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Abstract

Recent statistics on the Web’s content language and users’ spoken languages suggest
that 49.2% of the content on the Web is accessible to a minor share of the Web users
(25.9%)—English speakers. In addition, the Web has multiple language barriers
e.g., geographically local content tends to be more comprehensive in the native
language of the region. For example, information about German cities is often
more detailed in sources in German than in other languages. Hence, researching
approaches that enable non-English speakers to access Web information using
questions in their native languages is highly valuable as it reduces information
accessibility barriers on the Web. The machine-readable data on the Web, published
according to the Semantic Web standards, forms a giant global Knowledge Graph.
Consequently, Knowledge Graph Question Answering systems often serve as a core
component in fulfilling the information needs of search engine users by providing
direct answers to questions asked over the data on the Web in multiple languages.
However, the multilingual aspect, particularly regarding low-resource languages, is
often overlooked in the Knowledge Graph Question Answering field. This issue
mainly arises due to the lack of reliable evaluation data and insufficient research
on how state-of-the-art Knowledge Graph Question Answering systems perform in
languages other than English.

Our thesis aims to answer a fundamental research question: how to enable multilin-
gual Knowledge Graph Question Answering systems to deliver equally good quality
in multiple languages, including low-resource ones? To answer this question, we
systematically review and evaluate existing approaches, create a new multilingual
benchmarking dataset, and propose novel methods to improve the quality of the
systems while preserving multilingual functionality. Our results contribute to the
research field by (a) systematically analyzing existing benchmarking datasets and
systems, with a specific focus on multilingual Knowledge Graph Question Answering,
(b) creating a novel multilingual benchmarking dataset, (c) implementing individual
components for Knowledge Graph Question Answering systems and empirically
evaluating them, and, finally, (d) developing a Knowledge Graph Question Answer-
ing system that explicitly addresses the outlined challenges, particularly regarding
quality improvement in multilingual settings.
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This thesis is structured in five parts, each addressing fundamental aspects of
multilingual Knowledge Graph Question Answering.

The first part presents a literature review and proposes a taxonomic framework for
the systematic categorization and analysis of existing multilingual Knowledge Graph
Question Answering systems. This review serves as a foundation for understanding
the current landscape of multilingual Knowledge Graph Question Answering and its
research gaps. In particular, several key issues have been identified. First, there is a
lack of reliable benchmarking datasets. Second, no investigation has been conducted
on machine translating multilingual input to the languages supported by systems.
Third, there is an absence of approaches that validate output of Knowledge Graph
Question Answering systems. Fourth, no large language model agent-based systems
have been proposed that were evaluated on multiple languages within the task of
Knowledge Graph Question Answering.

Considering the aforementioned challenge regarding the lack of benchmarking data,
the second part of our thesis introduces a novel multilingual benchmarking dataset
for multilingual Knowledge Graph Question Answering—QALD-9-plus, accompanied
by a generalizable methodology for creating and extending such benchmarks. The
benchmark contains questions in 10 languages: English, German, Spanish, French,
Lithuanian, Russian, Ukrainian, Armenian, Belarusian, and Bashkir (the latter two
are considered potentially vulnerable by UNESCO). We reuse the QALD-9-plus
benchmark in the subsequent parts of this dissertation.

The third part examines the viability of Machine Translation as an alternative to
dedicated multilingual systems in Knowledge Graph Question Answering and the im-
plications of its usage in such systems. In this part, we connect machine translation
tools with Knowledge Graph Question Answering systems to extend their multilin-
gual capabilities and compare the resulting quality. We evaluated this approach on
our QALD-9-plus benchmark.

The fourth part proposes a novel approach to improving the quality of multilingual
Knowledge Graph Question Answering systems by integrating language models
for response validation. The system’s response, a ranked list of SPARQL query
candidates, must be validated to avoid incorrect queries. Therefore, the incorrect
queries are filtered (i.e., excluded) from the ranked SPARQL query candidate list.
This approach was evaluated on our QALD-9-plus benchmark.

The fifth part presents a multilingual Knowledge Graph Question Answering system
based on a large language model agent, incorporating multiple components. These
components include an environmental feedback mechanism, long-term memory



capability, planning functionality, and a tool-calling interface. The components
include machine translation and SPARQL query validation from the third and fourth
parts. In addition, we provide a detailed analysis of how these components influence
response quality and analyze their cost efficiency. This part also uses the QALD-9-plus
benchmark for the evaluation.

The dissertation concludes with a comprehensive discussion that identifies emerging
challenges and proposes new research gaps and questions, and synthesizes broader
insights into the field of multilingual Knowledge Graph Question Answering derived
from this body of research.
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Kurzfassung

Aktuelle Statistiken iiber die Sprache der Web-Inhalte sowie iiber die Sprachen der
Web-Nutzer legen nahe, dass (49.2 %) des Inhalts im Web nur von einem geringen
Anteil der Web-Nutzer (25.9 %), insbesondere den Englischsprechenden, zugédnglich
ist. Zudem bestehen im Web viele sprachliche Barrieren, da lokale Inhalte meist
umfangreicher in der Muttersprache der jeweiligen Region verfiigbar sind. Zum
Beispiel sind Informationen iiber deutsche Stédte in deutschsprachigen Quellen oft
detaillierter als in anderen Sprachen. Folglich ist die Erforschung von Ansatzen,
die es nicht-englischsprachigen Nutzern ermoglichen, durch Fragen in ihrer Mut-
tersprache auf Web-Informationen zuzugreifen, hochst wertvoll, da es Barrieren
bei der Informationszuganglichkeit reduziert. Die maschinenlesbaren Daten im
Web, die nach den Standards des Semantic Web veroffentlicht sind, stellen einen
globalen Wissensgraphen (engl. Knowledge Graph) dar. Daher dienen Frage-Antwort-
Systeme iiber Wissensgraphen (sog. Knowledge-Graph-Question-Answering-Systeme)
oft als zentrale Komponente, um das Informationsbediirfnis von Nutzern von Such-
maschinen zu erfiillen, indem sie direkte Antworten zu Fragen, die in mehreren
Sprachen gestellt werden konnen, bereitstellen, die mit Web-Daten beantwortet
werden konnen. Jedoch wird der mehrsprachige Aspekt, insbesondere hinsichtlich
ressourcenarmer Sprachen (engl. low-resource languages), im Bereich des Knowl-
edge Graph Question Answering haufig vernachléssigt. Dieses Problem ergibt sich
insbesondere aus dem Mangel an verlésslichen Evaluierungsdaten sowie aus der
unzureichenden Forschung dariiber, wie (gut) heutige Knowledge-Graph-Question-
Answering-Systeme in anderen Sprachen als Englisch funktionieren.

Diese Dissertation zielt darauf ab, eine grundlegende Forschungsfrage zu beant-
worten, ndmlich wie mehrsprachige Knowledge-Graph-Question-Answering-Systeme
aufgebaut werden konnen, die iiber mehrere Sprachen hinweg gleichbleibend gute
Ergebnisqualitét liefern, einschlief3lich ressourcenarmer Sprachen. Um diese Frage
zu beantworten, analysieren und evaluieren wir systematisch existierende Ansétze,
erstellen einen neuen mehrsprachigen Benchmark-Datensatz und schlagen neuar-
tige Methoden vor, die die Qualitédt der Systeme verbessern und gleichzeitig ihre
mehrsprachige Funktionalitdt erhalten. Diese Dissertation leistet somit folgende
Beitrdge zur Forschung: (a) eine systematische Analyse existierender Benchmark-
Datensatze und Systeme mit besonderem Fokus auf mehrsprachiges Knowledge



Graph Question Answering, (b) die Erstellung eines neuartigen mehrsprachigen
Benchmark-Datensatzes, (c) die Implementierung von Komponenten fiir Knowledge-
Graph-Question-Answering-Systeme sowie deren empirische Evaluation und schliel8lich
(d) die Entwicklung eines Knowledge-Graph-Question-Answering-Systems, welches
ausdriicklich die genannten Herausforderungen adressiert, insbesondere im Hinblick
auf Qualitatsverbesserungen in mehrsprachigen Szenarien.

