapter for factual infor-
mation, and a dependency relation prediction adapter for linguistic knowledge.
The model is tested on RoBERTa, but it can be theoretically integrated with any
transformer model.

Bai et al. (2021), on the other hand, propose Syntax-BERT, a model specif-
ically built in order to introduce structured information about syntax in BERT
embeddings. In particular, the authors propose to exploit the information from
a dependency graph in the form of masks which are then attended to through an
attention layer.
Despite all these models are extremely efficient in integrating external knowledge
into transformer models, while also showing extremely good results, they all ask
for a huge amount of data and high costs in terms of hardware in order to be im-
plemented, and maintained. Furthermore, since their cores lie still in the LM part
of the system, they are still largely non symbolic.
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2.4 Graph-based representations

As mentioned already in Section 1.4, the use of graph-based structures to represent
information is particularly useful in those cases where the interconnectivity of
elements is as important as the elements themselves. Furthermore, in the field
of NLP the application of graphs has been proven to be extremely beneficial for
several reasons (Nastase et al., 2015):

• graphs can be useful in revealing regularities and patterns in data;
• graphs can be inspected by human’s eyes, providing insights that can be

applied to automatic methods.
The authors also underline some of the issues in the implementation of graphs for
NLP tasks, more specifically

• many graph-based algorithms do not scale well to large data sizes;
• data in NLP should be represented by streaming graphs (i.e., graphs whose

data changes over time), which represent a difficult implementation of data
Despite the issues still present, graphs represent an important topic in natural lan-
guage representation, as it is shown by the presence of several books and surveys
written on the topic (Hamza Osman et al., 2020; Mihalcea et al., 2011; Mills et al.,
2014; Nastase et al., 2015).

2.4.1 Graph-Based Text Representations

As mentioned in Section 1.4, the definition of a graph-based model for knowledge
representation offers much flexibility in the structure used for the representation.
This applies to natural language representation as well, where nodes and edges
can be made to represent language-related information of various forms, accord-
ing to the needs of a specific task (Nastase et al., 2015).
For instance, nodes might be used to represent units at the same hierarchical level:
this is the case, for instance, of dependency and constituency graphs, where every
node generally encodes a singular token. But we might also have elements of mul-
tiple hierarchical levels, for instance nodes might represent documents, sentence,
and words, in a tree-like structure.
Generally speaking, node can encode text units of various sizes such as words, col-
locations, word senses, sentences or documents. Edges, on the other hand, could
encode relations such as co-occurrence, collocation, syntactic structure, lexical
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similarity or domain-specific relations derived from ontologies.
For instance, in one of the first works to apply graph-based methods (Salton et

al., 1997), authors represent documents as a series of paragraphs. Both documents
and paragraphs are connected by edges, whose weights represent the similarity
scores between the texts, computed on the basis of vocabulary overlap.

L. Wu et al. (2021) introduce two major approaches to graph construction in
the field of NLP: static graph construction and dynamic graph construction. While
the former deals with the construction of the graph structures during preprocess-
ing (generally by leveraging existing parsing tools or predefined rules), the latter
aims at dynamically learning the graph structure on the fly, without resorting to
human or domain expertise.
In the following sections we introduce some of the graphs that have been imple-
mented in the literature for NLP-specific tasks.

Co-occurrence Graphs In a co-occurrence graph, the structure is built to cap-
ture the co-occurrence relation between words, that is the frequency of two words
co-occurring within a fixex-size context window. The idea of representing a lan-
guage unit in terms of co-occurrence context is also at the basis of the distribu-
tional hypothesis (see Section 2.1). The starting point of such a graph is generally
a co-occurrence matrix M of a given corpus C, where M(i, j) is equal to the number
of times the tokens i and j appear together in C given a context window n. Once
this matrix is obtained, L. Wu et al. (2021) underline two main ways of calculating
the weights of the edges between tokens:

1. pure co-occurrence frequency, as shown in Christopoulou et al. (2019),
Edouard et al. (2017), M. Zhang et al. (2020), Y. Zhang et al. (2020), and
H. Zhou et al. (2018),

2. point-wise-mutual information (PMI), as shown in J. Hu et al. (2019) and
J. Hu et al. (2020), Yao et al. (2019).

Since this kind of graph is based on the same general principle of distributional
hypothesis, they are rarely implemented together with a word embedding model,
but they are generally seen as a substitute for the purely distributional approach.

Dependency Graphs A dependency graph encodes syntactical information about
a piece of natural language text in the form of dependencies between words. Each
node encodes a single token, and the nodes are connected by two different kinds
of relations: dependency relations and sequential relations. Dependencies rep-
resent syntactical connections between two words (e.g., "subject of", "case of",
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Might does not make right!
Right makes right!

might does not make right

might 1 1 1 0

does 1 1 1 0

not 0 1 1 1

make 0 1 1 3

right 0 1 1 3

might

does

not

make

right

1
1

1

0

1

1

0
1

3

1

Figure 3: Example of a co-occurrence graph, with context window set at 4.
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Leonardo da Vinci painted the Mona Lisa

compound

compound nsubj

obj det

compound

Figure 4: Example of a dependency graph for the sentence Leonardo da Vinci
painted the Mona Lisa. The sentence was parsed using the CoreNLP online demo.

etc.), while sequential relations connect words adjacent to each other in the given
piece of text (L. Wu et al., 2021).
While extracting the sequentiality of tokens is trivial, extracting dependencies is
usually done through the integration of off-the-shelf NLP parsing tools (such as
Stanford CoreNLP9, spaCy10 and TINT11. While these tools generally work well
and are implemented without many changes, it is important to notice that their
results can sometimes be noisy, and their mistakes, if not fixed, can have effects
on the whole process. The kinds of error that can be encountered fall in cate-
gories such as: assigning the wrong POS tag, inconsistencies in the handling of
language-specific phenomena, and the handling of unknown words (Coden et al.,
2005b; Mikheev, 1997a).
Dependency graphs have proven successful as a means to integrate structured
linguistic information together with distributional representation (Bastings et al.,
2017; Marcheggiani et al., 2017; Vashishth et al., 2019).

Knowledge Graphs While the previously presented graphs include information
that is extracted by the texts on their own, for specific tasks it might be useful to
enrich the original data with external knowledge bases. As mentioned already
(Section 1.4), in recent years graph-based structures for knowledge representation
have become the norm on the Web, both for general-domain and domain-specific
knowledge. The integration of such knowledge is generally reliant on the task at
hand and the dataset one wants to implement, with a particular focus being put on
the representation schema that is put in place. In particular, the choice of which
ontology to use to represent data in this format is extremely important, and has an
impact on the task as a whole.
One of such representations, making use of information from WikiData, is shown

9https://stanfordnlp.github.io/CoreNLP/
10https://spacy.io/
11https://dh.fbk.eu/research/tint/
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SENTENCE

nighthawks is a 1942 oil on canvas painting by Edward Hopper

Q83872 Q203401Q3305213

sameAs sameAs sameAssameAsinstanceOf (P31)

creator (P170)

Figure 5: Example of a knowledge graph representation for the sentence
Nighthawks is a 1942 oil on canvas painting by Edward Hopper and the entities
it refers to according to Wikidata.

in Figure 5.
The usefulness of such integration lies in the fact that, in doing so, informa-

tion from both the text and a grounded source of knowledge can be encoded in
the same space so that the model can leverage information from both sources,
which makes this kind of graph representation of particular interest for the topic
of neuro-symbolic learning. This is particularly useful for tasks dealing with facts
and reasoning, such as Question Answering, but the process relies on complex
subtasks, such as entity recognition, relations extraction and word sense disam-
biguation, which add additional complexity to the final system.

2.4.2 Applications

Since the early applications of graph-based representation in semantic networks
(R. Quillian, 1968), graphs have been widely implemented to represent texts, in
particular as a way to solve the issues inherently present in distributional and Bag
of Words approaches. This section defines some of these approaches, by defining
the tasks they are implemented for.
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Summarization Traditionally speaking, one of the earliest areas of applications
for graphs in NLP has been text summarization. The models for text summa-
rization generally employ graphs where nodes represent text passages, rather than
tokens, and edges representing similarity between said passages.
Salton et al. (1997) show one of such applications: the authors propose graph-
based document representation on the basis of inter-document links between pas-
sages composing these texts. These passages can be seen as sentences or para-
graphs, and they are represented by a vector composed of the weight of the words
which are part of the passage. The weights are calculated on the basis of the im-
portance of the word for that specific term for that specific passage. Given these
passage vectors, the authors propose to connect passages on the basis of their sim-
ilarity, with more similar paragraphs or sentences being connected by a stronger
(i.e., with a higher weight) edge. The resulting graph can thus be used as a repre-
sentation of the internal structure of a document, from which the most important
(i.e., informative) passages can be extracted by traversing the paths composing it.
In Zha (2002) the authors propose a method for jointly doing keyphrase extrac-
tion and text summarization. The graph representation is an undirected weighted
graph, where nodes represent sentences. Two sentences are connected in case they
share terms, with the weight reflecting the similarity between these two sentences.
In addition to this representation, the authors also incorporate a value reflecting
sentence vicinity, so that close sentences would get a stronger link. On the ba-
sis of this representation, an algorithm is used to aggregate sentences into topical
groups, and then ranked according to their saliency score, and selected for the fi-
nal summary.
More recently, Mallick et al. (2018) first propose the introduction of a tf-idf-
inspired weight for cosine similarity between vectors-sentences, and then apply
TextRank(Mihalcea et al., 2004) to rank the sentences in order of importance, to
then generate a summary composed of the first n sentences.

Sentiment Analysis The use of graph-based representation for the task of senti-
ment analysis has been proposed in works such as Mukherjee et al. (2012), where
the authors first extract domain-specific tokens from sentences, and then extract
dependency graphs based on these tokens by taking into account immediate de-
pendencies. Then, these immediate dependencies are connected together in case
they share connection through some tokens, so that the list of tokens related to
domain-specific words can be extracted and expanded. Once these graph-based
representations are defined, they can be used as input to a sentiment analysis
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model, either making use of a rule-based classification based on a sentiment lexi-
con, or learning a supervised classifier such as the SVM.
A more refined model is proposed by K. Sun, Zhang, et al. (2019) to solve the
task of aspect-based sentiment analysis (ABSA), that takes as input a sentence
representing an opinion over an object, and its aspect (i.e., the element in the sen-
tence that is being reviewed). The tokens in the sentence are first encoded as word
embeddings learned through Bi-LSTM to allow for contextual information, then,
the sentences are represented as dependency graphs where each node defines a
token, initialized as its vector representation. The authors then apply GCN over
this dependency graph to include structural and explicit linguistic information in
the representations of tokens.
B. Liang et al. (2022), in a recent paper, propose an improvement of the model
proposed in K. Sun, Zhang, et al. (2019) by integrating external information in
the GCN-based model. In particular, the connection between two word-nodes
connected in the dependency graph is stronger in case either of the two words is
a word expressing sentiment according to the SenticNet knowledge base12. Fur-
thermore, the score for specific opinion words is also included in the graph: the
weight of the connection between two words also takes into account the sum of
the scores of the words connected, so that negative words would have a negative
impact on the connection, and positive words would have a positive impact on the
connection.

Machine Translation Graph-based representations for natural language utter-
ances have been recently explored for the task of Neural Machine Translation.
H. Chen et al. (2017), for instance, propose the representation of a specific sen-
tence as its dependency tree, which is then fed into a tree encoder (Eriguchi et al.,
2016; Tai et al., 2015) that captures both information for the word embeddings
computed on the text itself, and structural information from the dependency tree.
The trees are further used to control the attention mechanism as a source of prior
knowledge.
In Bastings et al. (2017), the authors take the Syntactic GCN model (Marcheg-
giani et al., 2017) to represent sentences, with a BiRNN model to encode the ini-
tial token embeddings, for the task of NMT. Marcheggiani et al. (2018) propose
an improvement on this model through the integration of semantic information
into a GCN model, in particular by integrating the outputs of a Semantic Role

12https://sentic.net/
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Labeling task, in the form of the arguments of specific verbs. The inputs are thus
knowledge graphs with vectors representing tokens and relations representing de-
pendency connections and semantic connections between verbs and arguments.
Similarly, Song et al. (2019) propose the integration of semantic structures for the
task of NMT, but instead of the outputs of an SRL module, the work leverages
Abstract Meaning Representations (AMR) (Banarescu et al., 2013), and graph re-
current network (GRN) (Song et al., 2018) rather than GCN.
Recently, K. Chen et al. (2022) have proposed the construction of a document-
level graph representation to improve NMT. More specifically, the graph is com-
posed of two kinds of nodes, i.e., sentence nodes and word nodes; and four kind
of edges, i.e., inter-sentence edge (connecting all sentence within a specific doc-
ument), sentence-word edge (connecting one sentence and all its content words),
intra-sentence edge (connecting subsequent words within the same sentence) and
co-occurrence edge (connecting word appearing in different sentences). Feature
representations are learned for each node using Graph attention networks (Guo
et al., 2019).

Keyphrases Extraction Keyphrases extraction represent one of the main areas
of applications of graph-based representation for NLP.
One of the most influential applications in this field is TextRank, the algorithm
proposed by Mihalcea et al. (2004) for the task of Keyword Extraction. The au-
thors propose the use of a co-occurrence matrix (Mihalcea, 2004), in which ver-
tices represent words, and each two words are connected by an edge if the lexical
units they correspond to co-occur within a window of size N. The authors experi-
ment with various filters, such as limiting which lexical units can be connected by
an edge. Once such a graph is built, the importance of each vertex is computed as
a score, by taking into account how many other vertices are linked to it, and how
important are these connected vertices. This iterative process is initialized with
arbitrary values, and then it iterates until it converges below a certain threshold.
The use of such scores was initially proposed in the field of Web page analysis, as
seen in Brin et al. (1998).

Over the years a number of extensions have been proposed on top of TextRank
(Firoozeh et al., 2020). For instance, ExtendRank (Wan et al., 2008) includes
weights as a way to better represent information about word co-occurrence. More
specifically, the authors extract a graph such as the one proposed in Mihalcea et al.
(2004), but where the edges also take into account the similarity of documents in
which the words co-occur, so that words co-occurring in more similar documents
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will have stronger connections.
Similarly, Florescu et al. (2017) propose the inclusion of a bias in order to give
higher probability to words appearing early in a document, and with high fre-
quency. Every word is thus weighted with its inverse position in the document,
and if it appears multiple times, it is weighted against the sum of all the inverse
positions.

TextRank has also been extended through the inclusion of topical information.
In Z. Liu et al. (2010), for instance, the authors propose Topical PageRank: they
first compute topic distribution for each word by using Latent Dirichlet Allocation
(LDA)(Blei et al., 2003), and the values for these distributions are then included
in the TextRank graph so that words that are more relevant to the document’s topic
will have higher scores. This model takes into account each topic retrieved when
computing the scores, which might be computational-intensive. An optimization
of said process is proposed in Sterckx et al. (2015), so that a single PageRank is
computed for each text, regardless of the amount of topics extracted.
A similar approach is proposed by Bougouin et al. (2013), with the main differ-
ence being that while Topical PageRank uses LDA, and thus needs background
training data to compute word distributions, this approach groups together similar
noun phrases (in terms of overlapping words) to represent a singular topic. Then,
the document is represented as a fully-connected graph where vertices are top-
ics (rather than words) and edges represent the semantic strength between these
topics. The TextRank algorithm is then implemented to rank each topic.

An extension of the model described in Bougouin et al. (2013) is the one
proposed by Boudin (2018). The graph proposed in this work, rather than repre-
senting each separate topic as vertices, makes use of a multipartite graph represen-
tation, in which each topic is partitioned in the keyphrase candidates it contains.
Each candidate is then represented as its own vertex, and is connected to other
candidates only if they belong to different topics. The weight of the edges be-
tween candidates is computed as the inverse distances between the occurrences of
said candidates in the document.

Semantic Relation Extraction The use of graph-based representation for the
task of Semantic Relation Extraction has generally been implemented as a means
to exploit external linguistic information, in particular since K. Xu et al. (2015)
have proven the usefulness of implementing shortest syntactic dependency paths
between arguments for relation prediction, and J. Li et al. (2015) observed that
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representations based on dependency graphs fare extremely well on the semantic
relation extraction task. Benefits of dependency trees for relation extraction have
also been described by Y. Zhang et al. (2018).

An early implementation of such ideas is found in Culotta et al. (2004). Given
a sentence, and the entities interested in a specific relation realized in the sentence,
the smallest common subtree containing both is extracted. Each node of the tree
is then augmented with specific features (e.g., POS tag, its Wordnet hypernyms,
the entity type, and so on). Based on these tree representations, the authors define
a kernel function to compute features for the representations given their similarity
scores. This approach showed improvements compared to a basic bag-of-words
model.
More complex models have since been proposed. For instance, Peng et al. (2017)
implement a generalization of LSTMs that can be applied to graphs. The core of
this model is a document graph that encodes dependencies between the words in
the input text. In particular, this document graph captures both intra- and inter-
sentence dependencies on various level (syntactic dependencies, adjacent words
and discourse relations). Then, this graph is split into two sub-graphs, one con-
taining left-to-right chains and the other containing right-to-left chains, which are
used as inputs to the LSTMs.
The use of such graph representations for relation extraction has also been ex-
plored with different models and frameworks. In particular, Graph Convolutional
Networks have been proven extremely effective, as seen in Q. Dai et al. (2019),
Guo et al. (2019), Marcheggiani et al. (2017), Sahu et al. (2019), and C. Sun et al.
(2019).

