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Abstract

Automatic question answering in the biomedical domain is developing rapidly,
driven by the growing need for quick access and up-to-date clinical evidence for
the diagnosis and treatment of diseases. As healthcare professionals, researchers,
and patients increasingly seek timely, precise, and explainable answers from vast
structured data sources, traditional information retrieval (IR) methods—which
rely on searching across large document collections—often fall short in terms
of efficiency and accuracy. To address this, biomedical knowledge graphs (KGs)
are emerging as a trustworthy and efficiently queryable structure for retrieving
relevant information in the form of question answering (QA).

Biomedical knowledge graphs are heterogeneous networks that represent
biomedical information by modeling biological entities as nodes and their rela-
tionships as edges. These graphs provide a structured, semantically rich, and
computationally efficient framework for storing and querying large volumes of
domain-specific knowledge, often accessed through query languages such as
SPARQL. As a result, the task of biomedical question answering over KGs (KGQA)
has received increasing attention. KGQA systems aim to enable users to pose
complex natural language questions and retrieve meaningful answers by reasoning
over the graph. Typically, a KGQA pipeline consists of several stages: identifying
the entities and relations from the question, linking these entities and relations
to corresponding nodes and edges in the KG, generating a query or traversing
the graph to identify relevant paths, and finally extracting or synthesizing an
answer based on the retrieved information.

One key challenge in KGQA is the lack of comprehensive and standardized
datasets. The landscape is fragmented, with multiple knowledge graphs evolving
independently across different versions and sources. As a result, we lack a
unified system that provides an overview of existing datasets and KGQA systems,
making it difficult to replicate or benchmark older systems, which often become
irreproducible over time. This issue is particularly pronounced in the biomedical
domain, where data annotation is expensive and time-consuming due to the need
for domain expertise, making it hard to find available datasets. Furthermore,
linking entities from natural language questions to the corresponding nodes in
KGs remains a major challenge, largely due to the scarcity of high-quality training
data for entity linking and disambiguation.

Another major challenge in linking and extracting knowledge from biomedical
KGs in response to natural language questions lies in the lack of domain-specific
semantic alignment. Biomedical language is highly specialized and differs sig-
nificantly from general human language. However, most large language models
(LLMs) we use to do such tasks are trained primarily on general-domain text, which
limits their ability to accurately interpret biomedical terminology and relations.
One promising research direction is the integration of symbolic knowledge from



KGs into LLMs. This can involve enriching LLM inputs with synonyms, definitions,
or descriptions of biomedical entities and relations, thereby bridging the gap
between natural language and structured domain knowledge.

Facing the above challenges, this dissertation aims to advance the development
and scalability of KGQA systems in the biomedical domain by addressing key
challenges related to dataset availability, system comparability, and data genera-
tion. More specifically, this dissertation contributes to the domain of biomedical
knowledge graph question answering in the following key aspects, in terms of the
resources, Chapter 3: This chapter developed a public leaderboard that compiles
existing datasets and systems in KGQA, enabling standardized and transparent
comparisons across benchmarks. Chapter 4: This work created a multilingual
KGQA dataset containing questions of varying complexity, supporting research
in multilingual reasoning and cross-lingual understanding. Built based on the
above resources, we review and develop work on the KGQA systems: Chapter
5: This chapter proposed and evaluated a biomedical entity linking method that
injects symbolic information from knowledge graphs to improve disambiguation
and linking performance. Chapter 6: This work conducted a comprehensive
review of existing relation extraction methods that combine both neural and
symbolic approaches, providing insights into trends and gaps in the field. Chapter
7 This chapter designed a generalizable framework for automatically generating
biomedical KGQA datasets, and used this framework to build the first large-scale
biomedical KGQA dataset.



Zusammentfassung

Die automatische Beantwortung von Fragen im biomedizinischen Bereich entwi-
ckelt sich rasant, angetrieben durch den wachsenden Bedarf an selbstgesteuertem
Zugang und aktuellen klinischen Erkenntnissen fiir die Diagnose und Behandlung
von Krankheiten. Da medizinisches Fachpersonal, Forscher und Patienten zuneh-
mend nach zeitnahen, prazisen und erklarbaren Antworten aus umfangreichen
strukturierten Datenquellen suchen, sind herkommliche Information-Retrieval-
Methoden (IR), die sich auf die Suche in groflen Dokumentensammlungen stiitzen,
in Bezug auf Effizienz und Genauigkeit oft unzureichend. Um dieses Problem
zu 16sen, werden biomedizinische Wissensgraphen (KGs) als vertrauenswiirdige
und effizient abfragbare Struktur zum Abrufen relevanter Informationen in Form
von Fragebeantwortung (QA) eingesetzt.

Biomedizinische Wissensgraphen (KGs) sind heterogene Netzwerke, die bio-
medizinische Informationen darstellen, indem sie biologische Einheiten als Kno-
ten und ihre Beziehungen als Kanten modellieren. Diese Graphen bieten einen
strukturierten, semantisch reichhaltigen und rechnerisch effizienten Rahmen
fur die Speicherung und Abfrage grofler Mengen von doméanenspezifischem
Wissen, auf das haufig iiber Abfragesprachen wie SPARQL zugegriffen wird.
Infolgedessen hat die Aufgabe der Beantwortung biomedizinischer Fragen iiber
KGs (KGQA) zunehmende Aufmerksamkeit erhalten. KGQA-Systeme sollen es
Benutzern ermdoglichen, komplexe Fragen in natiirlicher Sprache zu stellen und
sinnvolle Antworten zu erhalten, indem sie iiber den Graphen schlussfolgern.
Typischerweise besteht eine KGQA-Pipeline aus mehreren Stufen: Identifizierung
der Entitaten und Relationen aus der Frage, Verkniipfung dieser Entitdten und
Relationen mit den entsprechenden Knoten und Kanten im KG, Generierung einer
Anfrage oder Durchlaufen des Graphen, um relevante Pfade zu identifizieren,
und schliefllich Extraktion oder Synthese einer Antwort auf der Grundlage der
abgerufenen Informationen.

Eine zentrale Herausforderung bei der KGQA ist der Mangel an umfassenden
und standardisierten Datensatzen. Die Landschaft ist zersplittert, mit mehreren
Wissensgraphen (KGs), die sich unabhangig voneinander in verschiedenen Ver-
sionen und Quellen entwickeln. Infolgedessen fehlt ein einheitliches System, das
einen Uberblick iiber die vorhandenen Datensitze und KGQA-Systeme bietet, was
die Replikation oder den Vergleich alterer Systeme erschwert, die mit der Zeit oft
nicht mehr reproduzierbar sind. Dieses Problem ist im biomedizinischen Bereich
besonders ausgeprigt, wo die Annotation von Daten teuer und zeitaufwandig
ist, da Fachwissen erforderlich ist und es schwierig ist, verfiigbare Datensatze zu
finden. Dariiber hinaus stellt die Verkniipfung von Entitaten aus natiirlichsprach-
lichen Fragen mit den entsprechenden Knoten in KGs nach wie vor eine grofe
Herausforderung dar, was vor allem auf den Mangel an hochwertigen Trainingsda-
ten fiir die Verkniipfung und Disambiguierung von Entitaten zuriickzufiihren ist.



Eine weitere grofie Herausforderung bei der Verkniipfung und Extraktion von
Wissen aus biomedizinischen KGs als Antwort auf natiirlichsprachliche Fragen
liegt im Fehlen eines domanenspezifischen semantischen Abgleichs. Biomedi-
zinische Sprache ist hochspezialisiert und unterscheidet sich erheblich von der
allgemeinen menschlichen Sprache. Die meisten grofien Sprachmodelle (LLMs),
die wir fir solche Aufgaben verwenden, sind jedoch in erster Linie auf Texte aus
allgemeinen Bereichen trainiert, was ihre Fahigkeit zur genauen Interpretation bio-
medizinischer Terminologie und Beziehungen einschréankt. Eine vielversprechende
Forschungsrichtung ist die Integration von symbolischem Wissen aus KGs in LLMs.
Dies kann die Anreicherung von LLM-Eingaben mit Synonymen, Definitionen oder
Beschreibungen biomedizinischer Entitdten und Relationen beinhalten, wodurch
die Liicke zwischen unstrukturierter Sprache und strukturiertem Doménenwissen
iberbriickt wird.

Angesichts der oben genannten Herausforderungen zielt diese Dissertation
darauf ab, die Entwicklung und Skalierbarkeit von KGQA-Systemen im biome-
dizinischen Bereich voranzutreiben, indem sie sich mit den wichtigsten Her-
ausforderungen in Bezug auf die Verfiigbarkeit von Datensétzen, die Vergleich-
barkeit von Systemen und die Datengenerierung befasst. Insbesondere leistet
diese Dissertation in den folgenden Schliisselbereichen einen Beitrag zum Bereich
der biomedizinischen Wissensgraphen-Fragenbeantwortung, was die Ressourcen
betrifft: Kapitel 3: In diesem Kapitel wurde eine 6ffentliche Rangliste entwickelt, die
bestehende Datensatze und Systeme in KGQA zusammenfasst und standardisierte
und transparente Vergleiche zwischen Benchmarks ermdglicht. Kapitel 4: In dieser
Arbeit wurde ein mehrsprachiger KGQA-Datensatz mit Fragen unterschiedlicher
Komplexitat erstellt, der die Forschung im Bereich des mehrsprachigen Schlussfol-
gerns und des sprachiibergreifenden Verstehens unterstiitzt. Auf der Grundlage der
oben genannten Ressourcen tiberpriifen und entwickeln wir Arbeiten zu KGQA-
Systemen: Kapitel 5: In diesem Kapitel wurde eine Methode zur Verkniipfung
biomedizinischer Entitdten vorgeschlagen und bewertet, bei der symbolische
Informationen aus Wissensgraphen eingefiigt werden, um die Disambiguierung
und die Verkniipfungsleistung zu verbessern. Kapitel 6: In dieser Arbeit wurde
eine umfassende Uberpriifung bestehender Methoden zur Relationsextraktion
durchgefiihrt, die sowohl neuronale als auch symbolische Ansétze kombinieren,
und Einblicke in Trends und Liicken in diesem Bereich gegeben. Kapitel 7 In diesem
Kapitel wurde ein verallgemeinerbarer Rahmen fiir die automatische Generierung
biomedizinischer KGQA-Datensatze entworfen und dieser Rahmen zur Erstellung
des ersten grof3 angelegten biomedizinischen KGQA-Datensatzes verwendet.
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Introduction

This introduction chapter outlines the motivation, related work, key
publications, and main contributions of this dissertation on biomedical
knowledge graph question answering (KGQA). Motivated by the
need for interpretable and efficient access to biomedical knowledge,
this thesis reviews existing efforts in KGQA, including datasets and
systems. This chapter further highlights key challenges, such as
limited datasets and domain-specific language, and positions the
contributions of this research within that context.
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1.1 Motivation

Knowledge graphs are heterogeneous graphs that contain different types of
vertices and edges. In a biomedical knowledge graph, core biological components
such as genes, diseases, and drugs are modeled as entities (nodes), while the
interactions or associations between them are modeled as relations (edges). This
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graph-based structure enables the integration of heterogeneous biomedical data
into a unified framework, where each node represents a unique concept and each
edge encodes a specific type of biological or pharmacological interaction (Bonner
et al., 2022), as presented in Figure 1.3. The resulting graph enables efficient
querying and reasoning, supporting tasks like personalized diagnosis of disease
or search for up-to-date domain-specific knowledge (Jin et al., 2022).

SymptomOf
Affect

Build

Disease

CorrelateTo

Reflect

Encode Dictate

Affect

Cause

Figure 1.1: A knowledge Graph example, with instances borrowed from PrimeKG
(Chandak et al., 2023a).

Knowledge Graph Question Answering (KGQA) is the task of automatically
answering natural language questions by leveraging structured information stored
in one or more knowledge graphs (KGs). It involves interpreting a user’s question,
mapping it to the corresponding entities and relations in the graph, and retrieving
or reasoning over relevant triples to produce an accurate answer. This process
often requires several sub-tasks. Recent KGQA systems typically follow two
main paradigms:



1. Introduction

1. Information retrieval-style, which link the entities to the graph and use
neural models to retrieve and rank candidate answers from the graph; and

2. Semantic parsing-style, which translate the input question into a formal
query language (such as SPARQL or a logical form) that can be executed
directly over the KG to retrieve the answer.

Despite differences in paradigm, both KGQA approaches require recognizing
and linking entities mentioned in the natural language question to their corre-
sponding nodes in the graph, i.e., Named Entity Recognition (NER) and Entity
Linking (EL). NER refers to the process of identifying entity spans in the input
text. In biomedical KGs, entities represent identifiable concepts of interest, such
as genes, proteins, or anatomical structures. After NER, the extracted span is
passed to the EL step, which maps it to the corresponding node in the KG. Due
to ambiguity and lexical variation, multiple candidate entities may be retrieved,
requiring contextual disambiguation to select the most relevant identifier (entity
ID). In IR-based KGQA systems, the linked entity IDs are used to guide ranking
and reasoning, while in semantic parsing-based systems, they are essential to
formulating executable queries. A typical KGQA pipeline is depicted in Figure 1.2.

NER and EL are foundational to the performance of KGQA systems. Despite
their critical role, many systems continue to rely on out-of-the-box NER and EL
components for practical and time-saving reasons (Luo et al., 2024; Wang and Qin,
2024). However, these general-purpose models suffer from limitations, such as in
linking unseen entities, particularly when applied to complex or domain-specific
questions. A key limitation of these models lies in their inability to effectively
process domain-specific terminology, especially in the biomedical domain, where
the meaning of terms often depends heavily on context. And those contexts are
richly stored in the KGs in the form of synonyms and descriptions (Méller and
Usbeck, 2025), therefore, to combine the information from the KG to enhance
those modules is a focus of this dissertation. We review existing work and raise
a new framework in this perspective in chapter 5 and 6.

Recent advancements in NER, EL, and KGQA increasingly leverage Large
Language Models (LLMs) as foundational components (Klager and Polleres, 2023b).
These models, based on transformer architectures (Vaswani et al., 2017), have
markedly enhanced the language model’s ability to comprehend and generate
human language. In the current landscape of generative and reasoning-driven
approaches (Liu et al., 2024; OpenAl, 2023), LLMs exhibit strong performance in
semantic understanding, entity disambiguation, and contextual reasoning (Li et al.,
2024). This thesis builds on these developments to design principled resources
and systems grounded in these capabilities.

Despite the remarkable progress enabled by LLMs, their practical application
to biomedical Knowledge Graph Question Answering (bioKGQA) still faces several
notable challenges. The biomedical domain is characterized by a high demand
for accurate, interpretable, and timely access to information—driven by needs in
clinical decision support, biomedical research, and public health (Chandak et al.,
2023a). At the same time, it benefits from a rich ecosystem of structured resources,
including curated biomedical knowledge graphs such as UMLS (Bodenreider,
2004a), MeSH (Lipscomb, 2000a), DrugBank (Wishart et al., 2008), etc. However,
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Natural Question KG (part)
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Figure 1.2: A typical KGQA pipeline, where information extraction modules (entity linking
and relation extraction) form the basis for later query generation or retrieval. The linked
entities and relations are marked with blue boxes. The KG is sampled from Wikidata.

effectively leveraging these structured resources in combination with LLMs re-
mains a non-trivial task due to challenges such as domain-specific language, entity
ambiguity, and the evolving nature of the biomedical knowledge graph. These
factors make bioKGQA a compelling and timely area of research.

1. One major issue is hallucination (Ji et al., 2023), where LLMs may generate
plausible-sounding statements or facts that are incorrect or not logical. Such
behavior can significantly undermine the reliability of downstream tasks,
particularly in EL and KGQA, where factual grounding is essential. Finding
and tackling this problem requires systematic evaluation on curated and
complex datasets. Unfortunately, in biomedical KGQA, the availability of
such datasets remains limited (Yan et al., 2024), which complicates efforts
to analyse the performance of KGQA systems. This is due to the high cost
of creating such a dataset, since it requires professionals to annotate and
validate biomedical questions and corresponding queries. Therefore, this
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dissertation sets up a leaderboard based on past resources (chapter 3), builds
a manually created dataset (chapter 4), and also proposes a framework for
the automatic generation of KGQA datasets and applies it to the biomedical
domain, establishing a benchmark for evaluating the factuality of LLMs and
mitigating hallucinations (chapter 7.

2. LLMs often require domain adaptation to perform effectively in specialized
tasks such as biomedical NER, EL, and KGQA (Saad-Falcon et al., 2023).
Without fine-tuning on domain-specific corpora, their performance is insuf-
ficient, particularly in recognizing technical terms, rare entities, etc, with
specific terminologies that are rarely seen in the LLM’s training process.
Unlike traditional symbolic systems, LLMs lack transparency and do not
encode explicit knowledge—limitations that are especially critical in high-
stakes domains like biomedicine. To address these challenges, this work
reviews and explores existing and emerging methods for integrating LLMs
with structured biomedical knowledge to support robust and interpretable
KGQA (chapter 6).

Given the scarcity of high-quality biomedical KGQA datasets and the reliability
concerns surrounding LLMs in this domain, this dissertation focuses on the
following key objectives: reviewing current KGQA resources, creating KGQA
datasets with an automatic and manual annotation method, as well as developing
knowledge-enhanced KGQA systems.

1.2 Related Work

We categorize existing work on bioKGQA into two main directions: datasets
and systems. This classification allows us to highlight key gaps in the research
landscape—specifically, the lack of a comprehensive benchmark dataset and the
limited ability of current systems, particularly general-purpose LLMs, to effectively
retrieve information in the presence of complex biomedical terminology. These
limitations motivate the central research question of this dissertation and form
the basis for its main contribution: the development of a high-quality, domain-
specific bioKGQA dataset and accompanying methods of extracting and linking
the information from natural text to the KG to advance the field. On top of
that, a systematic review and presentation of KGQA datasets and systems are
important. Therefore, we also review the work on the KGQA leaderboard for
reproducibility. In addition, we provide an in-depth review of neural-symbolic
information extraction, which is an important part of KGQA systems.

1.2.1 bioKGQA Dataset

To date, research on biomedical KGQA remains limited, largely due to the absence
of standardized benchmark datasets for training, evaluation, and experimenta-
tion. Effective use of knowledge graphs in practical applications—particularly
for KGQA—depends heavily on the availability of high-quality, domain-specific
datasets. This need is especially critical in the era of LLMs. Without robust
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Dataset QALD-4 Bgee-QA OMA-QA  CORDIS-
QA

# Q-A Pairs 50 20 10 30

Underlying KG DrugBank  Bgee OMA CORDIS

Table 1.1: Statistics of existing BioKGQA datasets. Adapted from (Yan et al., 2024).

biomedical KGQA benchmarks, it is difficult to assess the capabilities of LLMs
or fine-tune them effectively for domain-specific tasks.

Currently, only a few public biomedical KGQA datasets are available, including
BgeeQA, OMA QA, CORDIS-QA (Sima, de Farias, et al., 2021), and Task 2 of QALD-
4 (Unger et al., 2014a). These datasets are typically small in scale and focus on
narrow biomedical subdomains (Yan et al., 2024). For example, BgeeQA centers
on gene expression across anatomical entities, while OMA QA and CORDIS-QA
are limited to comparative genomics and EU-funded biomedical project data,
respectively. Statistics and underlying KGs are listed in the Table 7.1.

Facing the data scarcity issue, there are two lines of methods for generating the
KQGA dataset. The first involves collecting natural questions from users or corpora
and manually annotating them with the corresponding SPARQL queries. While
this method ensures high semantic alignment, it is time-consuming and labor-
intensive—especially for questions involving multiple hops, filters, or complex
constraints. This is especially true for bioKGQA, since it involves biological
experts and, thus, costs more.

The second approach, known as the OVERNIGHT (ON) framework, is intro-
duced by Wang et al. (2015) as a semantic parsing dataset generation method. It
follows a three-step pipeline: (1) logical forms (e.g., SPARQL queries) are generated
directly from the knowledge graph; (2) these logical forms are transformed into
canonical questions, which are grammatically simplified but preserve the intended
semantics; and (3) the canonical questions are paraphrased into natural language by
crowd workers. This method may result in artificial question distributions that lack
the linguistic variety and complexity of naturally occurring queries. Recent method
also features finetuning an LLM over triples from KG to generate natural questions,
which proves to enhance model capacity in query generation (Shu and Yu, 2024a).

This dissertation explores both perspectives of data generation by employing
manual and automatic frameworks, resulting in a multilingual KGQA dataset

and a bioKGQA dataset.

1.2.2 bioKGQA System

In the general domain, LLMs are increasingly leveraged for both SPARQL query
generation (Banerjee et al., 2022a; Jiang, Yan, et al., 2023a) and information
retrieval over knowledge graphs (Chen, Jiang, et al., 2024; Zhao et al., 2025),
owing to their strong capabilities in understanding complex grammar and cap-
turing semantic relationships. Recent advances also explore the use of LLMs as
autonomous agents that can navigate and reason over KGs, driven by the growing
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ability of these models to reflect on failed attempts and incorporate feedback into
their reasoning process (Jiang, Zhou, et al., 2024; Su et al., 2024; Xu et al., 2024).
In biomedical and general-purpose settings, Sima, de Farias, et al. (2021) uses
a graph-based strategy to translate user queries into candidate SPARQL queries,
which extract, link, and rank the related entities as well as the related path, and turn
them into SPARQL queries, which proves to be efficient over different KGs. Reyes
et al. (2024) fine-tunes an LLM (OpenLLaMA_7B_v2') using QLoRA and PEFT,
first on a general-domain KGQA dataset over Wikidata—namely KQA Pro (Cao,
Shi, et al., 2022)—and subsequently on a customized, small set of question-query
pairs generated from domain-specific SPARQL queries. Huang et al. (2021) links a
corpora with entities extracted to form a KG and retrieves the answer from it.
LLMs have been employed for various tasks within KGQA pipelines, including
SPARQL query generation (Klager and Polleres, 2023a), retrieval of relevant
entities (Ji et al., 2024), and even direct interaction with knowledge graphs (Xu
et al., 2024). Since the development of powerful LLMs coincided with the early
stages of this dissertation project, the research presented here is fundamentally
built upon and inspired by recent advancements in LLM technologies. As can
be seen, LLMs have become the backbone of modern KGQA systems, and this
technology will be discussed in detail in the theoretical background Chapter 2.

1.2.3 KGQA Leaderboard

This section draws on content from chapter 3, which includes a systematic review
of existing KGQA leaderboards and platforms. The advancement in this direction
of research has remained largely unchanged from the time of its publication to
the completion of this dissertation.

Tracking progress in machine learning and NLP can be done through bench-
marking frameworks or reporting platforms. Benchmarking frameworks, such
as GERBIL QA (Usbeck, Roder, Hoffmann, et al., 2018), provide FAIR (Findability,
Accessibility, Interoperability, and Reusability) (Wilkinson, Dumontier, Aalbers-
berg, Appleton, Axton, Baak, Blomberg, Boiten, Bonino da Silva Santos, et al.,
2016) evaluation of KGQA systems and maintain integrated leaderboards, but
their usefulness depends heavily on community adoption and developer support.
Alternative command-line tools (e.g., QALDGen (Singh et al., 2016)) enable flexible
benchmarking, yet their offline nature limits transparency and reproducibility.
Reporting platforms like Huggingface Space * and Papers with Code * offer
centralized access to results, but for KGQA, coverage remains sparse (Perevalov”
et al., 2022). More structured initiatives, such as the Open Research Knowledge
Graph (ORKG)(Auer et al., 2020), show promise in enabling persistent and semi-
automatic reporting, though adoption is still limited. Surveys provide valuable
overviews (Pereira et al., 2022; Song et al., 2023; Yani and Krisnadhi, 2021), but
they become outdated quickly or focus on narrow subtopics. Altogether, these
efforts highlight the need for a sustainable, centralized, and community-driven
reporting platform for KGQA to ensure trustworthy and up-to-date insights.

1. https://huggingface.co/openlm-research/open_llama_7b_v2
2. https://huggingface.co/spaces
3. https://huggingface.co/papers/trending
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1.3. Research Questions

1.2.4 Neuro-symbolic Information Extraction

This section draws on content from chapter 6, which is a systematic review of
existing datasets and systems for neural symbolic relation extraction methods.

According to (Yan, Usmanova, et al., 2025), neuro-symbolic systems can
be categorized by the type of information they exploit: KG-based knowledge,
linguistic features, prior meta-information, and logical rules. The ways this
information is utilized also differ: some studies leverage external sources to
generate distantly supervised training data, while others integrate symbolic
information directly into ML systems.

Only a few studies (Dai et al,, n.d.; Le et al., 2023) have explored enhancing
distant supervision. Existing approaches often rely on external sources such as
subgraph paths and entity types, which require entity linking given the richness
of KGs. After aligning text with the KG, integration strategies differ: some enrich
the text with KG-derived information, while others employ KG embeddings or
generate constraints. Importantly, incorporating ontological information has been
shown to improve data quality.

More studies focus on how to combine existing NLP systems with symbolic
information. Such information may include KG information, linguistic information,
prior meta-information, and inferred logical rules.

KG information may consist of entities (Zhang, Zhu, et al., 2021), relations,
attributes (Hogan et al., 2006), ontologies (Aghaebrahimian et al., n.d.), paths (Jain
et al., 2023), and classes (Liu et al., 2023). This knowledge can be incorporated
during inference or training to enhance the contextual understanding and rea-
soning capacity of LLMs.

Linguistic information has also been exploited, such as sememe knowledge
from KGs (Zhao et al., 2023) and entity synonyms and types (Jain et al., 2023).

Prior meta-information refers to pre-existing heuristic or statistical knowledge
about entities and their relations, such as entity co-occurrence (Zhang, Yu, et al.,
2021) or precomputed entity similarity scores (Li and Qian, 2022). Such information
can help disambiguate entities and reduce noise.

Logical rules are valuable in structured domains such as medical reports,
financial statements, and legal documents, where recurring patterns and fixed
expressions are common. They are particularly useful when labeled data is limited.
Typically, these rules are learned or generated from existing data (Fan et al., 2022;
Lu et al,, 2023) and incorporated into the system.

1.3 Research Questions

Based on the related work, progress in the biomedical domain of KGQA remains
limited, largely due to the absence of large-scale, standardized benchmark datasets.
Existing resources such as BgeeQA, OMA-QA, and CORDIS-QA are small in size
and narrowly focused, restricting their effectiveness for training and evaluating
generalizable systems. On the systems side, LLMs have become central to modern
KGOQA pipelines, supporting tasks such as SPARQL query generation, entity
retrieval, and multi-hop reasoning. However, biomedical KGQA systems often
depend on domain-adapted LLMs fine-tuned on limited datasets, which constrains
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their scalability and performance. Built upon the challenges and gaps identified
above, this dissertation investigates two key aspects of bioKGQA: (1) methods
for generating high-quality bioKGQA datasets that can effectively support the
training and evaluation of LLM-based approaches, and (2) system design principles
for building robust and interpretable biomedical KGQA systems. The following
research questions serve as the foundation for the core contributions of this work.

Research Question 1

How to generate KGQA datasets for the biomedical domain that exhibit a
natural linguistic style and reflect a realistic distribution of both simple and
complex questions?

Research Question 2

How to enhance information extraction of bioKGQA systems?

1.4 Publications

I list below the accepted papers that compose my dissertation. I am the first author
of all papers, with some being shared first authorship marked with a star sign *.

1.4.1 Accepted Papers Composing this Dissertation

Aleksandr Perevalov®, Xi Yan®, Liubov Kovriguina, Longquan Jiang, Andreas Both, and

Ricardo Usbeck. 2022. Knowledge Graph Question Answering Leaderboard: A
Community Resource to Prevent a Replication Crisis. In Proceedings of the
Thirteenth Language Resources and Evaluation Conference, edited by
Nicoletta Calzolari, Frédéric Béchet, Philippe Blache, Khalid Choukri,
Christopher Cieri, Thierry Declerck, Sara Goggi, Hitoshi Isahara, Bente Maegaard,
Joseph Mariani, Héléne Mazo, Jan Odijk, and Stelios Piperidis, 2998-3007. * Shared
first authorship. Marseille, France: European Language Resources Association, June.
(Cited on pages 7, 10 sq., 28).

Ricardo Usbeck®, Xi Yan*, Aleksandr Perevalov®, Longquan Jiang*, Julius Schulz*,
Angelie Kraft, Cedric Méller, Junbo Huang, Jan Reineke,
Axel-Cyrille Ngonga Ngomo, et al. 2024. Qald-10-the 10th challenge on question
answering over linked data: Shifting from dbpedia to wikidata as a kg for kgqa. *
Shared first authorship, Semantic Web 15 (6): 2193-2207. (Cited on pages 10 sq.).