Diese Dissertation ist in fiinf Teile gegliedert, wobei jeder Teil grundlegende Aspekte
des mehrsprachigen Knowledge Graph Question Answering behandelt.

Der erste Teil prasentiert eine ausfiihrliche Literaturiibersicht und schligt einen tax-
onomischen Rahmen zur systematischen Kategorisierung sowie Analyse existierender
mehrsprachiger Knowledge-Graph-Question-Answering-Systeme vor. Diese Uber-
sicht dient als Grundlage fiir das Verstandnis der aktuellen Forschungslandschaft im
Bereich des mehrsprachigen Knowledge Graph Question Answering sowie zur Iden-
tifikation existierender Forschungsliicken, insbesondere: (1) der Mangel an zuver-
lassigen Benchmark-Datenséatzen, (2) die fehlende Untersuchung zur maschinellen
Ubersetzung mehrsprachiger Eingaben in die von Systemen unterstiitzten Sprachen,
(3) das Fehlen von Ansitzen zur Validierung der Ausgabe von Knowledge Graph
Question Answering-Systemen und (4) die Abwesenheit von agentengestiitzten Sys-
temen, die auf grolsen Sprachmodellen basieren (large language model agent-based
systems), die im Kontext von mehrsprachigem Knowledge Graph Question Answering
systematisch evaluiert wurden.

Daher stellt der zweite Teil der Dissertation einen neuartigen mehrsprachigen
Benchmark-Datensatz QALD-9-plus fiir mehrsprachiges Knowledge Graph Question
Answering vor, zusammen mit einer verallgemeinerbaren Methodik zur Erstellung
und Erweiterung solcher Benchmarks. Dieser Benchmark umfasst Fragen in zehn
Sprachen: Englisch, Deutsch, Spanisch, Franzdsisch, Litauisch, Russisch, Ukrainisch,
Armenisch, Belarussisch und Baschkirisch (wobei die beiden letztgenannten von der
UNESCO als potenziell gefahrdet eingestuft werden). Der QALD-9-plus-Benchmark
wird in den anderen Teilen dieser Dissertation wiederverwendet.

Der dritte Teil untersucht die Eignung der maschinellen Ubersetzung (engl. Machine
Translation) als Alternative zu spezialisierten mehrsprachigen Systemen im Bereich
des Knowledge Graph Question Answering sowie die Implikationen des Einsatzes
in solchen Systemen. In diesem Teil integrieren wir Werkzeuge zur maschinellen
Ubersetzung in bestehende Knowledge-Graph-Question-Answering-Systeme, um
deren mehrsprachige Fahigkeiten zu erweitern, und vergleichen die resultierende
Qualitat. Diesen Ansatz evaluieren wir anhand unseres QALD-9-plus-Benchmarks.



Der vierte Teil schldgt einen neuartigen Ansatz zur Verbesserung der Qualitit
von mehrsprachigen Knowledge-Graph-Question-Answering-Systemen vor, indem
Sprachmodelle zur Validierung der Antworten integriert werden. Die Antwort
eines solchen Systems ist eine sortierte Liste von Anfragekandidaten, welche in der
Abfragesprache SPARQL ausgedriickt sind und validiert werden miissen, um falsche
Anfragen zu vermeiden. Hierbei werden inkorrekte Anfragen aus der sortierten Liste
der SPARQL-Anfragekandidaten herausgefiltert (d. h. ausgeschlossen). Dieser Ansatz
wurde mit unserem QALD-9-plus-Benchmark evaluiert.

Der fiinfte Teil prasentiert ein mehrsprachiges Knowledge-Graph-Question-Answering-
System auf Basis eines agentengestiitzten groen Sprachmodells (engl. large lan-
guage model agent), das aus mehreren Komponenten besteht. Diese Komponen-
ten beinhalten einen Feedback-mechanismus mit der Umgebung, eine Long-Term-
Memory-Funktion, eine Planungsfunktionalitét sowie eine Schnittstelle zur Nutzung
externer Werkzeuge (engl. tool-calling interface). Zu diesen Komponenten gehoren
auch die maschinelle Ubersetzung und die SPARQL-Anfragevalidierung aus dem
dritten und vierten Teil. Dariiber hinaus bieten wir eine detaillierte Analyse dartiber,
wie diese Komponenten die Antwortqualitdt beeinflussen, und bewerten ihre Kosten-
effizienz. Auch in diesem Teil verwenden wir den QALD-9-plus-Benchmark fiir die
Evaluation.

Die Dissertation schlief3t mit einer umfassenden Diskussion, in der aufkommende
Herausforderungen identifiziert, neue Forschungsliicken und -fragen aufgezeigt
sowie weiterfiihrende Einsichten in den Bereich des mehrsprachigen Knowledge
Graph Question Answering aus den Ergebnissen dieser Forschungsarbeit synthetisiert
werden.
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Introduction

People who come from different cultures and use
different languages work to make sure that all
kinds of languages, whether read from left or
right, can be shared and used on the Web.

— Tim Berners-Lee
(W3C Director and inventor of the WWW)

The search engine landscape, which processes billions of queries daily [@87], is
evolving with the emergence of conversational systems powered byarge language
models(LLMs). A notable example is Perplexity Al, which reported handling 100
million weekly search queries in October 2024 [@112], indicating the increasing
market presence of these new search technologies. More than half of these queries
are informational, i.e., are sent by users with an information need related to a certain
topic [92]. Informational queries can be formulated as full- edged natural language
(NL) questions (e.g., “How old is Angela Merkel?") or as keyword-basedjuestions
(e.g., "Angela Merkel age”). In both cases, Web users expect a search engine to
provide a direct answer(or a fact—an assertion that was veri ed) in a precise way
instead of a list of relevant Web pages or documents [189, 160]. An example of
a direct answer and the answer box is shown in Figure 1.1. The assertions can
be extracted from unstructured data(e.g., text or HTML document) or structured

Fig. 1.1.: Direct answer (blue) [140] generated by Google Search.



data (e.g., database, knowledge base, or graph). Thereafter, the assertions are
veri ed and become facts that can be provided to users as direct answers. The
systems dealing with direct answer extraction on unstructured data are known as
Information Retrieval-based Question AnswerigRQA) systems [98]. On the other
hand, systems that perform a direct answer extraction over structured data are called
Knowledge-based Question AnswerifigBQA) systems [98]. Our thesisfocuses on the
latter classof systems. The objective of KBQ#Ss to identify the answers A that satisfy
the informational need of a user formed as a NL questiong, using a KBK [57].
Recent work on developing KBQA systems focuses on two development paradigms
[228, 223, 125]: (1) the information extraction style and (2) the semantic parsing
style. The systems following rst development paradigm of KBQAusually retrieve a
set of answer candidates that are ranked or Itered based on a particular feature
space. Thesecond development paradigm of KB@dcuses on the task of converting a
NL question g into a formal query (e.g., SPARQL) that will be executed on a KBK
to retrieve an answer. Recent advances in the eld ofLarge Language Modeld LMs)
have demonstrated that both development paradigms can be implemented using
their capabilities. In particular, a NL question q can be directly posed to an LLM
to receive a direct answer (paradigm 1) [10, 125] or used to create an instruction
(prompt) for an LLM to generate a SPARQL query (paradigm 2) [107].