2.4.3 Vector Models for Knowledge Graphs

As mentioned already, one of the main benefits of using graph structures is the
possibility to encode information about concepts and relations between them in a
structured and symbolic way. While this is the main benefit of such structures, it
is also one of the main drawbacks: the inherent structural complexity of graphs, in
fact, hinders the recollection of information underlying the structure itself, such
as inferences (i.e. the extraction of new facts not inherently expressed by the
data at hand) (S. Zhang et al., 2019). One of such inferences is, for instance, the
prediction and computation of node similarity.
In recent years, a potential solution to this issue has been represented by the use
of low-dimensional vector space to represent graphs. As it is also the case for
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the representation of natural language using distributional techniques (see Section
2.1), this is generally done through embedding techniques, that is by representing
information about nodes as a continuous list of numbers so that mathematical
techniques can then be used to process it, without losing structural information
(Bordes et al., 2013) as well as properties in the LPG paradigm.
In recent years, the encoding of KG using embeddings has become a central topic
in the integration of linguistic and structured information for NLU. As described
in Q. Wang et al. (2017), the typical KG embedding model consists of three steps:

1. entities and relations’ representation
2. scoring function definition
3. representation learning

The first step regards the means through which nodes and edges should be repre-
sented: while, as mentioned before, nodes are generally represented by continuous
vectors (Bordes et al., 2013; Y. Lin et al., 2015; Z. Wang et al., 2014), there have
been different proposals for edges representation, such as vectors (Bordes et al.,
2013; Z. Wang et al., 2014), matrices (Y. Lin et al., 2015) and tensors (Socher
et al., 2013), among others (Q. Wang et al., 2017).
In the second step, a scoring function fr(h, t) is defined, such that it can be used to
calculate the plausibility of the triple (h,r, t). The main idea here is that facts that
are actually present in the KG should score higher than those not appearing in it.
Finally, in the third step the representations for entities and relations are learnt, in
the form of embeddings, through an optimization process that attempts to maxi-
mize the plausibility of seen facts, while minimizing the plausibility of incorrect
facts.
Following the current literature (Huang et al., 2021; M. Wang et al., 2021; Q.
Wang et al., 2017), in this work the possible methods for Knowledge Graph Em-
beddings (KGE) are classified into the following categories:

• Translation-based models
• Semantic-matching-based models
• Neural-networks-based models

– Random-walk based models
– Graph Convolutional Networks

By following this categorization, the following sections describe some of the ef-
forts made in the field of KG embeddings.
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Translation-based models

These models are based on scoring functions that compute the plausibility of facts
as the distance between two entities. The main idea is that a relation is seen as a
translation from the first entity to the second entity. One of the most representa-
tive translation-based models is TransE, as defined by Bordes et al. (2013).
In TransE both entities and relations are represented in the same space as vectors.
Given a fact (h,r, t), the relation is assumed to connect the head entity and the tail
entity such that h+ r ≈ t. The core idea behind this representation has its roots
in the linguistic intuition defined by Mikolov, Yih, et al. (2013), previously men-
tioned in the context of word2vec. The scoring function in this case defined as the
negative distance between h+ r and t, that is fr(h, t) =−|h+ r− t|1/2. The score
would be higher for seen facts.
Over the years, the basic TransE model would get to be improved in various way,
in particular to solve the inherent issues related to 1-to-N, N-to-1 and N-to-N re-
lations (Y. Lin et al., 2015; Z. Wang et al., 2014): for instance, entities such as
Mona Lisa, The last Supper and Lady with an Ermine could all be learned as sim-
ilar vectors since they are all connected to the entity Leonardo da Vinci by the
same relation created by, despite being different paintings.
One of the models proposed to solve such issues is TransH, as defined in Z. Wang
et al. (2014). The main idea behind this model allows entities to have distinct
representations when involved in different relations: this way, the aforementioned
painting entities would be similar according to the relation created by, but differ-
ent according to another relation. It does so by using an hyperplane, on which the
entity representations for h and t are first projected before computing the function
score as defined before.
Another implementation of this idea is TransR, proposed in Y. Lin et al. (2015).
TransR is similar to TransH, but it introduces relation-specific spaces rather than
hyperplanes, so that each relation is associated with a specific space in which the
entity representations are projected before the score function is implemented.

Semantic-matching-based models

While translation models are based on computing distance between entities, mod-
els based on semantic matching make use of similarity-based scoring functions,
that is the plausibility of facts is computed on the basis of the similarity of entities
and relations according to their vector representations. One of the most impor-
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tant models based on semantic matching in RESCAL, proposed by Nickel et al.
(2011).
In RESCAL, entities are represented by vectors x, while relations are represented
by matrices W . The score for a specific triple (h,r, t) is computed as s = xT

s Whxt ,
and the representations are learned by comparing correct triples with incorrect
ones through max-margin loss function.

Neural methods

Recently, as with natural language representation, neural models have been im-
plemented in graph representation as well to obtain optimal entity and relation
representations. Just as neural word embeddings are learnt by extracting informa-
tion from contextual words (see Section 2.3), in neural KGE nodes’ representa-
tions are computed through propagation of some notion of topological similarity
/ proximity (Huang et al., 2021). Since the similarities with language modeling
(see Section 1.1), some neural models for KGE are based on models implemented
in the field of NLP.

Graph walks A well-established methodology for the representation of graphs
in the form of low-dimension vectors is through the use of random-walks, that is
the process of starting at some vertex, and then at each time moving to another
random, connected vertex. The random probability of traversing from one ver-
tex to the other can be biased by the weight of the relations (in case the graph
is weighted). The final sequences of randomly traversed nodes (called random
walk) can be used to describe the graphs from which they were extracted (Lovász,
1993), and as such can be used as inputs for an embedding model to represent the
graph as a whole.
One of the earliest attempts at implementing random-walk-based models for KGE
is DeepWalk, proposed by Perozzi et al. (2014). The random paths generated are
used as input to a generalization of the SkipGram algorithm (Mikolov, Yih, et
al., 2013), that tries to predict the nodes present in the path (just like the original
SkipGram tries to predict words in a sentence), and attempts at maximizing the
probability of finding the correct node while minimizing the probability of finding
an incorrect one. In doing so, the model takes into account both structural infor-
mation (i.e., syntactical) and relational information(i.e., semantic) regarding the
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nodes present in the graph.
As an improvement to DeepWalk, Grover et al. (2016) propose node2vec, in
which the random walks are biased in order to balance between a breadth-first
(BFS) traversal and a depth-first (DFS) traversal. By making this bias adjustable,
this algorithm makes it possible to interpolate between retrieving information
about community structure as well as structural equivalence (Goyal et al., 2018).
Ristoski et al. (2016) propose RDF2vec as a way to adapt the random-walk ap-
proaches to LOD data. The sequence used as the input of the embedding model is
created by making use of two different approaches: graph walks and Weisfeiler-
Lehman Subtree RDF graph kernels (de Vries, 2013). While the graph walks are
generated by retrieving all the graph walks based on a starting root node and a
given depth and iterating over the starting results, the RDF graph kernels are gen-
erated by retrieving the subgraphs that can be extracted from a starting root vertex
and a given depth, then iterating over the results and combining all the results in
a unique sequences. This path representation is then fed to the two algorithms
presented in the word2vec model: Continuous Bag-of-Words and Skip-Gram.
RW-LMLM (C. Wang et al., 2019) is a more recently proposed model based on
DeepWalk, which makes use of a language-model inspired objective. But in this
case, the model also takes into account the order in which the nodes appear in the
path, thus adding a further layer of information representation to the model.

Graph Convolutional Networks Kipf et al. (2016) propose a model for KGE
based on Graph Convolutional Networks (GCN), which makes direct use of adja-
cent nodes’ information to encode node embeddings. The basic GCN model can
only capture information from immediately adjacent nodes, but additional layers
on convolution can be added to access information from farther nodes. More for-
mally, each node is initialized as a vector representing its features (for instance,
a node representing a document could be represented by the embedding repre-
sentation of its title). From this starting information, the node representation is
then computed as hv = ReLU(∑u∈N(v)Wxu +b)), where W and b are, respectively,
learnable parameters for the weight matrix and the bias; N(v) are the neighbors
of node v, and ReLU is the rectified linear unit activation function. On top of
this, the original implementation in Kipf et al. (2016) implements normalization
factors, not maintained in other implementations, such as the Syntactic-GCN pro-
posed in Marcheggiani et al. (2017) (see Section 2.4).
By stacking the result of this formula k times, we encode information of k-farthest
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nodes, thus improving encoding by including information coming from all over
the graph, with Marcheggiani et al. (2017) showing that performance improves
when reaching k = 3, but that further layers become largely redundant .
Finally, just as attention has become a central topic of discussion in natural lan-
guage representation (Vaswani et al., 2017, and also Section 2.3), it has also been
included in the processing and computation of KGE through the Graph attention
network (GAT) model proposed by Veličković et al. (2017). The idea behind
attention in this case is that the processing of node embedding should take into
account the importance of information of other nodes, which can be more or less
important according to the graph itself. Furthermore, the authors propose a node
masking through which only adjacent nodes N are taken into account when com-
puting attention, such that the structure of the graph is still taken into account.
Attention, expressed as α , is included in the final computation of node embed-
ding h′i given the starting representation h j through the formula

hi = δ (
1
K

K

∑
k=1

∑
j∈Ni

α
k
i jW

kh j)

2.4.4 Language-Aware Knowledge Graphs

The models for neuro-symbolic integration presented thus far mainly dealt with
the injection of semantic knowledge from graphs into word embeddings. One
of the issues behind these models is, thus, that the core source of information
remains the Language Model, while leaving the information from a background
Knowledge Graph as additional and optional data. Another possible approach is
to encode linguistic information in the form of pre-trained word embeddings, store
them as features for nodes/entities and then learn a Knowledge Graph Embedding
(see Section 2.4.3) on top of it.
The main reasoning behind such neural-symbolic integration is that, while Knowl-
edge Graphs are extremely useful in encoding grounded knowledge about words
and concepts, they generally lack information about the context of use of said
words, which is instead inherently encoded by distributional representations. In-
terest in this area has also been highlighted in the area of the Semantic Web by
Hitzler et al. (2019).
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In Baumgartner et al. (2018), for instance, the authors propose KADE, a model to
align embeddings computed by two different models (e.g., a corpus and a back-
ground Knowledge Base) so that they can be represented on the same vector space.
The main idea behind such a framework is that the information coming from tex-
tual corpora and those coming from a structured Knowledge Base can be consid-
ered complementary, and thus by representing them on the same vector space they
could be combined.

One of the main areas of application of this framework is the integration of
word embeddings in graph-based syntactic representation. Generally, while the
idea is that linguistic information is inherently present in distributional represen-
tations, many researchers have shown the benefits that the integration of explicit
linguistic information (e.g., dependencies or information about part-of-speech)
might have on neural models. Works have proven the benefits of this approach for
different tasks.

One such model is the one proposed by Al-Ghezi et al. (2020), but rather
than using separate dependency trees for every sentence, they compose a single
supergraph by unionizing all the sentence trees in the training dataset, in which
sentences with similar grammatical structures (e.g., interrogative sentences) will
be clustered together. In the final supergraph, words appearing in similar syntactic
functions will appear together, and at the same time the global syntactic hierarchy
of the training corpus will be preserved. The node2vec algorithm (see Section
2.4.3) is then used to learn node embeddings of the supergraph.

In particular, the information from a syntax tree built over a sentence is used to
guide a series of syntax-based sub-networks which may represent several features,
such as the parent-child relation or the sibling relation. While the system shows
good results, it being trained from scratch makes its implementation consuming
both in term of time and hardware usage.
An extensive list of works makes use of Graph Convolutional Networks (GCN)
(Kipf et al., 2016) to integrate contextual word embeddings together with graph-
based information. This was proposed by Marcheggiani et al. (2017) for the task
of Semantic Role Labeling, with a dependency graph being used as an input for
GCN. To enrich the graph with contextual representation of words, the authors
initialize the token nodes using the output of a BiLSTM encoder. This framework
was further investigated in Bastings et al. (2017) and Marcheggiani et al. (2018)

A similar model is also explored by Y. Zhang et al. (2018) for the task of
semantic relation extraction. Using the results from the GCN, relations are then
encoded through a concatenation of: sentence representation, subject entity rep-
resentation and object entity representation.
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Vashishth et al. (2019) explore the application of a GCN model to integrate further
semantic information, in particular in the form of hypernymy, hyponymy and syn-
onymy relations. The authors then evaluate the method on several general tasks
such as word similarity, word analogy and text-based question answering.
As an extension to the GCN model is the Attention-guided GCN (AGGCN) pro-
posed in Guo et al. (2019), which makes use of an additional layer that encodes
multi-head attention attention (Vaswani et al., 2017) on top of the basic depen-
dency tree.
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Part II

Contributions

81





Chapter 3

Ontology-based Semantic

Enrichment

3.1 Task Definition

The great majority of data available on the web is in raw text form, which is in
stark contrast with the steadily increasing need for annotated datasets to develop
and train Machine Learning (ML) systems to solve downstream and domain-
specific tasks, as observed in efforts such as Leitner et al. (2020), Luz de Araujo
et al. (2018), Usami et al. (2011), and Y. Wu et al. (2015).
In this regard, the enrichment of raw texts is not only useful in terms of ML
applications, but it can be used to integrate semantic information from an exter-
nal source of knowledge together with contextual information from word embed-
dings, particularly by making use of graph-based representations.
The standard models for semantic enrichment generally exploit the results from
a Named Entities Recognition (NER) module in order to semantically enrich raw
texts through the annotation of spans of text referring to proper names.
Despite the importance of NER on downstream tasks such as Information Extrac-
tion, Question Answering, Data Mining and more (Benikova et al., 2014), the
results of such a module suffer from two main drawbacks that hinder their use for
domain-specific applications.
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First of all, as far as domain-specific texts are concerned, the aim of detecting
proper name spans in a text should be extended to the recognition and classifica-
tion of other linguistic realizations defining specific concepts of a specific domain
knowledge. These concepts might represent important pieces of information that
would be lost if only a NER module were to be used, such as ultimi disegni di
Leonardo (Leonardo’s last drawings), fibula a trifoglio (trefoil brooch) or marmo
pario (parian marble).
Secondly, an additional issue arises in relation to the granularity of classification
for the retrieved entities. As far as general-domain NER goes, these models gener-
ally implement a three-way classification of concepts, concerning PERsons, LO-
Cations and ORGanizations. While these labels usually are enough for general-
domain texts, domain-specific documents require a more fine-grained classifica-
tion in order to capture and correctly identify the different types of relevant con-
cepts. Brandsen et al. (2020) describe such differences in concepts classification
for the archaeology domain in great detail.
This chapter describes the efforts made regarding the use of domain-specific on-
tologies and knowledge graphs in order to semantically enrich documents with
domain-specific concepts, which have been previously proposed in the course of
two separate works, namely:

• The creation of the NEAT dataset, as described in di Buono et al. (2023);
and

• the implementation of ontological information on top of Multi-Word Ex-
pressions (MWEs) discovery, as described in Nolano et al. (2022a, 2022b).

3.2 NEAT - Named Entitites in Archaeological Texts

This section describes the efforts made in developing the Named Entity recogni-
tion in Archaeological Texts (NEAT) dataset1, which won an award at the Euro-
peanaTech Challenge for AI/ML datasets2. The publication di Buono et al. (2023)
describes the development of this resource in detail.
The proposed methodology aims at annotating unstructured texts with regards to
domain-specific knowledge, as to provide a reliable source of training data for the
task of NER in a domain- and language-specific environment through the imple-

1The dataset is freely available at https://github.com/unior-nlp-research-group/NEAT
2https://pro.europeana.eu/post/europeanatech-challenge-for-europeana-ai-ml-datasets-annou

ncing-the-winners
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mentation of syntactic and semantic information from several structured sources.
An ontology is used on top of these methods in order to label entities with their
correct domain-specific type.
While the presented methodology can be implemented in any domain (given that
an ontology is available), this work focuses on the domain of archaeology and
Italian language by testing the system on items’ descriptions from the Europeana
Collection3. Domain-specific terminologies and conceptual schema are used on
top of the results to integrate domain knowledge.

3.2.1 Methodology

As previously mentioned, this methodology aims at obtaining a fine-grained, domain-
specific entity classification, with a particular focus on terminological compounds.
The main objective of the proposed methodology is to provide a consistent con-
ceptual representation for domain-specific terms, and to exploit existing linked
resources in order to improve consistency and reusability of the final dataset.

Off-the-shelf tools

Off-the-shelf, general-domain NLP modules can be used as a first step to incor-
porate additional information on top of an unstructured text. Such modules can
provide several levels of information integration, and are generally easy to imple-
ment for many languages.
In particular, the tool used for the development of the NEAT dataset is the Italian
NLP Tool (TINT)4 (Palmero Aprosio et al., 2018), a standard NLP tool for the
Italian language based on StanfordCoreNLP5 which has been used to extract de-
pendency graphs and named entities.
While dependency graphs are used to identify terminological compounds accord-
ing to the methodology described below, the outputs of the NER module represent
on their own semantic information. In particular, the module extracts spans of
texts referring to people, locations or organizations and labels them accordingly.
While these results from this first off-the-shelf (OTS) step are not fine-grained
enough for the desired results, they can be easily harmonized with respect to a

3https://www.europeana.eu/en/collections
4https://dh.fbk.eu/research/tint/
5https://stanfordnlp.github.io/CoreNLP/
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domain-specific ontology as described below.