Xi Yan, Cedric Moller, and Ricardo Usbeck. 2025. Biomedical Entity Linking with
Triple-aware Pre-Training. In Proceedings of the Third International Workshop on
Semantic Technologies and Deep Learning Models for Scientific, Technical and Legal
Data (SemTech4STLD 2025), co-located with the Extended Semantic Web Conference
(ESWC 2025), edited by Rima Dessi, Joy Jeenu, Danilo Dessi, Francesco Osborne, and
Hidir Aras. To appear. Portoroz, Slovenia: CEUR-WS.org, June. (Cited on pages 10,
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Xi Yan, Aida Usmanova, Cedric Moller, Patrick Westphal, and Ricardo Usbeck. 2025.
Neuro-Symbolic Relation Extraction. In Handbook on Neurosymbolic Al and
Knowledge Graphs, 400:550-576. Frontiers in Artificial Intelligence and Applications.
IOS Press. (Cited on pages 8, 10, 12).
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1.4.2 Comments on the Degree of Authorship

This section provides a detailed explanation of the respective contributions made
by me and the co-authors to the published chapters included in this thesis.

Knowledge Graph Question Answering Leaderboard: A Community Re-
source to Prevent a Replication Crisis (Perevalov” et al., 2022): I contribute
significantly to Data Curation by reviewing the majority of cited chapters and
manually extracting evaluation metrics, dataset statistics, and system characteris-
tics. These efforts form the empirical backbone of the chapter. I also contribute
to Investigation, analyzing dataset usage trends, and participated in Writing —
Original Draft as well as Writing — Review & Editing. I share first authorship
with Aleksandr Perevalov.

QALD-10 — The 10th Challenge on Question Answering over Linked Data:
Shifting from DBpedia to Wikidata as a KG for KGQA (Usbeck” et al., 2024):
The project is conceptualized by Prof. Dr. Ricardo Usbeck, who also provide
annotation resources. I lead the Data Curation, managing and supervising the
annotation process. I conduct Investigation into the validity and complexity of
multilingual data, verify SPARQL usability, and develop the Methodology for
dataset creation. I also coordinate the challenge as part of Project Administration
and host the associated workshop. Post-project, I contribute to Writing — Original
Draft and Writing — Review & Editing.

Biomedical Entity Linking with Triple-aware Pre-Training (Yan, Moller,
et al., 2025): I am involved in all stages of the project including Conceptualization,
Methodology, Implementation, Evaluation, and Writing. Cedric support conceptual
development, and supervision is provided by Prof. Dr. Ricardo Usbeck.

Neurosymbolic Al and Knowledge Graphs (Yan, Usmanova, et al., 2025):
Along with Aida Usmanova and Cedric Mdéller, I contribute to Writing — Review
& Editing across three sections. I take the lead in Project Coordination, managing
timelines and consolidating feedback.

Bridging the Gap: Generating a Comprehensive Biomedical Knowledge
Graph Question Answering Dataset (Yan et al., 2024): I am responsible for the
Experimental Design, Implementation, Data Validation, and Writing. The idea of
leveraging network reasoning is suggested by Prof. Dr. Ricardo Usbeck, and
Patrick Westphal handle RDF integration for PrimeKG.

Overall supervision and strategic guidance are provided by Prof. Dr. Ri-
cardo Usbeck.
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1.4.3 Other papers

In addition to the main contributions presented in this dissertation, there are
several other publications arising from collaborative efforts. The KGQA paper
(Jiang, Yan, et al., 2023b) is the result of joint work with colleagues, to which I
contribute primarily in the form of writing and manuscript preparation. Another
work on semantic drift (Krause et al., 2023) emerges from a summer school
project undertaken with a group of exceptional PhD peers; however, the content
of that study is only tangentially related to the core focus of this dissertation.

Longquan Jiang, Xi Yan, and Ricardo Usbeck. 2023b. A Structure and Content
Prompt-based Method for Knowledge Graph Question Answering over Scholarly
Data. In joint Proceedings of Scholarly QALD 2023 and SemREC 2023 co-located with
22nd International Semantic Web Conference ISWC 2023, Athens, Greece, November
6-10, 2023, edited by Debayan Banerjee, Ricardo Usbeck,

Nandana Mihindukulasooriya, Gunjan Singh, Raghava Mutharaju, and
Pavan Kapanipathi, vol. 3592. CEUR Workshop Proceedings. CEUR-WS.org. (Cited
on page 11).

Franz Krause, Xi Yan, Baptiste Darnala, and Michel Dumontier. 2023. On the
Combination of Event Calculus and Empirical Semantic Drifts. In Joint Proceedings
of the ESWC 2023 Workshops and Tutorials co-located with 20th European Semantic
Web Conference (ESWC 2023), Hersonissos, Greece, May 28-29, 2023, edited by
Mehwish Alam, Cassia Trojahn, Sven Hertling, Catia Pesquita, Christian Aebeloe,
Hidir Aras, Amr Azzam, Juan Cano, John Domingue, Simon Gottschalk, Olaf Hartig,
Katja Hose, Sabrina Kirrane, Pasquale Lisena, Francesco Osborne, Philipp D. Rohde,
Luc Steels, Ruben Taelman, Aisling Third, Ilaria Tiddi, and Rima Tiirker, vol. 3443.
CEUR Workshop Proceedings. CEUR-WS.org. (Cited on page 11).

1.5 Contributions

This section provides a high-level overview of how this dissertation advances
the field of KGQA by systematically addressing the proposed research questions.
This dissertation presents a visual summary in Figure 1.3, which outlines the
research pipeline—from dataset creation to KGQA systems—highlighting the
interdependencies between components and mapping our contributions (i.e.,
associated publications) to each phase of the research.

RQ1: How to generate KGQA datasets that exhibit a natural lin-
guistic style and reflect a realistic distribution of both simple and
complex questions?

To address this question, we first construct a comprehensive KGQA leaderboard
(Perevalov” et al., 2022) that aggregates existing KGQA datasets and systems to
systematically analyze their features and limitations. Based on this analysis, we
manually create a natural, multilingual KGQA dataset using expert annotation (Us-
beck* et al., 2024). Building upon this foundation, we design a framework capable
of automatically generating both complex and simple questions from knowledge
graphs (Yan et al., 2024). This framework is subsequently applied to the biomedical
domain to mitigate the lack of domain-specific KGQA datasets.
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1.6. Thesis Outline

RQ2: How to enhance information extraction of bioKGQA sys-
tems?

To tackle this challenge, we conduct a systematic review of information extrac-
tion techniques that integrate external knowledge into large language models
(LLMs) (Yan, Usmanova, et al., 2025) and their underlying datasets. Our analysis
reveals that most methods leverage structured knowledge—such as definitions,
synonyms, and hierarchical relations from knowledge graphs—to improve LLM
performance. Based on these insights, we proposes a knowledge-enhanced ap-
proach for improving information extraction, particularly entity linking, within
biomedical KGQA systems (Yan, Moller, et al., 2025). Our method is evaluated on
several benchmark biomedical entity linking datasets, demonstrating significant
improvements in accuracy and contextual understanding.

Paper 2
l KGQA System

KGQA Dataset

Data Generation Semantic Parsing

Based

KGQA
Benchmarks

@ Creates Train
|:{> bioKGQA |:{>
@ Evaluate

Entity Linking Paper 4

Relation Extraction® Paper 3

Information Retrieval
based

T Paper 5

Paper 1

Paper 5

Figure 1.3: Situating the thesis topic and related publications in the KGQA landscape.

1.6 Thesis Outline

The first two chapters (Chapter 1 and Chapter 2) serve as introductory material
for the main body of this dissertation. They present the motivation behind this
work, outline the research questions to be addressed, and provide the necessary
theoretical background for understanding the contributions. Chapters 3 to 8
consist of peer-reviewed and published research articles that directly tackle the
core research questions posed in this dissertation. Each chapter is self-contained
and contributes to different aspects of knowledge graph question answering
KGOQA. Finally, Chapter 8 presents the conclusion, summarizing the findings and
outlining directions for future research.
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Theoretical Background

This chapter provides the theoretical background necessary to
understand the publications that follow. It is divided into two main
parts: first, an overview of KGQA, and second, the technologies
driving KGQA solutions—primarily LLMs. We begin with LLMs,
tracing their evolution from non-neural to neural approaches, then
transformer architectures, and finally to generative language mod-
els, explaining their development and underlying techniques. For
KGQA, we introduce KGs and discuss the motivation and methods
for performing question answering over them. Additionally, the
chapter covers information extraction techniques, which are essential
components in all KGQA systems.
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2.1. Introduction

2.1 Introduction

This work builds upon several years of foundational research across multiple areas.
At the forefront of this evolution are the advancements in LLMs, which have
fundamentally reshaped the landscape of KGQA. LLMs now serve as the backbone
of many KGQA systems, powering tasks such as question understanding, entity
linking, and query generation. Therefore, we begin by introducing the principles
and technical details of LLMs, including their training processes. Special attention
will be given to the transformer architecture, which underlies most modern LLMs,
with an in-depth look into BART (Lewis et al., 2020) and Mixtral (Jiang, Sablayrolles,
Mensch, Bamford, Chaplot, de Las Casas, et al., 2023), which we use in later
publications. This section is directly related to chapter 5 and 7.

Building on this, we turn to the task of KGQA itself, which involves answer-
ing natural language questions by reasoning over structured data in KGs. To
contextualize the integration of LLMs within KGQA systems, it is essential to
introduce the principles, structures, and roles of KGs in this setting. We also
introduce the pipeline of general KGQA systems. This section is fundamental
to understanding chapter 3, 4 and 7.

The third section will focus on information extraction—an indispensable
component of all KGQA systems and the central topic of two of the papers included
in this dissertation. We will concentrate on core tasks such as relation extraction
and entity linking, discussing their definitions and relevance to the broader KGQA
pipeline. This section is related to chapter 5 and 6.

2.2 Language Model

For centuries, scholars have sought to understand the human language system.
As early as the 3rd or 4th century, efforts began to uncover the relationships
between different aspects of language—such as the connection between writing
and pronunciation (Restall, 2003), as well as the structure of syntax (Matthews,
1981), semantics (Lyons, 1995), and morphology (Matthews, 1991). However, the
task of modeling language has never gained as much prominence as it has in recent
years, with the rise of LLMs. Today, LLMs are deeply embedded in many aspects
of society, powering applications such as chatbots, search engines, and personal
assistants. What has reignited the interest in this longstanding subject? What
has made these recent approaches so successful? This section aims to provide an
overview of the key developments that answer these questions.

We would divide the section by important language models in history and
introduce their ideals as well as how they affect the development of language mod-
els, and essentially, we see the LLM that is popular today. This section is inspired
by the book Speech and Language Processing by Jurafsky and Martin (2025).

Language models aim at predicting the probability of the next word given the
current input sequence. Earlier modeling approaches like n-gram models predict
the next word by calculating probabilities based on a limited context window of
preceding words and fixed word representations calculated based on statistics of
word combinations (Jurafsky and Martin, 2025)—readers can explore this further

14



2. Theoretical Background

in the referenced textbook.! Although statistically simple and computationally
efficient, these methods face notable limitations: they perform poorly on unseen
word sequences, require substantial memory to store probability distributions
over all possible combinations, and, most importantly, are restricted to surface-
level co-occurrence patterns without capturing the deeper semantic relationships
between words.

2.2.1 Neural Networks

Neural networks (NNs) provide a robust framework for language modeling by
learning continuous vector representations of words (embeddings) and capturing
complex non-linear mappings that approximate underlying language patterns.
Unlike traditional approaches that rely on creating a discrete probability table
based on word combinations for fixed sequences, neural architectures project
language into a continuous vector space. This projection is learned from training
data by capturing semantic similarities and abstract linguistic features, enabling
the model to generalize beyond observed word combinations. The resulting
continuous representations facilitate high-dimensional geometric operations, such
as distance computations and vector arithmetic, which are valuable for tasks
including semantic similarity estimation, analogy detection, and other downstream
natural language processing applications.

The early stage of neural networks is a class of computational methods
inspired by the biological structure and function of interconnected neurons in the
nervous system. These architectures represent a fundamental paradigm in machine
learning, characterized by their ability to learn complex, non-linear mappings
between input and output spaces through adaptive parameterization. Inspired by
signals in the human brain, neural networks—such as the one shown in part (b) of
Figure 2.1—are developed. There are two parts to this transformation: linear and
non-linear. In the linear section, the input x is multiplied by a weight matrix W
and added to a bias vector b. This operation can be mathematically represented as:

z=Wx+b (2.1)

where z is the result of the linear transformation, W represents the weights,
and b the bias term. Weights and bias are both trainable parameters that are
optimized in the process of calculation.

However, in many real-world scenarios, for instance, language understanding,
the relationships between input features and target outputs are not linearly
correlated. To model such complex patterns, a non-linear layer is introduced.
This is achieved by sending the output of the linear transformation through a
non-linear function, known as the activation function. The final output a of the
neuron is thus computed as:

a=o0(z) = oc(Wx+Db) (2.2)

Here, o(-) represents a non-linear activation function such as Rectified Linear
Unit (ReLU) (Agarap, 2018), Tanh, or Sigmoid (Rumelhart et al., 1986). This non-

1. https://web.stanford.edu/~jurafsky/slp3/3.pdf
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Figure 2.1: [llustrative figure for neural network with relation to human brain’s nervous
system, from work by Fu et al. (2024).

linearity allows neural networks to approximate complex, hierarchical functions
beyond linear transformations. In the equation

a=o(z) (2.3)

, where o(-) denotes an activation function applied element-wise to the input
vector z. An example is the ReLU, which is widely used in modern neural networks
thanks to its computational efficiency and ability to mitigate the vanishing gradient
problem. It is formally defined as,

ReLU(x) = max(0, x) (2.4)

This function outputs zero for all negative inputs and passes positive val-
ues unchanged, enabling sparse representations and improved gradient flow
during training (Agarap, 2018). Interested readers could look further into this
review (Rasamoelina et al., 2020) for the collection of modern activation functions
used in NN.

To model complex patterns in data, neural networks commonly employ a
structure known as a multilayer perceptron (MLP), which stacks multiple layers
of transformations. As depicted in part (c) of Figure 2.1, the network consists of
several layers of interconnected neurons. The neurons in the first hidden layer
(L1) receive the input vector and apply a linear transformation followed by a
non-linear activation, as defined in Equation 2.2. The resulting activations are
then propagated to the next hidden layer (e.g., via weight matrix W), which
performs its own transformation. This process continues sequentially through
the layers until the output layer is reached. The number of hidden layers and the
number of neurons within each layer are hyperparameters that can be tuned based
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2. Theoretical Background

on the task. This layered structure allows the network to progressively extract
and represent increasingly abstract features from the input.

Such architectures are commonly referred to as feed-forward neural networks
(FFNNS), since the input signals travel only forward through the network layers
without any backward connections. In the illustration, the layer transforms
three input features into two output features, typically by applying a non-linear
activation function such as softmax (Goodfellow et al., 2016) to the last layer, which
converts the raw output scores into probabilities that sum to one. This makes
softmax especially useful for classification tasks where the output represents
the likelihood of each class.

Mathematically, the softmax function for an output vector z = [zy, z,, ..., 2,|
is defined as:

e

27:1 ex

Usually, there is a big difference between the output and the true value. And a
loss function, formally defined as: £ : Y x Y — R* quantifies the discrepancy
between predicted outputs y and ground truth targets y, where Y represents the
output space. The loss function serves as an optimization objective, providing a
differentiable measure of model performance that enables gradient-based learning
algorithms.

For multi-class classification problems with C classes, the cross-entropy loss
is defined as:

softmax(z;) = (2.5)

C
Ler(y,9) == yilog(3)
i=1

(2.6)

where: y = [y1, V2, ..., ye]! is the one-hot encoded true label vector with
y, € {0,1}and 35, % = 1- 9 = [py, par.... pcl” is the predicted probability
distribution with p; € [0,1] and Y., p; = 1

For binary classification, this reduces to the binary cross-entropy loss:

Lpce(y, y) = —ylog(y) — (1 - y)log(1 - y) (2.7)

where y € {0, 1} denotes the ground-truth label and y € [0, 1] represents the
predicted probability of the positive class.

The objective of the model is to reduce the loss, which enables the formulation
of the problem:

N
0" = arg m@in % Z L(fo(x4), yn) + AR(0) (2.8)

where

+ 0O represents the model parameters,
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2.2. Language Model

* fo(x,) is the model’s prediction for input x,,,
« N is the number of training samples, and

« R(0) is a regularization term with hyperparameter A, which helps prevent
overfitting by penalizing large or complex model parameters.

The gradient of the loss function VyL provides the direction for parameter
updates during backpropagation T(Rumelhart et al., 1986). Specifically, the gradient

oL oL o . I
50> 59> 59, | Tepresents the partial derivatives of the loss

with respect to each parameter 0;, indicating the rate of change of the loss
function in the parameter space. This gradient information enables the gradient
descent optimization process, where the model parameters are updated iteratively
according to

vector VoL =

011 =0; — ’Yveﬁ(et) (2.9)

where 7 is the learning rate, a hyperparameter that controls the step size
of each update, and t denotes the iteration step, indicating the progression of
updates during the training process.

2.2.2 Introducing Neural Networks to Language Modeling

Language modeling can be defined as a model that predicts the next possible word
from the vocabulary. Given this probabilistic nature, neural networks are natural
choices for training language models, as they can be optimized to output such
distributions. The introduction of neural networks into language modeling began
with Bengio et al’s proposal of a neural probabilistic language model (Bengio et al.,
2000), marking a key milestone in natural language processing.

In the neural probabilistic language model, as illustrated in Figure 2.2, words
are vectorized and processed through hidden layers to predict subsequent words.
This architecture introduced learnable word embeddings as inputs to a feedforward
network generating next-word probability distributions. The model is trained on a
joint learning manner of embeddings and network parameters on the pre-training
task of next word prediction. After the training round, there are two products
that could be used, a model which can predict next word and word embeddings
which could be used for downstream tasks such as similarity calculation, etc.

This foundational work catalyzes the development of more computationally
efficient embedding methods, notably Word2Vec (Mikolov, Chen, et al., 2013)
and GloVe (Pennington et al., 2014), which decouples representation learning
from the language modeling objective to generate high-quality word vectors
at scale. These approaches enhanced training efficiency through innovations
such as hierarchical softmax, negative sampling, and global matrix factorization
techniques. They also extend the pre-training task from next word prediction
to contextual word prediction (guess the neighboring words), etc. While these
methods fall outside the scope of this dissertation, given their limited applicability
to contemporary transformer-based architectures, interested readers are referred
to the corresponding publications for further reading.
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Figure 2.2: A multilayer perceptron-based language model, as proposed by Bengio et
al. (2000). The figure is from their original article.

The evolution of neural architectures subsequently encompassed Recurrent
Neural Networks (RNNs) (Rumelhart et al., 1986), Long Short-Term Memory
networks (LSTMs) (Hochreiter and Schmidhuber, 1997), and Convolutional Neural
Networks (CNNs) (Krizhevsky et al., 2012; LeCun et al., 1989; Zhang et al., 1988).
They are architecturally optimized to capture distinct structural regularities in
data. RNNs demonstrate particular efficacy in modeling sequential dependencies
inherent in textual and temporal data, while CNNs excel at extracting local feature
patterns, proving highly effective for image processing and sentence-level classifi-
cation tasks. The fundamental principles and paradigms - training neural networks
on big corpora for learning word embedding and model parameters, established by
these early neural language models, provided the theoretical and methodological
foundation for subsequent architectural innovations. These advances encompasses
not only traditional next-word prediction paradigms but also bidirectional context
modeling and exploration of network architectures, ultimately culminating in the
transformer architectures that underpin contemporary LLMs.

2.2.3 Transformer Architecture

The transformer architecture introduces a paradigmatic shift in language modeling
through its novel combination of a multi-head attention mechanism and encoder-
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Figure 2.3: Scale Dot-Product Attention and Multi-Head Attention mechanism, figure is
reproduced from original author (Vaswani et al., 2017).

decoder framework (Vaswani et al., 2017), fundamentally departing from recurrent
and convolutional approaches. This architectural innovation establishes the
foundation for subsequent breakthroughs, including BERT (Devlin et al., 2019a)
and the GPT series (OpenAl, 2023; Radford et al., 2018), which strategically leverage
distinct components of the Transformer for specialized training objectives.
The attention mechanism represents a shift in how neural networks process
sequential information. Rather than compressing an entire input sequence into a
single fixed representation as in FFNN, attention allows models to dynamically
put weight on different parts of the input when making predictions (Bahdanau
et al., 2015). More specifically, attention mechanisms compute relevance scores
that determine how much weight to assign to each part of the input sequence. The
scaled dot-product attention mechanism decomposes each input vector into three
fundamental components through linear projection: queries, keys, and values of
dimension, where the queries and keys are used to calculate the importance of
each element. The computation proceeds by calculating dot products between
the query vector of the input at the current time step and all key vectors from

other input tokens, scaling each result by ﬁ, and applying a softmax function
k

to derive attention weights. These normalized weights are then used to compute
a weighted sum of the corresponding value vectors, producing the final attended
representation. This process is illustrated in Figure 2.3.

The complete attention operation is mathematically expressed as:

. QKT
Attention(Q, K, V) = softmax < %4 (2.10)

¢ Va;
where Q refers to the query matrix, K represents the key matrix, and V denotes
the value matrix. The term QKT computes the dot product between all query-
key pairs between all input with the input at current time step, which are then

scaled by ﬁ and normalized through the softmax function to produce attention
k

weights that are applied to the value matrix V. This matrix formulation enables
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2. Theoretical Background

parallel computation of attention scores across all query-key pairs, with the
resulting attention weights applied to aggregate information from the value vectors
through matrix multiplication.

Multi-head attention refers to applying multiple learned linear projections of
the queries, keys, and values. Each head is computed separately with the scaled
dot-product attention. Mathematically, this is expressed as:

head; = Attention(QW,°, KWX, vw") (2.11)

Then the output from different heads is concatenated with:

MultiHead(Q, K, V) = Concat(heads, ..., head,) W° (2.12)

The projection matrices W2 € R moderxds WK € Rdnmoderdi and WV € R Imoder*ds
map the input representations into h different subspaces, typically with d; =
d, = dpoder/h. The final output projection matrix WO € R/®*dmodel combines the
concatenated head outputs back to the original model dimension, enabling the
model to jointly attend to information from different representation subspaces
at different positions.

The multi-head attention is a crucial composing module for the encoder-
decoder architecture of transformer models, enabling parallel processing of differ-
ent types of relationships within and across sequences, as depicted in the figure
2.4. The encoder (the left block) processes the input sequence through multiple
layers of attention and FFNN to generate contextualized representations for each
position in the sequence. The decoder (the right block) utilizes both the encoded
representations from the encoder and previously generated tokens to produce
a probability distribution over the output vocabulary at each time step. This
encoder—decoder framework enables the model to first construct a contextualized
representation of the input sequence in the encoder by leveraging the attention
mechanism, which captures long-range dependencies and semantic relationships
across tokens. The decoder then generates the output sequence autoregressively,
using masked self-attention to ensure causality and cross-attention to selectively
focus on relevant parts of the encoder’s representation. This design allows the
model to both comprehensively understand the input and produce coherent,
contextually aligned outputs.

Given that both encoder and decoder modules demonstrate significant capa-
bility in capturing semantic representations of sequences, different architectural
variants have emerged based on different combinations of these components.
Contemporary language models can be categorized into three primary architec-
tures: encoder-only models (such as BERT (Devlin et al., 2019a)), decoder-only
models (such as GPT (Radford et al., 2018)), and encoder-decoder models (such
as BART (Lewis et al., 2020) and T5 (Raffel et al., 2020a)). Each architecture
is optimized for distinct classes of natural language processing tasks through
specialized training objectives.

As illustrated in Figure 2.5, BERT employs a bidirectional encoder architecture,
enabling the model to access contextual information from both preceding and
succeeding tokens when processing each position in the sequence. In contrast,
decoder-only models like GPT operate autoregressively, restricting access to only
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(a) BERT: Random tokens are replaced with masks, and (b) GPT: Tokens are predicted auto-regressively, meaning
the document is encoded bidirectionally. Missing tokens GPT can be used for generation. However words can only
are predicted independently, so BERT cannot easily be condition on leftward context, so it cannot learn bidirec-
used for generation. tional interactions.
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(c) BART: Inputs to the encoder need not be aligned with decoder outputs, allowing arbitary noise transformations. Here, a
document has been corrupted by replacing spans of text with a mask symbols. The corrupted document (left) is encoded with
a bidirectional model, and then the likelihood of the original document (right) is calculated with an autoregressive decoder.
For fine-tuning, an uncorrupted document is input to both the encoder and decoder, and we use representations from the final
hidden state of the decoder.

Autoregressive
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Figure 2.5: A comparison of BERT (Devlin et al., 2019a), GPT (Radford et al., 2018), and
BART (Lewis et al., 2020)’s training architecture, figure is reproduced from the original
author of BART (Lewis et al., 2020).

previously generated tokens during inference, which naturally aligns with left-to-
right text generation. BART combines both paradigms through its encoder-decoder
architecture: the encoder processes input bidirectionally to create comprehensive
contextual representations, while the decoder generates output autoregressively
by attending to both the encoded representations and previously generated tokens.

These architectural distinctions directly influence task performance, with
encoder-only models excelling at understanding and classification tasks, decoder-
only models demonstrating superior text generation capabilities, and encoder-
decoder models proving particularly effective for sequence-to-sequence tasks such
as summarization, translation, and text infilling that require both comprehension
and generation.

In the later chapter 5, we employ BART-Large and introduce a novel task that
converts information from the knowledge graph into complete sentences, corrupts
key information, and prompts the model to predict the missing content. This
approach remains consistent with BART’s original denoising training scheme.

Bidirectional and Auto-Regressive Transformers (BART) (Lewis et al., 2020)
is a language model that combines the strengths of both encoder and decoder
architectures within a Transformer framework. We discuss here in terms of its ar-
chitectural characteristics and pre-training objective, which are among the reasons
for its use in chapter 5. A distinctive feature of BART is its denoising autoencoder
training objective, which trains the model to reconstruct the original text from a
corrupted version. During pretraining, the input text is intentionally corrupted
using strategies such as token masking, token deletion, sentence permutation,
and document rotation. The corrupted sequence is passed through the encoder-
decoder structure, and the model is trained to recover the uncorrupted text. This
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2.2. Language Model

denoising process equips BART with the ability to handle noisy or incomplete
inputs, enhancing its adaptability to a wide range of downstream tasks.

BART has shown strong performance across generative and comprehension-
based NLP tasks, including summarization, translation, question answering, and
dialogue. Its flexibility allows fine-tuning as a text-to-text model or as encoder-
only/decoder-only, depending on the task.

Contemporary language models represent iterative refinements of transformer
architectures, primarily through architectural modifications—such as scaling depth,
width, and attention mechanisms—and diversified training paradigms including
instruction tuning (Ouyang et al., 2022), reinforcement learning from human
feedback (Griffith et al., 2013), and multi-task learning (Chen, Zhang, et al., 2024).
These evolutionary developments, rather than revolutionary changes, have culmi-
nated in the sophisticated language models deployed today, demonstrating the
enduring influence and adaptability of the original transformer design principles.

2.2.4 Large Language Models

These developments, along with the discovery of scaling laws (Kaplan et al.,
2020)—which shows that model performance improves predictably with increased
parameter count, dataset size, and training computation—have fueled a surge in
the development of foundation language models (Bommasani et al., 2021), also
known as LLMs. As a result, modern LLMs are capable of performing a wide range
of tasks and are now widely adopted across diverse domains and applications
without pre-training private language models from scratch.

Mixtral is one example of this model. It is a family of large language models in-
troduced by Mistral Al that adopts a mixture-of-experts (MoE) (Jiang, Sablayrolles,
Mensch, Bamford, Chaplot, de Las Casas, et al., 2023) architecture to improve
both computational efficiency and performance. Mixtral activates only a subset
of its parameters during inference—specifically, two out of eight networks per
forward pass—thereby significantly reducing computational requirements while
maintaining high accuracy across a range of natural language understanding
and generation tasks. See Figure 2.6 for an illustration. This sparse activation
mechanism allows the model to scale more effectively without proportionally
increasing inference cost. At the same time, it reuses the sliding multi-head
attention to ensure the efficiency of training. Built on a decoder-only Transformer
architecture, Mixtral has demonstrated strong performance on various NLP tasks
and reasoning tasks. Therefore, we use Mixtral for question generation in the
last chapter of this dissertation.

GPT-3.5 Turbo is a large-scale decoder-only Transformer model developed by
OpenAlI (OpenAl, 2023), optimized for conversational Al and multi-turn dialogue.
It is trained using a combination of supervised fine-tuning and Reinforcement
Learning from Human Feedback (RLHF) (Griffith et al., 2013), enabling strong
instruction-following behavior. The model processes inputs as structured system,
user, and assistant messages, which allows fine-grained control over tone
and behavior.