The extraction of direct answers from structured data using KBQA systems is enabled
by the introduction of the Semantic Welj15], which aims to make Web data machine
readable. The machine-readable data on the Web that follows the Semantic Web
principles corresponds to the formal de nition of a Knowledge Graph (KG) [79]
and, therefore, can be considered as a giant decentralized KG. A dominant share
of all KGs on the Web, as well as the Semantic Web itself, are described with the
Resource Description FramewofRDF) [122] (RDF-based KGs). A family of systems
that address the challenge of providing direct answers based on KGs is known as
Knowledge Graph Question Answering (KGQA) systenkdGQA and KBQA systems
share the same objectivedeliver an answer that satis es a user's information need
based on structured data. However, a KBK is replaced with a knowledge graph KG
(in case of KGQA systems). Although the terms KBQA and KGQA are mainly used
interchangeably, we prefer to consider KGQA systems a subset of KBQA

Most research-oriented KGQA systems work on publicly available KGs such as
Freebase [19] (now part of Google's KG [@64]), DBpedia [7], Wikidata [211].
The techniques implemented therein can commonly be ported to any KG. KGQA
systems and their underlying technologies are serving a major role in providing
users with access to structured information available on the Web. This statement
is supported by a number of research papers related to KGQA and af liated with
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the organizations responsible for the modern major search engines [12, 129, 162].
KGQA systems nd their industrial application in any place where the corporate
knowledge is stored as a KG. For example, a product or its development process
documentation can be stored in structured RDF graphs [159]. Another example is
material science data [75] or chemical data [89]. Hence, such data, structured as
RDF, enable users to build a KGQA system on top of it and utilize the provenance
metadata. Recent work has provided the KGQA community with suchapplicability
domainsas tourism [2], biomedicine [149], and even “COVID-19 pandemic” [23].
However, we have observed thatproviding access to KGs in multiple languages is still
a challengefor such systems [154]. In the following paragraphs, we contextualize
this challenge in detail.

Motivation and Problem Statement

It is well known that the Web is the major source of information for people all over
the world [102, 45, 180] in different domains of life. Moreover, the recent advent of
LLMs is largely based on the availability of Web data [9]. Despite the large share of
the information on the Web (49.2%) [@215] is only accessible to a small fraction of
people (25.9%) [@88], that is, English speakers. This information imbalance is also
the reason for a “cultural gap” on the Web [132]. Consequently, users who cannot
read or write English at a certain level have limited access to a major share of the
information available on the Web. This phenomenon in popular science is known as
digital language divide[@80].

The scope of this thesis is focused omultilingual and cross-lingual KGQA systems
(mKGQA). In particular, we consider both resource-richand low-resourcdanguages.
Such systems extend the standard KGQA functionality byroviding a possibility of
processing questions or searching for information in several different languagesour
case, “several’ meangmore than one Please note that, in the scope of this thesis, the
terms “cross-lingual” and “multilingual” are used interchangeably. For convenience,

we use the latter. Hence, we regard mKGQA systems as a research topic of particular
importance, asthese systems can bridge the gap between users and the information on
the Semantic Wepwhich is published in different languages.

The analysis of related work, conducted using the systematic review methodology
within this thesis, suggests (see Chapter 3) thatcurrently available systematic surveys
on KGQA barely address the aspect of multilinguality and low-resource languades
particular, most related surveys mention multilinguality as a challenge for KGQA
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but dedicate only a paragraph or less to it. In addition, none of the related works
speci cally focus on the multilingual aspect of these systems. Although there are
KGQA systems that explicitly focus on multilinguality, there is a clear need for a
larger study that summarizes this research eld and proposes novel methods.

Research Question and Considered Research
Gaps

This thesis covers the broad topic of enhancing the answer quality of mMKGQA sys-
tems, focusing on multilinguality and low-resource languages. While analyzing the
research eld considered (see Chapter 3), we identi ed that the multilingual aspect

is often overlooked. In particular, while multilinguality is consistently identi ed as a
crucial challenge in KGQA systems, none of the reviewed surveys speci cally focus
on this aspect. Furthermore, 88% of the surveyed mKGQA systems predominantly
focus on the Indo-European language family, which consists mostly of resource-rich
languages. Finally, only a limited set of available KGQA benchmarks incorporate
multiple languages. Therefore, this thesis aims to answer the following main re-
search questionhow to enable multilingual Knowledge Graph Question Answering
systems to deliver equally good quality in multiple languages, including low-resource
ones?

This work is guided by the following research gaps

RG1 Open-source benchmarking datasets for KGQA are limited due to the fact that
most benchmarks consider only English or target resource-rich languages (e.qg.,
main European languages such as German or French). Furthermore, even a
smaller share of the benchmarks considers low-resource languages. Therefore,
it is necessary to identify and implement reproducible approaches to create
and extend reliable and diverse benchmarking datasets for mKGQA.

RG2 Most of the KGQA systems support only resource-rich languages or only
English. Consequently, even with the benchmarking data in a low-resource
language, evaluation is impossible. Hence, the research community needs to
investigate whether it is possible to handle multilingual support using recent
progress in neural machine translation. As a result, one needs to evaluate how
uniform the KGQA quality distribution is among different languages. Prior to
this work, this approach had not yet been introduced or evaluated. Therefore,
we need to study the role of machine translation as a reasonable alternative
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for mKGQA systems and conduct the corresponding experiments that include
low-resource languages.

RG3 Even though a KGQA system may be able to support a particular language, its
output—a SPARQL query—still may appear to be incorrect. When working
with users, it is critical to prevent possible misinformation produced by KGQA
systems due to incorrect SPARQL queries. Therefore, there is a need to design
and implement ef cient approaches to validate SPARQL queries produced by
MKGQA systems to improve the quality and trustworthiness of the answers.
It is crucial that the approach works with multiple languages, including low-
resource ones.

RG4 Recent advances in the development of LLM enabled researchers to build
systems that simulate human thinking and decision-making processes (e.g.,
through planning, recapture of prior experience, or iterating based on external
feedback). The same is true when applying LLM-based applications to the
eld of mMKGQA. Due to the novelty of this topic, there is a lack of studies
investigating how LLM-based KGQA systems answer questions in different
languages, including those with limited resources. Therefore, we as researchers
need to study how the new LLM-based approach to mKGQA augmented with
external capabilities (e.g., planning, long-term memory, feedback performs in
multiple languages, how equal is multilingual performance and compare with
previous results based on quality, ef ciency, and costs.

Based on the research gaps, thebjective of this thesiss to provide an overview,
evaluate, and propose novel methods for improving mKGQA systems in terms of
quality while preserving multilingual functionality. This includes the creation of trust-
worthy benchmarking datasets, new evaluation techniques, conducting experiments
to compare different approaches, and introducing new approaches and methods
for mMKGQA. Note that in this work, we consider publications that describe mKGQA
systems, relevant survey articles, and corresponding benchmarking datasets, as our
work aims to cover the research eld as broadly as possible.

Thesis Structure

This thesis is based on 9 peer-reviewed research publications, in which the author
of this thesis was a major contributor. The thesis introduces the reader to the topic
of multilingual knowledge graph question answering and sequentially presents the
author's contributions to the research eld. The following paragraphs introduce the
structure of this thesis.

1.3 Thesis Structure 5



Chapter 2 introduces the reader to the theoretical and technical foundations of
this thesis. The purpose of this section is to provide a suf cient, and complete
terminological, methodological, and technical basis for the reader to fully understand

the remaining content. In particular, the concepts of natural language processing,
semantic web, knowledge graphs, question answering, and information retrieval are
considered.