Terminology Integration

The integration of domain-specific terminologies has been proven to be a valuable
step in developing NLP and ML datasets (Peñas et al., 2001). The importance of
such terminologies is proven by the many initiatives created to build common
ground resources across languages and domains, such as the InterActive Termi-
nology for Europe6 (IATE) project by the Terminology Coordination Unit of the
European Parliament7 (TermCoord), the National Cancer Institute Metathesaurus8

(NCIm), or the thesaurus for the Cyber Security Observatory of the CNR Insitute
of Informatics and Telematics9.
In order to integrate archaeology-specific knowledge, the ICCD thesaurus10 rep-
resents a useful source of information. Furthermore, since it has been partially
formalized into RDF format (Felicetti et al., 2015), its implementation can follow
LOD principles. This resource11 encompasses 4,048 entries and 31,631 relations,
while also presenting fine-grained information (e.g., definition and editorial note),
including a reference to the Getty AAT conceptual taxonomy12 for 1,059 entries.
In this work, the knowledge from the ICCD thesaurus is integrated into the un-
structured texts through a step of Terminology Integration (TI).

Semantic Harmonization

The resources used for the two previously mentioned steps (the ICCD terminology
and the off-the-shelf NLP module) present some issues regarding the conceptual
representation of domain-specific terms.
As previously mentioned, 1,059 of the total entries in the ICCD thesaurus are

6https://iate.europa.eu
7https://termcoord.eu/
8https://ncim.nci.nih.gov
9https://iate.europa.eu

10http://www.iccd.beniculturali.it/it/ricercanormative/139/thesaurus-per-la-definizione-dei-b
eni-storici-artistici

11https://github.com/ICCD-MiBACT/Standard-catalografici/blob/master/schede-di-catalogo
/ICCDThesaurus\%20categoriesettori\%20disciplinaritipologie\%20di\%20schede\%20di\%20cat
alogo.rdf

12https://www.getty.edu/research/tools/vocabularies/aat/
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Figure 6: Example of semantic harmonization from an ICCD term to a CIDOC
CRM class

linked to their corresponding classification code according to the Getty AAT tax-
onomy through the skos:closeMatch field. In particular, this taxonomy is or-
ganized by means of hierarchies and facets, representing a flexible and expressive
representation schema (Denton, 2003). Nevertheless, this framework is intended
to describe a general classification for art and architecture, and it cannot be consid-
ered representative enough for classifying entities in the narrower archaeological
domain. On top of this, Denton (2003) highlights three major issues connected
to facet classification: difficulty of choosing right facets, the lack of ability to ex-
press relationships between them, and the difficulty for general visualization.
Similarly, with regards to the NLP module, the results are not fine-grained enough
for a domain-specific representation, since they only cover people, locations and
organizations.
As a better option, the CIDOC Conceptual Reference Model13 (CRM) can be used
as a domain-specific representation schema for the retrieved entities (Doerr, 2003).
In order to do so, both results from terminology integration and off-the-shelf NER
are aligned to classes from the CIDOC CRM, according to manual mappings.
An example of such a process is shown in Figure 6, and Section 3.2.2 describes
the harmonization process in detail.

13https://www.cidoc-crm.org/
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Semantic Projection

Traditionally, the task of semantic projection aims at exploiting semantic infor-
mation extracted from one richer resource to infer structures in a poorer target.
Examples of semantic projection can be found in David et al. (2001), Fung et al.
(2004), Modi et al. (2012), Padó et al. (2005), and Ribeiro et al. (2020).
In this work, a step of Semantic Projection (SP) is implemented to project domain-
specific linguistic occurrences in the form of terminological compounds from a
manually annotated corpus onto non-annotated examples. This process is based
on the assumption that there exists knowledge patterns in the form of predictable
and recurring patterns which are used to express a given conceptual representation
(Meyer, 2001).
Following Faber et al., 2014, such conceptual patterns are also assumed to connect
lexical units or terms belonging to the same part of speech and having the same
syntactic distribution (i.e. they can fulfill the same syntactic functions).
Thus, phenomena such as hyponymy and hypernymy, that connect a general term
to a more specific one as they share the same semantic content, are generally rep-
resented by recurring patterns that can be predicted, in the form of terminological
compounds.
Such relations, generally represented in a taxonomy, define increasing specificity
according to some conceptual features, such as use or shape. For instance, the
term bracciale (bracelet) represents a domain-specific term which can be fur-
ther specified according to use in the terminological compound bracciale omerale
(humeral bracelet) and according to shape in the compound bracciale a spirale
(spiral bracelet). Similarly to single terms, these compounds define a concept and
its characteristics, and as such should be classified as a full entity.
In order to recognize and classify such terminological compounds, a domain-
specific, annotated set of texts is annotated using a subset of the CIDOC CRM.
Then, starting from the semantic and syntactic heads of the annotated spans of
text, we infer syntactic and semantic patterns that are then projected onto an un-
structured text in order to retrieve previously unseen compounds.

3.2.2 NEAT Dataset

In order to prove the validity of the presented approach and investigate possible
future improvements, the methodology hereby described is then used to create the
NEAT dataset. In particular, the final dataset has to provide the following levels
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of information:
• PoS information;
• named entities annotation, including nominal compound annotation;
• entity-level concept description.

The following sections describe the steps taken in order to achieve these objec-
tives, and make considerations regarding the processes involved.

Data Collection

As previously mentioned, the methodology is tested on a specific domain and a
specific language. In particular, the focus is on the domain of archaeology and
on Italian language, thus restricting desired textual contents. Furthermore, the
methodology is to be implemented on real-life environments, and as such texts
are to come from actual cultural heritage providers.
The Europeana respository14 represents the source of such texts, since it provides
digital access to European cultural heritage from actual cultural institutions. The
data is thus both trustworthy and authentic, and aggregated under Thematic Col-
lections in relation to either topics (e.g., Archaeology and Sport), features (e.g.,
Chinese Heritage and Pandemics) or custom galleries (e.g., Musical Miniatures
and Irish Ballads). For each cultural item, textual description is also provided in
one or more languages.
The entries of the Europeana Repository are further enriched through the Euro-
peana Data Model15 (EDM), which connects the data using a coherent metadata
schema composed of several namespaces (such as RDF, RDFS and SKOS).
The data is accessed through the Europeana Search API16, through which unstruc-
tured textual descriptions about cultural heritage items can be retrieved.
More specifically, the data is filtered according to domain-specific classes. In par-
ticular, the ones taken into account are europeana_aggregation_edm_country
(defining the country of provenance of the data) and collection (describing the
collection they belong to). The data is filtered based on the country of provenance
rather than the language of the description to be sure that the texts are originally
written in Italian, and not translated from another language. The query17, is thus

14https://www.europeana.eu/
15https://pro.europeana.eu/page/edm-documentation
16https://pro.europeana.eu/page/search
17https://api.europeana.eu/record/v2/search.json?wskey=APIKEY&query=europeana\aggreg

ationedm\country:Italy+AND+collection:archaeology&rows=100&cursor=*
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set so that the former class is equal to Italy and the latter to archaeology.
For each entry the following values are retrieved:

• dcTitle, the title of the item described by the entry;
• dcDescriptionLangAware, a key:value dictionary where the keys are rep-

resented by language tags, each paired with a textual description in that
specific language.

Values are extracted for a total of 5,000 items, 1,000 of which are used for an
evaluation step of the process.

Off-the-shelf tools

Starting from the retrieved texts, a preprocessing step is performed using off-the-
shelf NLP tools. In particular, this is done using the Italian NLP Tool (TINT)18

(Palmero Aprosio et al., 2018), a standard NLP tool for the Italian language based
on StanfordCoreNLP19. The following data is retrieved from the outputs of this
tool: the dependency and POS representations of each sentence, and the results
from the NER module.
While the dependency representations are not explicitly present in the final an-
notated corpus, this information is used to identify terminological compounds, as
described in Section 3.2.2. Similarly, the POS module is used to remove some of
the noise from the results in the Evaluation step.
The implementation of this kind of linguistic information greatly improves the fi-
nal results, but it also presents some issues that are described in Section 3.2.2.
The output of the NER module, on the other hand, is used as the first step of ter-
minology annotation of the dataset, namely OffTheShelf (OTS).
In order to make the results coherent with more domain-specific sources of knowl-
edge, the original PER, LOC and ORG labels are mapped to their correspond-
ing label according to the CIDOC Conceptual Reference Model, according to the
mapping described in Section 3.2.2.

Terminology Integration

The second step in the proposed methodology makes use of grounded terminolo-
gies to incorporate domain-specific terms in the extracted texts. In particular, the

18https://dh.fbk.eu/research/tint/
19https://stanfordnlp.github.io/CoreNLP/
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open data version of the ICCD thesaurus is used to enrich the texts at the level of
tokens.
In the thesaurus, each term is characterized by a skos:prefLabel property, de-
scribing its textual form, and by a rdfs:label property, which defines the spec-
ifications of the head with regard to its conceptual representation. For instance,
an entry might have statua maschile (male statue) as its skos:prefLabel, and
maschile (male) as its rdfs:label, since it specifies the head statua (statue). The
values for both properties have their own uri.
Furthermore, each entry is linked to the Getty AAT through a skos:closeMatch
property. By exploiting this value, it is possible to extract for each term its value
according to the AAT conceptual hierarchical structure, in the form of its facet,
represented by a specific code. These codes are then mapped to their correspond-
ing classes in the CIDOC CRM, according to the process described in Section
3.2.2.
Starting from the list of terms in the thesaurus, a simple exact match search is
implemented in order to first recognize any entity occurring in the texts, and then
classify them according to its entity type.
While some results are achieved from this initial step, several entities are only
partially annotated using an exact match search. For instance, in the sentence:

la scultrice modella busto di creta raffigurante Koblet

(the sculptress molds the clay bust depicting Koblet)
while the word busto (bust) is correctly recognized by the system, it can only be
considered partially correct, since the full span busto di creta raffigurante Koblet
(clay bust depicting Koblet) should be retrieved. Since this compound is never
seen in the thesaurus, a further step of Semantic Projection is needed in order to
expand on these initial results, as described in Section 3.2.2.

Semantic Harmonization

To obtain a more fine-grained annotation suitable for the representation of con-
ceptual references in the specialized domain of archaeology, a mapping process is
implemented, so that the AAT codes previously extracted can be mapped over the
subset of selected classes from the CIDOC CRM. Table 3 shows the manually-
defined mappings implemented in the course of the work. A similar process is
followed in order to harmonize the results from the off-the-shelf NER module
with the CIDOC CRM classes. This process is more trivial, since the three la-
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AAT facets CIDOC CRM classes Occurrences
B.BM - Associated concepts E28 - Conceptual Thing 4
D.DC - Attributes and Properties E54 - Dimension 3
D.DG - Design Elements E18 - Physical Thing 7
K.KD - Disciplines E41 - Appellation 1
K.KT - Processes and Techniques E41 - Appellation 9
M.MT - Materials E57 - Material 34
V.PE - Object Genres E18 - Physical Thing 69
V.PJ - Components E18 - Physical Thing 162
V.RK - Single Built Works E18 - Physical Thing 25
V.T - Furnishings and Equipment E18 - Physical Thing 666
V.VC - Visual Works E18 - Physical Thing 56

Table 3: Mapping of AAT facets and CIDOC CRM classes

bels employed for the NER tool (LOC, PER and ORG) can be easily mapped
to archaeological-specific classes, as defined in Table 4. One important issue in

NER labels CIDOC-CRM classes Occurrences
PER E39 - actor 5427
ORG E39 - actor 2216
LOC E53 - place 3762

Table 4: Mapping from NER labels to CIDOC CRM classes

this conversion process is the differences in the conceptualization of the domain
implemented in the different resources. For instance, the AAT applies a fine-
grained representation to classify people and organizations, i.e. H.HG - People
and H.HN - Organizations, while the CIDOC CRM represents a unique class
for both entities, namely E39 - Actor.

Semantic Projection

Finally, a step of semantic projection (SP) is implemented, in order to enrich the
texts in relation to the CH domain, by using a corpus of Italian archaeological
texts annotated with a subgroup of the CIDOC CRM ontology20.

20The efforts to build this corpus go behind the scope of the present work, but are explained in
detail in di Buono et al. (2023).
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la scultrice modella

ROOT

busto
HEAD

di creta raffigurante Koblet

nsubjdet

dobj acl

mark

acl dobj

Figure 7: Example of the Semantic Projection step

An initial step of exact match search based on the terms extracted from this an-
notation is first tested. As previously shown in Section 3.2.2, this exact match
search suffers from low precision, given the high number of unseen terms present
in the unstructured texts. In order to solve this issue, an algorithm is devised,
expanding on the work by di Buono (2017), to extract such previously unseen
domain-specific compounds from the texts, which follows the steps hereby de-
scribed.

1. once a single-word term (either extracted from the ICCD thesaurus or the
annotated corpus) is found in one of the items’ descriptions, it is regarded
as the head of a potential terminological compound

2. any word in a window of 5 tokens preceding and following the term that is
governed by it according to the dependency representation is used to popu-
late a list of syntactic dependencies

3. this list of syntactic dependency is further iteratively populated by adding
any dependent of the words already present in the list

4. the process continues until a punctuation mark is reached, or until no new
dependencies can be extracted

An example is shown in Figure 7, where the entity busto di creta raffigurante
Koblet (clay bust depicting Koblet) is extracted starting from the term busto (bust),
considered the HEAD of the candidate compound.

Nevertheless, this process does not always retrieve terminological compounds,
as it is based on dependency representations and does not make full use of the
linguistic information that can be extracted from domain-specific realizations.
In order to improve the result, a grounded set of terms is identified from the anno-
tated corpus, and then used to recollect all the known knowledge patterns. These
patterns can then be used on the initially extracted compound candidates to filter
out anything that should not be considered part of a conceptual realization.
More formally, given a proposed terminological compound extracted from a de-
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pendency list, its components are filtered using the known knowledge patterns
spanning from the same head. In case its structure adheres (at least partially) to
any of the possible patterns for its head, the subgraph adhering to the knowledge
pattern can be considered an entity. In case it adheres to more than one structure,
the longest one is taken into consideration.
In particular, these knowledge patterns are extracted in the form of their depen-
dency path and their POS. For instance, given the term muro (wall) and the termi-
nological compounds in which it appears as syntactic head, the following patterns
are extracted21:

• muro (wall)

• muro divisorio (dividing wall)

• muro di fondo (back wall)

Future unseen terminological compounds stemming from the HEAD muro are
assumed to follow at least one of these knowledge patterns in terms of POS and
dependency structure. For example, given the sentence:

21The dependency graphs are extracted by means of TINT, https://dh.fbk.eu/research/tint/
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Si trovava oltre il muro di pietra del forte italiano.

(It was found behind the stone wall of the Italian stronghold)
and the extracted term muro (wall), first the full dependency path spanning from
it is extracted, as shown in Figure 3.2.2.

Figure 8: Dependency parsing of the candidate term "muro di pietra del forte
italiano"

The pattern highlighted in orange in the figure, which describes the compound
muro di pietra (stone wall) is also found in the annotated span muro di fondo, and
should thus be considered a terminological compound. The span of text del forte
italiano (of the Italian stronghold) can be left out as it is not part of any knowledge
pattern for this specific term.

Evaluation

While the process shows interesting results, drawbacks are still present, mainly
caused by its reliance on automatic modules and ontologies that can hinder its
performance.
First of all, inconsistencies arise with regards to the syntactic parser: some tokens
get assigned the wrong POS tag (which directly hinders the retrieval of termi-
nological patterns), inconsitencies can arise due to language-specific phenomena,
such as the agglutination of clitic particles in the form VERB+CLITIC22, and
inconsistencies finally arise as caused by the presence of less-frequent, domain-
specific terms, as also observed by Coden et al. (2005a) and Mikheev (1997b).

22It is for instance the case of the word pentola (pot) which is misinterpreted as the verb (mi)
*pento (I repent) + the clitic la (her).
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Furthermore, a specific step of entity evaluation is manually performed by
three expert Italian linguists on the validation section of the dataset. In particular,
results are evaluated in terms of acceptability of retrieved text spans and classified
entity types.
The first part of the evaluation takes into account the criterion of informativeness
of the text, by evaluating if the extracted text spans contain all the elements which
allow to get valuable information about the head of the compound. The criteria
are the following:

• the text should not present elements referring to other elements not explic-
itly mentioned in the noun phrase;

• the text should represent a single intelligible noun phrase on terms of mean-
ing;

• the text should be a complete noun phrase.
The second step of the evaluation is interested in whether the texts were correctly
labeled according to the CIDOC CRM classes. Table 5 shows the outcomes of the
evaluation performed on the NEAT TI and NEAT SP datasets. With regards to the

Step Candidates Valid Text (%) Valid Entity (%)
TI 609 457 (75%) 413 (90%)
SP 2,554 1861 (72%) 1455 (78%)

Table 5: Candidate Evaluation

TI step, the methodology proposed returns less results, but it allows the identifica-
tion of more precise possible entity candidates, as shown by the 90% percentage
of valid entities. During the SP step, on the other hand, way more results are ob-
tained, but the procedure is less precise in labeling the entities.
The problems emerged during the evaluation of the TI and SP steps are simi-
lar. First of all, issues arose in relation to the classes E53 - Place and E18 -
Physical Thing: in several instances these two classes are confused. It is often
the case that E53 entities are classified as E18 instead. This is partly due to some
ambiguity inherently present in the CIDOC CRM classes in relation to specific
terms: chies (church), for instance, can both be interpreted as a "persistent physi-
cal item with a relatively stable form, human made" (E18) and an "extent in space,
in particular on the surface of the earth" (E53).
Similarly, entities referring to E5 -Event are often confused with the E18 class.
Finally, some problems are related to the extraction of long spans of texts, and
entities with different classes co-occurring in the same span of text.
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3.2.3 Final Results

Once the proposed methodology has been tested and evaluated on the 1000-texts
mock dataset, it is applied on a final dataset composed of the Italian descriptions
for 5,000 items extracted from the Europeana Collection. The final proposed re-
sult is an annotated dataset, providing a reliable source of data for training domain-
specific models for the domain of archaeology.
This final dataset is composed of a total of 349,354 tokens annotated with a IOB-
formatted annotation (Ramshaw et al., 1999) specific to the CIDOC CRM ontol-
ogy. Table 3.2.3 shows the total number of annotated spans of texts.