The training procedure leverages the Proximal Policy Optimization (PPO)
algorithm (Schulman et al., 2017), a reinforcement learning method that adjusts the
model’s output probabilities to better align with human preferences while avoiding
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Figure 2.6: Mixture of Expert layer from Mixtral original paper (Jiang, Sablayrolles, et al.,
2024).

large, destabilizing parameter updates. This, combined with high-quality human-
annotated data, ensures more stable convergence and improved generation quality.
Despite these advancements, GPT-3.5 Turbo has been criticized for generating
information not directly supported by the input (Mohammed et al., 2024). This
phenomenon, known as hallucination (Ji et al., 2023), challenges the reliability
and factual accuracy of the model’s outputs, posing significant concerns for
applications requiring trustworthy information.

The combination of decoder-only architectures and scaling enables LLMs to
achieve task-agnostic text generation performance through few-shot learning
or zero-shot learning (Kojima et al., 2022; Wang, Yao, et al., 2020), eliminating
the need for task-specific retraining. In this paradigm, the model leverages its
pre-trained knowledge to infer the desired behavior directly from a handful of
input-output examples provided in the prompt (few-shot) or from natural language
task descriptions without any examples (zero-shot). This capability to achieve high
performance via model interaction without parameter modification has established
prompt engineering and prompt tuning as distinct research fields focused on
optimizing input demonstrations for enhanced task performance (Lester et al.,
2021; Wang et al., 2023).

Among LLMs, despite the existence of various architectural configurations,
for instance, encoder-only, decoder-only, and encoder-decoder—the majority,
including GPT series (Klager and Polleres, 2023b; OpenAl, 2023), LLaMA series
(Grattafiori et al., 2024; Touvron, Lavril, Izacard, Martinet, Lachaux, Lacroix,
Roziére, Goyal, Hambro, Azhar, et al., 2023a), Claude series (Anthropic, 2024),
and Mixtral (Jiang, Sablayrolles, et al., 2024; Jiang, Sablayrolles, Mensch, Bamford,
Chaplot, de las Casas, et al., 2023), have adopted the decoder-only architecture,
, which stacks the decoder component of the Transformer as the core of the
language model. While several studies have compared these architectures in
specific downstream tasks, such as word understanding (Qorib et al., 2024), relation
extraction (Sarrouti et al., 2022), text generation (Cai et al., 2022), and document
analysis (Cong et al., 2019), a comprehensive theoretical or empirical evaluation
of their relative effectiveness remains largely unexplored.
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Due to the substantial computational resources and vast amounts of data
required for training LLMs, it remains prohibitively expensive for many in the
research community to independently develop such models. As a result, most
state-of-the-art LLMs are either developed by, or in close collaboration with,
large technology companies. In the case of closed-source models, companies
often withhold crucial details such as the exact composition of training data, data
cleaning methodologies, and architectural choices—making full replication and
transparency difficult for the broader community (Kukreja et al., 2024). The models
employed in this dissertation are primarily open-source, including BART, LLaMA,
and Mixtral. However, we also leverage the GPT series in chapter 7, given its
outstanding performance in language generation.

2.3 Knowledge Graph Question Answering

KGQA is the task of retrieving answers from a knowledge graph given a nat-
ural language question. To fully understand this task, we cover the definition
of knowledge graphs, the KGQA problem, classifications of KGQA challenges,
common solution approaches, and the role of information extraction modules
essential to all KGQA systems.

2.3.1 Knowledge Graph

A knowledge graph (KG) is a structured representation of data that encodes
real-world knowledge in a machine-interpretable form. It is typically organized
around a manually defined schema (s), which specifies the types of entities and
relations, thereby constraining and giving precise meaning to the stored facts.
Formally, the schema is defined as

S=(C.R,,A)

where C denotes the set of classes (e.g., Symptom, Disease, Drug), R, C Cx Rx C
is the set of admissible relations between classes (e.g., Drugs, treats, Disease), and
A C C x D represents the attributes associated with classes, with D being the
set of datatypes (e.g., molecularWeight).

On top of this schema level, a KG contains instances, which populate the abstract
classes and relations. The instance level can be represented as

I = (‘/ls Ei: L)

where V; C V is the set of entity instances of classes in C, E; C V; x R x V; is
the set of factual relations between instances, and L C V; x A x A denotes literal
statements, with A being the domain of data values (e.g., strings, numbers, dates,
booleans). For example, the triple (“Marie Curie”, birthDate, “1867-11-07") € L
links an entity to a literal value.

By integrating schema definitions S, instance data I, and literal values A,
knowledge graphs yield a semantically rich and interpretable representation
of information. In many cases, these graphs are formalized as RDF (Resource
Description Framework) graphs (Lassila and Swick, 1999), where knowledge
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is represented as triples of the form (subject, predicate, object). Their structured
design and inherent explainability make KG a powerful paradigm for organizing
and accessing large-scale knowledge.

To retrieve knowledge stored in a knowledge graph, users commonly employ
query languages such as SPARQL(Pérez et al., 2009), Cypher (Francis et al., 2018),
or similar declarative query interfaces.

SPARQL (SPARQL Protocol and RDF Query Language) (Pérez et al., 2009) is
the W3C-standardized query language for retrieving and manipulating data stored
in RDF (Resource Description Framework) graphs, which are a common formalism
for representing knowledge graphs. SPARQL is graph-oriented and allows users
to specify query patterns over triples of the form (subject, predicate, object).

SPARQL supports a wide range of operations, including pattern matching,
filtering, aggregation, and graph traversal, which allow fast access and edit of the
KG. For example, the following query retrieves the birth date of Marie Curie:

SELECT ?birthDate

WHERE {
?person rdfs:label "Marie Curie"@en .
?person dbo:birthDate ?birthDate .

}

Here, the query searches for a resource labeled “Marie Curie” and returns the
value associated with its birthDate property.

Due to its ability to express complex graph patterns in a declarative manner,
SPARQL has become the standard query mechanism for large-scale knowledge
graphs, including widely used resources such as DBpedia (Bizer et al., 2009) and
Wikidata (Erxleben et al., 2014).

The graph-based structure of KGs enables logical reasoning, allowing the
exploitation of implicit knowledge encoded within them. Furthermore, the use
of vocabularies with well-defined semantics supports the integration of hetero-
geneous data sources. This facilitates the combination of even domain-specific
KGs; for instance, in the biomedical domain, PrimeKG (Chandak et al., 2023a)
integrates multiple biomedical knowledge graphs through mapping and linking,
leveraging both domain-specific vocabularies and general semantic standards.
Such interoperability enhances the applicability of KGs in downstream tasks,
including personalized medicine.

2.3.2 Knowledge Graph Question Answering

KQGA models aim to retrieve answers to natural language queries directly from
knowledge graphs. This enables users to access accurate and grounded information
stored in databases without requiring prior knowledge of the underlying schema
or query languages.

KGQA problems can be classified in various ways. One common approach
is to distinguish between simple and complex KGQA, based on the number of
triples involved in the reasoning chain. A simple question is one whose answer
can be retrieved from a single factoid statement containing only one relation or
predicate (Yani and Krisnadhi, 2021). In contrast, complex questions include those
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with additional constraints or those requiring multiple hops across relations to
arrive at the answer (Song et al., 2023).

Depending on the underlying knowledge graph, KGQA problems can be
classified as either open-domain or domain-specific. Open-domain questions are
typically answerable from large encyclopedic KGs such as Wikidata (Vrandecic¢ and
Kroétzsch, 2014), DBpedia (Auer et al., 2007a), or Freebase (Bollacker et al., 2008a). In
contrast, domain-specific datasets focus on specialized areas such as biomedicine,
movies, science, or events. Since KGQA performance is heavily dependent on
the availability and quality of the underlying KGs, well-established open-domain
KGs have spawned numerous KGQA datasets; for instance, 17 KGQA datasets
(Perevalov™ et al., 2022) are dependent on Wikidata, which places particular
emphasis on multilingual aspects, temporal information, etc. However, domain-
specific KGs often have only a single available dataset, which is typically used
solely for evaluation. In the biomedical domain, despite the existence of numerous
structured KGs—thanks to the efforts of biologists in personalized medicine and
FAIR data maintenance (Wilkinson, Dumontier, Aalbersberg, Appleton, Axton,
Baak, Blomberg, Boiten, da Silva Santos, et al., 2016)—the number of publicly
available KGQA datasets remains limited. This gap in the availability of large-
scale and complex biomedical KGQA datasets is one of the primary motivations of
this dissertation, which aims to bridge this shortage by contributing new resources
and methodologies tailored to the biomedical domain.

2.4 Information Extraction

As discussed in Section 1.1, solutions to the KGQA problem are generally catego-
rized into two main paradigms: query generation-based and information retrieval-
based approaches. Regardless of the paradigm, both fundamentally rely on
information extraction as an essential first step to enable effective downstream
processing. For instance, in Figure 1.2, the matched entity Hamburg and the
relation Population serve as fundamental components for composing a query and
aligning it with the knowledge graph. Therefore, in this section, we focus on key
information extraction methods in KGQA, particularly named entity recognition,
entity linking, and relation extraction.

2.4.1 Named Entity Recognition

Named Entity Recognition (NER) has a long-standing history in natural language
processing. Its primary goal is to extract and classify mentions of rigid designators
from text, such as person names, locations, organizations, and miscellaneous
entities (Nadeau and Sekine, 2007). For example, in the question shown in
Figure 1.2, the entity Hamburg should be recognized and classified as LOC. In
some cases, an NER system may only detect the surface form Hamburg without
assigning a label such as LOC; this process is also known as mention detection.
NER is widely applied in various tasks, including question answering, machine
translation, and text summarization.

In the biomedical domain, however, the entities of interest differ significantly
from those in the general domain. Instead of LOC or PERSON, the common classes in
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biomedical NER (BioNER) include gene, cell, protein, disease, and chemical,
which cover almost all entity types addressed in BioNER tasks (Li et al., 2022).
For a more detailed description of BioNER entity types, we refer the reader to
Table 2 of the BioNER review in Song et al. (2021).

In both general and biomedical domains, NER is commonly formulated as
a sequence tagging problem. This involves assigning a label to each token in
a sentence to indicate whether it is part of an entity and what type of entity it
belongs to. Popular tagging schemes include BIO, BIOES, and related variants
(Chang et al., 2022).

The BIO scheme stands for Beginning, Inside, and Outside. Each token is
labeled as:

+ B ifitis the beginning token of a named entity,
« Tif it is inside a named entity but not the first token,
« O ifit is outside any named entity.

For example, in the phrase “acute myocardial infarction,” the tokens might be
tagged as B-Disease, I-Disease, I-Disease.
The BIOES scheme further refines this approach by adding two more labels:

« E for the end token of an entity,
« S for a single-token entity.

This provides more precise boundary detection, especially useful for complex
biomedical entities that often vary in length.

These tagging schemes enable sequence models such as Conditional Random
Fields (CRFs) and Transformers to effectively learn entity boundaries and types,
which is crucial for extracting structured information from unstructured text.

2.4.2 Entity Linking

Entity Linking (EL) refers to the process of identifying an entity mention in
text and linking it to its corresponding entry in a KG. For example, the mention
Hamburg could be linked to the Wikidata entity Q1055, distinguishing it from
other possible meanings such as Hamburg University, Hamburg football club, etc.
This process typically follows NER, where entity mentions are first detected; EL
then disambiguates them and resolves each to a unique KG identifier. Note that
some EL approaches incorporate the mention detection step directly, often referred
to as end-to-end EL (Glasmachers, 2017). In the biomedical domain, EL can help to
disambiguate medical terms and link to rich semantic information in the biomedical
KG, which can act as an essential means for many downstream applications.
Due to the vast number of entities present in a KG, it is therefore compu-
tationally costly to directly compare an extracted mention against all possible
entities. Consequently, the EL process typically involves two steps: candidate
generation and candidate ranking. The candidate generation phase generates
relevant candidate entities based on the entity mentions extracted from NER. The
candidate ranking stage aims at giving relevancy scores based on the extracted
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How many people live in Hamburg?

NER
Hamburg
(LOC)
Candidate
Generation
Hamburger SV (Q51974) : Hamburg SV University
German sports club based in Hamburg, of Hamburg (Q156725)
with its largest branch being its football university in Hamburg,
department Germany
Hamburg (Q1055) Hamburg-Mitte (Q1626)
city and state in the district of Hamburg, Germany
North of Germany
Candidate
Ranking

Hamburg (Q1055)
city and state in the
North of Germany

Figure 2.7: A pipeline for entity linking on the sentence "How many people live in
Hamburg?" The candidates are from Wikidata.

mentions and candidates from the last step, and ranks the right one higher. This
process is illustrated in Figure 2.7.

According to Shi et al. (2023), biomedical EL approaches can be broadly
categorized into three types: rule-based, machine learning (ML)-based, and deep
learning (DL)-based methods. Rule-based EL is primarily implemented using
string-matching or dictionary look-up techniques to disambiguate entities. String-
matching methods typically define templates that transform text inputs into
features based on linguistic rules, such as spelling rules, word-formation rules,
indicator words, and prefix/suffix patterns. In contrast, dictionary-based methods
leverage curated lexical resources to enrich linguistic features with vocabulary
abbreviations, variants, synonyms, and other lexical forms.

ML-based methods represent mentions and candidates as vectors through
manual design or statistical features and formulate EL as a traditional machine
learning problem, such as classification or learning-to-rank. Classification-based
approaches train a model to determine whether a mention is positively or nega-
tively associated with candidate entities in a KG. To mitigate the limitations of
binary classification, many systems adopt learning-to-rank techniques, which
rank candidate entities based on their likelihood of being the correct link.
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More recent methods leverage DL thanks to its ability to automatically learn
feature representations and generalize across domains. These approaches typically
use bi-encoders to map both the input mention and candidate entities into a shared
vector space. The resulting vectors are then fed into a neural similarity function,
which assigns higher scores to correct mention—-entity pairs while pushing apart
unrelated ones. By jointly learning the representation and similarity scoring
functions, DL-based EL models can capture complex semantic relationships beyond
surface-level lexical matching, leading to substantial performance improvements
in biomedical domains.

Biomedical EL faces challenges across all three methodological categories,
primarily due to domain-specific linguistic characteristics and the scarcity of
corpora capable of teaching LLMs deep semantic features (Shi et al., 2023). Conse-
quently, disambiguating mentions and candidates—often similar on the surface but
contextually distinct—remains difficult. One approach to address this is to enrich
the LLM with structured knowledge by converting KGs into training corpora,
enabling the model to capture deeper semantic relations. We explore this approach
under a novel setting in our Chapter 5, where predicting the synonym, definition
as well as the relation based on head and tail entity is part of the pre-training
objective. In this way, we are able to teach the LLM semantics of biomedical
terms and deep relations.

2.4.3 Relation Extraction

The process of extracting such relations between entities mentioned within or
across sentences (or documents) is known as relation extraction (RE). Each relation
is typically represented as a triplet (head_entity, relation, tail_entity),
consisting of two entities and the semantic relation linking them. RE enables the
transformation of unstructured text into structured knowledge, making it closely
related to tasks such as knowledge graph completion and KGQA. As shown in
figure 1.2, the relation Population (P1082) is also essential for formulating
search queries and identifying potential subgraphs.

Depending on whether the identified entities and relations are connected to an
underlying KG, RE can be classified into open information extraction and closed
information extraction. Open information extraction approaches extract related
phrases as representations of relations and entities directly from the text. While
close RE classifies the relation into pre-defined categories.

Also, relations do not only exist within a single sentence but can span across
sentences, documents, and even modalities. In chapter 6, we define three types of
RE: in-sentence, in-document, and cross-document. In-sentence relation extraction
focuses on entities occurring within a single sentence. In-document relation
extraction deals with a single document on a specific topic containing multiple
sentences. Finally, cross-document relation extraction captures relations between
entities that appear in separate documents. See Figure 2.8 for three types of
RE. However, nowadays relations also exist beyond text. Multimodal relation
extraction (Han et al., 2020) aims to extract facts that connect textual information
with other modalities, such as images, which can also store factual knowledge.

Since RE relies on identifying relations between entities, NER is a prerequisite
for this task. Depending on whether NER and RE are trained jointly, RE methods
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Population

Doc 1 /\

1758041 people live in Hamburg. Its short name is HH.

\/’

Highest Shortname
Point

Doc 2

Hasselbrack is the highest point of the city.

Figure 2.8: In-sentence, cross-sentence,d and cross-document relation extraction.

can be classified into two categories (Zhao et al., 2024): pipeline-based and joint
approaches.

Pipeline-based methods perform entity recognition and relation extraction in
two separate stages—first detecting entities, then predicting the relation between
each entity pair. Some pipeline methods use off-the-shelf NER modules and
train a relation classifier based on their output, while others use gold-standard
entities from the dataset to train the classifier. Errors in NER often propagate
and negatively affect the performance of RE.

While joint approaches aim to design frameworks that recognize and classify
relations simultaneously, these models are optimized to accurately identify entities
and relation pairs, making them less prone to error propagation during the Named
Entity Recognition stage. This paradigm has gained popularity recently, largely
due to advancements in LLMs, which foster multitask learning and sequence
labelling (Hillebrand et al., 2022; Zeng et al., 2020).

Despite the progress in applying LLMs to RE, there remain significant chal-
lenges, such as the lack of sufficient data in specific domains. The main drawbacks
of PLMs include their resource-intensive nature, requiring substantial compu-
tational power for both training and inference, and their tendency to overfit
on smaller or domain-specific datasets. Therefore, in Chapter 6, we explore
approaches to enhance PLMs with symbolic information, either by creating distant
supervised data or by improving the model architecture.
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Abstract

Data-driven systems need to be evaluated to establish trust in the scientific
approach and its applicability. In particular, this is true for Knowledge Graph (KG)
Question Answering (QA), where complex data structures are made accessible
via natural-language interfaces. Evaluating the capabilities of these systems has
been a driver for the community for more than ten years while establishing
different KGQA benchmark datasets. However, comparing different approaches
is cumbersome. The lack of existing and curated leaderboards leads to a missing
global view over the research field and could inject mistrust into the results. In
particular, the latest and most-used datasets in the KGQA community, LC-QuAD
and QALD, miss providing central and up-to-date points of trust. In this paper, we
survey and analyze a wide range of evaluation results with significant coverage of
100 publications and 98 systems from the last decade. We provide a new central
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3.1. Introduction

and open leaderboard for any KGQA benchmark dataset as a focal point for the
community - https://kgqa.github.io/leaderboard/. Our analysis highlights existing
problems during the evaluation of KGQA systems. Thus, we will point to possible
improvements for future evaluations.

3.1 Introduction

Question Answering (QA) is a rapidly growing field in research and industry'. QA
systems already deliver their potential into many real-world problems, e.g., (Both
et al., 2021; Diefenbach et al., 2021; Mutabazi et al., 2021). These systems can be
divided into two main paradigms (Jurafsky and Martin, 2018): IR-based that works
over unstructured data, closely related to Machine Reading Comprehension and
Retriever-Reader architecture) and Knowledge-Based (KBQA) which works over
structured data, such as relational tables, specific data APIs, knowledge graphs
(KGs). In this regard, Question Answering over Knowledge Graphs (KGQA) is
of particular interest to this work.

Many different benchmarking datasets are used for evaluating KGQA systems.
These datasets differ in the underlying knowledge graph (e.g., DBpedia (Auer et al.,
2007a) or Wikidata (Erxleben et al., 2014)), size order of magnitude (Fu et al., 2020),
questions complexity (Saleem et al., 2017), multilingual support (Chandra et al.,
2021), and many more dimensions. In the KGQA research community, several
datasets have become a de facto standard for evaluation of such systems, such
as the QALD (Usbeck, Gusmita, et al., 2018b) and LCQuAD (Dubey et al., 2019a)
benchmark dataset series. As more and more researchers introduce new evaluation
results using these well-known datasets, it becomes more challenging to follow the
up-to-date state-of-the-art in the KGQA field. The related research fields such as IR-
based QA and Knowledge Graph research community already have their own well-
established and maintained leaderboards of the best solutions (SQuAD? (Rajpurkar
et al., 2016), OGB? (Hu et al., 2020)). However, it is not the case for KGQA.

This lack - in particular of curated leaderboards - leads to a missing global view
over the research field. In turn, this could inject mistrust into result tables within
publications when they are incomplete or lack a comparison to certain systems,
as often required by reviewers. In particular, the latest and most-used datasets
in the Semantic Web community, LCQuAD and QALD, miss providing central
points of trust such as leaderboards. In this paper, we analyze the publications of
KGOQA evaluations of the last decade. We evaluated 100 papers and 98 systems
on 4 datasets focusing on the LC-QuAD and QALD series. Our results show
that evaluation numbers are often consistent. Existing errors stem from minor
differences in the data (e.g., gAnswer (Hu et al., 2018) on QALD-9 (Usbeck, Gusmita,
et al., 2018b)) that seems to be rounding errors or inconclusive behavior. Finally, we

1. https://www.gartner.com/smarterwithgartner/2-megatrends-dominate-the-gartner-hype-
cycle-for-artificial-intelligence-2020 (September 28, 2020)

2. The Stanford Question Answering Dataset leaderboard at https://rajpurkar.github.io/SQuAD-
explorer/

3. Open Graph Benchmark - is a collection of the benchmark datasets for machine learning
over graphs: https://ogb.stanford.edu
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discuss the consequences of our findings and will point to possible improvements
for future evaluations.
Our contributions are as follows:

« We present the first, extensive evaluation analysis of the state of the research
in KGQA.

« We provide a new central and open leaderboard for any KGQA benchmark
dataset as a focal point for the community -

https://github.com/KGQA/leaderboard. With pull requests, the community
can easily enhance the leaderboard.

« We provide an up-to-date overview of all available demos or Web services
for KGQA at the point of publication.

These contributions should help the scientific community to foster replication
and cross-evaluation in the future.

In the following, we analyze related studies and approaches in Section 2.
Afterward, we introduce the analyzed datasets and systems in Section 3. In Section
4, we describe our extensive state-of-the-art data and delve into its analysis. Next,
we discuss possible interpretations and paths forward and end with a summary
and outlook in Section 6.

3.2 Related Work

There are multiple approaches to tracking the progress of any research field. In
machine learning and NLP, these approaches can be subdivided into benchmarking
frameworks and manual or semi-automatic reporting platforms.

Today, benchmarking frameworks need to limit their scope to a subset of
tasks to cover the necessary metrics and experiment types out-of-the-box. A
general benchmarking framework, which works without writing code, does not
exist. For KGQA, different benchmarking frameworks have been proposed. For
example, GERBIL QA (Usbeck et al., 2019), can benchmark KGQA systems via their
Web APIs in a FAIR way (Wilkinson, Dumontier, Aalbersberg, Appleton, Axton,
Baak, Blomberg, Boiten, da Silva Santos, et al., 2016). It also has an integrated
leaderboard* which displays a summary of all experiments run via the platform. At
the same time, this is the biggest downside — only experiments run via the platform
are integrated. Thus, a realistic view depends on the adoption of the platform. This
adoption seems to lack due to missing developer resources, which continuously
update available systems and datasets. A different direction is followed by systems
like https://github.com/AKSW/irbench or QALDGen (Singh et al., 2019), which
provide command-line tools for benchmarking any KGQA system. However, the
offline nature of these tools leads to offline results, i.e., the results might be used
in papers but do not contribute to a trustworthy overview of the field of research.

Recently, reporting platforms gained popularity. They allow quick access to re-
sults, but either they are curated manually via a community or semi-automatically
updated. https://nlpprogress.com/ is a famous community website launched by

4. http://gerbil-qa.aksw.org/gerbil/overview
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Sebastian Ruder. Regarding KGQA, the website’s most recent information is 3
years old, possibly displaying the disinterest of the NLP community in semantic
tasks. https://paperswithcode.com/ is another reporting platform run by Facebook
Al research allowing to openly edit papers, code, datasets, methods, and evaluation
tables. While this is of tremendous help for reproducibility, its results for KGQA
are sparse. There is only one result for LC-QuAD 2 and QALD-9, and both are
for relation extraction rather than Question Answering.

A promising semi-automatic approach is the Open Research Knowledge Graph
(ORKG) (Auer et al., 2020). It allows the community to persistently annotate papers
via smart tools with meta and evaluation data, e.g.,

https://www.orkg.org/orkg/paper/R6386/R6393 for QALD-6 data. However,
the current adoption in the community does not go beyond prototypes provided
by the ORKG team. A change might come with the European Open Science Cloud
(EOSC) and the Nationale Forschungsdateninfrastruktur fiir Data Science und
Kiinstliche Intelligence (German National Data Infrastructure for Data Science
and Al). Those publicly funded initiatives strive to foster ecosystems like ORKG
in the long term.

Finally, surveys can be viewed as reporting platforms. Different surveys have
been published in the past decade focusing on a variety of topics such as challenges
in general KGQA (Hoftner et al., 2017), challenges in complex KGQA (Fu et al.,
2020), core techniques of KGQA (Diefenbach, Lopez, et al., 2018) or neural network-
based KGQA systems (Chakraborty et al., 2021). However, these are automatically
outdated when published or focus only on a narrow subtopic.

Thus, there is the need for a central, dense, and open reporting platform
focusing on KGQA, which provides trustworthy insights.

3.3 Benchmark Datasets and Systems

We surveyed 14 DBpedia-based KGQA benchmark datasets that were published
in the last decade (Section 3.3.1). In this paper, we consider 4 KGQA datasets
for an in-depth analysis. Requirements for selecting a dataset include usage for
the evaluation of different systems, availability in English, relying on DBpedia
(primarily) or Wikidata (knowledge bases, which are still maintained), and cited
above 5 times. Our goal was to make sure that the chosen QA datasets are: up-
to-date, close to a real-world setting, can be manually evaluated, and are vastly
studied. Note, we use benchmark datasets and datasets synonymous.

We took 98 QA systems into the consideration. They are collected manually
from articles that include evaluation results on the considered benchmark datasets.
The article search was conducted in two ways. First, we retrieved articles using
a keyword search on Google Scholar®. Specifically, the selection criteria were:
published after 2019, and titles satisfy: [’ question answering’ AND (’semantic
web’ OR ’data web’ OR ’web of data’)]. The second method is to extract
all articles which cite the benchmark dataset from Google Scholar either as direct
citation or as URL to the location of the dataset. We removed duplicates and
manually extracted the QA systems evaluated or referred to in the articles. This
resulted in 100 analyzed papers. Note, some systems are evaluated on a subset of

5. http://scholar.google.com
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the dataset or a dataset where the benchmark dataset is just a subset. We indicated
such a difference in the leaderboard accordingly.

3.3.1 KGQA Datasets

The first dataset is QALD which is multilingual dataset challenge series. In QALD-8,
there were 219 training question-answer pairs and 42 test data points respectively.
It was the first edition to use GERBIL QA as a benchmarking platform (Usbeck
et al., 2019). The newest instance — QALD-9 (Usbeck, Gusmita, et al., 2018b) —
contains 558 questions incorporating information from the DBpedia knowledge
base® where for each question the following is given: a textual representation in
multiple languages, the corresponding SPARQL query (over DBpedia), the answer
entity URI, and the answer type. The QALD series has a growing number of
questions per edition and thus grows continuously in its expressiveness. The
dataset has become a staple for many research studies in QA (e.g., (Diefenbach,
Lopez, et al., 2018; Hoffner et al., 2017)).

The second and third dataset is LCQuAD. LCQuAD (version 1) (Trivedi et al.,
2017) is a Question Answering dataset with 5000 pairs of questions and its
corresponding SPARQL query. LCQuAD v2 (Dubey et al., 2019a) is the follow-up
dataset with 30.000 question-answer pairs to better suit novel machine learn-
ing approaches. The SPARQL queries are intended to be executed on DBpedia.
LCQuAD is widely used in the process of QA systems development (Dubey et al.,
2018; Singh et al., 2013).

Other KGQA datasets are Free917 (Cai and Yates, 2013), WebQuestions (Berant
et al.,, 2013), ComplexQuestions (Bao et al., 2016), SimplesQuestions (Bordes
et al., 2015), GraphQuestions (Su et al., 2016), WebQuestionsSP (Yih et al., 2016a),
30MFactoidQA (Serban et al., 2016), ComplexWebQuestions (Talmor and Berant,
2018), PathQuestion (Zhou et al., 2018), MetaQA (Zhang et al., 2018), TempQues-
tions (Jia et al., 2018), TimeQuestions (Jia et al., 2021), CronQuestions (Saxena
et al,, 2021), FreebaseQA (Jiang et al., 2019), Compositional Freebase Questions
(CFQ) (Keysers et al., 2019), Compositional Wikidata Questions (CWQ) (Cui et al.,
2021), RuBQ (Korablinov and Braslavski, 2020a; Rybin et al., 2021a), QALD-9-
plus (Perevalov, Diefenbach, et al., 2022a), GrailQA (Gu et al., 2021), Event-QA
(Souza Costa et al., 2020), SimpleDBpediaQA (Azmy et al., 2018), CLC-QuAD
(Zou, Yang, Zhang, Xu, Pan, Jiang, Qin, Wang, He, Huang, et al., 2021), KQA
Pro (Shi et al., 2020), SimpleQuestionsWikidata (Diefenbach, Tanon, et al., 2017a),
DBNQA (Yin et al., 2019), etc.