To analyze the related work (see Chapter 3) and generalize the ndings, we employ
a systematic review methodology to collect and analyze research results in the
eld of mMKGQA. This methodology involves de ning scienti c literature sources,
selecting relevant publications, extracting objective information (e.g., evaluation
values, used metrics, etc.), analyzing the information, searching for new insights, and
generalizing them in a structured manner (i.e., in the form of a taxonomy). Finally,
we summarize our observations and present a general outlook on the investigated
research direction, including justifying our research gaps.

As benchmarking data is crucial for this work, the approach for extending and creat-
ing trustworthy benchmarking dataset, as well as mKGQA evaluation, is described
in Chapter 4. In particular, contributions are presented on the extension of the mul-
tilingual benchmark QALD-9-plus (which also includes low-resource languages) and
the creation of the QALD-10 benchmark We leverage QALD-9-plus in the subsequent
chapters of this thesis to evaluate the proposed approaches.

In Chapter 5 having the multilingual QALD-9-plus benchmark, we present and
evaluate an alternative solution to mMKGQA—machine translating input questions to
a supported language. In particular, an extensive set of experiments is conducted
in order to verify whether the machine translation approach connected with a
monolingual KGQA may serve as an alternative to mKGQA systems. However, we
identi ed major limitations of this approach, particularly when translating named
entities.

Furthermore, we present an approach for improving semantic parsing-based sys-
tems by validating their output (i.e., SPARQL queries) in Chapter 6. Using our
QALD-9-plus dataset, we employ different language models (e.g., encoder-decoder
and decoder-only) that process an input question and a SPARQL query to verify
whether this query will deliver a correct result or not. This approach is crucial when
optimizing for the answer's trustworthiness (e.g., reducing false information in the
responses).

Section 7 puts the previous work together in a multilingual KGQA system. Using the
QALD-9-plus dataset and the other aforementioned approaches (machine translation
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and query validation) to show how augmented LLMs (LLM agents) are adapted to
work in the mKGQA environment. In particular, we focus on the semantic parsing
paradigm and use the LLM agents to answer questions in multiple languages. Those
agents can access speci ¢ tools, including machine translation of an input and query
validation for an output, to improve the quality of SPARQL query generation based
on multilingual input.

Section 8 revisits the answers to the research gaps and highlights future challenges
in the eld of MKGQA.

Finally, in Section 9, we summarize our work and conclude the thesis.

To ensure the transparency and reproducibility of this work, we provide all the data,
scripts, and documentation collected as an online appendix.

Statement on using generative arti cial intelligence tools for writing assistance. Gen-
erative arti cial intelligence tools were used exclusively to support the writing quality

of this thesis. Speci cally, grammar and spelling checks were conducted using Write-
ful? and Grammarly®. The scienti ¢ ideas and contributions presented throughout
this thesis are solely original works of the author, and generative arti cial intel-
ligence was not employed to create, develop, or inform any scienti ¢ content or
contributions.

https://github.com/Perevalov/phd_thesis
Zhttps://www.writefull.com
3https://www.grammarly.com
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Preliminaries

This chapter introduces the theoretical foundations that are central for this thesis.
Mostly, this work is based on the terminology, methods, and tools coming from the

Natural Language Processing (NLP), Information Retrieval (IR), and Semantic Web
research elds. Further subsections will introduce the aforementioned content in

detail.

Natural Language Processing

Language Modeling

The language modelingask is tightly associated with text generation, as language
models (LMs) can approximate the likelihood of a next word w; in a sequence

speaking, LMs assign the probability to upcoming words or sequences of words.

N-gram LMs have been known and used in natural language processing for several
decades. Therefore, the probability approximation of a word given its context using
an n-gram LM is as follows [99]: P (w¢wit 1)  P(Wgwy n+1:t 1), Where t is the
number of words in the entire sequence andN is the context size (uni-gram (1),
bi-gram (2), etc.). To estimate these n-gram probabilities, the n-gram counts can be
utilized (see Equation 2.1).

C(Wt N+1:t 1Wn)
C(Wt n+1:t 1)

P(Wijwe N+1:t 1) (2.1)

Obviously, the probability estimation of Equation 2.1 may appear naive. Extended
methods for probability estimation include smoothing (e.g., add-k smoothing[99],
stupid backoff[25], Kneser-Ney smoothin§l09]). The high-level schema of the
n-gram models is shown in Figure 2.1.

For more than 20 years, research on language modeling has utilized methods based
on neural networks (NNs). The NN-based LMs aretrained on large text corpora
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Fig. 2.1.: A high-level representation of an n-gram LM

in a self-supervised manner (i.e., no explicitly labeled dataset is required). The
feedforward NNS(FFNNSs) for the language modeling task were rst proposed by
Bengio [13]. Generally speaking, this is an extension of the n-gram LMs where the
probability of the word is estimated by NNs. The training process is based on the
task of predicting a missing word w in the sequence of context wordsc: P (wjc),
where jqj is the context window size The FFNN LM architecture is demonstrated in
Figure 2.2.

Fig. 2.2.: An architecture of a feedforward NN-based LM

Recurrent NNgRNNSs) [59] are also used for constructing LMs [99]. RNNs' advantage
is that they are able to capture dependencies of the entire word sequence while
adding the hidden layer output from the previous step (t 1) to the input from
the current step (t): hy = g(Uhy 1+ Wx¢), where hj—hidden layer output, g(x)—
activation function, x;—input at the current time step, U and W —weight matrices.
The RNNs are trained following the self-supervised manner on a large text corpora
to predict the next word given a sequence. The text production is then performed via
the autoregressive generatioprocess, which is also calledcausal language modeling
(see Figure 2.3). In practice, canonical RNNs are rarely used for the LM tasks. Instead,
there are improved RNN architectures such astackedand bidirectional [176], long
short-term memory(LSTM) [76], and its variations. One of the most remarkable RNN
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Fig. 2.3.: An example of autoregressive generation with RNN-based LM

architectures was proposed by Sutskever et al. [190]encoder-decodgor seq2seq)
LSTM-based architecture. Instead of simple autoregressive generation, the seg2seq
model encodes an input sequence to an intermediate representation and then uses
autoregressive generation to decode the intermediate representation.

Modern state-of-the-art LMs utilize the attention mechanism[11] and, in particular,
the self-attention[210], which is an integral part of the transformer architecture
[210]. Figure 2.4 demonstrates the architecture of a transformer LM for text
generation.

Fig. 2.4.. An example of a transformer-based LM set up for text generation

It is worth mentioning different word-sampling strategies when discussing LMs
that generate text [99]: greedy—select the word with the highest softmax score,

2.1 Natural Language Processing 11
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random—select the random word according to the softmax distribution, top-k—the
same as greedy, but made within a renormalized set of top-k words,nucleus—the
same as top-k, but instead of k as a number use percentageemperature—divide the
logits by a constant to reshape the softmax distribution.

The traditional measure for LM quality is perplexity [93]. Perplexity is de ned as

follows:
1 P N

PRp)=2 ~ = [092P(W) (2.2)

where p—probability distribution of the words, N —is the total number of words

in the sequence,w;—represents thei-th word. Since Perplexity uses the concept
of entropy, the intuition behind it is how uncertain a particular model is about
the estimated sequence of words. Hence, a high Perplexity score corresponds to
a worse probability estimation of a target token sequence. The instruction-tuned
large language models (LLMs) are evaluated on instruction benchmarks, such as
Massive Multitask Language Understanding (MMLU) [73], HumanEval for code
[33], Mathematical Problem Solving (MATH) [73], and others. Importantly, LLMs
are often released with a speci ed knowledge cutoff datewhich corresponds to the
time when the pre-training dataset for such a model was collected [35].