Type OTS (unique) TI (unique) SP (unique) Total
E2 - Temporal N/A - - -
E4 - Period N/A - 94 (12) 94 (12)
E5 - Event N/A - 385 (90) 385 (90)
E18 - Physical Thing N/A 2,228 (630) 15,482 (3,610) 17,656 (4240)
E28 - Conceptual Thing N/A - 233 (68) 233 (68)
E39 - Actor 7,643 (1,261) - 8,011 (1,365) 15,654 (2,626)
E41 - Appellation N/A - 111 (35) 111 (35)
E52 - Time Span N/A - - -
E53 - Place 3,762 (400) - 886 (195) 4,648 (595)
E54 - Dimension N/A 2 (1) 2 (1) 4 (2)
E57 - Material N/A 267 (54) 1,950 (83) 2,217 (137)
Total 11,405 (,1661) 2,497 (685) 27,100 (5,459) 41,002 (7,805)

Table 6: NEAT Entities

The majority of the extracted results comes from the annotated corpus, making
up for the 66.09% of the total annotations. This is mainly caused by the originally
annotated corpus covering not only named entities but also general archaeological
concepts. The results from the TI phase, on the other hand, represent the lowest
percentage of the total annotated entities, covering up the 6.08% of the total. De-
spite the low number of results, as noticed in Section 3.2.2, these retrieved entities
tend to be generally precise, albeit very strict.
Finally, the OTS results, while not being specific to the archaeological domain,
represent a solid baseline to annotate general-domain entities which can still be
considered useful for our task. In particular, OTS is especially useful in annotat-
ing places (E53 - Place), for instance compounds such as via dei Fori Imperiali
(street of the Imperial Fora).
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3.3 From Multiword Expression Discovery to Con-

cept Enrichment

This section proposes a methodology for the semantic enrichment of unstructured
texts, starting from automatically extracted multiword expressions (MWEs) and
integrating semantic information using ontological knowledge.
This methodology was first proposed in the course of the Conference on the Future
of Europe (COFE) Datathon23, both for the task of keyword extraction (Nolano
et al., 2022b) and concept clustering (Nolano et al., 2022c). An extension of this
methodology has been applied to the domain of Cultural Heritage, as described in
Nolano et al. (2022a).
The core idea is to extract candidate MWEs by expanding keywords automatically
retrieved from the texts, then connecting these MWEs to the concept they most
closely match given a background KG. This correlation is used to filter the MWEs
so that the ones that most strongly correlate to domain-specific concepts are kept,
while others are discarded.
The following sections describe the methodology in detail, the experiment made
and finally provide an analysis of the results obtained.

3.3.1 Methodology

The proposed methodology makes use of extracted MWEs and interconnected
RDF data. More specifically, MWE candidates are first extracted from unstruc-
tured texts and then connected to the concepts they are strongly related to, in the
form of specific RDF items. The steps performed are the following:

1. MWE discovery
2. Concept Discovery
3. Ontology-based filtering

Figure 9 shows the first two steps in graphical form, while Figure 10 shows an
example of a graph used for ontology-based filtering.

23https://futureu.europa.eu/en/pages/datathon

98



Figure 9: Graphical representation of the process of monolingual MWE discov-
ery: in the first step, Keywords are automatically extracted using the pke Python
library. The automatically extracted keywords are then expanded based on spe-
cific patterns. The extracted MWEs are connected to the link they most likely
refer to, through similarity measure with the italian label of said link.

Monolingual MWE Discovery

The starting point of the proposed methodology is the retrieval of domain-specific
terms from raw texts in the form of keyphrases. In particular, such keywords are
extracted using off-the-shelf libraries. In order not to put any restriction on the
type of semantic information to extract, an automatic keyphrase extraction (AKE)
module is used to retrieve keyword candidates from the text. While these mod-
ules extract keyphrases using no explicit domain-specific information, they make
use of statistical and structural information about the text to retrieve meaningful
results. As previously mentioned (Section 2.4.2), such models benefit from the
implementation of graph-based text representations, which are shown to greatly
increase their results.
While the results obtained through these modules can be considered useful, they
do not cover the full amount of knowledge present in texts. In particular, while
there is no restriction on the type of keywords that can be extracted, the modules
generally fail to retrieve full compounds, and tend to extract only single-word
terms. For instance, in a sentence such as Ha studiato presso il Conservatorio
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Figure 10: Graphical representation of the graph implemented for ontology-based
filtering. The graph is constructed by traversing the skos:broader property 4
times from the links available for the entity. The nodes representing concepts
related to the entity will generally share several edges, thus giving more weight to
the MWEs linked to them.

di Parigi (he studied at the Paris Conservatory), the AKE module would extract
only Conservatorio (Conservatory) and Parigi (Paris), without retrieving the full
compound.
In order to solve this issue, the original keywords retrieved from such a module
represent a first list of keyword candidates which are then used as input for an
MWE discovery phase. More formally, after the keyphrase extraction phase, the
extracted candidates are checked in context, and a candidate wx is assumed to
be part of an MWE in case it is close to another candidate wy and the two candi-
dates are separated by specific hand-defined linguistic patterns based on heuristics,
listed in Table 7.
Such patterns are useful in expanding automatically extracted keyphrases to cover

more domain-specific terms, while also being flexible enough to be used in a mul-
tilingual environment, as shown in Nolano et al. (2022b). For instance, given the
sentence Compliance and implementation of carbon prices is a solution to miti-
gate pollution levels, the following keyphrases are extracted:
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Distance Pattern Example
0 w1 w2 Adelaide Festival (Adelaide Festival)
1 w1 PREP w2 nuova generazione di musicisti folk (new genera-

tion of folk musicians)
w1 ADJ w2 Aleksandra Aleksandrovna nata Grigorovič

(Aleksandra Aleksandrovna nee Grigorovič)
2 w1 PREP DET w2 premio Nobel per la letteratura (Nobel prize for

Literature)
w1 ADJ PREP w2 direttore principale della Philharmonia Orchestra

(main directory of the Philharmonic Orchestra)

Table 7: Candidate patterns

compliance and implementation

w1

of

PREP

carbon prices

w2

is a solution to mitigate pollution level

Since the two keywords are divided by an acceptable pattern, they are combined
in a single compound implementation of carbon prices, which is more informative
than the two keywords divided.
In Nolano et al. (2022a, 2022b) it was shown that all the defined patterns are
productive, even though not to the same extent. In particular, in Nolano et al.
(2022a) it is shown that, for the Italian language, the most productive pattern is
w1 PREP w2, while the least productive one is w1 ADJ w2.
Once this step is completed, each extracted MWE is given a relevance score and
classified according to the conceptual category assigned to its head token.

Concept Discovery

While the retrieved keyphrases already represent some sort of domain-specific
knowledge extracted from the text, this representation is yet to be made explicit.
As mentioned already, the explicitation of such knowledge is an important step
in making such semantic information accessible by a machine. In particular, the
objective is to represent such knowledge in a coherent and reusable way so that
it can be implemented in more complex systems (such as QA modules and chat-
bots).
In particular, graph-based knowledge is implemented, in the form of linked open
data, as a source for such semantic information. This knowledge can come from
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different sources, for instance one such source is represented by the EuroVoc the-
saurus24 in Nolano et al. (2022b), and by DBpedia25 in Nolano et al. (2022a).
The proposed methodology is the same regardless of the knowledge base imple-
mented: the extracted MWEs are scored against entries from the knowledge base,
according to similarity scores between the MWE and entries’ label, thus creating
a network of connections between raw spans of text and entities.

Ontology-Based Filtering

The information collected in the previous step is used to filter extracted candidates,
by reranking them according to their connection strength to domain-specific con-
cepts. More specifically, all the links extracted are used to recreate a hierarchical
graph by traversing the relation defining hyperonymy, such as the skos:broader
relation for Dbpedia. For each entry extracted from the knowledge base, every
node up to the 4th highest node in the hierarchy is retrieved.
The obtained graph shows a representation of interconnected concepts. From this
graph, the concepts extracted needs to have to following features:

• they are connected to an extracted MWE
• they are strongly connected to other nodes in the graph

Thus, the graph is used to reweight domain-specific keyphrases and MWEs, while
also representing an additional source of semantic information to enrich the data
at hand.

3.3.2 Experiment

Data

While the methodology can be generally considered dataset agnostic, the imple-
mented data affects what kind of background knowledge base can be used for the
process of semantic enrichment.

For instance, in Nolano et al. (2022b) the texts had no explicit connection to
a structured knowledge base, and as such the choice of which background knowl-
edge source to use is particularly important. As mentioned already, in this work

24https://data.europa.eu/data/datasets/eurovoc?locale=en
25https://www.dbpedia.org/
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the source of knoweldge is represented by the EuroVoc thesaurus, which com-
prises multilingual and multidisciplinary vocabularies covering the activities of
the EU in 24 EU languages. In order to access structured data from EuroVoc, a
REST API service26 is used.
The entries of EuroVoc are classified according to a hierarchical taxonomy, which
can be used to build a graph-based candidate representation, as defined in Section
3.3.2 and Section 3.3.2.

In Nolano et al. (2022a), on the other hand, the proposed methodology is im-
plemented on domain-specific texts, namely CH-related entities’ descriptions, col-
lected using the Europeana Entity API27.
These entities represent a collection of Named Entities harvested from several on-
line data catalogs (e.g., Geonames, DBpedia, and Wikidata). For the purposes of
this work, biographical information about entities of type agents are extracted,
representing artists from different cultural heritage sub-domains such as music
and fashion.
In particular, using the SPARQL Entity API the following information are re-
trieved:

• the English label
• the DBpedia entry they are linked to
• the Italian text for their biographical information

Given this information, the objective is to semantically enrich the Italian biograph-
ical descriptions. Since using the whole DBpedia as a background Knowledge
Base would be particularly intensive, and might result in noisy outputs, the list of
candidate concepts is limited to the list of links connected to the DBpedia entry
representing the entity. These links can be accessed using the DBpedia SPARQL
endpoint28, in particular by traversing the dbo:wikipageWikiLink property for
the entry.

MWE Discovery

Keyphrases are first extracted for each text by using the pke Python library29, and
using the MultiPartite Ranking algorithm (Boudin, 2018). This module outputs
a list of keyphrases, each accompanied by an algorithm-specific relevance score,

26https://www.vocabularyserver.com/eurovoc/
27https://pro.europeana.eu/page/entity
28https://dbpedia.org/sparql
29https://github.com/boudinfl/pke
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which generally ranges from 0 to 1. As mentioned already, from this list of auto-
matically extracted keywords, new MWEs within the text are to be discovered. To
do so, keyphrases are checked so that when they are close enough30, and when the
sequence of tokens between them is acceptable according to predefined patterns
of co-occurring elements, they can be combined to form new keyphrases. Each
candidate is checked in both w_1 or w_2 positions.
Each newly extracted MWE is assigned a new score by averaging the Multipar-
tite Ranking value for each of the keyphrases involved in the MWE. Keyphrases
which cannot be used to build any new MWE are kept as they are.

Concept Discovery

The next step is connecting the extracted MWEs to domain-specific concepts they
refer to. In order to extract these concepts, background knowledge bases are im-
plemented, as defined in Section 3.3.2.
In Nolano et al. (2022b) the top-3 closest matches for every keyword are extracted
using the EuroVoc web API, and then each is stored together with their hierarchi-
cal structure.

In Nolano et al. (2022a), on the other hand, first all the hyperlinks present in
the entity’s corresponding Wikipedia page are extracted, as described in Section
3.3.2. These hyperlinks represent domain-specific concepts related to the original
entity at hand. Then, the Italian labels for each of these hyperlinks is retrieved,
One main issue with these labels is that their Italian form is not always present, as
is the case for most of the category-defining hyperlinks such as dbp:Victorian_
poets and dbc:19th-century_English_poets, for which only the English
label is available. Since these links generally refer to domain-specific knowledge
classification, they should be accessed even in absence of an Italian label. In
order to do so, in case an Italian label is unavailable for a specific link, they were
automatically translated from English using the Argos Translate Python library31.
Once these Italian labels are retrieved, each MWE is connected to the concept it
most closely matches, among those concepts present as hyperlinks for the specific
entity. More specifically, two similarity measures are applied between the MWE
and each of the concepts:

30In Nolano et al. (2022b) this window is set at three elements, in Nolano et al. (2022a) it is set
at two elements.

31https://github.com/argosopentech/argos-translate
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1. cosine similarity between vector-space representations32,
2. overlap coefficient between the surface forms33

By implementing these similarity measures together, semantic similarity between
vectors is taken into account, while also considering the cases in which the MWE
and the label share similar surface form, despite their vectors being distant. In
particular, the two similarity scores are combined by computing the raw product
between them.
From this list of computed similarity scores, any MWE, label pair with a similar-
ity score lower than 0.4 is discarded. Then, for each remaining MWE, only the
label with the highest similarity score is kept. In case a MWE is not linked to any
of the available concepts, its score is left as is, according to the AKE module for
the following steps.

Ontology-Based Filtering

The MWEs, together with the concept they most strongly refer to, are used to
build a conceptual graph, which is then employed to rerank MWEs according to
their connection strength in this graph.
The graph is built according to the hierarchical structure of the concepts retrieved
in the previous step: the full hierarchical structure is extracted in Nolano et al.
(2022b), while in Nolano et al. (2022a) this is done by traversing the skos:broader
property 4 times. The main idea is that in this kind of conceptual graph, concepts
that are related to each other will generally share connections to common nodes.
In particular, the connection strengths of the concepts related to extracted MWEs
is extracted, so that the MWEs strongly connected to central concepts can be
reranked accordingly.
More specifically, the betweenness centrality (Freeman, 1977) is computed for
each of the connected concept nodes. In Nolano et al. (2022b) this value is in-
tegrated together with the original multipartite ranking score, while in Nolano et
al. (2022a) it is implemented together with the original multipartite ranking score
and the two-ways similarity score. In both cases, the two values are simply added
together.
Once the centrality scores are integrated, the MWEs are reranked according to
their newly computed scores, and the highest-scoring ones are stored together

32Pre-trained fastText word vectors for Italian are implemented.
33The Szymkiewicz-Simpson coefficient, as described in M K et al. (2016), is implemented.
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with semantic information about the concepts they refer to.
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Chapter 4

Graph Neural Models for Relation

Extraction

4.1 Task Definition

The task of relation extraction (RE) is the task of predicting a semantic relation
connecting entities appearing in a given document (Bach et al., 2007). Formally, a
relation is defined as a tuple t = (e1,e2, ...,en), where each ei represents an entity
involved in the relation r, stored in a background ontology or knowledge base,
given a document D.
While relations may happen between several entities, this task is generally used
to retrieve binary relations (i.e., linking two and only two entities) (Bach et al.,
2007).
For instance, given the sentence Leonardo da Vinci painted the Mona Lisa, with
Leonard da Vinci and Mona Lisa annotated as entities, an RE model aims at
predicting the relation creator(LeonardodaVinci,MonaLisa). Such a relation can
also be represented by the triple (LeonardodaVinci,creator,MonaLisa), as ex-
pressed in a triple store.
Regardless of the representation implemented, the relation extraction module is
asked to retrieve the creator label, or its corresponding label in a given back-
ground ontology. For instance, the same relation is expressed in Wikidata using
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the form of P170 - creator.
This task is of extreme importance for many NLP tasks, such as question an-

swering (M. Yu et al., 2017), knowledge base population (Y. Zhang, Zhong, et al.,
2017) and knowledge discovery (Quirk et al., 2017).

As it is the case for many other NLP tasks, the use of distributional represen-
tations in the form of word embeddings trained using neural architectures is the
go-to option to solve RE. Over the years, many such models have been proposed,
from end-to-end systems (Miwa et al., 2016; M. Zhang et al., 2017) to fine-tuned
models, using either static embeddings (P. Zhou et al., 2016b) or contextual em-
beddings (Baldini Soares et al., 2019).
It is of interest that RE is one of the main areas where the integration of exter-
nal knowledge can be implemented on top of textual information. This is mainly
due to the nature of the task itself, which directly leads to the integration external
knowledge, in the form of information about relations (e.g., its range and domain
constraints) and about entities (e.g., their types).
Similarly, the integration of syntactical information (in particular in the for of de-
pendency graphs) has also been explored for this task as well, proving that such
information is useful in disambiguating which semantic relation exists between
two entity mentions (see Sections 2.3.3 and 2.4.4).
This chapter is dedicated to a preliminary analysis of graph-based models and
semantic and syntactic knowledge integration for the task of RE. In particular,
graph-based representations, implemented using GCN (Marcheggiani et al., 2017),
are paired against general text-based models for RE in both a general environment
and in an adversarial framework (Jia et al., 2017), in order to test the actual perfor-
mance of knowledge integration, and the robustness of the models under pressure.