These datasets do not fulfill our current criteria and thus are not part of the
initial version of the KGQA leaderboard. However, we encourage the community
to help us update the leaderboard also for these datasets to prevent a replication
crisis before it starts.

3.3.2 QA systems

While there are decentral collections of KGQA systems and there are available
as code or Web service, e.g.,

6. https://www.dbpedia.org/
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https://github.com/semantic-systems/NLIWOD/tree/master/qa.systems, there
is no up-to-date and systematically curated collection as of now. Our analysis
shows that 24 provide a URL to a repository and 16 even to an online demo or
Web APIL However, after inspection, only 8 demos or Web APIs are still functional.
This is the first hint toward an upcoming replication crisis. For a full list of
systems, their descriptions, and pointers to their web services and demo, see
https://github.com/KGQA/leaderboard/blob/gh-pages/systems.md#Systems

3.4 Dataset Analyses

We evaluated 100 papers and 98 systems focusing on 4 datasets, namely LC-
QuAD version 1 and version 2 as well as the QALD-8 and 9 versions (all datasets
released in 2017 or later). Figure 3.1 comprehensively summarizes the considered
results of the leaderboard.

Based on the results, it became clear that the evaluation values across the
publications are often consistent. The results contain multiple values for some of
the system-dataset combinations (e.g., WDAqua-core0 over LCQuAD 1.0), reported
by different publications. Figure 3.2 demonstrates the evaluation values given a
particular benchmark dataset grouped by the KGQA systems. For system-dataset
combinations with multiple values, we calculated the standard deviation (std.).
The std. values for such systems as QAKiS, TeBaQA, Elon, QASystem, gAnswer,
and QAmp are not higher than 1%. This non-null std. is probably caused by
the rounding errors. The only outliers in the evaluation values were observed
given the WDAqua-core systems. For example, the paper (Zheng and Zhang,
2019) reports Fscore of 38.7% for WDAqua-core0 over QALD-8, taking the results
from the original publication of WDAqua-core0. Another paper (Orogat et al.,
2021) reports Fscore of only 33.0% for the same system-dataset combination. The
authors (Orogat et al., 2021) calculated this result. The std. of both WDAqua-core
versions reaches 9% on LCQuAD 1.0 dataset and 3% on QALD-8. Note, the high std.
values are not dependent on the datasets. Hence, the papers reporting significantly
different results regarding WDAqua-core require further investigation. One of the
assumptions is that WDAqua-core provides a publicly accessible demonstrator
and API” which enables researchers to re-run the evaluation. This fact naturally
implies possible differences in the evaluation results. However, there is no such
systematic tendency for the other results as probably the majority of them were
not reproduced but cited from the original publication. Despite the consistency
of the results, the Fscore values of the systems have a wide variance range given
a particular dataset (Figure 3.3).

Surprisingly, the number of papers from ArXiv (pre-prints) in our leaderboard
appears to be higher than the number of peer-reviewed papers (54% vs 46%). It was
observed that the peer-reviewed papers report significantly higher results w.r.t.
Fscore which is 30.2% for preprints and 39.5% for peer-reviewed papers. The logical
reason for this is that the peer-reviewed papers typically report state-of-the-art
results, while preprints might contain preliminary work.

Given the considered results, it was observed that the authors of 72% papers did
not include all the evaluation results from other publications in their comparison

7. https://qanswer-frontend.univ-st-etienne.fr
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Figure 3.1: Treemap chart based on the collected results grouped by considered datasets
(QALD-8, QALD-9, LCQuAD 1.0, LCQuAD 2.0). The KGQA systems are located within the
dataset rectangles. The size of the rectangles is proportional to the number of mentions
of a particular system in the whole leaderboard. The color of the rectangles denotes the
average Fscore of the corresponding systems. Only systems with more than 2 mentions
are included.

that were already available at a particular point in time. To find out this number,
the set of systems from a publication reporting the values on particular datasets
was compared to the set of systems released a year ago or earlier. For example,
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Figure 3.2: The chart demonstrates evaluation values (Fscore) grouped by KGQA systems

(same color) given a dataset. Each bar corresponds to a particular publication.

the publication (Orogat et al., 2021) released in 2021 does not consider the results

of the QAmp system (Vakulenko et al., 2019) that was published in 2019.
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Figure 3.3: The figure demonstrates the distribution of the Fscore values and their statistics
from different publications given a dataset.

3.5 Discussion

The trustworthiness of scientific results strongly depends on their comparability
and replicability. In the field of KGQA, one could assume that the existence of a
large and rising number QA datasets ensures comparability. Indeed, our analysis
shows that the reported evaluations are overwhelmingly coherent. However, we
observed several issues: first, the main reason why most numbers are identical is
that people refer to results given in an original paper and its evaluation section.
We could not find evidence that researchers actively tried to replicate results. A
reason could be that only, 16 percent of the systems are available as source code
(or web service/demo). However, even in the existence of an online demo, e.g.,
(Diefenbach et al., 2020; Diefenbach, Singh, et al., 2017a), the current state of the
KGQA system seems not to be re-evaluated.

Second, our analysis indicates that researchers might have overlooked (best
case) or omitted (worst case) relevant results that speak against their claims. For
example, in (Wu et al., 2021) there are similar earlier works (Maheshwari et al., 2019;
To and Reformat, 2020) which evaluated the same datasets and provided similar
or even better results. However, we are well aware that researchers struggle with
establishing an up-to-date overview of current research due to the time-consuming
nature of the process without a central overview of KGQA systems.

Third, we see a strong need for improved evaluation methods. This demand can
be covered by online evaluation methods, e.g., using platforms like Gerbil (Usbeck
et al., 2019)). However, we also observed a decreasing amount of working online

41



3.6. Summary and Future Work

demos suggesting that a new form of a platform where models as such can be
uploaded® could be a future direction.

Fourth, while developing new platforms and systems, we should also consider
the rising critique on leaderboards regarding their utility for the NLP community
at large (Ethayarajh and Jurafsky, 2020). Thus, we concur that evaluation protocols
need to be published to foster transparency on leaderboards.

Finally, the lack of open-source implementations could be a starting point for
a replication crisis. While there is no replication crisis in the field of KGQA as
of now, the community needs to leverage novel initiatives such as the European
Open Science Cloud’ or the National Research Data Infrastructure for Data Science
and AI'. Otherwise, models and source code might be lost or results will become
incomparable in the long term.

3.6 Summary and Future Work

In this paper, we presented a novel community resource to track advances in
the field of KGQA research. We foresee the need to maintain a KGQA focused
platform as long as approaches such as ORKG (Auer et al., 2020) are not widely
used or developed far enough. Of course, we could have just added our findings
to reporting platforms. However, we believe, that this publication provides a
more valuable base for discussions and reaches a wider audience than a silent
upload. Additionally, since the QALD-9 evaluation campaign has passed for
more than 3 years now, we intend to establish a central leaderboard to keep
people on the same page.

In the future, we are looking into automatic ways to synchronize various
reporting platforms with the KGQA leaderboard. We plan to extend the evalu-
ation of QA systems, *'replicable evaluations, and data collections are possible.
Additionally, improved metrics (e.g., (Orogat and El-Roby, 2021; Siciliani et al.,
2021)) should be evaluated over models, source code, or via platforms to allow
in-depth analyses of the capabilities of QA systems.

We are aware of research on other KGQA datasets grounded in Wikidata,

Freebase, WikiMovies, and EventKG and want to encourage the community to
update the KGQA leaderboard with the corresponding numbers.

3.7 Acknowledgements

The authors also acknowledge the financial support by the Federal Ministry for
Economic Affairs and Energy of Germany in the project CoyPu (project number
01MK21007G).

8. For example, https://project-hobbit.eu/outcomes/hobbit-platform/.
9. https://eosc-portal.eu/
10. https://www.nfdi4datascience.de/
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3.8 KGOQA Leaderboard

To ensure the replication of KGQA systems and the trustworthiness of their
evaluation results, we provide a leaderboard. The leaderboard is available at
https://kgqa.github.io/leaderboard/. It can be used to compare the capabilities
of these KGQA systems over the latest and commonly used KGQA benchmark
datasets by tracking the progress. It includes the datasets, links, papers, and
SOTA results.

At the time of writing, the leaderboard includes a total of 34 KGQA datasets
across 5 knowledge graphs (i.e., DBpedia, Wikidata, Freebase, WikiMovies, and
EventKG). As shown in Fig. 3.4, these KGQA datasets are separated by the used
target KGs. Fig. 3.5 shows an example of LCQuAD V1.0 Leaderboard. We will
continuously add newly released datasets and their SOTA results, and invite other
researchers to make their contributions by adding new results based on these
KGQA dataset overviews.
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View on GitHub @

KGQA-leaderboard

Repository to track the progress in Question Answering over Knowledge Graphs
(KGQA), including the datasets and the current state-of-the-art for the most
common KGQA tasks.

Tracking Progress in Question Answering over
Knowledge Graphs

Table of contents

DBpedia

« LC-QuAD 1.0
« LC-QuAD 2.0
« QALD-9

« QALD-8

« QALD-7

« QALD-6

« QALD-5

« QALD-4

« QALD-3

« QALD-2

« QALD-1

« SimpleDBpediaQA
« MLPQ

Wikidata

« KQAPro
« RuQA1.0
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« RuQA20

« Compositional Wikidata Questions
« TimeQuestions

« CronQuestions

« CLC-QuAD

« SimpleQuestionsWikidata

Freebase

« Free917

« WebQuestions

« ComplexQuestions

« GraphQuestions

«  WebQuestionSP

« ComplexWebQuestions
« 30M Factoid QA

« PathQuestion

« Compositional Freebase Questions
« GrailQA

« TempQuestions

Other KGs

« MetaQA
« EventKQ/EventQA

Figure 3.4: Interface of the KGQA leaderboard.
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Model / System Precision Recall F1 Language Reported by
mBERT 2021 73 - 85.50 EN Zhou Y. et al
Stage-l No Noise 2021 83.11 83.04 83.08 EN Purkayastha et al.
mBERT 2021 - - 82.40 DE Zhou Y. et al
LAMA 2019 - - 81.60 EN Radoev et. al.
mBERT 2021 - - 80.90 NL Zhou Y. et al
mBERT 2021 - - 76.10 ES Zhou Y. et al
HGNet 2021 75.82 75.22 75.10 EN Chen et al.
O-Ranking 2021 75.54 7495 74.81 EN Chen et al.
AQG-net 2021 - - 74.80 EN Chen et al.
mBERT 2021 - - 74.50 RU Zhou Y. et al
mBERT 2021 - - 74 [T Zhou Y. et al
mBERT 2021 = = 73.20 FR Zhou Y. et al
mBERT 2021 - - 72.60 RO Zhou Y. et al
mBERT 2021 - - 72.30 IT Zhou Y. et al
Figure 3.5: An example of LCQuUAD V1.0 Leaderboard.
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Abstract

Knowledge Graph Question Answering (KGQA) has gained attention from both
industry and academia over the past decade. Researchers proposed a substantial
amount of benchmarking datasets with different properties, pushing the devel-
opment in this field forward. Many of these benchmarks depend on Freebase,
DBpedia, or Wikidata. However, KGQA benchmarks that depend on Freebase
and DBpedia are gradually less studied and used, because Freebase is defunct
and DBpedia lacks the structural validity of Wikidata. Therefore, research is
gravitating toward Wikidata-based benchmarks. That is, new KGQA benchmarks
are created on the basis of Wikidata and existing ones are migrated. We present a
new, multilingual, complex KGQA benchmarking dataset as the 10th part of the
Question Answering over Linked Data (QALD) benchmark series. This corpus
formerly depended on DBpedia. Since QALD serves as a base for many machine-
generated benchmarks, we increased the size and adjusted the benchmark to
Wikidata and its ranking mechanism of properties. These measures foster novel
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KGOQA developments by more demanding benchmarks. Creating a benchmark
from scratch or migrating it from DBpedia to Wikidata is non-trivial due to the
complexity of the Wikidata knowledge graph, mapping issues between different
languages, and the ranking mechanism of properties using qualifiers. We present
our creation strategy and the challenges we faced that will assist other researchers
in their future work. Our case study, in the form of a conference challenge, is
accompanied by an in-depth analysis of the created benchmark.

4.1 Introduction

Research on Knowledge Graph Question Answering (KGQA) aims to facilitate an
interaction paradigm that allows users to access vast amounts of knowledge stored
in a graph model using natural language questions. KGQA systems are either
designed as complex pipelines of multiple downstream task components (Both
et al., 2016; Diefenbach, Singh, et al., 2018) or end-to-end solutions (primarily
based on deep neural networks) (Wei et al., 2019) hidden behind an intuitive and
easy-to-use interface. Developing high-performance KGQA systems has become
more challenging as the data available on the Semantic Web, respectively in the
Linked Open Data cloud, has proliferated and diversified. Newer systems must
handle more volume and variety of knowledge. Finally, improved multilingual
capabilities are urgently needed to increase the accessibility of KGQA systems
to users around the world (Perevalov, Ngomo, et al., 2022). In the face of these
requirements, we introduce QALD-10 as the newest successor of the Question
Answering over Linked Data (QALD) benchmark series to facilitate the standardized
evaluation of KGQA approaches.

41.1 The Rise of Wikidata in KGQA

Among the general-domain KGs (knowledge graph) like Freebase (Bollacker et al.,
2008b), DBpedia (Lehmann et al., 2014), and Wikidata (Erxleben et al., 2014),
the latter has become a focus of interest in the community. While Freebase
was discontinued, DBpedia is still active and updated on a monthly basis. It
contains information that is automatically extracted from Wikipedia infoboxes,
causing an overlap. However, Wikidata is community-driven and continuously
updated through user input. Moreover, the qualifier model' of Wikidata allows
more specific annotations of relations, which in turn allow for more complex
questions (i.e., more than a single triple pattern). Hence, we expect that new KGQA
benchmarks will utilize Wikidata and existing benchmarks will migrate away from
Freebase and DBpedia to Wikidata. This becomes evident in the distribution of
benchmarks represented in the curated KGQA leaderboard (Perevalov, Yan, et al.,
2022) and is supported by a few publications in which KGQA benchmarks have
already been moved to Wikidata (Diefenbach, Tanon, et al., 2017b; Tanon et al.,
2016; Zou, Yang, Zhang, Xu, Pan, Jiang, Qin, Wang, He, Huang, and Zhao, 2021).
One approach is to map the Freebase topics to Wikidata items using automatically
generated mappings, for subjects as well as objects of triples (Diefenbach, Tanon,
et al., 2017b; Tanon et al., 2016). For properties, handmade mappings are used.

1. https://www.wikidata.org/wiki/Help:Qualifiers
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Table 4.1: Infobox for QALD-10.

Name QALD-10
URL https://github.com/KGQA/
QALD-10
Version date and | 1.0/May 29th, 2022
number
Licensing and | MIT license, open available
availability
Topic coverage | General domain
Source for Real life questions
the data
Purpose  and | Academic purpose, manual
method of | creation
creation  and | and maintenance
maintenance
Reported usage | Academic purpose
Metrics Precision, Recall,
Macro F1 QALD
Use of RDF, purl, geosparql, wik-
established ibase,
vocabularies Wikidata, XMLSchema
Language English, German, Chinese,
expressivity and Russian
Growth Static

It is worth mentioning, that due to the structural differences between Freebase
and Wikidata, some of the gold standard SPARQL (SPARQL Protocol and RDF
Query Language) queries cannot be transformed, and respective questions become
unanswerable. The original SPARQL queries from the CFQ (Keysers et al., 2020)
benchmark over Freebase were mapped to Wikidata using a multi-step approach
including property mapping and entity substitution.

4.1.2 Multilinguality in KGQA

Several works have contributed to the extension of the multilingual coverage
of KGQA benchmarks. The authors of (Zou, Yang, Zhang, Xu, Pan, Jiang, Qin,
Wang, He, Huang, and Zhao, 2021) were the first who manually translated LC-
QuAD 2.0 (Dubey et al.,, 2019b) (an English KGQA benchmarking dataset on
DBpedia) to Chinese. However, languages besides English and Chinese are not
covered and the work does not provide a deeper analysis of the issues with the
SPARQL query generation process faced when working with Wikidata. The RuBQ
benchmark series (Korablinov and Braslavski, 2020b; Rybin et al., 2021b) which
was initially based on questions from Russian quizzes (totaling 2,910 questions) has
also been translated to English via machine translation. The SPARQL queries over
Wikidata were generated automatically and manually validated by the authors.
The CWQ (Cui et al., 2022) benchmark provides questions in Hebrew, Kannada,
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Chinese, and English, with the non-English questions translated by machine
translation with manual adjustments. The QALD-9-plus benchmark (Perevalov,
Diefenbach, et al., 2022b) introduced improvements and an extension of the
multilingual translations in its previous version—QALD-9 (Usbeck, Gusmita, et al.,
2018a)—by involving crowd-workers with native-level language skills for high-
quality translations from English to their native languages as well as validation. In
addition, the authors manually transformed gold standard queries from DBpedia
to Wikidata.

4.1.3 Introducing QALD-10

In this paper, we present the latest version of the QALD benchmark series—QALD-
10—a novel Wikidata-based benchmarking dataset. It was piloted as a test set for
the 10th QALD challenge within the 7th Workshop on Natural Language Interfaces
for the Web of Data (NLIWoD) (Xi Yan and Usbeck, 2022). This challenge uses
QALD-9-plus as training set and the QALD-10 benchmark dataset as test set.
QALD-10 is publicly available in our GitHub repository.? The infobox in Table 4.1
contains more details on the benchmark. We also provide a Wikidata dump and a
long-term maintained SPARQL endpoint® for this benchmark to foster replicable
and reproducible research. In summary, we make the following contributions:

+ A new complex, multilingual KGQA benchmark over Wikidata—QALD-10—
and a detailed description of its creation process;

« An overview of the KGQA systems evaluated on QALD-10 and analysis of
the corresponding results;

« A concise benchmark analysis in terms of query complexity;

« An overview and challenge analysis for the query creation process on
Wikidata.

4.2 QALD-10 Challenge Description and Benchmark
Introduction

The QALD-10 benchmarking dataset is a part of the QALD challenge series, which
has a long history of publishing KGQA benchmarks. The benchmark was released
as part of the 10th QALD challenge within the 7th Workshop on Natural Language
Interfaces for the Web of Data at European Semantic Web Conference (ESWC)
2022 (Xi Yan and Usbeck, 2022).* While looking at past benchmarks (Cimiano
et al., 2013; Lopez et al., 2013; Perevalov, Diefenbach, et al., 2022b; Unger et al.,
2012; Unger et al., 2014b, 2015; Unger et al., 2016; Usbeck, Gusmita, et al., 2018a;
Usbeck, Ngomo, et al., 2018; Usbeck et al., 2017), we identified several challenges.

2. Benchmark repository: https://github.com/KGQA/QALD-10. Note, that the QALD-10 is
relatively stable in terms of opened community issues over time, compare to https://github.com/ag-
sc/QALD/issues which hosts previous versions of this challenge.

3. https://skynet.coypu.org/wikidata/

4. https://www.nliwod.org/challenge
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First, the poor translation quality for languages other than English (Perevalov,
Diefenbach, et al., 2022b). For instance, the question Which subsidiary of TUI
Travel serves both Glasgow and Dublin? translates to Italian as Quale societa
sussidiaria di TUI Travel serve sia Dortmund che Dublino? (QALD-9 dataset). It
is evident, despite not being a native Italian speaker, that two different cities are
used in the original question (Glasgow) and its translated version (Dortmund).
The corresponding SPARQL query uses Glasgow, consistent with the original
English question. Second, the low complexity of the gold standard SPARQL
queries since most of the questions are resulting in SPARQL queries with fewer
significant patterns which are essential to test the robustness of KGQA systems.
Finally, the weak replicability of the KGQA experiments caused by divergence
between the SPARQL query results and constantly updating versions of the used
knowledge graphs (e.g., DBpedia and Wikidata). For instance, the same systems
show big difference when evaluated at different time points, making it harder to
compare the capacity of the KGQA systems. With QALD-10 benchmark dataset,
we remedy all the aforementioned flaws.

All the data for the challenge can be found in our project repository.” The
QALD-10 uses the well-established QALD-JSON format® (Usbeck, Réder, Hoff-
mann, et al., 2018), which is adopted by other KGQA benchmarks (Perevalov,
Diefenbach, et al., 2022b; Siciliani et al., 2022; Usbeck, Gusmita, et al., 2018a;
Usbeck, Ngomo, et al., 2018; Usbeck et al., 2017). The overall multilingual KGQA
challenge contained 806 human-curated questions, including for 412 training and
for 394 test. In the following, we explain the creation process in detail.

The QALD-10 challenge training set includes 412 questions and the correspond-
ing queries, which are runnable against our stable SPARQL endpoint. The SPARQL
query transformation from DBpedia to Wikidata was done manually by a group
of computer scientists who were the authors of the QALD-9-plus paper. As some
of the queries were not transformable, the total number of questions decreased
from 558 to 507 between QALD-9 and QALD-9-plus. The number of KGQA pairs
further decreased to 412 with the introduction of our stable Wikidata endpoint.
These 412 question-query pairs form the QALD-10 challenge train set.

4.2.1 Collection of English Natural Language Questions for the
QALD-10 challenge test set

The QALD-10 challenge test set (with 394 question pairs), in contrast, was created
from scratch. In the first step, we collected 500 natural language questions in En-
glish from speakers with at least a C1-level language proficiency in accordance with
the Common European Framework of Reference for Languages (CEFR) (Council
of Europe, 2001). We collected equal amounts of questions from each participant
to ensure that the questions are unbiased and express real-world information
needs. Questions vary with respect to their complexity type, including questions
with counts (e.g., How many children does Eddie Murphy have?), superlatives (e.g.,
Which museum in New York has the most visitors?), comparatives (e.g., Is Lake

5. https://github.com/KGQA/QALD-10/tree/main/data
6. https://github.com/AKSW/gerbil/wiki/Question- Answering
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Baikal bigger than the Great Bear Lake?), and temporal aggregators (e.g., How
many companies were founded in the same year as Google?).

4.2.2 Multilingual Translations

To tackle the first challenge, the translations from English to Chinese, German, and
Russian were created by crowd-workers in two steps: (1) each English question
was translated into the target language by two native speakers, (2) the translations
from the previous step were validated by another native speaker. To reduce
ambiguity, the named entities in the questions were manually annotated with
their Wikidata URIs (Uniform Resource Identifier) before translation. The crowd-
workers were asked to follow the Wikidata label of a particular entity in their
native language during the translation process. Note that 12 of the Wikidata
items did not have Chinese versions so the respective questions could not be
labeled accordingly. For instance, the entity The Vanishing Half" (Wikidata ID:
wd:Q98476957) in the question In which year was the author of The Vanishing
Half born?" did not have a Chinese entry.

4.2.3 From Natural Language Question to SPARQL Query

To tackle the second challenge, the final set of questions was manually transformed
into complex SPARQL queries over Wikidata by a group of computer scientists with
complementary skills and knowledge. The incompleteness of Wikidata regarding
some of the multilingual labels and the lack of an ontology caused challenges in
the SPARQL query generation process. These are listed and discussed in detail
in Section 4.5. The gold standard answers to the questions were retrieved by
querying over our own Wikidata endpoint which is also available online.

4.2.4 Stable SPARQL Endpoint

Due to the constant updates of KGs like Wikidata, outdated SPARQL queries
or changed answers can commonly cause problems for KGQA benchmarks. KG
updates usually concern (1) structural changes, e.g., renaming of properties, or
(2) alignment with changes in the real world, e.g., when a state has appointed a
new president. According to our preliminary analysis on the LC-QuAD 2 bench-
mark (Dubey et al., 2019b), a large number of queries are no longer answerable on
the current version of Wikidata. The original dump used to create the benchmark
is no longer available online.” As a result, the authors (Banerjee et al., 2022b) set
up an endpoint with a Wikidata dump dated 13 October 2021 and filtered the test
set of 6046 questions down to 4211 questions for which the gold query produced
a valid response. We decided to follow a similar methodology by setting up a
stable Wikidata endpoint that was used to execute the SPARQL queries. Hence, we
provide a long-term stable endpoint to ensure reproducibility to tackle the third
challenge. This endpoint was also provided to the participants of the QALD-10
challenge and is archived via Zenodo (Usbeck et al., 2022).°

7. https://databus.dbpedia.org/dbpedia/wikidata/debug/2020.07.01
8. https://dumps.wikimedia.org/wikidatawiki/entities/
9. https://zenodo.org/record/7496690#.Y7QfI-zMK3I
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Note, since the QALD-10 challenge training set was created before we set up
this endpoint, some answers and queries had to be changed from the original
release of QALD-9-plus. That is, the QALD-9-plus original data and the one used
as QALD-10 challenge training data are different. Different versions are recorded
as releases in the GitHub repository.'

4.3 QALD-10 Challenge Evaluation

To promote the FAIR principles (Findable, Accessible, Interoperable, and Reusable)
(Wilkinson, Dumontier, Aalbersberg, Appleton, Axton, Baak, Blomberg, Boiten,
Bonino da Silva Santos, et al., 2016) with respect to our experimental results,
we utilize GERBIL QA (Usbeck, Réder, Hoffmann, et al., 2018)'!, an open-source
and publicly available online evaluation tool. We adopt the established metrics
for KGQA evaluation, more specifically Precision, Recall, and the Macro F1
QALD measure.

4.3.1 Evaluation Metric

The F-measure is one of the most commonly used metrics to evaluate KGQA
systems, according to an up-to-date leaderboard (Perevalov, Yan, et al., 2022). It is
calculated based on Precision and Recall and, thus, indicates a system’s capacity
to retrieve the right answer in terms of quality and quantity (Manning, 2008).
However, the KGQA evaluation has certain special cases due to empty answers (see
also GERBIL QA (Usbeck, Roder, Hoffmann, et al., 2018)). Therefore, a modification
was made to the standard F-measure to better indicate a system’s performance on
KGQA benchmarks. More specifically, when the golden answer is empty, Precision,
Recall, and F-measure of this question pair receive a value of 1 only if an empty
answer is returned by the system. Otherwise, it is counted as a mismatch and the
metrics are set to 0. Reversely, if the system gives an empty answer to a question
for which the golden answer is not empty, this will also be counted as a mismatch.
Our analyses consider both micro- and macro-averaging strategies. These two
averaging strategies are automatically inferred by the GERBIL system.

During the challenge, only the Macro F1 QALD measure was used to rank the
systems. This resulted from community requests'? and to achieve compatibility
with older QALD challenges. This metric uses the previously mentioned additional
semantic information with the following exception: If the golden answer set is
not empty but the QA system responds with an empty answer set, it is assumed
that the system determined that it cannot answer the question. Here we set the
Precision to 1 and the Recall and F-measure to 0.

4.3.2 GERBIL QA Benchmarking Platform

The GERBIL system was originally created as a benchmarking system for named
entity recognition and linking; it also follows the FAIR principles. It has been

10. https://github.com/KGQA/QALD_9_plus
11. https://gerbil-qa.aksw.org/gerbil
12. https://github.com/dice-group/gerbil/issues/211
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widely used for evaluation and shared tasks for its fast processing speed and
availability. Later, it was extended to support the evaluation of the KGQA systems.
While adopting the GERBIL framework, the evaluation can simply be done by
uploading the answers produced by a system via web interface or RESTful APL"
Each experiment has a citable, time-stable, and accessible URI that is both human-
and machine-readable. The uploaded file should follow the QALD-JSON format.
The GERBIL system was set up with the QALD-10 benchmark and provides an easy-
to-use configuration, which allows one to choose a language for the multilingual
evaluation.! After choosing the language and uploading the file containing a
system’s predictions, the evaluation is done automatically.

To promote the reproducibility of the KGQA systems and open information ac-
cess, we uploaded the test result of all systems to a curated leaderboard (Perevalov,
Yan, et al., 2022)."> The leaderboard includes the system descriptions, standardized
evaluation scores, references, and other details. Therefore, it presents state-of-
the-art scores for comparison purposes.

4.3.3 Participating Systems

After six registrations, five teams were able to join the final evaluation. Allowing
file-based submissions rather than requiring web service-based submissions led
to a higher number of submissions and fewer complaints by the participants
compared to previous years. Thus, unfortunately, the goal of FAIR and replicable
experiments is still unreached for KGQA. Among the participating systems, three
systems papers were accepted to the workshop hosting the challenge.