Sequence Labeling

Sequence labelings one of the important downstream tasks in NLP. There, for each
word (or, generally speaking, for each token) x; 2 X, where X is a sequence of
words in a text, we assign a labely; 2 Y, s.t., jXj = jY] [99]. In this case, a label
yi can denote, for example, a type of proper noun or anamed entity(e.g., person,
location, chemical compound, etc.). Therefore, named entity recognition(NER) is
the task of assigning tags likePERSQNLOCATIONCHEM _COMPOtgNirds [99].
In practice, the task NER is carried out while nding spans of textthat contain
named entities i.e., not necessarily linked to individual words. The most well-known
approaches for sequence labeling are Hidden Markov Models (HMMs) [220, 16],
Conditional Random Fields (CRF) [113, 124], RNNs [69, 145], and transformers
[185, 6] (the approaches are listed by their historical appearance).

There is a more speci c version of the NER task that is callednamed entity disam-
biguation or named entity linking (NEL or NED). This task refers not only to the
identi cation of entities but also to the association of this entity with its unique
identi er in a database or a knowledge base [195]. The approaches to solving
NEL include traditional search methods on indexes, rule-based methods, and deep
learning-based methods [170, 100].
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Fig. 2.5.: An example of the relation between named entity recognitionand linking. Here,
the linking is done over Wikipedia.

Text Classi cation

Text classi cationis the task of assigning a class (or a labell; 2 Y to an entire text or
adocumentd; 2 D [99]. Hence, the classi cation algorithm F¢ maps an input text
d; to a particular classy; as follows F¢r : D ! Y. The class may represent a topic
of the given text (e.g., scienti ¢, pop culture), a sentiment (e.g., positive, negative),
etc. It is important to mention that there are three types of the classi cation task:

1. Y = f0;1g—binary classi cation. For example, when labeling whether a
scienti c article is arti cially generated or not.

2. Y = f1;:::; Kg—multi-class classi cation. For example, when classifying a
subject area of a scienti c article (e.g., computer science, chemistry, mathe-
matics).

3. Y = f0; 1gKk —multi-label classi cation (multi-class where multiple classes can
be selected). For example, when tagging a scienti ¢ article with keywords.

One of the applications of the text classi cation task is the relation detection or
extraction (RE) task. Given a prede ned relation set (each relations is a class),
the goal of RE is to determine whether the text indicates any types of relations
between the entities or not [226]. Naturally, the RE task can be generalized to such
cases where there is more than one relation contained in the text (i.e., multil-label

classi cation). Although this task can also be solved with the means of sequence
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labeling, the research suggests that RE is usually formulated as the classi cation task
[226].

Fig. 2.6.: An example of an expected answer type hierarchy (cf. [152])

As in the classi cation-formulated RE, the prede ned relation set is used, and
the individual relations are already associated with a particular numeric identi er
according to this set (i.e., label encoded). However, if the relations are associated
with a particular dataset or a knowledge base, the RE task is extended taelation
linking (REL). Hence, within the REL task, the relations are associated with their
unique identi ers in a data or knowledge base.

Another important text classi cation example is the expected answer type classi cation
(EAT) task. The goal of the EAT task is to understand what a user expects to see as
an answer based on a natural language (NL) question (see Figure 2.6). Therefore,
the task can be interpreted as a multi-class classi cation. Here, the set of classe¥
may contain, for example, such labels ashoolean, literal , resource , and list
The boolean answer type corresponds to a “Yes-No” question e.g., “Was Angela
Merkel born in Hamburg?”. The resource answer type corresponds to questions
that are intended to be answered with a speci c entity, e.g., “Where was Angela
Merkel born?”. The modern state-of-the-art approaches for text classi cation are
mostly based on the transformer architecture, e.g., EAT [152], REL [222].

Sequence-to-Sequence Conversion

The task of the sequence-to-sequen¢geq2seq) conversion consists of generating
an output sequence of tokensy based on an input sequencex. This formulation is
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different from the sequence labeling task, as here every component of bothx and
y corresponds to a token from a prede ned vocabularyV, whereas the output of
sequence labeling is limited to a prede ned label setY . Moreover, the lengths of x
and y can differ.

One of the most frequent applications of the seq2seq task is thenachine translation
(MT). The task of MT involves producing a comparable sentence in atarget language
from a given sentence in asource languag¢99]. For instance, a MT system is given
a German sentence: “Ich verstehe nur Bahnhof” and must translate it into English:
“It is all Greek to me”. This particular example is not trivial for MT systems, as
the given sentences are idioms. Formally, the MT systems are typically designed to

The seq2seq tasks are modeled with theencoder-decoddlN architecture, such as
the state-of-the-art Flan-T5 [37] and Flan-UL2 [193].

Vector Semantics and Embeddings

Let us consider the following classi cation task: given a word w and a context word
c (i.e., surrounding word), predict whether cis a real context word of w: P(cjw)
[99]. Speaking more generally, the context can contain more than one word. This
task formulation is used to model (or learn) the meaning of words in the form of

vectors (i.e., vector semanticg which originates from distributional hypothesis[71]

that states the following: words that occur in similar contexts tend to have similar

meanings (see Figure 2.7).

Fig. 2.7.: A simple yet comprehensive example of the idea behind vector semantics projected
on two dimensions. The color represents the corresponding domain counterparts.
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The models for the vector semantics are divided into two classessparseand dense
The sparse models rely on different textual statistics, for example, computing the
term-document matrix[172] results in a sparse vector that can represent the mean-
ing of the considered words. Computing co-occurrence matrices (e.g., viaPositive
Pointwise Mutual Information (PPMI)[38]) of words results in sparse word represen-
tations as well. The dimension of the vectors produced by the sparse models depends
on the size of the vocabulary of a text corpora. Therefore, the dimensionality may
become very large (e.g., tens of thousands).

The dense models, as per their name, produce vectors of smaller dimensions, which
size frequently lies between 50 and 1000. The dense vectors are also frequently
called embeddings The embeddings of words or tokens can belearned based on
a large text corporain a self-supervised manner (i.e., no explicitly labeled dataset
is required). The rst embedding models, such as Word2vec [128], FastText [97],
GloVe [148], are based on the task of predicting a missing word (or a token) w in
the sequence of the context words (tokens)c: P (+ jw; c). Therefore, training such
models results in static embeddinggor the words or tokens in the vocabulary V. The
most recent dense models (e.g., BERT [46] or XLM-RoBERTa [40]) producedynamic
contextual embeddingswvhere each word w will be represented by a different vector
when it appears in a different context c. This is particularly important when dealing
with homonymy (multiple words have the same spelling).

Multilinguality and Low-Resource Languages

The multilinguality , as a feature of a system that works with NL, is de ned as
providing the ability to process input or search for information in several different
languages! 2 L [158]. We interpret “several languages” as more than oneaccording

writes their NL question g in the language |; and a system nds an answerA in the
D), (instantiated for the language lj). The ability to handle more than one language
is called multilinguality, however, if |; 6 |; given the example above, such an ability
is called cross-linguality In the scope of this work, the terms “cross-lingual” and
“multilingual” are interchangeable, and the latter is to be used.

Low-resource languagesre those that lack suf cient linguistic resources, such as
supervised training data (e.g., shortage of parallel corpora for neural machine
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2.1.7

translation), which is essential for the NLP tasks [121, 165, 67]. In the research com-
munity, there is no straightforward threshold for separating low-resource languages
from resource-rich languagedn the context of this thesis, we de ne low-resource

languages as those that meet one or more of the following criteria:

« Limited availability of KGQA benchmarking datasets (1 for a particular
language);

» Scarce annotated datasets for downstream NLP tasks (e.g., text classi cation,
named entity recognition);

« Insuf cient linguistic tools and resources (such as parsers, tokenizers, or
comprehensive digital dictionaries).

This de nition aligns with the common practices in multilingual NLP research and
provides clear and quanti able metrics for our speci c research context.