Acknowledgement The work described in this chapter was carried out in col-
laboration with Moritz Blum and under the supervision of Basil Ell and Philipp
Cimiano (Semantic Computing Group, University of Bielefeld).

4.1.1 Data

In order to carry out specific experiments on the RE task, a dataset is specifically
created. The starting point of such a dataset is FewRel1 (Gao et al., 2019; Han
et al., 2018), a large few-shot RE dataset created through a combination of distant

1https://github.com/thunlp/FewRel
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1 {"P177":
2 [
3 {"tokens" :
4 ["The", "Ohio", "Connecting", "Railroad", "Bridge", "crosses",

↪→ "the", "Ohio", "River", "at", "the", "island", "."],
5 "h" :
6 ["ohio connecting railroad bridge", "Q7080785", [[1,2,3,4,]]],
7 "t" :
8 ["ohio river", "Q4915", [[7,8]]]
9 },

10 ...
11 ]
12 }

Figure 11: Example of entry from FewRel. Each sentence is grouped according
to the relation they realize (P177), then represented by its tokens, its head entity
(h) and its tail entity (t).

supervision and human annotation. While the original objective of FewRel is to
train models on few-shot RE, with some tweaks it can also be used in a standard
RE environment.
More formally, the original dataset is organized as follows: for each relation (ex-
pressed with a Wikidata label), a list of examples is stored, each tokenized and
with head and tail entity mentions highlighted, together with their corresponding
id on Wikidata. An example of a FewRel entry is shown in Figure 11.

In order to create the dataset implemented in this work, the train_wiki and
val_wiki sections of FewRel are combined. These subsections contain, respec-
tively, 64 and 16 relations, each with 700 examples, for a total of 80 relations and
56,000 sentences.
The combined dataset is randomly split into train/test/dev splits with percent-
ages 70/15/15 so as to train predictive models. This dataset will be referred to
as FewRel (custom).
While not used in the adversarial part of the evaluation, two more datasets are
taken into consideration to further evaluate proposed models. The first one of
these datasets is T-REx (custom), a subset of the T-REx dataset2 (Elsahar et al.,
2018) created by randomly sampling 1,000 sentences for each relation occurring
at least 1,000 times in the original dataset. Finally, a subset of the Semeval 2010

2https://hadyelsahar.github.io/t-rex/
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Task 8 dataset3 (Hendrickx et al., 2010) is taken into account, by sampling the
20% of the train set and using it for validation. This dataset is referred to as
SemEval 2010 Task 8 (custom).

Standard Evaluation

The standard evaluation for RE takes places on the test split of the generated
dataset. Formally, the standard accuracy of an RE model f taking in sentence s in
natural language can be defined as

Acc( f ) =
1
|Dtest | ∑

(s,r)∈Dtest

v((s,r), f )

where v is the F1 score between the correct relation r and the relation predicted
by f (s). In order to allow for a more detailed comparison, the Recallmacro and
Precisionmacro are computed.

Adversarial Framework

To compute the accuracy of models under pressure, adversarial accuracy is imple-
mented, as defined for NLP purposes by Jia et al. (2017). This accuracy introduces
an adversary function A in the computation. A takes in an example (s,r), and re-
turns a new example (s′,r′) by adding noise to training examples. Adversarials
have been proven useful in evaluating models for computer vision (Goodfellow
et al., 2015; Szegedy et al., 2014).
The new accuracy is then calculated as

Adv( f ) =
1
|Dtest | ∑

(s,r)∈Dtest

v(A(s,r), f )

As highlighted by Jia et al. (2017), for this accuracy to be meaningful, it is neces-
sary for the adversary function to satisfy two requirements:

1. it should generate valid tuples (s′,r′) (i.e., a human should judge r′ as being
the correct relation given s′);

3https://github.com/sanitya0000/Relation-Classification
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2. (s′,r′) should be somehow close to the original tuple (s,r).
In this work, the adversarial examples generated are semantically close to the
original sentences: formally, the objective is, given an initial example (s,r), to
generate adversarials s′ 6= s, while keeping r′ = r.
The theoretical assumption behind the adversarials generated for this experiment
is that, while information about domain and range of a relation are useful in de-
termining the truth value of a sentence, they should not play such a critical role in
predicting the relation label realized by the sentence.
For instance, given the example in Fig. 12, it is clear that, while adversarial ex-

Original sentence:
painted the (Mona Lisa)obj

Adversarials:

painted the (Mona Lisa)obj

painted the (Mona Lisa)obj

painted the (Mona Lisa)obj

painted the (Mona Lisa)obj

Leonardo da Vincisub

Michelangelosubj

Barack Obamasubj

Stratolaunchsubj

[MASK]subj

(sub1)

(sub2)

(sub3)

(sub4)

Figure 12: Examples of generated adversarials

amples describe false or impossible situations, all the sentences express the same
relation between subj and obj.

Similar situations can arise when the model is tasked to predict the relation in
a sentence with unknown or unexpected tokens. This is the case, for instance, of
neologism, in which case the model’s overreliance on specific semantic features
could be an impairment rather than a benefit. Similarly, not all entities might be
encoded correctly by the model, as it might be the case, for instance, of speech-
to-text outputs.
In such cases, the model should rely on syntactic information and tokens behind
entity mentions in order to predict the correct label, which can be implemented in
the form of graph-based knowledge integration.

Based on this assumptions, different substitution strategies are implemented
to create a new adversarial dataset by using entity types and domain/range infor-
mation that can test models’ reactions to specific permutations.
First, for every entity mention e appearing in the dataset their corresponding entity
eWIKI stored in FewRel is retrieved, together with their entity types eT , extracted
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by querying the Wikidata sparql endpoint4.
To generate the adversarial examples, every sentence-relation pair in the test-

ing split (dk,rk) ∈ Dtest is taken into account. As previously mentioned, the sen-
tence dk has two entity mentions ek,i, each with a semantic role eSR

k,i ∈ (sub j,ob j)
and a type eT

k,i.
For each of these pairs in the testing split, a list of possible candidate entities E
is generated, which will be used to substitute ek,i. This list is retrieved by looking
at all the sentence-relation pairs in the training split (d j,r j) ∈ Dtrain. As it was
the case for dk, each d j has two entity mentions e j,i, each with a semantic role
eSR

j,i ∈ (sub j,ob j) and a type eT
j,i.

While it would be possible to use the full list of entities thus retrieved to randomly
substitute the original ek,i, the objective of this experiment is to investigate spe-
cific entity-related phenomena. In order to do so, the list of candidate new entities
is filtered by applying one of four strategies, in turn.
The strategies define features for the new entities e j,i and pairs (d j,r j) they ap-
pears in, and are as follows:

• sub1: eSR
j,i = eSR

k,i ∧ r j = rk: the new entity has the same semantic role as the
original one, and it appears in sentences expressing the same relation of the
original sentence;

• sub2: eT
j,i = eT

k,i ∧ r j 6= rk: the new entity is of same type as the original
entity, but it never appears in a sentence expressing the relation expressed
by the original sentence;

• sub3: eT
j,i 6= eT

k,i∧r j 6= rk: the new entity is of different type than the original
entity, and it never appears in a sentence expressing the relation expressed
by the original sentence.

Once the list of candidate entities is generated, one is randomly selected and used
to replace ek,m. In addition to this, a fourth strategy is defined, where:

• sub4: enew = [MASK]: the new entity mention is represented by the [MASK]
token.

This process is repeated three times for each strategy: once for the subj, once for
the obj and once for both entity mentions, thus resulting in 12 newly generated
sentences for each of the original testing examples. Table 8 shows an example of
all these strategies in action.

4https://query.wikidata.org/sparql
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original sentence
relation sentence
P26 - spouse Derek Denton has been married since 1953 to

Dame Margaret Scott

sub1
entity example
subj Sigismund I the Old has been married since 1953 to

Dame Margaret Scott
obj Derek Denton has been married since 1953 to

Marie of Romania
subj+obj Gore Vidal has been married since 1953 to Jesse Owens

sub2
entity example
subj Åse Gruda Skard has been married since 1953 to

Dame Margaret Scott
obj Derek Denton has been married since 1953 to

Lynda Day George
subj+obj His wife has been married since 1953 to Phila

sub3
entity example
subj Canadian yearly meeting has been married since 1953 to

Dame Margaret Scott
obj Derek Denton has been married since 1953 to New Christian
subj+obj July has been married since 1953 to NGC 362

sub4
entity example
subj [MASK] has been married since 1953 to Dame Margaret Scott
obj Derek Denton has been married since 1953 to [MASK]
subj+obj [MASK] has been married since 1953 to [MASK]

Table 8: Example of entries from the dataset
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4.1.2 Experiment

Text-based models

As for many other NLP tasks, the use of neural representations trained on purely
textual data is the default option for RE. In this experiment, the robustness of such
text-based models is investigated, in particular by taking into account fine-tuned
systems, using either static or contextual embeddings. For static embeddings, the
100-dimensional word embeddings proposed in Turian et al. (2010) are imple-
mented, while for contextual embeddings the 768-dimensional, 110M-parameters
bert-base-uncased for English language is employed (Devlin et al., 2019).
More details about these models are found in Section 4.2.

Graph-based models

Given the objective of investigating whether structured representation of texts is
useful in standard RE setting and in stressful situations, graph-based represen-
tations are implemented. Furthermore, this sort of representation also eases the
introduction of additional knowledge on top of textual representation, as previ-
ously described in Section 2.4. These graphs are encoded using knowledge graph
embedding models, and the type of information stored is investigated according
to the following dimensions:

1. the initial word embeddings implemented for the token nodes;
2. the type of KGE implemented;
3. the type of linguistic information encoded by the graph-based representa-

tion;
4. the type of external information included on top of the base graph-based

linguistic representation;
5. the structure used to include external information.

These dimensions are first evaluated on their own, and then their combinations are
evaluated as well. More information on these models are found in Section 4.2.
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4.2 Neural Models for Relation Extraction

This section describes the neural models for RE investigated in the course of this
experiment. In particular, they are classified according to the type of representa-
tion implemented, which can be either based on just texts, or based on graphs.

4.2.1 Text-based Relation Extraction

These models take a text as an input and then, based on features extracted from
co-occurrences, predict a relation label between two entities.

Representation

In order to ease the implementation of the chosen models, the original data from
FewRel is first mapped to a more task-specific textual representation, namely the
one employed in the course of the Semeval-2010 task 8 for multi-way classifica-
tion of semantic relations (Hendrickx et al., 2010). Each sentence is thus repre-
sented as follows:

(7) 47600 "It’s located in <e1>Tondi </e1>, a subdistrict of <e2>Kristiine
</e2>.
P276
Comment:

With each example having the following information:
• An id corresponding to the specific example;
• a sentence with <e1>and <e2 >tags annotating, respectively, the subject and

the object of the relation;
• the relation label to be predicted (according to the Wikidata ontology5);
• a comment section (which is never used for the present work).

The training, test and validation splits of the dataset are all converted into such a
format and used to train and evaluate the text-based RE models.

5https://www.wikidata.org/wiki/Wikidata:WikiProjectOntology/Modelling
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Models

Several text-based neural models for RE are selected as representative of this kind
of system.
The total fine-tuning of all the models took around three days on an average GPU.
Unless stated otherwise, all the hyperparameters are set according to the original
papers.

The first text-based model is represented by an Attention-based biLSTM model
(ATT-biLSTM), based on the work by P. Zhou et al. (2016a). The model is made
up of 4 layers: first, an embedding layer maps the input text into vector space, then
two LSTM layers are implemented on top of it, and finally the output of the two
LSTM layers are put through an attention layer. This model is trained end-to-end
for 50 epochs, starting from word vectors proposed in Turian et al. (2010))6.

The second text-based baseline is a convolutional neural network (CNN) trained
on RE, inspired by D. Zeng et al. (2014). As per the original paper, the first step
of the model is to represent the word as vectors using pretrained embeddings by
Turian et al. (2010).
These word vectors, together with position features expressing the distance of the
token from the two entity mentions, are fed into a convolutional component to ex-
tract sentence-level features, which are then combined with lexical-level features
about the entity mentions (i.e., their vector representations, together with their ad-
jacent tokens’ representations and vector space representation of their hypernyms
according to Wordnet) to generate the final representations used to predict the re-
lation label.
The model is trained for 20 epochs, with 0.5 dropout and 1e-3 learning rate.

The next set of models is composed of different methodologies for fine-tuning
transformer models. For all these models, word embeddings are initialized using
the BERT base uncased model.
The first one of such models is BERT with entity markers (BERTem), one of
the models proposed by Baldini Soares et al. (2019)7. This model adds entity
tags before and after each entity, and then it represents the relation between the
entities as the concatenation of the start tag for each of the entity mention. This
concatenation is used as input to a fully connected layer, which predicts a relation
label. This model is fine-tuned for 5 epochs, with 3e-5 learning rate.

6https://www.kaggle.com/datasets/alvations/turian-embeddings
7This model is implemented using the unofficial implementation found at https://github.com

/plkmo/BERT-Relation-Extraction
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The second one of such models is R-BERT (S. Wu et al., 2019)8 with the
same parameters found in the original paper. This model makes use of mentions-
specific embeddings by averaging over the embeddings of the tokens composing
each mention and using them as input to a fully connected layer. Then, it concate-
nates the final outputs of each mention to the representation of the [CLS] token.
This is then used as an input for a softmax layer to predict relation labels. This
model is fine-tuned for 5 epochs with 2e-5 learning rate.

The final model is represented by RIFRE, as proposed by Zhao et al. (2021)9.
This model uses both pretrained word embeddings for each token, and relation
embeddings for each relation, which are used in an heterogeneous graph repre-
sentation composed of word nodes and relations nodes. In this graph, nodes of
one type are all considered adjacent of nodes of the other type, and these are the
only edges present in the graph. Message passing is then applied on top of this
graph in order to update word embeddings and use them to classify the expressed
relation, thus iteratively fusing information about word and relations.
While this model makes use of an implicit graph representation, its edges are still
related to information related to the distribution of tokens (i.e., which words ap-
pear with each relation with a higher or lower frequency). As such, this model is
included among text-based representations.
This model is fine-tuned for 5 epochs and 1e-1 learning rate.

4.2.2 Graph-based Relation Extraction

These models are defined as models that take explicit graph-based representations
of texts as inputs, and predict a relation label.

Graph-based Representations

The base structure for the graph-based representation implemented in this work
encodes tokens as nodes, and then builds relations between them, according to
what kind of information is encoded. In order to include information regarding
word meaning and their use in context, each node is initialized using word em-
beddings. More specifically, the use of either BERT_base_uncased, or Glove is

8This model is implemented using the unofficial implementation found at https://github.com
/monologg/R-BERT

9This model is implemented through the official representation found at https://github.com/z
hao9797/RIFRE
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explored as possible initial embeddings for the tokens’ nodes.
This work investigates several possible graph structures, described in the follow-
ing paragraphs.

Chain-graph In this setting, the only relation encoded is whether two tokens oc-
cur near one another. For instance, given the sentence Leonardo da vinci painted
the Mona Lisa, it would be represented as shown in Figure 13.
This kind of graph explicitly represents information about word co-occurrences,

Leonardo da Vinci painted the Mona Lisa
seq seq seq seq seq seq

Figure 13: Example of a chain-graph. Entity mentions are colored according to
the entity they refer to.

and as such about the context of tokens themselves.

Syn-graph This representation is based on information extracted from a syntac-
tic dependency tree, easily retrievable by means of an off-the-shelf NLP tool10.
This structure represents the most common method found in the literature for
GCN.
An example of syn-graph is shown in Figure 14.

Leonardo da Vinci painted the Mona Lisa

nsubj

comp
comp

dobj

det

comp

Figure 14: Example of a syn-graph. Entity mentions are colored according to
the entity they refer to. The labels are as follows: nsubj stands for nominal sub-
ject, comp stands for compound, dobj stands for directobject, and det stands for
determiner.

10For this experiment Spacy library for Python is used.
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Sem-Graph Inspired by the work by Marcheggiani et al. (2018), the integration
of semantic information is tested, in the form of PropBank-style (Palmer et al.,
2005b) semantic role structures. By extracting the arguments for the sentences’
predicates, it is possible to build a dependency-based graph for semantic roles
(Hajič et al., 2009) where each predicate is connected to its semantic arguments,
with each edge thus created labeled with the encoded role. An example of sem-
graph is shown in Figure 15.

Leonardo da Vinci painted the Mona Lisa

arg0

same entity

same entity

arg1
same entity

Figure 15: Example of a sem-graph. Entity mentions are colored according to the
entity they refer to. The labels are as follows: arg0 describes the predicate’s agent
and arg1 the patient.

Combinations The relations previously described can be re-combined to create
more complex graphs. The following combinations are investigated:

1. chain graph;
2. syn graph;
3. sem graph;
4. chain+syn graph;
5. chain+sem graph;
6. syn+sem graph;
7. chain+syn+sem graph.

An example of a chain+syn+sem graph is shown in Figure 16.

Hyperparameters The implementation of several hyperparameters for graph
representation is also investigated, by following proposals present in the literature.
In particular, the followings parameters are investigated:

• Reverse edges Reverse edges can be added, so that for any relation r there
also exists an opposite-direction relation r′, as described by Marcheggiani
et al. (2017)
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Leonardo da Vinci painted the Mona Lisa
seq seq seq seq seq seq

nsubj dobj

det

arg0

comp
comp

arg1

comp

comp

Figure 16: Example of a chain+syn+sem graph. Entity mentions are colored ac-
cording to the entity they refer to.

• Self-loops Self-loops, namely relations starting from a node and ending at
the same node, can be added so that information about a node (i.e., its initial-
ized embeddings) is included in the computation of the final representation,
as observed by Kipf et al. (2016).