QAnswer (Diefenbach, Singh, et al., 2017b) is a rule-based system using a com-
binatorial approach to generate SPARQL queries from natural language questions,
leveraging the semantics encoded in the underlying knowledge graph. It can
answer questions on both DBpedia and Wikidata supporting English, French,
German, Italian, Russian, Spanish, Portuguese, Arabic, and Chinese. This system,
which does not require training, is run as a baseline system for our challenge
due to its capacity to tackle multilingual data.

SPARQL-QA (Santana et al., 2022) is a QA system that exploits Neural Ma-
chine Translation (NMT) and Named Entity Recognition (NER) modules to create
SPARQL queries from natural language questions. The MNT module translates
the question into a SPARQL query template in which the KG resources are
replaced by placeholders, while the NER module identifies and classifies the
entities present in the question. The outputs of two modules are merged to
produce a new equivalent of the original SPARQL query to be executed over
Wikidata, by replacing the placeholders in the template with the corresponding
named entities. An uniform input format, namely QQT (Question, Query Template
and Tagging), is introduced to ensure training two modules together and reduce
the impact of out-of-vocabulary (OOV) words.

Shivashankar et al. (Shivashankar et al., 2022) presented a graph-to-graph
transformation-based QA system using an Abstract Meaning Representation
(AMR) graph to generate SPARQL queries, leveraging its ability to represent

13. https://pypi.org/project/gerbil-api-wrapper/
14. See https://gerbil-qa.aksw.org/gerbil/config-qald for the QALD configurations on GERBIL.
15. https://kgqa.github.io/leaderboard/wikidata/qald.html#qald- 10
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the semantics of a natural language. For a given question, its AMR graph is
generated using a pre-trained multilingual AMR parser and simplified by removing
unnecessary nodes and information. All possible executable SPARQL graphs
are extracted from its simplified AMR graph. The system supports English and
German questions.

Baramiia et al. (Baramiia et al., 2022) developed a QA system that first learns
to predict representations of entities and properties which are close to correct
queries and far from the others. It then finds the top-k nearest to the correct
query via Scalable Nearest Neighbors method with the dot product similarity
measure. It natively supports English but can be extended to the multilingual
case using Transformers trained in other languages.

Suraj Singh and Dmitrii Gavrilev'® presented a multilingual KGQA model that
first translates the questions from low-resourced languages into English using
a pre-trained T5 (Raffel et al., 2020b) model and then searches for the answer
using the DeepPavlov-based (Burtsev et al., 2018) ensemble. The pipeline consists
of query template type classification, entity detection, entity linking, relation
ranking, and query generation. It can support answering questions written in
English, German, Chinese, and Russian. More detailed information regarding all
of the systems is provided in the proceedings (Xi Yan and Usbeck, 2022).

4.3.4 Results

All systems were evaluated on the test set of QALD-10 challenge before the
challenge. Participants had to upload a file their QA system generates, upload it to
the GERBIL system. which would output an URL based on submission. Participants
submit the GERBIL URL with their final results. Table 4.2 shows the systems and
their performances with links to GERBIL QA. In 2022, SPARQL-QA (Santana et al.,
2022) won the QALD-10 challenge.

Table 4.2: Evaluation results of the challenge participants’ systems.

Author (System) Language | Macro F1 QALD GERBIL QA Link

Borroto et al. (SPARQL-QA) (Santana et al., 2022) EN 0.595 https://gerbil-qa.aksw.org/gerbil/experiment?id=202205200035
Baseline (QAnswer) (Diefenbach, Singh, et al., 2017b) EN 0.578 https://gerbil-qa.aksw.org/gerbil/experiment?id=202205120000
Steinmetz et al. (Shivashankar et al., 2022) EN 0.491 https://gerbil-qa.aksw.org/gerbil/experiment?id=202205260012
Baramiia et al. (Baramiia et al., 2022) EN 0.428 https://gerbil-qa.aksw.org/gerbil/experiment?id=202205210032
Singh & Gavrilev (no publication) EN 0.195 https://gerbil-qa.aksw.org/gerbil/experiment?id=202205210017

44 QALD-10 Test Set Analysis

KGQA benchmarks should be complex enough to properly stress the underly-
ing KGQA systems and hence not biased towards a specific system. Previous
studies (Saleem et al., 2017) have shown that various SPARQL features of the
golden SPARQL queries, i.e, the corresponding SPARQL queries to QALD natural
language questions, significantly affect the performance of the KGQA systems.
These features include the number of triple patterns, the number of joins between
triple patterns, the joint vertex degree, and various SPARQL modifiers such
as LIMIT, ORDER BY, GROUP BY etc. At the same time, the KGQA research

16. Their paper is not published in the proceedings.
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community defines "complex" questions based on the number of facts that a
question is connected to. Specifically, complex questions contain multiple subjects,
express compound relations and include numerical operations, according to (Lan
et al., 2021). Those questions are difficult to answer since they require systems to
cope with multi-hop reasoning, constrained relations, numerical operations, or a
combination of the above. As a result, KGQA systems need to perform aggregation
operations and choose from more entity and relation candidates while dealing
with those questions than on questions with one-hop relations.

In this section, we compare the complexity of the QALD-10 benchmark with
QALD-9-plus with respect to the aforementioned SPARQL features. The statistics
of the number of questions in different QALD series datasets is shown in Table
4.3. We use the Linked SPARQL Queries (LSQ) (Stadler et al., 2022) framework
to create the LSQ RDF (Resource Description Framework) datasets of both of the
selected benchmarks for comparison. The LSQ framework converts the given
SPARQL queries into RDF and attaches query features. The resulting RDF datasets
can be used for the complexity analysis of SPARQL queries (Saleem et al., 2015).
The resulting Python notebooks and the LSQ datasets can be found in our GitHub
repository.’” The complexity analysis of the selected benchmarks is presented
in the next subsections.

Table 4.3: Statistics of the number of questions in different QALD series datasets

Q10-WD | Q9-Plus-DB | Q9-Plus-DB | Q9-Plus-WD | Q9-Plus-WD
Test Train Test Train Test
394 | 408 | 150 | 371 | 136

4.4.1 Frequency of Modifiers

When answering complex questions, KGQA systems are required to generate
corresponding complex formal (SPARQL) queries, e.g., with multiple hops or
constraint filters, that can represent and allow to answer them correctly. One
way to represent the complexity of queries can be represented by the frequencies
of modifiers (e.g., LIMIT or COUNT) that occurred in the queries. Table 4.4 shows
the frequencies of each modifier represented in the QALD-10 test set and the
different subsets of the QALD-9-plus benchmark, respectively. For QALD-9-plus,
the Wikidata-based datasets use less modifiers than their DBpedia counterparts
for the same set of questions. However, the results suggest that the proposed
benchmark is way more complex than QALD-9-plus in terms of various important
modifiers. A more detailed analysis of the complexity is done in the following
text. In terms of significant modifiers such as COUNT, FILTER, ASK, GROUP BY,
OFFSET, and YEAR, our benchmark has a significantly higher number than others.
As to the modifiers such as LIMIT, ORDER BY, UNION, HAVING and NOW, this
benchmark is close to the frequencies in the other datasets.

17. https://github.com/KGQA/QALD-10/tree/main/notebooks
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Table 4.4: Frequencies of each modifier in different QALD series. Note that frequencies
of modifiers with the * character are computed using keyword matching from SPARQL
queries, while the others use the LSQ framework.

Modifier Q10-WD | Q9-Plus-DB | Q9-Plus-DB | Q9-Plus-WD | Q9-Plus-WD
Test Train Test Train Test

COUNT’ 126 57 33 32 18
LIMIT 17 39 11 43 12
ORDER BY 17 36 11 43 12
FILTER 74 31 17 31 13
ASK 60 37 4 36 3
UNION 5 29 17 10 6
OFFSET 3 1 0 2 0
GROUP BY 95 19 11 12 12
HAVING' 1 3 2 1 2
YEAR 43 6 10 20 4
NOW’ 1 3 2 1 1

4.4.2 Query Feature Distribution

To measure structural query complexity, we calculate the Mean and Standard
Deviation (SD) values for the distributions of three query features respectively:
number of triple patterns, number of join operators, as well as joint vertex
degree (see the definitions in (Saleem et al., 2019)). These features are often
considered as a measure of structural query complexity when designing new
SPARQL benchmarks (Saleem et al., 2015; Saleem et al., 2017; Saleem et al., 2019).
The corresponding results are presented in Table 4.5. Again, the Wikidata-based
datasets of QALD-9-plus have a lower distribution mean than their DBpedia
counterparts and, thus, a lower complexity in general. Compared to the QALD-9-
plus test sets, the QALD-10 test has a higher variation for the number of triple
patterns and the number of join operators, as well as the second largest SD for
joint vertex degree. This can be interpreted as getting the correct answers for
the QALD-10 benchmark might be more difficult due to a wider range of possible
SPARQL queries as compared to QALD-9-Plus

4.4.3 Query Diversity Score

From the previous results, it is still difficult to establish the final complexity of
the complete benchmark. To this end, we calculate the diversity score (DS) of the
complete benchmark B, formally defined as follows (Saleem et al., 2019).

k
DS=2) oi(B) (4.1)

1
k -1 1(B)

where, ;1 and o are the Mean and Standard Deviation of a given distribution
with respect to the i-th feature, respectively. The k is the total number of query
features analyzed in B. In this work, the query features chosen are the number
of triple patterns, the number of joins, and the joint vertex degree. Table 4.6
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Table 4.5: Structural complexity measured via the distribution of the number of triple
patterns, the number of joins, and vertex degrees.

Query Feature Q10- Q9- Q9- Q9- Q9-
WD Plus- Plus- Plus- Plus-

Test DB DB WD WD

Train Test Train Test

Mean 1.605 1.728 1.993 1.685 1.640
SD 1.199 0.944 1.167 1.215 0.998

Number of Triple Patterns

Mean | 0.622 0.509 0.711 0.577 0.507
SD 1.123 0.662 0.869 0.929 0.686

Number of Join Operators

Mean | 0.889 0.941 1.089 0.953 0.929
SD 1.133 1.113 1.116 1.148 1.176

Joint Vertex Degree

shows the diversity scores (the higher the score the more complex the queries)
of different QALD benchmarks. We observe that the QALD-10 test set has the
highest diversity score (DS = 1.275) compared to the other benchmarks, hence it is
a good starting point for template-based KGQA benchmark generation approaches
aiming at diverse, complex, large-scale characteristics.

Table 4.6: Query diversity score of different QALD benchmarks.

Q10-WD | Q9-Plus-DB | Q9-Plus-DB | Q9-Plus-WD | Q9-Plus-WD
Test Train Test Train Test
1275 | 1010 [ 0944 | 1178 | 1075

4.5 Challenging Translation of Natural Language Ques-
tion to Wikidata SPARQL queries

During the creation of QALD-10 test SPARQL queries for given natural language
questions, we identified several challenges. Therefore in this section, we formulate
our challenges and solutions during the SPARQL generation process to aid further
research in KGQA dataset creation as well as Wikidata schema research. Below,
we systematically classify the problems into seven categories: (1) the ambiguity of
the questions’ intention, (2) incompleteness of Wikidata, (3) ambiguity of SPARQL
queries, (4) limit on returned answers, (5) special vocabulary, (6) calculation
limitation of SPARQL, and (7) endpoint version change. We discuss the cause
of these issues and present our solutions.

4.5.1 Ambiguity of the Natural Language Question

The question What is the biggest city in the world? could be asking for the
most populous city or the geographically largest city. This is an example for
an ambiguous natural language question. We tried to circumvent this type of
questions by specifically, asking crowd-workers to phrase their questions precisely.
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After data collection, we chose the most reasonable interpretation based on real
world experience, where necessary. Thus, in the example above, the question was
changed to What is the most populous city in the world?. Some questions, however,
remain vague and consequently correspond to multiple SPARQL queries. For
instance, the question: How many spouses do head of states have on average?
translates to:

where we used a head of state-property. However, using a head of state-class
would also be feasible, leading to the SPARQL query below. There is no good way
to make the question clearer except if one specifies the actual Wikidata elements,
which is not realistic for real-world questions.

4.5.2 Incompleteness of Wikidata

Due to the incompleteness of Wikidata, some of the entity labels do not translate
to all languages of interest (see Section 4.2.2). To avoid unanswerable questions,
we supplemented the online Wikidata by manually adding a translation approved
by a linguist. However, this update is not shown in our stable endpoint which
has a fixed Wikidata dump. Consequently, the labels are still missing but the
questions-query-answer tuples are inserted into QALD-10 benchmark dataset.

Another issue that can arise from Wikidata’s incompleteness is that data
necessary to answer specific SPARQL queries can be missing. In this case, the
answer can not be retrieved by a correct SPARQL query since there are no
suitable triples available directly. In our benchmark, questions of this category
were deleted.

4.5.3 Ambiguity of SPARQL Queries in Wikidata due to Ranking
of Properties

Ambiguities of SPARQL queries in Wikidata are connected to the ranking mecha-
nism of Wikidata. This mechanism allows to annotate statements with preference
information.'® Such ranks decide how relevant different values of a statement are,
which becomes a source of inaccuracy when there are multiple intuitively correct
ways of writing a query. In some cases, only results with high ranking will be
kept while the result discards the low-ranking but correct ones. Here, we show
the differences between using p/ps'® and wdt? in the queries:

+ The wdt prefix for properties only returns values of properties with preferred
rank, if one exists. If no ranking exists, it returns every property.

+ The p/ps combination always returns all properties and their values, without
respecting ranks.

This makes wdt the go-to choice to find the most recent value of well-maintained
properties, like head of state, which (most of the time) has the preferred rank
reserved for the active head of state. The ranking mechanism also introduces

18. https://www.wikidata.org/wiki/Help:Ranking

19. PREFIX p: <http://www.wikidata.org/prop/>, PREFIX ps:
<http://www.wikidata.org/prop/statement/>

20. PREFIX wdt: <http://www.wikidata.org/prop/direct/>
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semantic errors if the ranks get modified after creating the query. The ranking
mechanism as a speciality of Wikidata challenges KGQA systems even more.

When a question gets complex, it is problematic to guarantee the correctness
and completeness of its query e.g., Which businesses are founded by the person in
charge of Tesla?. Here, our intuitive solution would be:

Despite the exact term business being signified, in QALD-10 benchmark dataset,
we use a property path in the last BGP ?! that generalizes its denotation to include
more general instances. For example, the entity wd:Q28222602 Zip2 is also a
company founded by the Tesla founder but is not linked to the Wikidata entity
business (wd:Q4830453 business). Another solution would be using UNIONS
to find every eligible entity, in the understanding of how this task looks for an
average person. In general, creating query seems impossible due to no adherence
to strict ontologies in Wikidata. However, that would increase the burden on
KGOQA systems which learn from the annotated SPARQL queries. This problem
is more severe in writing-, music- and book-related queries.

4.5.4 Limit on Returned Answers

The limit on returned answers is a significant problem in creating this dataset. A
substantial amount of questions have a limited result set due to Wikidata’s factual
base. For instance, the question: List the novels that won the Modern Library 100
Best Novels (wd:Q671613)? has one answer although one would expect 100 results
with common sense. As a result, we discarded such questions from QALD-10
test set to maintain a righteous benchmark.

4.5.5 Special Characters

A number of questions are based on special characters . For instance questions,
Find all Turkish verbs ending with “us” in their lemma. and When did the district of
Hoxter come into existence? have special characters or ask for special Wikidata
properties (see example below). We tried to keep those kinds of questions with their
corresponding queries as much as possible to foster multilingual KGQA research.

4.5.6 Computational Limitations in SPARQL

SPARQL has limited capabilities to deal with numbers. For instance, there is
a lack of native normalization for numeric values in Wikidata. For instance, a
comparison or SPARQL result modifier like below does not take units into account:
Therefore, 100 centimeters could be bigger than 10 meters. The following query
takes units into account but requires a more complicated structure: Hence,
simple comparison queries may require a high level of expertise of the Wikidata
schema, which makes the KGQA task on these questions more challenging. Also,
there are rounding errors in calculations. For instance, corresponding to question:
How many years did Steve Jobs take the role of Apple CEO?, the SPARQL would
be: The answer based on common sense is 14, however, the query execution
produces the following: ?st = 01-09-1997, ?et = 23-08-2011, resulting in only

21. https://www.w3.org/TR/sparql11-property-paths/
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13 full years. Thus, KGQA systems without common-sense reasoning capabilities
fail in parts of the QALD-10 test set.

4.5.7 Endpoint Version Changes

Finally, version changes in the endpoint and endpoint technology, especially when
switching between the graph stores HDT (Fernandez et al., 2013) and Fuseki %,
can result in different answer sets. This is due to syntax errors and execution
timeouts in their internal optimizations such as basic graph pattern® reordering
or rdf: type indexing. Providing a stable endpoint in connection with a stable
dump and dataset, see Section 4.2, helps to alleviate this challenge.

4.6 Summary

The QALD-10 benchmarking dataset is the latest version of the QALD benchmark
series that introduces a complex, multilingual and replicable KGQA benchmark
over Wikidata. We increased the size and complexity over existing QALD datasets
in terms of query complexity, SPARQL solution modifiers, and functions. Also,
we presented the issues and possible solutions while creating SPARQL queries
from natural language. We have shown how QALD-10 has solved three major
challenges of KGQA datasets, namely poor translation quality for languages other
than English, low complexity of the gold standard SPARQL queries, and weak
replicability. We deem solving the migration to Wikidata issue an important puzzle
piece to providing high-quality, multilingual KGQA datasets in the future.

We were able to prove the appropriateness and robustness of the dataset by
means of an ESWC challenge. Due to a pull request from the participant group,?*
we published two releases: the original QALD-10 challenge dataset in version
1.0 and an open upstream branch. Overall, the feedback of the participants on
the dataset was positive.

In the future, we will focus on generating and using existing complex, diverse
KGOQA datasets to develop large-scale KGQA datasets with advanced properties
such as generalizability testing (Gu et al., n.d.; Jiang and Usbeck, 2022) to foster
KGQA research.
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Abstract

The large-scale analysis of scientific and technical documents is crucial for extract-
ing structured knowledge from unstructured text. A key challenge in this process
is linking biomedical entities, as these entities are sparsely distributed and often
underrepresented in the training data of large language models (LLMs). At the
same time, those LLMs are not aware of high-level semantic connections between
different biomedical entities, which are useful in identifying similar concepts in
different textual contexts. To cope with aforementioned problems, some recent
works focused on injecting knowledge graph information into LLMs. However,
former methods either ignore the relational knowledge of the entities or lead to
catastrophic forgetting. Therefore, we propose a novel framework to pre-train the
powerful generative LLM by a corpus synthesized from a KG. In the evaluations we
are unable to confirm the benefit of including synonym, description or relational
information. This work-in-progress highlights key challenges and invites further
discussion on leveraging semantic information for LLm performance and on
scientific document processing.
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5.1. Introduction

5.1 Introduction

Biomedical entity linking (EL) is a critical process in biomedical text mining that
seeks to identify and associate relevant biological and medical entities mentioned
in unstructured text with their corresponding identifiers in knowledge bases.
EL systems have also been combined to promote the knowledge acquisition
task(Noullet et al., 2023). Accurate recognition and linking of these entities
are pivotal in promoting biomedical research, drug discovery, and personalized
medicine (Chandak et al., 2023b). Although substantial progress has been made
in recent years, there is an ongoing need for refining methods and techniques
employed for entity linking in the biomedical domain.

In this report, we present a novel approach that integrates linearized (in
which a graph is traversed and encoded when producing the linearized repre-
sentationHoyle et al. (2021).) triples into the biomedical entity linking process
while reevaluating the inclusion of synonym information. Our proposed method
linearizes triples and considers them during the pre-training step. In past studies,
synonym information, which involves using alternative names or terminologies
for the same biomedical entity, has been proven to enhance entity linking when
used during pre-training (Xu, Chen, and Hu, 2023; Yuan, Yuan, and Yu, 2022). Our
study aims to build upon this existing knowledge by integrating both strategies
and assessing their impact on performance.

Despite the reported benefits of synonym information in prior studies, our
analysis of this approach, combined with the introduction of linearized triples
(Li et al., 2021), yielded different results. We find that incorporating linearized
triples only lead to minimal improvements in our entity linking model’s per-
formance. Moreover, we are unable to confirm the purported advantages of
including synonym information in our experiments, which stands in contrast
to the findings of previous literature.

We highlight the limitations of our study and suggest possible avenues for
future research to further advance biomedical entity linking techniques by building
on our work with linearized triples and reevaluating synonym information. The
code is available at our GitHub repo '.

5.2 Related work

Entity Linking has a long history of research. Recent methods can be categorized
into two types. First, discriminative methods that are based on the bi-encoder /
cross-encoder pairing (Ayoola et al., 2022; Logeswaran et al., 2019; Wu, Petroni,
et al., 2020). Both encoders are commonly BERT-like models. The bi-encoder
encodes the description of each entity and matches it to the text by using an
approximate nearest neighbor search. This is important as the next step, the
cross-encoding, is expensive. Here, those neighbors are reranked by applying a
cross-encoder to the concatenation of both, the input text and the entity description.
The highest-ranked entity is then the final linked one. In the biomedical domain,
the works by (Angell et al,, 2021), (Varma et al., 2021), (Agarwal et al., 2021)
and (Bhowmik et al., 2021) fall into this category.

1. https://github.com/xixi019/bio-EL

64


https://github.com/xixi019/bio-EL

5. Biomedical Entity Linking with Triple-aware Pre-Training

Another type of entity linker is based on generative models (Cao et al., 2021;
Cao, Wu, et al., 2022; Xu, Chen, and Hu, 2023). Here, instead of using some
external description of an entity, the whole model memorizes the KG during
training. The linked entity is then directly generated by the model. Such methods
skip the problem of mining negatives which are crucial for a good performance
of bi-encoder-based methods. BioLinkerAl (Sakor et al., 2024) and Gallego et
al (Gallego et al., 2025) use the entity definitions and therasaurs (i.e., UMLS) to
enhance the performance of LLM. Only the work by Yuan et al. (Yuan, Yuan, and
Yu, 2022) is based on such methods in the biomedical domain. As generative
models lack the ability to incorporate external information, they alleviate this
problem by introducing a pre-training stage where syntactical information from a
knowledge graph is learned. This is especially important in the biomedical domain
as entities often own a large variety of synonyms. We build upon their work by
extending the pre-training regime to the inclusion of triple information.

5.3 Method

5.3.1 Task definition

Given are a text t, a set of marked mentions M, in the text and a KG G = (€, R, E).
The KG consists of a set of entities £, a set of relations R and a set of edges
composed of head entity, relation and tail entity E C (€ x R x £). The task is to
identify the subset of entities E; C £ which the mentions M, are referring to.

5.3.2 Model

In the vein of the work by (Cao et al., 2021), we model the problem as a sequence-
to-sequence generation task. The input to the generative model is text and the
output are the generated entity identifiers in the corresponding KGs. Similar to
other works (Cao et al., 2021; Cao, Wu, et al., 2022; Yuan, Yuan, and Yu, 2022), we
consider the definition of the concepts in the corresponding KGs as the unique
textual representation of each concept. The definition and synonyms are short
and unique, and will not introduce the problem of ambiguation of entities.

5.3.3 Pre-training

We linearize the information from synonym and triples in the pre-training stage.
An overview of the pre-training and an example is give in Figure 5.1 . They are
linearized into a synthesized corpora before feeding into the BART. We have tested
2 different settings for converting the triples, namely line-by-line and all-in-one.
We add triple pre-training step on which add the triples information to the LLM,
on top of synonym, which is used by (Yuan, Yuan, and Yu, 2022).

In terms of the synonym information, we follow the setting by (Yuan, Yuan,
and Yu, 2022). We first extract the description of the entity and convert it to
a text of the following form:

[BOS][ST] s; [ET] is defined as ¢, [EOS] (5.1)
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Here, s¢ stands for the synonym a and c, for the description of entity e. This
would be the input to the encoder of the generative model.
As an output the model has to generate:

[BOS] s is s” [EOS] (5.2)

This lets the model learn the connection between the different synonyms
of the same entity.

Based on that, we introduce an additional pre-training step to incorporate
more semantic information by utilising triple information from the underlying
knowledge graph. A triple is of the form < e, r,e’ > which describes that a
relationship r holds between entity e and €¢’. The input is here the same as for
the synonym information. The output is of the form:

[BOS] s% I, s% [EOS] (5.3)

I, is here the label of relation . We denote this line-by-line. Furthermore, we
experimented with an all-in-one pre-training approach of the form:

[BOS] s¢ I, s ... I, st [EOS] (5.4)

[BOS][ST] Insulin receptor [ET] is defined as a
transmembrane receptor protein that plays a crucial
role in cellular glucose uptake and metabolism [EOS]

v

BART
Synonym Pre- Triple Pre-
training | training
[BOS] Insulin receptor is INSR [EOS] [BOS] Insulin receptor binding Insulin [EOS]
SYNI SYN2 SUB PRED OBJ

Figure 5.1: An overall workflow of our framework. We adopt different textualization
formats for synonym information and triples. Both are included in the pre-training stage.

5.3.4 Fine-tuning

During fine-tuning, the model is trained for the actual entity linking task. The
input to the generative model is the unlabelled biomedical text. To generate the
linked entities, each mention is included in a template as follows:

[BOS] m; is s; [EOS] (5.5)

The model then generates the entity identifier after the token "is". Similar
to the work by Yuan et al. (Yuan, Yuan, and Yu, 2022), we choose the synonym
which is syntactically close to the corresponding mention in the text as the target
entity identifier during fine-tuning.

The generated entity identifier is mapped back to the concrete entity in the
final step via a lookup table. During inference, we restrict the possible output
space by limiting it to the available entity names and synonyms. See Figure 5.2
for an overview of the pre-training with an example.
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[BOS] Can [ST] alc tests [ET] be trusted to
diagnose diabetes? [EOS]

!

BART

l

‘ [BOS] alc tests is hbalc hemoglobin alc level [EOS]

Figure 5.2: An overview of the fine-tuning stage.

5.4 Evaluation

5.4.1 Pre-training Strategy

We use a synthesized corpus composed of triples, synonyms and descriptions from
UMLS. More specifically, we decide to use a subset of UMLS, st21pv (Mohan and
Li, 2019). It is a well-connected KG with information about concept definitions
and synonyms. Specifically, 160K out of 2.37M concepts have definitions, 1.11M
concepts have several synonyms and 68K concepts are connected to on average
8 triples as a subject in a single hop. During the pre-training step, we construct
samples by iterating through each concept’s synonyms and triples. Each concept
is densely connected and the distribution of the number of triples a concept is
connected to is skewed. For instance, some "popular" concepts are connected to
over 1000 triples, while some are connected to only 1 triple. To avoid the class
imbalance, we sample the included triples based on the relation frequencies.

To train the model with KG information, we linearize triples. Linearization
refers to a special type of technique on converting graph to text, i.e., converting
triples to one/more sentences which serve as input of the LLM.

We sample the included triples based on the relation frequencies. First, we
gather the occurrence frequency of all relations in the KB by counting the number
of triples this relation is connected to.

Both settings are trained under the same experiment setting with a batch size
of 128. We save the best model within 12 training epochs. We experiment with
BART-base, bioBART-Large, and bioBART-Base. We choose BART to align to
the work of (Yuan, Yuan, and Yu, 2022) so that we can make comparison about
whether relational information is beneficial to the model. Note that we define the
probability (P,) of a relation r to be negatively related to the frequency. Then, for
each concept in the KG, we collect its connected triples and segment the triples
into different groups based on their relation r.

Fine-tuning

The model is fine-tuned on two established datasets, namely BC5CDR (Li et al.,
2016b) and NCBI (Dogan et al., 2014). Those entity linking datasets are constructed
on subsets of UMLS, making them perfect choices to test our model’s performance
on. Among the datasets, NCBI and BC5CDR are generated by annotating PubMed
papers. On the other hand, NCBI and BC5CDR are annotated against Medical
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Subject Headings (MeSH) - a terminology knowledge graph for indexing and
cataloging of biomedical information.

The statistics of the four datasets are exhibited in Table 5.1 below. As we can see,
NCBI and BC5CDR (annotated on academic text) are smaller in size. Also NCBI and
BC5CDR are dense in terms of the target entities they contain (14,967 and 268,162).

Table 5.1: Numbers of the samples in the training, development and test set

Nums NCBI BC5CDR

Train 5,784 9,285
Dev 787 9,515
Test 960 9,654
Entities 14,967 268,162

BART-large (Lewis et al., 2020) is chosen as the generative model as it has
been an established benchmark model for such tasks.