Large Language Model-based Agents

Given the emergence of LLM decision-making and autonomous agents in language
models [216, 119], it is essential to establish clear de nitions of key concepts, terms,
and notation used throughout this thesis. Our de nitions are derived primarily from
the literature from peer-reviewed surveys in this eld [126, 216].

An LLM agent(or Al agent) is frequently conceptualized as anaugmented language
model extending beyond autoregressive natural language generation to incorporate
extended reasoning capabilities, external tool utilization and multi-agent collabora-
tion. The foundation of such systems is built on abackbone LLMwhich serves as a
core component. These agent frameworks typically comprise the following essential
components:

Proling A component that establishes the agent's identity and role through ex-
plicit directives (e.g., “you are an intelligent assistant specialized in...”). This
pro ling information is typically embedded within a system prompt which
guides the agent's behavior and responses;

Long-term Memory A mechanism that enables the agent to access and utilize
historical interactions and outcomes (e.g., “based on previous successful
interactions...”—experience pool), enhancing decision-making through learned
experiences;

Planning An approach to decompose complex tasks into manageable, sequential
sub-tasks (e.g., “First, analyze the input data. Second, apply the transformation.
Finally, validate the results...”);

2.1 Natural Language Processing
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Action (tooling) The execution component that transforms the agent's decisions
into concrete operations (e.g., invoking a tool such as a RESTful API), bridging
the gap between reasoning and real-world effects.

The agent work ow is not always straightforward, sometimes involving additional
iteration loops. Typically, such loops are caused by deedbackmechanism, which is
responsible for re ning the ongoing work ow. Environmental feedbacks obtained
from the objective world or virtual environment (e.g., a relational database response
when an SQL or SPARQL query was executed). All the components and mechanisms
mentioned above can also be enriched within-context examples (i.e., short-term
memory) for better output. For example, the planning component can be enriched
with a successful example from the past agent runs. A general overview of the
architecture of an LLM-based agent is presented in Figure 2.8 As the gure suggests,

Fig. 2.8.: A general overview of an LLM-based agent's logical architecture

there is an additional layer called agent orchestration frameworkwhich is responsible
for creating work ows that connect an LLM with the other components. Some of
the well-known frameworks are: LangChain®, Llamalndex?, CrewAl®, etc.

Thttps://www.langchain.com/
Zhttps://www.llamaindex.ai/
3https://www.crewai.com/
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2.2 Semantic Web and Knowledge Graphs

This chapter describes the terms and concepts related to Linked Data, Semantic Web,
and Knowledge Graphs (KGs). These are the crucial topics for this thesis since KGs
are used as a data layer behind KGQA systems.

2.2.1 Linked Data and Semantic Web

Resource Description Framework (RDF)

RDF is a standardized framework for representing information on the Web [@44].
As may be recalled from the name,resourceds a central concept within RDF. A
resource is areferent—a real-world object, an object on the Web, or a set of objects
denoted by a sign (or a label). RDF resources are denoted bynternationalized
Resource Identi ergIRIs). Often, IRl and URI (Uniform Resource Identi e} are used
interchangeably in this context. RDF is based on a graph data model, these graphs
are sets ofsubject-predicate-object triplesee Figure 2.9).

Fig. 2.9.: An example of a triple—an RDF graph with two nodes (subject, object) that are
connected via predicate.

An RDF vocabulary is a collection of IRIs intended for use in RDF graphs [@214].
In particular, RDF schema is a data-modeling vocabulary [@212]. RDF enables
merging data even when the underlying schemas are different. It is designed to
accommodate the evolution of schemas over time without any changes for all data
consumers.

The IRIs in an RDF vocabulary often begin with a substring (e.g., %sd”)—namespace

IRI or a namespace pre xe.g., “https://www.w3.0rg/2001/XMLSchema ). Vocabu-

laries such as OWL [@213] and SKOS [@91] are built on top of RDF, offering an

instrument to de ne structured ontologies Figure 2.10 shows a sample RDF graph
data in Turtle (.ttl )* format. In this work, we use several RDF Terms [@214]:

“https:/iwww.w3.org/TR/turtle/
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# define prefixed namespaces

@prefix ex: <http://fexample.org/> .

@prefix dbo: <http://dbpedia.org/ontology/> .

@prefix dbr:  <http://dbpedia.org/resource/> .

@prefix xsd: <http://www.w3.0rg/2001/XMLSchema#> .

# define assertions about the entities and relations
ex: AngelaMerkel # define Angela Merkel as a resource
a ex: Human; # is a human
dbo: birthDate "1954-07-17"" xsd: date ; # has the specified birth date
dbo: occupation ex : Politician  ; # has the following occupation
dbo: birthPlace ex :Hamburg. # has the following birth place

ex: Hamburg# define Hamburg as a resource
a dbo City ; # is a city
dbo: country dbr : Germany; # is located in the following country
dbo: population  "1758041"M xsd: integer . # has the following population

Fig. 2.10.: An example of an RDF graph in the Turtle format. Here, the DBpedia [7]
namespaces are reused for de ning the relations @bo) and for interlinking with
other resources (dbr).

IRl Internationalized Resource ldenti ers, de ned in [56].

Literal Literals are used for values such as strings (may be language-tagged e.g.,
Hallo @de ), numbers (e.g., “xsd:integer”), and dates (e.g., “xsd:date”).

Boolean e.g., “xsd:boolean”.

Semantic Web

The Semantic Web is an initiative of the World Wide Web Consortium (W3C) for an
extension of a traditional “static” Web to make its data machine readable [15]. To
facilitate annotating semantics within data technologies such as RDF are employed.
RDF enables formal and standardized representation of metadata. For example,
ontologies can de ne concepts, relationships between entities, and categories of
objects. The embedded semantics provide bene ts, such as enabling reasoning
over data and enhancing interoperability with diverse data sources. Typically, such
data are provided directly within the Web pages, e.g., through RDF in attribute
syntax (RDFa) (see Figure 2.11) and are used most frequently forSearch Engine
Optimization (SEO) purposes.

Figure 2.11 represents the usage okchema.org—one of the most used ontologies
on the Web, mainly for the SEO purposes.
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<div vocab="https://schema.org/" typeof="Person">
<l-- specify schema.org vocabulary and Angela Merkel as an entity of type "Person" -->
<l-- the person 's name is defined below -->
<span property="name">Angela Merkel</ span> was born in
<l-- define the birthPlace relation,
specifying the birthplace as an entity of type "Place",
linked to external knowledge (Wikidata) -->
<span property="birthPlace" typeof="Place" href="https://www.wikidata.org/wiki/Q1055">

<!-- explicitly provide the place 's name property -->
<span property="name">Hamburg</ span>.
</ span>
</div >

Fig. 2.11.: An example of annotating semantics via RDFa syntax anégchema.org vocabulary
within a web page. The semantics of this statement are equivalent to Figure 2.9.

Linked Data and Web of Data

Linked Datais a concept in which structured data based on RDF are interlinked
with other data [18]. Hence, it complements the Semantic Web with the ability of
reusing already existing data, for example, in Figure 2.11 one may recognize the
annotated textual span “Hamburg” points to a URI from an external KG—Wikidata
[211]. Thus, one does not de ne a new resource to describe some real-world object
but rather reusesan existing one. Reusability is provided by the ontologies that rely
RDF standards and simplify data merging.

The core idea of the Web of Datais to publish content on the Web in formats
that machines can process more easily and accurately than human-friendly HTML
documents [78]. The Web of Data initiative follows several principles, such as: (1)
using a canonical form of expressing factual claim, (2) using one name to refer to
one thing, (3) using unambiguous names that refer to one thing, (4) writing queries
using a structure analogous to the data, (5) making the semantics of terms explicit,
and (6) providing links to discover relevant information in remote locations.