• Edge labels While structural information is encoded by edges between
nodes, these edges can be labeled in order to have a more fine-grained rep-
resentation of edges in the graph.

Graph-based integration of external information

The integration of non-linguistic information in graph-based representations for
RE is also investigated. In particular, the experiments are carried out with regards
to the integration of information from a background Knowledge Graph (in partic-
ular, Wikidata11), and the integration of information from a graph-based lexicon
(in particular, Wordnet12).
More specifically, Wikidata can be used to retrieve information about entities in-
volved in the relation realized by a specific sentence, while WordNet can be used
to leverage linguistic information about tokens by extracting the corresponding
synsets.
Since both the resources are represented as graph structures, KGE algorithms are
first implemented in order to extract vector-space representations for the entities
present in the resources. In particular, these distributional representations are com-
puted using the RDF2Vec algorithm (Ristoski et al., 2018) and then included to-

11https://www.wikidata.org/wiki/Wikidata:Main\Page
12http://wordnet-rdf.princeton.edu/
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gether with the initial nodes’ embeddings.
These features are added as additional nodes connected to their associated to-
ken/entity, and they share the same dimensionality as the initial node/token fea-
tures, so that they can be easily used in the GNNs.

Knowledge Graph Embeddings

Over the years several algorithms have been proposed in order to represent graphs’
structural information in a vector space, to then use the latter in a downstream task.
As such, different such algorithms are tested in the present work.
Once the nodes are represented in such a format, they are fed to a Feed Forward
Neural Network which then classifies relation labels through a logistic regression
classifier, as defined in Guo et al. (2019).
Several Graph Neural Networks are evaluated, namely Relational Graph Attention
Networks, Graph Convolutional Networks and Relational Graph Convolutional
Networks, with the main hyperparameters being the dimensionality of the layers
(64, 120, 240), the learning rate (8 samples from 0 to 10−10, and the batch size
(32,64,128).

Relational Graph Attention Networks Relational Graph Attention Network
(RGAT) is an extension of graph attention mechanism used to incorporate rela-
tional information (Busbridge et al., 2019). This model is built based on the atten-
tion mechanism described in Vaswani et al. (2017) and the GAT layer described in
Veličković et al. (2017). The core idea of RGAT is that, while GAT aggregates the
representations of neighborhood nodes along paths without taking into account
which relation is encoded by each path, different relations should have different
influence on the final representation (K. Wang et al., 2020). This is done through
the integration of an additional attention head, which encodes attention towards
specific relations. This head is concatenated to the original GAT attention head,
and then integrated in the final representation through a softmax function.

Graph Convolutional Network for NLP Graph Convolutional Network (GCN)
as proposed by Kipf et al. (2016) represents a model used to incorporate infor-
mation about adjacent nodes in nodes’ representations (see Section 2.4). In this
experiment, the generalization proposed by Marcheggiani et al. (2017), Marcheg-
giani et al. (2018) for NLP tasks is implemented. In this implementation, in or-
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der to incorporate directions and labels, the authors propose the integration of
direction-specific weights and relation-specific biases in the original GCN formu-
lation

Relational GCN The final model is a Relational Graph Convolutional Network
(RGCN), a widely adopted model for KGE (Thanapalasingam et al., 2022) pro-
posed by Schlichtkrull et al. (2018). This model is an extension of the basic GCN,
implemented in order to include relational graphs with labeled edges.

4.3 General Results

This section investigates the results of the RE models against the original dataset.
First, the models based on text-based representations are taken into account, then
the models based on graph-based representations.

4.3.1 Text-based models

Text-based models perform extremely well on the RE task, with even the most
basic model (Att-BiLSTM) reaching an F1 score higher than 0.60.
The models based on BERT fine-tuning reach the highest scores, and the best
performing one is RIFRE, showing that an implicit graph representation has a
positive effect on the RE task.

Model Acc
Att-BiLSTM .66
CNN .71
BERTem .84
R-BERT .89
RIFRE .90

Table 9: General evaluation of text-based models
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4.3.2 Graph-based models

Given the previously defined hyperparameters of graph-based models, an evalu-
ation is carried out in order to find out the best-performing model. In particular,
the combinations are evaluated using ASHA (L. Li et al., 2020), a framework
for hyperparameter search that applies intelligent early-stopping, while support-
ing large-scale parallelization.
The best-performing model architecture across all experiments is based on a two-
layer R-GCN encoder with self-loops and reverse edges, with hidden dimension
of 120 for Glove and 240 for BERT initial embeddings. Moreover, the best learn-
ing rate is usually around 0.3e−3, and batch size does not have an impact on the
final model and can be chosen based on the given computing resources.

As shown in Table 10, basic graph-based representations using Glove embed-
dings do not show good results for RE. In particular, the best Glove-based graph
model reaches 0.561 F1, 10% worse than the lowest-scoring text-based model.
Models using BERT features, on the other hand, perform generally better on the
standard test set, in all cases of graph configuration.

Model Glove BERT
acc f1 p r acc f1 p r

chain (chaingraph) .52 .5 .508 .521 .7 .688 .689 .7
syn. (syngraph) .589 .575 .573 .589 .740 .739 .745 .740
sem. (semgraph ) .457 .441 .443 .457 .616 .59 .585 .616
chain + syn. .580 .565 .561 .58 .727 .723 .725 .727
chain + sem. .565 .552 .556 .565 .705 .699 .701 .705
syn. + sem. (synsemgraph) .604 .589 .588 .604 .744 .740 .741 .744
chain + syn. + sem. .58 .56 .56 .58 .728 .725 .729 .728

Table 10: General evaluation of graph configurations. chain denotes the next-
token relation, syn. denotes syntactic dependencies, and sem. denotes semantic
dependencies.

Overall, for the models trained on just one graph type (without external knowl-
edge), the best performance is reached with syntactic dependencies using BERT
features, with an F1 score of 0.739, followed by models trained with a linear chain
of tokens (F1 of 0.7 using BERT tokens), followed by models trained with seman-
tic dependencies (F1 of 0.616 using BERT features). Even though the chain graph
on its own leads to acceptable results, its addition to graph structures leads to
worse results.
Our hypothesis is that the linear chain shifts the attention away from relevant de-
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pendency information (either syntactic or semantic) to the linear chain informa-
tion, which actually adds no additional knowledge. However, the combination of
syntactic and semantic dependencies shows the best results for combining graph
structures, achieving an F1 score of 0.74. An evaluation of this model is further
carried on using other datasets, as shown in Table 11.

Model Glove BERT
acc f1 p r acc f1 p r

FewRel (custom) .604 .589 .588 .604 .744 .740 .741 .744
T-REx (custom) .445 .39 .368 .445 .69 .658 .644 .69
SemEval 2010 Task 8 .786 .786 .789 .786 .778 .777 .779 .778

Table 11: Scores for the datasets: FewRel (custom), T-REx (custom), and Se-
mEval 2010 Task 8, based on the synsem graphs.

Moreover, the impact of additional knowledge graph features is evaluated. As
a baseline, a neural network with two linear layers and a classification layer is
used. This model takes as inputs the concatenated RDF2Vec features (Glove 2 x
100, BERT 2 x 758), and it is trained to predict the correct relation annotated in
our FewRel dataset. The results, in relation to the best-performing graph structure
synsem, are shown in Table 12.
As expected, the integration of additional features from a background KG leads
to an improvement of the scores in all cases. In particular, the best GNN models
make use of information from Wikidata. For instance, using Wikidata’s short-
est paths on Fewrel (custom) achieves an F1 score of 0.834, which is an increase
of 0.094 compared to the base model. Altogether, all GCN models using Wiki-
data features outperform the baseline neural network using Wikidata RDF2Vec
features. Even though WordNet features increase the performance of models,
these models only rarely outperform the Wikidata RDF2Vec baseline, proving
that world knowledge is more beneficial to these models compared to linguistic
knowledge.
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Model Glove BERT
f1 p r f1 p r

FewRel (custom)
Linear-NN:w. emb. .277 .323 .294 .382 .436 .3
Linear-NN:RDF2Vec .597 .618 .606 .664 .675 .669
GCN:synsemgraph .589 .588 .604 .740 .741 .744

+Wikidata nodes .783 .782 .799 .821 .824 .826
+Wikidata s.p. .405 .381 .459 .834 .835 .826
+WordNet nodes .602 .604 .612 .726 .729 .703

T-REx (custom)
Linear-NN:BERT .082 .15 .103 .239 .304 .251
Linear-NN:RDF2Vec .438 .488 .475 .506 .548 .525
GCN:synsemgraph .39 .368 .445 .658 .644 .69

+Wikidata nodes .61 .574 .678 .718 .699 .76
+Wikidata s.p. .425 .407 .475 .671 .659 .7
+WordNet nodes .419 .402 .465 .654 .65 .685

Semeval 2010 Task 8
Linear-NN:BERT .548 .675 .52 .629 .694 .638
GCN:synsemgraph .786 .789 .786 .777 .779 .778

Table 12: Evaluation of additional KG features added to synsemgraph. The ab-
breviation s.p. denotes the shortest paths configuration.

4.4 Adversarial Evaluation

4.4.1 Robustness of models

After choosing the best GCN models based on the standard test set, they are com-
pared to established LSTM, CNN and Transfomers models on the adversarial test
set. The results are shown in Table 13, with acc describing models’ results to
standard RE, adv showing adversarial evaluation of models, diff the difference
between the two evaluations. The following columns contain data about F1 score
for specific strategies.
Similarly to general results, text-based models fare relatively well to adversarial
examples. The best model performance-wise is RIFRE, with an F1 of 0.727, -
0.173 compared to the results on the original set.
Generally speaking, all the text-based models lose at least 0.15 points in F1 score
in an adversarial environment, with the least robust model being the Att-BiLSTM
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model with -0.22 on its adversarial F1, and the most robust being the CNN mode
and BERT_em both with -0.15.

Against the expectations, the GCN models generalize worse than the text-
based models, showing weak robustness against data permutations. In particular,
even the best-faring GCN model (syngraph) only generalizes slightly better than
the worst generalizing Att-BiLSTM model (-0.30% and -0.33%, respectively).
This refutes the initial hypothesis that GCN models, and graph-based representa-
tions in general, show good generalizability and robustness across standard NLP
tasks.

4.4.2 Strategy-wise Analysis

By investigating results on the basis of the implemented strategies, certain pat-
terns are found across all models, showing that different models react in similar
ways to certain permutations.
The results, shown in Table 13, take into account every text-based models, while
for graph-based representations only the four base graph structures are consid-
ered, namely chain graphs (chaingraph), syntactic graphs (syngraph), semantic
graphs (semgraph), and the combination of both syntactic and semantic graphs
(synsemgraph). These configurations are used to train a RGCN starting from
BERT embeddings, since they result in the best performance given ASHA.

Across all substitution strategies, it can be noticed that the substitution of the
subject entity mention does not have as strong of an impact as the substitution of
the object entity mention on F1 scores.
This is particularly evident for sub3 and sub1, with the former having an aver-
age F1 of 0.59 when subj is substituted, 0.36 when obj is substituted and 0.22
when both entity mentions are substituted. Regarding sub4, on the other hand, the
models reach an average of 0.61 when the subject is masked, 0.427 when obj is
masked, and 0.28 when both entity mentions are masked.

Finally, while the first three substitution strategies show a decreasing level of
performance, with sub3 showing worse results than sub2, and the latter showing
worse results than sub1, it is interesting to notice that sub4 does not show worse
results than sub3. Actually, for specific models (e.g., BERTem) masking entity
mentions show improvement over random substitution, proving that models rely
on entity mentions to predict relations’ labels, and that an incorrect encoding of
such entity mentions can lead to issues.

126



m
od

el
ac

c
ad

v
di

ff
su

b1
su

b2
su

b3
su

b4
su

bj
ob

j
su

bj
+ ob

j

su
bj

ob
j

su
bj

+ ob
j

su
bj

ob
j

su
bj

+ ob
j

su
bj

ob
j

su
bj

+ ob
j

A
tt-

B
iL

ST
M

.6
6

.4
4

-.3
3%

.6
8

.6
2

.4
1

.6
5

.5
8

.5
7

.5
5

.2
8

.2
0

.5
1

.1
6

.0
6

C
N

N
0.

71
.5

6
-.2

1%
.7

2
.6

9
.5

0
.7

1
.6

7
.6

6
.5

8
.3

8
.2

6
.6

4
.4

9
.4

1
R

-B
E

R
T

.8
9

.7
-.2

1%
.8

8
.8

6
.5

7
.8

7
.8

4
.8

3
.7

4
.4

3
.3

0
.8

3
.6

6
.5

6
R

IF
R

E
.9

0
.7

-.2
%

.8
9

.8
7

.6
2

.8
8

.8
5

.8
3

.7
7

.5
4

.3
9

.8
5

.7
3

.5
1

B
E

R
T

_e
m

.8
4

.6
9

-.1
8%

.8
5

.8
3

.6
4

.8
4

.8
1

.7
9

.7
2

.5
4

.3
7

.7
5

.6
3

.5
3

ch
ai

ng
ra

ph
.6

9
.4

2
-.3

9%
.7

0
.6

4
.3

0
.6

7
.5

9
.5

7
.4

8
.2

3
.0

8
.4

7
.2

4
.0

6
sy

ng
ra

ph
.7

4
.4

6
-.3

%
.7

3
.6

7
.3

4
.7

1
.6

3
.5

8
.5

4
.3

0
.1

3
.4

9
.3

0
.0

8
se

m
gr

ap
h

.5
9

.4
-.3

2%
.5

8
.5

4
.3

1
.5

8
.5

0
.5

0
.4

4
.2

4
.1

4
.4

9
.3

1
.2

2
sy

ns
em

gr
ap

h
.7

4
.4

8
-.3

5%
.7

3
.6

7
.3

7
.7

1
.6

4
.5

9
.5

5
.3

2
.1

5
.5

3
.3

3
.1

2
av

g
.7

5
.5

4
-,2

8%
.7

5
.7

1
.4

5
.7

3
.6

7
.6

5
.5

9
.3

6
.2

2
.6

1
.4

3
.2

8

Ta
bl

e
13

:F
in

e-
gr

ai
ne

d
F1

sc
or

es
fo

rt
he

m
od

el
s.

G
C

N
us

es
B

E
R

T.

127





Chapter 5

Question Answering over

Structured Data

5.1 Task Definition

As already mentioned, the large amount of data continuously published on the
Web directly leads to an increase in the demand for multilingual tools and user
interface to simplify the access and reusability of data by end-users. More no-
ticeably, there is a strong interest in the construction of models that enable the
querying of data through natural language utterances, as proven by the many QA
systems developed over the years (Section 1.1.2).
As with many other NLP tasks, the default approach for QA systems is repre-
sented by neural models trained over huge task-specific datasets, such as the Stan-
ford Question Answering Dataset (SQuAD) (Rajpurkar et al., 2016; Rajpurkar et
al., 2018) for IR models, or WikiSQL for KBQA (Zhong et al., 2017).
While models trained in such a way generally show impressive results1, they also
suffer from major drawbacks:

1See, for instance, SQuAD leader board at https://rajpurkar.github.io/SQuAD-explorer/ and
WikiSQL leader board at https://github.com/salesforce/WikiSQL
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• they need an extremely large datasets to be trained on, making the adapta-
tion of systems to other domains and languages extremely demanding2;

• neural models show a lack of controllability, for instance it is unclear which
new examples are to be added to make a new question answerable;

• they inherit the general opaqueness of neural networks.
These issues are particularly apparent when dealing with QA over structured
data (Chakraborty et al., 2019), since natural language questions first have to be
mapped through semantic parsing to a formal representation that can be used over
a knowledge base, which adds an additional step of complexity to the architecture.
Furthermore, the initial effort of providing training data for such semantic parsing
in a neural environment is extremely demanding.

This chapter describes two efforts made in relation to the task of QA over
graph-based structured data. The first system, described in Section 5.2, is the sub-
ject of discussion of Nolano et al. (2021), and represents an extension for Italian
language of the model-based approach to QA previously described by Benz et al.
(2020) and Elahi, Ell, et al. (2021). This approach is based on the generation of
grammars using lemon lexica3, that can then be employed for the interpretation of
questions by parsing them into SPARQL queries according to semantic and syn-
tactic information. This approach has been shown to scale well to large numbers
of questions, as the system developed for the Italian language can answer more
than 1.6 million Italian questions over the DBpedia knowledge graph.

The second model (see Section 5.3) is represented by Across Europe with
Maggie, a methodology developed in the course of the European Datathon 20224,
where it was awarded the third place in Challenge 4: a Europe Fit for Digital Age.
The core module of the model is implemented using the Rasa platform5, which
implements entity and intent recognition through a neural architecture. The re-
sults are then fed into a semantic parser, and used to answer questions over data
from several sources (mainly the Europeana portal and European open data6). In
order to make use of state-of-the-art technology in relation to graph traversing, the
scraped data is mapped to a labeled property graph using the Neo4j platform7.

2See Croce et al. (2018) for a description of the efforts involved in the creation of the Italian
version of SQuAD.