5.4.2 Results

We assess the performance of four distinct models in the entity linking task,
including two of our own models, each pre-trained via either a line-by-line or
all-in-one strategy, a synonym pre-trained model from (Yuan, Yuan, and Yu, 2022)
(denoted Syn-Only), and a basic BART model. We also include the recent papers
which pretrains BART on biomedical domain (Yuan, Yuan, Gan, et al., 2022) before
finetuned on biomedical entity linking datasets and ResCNN (Lai et al., 2021)
which achieves state-of-the-art results on various biomedical EL datasets. Each
model undergoes fine-tuning specific to the entity linking task. Recall@1 for each
model are presented in the Table 5.2. We limit ourselves to Recall@1 to follow
the common practice when measuring entity linking performance without named
entity recognition. The best-performing metrics are emphasized in bold.

Table 5.2: Recall@1 on BC5CDR and NCBI, which are PubMed articles annotated against
MESH.

BC5CDR  NCBI

Syn-Only 93.3% 91.9%

Syn-Only 92.68% 89.45%
All-in-one 92.86% 88.43%
Line-by-line 92.66% 90.00%
BART 92.58% 89.06%

BioBART-Large 93.01% 89.27%
BioBART-Base 93.26% 89.40%
ResCNN 91.7 % 92.4%
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5.4.3 Analysis

Based on the table 5.2, our triple injection framework exceeds the BART baseline
on the 2 benchmarks datasets. On BC5CDR and NCBI, the gain compared to
BART is around 0.2% and 0.5%.

Does triple injection enhance model’s capacity to link to the correct entity?
The answer is yes, since over 2 datasets, the All-in-one or Line-by-line variants
outperform the variant that was not trained on the linearized corpora for around
1% (Recall@1).

5.5 Conclusion

Our study seek to improve biomedical entity linking through the integration of
linearized triples and synonym information. However, contrary to expectation,
the incorporation of these elements leads to only minimal improvements in our
EL model performance.

In conclusion, our study underscores the complexities of biomedical EL and
prompts the need for more sophisticated approaches to improve its accuracy.
A possible future extension of this work could be to explore more sophisticated
methods to instruct the LLMs to learn external knowledge, such that the knowledge
is injected in an efficient way which benefits the models in downstream tasks. For
instance, by incorporating the KG information not just in a linearized manner but
by exploiting the graph-structure with Graph Neural Networks (Wu, Pan, et al.,
2020), mutliple methods could be further developed.
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Abstract

Neuro-symbolic relation extraction lies at the intersection of neural networks
and symbolic reasoning, presenting promising opportunities to enhance the
capabilities of natural language processing (NLP) systems. Despite its potential,
a comprehensive review of how these systems are developed and applied to the
task of relation extraction has been lacking. This chapter addresses this gap
by offering an in-depth overview of the current landscape in neuro-symbolic
relation extraction, focusing on key methodologies and the datasets utilized in this
field. We systematically categorize existing approaches, emphasizing how they
integrate neural and symbolic components to tackle various challenges and the
types of information they incorporate. Additionally, we review the datasets used
to evaluate neuro-symbolic relation extraction systems, detailing their statistics,
creation processes, and underlying domains. Furthermore, we discuss future
research directions and challenges, such as the analysis of symbolic information
and the integration of datasets with existing knowledge graphs. By synthesizing
these findings, this chapter aims to provide researchers and practitioners with
a clear understanding of the state of neuro-symbolic relation extraction and to
inspire further innovations in this rapidly evolving field.
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6.1. Introduction

6.1 Introduction

RE is a fundamental problem in the area of Natural Language Processing (NLP).
The goal is to classify the relation expressed between two entities in unstructured
texts. An entity represents a notion of a “thing" and a relation is an association
between two entities. Entities could be words, phrases or other syntactic units.
Together, two entities and one relation form a triple (Chen et al., 2020), formally
defined as (e, , e;). For example, in the following sentence, we can identify two
entities “Barack Obama" and “Michele Obama" and multiple potential relations
to be extracted: Barack Obama married Michele in 1992.

One could extract that the relation spouse holds between Barack Obama and
Michele. Here, we denote spouse as an identifier for the actual relation defined
as “significant other in a marriage”. Other human-readable identifiers such as
married_to or non-human-readable identifiers such as P26 (the identifier given
to the relation in Wikidata (Erxleben et al., 2014)) are possible as well.

Another potential relation occurring in the sentence is that the wedding_year
of the marriage was 1992. In this case, the two entities between the relation
holds are actually the statement “Barack Obama married Michele” on the one
hand and the year “1992” on the other. Such a statement is also called a hyper-
relational statement, essentially a statement on a statement (Galkin et al., 2020).
These can be arbitrarily complex.

ethnicity

r
Nikola Tesla was born into an ethnic Sgrb
tamily in the village of Smiljan
$

born_in

é

b) c)

a)
In-sentence

In-document Cross-document

Figure 6.1: Different Relation Extraction types: a) in-sentence, b) in-document, c) cross-
document.

Relation Extraction for such arbitrary complex relations can be applied to
different types of texts: in-sentence, in-document, or cross-document (Han et al.,
2020) as illustrated in a, b and c in Figure 6.1. In-sentence relation extraction focuses
on entities occurring only in a single sentence. In-document relation extraction is
occupied with a single document on a certain topic containing multiple sentences.
Especially, are of interest relations holding between entities occurring in different
sentences. This usually makes some type of more complex reasoning necessary.
Finally, cross-document relation extraction extends this not only to a single
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document but also to several documents with relations holding between entities
that are occurring in separate documents. Additionally, many works focus on
only identifying which relations hold between two entities, ignoring to cases
where no relation holds. Predicting the non-existence of a relation is especially
important when confronted with an in-document or cross-document relation,
as the number of potential relations increases quadratically with an increasing
number of occurring entities in the text.

Notably, some other tasks in NLP, such as event extraction (Ahn, 2006) and
syntactic parsing (Gorrell et al., 1995), fall within this definition. Both tasks aim to
extract relationships (syntactic or event-related) between entities in unstructured
texts. However, we do not include them here for two reasons. First, research
in syntactic parsing and event extraction often does not label itself as relation
extraction, making it difficult to gather relevant studies. Second, the extensive
body of work in these areas makes it impractical to cover all the research within
this chapter. For the same reason, we do not consider work which contains
multimodal relation extraction, but rather focus on the text. Multimodal relation
extraction is a process that involves extracting meaningful relationships from
multiple types of data sources, such as text, images, and videos.

Also, the task of Relation Extraction is closely related to other tasks such
as Named Entity Recognition (NER), knowledge graph population or knowledge
graph question answering. NER (Yadav and Bethard, 2018) extracts entity mentions
from text for further processing and is a prerequisite to relation extraction. In
contrast to NER, Knowledge graph population and knowledge graph question
answering (Pereira et al., 2022) are tasks where Relation Extraction is necessary.
In knowledge graph population (Ye et al., 2022), new triples need to be extracted
from given text, where each triple usually consists of two entities connected by
a relation. In knowledge graph question answering, especially when focusing
on semantic parsing, extracting relations is essential for constructing a correct
query (Galstyan, 2022).

While machine learning models have achieved high performance on Relation
Extraction from pure text, they face robustness problems. These methods rely on
large-scale training data and complex feature engineering, which limit the model’s
capacity to generalize to new entities and domain-specific texts. Introducing
symbolic information is a crucial step in addressing these problems. Compared to
machine learning models, which produce unstable results, symbolic information,
such as Knowledge Graphs or logic, offers clear reasoning paths and robustness but
lacks the flexibility and scalability of neural networks. By integrating neural and
symbolic techniques, neuro-symbolic relation extraction methods aim to create
more interpretable and generalizable models that can effectively understand and
process complex relationships within text. In the sections below, we categorize
and define common relation extraction methods, which are based on machine
learning models, and neuro-symbolic relation extraction methods, which add
symbolic information on top.

6.1.1 Common Relation Extraction

Today, Relation Extraction is commonly solved by applying a Pre-trained Language
Model (PLM) (Devlin et al., 2019b) to the input. This means either encoding the
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input via an encoder-only model such as BERT (Devlin et al., 2019b) and then
applying a classification head on top of it, or, alternatively, (encoder-decoder or
decoder-only) generative models (Raffel et al., 2020b; Touvron, Lavril, Izacard,
Martinet, Lachaux, Lacroix, Roziére, Goyal, Hambro, Azhar, et al., 2023b) are used
to directly generate the relation label. Generative models are especially suitable if
the goal is not only to classify a relation, but to extract full triples (Josifoski
et al., 2022).

Beyond the standard definition and methodologies, Relation Extraction can also
be approached in few-shot or zero-shot settings (Qu et al., 2020). In these scenarios,
the relations encountered during training are different from those encountered
during inference. Thus, the model must generalize to new, unseen relations with
either a few examples (few-shot) or no examples (zero-shot) provided during
training. These settings challenge the model to leverage its learned knowledge
to make accurate predictions for novel relations.

6.1.2 Neuro-symbolic Relation Extraction

While PLM-based Relation Extraction methods are powerful and efficient in
extracting information, they suffer from problems such as hallucination due to
instability and weak reasoning capacity (Rawte et al., 2023). Therefore, researchers
attempt to add further concrete and verified information to address the lack of
contextual information and to deepen the reasoning capacity of these models.
We define Neuro-Symbolic Relation Extraction as any relation extraction
method that relies not only on the textual information at hand, but also on
additional symbolic information related to the entities or relations in context.
This information can either be explicitly defined for the task at hand or gathered
from sources such as a KG. Among various types of symbolic information added
to existing neuro-symbolic RE models, we categorize them into KG, linguistic,
prior meta-information and logical rules. A more detailed definition can be found
in section 6.2.2. In the next chapters, we systemically categorize and list all neuro-
symbolic methods from published papers after 2021 and the datasets used by them.

6.2 Methods

Neuro-symbolic relation extraction represents a trend in the field of natural
language processing of combining the strengths of neural networks and symbolic
reasoning to enhance the generalizability and interpretability of information
extraction. This section enumerates an exhaustive list of recent neuro-symbolic
relation extraction, categorizes them systemically, and summarizes the methods
with a focus on how incorporation of symbolic data improves the former methods
in terms of reasoning capabilities and advantages.

Existing methods can be separated into two categories, each representing a
different way of incorporating symbolic information. First, symbolic information
can be utilised to improve distant supervision by using ontological information
to mine or refine labels of textual data. Second, symbolic information is used
during training and inference as additional information to improve the relation
extraction performance directly. Through a detailed examination of recent ad-
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vancements, we will illustrate how neuro-symbolic techniques are paving the
way for more robust and reliable relation extraction systems. The papers are
listed in chronological order in the improving distant supervision section and we
categorize the works in the improving relation extraction section by the types
of the symbolic information.

6.2.1 Improving Distant Supervision

married to
Entity Alignment
Barack Obama married matching Barack Obama married Labeling Barack Obama married
Michele in 1992. Michele in 1992. Michele in 1992.
[
o\ \\—"
married to .

Barack Michelle

.\ e Obama Obama
\ \

Triple
Knowledge Graph

Figure 6.2: Alignment of entities from the sentence with the triple information from
the KG. First, entities are matched and aligned with nodes from KG. Then, the relation
between entities is labeled based on the edge between the matched nodes in KG.

Distant supervision is the idea of taking unlabeled data and labeling it via
heuristics or an existing method. In the realm of Relation Extraction, this means
identifying entities and the relations between them.

The distant supervision assumption implies that any sentence, containing two
entities that participate in a relation, will express that relation (Mintz et al., 2009).
Such an approach is a common way to identify entities and the relations between
them by using the wealth of information available in a Knowledge Graph. Given an
unlabeled sentence/document(s), it is checked whether two mentioned entities in
the sentence/document(s) are connected by a triple (see Figure 6.2). If they are, it is
assumed that the relation expressed by the triple is also expressed in the sentence.

This approach presents several difficulties. First, the entities need to be con-
nected to the actual correct entities in the Knowledge Graph, this is a challenging
research problem known as entity linking (Sevgili et al., 2022). Second, the mere co-
occurrence of two entities within the same sentence does not necessarily indicate
that the relation of a connecting triple is being expressed. Third, in connection to
that, there might exist multiple relations between entities, which are usually not
expressed at the same time in a single sentence. Lastly, most Knowledge Graphs
are extremely sparse and incomplete, not covering everything expressed in an
actual sentence. This leads to a lot of false negatives (Tan et al., 2022). Nevertheless,
pre-training on distantly supervised data leads to an improvement in performance
when combined with fine-tuning on manually annotated data (Yao et al., 2019).
While there exist some approaches like bagging (Ye and Ling, 2019) to reduce the
influence of the noisy distantly supervised labels, utilising symbolic information
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such as n-hop paths in a Knowledge Graph or actual ontological information can
improve the quality of distantly supervised labels as well.

The work by Dai et al. (Dai et al., n.d.) utilises an universal graph, here denoted
as the combination of a KG and a large-scale text collection. The idea is that the
sparse information in the KG is compensated by the additional textual documents,
and together they act as distantly-supervised information. For each of the sources,
textual and KG, multi-hop paths are computed and encoded. This gives textual, KG
and hybrid (combining both text and KG) paths. An attention mechanism is used
to combine the different sources of information. The authors suggest that pre-
training the model sequentially on the different sources of information is crucial.
Otherwise, the information in the KG has an excessive impact and the model is
biased towards the information in it. After pre-training the model sequentially,
they finally train on all sources together. This procedure is demonstrated to
alleviate the problem of the bias. They show that the combination of the two
sources leads to an increase in performance.

The ASP-enhanced Entity-Relation extraction (ASPER) framework, developed
by Le et al. (Le et al., 2023) refines distantly-supervised labels by applying Answer
Set Programming (ASP). They start with labeling an unlabeled dataset using an
already trained model. Then they translate the underlying rules of a KG into ASP
atoms. Those encompass type declarations targeting the domain and range of a
relation, inference rules targeting relationships between relations, and optional
rules that are dataset-specific. Given the atoms, the answer set with the highest
score is computed using an ASP solver. Then, the answer sets which contain new
pseudo-labels are used for retraining. Importantly, the retraining starts with a
high confidence answer and progressively proceeds to train on lower-confidence
answers as well. The inclusion of labels gathered in such a way significantly
increases the performance. The downside is the additional effort for identifying
and formulating the underlying rules describing a KG. However, in comparison
to manually labeling such a large amount of data, this is often the preferred
option. The quality of the distantly-labeled data increases and leads to superior
performance of the RE model.

Table 6.1: A table for different types of symbolic information used in distant supervision
model.

Source Paper Info
KG Dai et al. (Daietal, nd) KG path
KG ASPER (Le et al., 2023) Type declaration

To sum up, there exist only a few works using symbolic information to
improve distant-supervision, marking a significant research gap. The existing
methodologies leverage external sources, such as subgraph paths and entity
types, necessitating entity linking due to the extensive information available in
KGs. Following the alignment of text to the KG, the methods for integrating
KG information vary. Some approaches directly enhance the text with KG-
derived information, while others utilize KG embeddings or generate constraints
to incorporate the knowledge. However, none of the papers investigate whether
the additional information introduced is noisy or biased, given the overwhelming
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amount of data typically contained in KGs. This issue is addressed by incorporating
an attention mechanism, allowing the model to maintain a strong focus on the
text. Nevertheless, it was shown by the existing works that refining distantly-
supervised data using ontological information can lead to an increase in quality.
Examining the impact of ontological information together with the generative
power of PLM might be a direction to pursue in the future. Additionally, the
optimal methods for aligning and filtering information from KGs with PLMs are
still to be explored and examined. An overview of all systems in this category
with their source and the detailed information can be found in Table 6.1.

6.2.2 Improving Relation Extraction

Named Entity
Recognition

Barack Obama married Michele in 1992 ——>  Entities

Relation
—
Relation Identification

i Classification . .
Relations : Relations KG/Rules/Meta-information

with types

Figure 6.3: RE enhanced with external information from KG/logical rules/meta-
information.

Symbolic information is believed to improve the performance of RE during
inference as well. The key concept is that providing additional symbolic infor-
mation on the included relations or entities will help identify the correct relation
for the statement at hand (see Figure 6.3). In this section, we focus on methods
in which the integration of neural and symbolic information extends beyond
distant supervision. External information is not only concatenated with text, but
is also used to generate constraints, which are applied during both the training
and inference stages. Among the papers we reviewed, symbolic information can
be categorized into several types: KGs, prior meta-information, inferred logical
rules, linguistic information, temporal information and commonsense rules.

Knowledge Graphs

KGs are naturally discrete symbolic representations of information. Symbolic
information in KG includes entities, relations, attributes, labels, hierarchies, tempo-
ral information, classes, etc. Such information originating from a KG can be used
during inference or training to enhance the contextual information and reasoning
capacity of the Pre-trained Language Model (Bastos et al., 2021).

Entity attributes, like labels, descriptions, and type information, can be in-
cluded as a first step of RE. For instance, the Relation Extraction using Knowledge
Graph Context in a Graph Neural Network (RECON) (Bastos et al., 2021) approach
automatically identifies relations in a sentence by encoding the sentence and
incorporating additional entity-related information from a KG. Information from
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the KG is included in two ways. First, Entity Attribute Context are encoded
via a word embedding method and combined using a Convolutional Neural
Network (CNN). Second, Triple Context is incorporated by encoding each entity
and relation by an initial vector. Each triple is represented by a projected con-
catenation of subject, object and relation. To gather a contextual representation,
neighbouring triples are aggregated using an architecture resembling a Graph
Attention Network (GAN). Finally, for a pair of entities where a relation is to
be predicted, the entities are mapped to a relation-aware representation and a
score is calculated using the translational equation e; + r = e,. The Triple Context
representation is combined with the Entity Attribute Context representation and
a text representation to predict the final relation. Especially, the Entity Attribute
Context has a large impact.

Knowledge Enhanced Few-shot RC model for the Domain Adaptation (KEFDA)
(Zhang, Zhu, et al., 2021) uses the same entity information as additional features for
few-shot RE. By incorporating general and domain-specific Knowledge Graphss
they address the problem of few-shot RE. The method consists of two elements,
first, a knowledge-enhanced prototypical network that combines the represen-
tations of the support set. The enhanced representations are computed from the
contextual representation of the input sentence, the entity descriptions and a
learned representation of the concept. The matching degree between instances is
calculated by a distance based scoring function. Second, they use a relation-meta
learning network, to identify meta-relations between the involved concepts. For
that, they solely rely on the learned concept representation and the contextual
representation of the concept description. They create each possible concept
pair, calculate a pair-wise representation and finally a weighted average over all
such pair-wise representations to get the plausibility that such relation exists.
The entity description and concept representations had the largest impact on
performance and led to superior performance compared to past methods, while
the influence of the meta-relations was less significant.

The Discriminative Rule-based Knowledge (DRK) approach (Wang et al., 2022)
introduces a external KG and logic rules in the encoding and inference stage
of relation extraction model. This work adopts a few shot learning setting, in
which each sample includes a support set (labeled sentences) and the query set
(unlabeled sentences). Both sets are linked to an external KG to extract the
related information of the entity and relation (e.g., entity types and relation
description). The entities, text and relation representation would then be encoded
separately before fed to the logic aware inference module. Based on the relation
information, some logic rules can be inferred, for instance, the relation "Mother"
implies that the type of the head and tail entity should be "Person" and the relation
description is semantically equivalent to "Mother". Based on the inferred rules,
the authors propose a hierarchical contrastive learning optimized against the
probability distribution of the relations. The model is tested on one RE dataset
and outperform former baselines.

The work by Liu et al. (Liu et al., 2023) focuses on few-shot relation extraction.
They combine a contrastive-learning-based fine-tuning approach with knowledge
enhancement. To enhance the stability and learning ability of contrastive learning-
based fine-tuning, the authors use a data augmentation mechanism and type-
aware networks to enrich the instances and incorporate class-sensitive features.
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Knowledge enhancement is achieved by incorporating type information and by
including pre-trained entity node representations. Especially the knowledge
enhancement leads to a significant improvement in performance.

ReOnto (Jain et al., 2023) is an approach incorporating a KG to improve RE in
the biomedical domain. Here, KG paths between mentioned entities are extracted
and used in parallel to the text-only method to improve the accuracy of the
relation extractor. Furthermore, they not only extract n-hop paths but also include
ontological information expressing, for example, class subsumption. However, the
ontological information is included by encoding them through a PLM, no formal
logic is actually used. The additional information has a significant impact and
surpasses the performance of the same model which only relies on the textual data.

The work by Aghaebrahimian et al. (Aghaebrahimian et al., n.d.) introduces
ontological information into the task of biomedical relation extraction. They
accomplish this through two perspectives: 1) they enrich the encoded input text
with type embedding of the entity, and 2) they include ontology graph embedding.
The ontology graph embedding are here node embedding of specific concepts,
such as genes or diseases. The node embedding is learned by first generating paths
using random walks and encoding them using Skip-Gram (Mikolov, Sutskever,
et al., 2013). They show that the inclusion of those two types of information has a
positive effect on performance. They either use an ontology available with the
dataset or the Unified Medical Language System (UMLS) (Bodenreider, 2004b)
(an unified biomedical database for terminology).

Linguistics

Pre-trained language models (PLMs) typically project words into embeddings.
Beyond this, the integration of linguistic and lexical knowledge associated with
entities allows PLMs to effectively tackle fine-grained tasks such as named entity
recognition (Li et al., 2020), relation extraction (Tuo and Yang, 2023), etc.

The Sememe Knowledge-enhanced Abstract Meaning Representation and Rea-
soning (SKAMRR) (Zhao et al., 2023) approach introduces sememe knowledge
from HowNet (Fan et al., 2022) (a sememe Knowledge Graph) to enhance entity
representation. A sememe is the minimum semantic unit in linguistics, and
HowNet proposes that annotated sememes can represent senses and words well
in a real-world scenario. Therefore, the authors extract the word senses and
sememes from the OpenHowNet API (Qi et al., 2019) and combine this linguistic
information with the textual feature of the input text for extracting an Abstract
Meaning Representation (AMR) graph. An AMR graph, on the other hand, models
the relations between entity pairs. The AMR graph is then sent to a reasoning
module that builds an entity-pair graph, which is used for relation classification
with a Global Adaptive Loss (GAL) to alleviate imbalances of the data. SKAMRR
is tested on four document-level relation extraction datasets, including texts from
Wikipedia and biomedical documents. The model shows competitive performance
across all datasets which demonstrates its capacity to explore feature information
within and across sentences, and infer classes of relations between entities.

Jain et al. (Jain, Mutharaju, Kavuluru, et al., 2024) focuses on the task of
document-relation-extraction. The model consists of two submodules, first a doc-
ument based encoding, combining two elements: 1) a graph consisting of mention
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and sentence nodes, and 2) attention-based pooling of the contextual encoding of
the input document. Second, external KG information is incorporated by learning
entity node representations through a relational graph convolutional network
(RGCN). Both types of information are combined and used in the final prediction.
The method uses information about existing triples as well as WordNet(an English
lexical database) (Fellbaum, 1998) entity synonyms and types. They use Wikidata
as the background KG. Especially, the inclusion of the Wikidata information leads
to a large increase in performance on three different datasets.

Jain et al. (Jain, Mutharaju, Singh, et al., 2024) develop a cross-document rela-
tion extraction method, relying on two types of information: the type information
of the source and target entities, and the paths connecting both entities in the
KG, specifically Wikidata. These paths are transformed into textual paths and
concatenated with the textualized entity types to create a context, which is used
to filter relevant sentences in the documents. The selected sentences are then
concatenated with the context and further filtered based on their relevance to the
entity path. Finally, the sentences and context are encoded using a specialized
attention module generated from the text path for the final classification of the
relation between entity pairs. This framework demonstrates improvement over
baseline models on one benchmark dataset and also provides explainability for
deep learning models.

Prior Meta-information

Prior meta-information refers to any pre-existing, heuristic or statistical, infor-
mation about the entities and relations between them. Systematic incorporation
of prior meta-information is also among popular approaches within RE. Using
meta-information provides a context to the text, guiding the RE process. Examples
include, entity co-occurrence, precomputed entity similarity scores, etc. Such
information can help to disambiguate entities and reduce noise.

The RAtionale Graph (RAG) (Zhang, Yu, et al., 2021) assumes that global co-
occurrence statistics among relations, entity types and trigger words are known.
Using those, they build a rationale graph. This graph contains nodes corresponding
to relations, trigger words or entity-type-pairs. Then, directed edges are introduced
between trigger words and entity-type-pairs (in both directions) and from triggers
words/entity-type-pairs to the relations. The edge weights correspond to the
co-occurrence probability between the respective elements. During each inference
step, the type-pair is predicted, and its representation is merged with the type-pair
representation in the graph. The same happens for the trigger words. The whole
graph is updated using a graph neural network. Lastly, using the co-occurrence
probabilities, the relation representations are updated each and combined with the
textual encoding to predict the final relation. This leads to a strong improvement
over a model not using the co-occurrence statistics.

Specifically for extracting the relation from news articles, Zhang et al. (Zhang,
Lyu, et al., 2023) model the inter-document casual relations by generating the
storytrees. The authors firstly extract the keywords from the articles, to feed to
EventX (Liu et al., 2020), a clustering algorithm which outputs events by gathering
the stories. Those event clusters are converted into storytrees with nodes being
the articles with high semantic similarity scores. Based on the generated trees,
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two basic constraints (discouragement of causal relations between two news
articles occurring at the same time and with very low similarity) and five types of
constraints generated accordingly are generated based on the information of nodes
and links. The constraints are utilized by Integer Linear Programming (ILP) (Gao,
Choubey, et al., 2019) methods to perform global inference for classification of
the relations with added information based on the articles’ textual features. The
model is tested on three datasets crawled from news articles and outperformed
the extensively used classifiers and a state-of-the-art deep learning models.

Xu et al. (Xu, Chen, and Zhao, 2023) focus on document relation extraction.
They encode the input text via an encoder-only model, then construct a graph
consisting of mention and entity nodes, and compute a structural embedding
using a Graph Neural Network (GNN). Furthermore, they construct the shortest
possible paths between two entities in a document and encode them using a Long
Short-term Memory (LSTM) network. All such path representations are pooled
while using the attention mechanism. The pooled representation is used together
with the structural embedding to classify the final relation. Incorporating the
path-based representations helps to interpret long-range dependencies between
entities and leads to an increase in the model performance.

The Graph-based Model Generation (GM_GEN) framework (Li and Qian, 2022)
includes relation description as part of the few shot examples for the few shot
relation extraction task. A PLM-based encoder firstly takes query samples (10
unlabeled sentences), relation description and support samples (10 x 5 labeled
sentences) as input. The encoded information is then sent to a graph-based
generation module, which aims to combine the topology information with the
attributes of samples and the relation descriptions. This module forms a graph
matrix, with the nodes being the samples from query, relations or support samples
and calculate the edges between them using a bilinear transformation based on
the embedding from the PLM encoder. This matrix is then passed to each few
shot learning relation extraction task for offering knowledge background. This
framework is then applied to a CNN and a Bidirectional Encoder Representa-
tions from Transformers (BERT) model on two benchmark datasets while being
compared to other CNN and BERT-based models. GM_GEN performs the best
among all methods using the same encoder.

Logical Rules

In some cases, employing a pre-defined set of rules could enhance the performance
of RE, particularly within well-defined domains, like medical reports or financial
statements. Rule-based approaches are exceptionally effective when dealing with
legal documents, templates and forms, where patterns and specific phrases are
prevailing. Such domains benefit from consistency and precision that rule-based
approach methods offer, ensuring reliable and accurate results. Many studies also
favour this approach when dealing with limited or small labeled datasets, as it
does not require large amounts of training data.

The Knowledge-evolving Framework by Iterative Consolidation and Expansion
(KICE) model, developed by Lu et al. (Lu et al., 2023), employs the Masked Language
Modeling (MLM) paradigm to generate rules for each relation. Initially, a rule-
generator is trained with a few training examples. The generator generates an
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entity pattern, assigning to each entity a type, based on the input. Secondly,
it generates a relation pattern, assigning to each entity-pattern combination a
relation. Both such patterns together give a rule. Using such a trained rule-
generator, rules are created for a larger set of unlabeled data. From this point
on, the model is trained repeatedly on the same data using the soft-labels from
previous iterations. At each iteration, human-annotators are included, for example
where the most-matching rule has high ambiguity. A rule matches if the cosine
similarity of the encodings surpasses some threshold. The approach achieves
competitive results while needing a much smaller number of training examples
than traditional approaches.

A study by Fan et al. (Fan et al., 2022) deals with documents, it presents a
logic enhanced framework that boosts Document-level Relation Extraction (DocRE)
by Mining and Injecting Logical Rules (MILR). Upon the other DocRE models
which optimize the logit towards prediction of correct relation type, MILR has
modules which optimize the model towards logical consistency during training and
inference. The logical consistency is referring to the logical rules, which are mined
based on frequency from the annotated relations, with a confidence score estimated
by the conditional probability of the co-occurrence of the relations. In the training
phase, the authors combine the loss function from relation classification with
the consistency regularization loss for predicting the logical rules. The trained
model is then used to perform inference which aligns with the logical rules. The
predicted logit over relation classification is taken as silver label, combined with
rules and become a new objective to optimize against, which result in a set of
logical constraints. The MILR is then applied on top of four established DocRE
systems and tested on two datasets. It turns out that MILR is model agnostic and
consistently improves the performance of other models.