SPARQL

The SPARQL query languags designed to query the RDF data [@70]. It enables its
users to formulate queries across various data sources, regardless of whether the
data is originally stored as RDF or presented as RDF through middleware. SPARQL's
features include querying both required and optional graph patterns and their
combinations through conjunctions and disjunctions. It also supports functionalities
such as aggregation, subqueries, negation, value creation through expressions,
extensible value testing, and constraining queries based on the source RDF graph.
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PREFIX ex <http://example.org/> # defines prefix "ex" for example.org resources

PREFIX dbo <http://dbpedia.org/ontology/> # defines prefix "dbo" for DBpedia ontology
SELECT?birthPlace # selects the birth place of Angela Merkel
WHERE

ex: AngelaMerkel dbo: birthPlace ?birthPlace .  # retrieves Angela Merkel 's birth place

}

Fig. 2.12.: A simple SPARQL query that returns the birthplace of Angela Merkel based on
the data from Figure 2.10.

The results of SPARQL queries can be either result sets or RDF graphs. Hence,
SPARQL is a powerful tool for manipulating RDF data. Figure 2.12 demonstrates a
simple SPARQL query over RDF data from Figure 2.10.

2.2.2 Knowledge Graphs

Although knowledge graphs (KGs) were brie y discussed in the previous subsections,
their formal de nition is provided in this subsection. A knowledge graphs a machine-
readable representation of real-world knowledge. The nodes in a KG represent
entities of interest and the edges indicate various relationships between these entities
[79]. Naturally, KGs adhere to a graph-based data model. The most popular forms of
the graph data model are directed edge-labeled grapdnd a property graph This work
mainly considers directed edge-labeled graphs; however, in further subsections, we
describe both in detail. Figure 2.13 demonstrates the “knowledge graph evolution”
in terms of the technology foundation.

Directed Edge-labeled Graphs

A directed edge-labeled (del) grapfsometimes also amulti-relational graph [21]) is

de ned as a set of nodes—such as “Hamburg”, “Angela Merkel”, “165 cm” (i.e., both

resources and literals can represent nodes) anc&tdgegepresent relations between
those entities (e.g., Hamburg “has type” City) [79]. Figure 2.14 illustrates the

example of a del graph. Typically, del graphs are based on RDF.

Property Graphs

A property graph(also labeled property graph—LPG) allows a set of property—value
tuples and a label to be associated with both nodes and edges [79]. For example, a
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Fig. 2.13.: The RDFbased knowledge graph (directed edge-labeled) evolution (the gure
from [131]). According to this gure, our work is based on the standardized
Semantic Web technologies and speci cally tackles the user interface in terms of
natural language access to the data

Fig. 2.14.: A conceptual example of a directed edge-labeled (del) graph.

del graph requires a new node and edge when de ning the occupation of Angela
Merkel, while for a property graph, one only needs to add the corresponding
property-value tuple (see Figure 2.15). Property graphs do not follow any standard,
in contrast to del graphs, which are typically based on RDF. However, they are
implemented in popular graph databases, such as Neo4j [130].

Fig. 2.15.: A conceptual example of a property graph.

2.2 Semantic Web and Knowledge Graphs
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2.3 Question Answering and Information Retrieval

This chapter describes the core concepts of question answering and information
retrieval. Information retrieval (IR)—is the task of returning documents to a user

according to their information need, while question answering (QA)—is the task

of answering a user's questions [99] directly, based on structured or unstructured

data.

IR and QA utilize algorithms, methods, and technologies from the previously de-
scribed research elds, namely, natural language processing, semantic web, and
knowledge graphs. Figure 2.16 presents the pipeline of a KG construction: from
multi-source heterogeneous data to the applications of KGs.

Fig. 2.16.: The pipeline of RDF-based knowledge graph construction, representation, reason-
ing, and applications [131]. Our work is focused speci cally on the applications,
namely question answering.

2.3.1 Knowledge Graph Question Answering

Knowledge-based Question AnswerifijBQA) systems perform adirect answerex-
traction on structured data, while IR-based QA (or Open Domain QA) operates on
unstructured documents [98]. The objective of KBQ#s to identify the answers A
that satisfy the informational need of a NL question g, using a KBK [57]. The
introduction of the Semantic Web enabled the extraction of direct answers based on
structured data. The data published on the Web and made machine-readable via
Semantic Web principles corresponds to the formal de nition of a Knowledge Graph
(KG) [79] and, therefore, can be considered as a global decentralized RDF-based
KG. A family of systems that addresses the challenge of providing direct answers
based on KGs is named&nowledge Graph Question Answering (KGQA) systefsse
Figure 2.17). KGQA systems share the same objective as the KBQA ones. However, a
KBK is replaced by a knowledge graphKG. Although the terms KBQA and KGQA
are often used interchangeably, we prefer to viewKGQA systems as a subset of KBQA
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Fig. 2.17.: Hierarchy of the question answering systems

The answer types supported by the majority of the KGQA systems are limited to the
following: resource® (e.g., a URI of an entity), literal (e.g., a string or a number),
boolean, or a list of the previously mentioned ones. These answers can be converted
back into NL using natural language generation (NLG) frameworks for KGs [8, 156].
The majority of KGQA systems developed by researchers work on general domain
KGs such as Freebase [19] (now part of Google's KG [@64]), DBpedia [7], Wikidata
[211], etc. However, the approaches implemented therein can commonly be ported
to any KG.

2.3.2 Development Paradigms of Knowledge Graph Question
Answering Systems

Classi cation by output type

Recent KGQA developments show that systems can be divided into two classes by
their generated output [228, 223, 125]: (1) information extraction and (2) semantic
parsing. KGQA systems following theinformation extraction class usually retrieve a
set of answer candidates directly from a KG by traversing the graph. Thesemantic
parsing class focuses on the tasks of converting a NL questioginto a formal query
(e.g., SPARQL) that must be executed on a KG for the sake of retrieving an answer.

Recent advances in the eld of Large Language Modeld LMs) have shown that both
the aforementioned system classes can be implemented with utilizing LLMs as a core
component. In particular, one may directly pose a NL questionq to such a model to
expect a direct answer (paradigm 1) [10, 125] or create an instruction for an LLM
to generate a SPARQL query (paradigm 2) [107]. Furthermore, LLMs enable the
so-calledagenticapproach, where a KGQA system is built as an LLM surrounded by
external tools, planning and reasoning, and feedback mechanisms [84, 96, 232].

Shttps://www.w3.org/Designlssues/Generic.html
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Classi cation by system design

From the system design point of view, the KGQA systems are classi ed into the
following: (1) end-to-end systems and (2) component-based systems. Theend-to-

endsystems are typically represented through a monolithic architecture or are neural

models that directly produce the output [182, 183]. The component-basedystems

are a more general class that can incorporate end-to-end systems together with other
components or use sequential pipelines of components that perform different tasks
(e.g., NED, REL) [53, 201].

Evaluation of Knowledge Graph Question Answering Systems

The speci cs of question answering evaluation are thatthese systems mostly return
one direct answer to a question by desigim contrast to IR systems that return ranked
lists of documents. Although the ranked list metrics are not widely used in the eld
of KGQA, many information retrieval metrics are still used.

The concept of relevance

Conventionally, the evaluation of KGQA systems is based on the binary judgement
of relevancg177]. In other words, an answer can be either relevant(i.e., correct)
or nonrelevant(i.e., incorrect). The relevance judgment is based on aground truth
answer that is part of a test dataset Hence, an answer is relevant if it fully addresses
the stated information need The information need is formulated via an NL question
and is re ected via ground truth answers. The binary relevance is formalized in
Equation 2.3). 8

<1 ifyg=y;

Relevancgy;y) = (2.3)
0 elsey6y

Where $—an answer given by a systemy—a ground truth answer.