3https://lemon-model.net/
4https://op.europa.eu/en/web/eudatathon
5https://rasa.com/
6https://data.europa.eu/en
7https://neo4j.com/
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5.2 An Italian QA system based on grammars

The core module for the QA system described in Nolano et al. (2021) is repre-
sented by the model-based system proposed in Benz et al. (2020) and extended in
Elahi, Ell, et al. (2021).
This system uses Linked Open Data as a source of knowledge, and it implements
a lemon lexica-based representation (J. McCrae et al., 2011) to specify how the
vocabulary elements of an ontology or a knowledge graph (e.g., entities and rela-
tions) are realized in natural language questions.
The first extension of such a module for the Italian language has been proposed in
the course of the Hackathon on Question Answering based on automatically gen-
erated grammars8 (5-9 July 2021), where an extension is implemented in order
for the model to answer CH-related questions in Italian language (Elahi, Nolano,
et al., 2021) over a domain-specific knowledge graph.
A later published paper (Nolano et al., 2021) describes a more general-domain
extension for the Italian language, in order to cover natural language questions
over DBpedia entries. These efforts are described in the following sections.

5.2.1 Methodology

The core structure of this model is represented by a grammar generator module,
which is then adapted to Italian language by integrating language-specific ques-
tions and patterns.

The grammar generator

The grammar generation module is based on a mapping between syntactic con-
structions used in questions and data from a given ontology and/or knowledge
graph in the form of classes and properties. More specifically, the process makes
use of several frames, each describing the linguistic realizations of specific prop-
erties which might appear in a question.
In particular, the following frames are implemented:

• NounPPFrame
• TransitiveFrame

8https://scdemo.techfak.uni-bielefeld.de/qahackathon/index.php
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• IntranstivePPFrame
• AdjectiveAttributive
• AdjectiveGradable

For instance, the DBpedia property dbo:capital, which has Country as its do-
main and City as its range, refers to the semantic relation existing between an
entity referring to a country and an entity referring to its capital, and is realized
by the NounPPFrame ’Y is the capital of X’ in natural language.
This frame then leads to the generation of the following questions:

• What is the capital of X(Country)?
• Which city is the capital of X(Country)?

Such a rule can be used to both generate natural language questions that could be
used to refer to specific properties, while also posing semantic constraints on the
kind of entities and labels that can appear in questions.
Similar rules can also be defined for transitive constructions (TransitiveFrame),
intransitive verbs (IntranstivePPFrame), as well as adjective constructions in both
attribute (AdjectiveAttributive) and predicate (AdjectiveGradable) forms.
In the context of the work defined in Nolano et al. (2021), the generation of rules
has been adapted to the Italian language, by building on these frames and making
them usable in an Italian environment.

Italian Adaptation

As an example for the actual adaptation of the model, the Italian lemon entry for
the property dbo:capital is shown in Figure 17. This entry states that the canon-
ical written form for the property is capitale and that the entry has a NounPPFrame
as its syntactic behavior. It also states that it takes two arguments, the first being
the object of the property, and the second its subject, and that the natural language
representation for this property is realized through the di (of) preposition. This
last information is useful for the answer generation part of the model. In order
to adapt the original model to Italian, language-specific phenomena had to be ac-
counted for for question realizations. In particular, the following properties had to
be accommodated for:

• sentence order;
• auxiliary verbs;
• interrogative pronouns and adjectives;
• the use of different prepositions on the basis of range/domain semantics;
• the use of determiners on the basis of range/domain semantics.
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1
2 :lexicon_en a lemon:Lexicon ;
3 lemon:language "it" ;
4 lemon:entry :capital_of ;
5 lemon:entry :di .
6
7 :capital_of a lemon:LexicalEntry ;
8 lexinfo:partOfSpeech lexinfo:noun ;
9 lemon:canonicalForm :capital_form ;

10 lemon:synBehavior :capital_of_nounpp ;
11 lemon:sense :capital_sense1 .
12
13 :capital_form a lemon:Form ;
14 lemon:writtenRep "capitale"@it .
15
16 :capital_of_nounpp a lexinfo:NounPPFrame ;
17 lexinfo:copulativeArg :arg1 ;
18 lexinfo:prepositionalAdjunct :arg2 .
19
20 :capital_sense1 a lemon:OntoMap, lemon:LexicalSense ;
21 lemon:ontoMapping :capital_sense1 ;
22 lemon:reference dbo:capital ;
23 lemon:subjOfProp :arg2 ;
24 lemon:objOfProp :arg1 ;
25 lemon:condition :capital_condition .
26
27 :capital_condition a lemon:condition ;
28 lemon:propertyDomain dbo:Country ;
29 lemon:propertyRange dbo:City .
30
31 :arg2 lemon:marker :di .
32
33 :di a lemon:SynRoleMarker ;
34 lemon:canonicalForm [ lemon:writtenRep "della"@it ] ;
35 lexinfo:partOfSpeech lexinfo:preposition .
36

Figure 17: Lemon entry for the relational noun ‘capitale della’

The syntactic patterns developed for Italian, together with question samples, are
shown in Table 14. More specifically, they are implemented using the tagset from
the Penn Treebank Project (Marcus et al., 1993), with V* defining all possible
forms of a given verb, words in brackets defining nounsverbsadjectives that real-
ize a specific property, and dbo:range/dbo:domain defining specific labels rep-
resenting classes, e.g., dbo:Country can be represented by either paese (country)
or nazione (nation).
In the next sections the behavior of different syntactic frames for the Italian mod-
ule is illustrated.

NounPPFrame Assuming that in the corresponding lemon lexicon the connec-
tion between the NounPP construction capitale della (capital of) is modeled as
referring to the property dbo:capital with domain country and range city,
the following questions can be generated automatically:

1. Qual è la capitale della (what is the capital of) (X|country_NP)?
2. Quale città è la capitale della (which city is the capital of) (X|country_NP)?

where X is a placeholder that can be substituted by any particular country, e.g.
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LexInfo Frame Syntactic Pattern Question Sample
NounPP WDT/WP V* DT [noun] IN

DT [domain]
Qual è la capitale della Germania?

WDT dbo:range V* DT
[noun] IN [domain]?

Quale città è la capitale della Germania?

WDT/WP V* DT [noun] in
[domain]

Chi era la moglie di Abraham Lincoln?

[range] V* DT [noun] IN
(DT) [domain]

Rita Wilson è la moglie di Tom Hanks?

AdjectiveAttributive WDT V* DT dbo:range
[adjective]

Chi era un vescovo cristiano spagnolo?

[domain] VB (DT) [adjec-
tive]

Barack Obama è un democratico?

AdjectiveGradable WRB V* [adjective] DT
[domain]

Quanto è lungo il Barguzin?

WDT V* DT [domain] JJS
IN (DT) [range]

Qual è la montagna più alta della Germania?

Transitive WP V* [domain] Chi ha scritto Ziggy Stardust?
WDT dbo:range V* [do-
main]

Quale cantante ha scritto Ziggy Stardust?

WP V* DT [domain] Chi ha fondato C&A?
WDT dbo:range V* DT
[domain]

Quale persona ha fondato C&A?

[domain] V* [range] Socrate ha influenzato Aristotele?
IntransitivePP WRB VB [domain] Quando è iniziata l’operazione Overlord?

IN WDT dbo:domain VB
[range]

In quale data è iniziata l’operazione Overlord?

WDT dbo:domain VB IN
[range]

Quale libro è stato pubblicato nel 1563?

[domain] V* IN [range] Il libro dei martiri di Foxe è stato pubblicato nel
1563?

Table 14: Italian Patterns and Questions

Germania (Germany), or by any noun phrase describing a country, such as paese
dove si parla tedesco (the country where German is spoken). Furthermore, the
underlined token can be substituted by entity-specific labels, for instance città
(city) for an entity of type city, or fuso orario (time zone) for an entity of type
time zone.

TransitiveFrame Assuming that the lemon lexicon describes the meaning of the
construction X ha scritto Y (X wrote Y) as referring to the property dbp:author
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with song as domain and person as range, the following questions can be gener-
ated:

1. Chi ha scritto (who wrote) (X|song_NP)?
2. Quale cantante ha scritto (which singer wrote) (X|song_NP)?
3. Quale (which) (X|song_NP) è stata scritta da (was written by) (Y|person_

NP)?
Just as X represents a placeholder that can be substituted by entities in the range
of the relation, Y defines a placeholder for entities in its domain, and can be
substituted by either specific entities, such as John Lennon, or by noun phrases
describing a particular entity, for instance l’autore di My Way (the author of My
Way), or il cantante (the singer).

IntransitivePPFrame Assuming a structure such as X pubblicato nel Y (X pub-
lished in Y) as a valid representation for the property dbp:published, with song
as its domain and date as its range, the following questions can be generated:

1. Quando è stata pubblicata (X|song_NP)? (when was (X|song_NP) pub-
lished?)

2. Quale (X|song_NP) è stata pubblicata nel (Y|date)? (which (X|song_NP)
was published in (Y|date)?

3. In quale data è stata pubblicata (X|song_NP)? (in which date was (X|song_
NP) published?)

AdjectiveAttributive and AdjectiveGradable Adjectives are divided into two
separate frames, according to the type of question generated: AdjectiveAttributive
and AdjectiveGradable. The former kind of frame is used to identify that accepts
either a boolean answer, or a list of entities; the latter, on the other hand, accepts
either a numerical value or a single entity as its answer.

For instance, assuming that the meaning of the (attributive) adjective demo-
cratico (democratic) is represented by the structures X è un presidente demo-
cratico (X is a democratic president), the following questions can be generated:

1. Chi era un presidente democratico? (who was a democratic president?)
2. (X|person_NP) è un democratico? (is (X|person_NP) a democratic?)

While the adjective democratico (democratic) can be substituted by any other ad-
jective adhering to this structure, this frame is mainly used for nationality.
On the other hand, assuming that the lemon lexicon would capture the meaning
of the (gradable) adjective lungo (long) as referring to the property dbp:length,
the grammar generation module generates the following questions:
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1. Quanto è lungo il (how long is the) (X|river_NP)?
2. Qual è il fiume più lungo {del mondo, del Kentucky}? (what is the longest

river in {the world, Kentucky}?)

5.2.2 Results

In Nolano et al. (2021) the proposed methodology is applied to generate natural
language questions in Italian language in order to answer questions over the DB-
pedia dataset. A lemon lexicon comprising 249 lexical entries is created, with the
number of grammar rules and questions generated for each frame shown in Table
15.
Altogether, the approach generates 620 grammar rules and covers about 1.6 mil-

Frame type #Entries #Grammar rules #Questions
NounPPFrame 113 226 1,010,234
TransitiveFrame 41 124 595,854
IntransitivePPFrame 58 116 52,040
AdjectiveAttributiveFrame 29 130 10,025
AdjectiveGradable 8 24 3,123
Total 249 620 1,671,276

Table 15: Frequencies of entries with a certain frame type. The entries are created
manually; the rules and questions are generated automatically.

lion questions.
The Italian module was then evaluated using the training split of QALD-79.

This dataset contains a total of 214 multilingual questions over linked data, which
are matched against the ones generated by the grammar by implementing Jaccard
similarity, and then mapped to the property that originally generated the matched
question. The initial results (Table 16) show a satisfying precision, but a low re-
call.
The main reason behind such results is related to the presence of different types of
questions in QALD: besides simple questions related to just one relation, QALD
also presents complex questions referring to multiple triples, e.g. A quale movi-
mento artistico apparteneva il pittore de I tre ballerini? (what was the artistic

9https://github.com/ag-sc/QALD
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movement of the author of The Three Dancers?), which are not originally covered
by the model.
Further work on the Italian module aims at improving these initial results, through

Precision 0.485
Recall 0.224
F-Measure 0.307

Table 16: Evaluation results against QALD-7

the integration of new manually-defined frames for specific questions and of a
module for the recognition of complex entities. These efforts are the subject of
future works on this topic.

5.3 Across Europe with Maggie

Across Europe with MAGGIE is a project proposed in the course of the 2022 edi-
tion of the EU Datathon10, the annual European open data competition organized
by the Publication Office of the European Union.
This project aims at developing MAGGIE, a virtual assistant to ease the access
to information about European Cultural Heritage. MAGGIE makes use of NLP
techniques in order to process input questions, and can aggregate data and make it
easy to access through information visualization customizable according to users’
interests and geolocated data.

The general workflow for MAGGIE is shown in Figure 18. The two main
components for MAGGIE are the background knowledge graph and the QA com-
ponent used to access it through natural language questions. The next sections
describe the assistant in detail.

5.3.1 MAGGIE, a virtual assistant for CH

MAGGIE is a virtual assistant in the form of a real-time chatbot which allows
users to explore in an efficient way information about European CH. While the

10https://op.europa.eu/en/web/eudatathon

137



Figure 18: Workflow

majority of the chatbots in the CH domain offer tailor-made experiences for spe-
cific museums, one of the main objectives of MAGGIE is to offer its users an
experience that covers the entire European territory.
More specifically, MAGGIE provides different access typologies, according to
users’ preferences: (i) a standard access, allowing users to search for information
on the basis of keywords (ii) a registered access, that provides personalized infor-
mation, tailored to users’ preferences set in their profile, (iii) a geolocated access,
that makes use of information according to users’ location.
Information is fed to the chatbot based on one of these three types of access,
allowing for custom-made dialog interaction so that contents can be provided ac-
cording to users’ specific requests, preferences or location. Figure 19 shows a
representation of the three different access methods.

5.3.2 Data Collection

The main source of data for MAGGIE is represented by European Open data, in
particular by the Europeana Data Collection11. The data was accessed and scraped
using the Europeana SPARQL endpoint12. In order to generate a knowledge base

11https://pro.europeana.eu/page/linked-open-data
12https://pro.europeana.eu/page/sparql
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Figure 19: Access methods

to test the methodology on, the results were filtered so that only objects appearing
in either Paris or Brussels would be extracted.

Knowledge Representation

While the use of such LOD has been proven useful in many tasks (see Section
1.4.1), in order to make use of optimized algorithms and tools implemented in
industry systems, the original data is first mapped to a property graph format.
More specifically, this is done using Neo4J13 through its Python driver14.
Once the data was scraped from the Europeana Data Collection, the following
properties are taken into account for each of the entries15:

• title: the title of the object
• dc:Description: a multilingual description of the object
• edm:isShownAt: the uri where the object is stored
• dc:Creator: the name of the creator of the object
• edm:Preview: a picture showing the object
• edm:Concept: an uri describing a concept representing the object
• edm:ConceptPrefLabelLangAware: multilingual labels for said concept
• country: the country in which the object can be found
• edm:PlaceAltLabelLangAware: multilingual labels for the place where

the object can be found

13https://neo4j.com/
14https://neo4j.com/developer/python/
15The prefix dc refers to the namespace http://purl.org/dc/elements/1.1/, and the prefix edm to

the namespace http://www.europeana.eu/schemas/edm/.
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• edm:PlaceLatitude and edm:PlaceLongitude: the latitude and longi-
tude of the place where the object can be found

• europeanaCollectionName: the name of the collection in which the ob-
ject is featured as per Europeana’s classification

As mentioned already, the main difference between Open Data (i.e., RDF) graphs
and Property Graphs is that Open Data graphs do not accept attributes for nodes/re-
lations, so that each of the information listed above is represented as a triple be-
tween the original entry’s uri and either a specific (possibly empty) node’s uri, or
a literal.
Labeled property graphs, on the other hand, allow for the definition of nodes’ and
relations’ property, which can improve performance by avoiding the traversal of
unconnected data (this is mainly the case for literals in RDF).
Because of this difference, the first step in going from Open Data to PG was to
define which information should be kept as nodes and relations, and which should
instead be stored as properties.
In the final representation, the original information as described in the Open Data
format was re-organized according to the nodes schema defined in Table 17, and
the relations schema defined in Table 18.

Node Type LOD relation Property
Object edm:isShownAt shownAt

title title
dc:DescriptionLangAware description
edm:Preview img

creator dc:Creator creator_name
place edm:PlaceLatitude place_latitude

edm:PlaceLongitude place_longitude
edm:ConceptPrefLabelLangAware label

collection edm:europeanaCollectionName name_collection
concept edmConcept concept_label

Table 17: Graph schema for the background knowledge base

An illustrative subgraph is show in Figure 20.
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Relation Type Domain Range
created_by object creator
located_at object place
in_collection object collection
has_concept object concept

Table 18: Relation schema for the background knowledge base

OBJECT
title

isShownAt
description_en

img

CREATOR
creator_name

COLLECTION
name_collection

CONCEPT
concept_label

LOCATION
location_label
place_latitude
place_longitude

:HAS_CONCEPT :HAS_CREATOR

:IN_COLLECTION

:LOCATED_AT

Figure 20: Illustrative subgraph extracted from the background knowledge graph

5.3.3 Terminology and Data Integration

Domain-specific knowledge is integrated by implementing terminologies for CH,
created by employing well-established methodologies (di Buono et al., 2023;
Nolano et al., 2022a, 2022b; Speranza et al., 2020; Speranza et al., 2021) to ex-
tract domain-specific terms representing entity mentions of interest.
These terms are used for the entity extraction step within the NLU phase. Further-
more, an additional step of taxonomy induction is implemented, so that specific
entities referring to the same general concept would also be retrieved in case the
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general concept is invoked by the user.
Two more lists of entities are employed, namely author names and place names
(both extracted from the list of creators and places previously retrieved).

5.3.4 Natural Language Understanding

This component aims at obtaining a formal representation of users’ natural lan-
guage utterances. In order to do so, sentences are first classified into a set of
labels, then entities are extracted based on domain-specific terminologies, and fi-
nally given specific dialogue information the question is parsed into a query in
formal language. Since the KG used is implemented using neo4j, the formal lan-
guage of choice is cypher.
This component is integrated using the Rasa NLU framework (Bocklisch et al.,
2017), which makes use of a NLU pipeline every time a message is passed through
the framework. While such a pipeline can be customized, the default configuration
is implemented for MAGGIE.