The weighted multi-channel transformer (WMCT) (Haotian et al., 2024) focuses
on the task of document-relation-extraction. It is noted that useful information
about an entity in the context of a document, like its pronoun and keywords, are
neglected. Authors advocate that such information should be involved in the graph
as new types of nodes. The entity-level graphs are constructed based on several
rules, and eventually consists of mention, pronoun, evidence word and dependency
nodes of a given entity. The GAN, applied on each graph, aggregates the node
representations of each mention node in the end. Then the pairwise concatenated
representation of the mention nodes predicts the relation. Interestingly, the
multi-view processing via the different graphs have a positive impact on the
overall performance.

In conclusion, numerous neural-symbolic methods enhancing relation ex-
traction models during both the training and inference stages. Unlike distant
supervision, these methods incorporate a greater variety of symbolic information
types. Some methods use the information directly, such as adding entity de-
scriptions to textual representations, while others use encoded information, such
as integrating structural KG ontology embedding into sentence representations.
Additionally, some approaches transform this information into constraints for
training, like contrastive learning. These advancements highlight the potential
and effectiveness of combining statistical PLMs with more definitive symbolic
information, thereby improving the robustness and generalizability of the models.
We summarize the systems discussed in this section in Table 6.2.
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Table 6.2: A table for different types of symbolic information used in improving relation
extraction.

Source Paper Info

KG RECON (Bastos et al,, KG path
2021)

KG KEFDA (Zhang, Zhu, et Entity description,
al., 2021) concept description

KG DRK (Wang et al., 2022) Entity types, relation

description

KG Liu et al. (Liu et al., Type information
2023)

KG ReOnto (Jain et al, Class subsumption,
2023) KG paths

KG Aghaebrahimian (Aghae- Entity type, ontology
brahimian et al., n.d.) graph

Linguistics SKAMRR (Zhao et al., Word sense, sememe
2023)

KG + Linguistics  Jain et al. (Jain, WordNet entity syn-
Mutharaju, Kavuluru, onyms and types

et al., 2024)
Prior meta- RAG (Zhang, Yu, et al., Co-occurrence statis-
information 2021) tics
Prior meta- Zhang et al. (Zhang, Generated
information Lyu, et al., 2023) constraints
Prior meta- Xu et al. (Xu, Chen, and Shortest possible
information Zhao, 2023) paths
Prior meta- GM_GEN (Li and Qian, Relation description
information 2022)
Logical rules KICE (Lu et al., 2023) Entity and relation
pattern
Logical rules MILR (Fan et al.,, 2022)  Logical consistency
Logical rules WMCT (Haotian et al., Entity-level graph
2024) with pronoun and
mention

The integration of neural-symbolic methods in Relation Extraction has shown
significant promise, leveraging symbolic reasoning to enhance the performance of
deep learning-based language models. Despite progress in data-efficient few-shot
and zero-shot learning, these methods still rely heavily on diverse and robust
datasets that can be effectively combined with external information. Therefore,
the choice and quality of datasets are pivotal in advancing neural-symbolic models,
enabling them to learn intricate patterns and relationships more effectively.
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6.3 Datasets

There exist various datasets focusing on the problem of Relation Extraction.
These datasets exhibit considerable variation in the type of input texts across
multiple dimensions.

Firstly, they can be differentiated by the specific relation extraction task they
are designed to address, which could be at the sentence level, document level,
or even across multiple documents.

Secondly, the datasets can be categorized based on their domains. These
domains include, but are not limited to, legal texts, biomedical literature, biological
studies, wikis, news articles, dialogues, and more. Each domain presents its unique
challenges and nuances, which can significantly influence the complexity and
nature of the relation extraction task. For instance, biomedical datasets often
contain highly specialized terminology and require an understanding of complex
scientific concepts, whereas news datasets might involve more general language
but require handling a broader range of topics and events.

Lastly, datasets can also be distinguished by the number of relations they
encompass. Datasets with a higher number of relations generally pose a more
challenging relation extraction problem. This is because an increase in the number
of possible relations typically leads to greater ambiguity and complexity. The more
relations there are, the harder it becomes to accurately identify and classify the
correct relation, as there are more possibilities to consider and distinguish between.

As far as we are aware, there exists no dataset with a dedicated focus on
neuro-symbolic relation extraction. Despite this, to thoroughly investigate the
impact of incorporating symbolic information into relation extraction tasks, it
is crucial to determine whether such symbolic information is available within
the existing datasets.

In the following sections, we will provide a comprehensive overview of all
the different Relation Extraction datasets used in the aforementioned works. We
will specify the type of each dataset, detailing the nature of the texts and the
specific relation extraction tasks they are designed to address. Furthermore, we
will examine whether symbolic information, which can include structured data,
ontologies, or other forms of symbolic representations, is readily available within
these datasets. This information is essential for researchers who aim to leverage
symbolic approaches in their work, as it can guide the selection of appropriate
datasets and inform the design of experiments and models.

6.3.1 Sentence Relation Extraction

As sentence-based Relation Extraction is the earliest existing type of Relation
Extraction, the majority of existing datasets belong to this category. The majority
of the datasets either belong to the news (Doddington et al., 2004; Riedel et al.,
2010a; Roth and Yih, 2004; Yan et al., 2019) or biomedical domain (Gurulingappa
etal., 2012; Hailu et al., 2013; Kruiper et al., 2020; Kulkarni et al., 2018; Pyysalo et al.,
2007; Zhao et al., 2016) with some recent datasets focusing more on wikis (Ellis
et al.,, 2013; Gao, Han, et al., 2019) or even dialogs (Yu et al., 2020). Possible reasons
for that are on one hand the large interest in an working relation extraction in
biomedicine on the one hand the abundance of news articles on the other.
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In the following, we shortly summarise each sentence-based relation extraction
dataset used in the previously presented works. Furthermore, an overview of
the datasets can be found in Table 6.3.

ADE (Gurulingappa et al., 2012) is a biomedical relation extraction dataset,
usually used by either classifying whether an adverse drug effect exists or whether
none is expressed. Therefore, it only contains two relations. The entities in
the dataset are not explicitly linked to an external KG, making separate linking
necessary to introduce symbolic knowledge into the task.

AGAC (Wang et al., 2019) is a relation extraction dataset with a focus on
relations between genes. It contains two different relations and the mentioned
entities are matched to DrugBank entries (Knox et al., 2024a).

BioRel (Xing et al., 2020) is a large-scale biomedical relation extraction dataset
encompassing over 500k sentences with overall 125 different relations. The
advantage of this dataset is the availability of the concept unique identifier (CUI)
for each entity occurring in the text. Concept unique identifiers are assigned to
different concepts in the UMLS which is used throughout several different available
ontologies. This allows the examination of the impact of various ontologies on
the relation extraction task.

ChemProt (Hailu et al., 2013) is a relation extraction dataset with a focus
on Chemical-Protein-interactions. The mentioned entities are not linked to a
background KG or ontology.

DDI (Herrero-Zazo et al., 2013) is a dataset used to investigate the extraction
of drug-drug-interactions. It contains entity annotations to the MedLine' and
DrugBank ontologies. This simplifies research conducted in the realm of neuro-
symbolic research. The only relation expressed in the dataset is whether there
is an interaction.

i2b2 (Uzuner et al.,, 2011) is a relation extraction dataset with a focus on
the relations between medical problems and their treatments. It contains eight
different relations. It is unclear whether the mentioned entities are linked to a
background KG or ontology.

1. https://www.nlm.nih.gov/medline/medline_overview.html
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Table 6.3: All sentence relation extraction datasets. #R stands for the number of relations,
#D for the number of documents, #S for the number of sentences, Linked denotes whether
the entities are linked to a KG or ontology.

Corpus Desc. #R #D #S Text Type Linked
ADE  (Gu- Biomedical 1 3000 20,967 Biological X
rulingappa  Data
etal., 2012)  (Adverse

Drug Event)
AGAC (Wang Biomedical 2 - 5,080 Biological X
etal, 2019)  data (Genes) Abstracts
BioRel (Xing Biomedical 125 - 533,560 Biological v
et al, 2020) Data

(Adverse

Drug Event)
ChemProt BioCreative 14 - 36,400 Biological X
(Hailu et al., VI chemical- Abstracts
2013) protein

interaction

Track 5
DDI (Herrero- Drug-drug 1 - 33,553 Biological v
Zazo et al., interactions
2013) from

biomedical

texts
i2b2 (Uzuner Biomedical 8 1,371 - Biological X
et al, 2011) data Abstracts

(Medical

problems

and

treatment

relations)
CoNLL04 (Roth Newspaper 5 - 1,441 News X
and Yih,
2004)
NYT10 (Riedel New  York 52 - 627,827 News v
etal, 2010a) Times

newspaper
Re- Revised ver- 40 - 91,467 News X
TACRED (Sto- sion of TA-
ica et al, CRED
2021)
FewRel Wikipedia 125 - 70,000 Wiki v
2.0 (Gao, articles
Han, et al,
2019)
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Table 6.3: All sentence relation extraction datasets (continued).

Corpus Desc. #R #D #S Text Type Linked
Wikidata Wikipedia 353 - 732,393 Wiki v
dataset articles
(Sorokin and
Gurevych,
2017)
DialogRE (Yu Dialog- 37 - 7,900 Dialog X
et al., 2020) based
datasets

focusing on
the Friends
TV-Show

CoNLL04 (Roth and Yih, 2004) is a relation extraction dataset annotated on the
news domain. It is not directly connected to any background KG or ontology, making an
additional linking step necessary. It contains only five different relations.

NYT10 (Riedel et al., 2010b) is a relation extraction dataset containing annotated New
York Times articles. The entity mentions in the dataset were matched against entities in the
Freebase KG. Furthermore, they use distant-supervision to assign Freebase (Bollacker et al.,
2008c) relations to the entity pairs mentioned in the dataset. The authors note that the
dataset suffers from false negatives which means that some actual expressed relations are
not annotated as such. The Freebase identifiers of the entities are available for the dataset.

Re-TACRED (Stoica et al., 2021) is an improved version of the TACRED (Zhang
et al., 2017) dataset. It resolves several labelling errors by analysing the original dataset
and re-annotating it using crowd-sourcing. The entity mentions are not linked to a
background KG or ontology.

FewRel 2.0 (Gao, Han, et al., 2019) is arelation extraction dataset with a focus on few-
shot relation extraction. it is based on the first FewRel dataset (Han et al., 2018), which
manually annotates a distantly-supervised subset of Wikipedia articles. Additionally,
FewRel 2.0 provides a new test set, which consists of PubMed? articles aligned with the
UMLS KG. This allows to study the generalization abilities of few-shot methods between
different domains. It is a valuable resource as it contains examples from two sources
aligned with two different KGs.

Wikidata dataset (Sorokin and Gurevych, 2017) isa distantly-supervised annotated
dataset over Wikipedia using the Wikidata. It contains a large number of 353 different
relations. Each entity mentioned is linked to Wikidata, facilitating the research on the
impact of symbolic information.

DialogRE (Yu et al., 2020) is a human-annotated dialog-focused relation extraction
dataset. It annotates the original script of the TV-show Friends with 36 relations and is
available in Chinese and English. It is not connected to an ontology or KG.

2. https://pubmed.ncbinlm.nih.gov
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In summary, the availability of background KG greatly influences the ease of inte-
grating neuro-symbolic methods into relation extraction tasks. Biomedical and Wiki
datasets often benefit from existing links to KG, such as UMLS for biomedical data and
Wikidata for Wiki-based data. In contrast, the news datasets and the dialog dataset lack
such direct connections, necessitating additional linking steps to incorporate symbolic
information effectively.

6.3.2 Document Relation Extraction

Document-wide relation extraction (DocRE) emerged as a distinct task with datasets
introduced between 2016 and 2017 (Li et al., 2016¢; Peng et al., 2017; Quirk and Poon,
2017), primarily focusing on the biomedical domain or suffering from limited scope and
quality. The release of the DocRED dataset (Yao et al., 2019) in 2019 marked a significant
advancement by offering a large-scale, open-domain dataset with comprehensive manually
annotated train, development, and test sets, thereby driving increased research into this
domain of RE. An overview of all datasets used in the methods gathered in the previous
section can be found in Table 6.4.

SciERC (Luan et al., 2018) is a document-wide Relation Extraction dataset containing
500 fully annotated paper abstracts. The papers encompass the topics of general Al speech,
machine learning and computer vision. The dataset is manually annotated and contains
seven different relations. The entity mentions are not linked to a background KG.

DocRED (Yao et al., 2019) is large-scale document-wide RE dataset. It contains 96
different relations, making it one of the dataset with most-diverse relation set. It consists
of a manually-annotated training, development and test set. Additionally, another large
distantly-supervised dataset training dataset is offered as well. While the dataset was
created by first linking the entity mentions to Wikipedia entities, the actual dataset does
not provide the links. Furthermore, a later work (Tan et al., 2022) points out that the
manually-annotated part contains a larger number of false-negatives.

Re-DocRED (Tan et al., 2022) revised the previously mentioned DocRED dataset to
improve upon three problems: False Negatives, logical inconsistencies and coreferential
errors. They accomplished this by iteratively improving the quality through a human-in-
the-loop method. This leads to nearly two to three times as many triples annotated in the
revised dataset. Similar to DocRED, Re-DocRED is not linked to an existing KG.

CDR (Zhang, Lin, et al., 2021) is a document-wide Relation Extraction dataset
consisting of annotated PubMed abstracts created for the Fifth BioCreative Challenge
Evaluation Workshop (Kim et al., 2015). It contains only a single relation, whether a
chemical-disease interaction holds. Each entity is equipped with Medical Subject Headings
(MeSH) (Lipscomb, 2000b) allowing the connection to background KGs or ontologies.

GDA (Li et al., 2016a) is a gene-disease association dataset containing distantly-
labeled MEDLINE abstracts. It contains UniProt (Consortium, 2015) or CTD (Mattingly
et al., 2003) gene ids for each gene and MeSH ids or CUIs for each mentioned disease
allowing the study of the impact of an external KG. It again contains a single relation,
whether an association holds or not.
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Table 6.4: All document relation extraction datasets. #R stands for the number of relations,
#D for the number of documents, #S for the number of sentences, Linked denotes whether
the entities are linked to a KG or ontology.

Corpus Desc. #R #D #S Text Linked
Type
SciERC (Luan Abstract of 7 500 2,700 Paper ab-
et al, 2018) computer stract
science
research
papers
DocRED (Yao Wikipedia 96 5,053 - Wiki
et al, 2019) and
Wikidata
Re- Revised Do- 96 5,053 - Wiki
DocRED (Tan cRED by cor-
et al.,, 2022) recting false
negatives
CDR (Zhang, PubMed 1 1500 - Biomedical
Lin, et al., biomedical papers
2021) documents
GDA (Li e¢ MEDLINE 1 30192 - Biomedical
al., 2016a) abstracts Ab-
stracts
DWIE (Za- News 65 802 - News
porojets Articles
et al.,, 2021)
HacRED Documents 26 9231 - Wiki
(Cheng, Liu, from
et al, 2021) Chinese
DBpedia
HiEve (Glavas Event-Event 2 100 - News ar-
et al., 2014) Hierarchies ticles
MATRES (Ning Event-Event 4 - - News ar-
et al, 2018) temporal ticles
relations
Event Story- Event-Event 4 258 - News ar-
Line (Caselli temporal ticles
and Vossen, and causal
2017) relations
APTER- Threat- 9 124 12,906 Reports
DOC (Wang, intelligence
Xiong, et al., field
2020)

DWIE (Zaporojets et al., 2021)

3. https://www.dw.com/

is a corpus of annotated English "Deutsche Welle" 3
news articles. It contains annotations of entity mentions, entity links, coreferences and
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relations. Due to the inclusion of entity linking, this makes this dataset very suitable to
explore neuro-symbolic relation extraction. The annotated entity links point to Wikidata.

HacRED (Cheng, Liu, et al., 2021) is a dataset similar to DocRED focusing on
Chinese documents while also constructing the dataset in such a way to include harder
examples. Plain texts in the Chinese DBpedia (Auer et al., 2007b) are annotated using entity
reocgnition and entity linking. This leads to a distantly-supervised dataset from which
hard cases are sampled based on some heuristics. These are then manually-annotated and
a model is trained to identify further hard cases in the full dataset. Finally, crowdsourcing
was used to exhaustively annotate all identified hard cases. The actual dataset does not
contain the original links to DBpedia.

HiEve (Glavas et al., 2014) is a Relation Extraction dataset focusing on events and
their spatio-temporal relations. Of interest are here two relations, whether an event
spatio-temporally contains another event or whether it they are coreferences of each
other. The event mentions are not linked to any background KG.

MATRES (Ning et al., 2018) is a temporal Relation Extraction dataset. It contains
four relations: "before", "after”, "vague" and "equal" and focuses on news articles. Events
are expressed verb instead of a noun. The events are not linked to a background KG

or ontology.

Event StoryLine (Caselli and Vossen, 2017) is a Relation Extraction dataset with
a focus temporal or causal relations between events. Four different relations “contains",
“before", “after" and “overlap" are annotated. The focus is on news articles. The mentioned
events are not linked to a background KG or ontology.

APTER-DOC (Wang, Xiong, et al., 2020) is a document-wide Relation Extraction
dataset in the threat-intelligence field. It consists of annotated advanced persistent threats
reports. Nine different relations are annotated specific to the threat-intelligence field. The
annotated entities are not connected to a background Knowledge Graph or ontology.

Many datasets, such as SciERC and Re-DocRED, despite their substantial annotations,
do not link entities to background KGs, necessitating additional linking efforts. Conversely,
datasets like CDR and GDA benefit from built-in connections to biomedical ontologies,
simplifying the integration of external knowledge. Datasets from other domains, including
news articles (MATRES, Event StoryLine) and threat intelligence (APTER-DOC), lack such
connections as well, reflecting the ongoing challenge of integrating symbolic knowledge
across different fields.

6.3.3 Cross-document Relation Extraction

Cross-document relation extraction datasets are a fairly recent introduction to the prob-
lem area. Here, one is confronted with multiple documents each containing multiple
sentences with again multiple entities inside. Relations can hold between entities inside
the documents but also between them. Constructing datasets for this relation extraction
category is more complex, hence why much fewer datasets are published for that.

See Table 6.5 for an overview of all the cross-document relation extraction datasets.
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CodRED (Yao et al., 2021) is a cross-document relation extraction dataset annotated
over Wikipedia while using Wikidata. It was annotated in three stages: 1) distant
supervision, 2) manual annotation and 3) generating hard negative examples. It contains
a large number of 276 different relations. As each entity mention is linked to Wikidata,
studying the impact of symbolic data is significantly simplified.

Yahoo/Reuters/CNN (Zhang, Lyu, et al., 2023) are cross-document relation ex-
traction datasets focusing on causal relations between events. It contains only a single
relation. The mentioned events are not linked to a background KG or ontology.

CodRED stands out with its comprehensive approach, utilizing Wikidata to simplify
the integration of symbolic data and covering an extensive range of 276 relations. In
contrast, the Yahoo/Reuters/CNN datasets focus on causal relations between events but
lack connections to background KGs, posing additional challenges for incorporating
external knowledge.

Table 6.5: All cross-document relation extraction datasets. #R stands for the number
of relations, #D for the number of documents, #S for the number of sentences, Linked
denotes whether the entities are linked to a KG or ontology.

Corpus Desc. #R #D #S Text Linked
Type

CodRED (Yao Wikipedia 276 - 30,504 *  Paper ab- v

etal, 2021)  articles stract

Yahoo (Zhang, News 1 1046 - News X

Lyu, et al, Articles

2023)

Reuters (Zhang,News 1 1212 - News X

Lyu, et al, Articles

2023)

CNN (Zhang, News 1 1190 - News X

Lyu, et al, Articles

2023)
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6.4 Challenges

Despite the numerous methods developed in neural-symbolic relation extraction, several
challenges persist in this domain. One significant issue is the sheer volume of symbolic
information, which, if fully utilized in neural models, might introduce bias or noise. There
has been limited research on identifying which sources of symbolic information are most
valuable for information extraction and on strategies to mitigate bias. Another challenge
is aligning symbolic information with neural models. Neural models typically process text
input to generate high-dimensional embeddings, whereas symbolic information can take
various forms, including text and rules, with dimensions ranging from low to high. Some
approaches use linear transformation or concatenation to align the dimensionality of the
representations, while others integrate rules into the neural model training process, such
as through the loss function or constrained generation. Successfully integrating these
diverse types of information into a cohesive model remains a complex and ongoing task.

As for the datasets, it is evident that many datasets do not contain links to an existing
KG or ontology. While this often is the case for datasets in the biomedical domain
and to some extent for those which were initially annotated by distant-supervision, the
majority are lacking such links. This is problematic due to several reasons. First, the
linking needs to be done by an entity linker. However, the performance of different
entity linkers vary vastly. Therefore, the actual linked entities might be different from
method to method, introducing a variability in the starting conditions. Therefore, not
only the developed method but also the quality of the entity linker has an impact on
the results. While summarising the presented methods, it becomes evident that many
papers did not state how the entity links were gathered. Second, the linking might be done
against different versions of a KG. This again introduces more uncertainty in regard to
differences between reported results. In the future, to better study the interaction between
symbolic and neural relation extractions method, constructing datasets containing such
links is vital. Furthermore, specifying against which KG the entities were annotated
is very important as well.

6.5 Conclusion

In summary, RE is a pivotal task in NLP that focuses on identifying and classifying
relationships between entities within text. The versatility of RE spans various types of
text, including in-sentence, in-document, and cross-document contexts, making it a critical
component in constructing KGs and answering complex queries. The advancement of
machine learning models, particularly Pre-trained Language Models, has significantly
enhanced the performance of RE by enabling efficient extraction of relations from un-
structured text. However, these models often grapple with issues of robustness and
generalization, especially when dealing with unseen entities and domain-specific texts.

To address these challenges, the integration of symbolic information, such as KGs
and logical rules, has emerged as a promising approach. Neuro-symbolic RE methods
aim to combine the interpretability and reasoning capabilities of symbolic systems with
the flexibility and scalability of neural networks. Despite their potential, these meth-
ods face several challenges, including the effective alignment of symbolic and neural
representations and the mitigation of bias introduced by symbolic information.

The current landscape of RE research highlights the necessity for improved datasets
that include explicit links to existing KGs or ontologies. Such datasets would enable more
consistent and comparable evaluations of RE methods. Additionally, further research is
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needed to identify the most valuable sources of symbolic information and develop robust
strategies for integrating them into neural models.

Looking forward, the continued exploration of neuro-symbolic approaches holds
promise for developing more robust, interpretable, and generalizable RE models. By
addressing the existing challenges and leveraging both neural and symbolic techniques,
future work can significantly advance the state of relation extraction, ultimately con-
tributing to more sophisticated and accurate NLP systems.
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Abbreviations used in this chapter

AMR Abstract Meaning Representation

ASP Answer Set Programming

ASPER ASP-enhanced Entity-Relation extraction
BERT Bidirectional Encoder Representations from Transformers
CNN Convolutional Neural Network

DocRE Document-level Relation Extraction

DRK Discriminative Rule-based Knowledge

GAL Global Adaptive Loss

GNN Graph Neural Network

GM_GEN Graph-based Model Generation

ILP Integer Linear Programming

KG Knowledge Graph

6.5. Conclusion

KICE Knowledge-evolving Framework by Iterative Consolidation and Expansion

LSTM Long Short-term Memory

MILR Mining and Injecting Logical Rules

NER Named Entity Recognition

NLP Natural Language Processing

PLM Pre-trained Language Model

RE Relation Extraction

94



6. Neuro-symbolic Relation Extraction

RECON Relation Extraction using Knowledge Graph Context in a Graph Neural Network

SKAMRR Sememe Knowledge-enhanced Abstract Meaning Representation and Reason-
ing

GAN Graph Attention Network

UMLS Unified Medical Language System
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Abstract

Despite the plethora of resources such as large-scale corpora and manually curated
Knowledge Graphs (KGs), the ability to perform reasoning with natural language inputs
over biomedical graphs remains challenging due to insufficient training data. We propose
a novel method for automatically constructing a Biomedical Knowledge Graph Question
Answering (BioKGQA) dataset sourced from PrimeKG, the largest precision medicine-
oriented KG. In total, we create 85,368 question-answer pairs along with their respective
SPARQL queries. Our approach generates a diverse array of contextually relevant ques-
tions covering a wide spectrum of biomedical concepts and levels of complexity. We
evaluate our method based on automatic metrics alongside manual annotations. We
establish novel standards tailored for KGQA systems to highlight the linguistic correctness
and semantical faithfulness of the generated questions based on extracted KG facts.
The compiled dataset — PrimeKGQA - serves as a valuable benchmarking resource for
advancing knowledge-driven biomedical research and evaluating KGQA systems.

7.1 Introduction

Biomedical KGs offer a powerful framework for organizing and semantically linking
heterogeneous biomedical data, enabling comprehensive exploration and analysis of
the underlying biological phenomena. However, the effective use of these KGs for
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real-world applications, such as question answering (QA) systems (Lin et al., 2024),
necessitates the availability of high-quality training datasets tailored to the intricacies
of the biomedical domain.

There are three main challenges in developing large-scale bioKGQA datasets:

(i) The costs of hiring annotators with professional backgrounds are usually high.
(ii) There are numerous biomedical KGs not aligned with common (but evolving) ontologies.
For instance, DisGeNET (Pifiero et al., 2016) is not fully aligned with common ontologies
such as the Human Phenotype Ontology (HPO) (Brookes and Robinson, 2015) or the
Disease Ontology (DO) (Schriml et al., 2012). (iii) Most existing automatic question-
generation algorithms require (extensive) training data. As a result, there are only three
bioKGQA datasets based on different KGs, with a total amount of 90 question-answer pairs.

Yet, recent advancements in pre-trained language models (PLMs) can tackle the above
challenges by guiding the generation process with a small amount of annotated data
without a costly training process, resolving the challenges (i) and (iii), by introducing
prompt-based few-shot learning (Wang, Yao, et al., 2020). With a small number of samples
ranging from one to twenty per class (Cao et al., 2020), PLMs generally demonstrate a
strong capacity to generalize over unseen data.

Supporting the creation of a large-scale KG-based QA dataset in the biomedical
domain, recently, a large database was built that integrates 20 high-quality and most cited
databases in precision medicine,! PrimeKG (Chandak et al., 2023b). It focuses on ten major
biological scales, including disease-associated protein perturbations, biological processes
and pathways, anatomical and phenotypic scales, and the entire range of approved drugs
with their therapeutic action, considerably expanding previous efforts in disease-rooted
databases. The underlying KGs of the existing bioKGQA datasets can be mapped to
PrimeKG, providing a chance to integrate the other bioKGQA datasets, too.

Thus, we built a large-scale KGQA dataset on top of PrimeKG utilizing few-shot
learning on PLMs. First, we transform the PrimeKG database into an RDF-based KG and
set up a SPARQL endpoint. Next, we follow a general triple-to-question pipeline: (i) We
sample subgraphs of specific structures from PrimeKG as reasoning paths of the question-
answer pair. (ii) The answers are selected using a specific anchor selection strategy.
(iii) The reasoning paths and the updated answers are linearized and sent to the PLM as
parts of the input prompt to generate the underlying questions. (iv) We test several PLMs
and validate them on our own as well as three well-known QA datasets. Hence, this dataset
can serve as a vital resource for advancing biomedical research, enabling the development
and evaluation of QA systems that efficiently retrieve relevant biomedical knowledge.

Therefore, the contribution of this work is three-fold: (i) We present the first large-
scale biomedical KGQA dataset. PrimeKGQA is factor 1000 larger than the second-largest
KGQA dataset. (i) We develop a novel framework to generate questions based on the
KG triples. (iii) We initiate a novel anchored answer selection strategy. The developed
model and dataset are publicly available on GitHub.?

7.2 Related work

In this section, we review the existing bioKGQA datasets, highlighting the need for new
resources. We also discuss previous work on generating questions based on triples and
the metrics used to evaluate the quality of these generated questions.

1. A data and KG-centered approach to disease diagnosis and treatment that accounts for the
variability in genetics, environment, and lifestyle across individuals
2. https://github.com/xixi019/primeKGQG
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Table 7.1: Statistics of the existing BloKGQA datasets.