Based on the binary relevance, one may calculatdrecision(see Equation 2.4) as the
fraction of retrieved answers that are relevant and Recallas the fraction of relevant
documents that are retrieved [177] (see Equation 2.5).

Precision = jrelevant items retrievedj _ TP 24
jretrieved items; TP+ FP :
jrelevant items retrievedj TP
Recall = : i _ _ .
jrelevant itemsj TP+ EN (2.5)
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The confusion matrix in the context of Information Retrieval is demonstrated in
Table 2.1.

Tab. 2.1.: Confusion Matrix in the context of Information Retrieval

\ Relevant Not Relevant
Retrieved \ TP (True Positive) FP (False Positive)
Not Retrieved \ FN (False Negative) TN (True Negative)

The measure that represents the effectiveness of retrieval with respect to a user who
attaches times as much importance to Recall as Precision is called F score [209]
(see Equation 2.6).

Precision Recall
( 2 Precision) + Recall

F =1+ ? (2.6)

The parameter controls the weight of the Recall over the Precision (e.g., > 1
gives more weight to the Recall. However, the most popular situation is when

= 1—this is known as the F; score (or simply the F1 score). TheF1 scords the
harmonic mean of Precision and Recall and is commonly used for the comparison of
different KGQA systems.

When considering such answer types as resource, boolean, or literal (see Figure 2.6
for the idea of answer types), the possible Precision and Recall values are 1 or 0
since they imply only one ground truth answer. The examples with Precision and
Recall calculation for such answer types are demonstrated in Figure 2.2.

Tab. 2.2.: Examples for calculation of Precision and Recall for resource, boolean, and literal
answer types

Input question | Answer type | % \ y | Precision | Recall
Where was Angela Merkel born? resource® Hamburg Hamburg 1 1
Was Angela Merkel born in Hamburg? | boolean False True 0 0
When was Angela Merkel born? literal (date) | “17-07-1954" | “17-07-1954" 1 1

When it comes to the list answer type, which is composed from resources or literals
(e.g., “Name all children of Barack Obama”), then the Precision and Recall scores
are more diverse (see Figure 2.18).

Shttps://dbpedia.org/resource/Hamburg
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Fig. 2.18.: An example of Precision and Recall calculation for the list answer type. Green
boxes represent relevant answers.

Averaging strategies for Precision, Recall and F1 Score

According to the established KGQA community standards [206], the different aver-
aging strategiegMicro and Macro) are implemented as follows.

Micro: aggregate all true positives, false positives, and false negatives across all
guestions (), computing these metrics only at the end (see Equation 2.7).

P
qTPq

P |
ql ng t g
q TPPq .
qTPqt  ¢FNg’
2 Precisionmicro Recallnicro
Precisionmicro + Recalknicro

q

Recallicro = P (2.7)

Flmicro =

Macro: Precision, Recall, and F1 Score are calculated individually for each ques-
tion, and these scores are averaged separately at the end. Therefore, this metric
emphasizes more strongly the system's ability to perform consistently well across all
guestions (see Equation 2.8).

Precisio _ X TR
Maco = N, TP+ FPq
g=1
X TP,
Reca”rnacro— ﬁ B m (28)
g=1
1 X 2 TP
Flmnacro = — :

N =1 2 TPq+ FPgq+ FNg
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It is worth noting that, when using macro averages, the resulting F1 Score may not

necessarily fall between Precision and Recall.

Other metrics

Precision@k  This metric is very similar to the standard Precision. However, it cuts
off the list of retrieved items by the length of k. Typically, k = 1 in the KGQA setup.
Hence, the evaluation strategy is to verify whether the answer ranked as top-1 (out
of n) is correct.

Hits@k This metric follows the same calculation strategy as Precision@k [34]. In
the KGQA interpretations, Hits@1 is de ned as follows [178]: (1) for literal, boolean,
resource or null answers, this is the same as exact match, (2) for list answers, returns
1 if at least one relevant answer appears in the predicted answer, otherwise 0. Hence,
Hits@1 can produce potentially higher values than Precision@1.

Answer Trustworthiness Score ( ATS) This metric accounts the unanswerable ques-
tions, speci cally when A = ;. Itwas rstde ned in [63] and is speci cally designed

to assess the trustworthiness of KGQA systems. It calculates a score for each question

gin a datasetD, sums these scores, and normalizes the result within a range of 1
to +1:

8
= 3+1 if isCorrect (Aq; Ay) = correct

M; wheref(q)§ 0 if £q=; (2.9)

ATS(D) = .
iDj
1 otherwise

AT S considers correct, incorrect, and empty answer selis line with the principle
that “no answer is better than a wrong answer” [219], there is no penalty for a
KGQA system returning no result (i.e., systems that provide fewer incorrect answers
to users achieve a higher score). A KGQA system can achieve an averagd Sscore
of 0 by simply responding without an answer to all the questions in D. To achieve a

positive AT S, the system must provide more correct answers than incorrect ones.

Consequently, AT S is more stringent than other common metrics and is an ideal
measure for evaluating the quality of KGQA systems.

2.3 Question Answering and Information Retrieval
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Boundary cases

The metrics are computed using the following additional rules [206, 169]:

« If the ground truth answer set is empty (i.e., A = f;g ) and the system responds
correctly with an empty answer, Precision, Recall, and F1 Score are set to 1.

* If the ground truth answer set is empty, but the system returns any non-empty
answer, Precision, Recall, and F1 Score are all set to 0.

« If the ground truth answer set is non-empty, but the system provides an empty
answer set (meaning it failed to respond), Precision, Recall, and F1 Score are
each set to 0.

« In all other cases, Precision, Recall, and F1 Score are calculated in the standard
way for each individual question.
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3.1

Systematic Survey on
Multilingual Knowledge Graph
Question Answering

Introduction

This chapter presents a systematic survey of the mKGQA eld. Our review method-
ology follows best practices from the prior survey articles [106, 127, 17, 150] to
comprehensively analyze research developments in mKGQA. Our methodology en-
compasses the identi cation of scienti c literature sources, selection of relevant
publications, and systematic extraction of quantitative information (e.g., perfor-
mance metrics, evaluation methodologies, etc.). We then analyze this information
to revear novel insights and organize them into a structured taxonomy.

Our analysis is based on 48 publications, ltered from an initial pool of 1875 papers.
Through the formal selection criteria, we identi ed 27 papers discussing mKGQA
systems, 14 papers describing benchmarks and datasets, and 7 comprehensive survey
articles.

Our review of the past decade's literature reveals thatexisting systematic surveys on
KGQA signi cantly underrepresent the multilingual dimensionMost surveys merely
acknowledge multilinguality as a KGQA challenge, typically dedicating no more than

a paragraph to this aspect. Furthermore, we found no surveys speci cally focused
on analyzing multilingual capabilities of these systems. Given the emergence of
dedicated KGQA systems addressing multilinguality, a thorough survey of mMKGQA
has become imperative.This chapter contributes to all research gapge de ned in
Section 1 and, in particular, addresses three primaryresearch questions

RQ 3.1 — How to de ne a systematic review methodology to identify, structure, and
characterize mKGQA approaches?

RQ 3.2 — How does the language distribution patterns, representation of diverse
language groups, alphabets, and writing systems in mKGQA look like?

RQ 3.3 — What are the trends in benchmark dataset sizes and language coverage?
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The contributions of this chapterare threefold: (a) provide a systematic analysis of
historical developments and current advances in mKGQA systems,b) develop a

comprehensive taxonomy of mMKGQA methods and their distinctive characteristics,
and (¢) identify existing research challenges and outline future research directions