The pipeline can be thought of as a linear sequence of consecutive compo-
nents, taking a message as an input and giving an intent and entity classification
as output. Through the pipeline, the message is featurized across several dimen-
sions16. The default steps are:

1. WhitespaceTokenizer
2. RegexFeaturizer
3. LexicalSyntacticFeaturizer
4. CountVectorsFeaturizer
5. DIET Classifier

The first step in this pipeline is a tokenization based on white spaces, that returns
a token object. Then, vectors are generated based on regular expression learnt
at training time. In particular, such expressions mark whether certain features
present in the training examples (e.g., presence of a numerical string, presence of
an entity of a certain type) are also found in the input.
The following step is a lexical-syntactic featurizer that featurizes each token ac-
cording to specific linguistic information (e.g., whether it appears at the beginning
or at the end of a sentence, whether it is uppercase or lowercase, and part of speech
tags).
Then, a vector of the input message is created based on token counts previously

16Implemented through sklearn. Read more at https://scikit-learn.org/stable/modules/generate
d/sklearn.featureextraction.text.CountVectorizer.html
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learnt from the set of training examples.
Finally, the features are used in a Dual Intent and Entity Transformer (DIET)
classifier, which makes use of a transformer shared across both tasks. At train-
ing stage, entity labels are learnt based on the transformer output sequence and a
Conditional Random Field (CRF) on top of it.
For intent classification, instead, the transformer output is embedded together with
intent labels into a single semantic vector space, and then the similarity between
the correct label and the transformer output is maximized, while minimizing the
similarity between the target label and negative samples.

Intent Classification

This module classifies user’s intent into manually-defined, domain-specific labels.
Such intents refer to the features desired for MAGGIE, in particular referring to:

1. Asking for items given a specific author;
2. asking for items given a specific entity type;
3. exploring a given location;
4. asking for pictures of items.

These features correspond, respectively, to the following intents:
1. give_info_specific_author;
2. give_info_specific_type;
3. ask_for_pictures;
4. explore.

Furthermore, general chatbot features are also accounted for by defining specific
intentions (such as greeting, thanking and saying yes or no) which are trivially
implemented, and as such will not be investigated.
Each intent is represented by a label and a series of example sentences. In defining
such examples for intent classification, it is possible to generalize sentences so
that certain spans of text can be represented by any entity mentions referring to
a specific entity type. For instance, given the explore intent and the following
example referring to it:

(8) What can I see in Paris?

The Paris span of text can be substituted by any other entity mention referring to
a city. In RASA this is represented by the following syntax:

(9) What can I see in [Paris]{"entity" : "city"}?
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Since such a representation improves the result for both intent classification and
entity extraction, while also reducing the amount of actual examples needed for
training, it is implemented for every intent in the course of this work.

give_info_specific_author This intent is implemented with examples such as:
• Show me something by [Paul Du Bois]{"entity" : "info_author_name"};
• I would like to see something by [Paul Du Bois]{"entity" : "info_author_

name"};
• [Paul Du Bois]{"entity" : "info_author_name"}.

The case in which the whole sentence is represented by a single author’s name
is integrated so that the intent can be recognized even if the user is answering a
question coming from the chatbot.

give_info_specific_type This intent is implemented with examples such as:
• I am interested in [churches]{"entity" : "info_entity_type"};
• I would like to see [paintings]{"entity" : "info_entity_type"}:
• [statues]{"entity" : "info_entity_type"}.

The intent example represented only by the entity type is included for the reasons
explained above.

ask_for_pictures Users should be able to ask for pictures of either explicit
items, or items previously mentioned in the dialogue. As such, the examples for
this intent are the following:

• Show me some pictures;
• I would love to see some pictures of works by [René Magritte]{"entity" :

"info_author_name"};
• Please, show me some pictures of [Paul Du Bois]{"entity" : "info_author_

name"}’s masterpieces.

explore One of the main features of MAGGIE is the possibility for users to
explore locations, either by explicitly stating which location they are interested
in, or by enabling the use of geo-localized information. Examples for this intent
reflect this features, and are as follows:

• What can I see around me?
• What can I see in [Paris]{"entity" : "city"}?
• Is there anything interesting to see around here?
• Is there anything interesting to see in [Paris]{"entity" : "city"}?
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• [Paris]{"entity" : "city"}
In case no explicit location is stated in the utterance and geolocalization is enabled,
a module is tasked with retrieving the geographical location of the users. In case
no explicit location is stated, and geolocalization is not enabled, the chatbot asks
for an explicit location.

Entity Extraction

While intents are manually defined, the list of entities to be recognized in sen-
tences is extracted in the course of the previous steps of Terminology Integration
and Data Alignment. In particular, entity mentions referring to the following con-
cepts are extracted:

• entity types referring to domain-specific items that the users might be inter-
ested in (e.g., woodworking, statues, art exhibitions);

• author names (e.g., René Magritte, Pieter van Lint, Jean Boulaese);
• places name (e.g., Paris, Bruxelles, Royal Museum of Fine Arts of Bel-

gium).
Since the representation employed in the EDM does not use a fine-grained set of
relations to define an item’s features (e.g., style, material, object type), but rather
it defines such information under the umbrella relation edmConcept, the first set
of entity mentions defines a set of features that can describe items across several
dimensions. Author names, on the other hand, are implemented in order to give
users the ability to search for specific authors and creators.
These entities are collected in separate look-up tables, one for each concept type,
represented as a YAML file following the structure shown in Figure 21. Each

nlu
- lookup info\_author\_name
examples |
- Franceise Kraus
- Vincent Hensbergh
- Francisco Labata
...

Figure 21: Example of the YAML file used to represent authors.

lookup table has its own label, followed by a series of examples that the entity
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extraction will look for in every sentence, together with the previously mentioned
DIET classifier.
Once these entities are extracted, they are stored in the form of slots that can be
easily extracted and remembered for the following steps.

Semantic Parsing

Once intents and entities are extracted from an input utterance, they are mapped
to a semantic query used to retrieve the desider items. In particular, a process of
explicit semantic parsing is implemented by making use of specific actions.
Actions in Rasa are defined as specific responses that the assistant should per-
form in certain situations. While actions can take many forms (e.g. message
responses, forms, slot validation), the actual process of semantic parsing is imple-
mented through custom actions, which are custom codes that get called once their
action is activated. Since these codes can be represented by almost anything, they
can be used to call Python-defined scripts to parse input utterances into formal
representations.
Since the background knowledge base is implemented in a graph-based structure
using neo4j, the formal language of choice is cypher query language17 (CQL). A
basic CQL query takes the form defined in Figure 22, with m and n representing
nodes, and r representing a relation between them. In this case, the query returns
all the pairs of nodes connected by the specific relation, and the relation itself.

Since neo4j implements data in the form of a labeled property graph, further

MATCH (n)-[r]->(m)
RETURN n,r,m

Figure 22: Example of a cypher query

information can be added to such a graph in order to filter the results and retrieve
the desired items. This is done either by implementing a WHERE clause, or by
explicitly defining the properties of the nodes to be matched. These methods are
shown, respectively, in Figure 23 and Figure 24.
In order to integrate such a process of semantic parsing, intents are first mapped

17https://neo4j.com/developer/cypher/
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MATCH (n)-[r]->(m)
WHERE n.title = 'The Castle of the Pyrenees'
RETURN n,r,m

Figure 23: Example of a WHERE clause

MATCH (n:OBJECT {title : 'The Castle of the Pyrenees'})-[r
]->(m)

RETURN n,r,m

Figure 24: Example of property filtering

to specific relations and properties, so that a query can be built once they are pre-
dicted. Such mappings are shown in Table 19. They can be combined in order
for more complex queries to be implemented, for instance in case more than one
relation or filter is expressed in the input utterance. While the first three intents

Intent Query
give_info_specific_author MATCH (o:OBJECT)-[:CREATED_BY]->(c:CREATOR

{creator_name : author_name}) RETURN o
give_info_specific_type MATCH (o:OBJECT)-[:HAS_CONCEPT]->(c:CONCEPT

{creator_label : concept_name}) RETURN o
ask_for_pictures MATCH (o:OBJECT) RETURN o.img
explore MATCH (o:OBJECT) -[r:LOCATED_AT]-> (p:PLACE)

Table 19: Mapping of intents to query

always apply their filter in the same way, in the case of explore, a more complex
implementation is needed, according to whether the location is explicitly stated,
or retrieved from geolocalization.
In case the location is explicitly stated by the user, the value is looked for in the
location_label property of the location node, and in case it is found the object
connected to it is retrieved. In case the user allows for the use of geolocalized
data, on the other hand, the query calculates the distance between the current po-
sition of the user that of all the objects in the KB, using the place_latitude and
place_longitude of the location nodes and the point.distance function in
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cypher18.

5.3.5 Dialogue Management

Rasa makes use of several policies for Dialogue Management. In particular, for
MAGGIE a stories policy is implemented. This policy makes use of training
data to train the assistant’s dialogue management to help generalize to unseen
conversations.

Stories are defined as a conversation between an user and the assistant written
in a flexible format, where user inputs are expressed as intents and entities, and as-
sistant responses are expressed as given actions the assistant will take. Stories can
be both implemented manually and be updated in the course of actual dialogues.
Stories are stored in the form of YAML files, each with its own label and a set of
steps. In the course of a conversation, the dialogue management module tries to
match the current conversation with any of the stories available. If it can match
them with a certain level of confidence, it will move the dialogue on according to
the steps defined, otherwise it will stop.
In the course of MAGGIE’s development, general stories, such as the one shown

- story explore with type
steps
- intent greet
- action utter_greet
- intent explore
- action utter_explore_ask_info
- intent give_info_specific_type
- action action_retrieve_explore

Figure 25: Example of a story

in Figure 25, are deployed. Such a story can generalize over a dialogue such as:

USER: Hi MAGGIE! [Intent: greet]

MAGGIE: Hi {username} [Action: utter_greet]

18https://neo4j.com/docs/cypher-manual/current/functions/spatial/
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USER: What can I see around me? [Intent: explore]

MAGGIE: Are you interested in anything? [Action: utter_explore_ask_info]

USER: Yes, I am interested in paintings [Intent: give_info_specific_type]

MAGGIE: Let me think for a minute... [Action: action_retrieve_explore]

MAGGIE: Here are the paintings you can see in Brussels [Action: action_retrieve_

explore]

MAGGIE: Do you want to see more? [Action: action_ask_for_more]

In the course of stories’ development, new actions were added in order to give
MAGGIE the ability to ask for more information in case they were not explicitly
stated by the users in the course of dialogue. This is the case, for instance, of the
utter_explore_ask_info action in Figure 25, which is a specific action that
generate a question in case the action intention is evoked but not enough informa-
tion about the desired items are present.

5.3.6 Answer Generation

Just as actions are used to map natural language utterances to cypher queries, they
are also used to implement the generation of outputs in natural language from the
conversational agent. As it is usually the case for NLP modules in customer ser-
vice environments, these outputs are manually predefined (Kvale et al., 2020), and
serve two main purposes: move the conversation further on, and answer questions.
In order to move the conversation on, several utterances are defined so that MAG-
GIE can react to specific circumstances, such as being greeted, being thanked, or
not having enough information to answer a query. Similarly, question prompts are
also included, in order to add additional filters to a query (Are you interested in
anything?) and to give more results (Do you want to see more?).
Then, once a list of entries is extracted given the semantic query, a maximum of
three items from this list are shown as answers to the user, in the form of hyper-
links to the object’s uri. Then, in case more items are available in the list, an action
is implemented to ask whether the user wants to see more results, and in case they
do, MAGGIE shows them further entries from the KG.
By implementing answers in the form of hyperlinks, the shownAt URI is inte-
grated in the generated answers so that users can access further information about
items, following Linked Open Data principles.
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In case pictures are asked for by the user, they are shown in the form of a gallery
making use of an image carousel, so that it is easy to display and navigate through
the retrieved pictures, particularly using a mobile device.
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Chapter 6

Conclusions

This work investigated several methodologies to integrate structured information
with raw texts for Natural Language Understanding purposes.

Chapter 1 gives a general outline of the context in which this work lies, first
by defining the general field and scopes of applications of natural language under-
standing, then moving on to natural language representation, in particular accord-
ing to two main paradigms: text-based and graph-based. The differences between
these two approaches have been underlined, in particular in relation to the issues
present in purely distributional representations, generally used as the go-to meth-
ods for natural language processing purposes.
Chapter 2 offers a literature review of topics related to natural language represen-
tation, once again with regards to two main paradigms: neural representations and
symbolic representations. A great deal of attention has been put in underlining
the efforts in combining these two approaches in order to solve issues inherently
present in both.

The second part of the work describes several contributions made in the field
of NLU applications, in particular in relation to the extraction and reuse of seman-
tic knowledge from unstructured texts, in the form of graph-like structures.
Chapter 3, in particular, describes two methodologies proposed to extract seman-
tic information from domain-specific texts, by a combination of several sources of
knowledge, namely NLP tools, ontologies and knowledge graphs. The presented
results show the benefits of such integration, in particular in relation to tasks such
as named entity recognition and keyword extraction.
While the results provided for the NEAT methodology represent a reliable source
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for domain-specific NEs, both the process of semantic projection and entity vali-
dation could be improved to guarantee a higher precision regarding the proposed
annotations. For instance, the exploitation of semantic information could be ben-
eficial in solving ambiguities and other borderline cases.
For instance, while arco ribassato (segmental arch) and arco lungo (longbow) are
described by the same pattern in Italian, namely arco + ADJ, they refer to two
completely different concepts. This ambiguity is impossible to solve by simply
looking at the surface form of the head (because of the homonymy in Italian) and
the possible syntactic pattern, but could be tackled through the implementation of
a measurement of the correlation between concepts’ representations and specific
set of words.
Another way to improve the results could be through the integration of transfor-
mation rules in order to move from the specific token-level structures to more
general phrase-level structures.
Once the methodology is honed in this sense, it can be tested for downstream
tasks, for instance it could be used in handling specific terminology for Machine
Translation systems, Entity Linking and Word Sense Disambiguation.

Regarding the multiword-based methodology, the two experiments show mean-
ingful results in the field of domain-specific semantic enrichment. Nevertheless,
the proposed processes is to be refined in order to improve the results. In partic-
ular, a domain-specific BERT-like embedding model, and a more refined method
for calculating the MWE embeddings might improve the concept discovery stage.
Furthermore, a more flexible and lexically grounded set of linguistic patterns
might help improve current results, while also reducing the noise currently present
in the resource.

Chapter 4 shows an evaluation made on relation extraction models to test
the integration of external, structured information in this task. In particular, the
methodology used makes use of an adversarial environment to check how robust
the models are, and how much they are affected by noise in the input data. The
results shows that, while graph-based relation extraction shows promising results
in the standard evaluation framework, it is still heavily affected by permutations
in testing data.
The experiment described in relation to this work show that the introduction of
structured data from a background source of knowledge is particularly useful for
graph-based representations for RE. In particular, it is of notice that the combi-
nation of semantic and syntactic dependencies leads to an improvement of up to
43% in F1 over the original graph-based baseline. This is further improved by
the addition of features extracted from Wikidata, which leads to a further 33%
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improvement in the F1 score.
Regarding the robustness of models to adversarial attacks, while the original hy-
pothesis was that graph-based representations for RE would lead to an improve-
ment in this aspect, the experiments prove that GNN show worse results both on
the original RE task, while also being more affected by adversarial permutations.
Furthermore, the experiments show that certain patterns arise across different
models when they face specific permutations, proving that specific changes in
data have the same effects on results, regardless of the employed model.

Chapter 5 describes two approaches to question answering over knowledge
graph, the first one based on a grammar generation architecture implemented us-
ing linked open data and language-specific patterns, and the second one based
on an explicit semantic parsing step over a labeled property graph through intent
classification and entity extraction.
In particular, while both methodologies share the use of graph-based knowledge
bases as source of knowledge for the answers, their differences in terms of practi-
cal implementations are described.

The methodologies presented for the implementation of graph-based struc-
tures in natural language understanding are shown and implemented in practical
applications, which highlight benefits and shortcomings of the processes. With
regards to research questions, RQ1 was interested in whether graph-based knowl-
edge integration can show any benefits in NLU-related tasks. It has been shown
that knowledge graphs and ontologies can be used to improve results for specific
NLP tasks, as it is the case for domain-specific semantic enrichment, and, with
regards to relation extraction it shows a good degree of possibilities with regards
to knowledge injection.
RQ2, on the other hand, focuses on the type of data format through which graphs
can be implemented for NLU. In this work it has been shown that both RDF-based
KBs and LPGs can be used to great extent, and that mapping one to the other and
back can be useful in solving the issues present in one by leveraging on the bene-
fits of the other.
More specifically, Chapter 3 showed the benefits of integrating LOD in semantic
enrichment using grounded RDF knowledge bases. Chapter 4, similarly, described
the integration of LPGs in the task of relation extraction, while also showing the
usefulness of rdf-based data injection for the task. Chapter 5, finally, showed the
implementation of both RDF knowledge bases and LPGs for the task of QA, and
Section 5.3, in particular, proved the process of mapping RDF graphs to LPGs to
increase performances in a real-world environment.

This thesis highlights the recent interests in themes relating the integration
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of structured knowledge together with distributional representations in order to
solve many of the issues still left unsolved. Furthermore, it focuses on how some
of the issues can be solved by leveraging graph-based representations for texts and
background knowledge. The experiments described in this work are only some of
the many applications which have been proposed in recent years and that continue
to be proposed still. In future works, such experiments should be improved and
expanded upon, in order to have more detailed results and better methodologies.
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