QALD-4 Bgee-QA OMA-QA CORDIS-QA

# q-a pairs 50 20 10 30
Underlying KG DrugBank Bgee OMA CORDIS

7.2.1 Existing dataset

Two major problems of existing bioKGQA datasets are, that they are small in size and
that they are built upon different KGs. Details are listed in Table 7.1. Four existing public
datasets BgeeQA (Sima, Mendes de Farias, et al., 2021), OMA QA (Sima, Mendes de Farias,
et al., 2021), CORDIS-QA (Sima, Mendes de Farias, et al., 2021) and Task 2 of QALD-
4 (Unger et al., 2014a) are dependent on KGs of various sub-domains of biomedicine. For
instance, Bgee (Bastian et al., 2020) contains information about genes and in which parts
of the body (anatomical entity) a gene is expressed or absent, while DrugBank (Knox
et al., 2024b) is a pharmaceutical database. Theoretically, those KGs could be mapped and
grouped into a bigger KG (by ontology or ID mapping) so that it serves as the underlying
KG for all KGQA datasets, in order to fully utilize the training data and to enhance model
generalizability. Yet, no work has been done in this direction.

7.2.2 BioKG

There is a growing focus on constructing large-scale biomedical KGs by integrating
resources, like BioKG (Zhang, Sui, et al., 2023), Hetionet (Himmelstein et al.,, 2017),
OREGANO (Boudin et al., 2023), and PrimeKG (Chandak et al., 2023b), among others. Of
these, PrimeKG stands out as one of the largest open-source biomedical knowledge graphs,
incorporating the most widely used datasets. Unlike BioKG, Hetionet, and OREGANO,
PrimeKG includes more up-to-date resources such as Bgee(Bastian et al., 2020), Drug
Central(Ursu et al., 2017), and Uberon,? making it the most diverse dataset available to date.

The original artifacts of the PrimeKG project (Chandak et al., 2023b) are publicly
available. They comprise the collection of build and pre-processing scripts to com-
pile the main PrimeKG dataset from the respective sources, and the final data files for
download. The collected and integrated information stems from a variety of prominent
sources for biomedical data, namely Bgee,” Comparative Toxicogenomics Database(CTD),®
DisGeNET,’DrugBank,® Drug Central,’ Entrez Gene,' Gene Ontology (GO),!! Human

. https://github.com/obophenotype/uberon

. https://zitniklab.hms.harvard.edu/projects/PrimeKG/
. https://www.bgee.org/

. https://ctdbase.org

. https://www.disgenet.org

. https://www.drugbank.com/

. https://drugcentral.org/

10. https://www.ncbi.nlm.nih.gov/gene

11. https://geneontology.org/
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Phenotype Ontology (HPO),'> Mondo Disease Ontology,'®> Reactome,'* SIDER, Uberon,
and UMLS.'®. The data is often in tabular form, except for the ontologies mentioned. The
PrimeKG build scripts then generate an integrated view on the input sources with the
core abstraction of having nodes, i.e. resources with certain properties and provenance
information, and edges, which are typed relations between the nodes. This data constitutes
the main PrimeKG, yet, it is provided in CSV format, not following the LinkedData
principles.!’

7.2.3 Triple-to-Question Generation

Most work in triple-to-question generation follows the supervised scheme of fitting and
inferring, which means they fine-tune or pre-train a model based on a large-scale dataset
and evaluate the trained model on the test set. GAIN (Shu and Yu, 2024b) fine-tunes
a T5 model (Raffel et al., 2020a), to convert two node triples from freebase to natural
questions. Fock (2022) (Fock, 2022) fits triples and quadruples, extracted from a temporal
KG, YAGO11k (a subset of YAGO3 (Mahdisoltani et al., 2015)) into pre-defined question
templates. JointGT (Ke et al., 2021) adds structural information of the input triple to the
transformer layer and separates text generation into three sub-tasks to further pre-train
the transformer models. Han and Gardent (2023) (Han and Gardent, 2023) designed a
multitask model capable of generating questions from both textual and graphical inputs.
They validated the generated questions by testing whether the corresponding answers
from open-domain QA models based on the questions match the gold standard answer.
Han, Ferreira, and Gardent (2022) (Han et al., 2022) pre-trained BART (Lewis et al.,
2019) for the triple-to-question task, incorporating two additional pieces of information:
question type and property information from the underlying knowledge graph. Kumar
et al. (2019) (Kumar et al., 2019) feed the textualized graph to an encoder and decoder-
based transformer with embedded answers and difficulty estimation to generate complex
questions. Cheng et al. (2021) (Cheng, Li, et al., 2021) fine-tune GPT-2 on a self-constructive
dataset for guiding the model to rewrite the simple questions into difficult questions.

Note that Rangel et al. (2024) (Rangel et al., 2024) utilize an automatic process to
generate a large-scale biomedical KGQA dataset over Bgee. Yet, it is neither clear how
the corresponding questions are generated, nor could we find the dataset under the
given URL in their brief report.

All these supervised learning approaches use large training data and, thus, are not
applicable in our case, where training data is hard to obtain due to high cost. Additionally,
there are no existing triple-to-questions models in the biomedical domain and the available
bioKGQA datasets are severely undersized for supervised training. Therefore, we decide to
explore the power of few-shot learning using PLMs to synthesize a sufficiently large-scale
dataset that is anchored in explicit domain facts.

7.2.4 Evaluation Metrics

There are two assessment strategies for examining quality and suitability: automatic
evaluation and human evaluation (Osuji et al., 2024). Automatic evaluation metrics can
be categorized into n-gram metrics, task-specific metrics, and information extraction

12. https://hpo.jax.org/app/

13. https://mondo.monarchinitiative.org/

14. https://reactome.org

15. http://sideeffects.embl.de/

16. https://www.nlm.nih.gov/research/umls/index.html
17. https://www.w3.org/Designlssues/LinkedData.html
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metrics (Osuji et al., 2024). 15 metrics are adopted in triple-to-question research, with
the top three being BLEU (Papineni et al., 2002), METEOR (Banerjee and Lavie, 2005)
and ROUGE (Lin, 2004), which are established n-gram-based metrics for evaluating text
generation quality. Thus, we will use these three to evaluate our approach.

As for task-specific metrics, embeddings or PLM-based metrics are used for enhancing
the semantic alignment between text and the reference (Nedelchev et al., 2020). This
is compliant with our use case since we want semantically aligned and linguistically
varied question-answer pairs for the generalization capacity of the QA systems. Therefore,
we also adopt BERTScore (Zhang et al., 2020) and BLEURT (Sellam et al., 2020) in the
evaluation, which are the popular metrics under this category. Note that BLEURT is
a learned metric that measures both fluency and the correspondence of the generated
question to the reference in terms of the semantic meaning. It is a BERT model pre-
trained on a synthetic sentence pair dataset and then fine-tuned based on public human
ratings. The range of BLEURT is between -2 and around 1. The closer the score is to
1, the better the quality of the prediction is.

The information extraction metrics focus on content selection of the systems, often
when multiple records are used as prediction sequences. Most of the question generation
datasets do not contain multiple references. Therefore, this strategy is discarded.

Human evaluation is usually included since it is more precise in terms of semantic
coherence, mismatch of the numerical values, and complexity. However, there are no
established or unified standards for (costly) manual evaluation and different studies use
various wording for a diverse range of aspects. According to a review paper in natural
language generation (Osuji et al., 2024), Fluency, Grammaticality, Correctness, Adequacy,
Coherence, Faithfulness, Naturalness, Conciseness, and Similarity are the top 10 indexes
used in NLG publications, with fluency being the most used standard. Based on those
metrics, we conclude three with consideration to our dataset evaluation: Consistency,
Grammaticality and Coverage. This is explained in Section 7.4.4.

7.3 Method

Based on PrimeKG, we aim to facilitate a generalizable approach for generating compre-
hensive KGQA datasets. Additionally, we aim to address energy efficiency concerns in
the age of PLMs, which have significant requirements for training resources, leading to
considerable carbon dioxide emissions. To achieve these goals, we propose a training-free
and knowledge graph-independent method. On top, this method can be easily adapted to
any knowledge graph of the user’s choice, enhancing its flexibility and usability.

An illustration of our pipeline is shown in Figure 7.1. We first convert PrimeKG
to an RDF KG which can be accessed via SPARQL. Then this SPARQL endpoint is
used to extract the 2- to 4-node-subgraphs based on network motifs (Milo et al., 2002).
The subgraphs/triples are then linearized, i.e. transformed from formal KG triples into
sentences, as part of the input for the PLM for generating the questions. On the other
hand, based on the generated triples, we design SPARQL templates which take the entity
and relations from each question to form a corresponding SPARQL query. And this query
is then run against the endpoint to extract correct answers. For each subgraph, we collect
the generated questions, SPARQL queries, and the answers as KGQA pairs.

7.3.1 Building an RDF KG for PrimeKG

The main motivation for developing an RDF-based KG is to build the downstream Al tasks
(e.g., question answering, search engine, etc.) on established and standardized protocols
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Figure 7.1: Our pipeline for automatic generation of PrimeKGQA. The pink blocks are
the composing elements of the dataset, i.e., question in natural language, SPARQL query,
and correct answer from the KG.

and formats and to be able to ease further integration steps with other RDF-based data
sources. To represent the original PrimeKG resources, as well as the relations between
them in a unique way, a generic IRI scheme was applied, with the node IDs, resp. relation
type strings, becoming the local parts of the IRIs. The original PrimeKG CSV files were
then translated to RDF straightforwardly with relations between resources becoming
object properties, any selected additional resource features becoming literals assigned
to resources via datatype properties, and the resource types are assigned by means of
rdf: type triples. In the current version, the relation types are not translated to RDF,
as this would require RDF reifications which were considered too costly in terms of
the storage overhead. We filtered out any MONDO group resources from the original
PrimeKG dataset as they are essentially a collection of actual MONDO classes, which
represent a new concept without an unique identifier. These resources were removed as
they do not fit our downstream processing workflow. The generated RDF triples were then
loaded into a triple store to make them publicly accessible via SPARQL.!® The number
of triples in the triple store amounts to 8,580,967.

7.3.2 Subgraph Generation

To generate prompts which in turn should generate questions from triples, we need to
extract subgraphs from PrimeKG. We sample triples with the numbers of nodes ranging
from 2 to 4 using triple templates, namely, network motifs (Milo et al., 2002). We focus on
2- to 4-node subgraphs for the following two reasons. (i) A comprehensive KGQA dataset
typically consists of both simple and complex questions to enhance the model’s ability
to generalize across various complexities. The categorization of questions into simple
and complex is based on the number of hops. Questions involving 1-hop patterns are
considered simple, whereas those involving patterns with two or more hops are deemed
complex, corresponding to 2-nodes and 3-nodes or more in the triples, respectively.
(ii) We analyze a real-world biomedical QA dataset, BioASQ (Tsatsaronis et al., 2012),
which comprises questions with the most common number of entities ranging between
two to four per question. Since the BioASQ dataset lacks named entity recognition
(NER) annotations, and existing biomedical NER tools vary in granularity, we aim to
compare the number of entities detected by tools designed for both fine and coarse
granularities. Therefore, our approach begins by running two open-source biomedical

18. http://sems-coypu-4.informatik.uni-hamburg.de:8890/spargl/
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named entity tagging tools with different granularities for the scientific and clinical
subdomain in biomedicine.!*?® The results indicate that most manually curated questions
contain around two to four entities. Consequently, we utilize subgraphs with two, three,
and four nodes as the underlying triples.

Sampling based on network motifs allows us to include diverse and complicated
reasoning paths. Network motifs are well-defined network structures used across many
fields of science, such as the World Wide Web, networks from biochemistry, neurobiology,
ecology, and engineering (Milo et al., 2002). Motifs are patterns of interconnections
occurring in complex networks at numbers that are significantly higher than those in
randomized networks.

As for 2-node-subgraphs, there is only one pattern, as can be seen in Figure 7.2, since
we do not consider cyclic graphs. In terms of 3-node-subgraphs, according to Milo et
al. (2022) (Milo et al., 2002), there are 13 types, as shown in Figure 7.2. Certain types of
them contain fully connected graphs. The extracted triples in this structure are, despite
being meaningful subgraphs, hard to convert into a valuable question in the later step. For
instance, type 5 (N3_5 in Figure 7.2) is a graph G, formally written as G = (V, E), with V
denoting a set of nodes x1, x2, x3, E denoting a set of edges {(x1, x2), (x3, x2), (x3, x1) | X1 #
X2, X1 # X3, X2 # x3}. Under such a triangular structure, we observe that inevitably one
edge would not be connected directly to a certain node in the graph. For instance, (x3, x1)
is not related to node x;. In this case, the edge is not needed to generate a reasoning
path to the question node, i.e., the information needed to generate a path is the same as
contained in the fourth structure of 3-node-subgraph (denoted as N3_4 in Figure 7.2). And
this shall hold for all the triangular-shaped subgraph patterns. Therefore, we decide to
discard seven motifs, leaving only six as plausible motifs, due to the occurrence of the
pattern. Also, we remove the subgraphs with duplicate edges.

SRR N s
> bbb

N3_7 N3_10 N3_11 N3_12

e o
KRMNTONNKN

Figure 7.2: All types of network motifs for graphs with node numbers from two to four.
N3_1 stands for “node number 3 subgraph type 1”. Note that for 3-node-subgraphs, we
discard N3_5, N3_6, N3_9, N3_10, N3_11, N3_12 and N3_13.

Regarding 4-node motifs, the number of possible motifs explodes, factoring the count
of the possible 3-node-subgraph motifs. The basic structures of the motifs are listed in
Figure 7.2, according to (Al-Thaedan and Carvalho, 2019). However, according to our
statistics real-world QA datasets, 4-node questions are not the majority of the whole

19. https://huggingface.co/d4data/biomedical-ner-all
20. https://huggingface.co/Clinical-Al-Apollo/Medical-NER
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corpus, taking up 0.04% and 0.19% according to different NER tagging tools. Consequently,
we only sample motifs 1 (N4_1) and 2 (N4_2) amongst the set of 4-node motifs listed in
Figure 7.2 and abandon other types for the same reason as explained for 3-node-motifs.

Based on those motifs, we generate SPARQL queries to extract subgraphs from the
PrimeKG. An example SPARQL query based on the type 1 motif for 3-node-subgraph
is illustrated in Figure 7.3:

SELECT
DISTINCT ?subj ?propl ?objl ?prop2 ?obj2
WHERE {{

?subj ?propl Zobjl.

?subj ?prop2 ?0bj2.

}}

Figure 7.3: An example SPARQL query.

Note, we also make use of the BIND(), RANDOM() and FILTER() functions to extract
more diverse subgraphs and exclude terminological information. An example SPARQL
query is contained in our project repository on GitHub.?! In total, we have nine motifs
from which we extract 90,000 subgraphs.

Answer selection

Most of the work on triple-to-question generation or automatic KGQA construction
chooses the tail entity as the answer. In a KG, a triple is formed by a relation r connecting
two entities h and ¢. It is noted as (h, r, t), where h is the head entity, and t is the tail
entity with h,t € V and r € E. Hence, the generated dataset is usually homogeneous
and the reasoning path is easier to learn for the model. Besides, most of the answers are
only nodes, sofar the edges are ignored in the subgraphs, which are also important in
composing the subgraphs and reasoning path. Therefore, we decide on an anchor answer
selection strategy. First, we include both edges and nodes. Second, we choose the edges or
nodes with the highest connectivity in the graph. Specifically, we locate the node with at
least two outgoing/incoming edges. Next, the chosen nodes and the edges are combined
into a candidate answer list. We randomly sample one entry from the candidates list to
be the designated answer. Based on the subgraph and the answer, a SPARQL query is
formatted with the answer masked. This SPARQL query is used for SPARQL validation.

SPARQL validation

We utilize the SPARQL queries generated in the last step for extracting the answer from
the PrimeKG. When the answer from the endpoint differs from the one extracted from the
subgraph, we update the answer by the answers extracted from the SPARQL endpoint.

7.3.3 Question Generation

The input of this triple-to-question task is a subgraph G; = (V;, E;) and an answer
a; € G;. We evaluate various prompts and incrementally add settings such as one-
shot, few-shot, and chain-of-thought (CoT) (Wei et al., 2022). We collect the output
and evaluate a few samples manually to choose the best settings. Upon initial exploration
and experimentation, we narrow down the set of experiments. Our experiments show
that enclosing edges and nodes in brackets (e.g., [nasal cavity epithelium] [presents the

21. https://github.com/xixi019/primeKGQG/blob/main/primekg/appendices.pdf
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expression] [Anterior segment of eye aplasia]) in CoT prompts yields the most faithful
and grammatically fluent results. An example of our final prompt setting can be found in
the project repository on GitHub. We set up three metrics to check the question quality:
Grammaticality, Coverage, and Consistency. They are explained in Section 7.4.4. We
test ChatGPT,%2 Mistral,?? (Jiang, Sablayrolles, Mensch, Bamford, Chaplot, Casas, et al.,
2023) and a LLaMA-based medicine-PLM (med-PLM) (Cheng et al., 2023).2* We keep
the initial prompt as the baseline and the best group of prompt settings for generating
the actual dataset.

7.4 Evaluation

We evaluate our model and the generated dataset using both automatic and manual
metrics. We use Mistral (Jiang, Sablayrolles, Mensch, Bamford, Chaplot, Casas, et al., 2023)
without few-shot samples, bracket, and CoT in the prompts as the baseline. Similar to
the past work on question generation, and due to a lack of testing bioKGQA datasets, we
examine the model on KGQA datasets in the encyclopedic domain. For manual evaluation,
we sample from the generated dataset and ask three experts (two biologists and one IT
expert) to annotate the samples. The sample size is 90 (10 samples from each type of
network motif) due to the high annotation costs.

7.4.1 Dataset Description

We use SQB (Wu et al., 2019), LC-QuAD (Dubey et al., 2019c), and WebquestionSP
(WebQSP) (Yih et al., 2016b) as the testing dataset since they cover simple and complex
triples. Each dataset includes a natural language question, an answer, and a query based
on Freebase or DBpedia. The questions from SQB and LC-QuAD are created by filling
the entity and relations in question templates, while WebQSP is generated by annotating
the natural language questions against a KG.

To obtain the input subgraph, we first process the SPARQL queries or the inference
path (i.e., reasoning path) in the dataset, including the removal of namespace prefixes,
converting IRIs to corresponding entity names, linearizing the relation representation,
etc. Detailed statistics of the datasets can be accessed in Table 7.2.

Table 7.2: Statistics of the evaluation. Simple and Complex stand for simple and complex
questions in the dataset. Paraphrase indicates whether the edges and nodes in the triple
are replaced by the synonyms in the generated question, which makes it harder for the
model to generate a similar question based on n-gram metrics. We use the test/validation
sets for evaluation.

Simple Complex Eval size Rephrase Template

SOB v X 21,483 v v
LC-QuAD v v 2,000 v v
WebQSP v v 1,639 v X

22. https://platform.openai.com/docs/models/gpt-3-5-turbo
23. https://huggingface.co/mistralai/Mixtral-8x7B-Instruct-v0.1
24. https://huggingface.co/AdaptLLM/medicine-LLM
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Table 7.3: Evaluation result of different methods on SQB.

Result BLEU ROUGE METEOR BS BLEURT

GAIN 0.3060 0.5927 0.5361 0.8709 -0.2934
med-PLM. 0.0750  0.4507 0.4744 0.8208  -0.4904
Mistral 0.0520  0.4020 0.4502 0.8140  -0.4423
baseline 0.0198  0.2501 0.3340 0.7674  -0.9215

Table 7.4: Evaluation result of different methods on WebquestionSP.

Result BLEU ROUGE METEOR BS BLEURT

GAIN 0.0585 0.4790 0.4110 0.8320 -0.3213
med-PLM  0.0487  0.4471 0.4929  0.8785 -0.1675
Mistral 0.0151  0.3710 0.4528 0.8460 1.0370
baseline 0.0108  0.3046 0.4201 0.8075  -0.5606

7.4.2 Automatic Evaluation

Our methods are compared to GAIN (Shu and Yu, 2024a), which is tested on the same
datasets (SQB, LC-QuAD, and WebQSP). We intended to compare our approach to DiffQG,
however, we were unable to obtain the necessary resources and models from the authors.
The evaluation results show that our method significantly improves upon the baseline
across all three datasets. The settings used in our best-performing model outperform
GAIN by a large margin on most evaluation metrics across almost all datasets, except for
SQB. This difference can primarily be attributed to SQB being a dataset comprised solely
of 2-node triple-to-question pairs, with shorter question text lengths. In contrast, our
models tend to utilize all information from the triple and generate longer questions that
are semantically more faithful to the original questions. For datasets with more complex
questions (LC-QuAD and WebQuestionsSP), our models demonstrate better performance.
This would be further explained in Section 7.4.5.

Automatic Metrics As mentioned in Section 7.2.4 We utilize both n-gram and PLM-
based metrics. n-gram based metrics include BLEU, METEOR, and ROUGE. As for PLM-
based metrics, we utilize BERTSCORE(BS) and BLEURT.

7.4.3 Automatic Evaluation Result and Analysis

The performance of GAIN and the performance of our methods over three different PLMs
are listed in Table 7.3, Table 7.4 and Table 7.5. The best performances are marked in bold.
We also explain why on SQB our methods are worse than GAIN.

Note that for the dataset SQB, we turn the relational facts from Freebase into a triple
format to include structural and domain knowledge, which shows improvement in several
metrics than non-relational included counterparts.

Overall, med-PLM has the best performance overall metrics across different datasets.
On SQB, med-PLM has a similar score compared to the best GAIN model. In terms
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Table 7.5: Evaluation result of different methods on LC-QuAD.

Result BLEU ROUGE METEOR BS BLEURT

GAIN 0.0692  0.3575 0.2396 0.8008  -0.7671
med-PLM 0.1649 0.4151 0.4314 0.8399 -0.4550
Mistral 0.0822  0.3440 0.3651 0.8249  -0.6351
baseline 0.0590  0.2756 0.3309 0.7601  -0.8353

of WebquestionSP, med-PLM has the highest score on METEOR and BS, with a small
difference (less than 0.15) on BLEU, ROUGE, and BLEURT. As for LC-QuAD, med-PLM
performs the best across all metrics with a big margin.

Upon n-gram-based metrics, for all the evaluated models there is still room for
improvement. This might be due to the paraphrasing applied in the original dataset
generation process. For instance, in SQB, the question “What is a hong kong netflix film?” is
related to triple: “hong kong” (head entity), “media_common.netflix_genre.titles” (relation),
“Saviour of the Soul” (tail entity and answer). Note that this pair is problematic since the tail
entity is not the only node corresponding to the reasoning path.?> To predict the mention
of “film” from the relation “media_common.netflix_genre.titles” seems to be a daunting
task for PLMs in general, since different subchunks of the relation can all be suitable for
generating such a question. The predictions of the PLM for this triple vary from:

« “what is the title of hong kong” (GAIN)

« “Which Hong Kong action film from the 1990s was particularly popular and went by

the name Saviour of the Soul?” (baseline)

« “What is an example of a popular Hong Kong TVB drama series from the 1990s?”

(Mistral)
« “What is the title of the movie that is available on Netflix and is set in Hong Kong?”
(med-PLM)

« “what is a hong kong netflix film?” (reference)

As humans, we can discern that med-PLM preserves the closest semantic meaning to
the original sentence. However, because n-gram-based metrics assess similarity on the
string-based gram level and disregard contextual meaning, the scores are relatively low.

This example also explains why our models are worse than GAIN on SQB. From
our observation of the generated questions, the PLMs we use tend to produce lengthy
questions, which can contribute to low scores on BLEU, METEOR, and ROUGE, since
on SOB the question spans are relatively short. Meanwhile, GAIN is optimized for SQB,
resulting in shorter generated text. Besides, GAIN effectively learns the template after
the fine-tuning, resulting in better performance on SQB. Mistral and med-PLM, on the
other hand, have not been specifically optimized for simple or complex questions and
strive to retain all the information provided to preserve semantics. Consequently, they
achieve relatively low scores across different metrics for SOB, as the reference questions
in SQB have shorter spans. However, for LC-QuAD and WebQuestionsSP, which contain

25. There are multiple entities connected to the entity “Hong Kong” by the relation “me-
dia_common.netflix_genre.titles” in Freebase. The answer should be validated by running SPARQL
queries which correspond to the reasoning path and extract the connected tail entities. This
problem is fixed in our dataset creation process by the SPARQL validation step.
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Table 7.6: Aggregated annotation result on the sample question pair.

Grammar Coverage Consistency

Evaluation scores 0.6111 0.7555 0.4555

both simple and complex triples and reference questions with longer text spans, our
models have better scores.

7.4.4 Manual Metrics

As discussed in the related work, we have scrutinized the existing manual evaluation
metrics and identified key indices that are pertinent to the demands of a comprehensive
KGOQA dataset. Specifically, we find that Consistency, Grammaticality, and Coverage are
essential for nurturing high-performing KGQA systems.

Consistency pertains to the fidelity of the generated question with respect to the pro-
vided answer. Annotators are tasked with assessing the alignment between questions and
the designated answer node/edge extracted from the SPARQL endpoint. This evaluation
criterion is pivotal for determining whether the generated question can be effectively
answered and accurately reflects real entities or relationships within the original subgraph.
For example, given the subgraph with the head entity “muscle organ”, relation “is associated
with”, and tail entity “esophagus carcinoma in situ” (the answer), a question such as “What
are the possible associations of muscle organ with esophagus carcinoma in situ?” would
be deemed incorrect, as it focuses on the relation rather than the tail entity. A preferred
formulation would be “What are the possible associations of the muscle organ?” which
directly targets the tail entity.

Grammaticality assesses whether the question adheres to linguistic correctness in
terms of vocabulary, grammar, and structure. This criterion is crucial for ensuring that
questions are understandable and interpretable by domain experts.

Coverage evaluates the fidelity of the generated question to the underlying subgraph
or reasoning path. This aspect is vital for our KGQA dataset, as many KGQA systems,
whether based on information retrieval or semantic parsing, heavily rely on the alignment
between natural language questions and reasoning paths. For instance, a 2-hop subgraph
should not be associated with a 1-hop question.

These standards are also highlighted as the weak points of current PLMs in the
sense that the hallucinated generation of the model would be detected as false. Model
hallucination is a focus of evaluation on the generated text by big models nowadays. In
the context of triple-to-question, hallucination refers to the generation of content that
lacks fidelity or is not supported by the source data provided. In this work, hallucination
can be seen as a divergence of the generated questions to the input: i.e., the corresponding
subgraph and the answer, which are the consistency and coverage in our manual metrics.

7.4.5 Manual Evaluation Result and Analysis

We ask three English-proficient annotators to independently provide feedback on each
generated question based on the following three criteria, including two biomedical experts
and one IT expert. The unannotated sample can be found in our project repository
on GitHub. We aggregate the result and list it in Table 7.6. A detailed score from the
annotators is also illustrated in Table 7.7.

As can be seen in Table 7.6, we have relatively high scores for Grammar and Coverage,
while Consistency appears to be lower compared to the other two metrics. This can be
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Table 7.7: The detailed scores from different annotators.

Grammaticality Coverage Consistency

Biologist-1 55 8 24
Biologist-2 22 33 41
IT Expert 55 61 16

Table 7.8: k scores for the Grammaticality, Coverage and Consistency metrics.

Grammaticality Coverage Consistency

K 0.12 0.17 0.15

due to the complexity of reasoning: Questions that follow a reasoning path often require
understanding complex relationships, concepts, and logical structures within the graph.
In the context of KGQA, the reasoning path refers to the multiple-fact triples in the KG
corresponding to capturing this complexity. Replicating it in a question generation system
can be difficult even for the PLM, especially for open-ended or higher-order thinking
questions. Reasoning has always been proven challenging for PLMs and they’re not
optimized for this special task.

While Grammaticality and Coverage seem relatively satisfactory, efforts could be
directed towards enhancing Consistency, possibly through refining the generation pro-
cess or providing more context for the generated content or some post-editing/filtering
techniques.

7.4.6 Inter-Annotator Agreement

We utilize Fleiss’ Kappa as the metric for checking the reliability, i.e., coefficients of
agreement among our annotators. The k score for each metric is listed in Table 7.8.

The measured agreement is rather low, showing a disparity between annotators.
Biologist-1 and the IT Expert have given higher scores for Grammaticality compared
to Biologist-2. There’s some disparity between annotators, especially evident in the
Grammaticality and Consistency scores.

The disparity can be attributed to external reasons. This can be due to the inexperience
of the biologist experts hired who have limited knowledge in annotating an NLP dataset
and with KGs. On the other hand, the IT Expert gives a Grammaticality score similar to
Biologist-1 and a different score in Consistency. This is mostly due to the lack of domain
knowledge in the biomedicine domain to match the concept in the question and answer.
Nonetheless, we decided to base our quality analyses on the majority vote. On this basis,
we did not deem it necessary to remove any examples for a lack of quality.

7.5 Generated Dataset

In total we have 85,368 question-answer pairs, since we filter out MONDO group resources
from PrimeKG, as explained in Section 7.3.1. The generated dataset is partitioned into
train, test, and validation set with a ratio of 6:2:2.
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Table 7.9: The distribution of questions based on the number of nodes in their corre-
sponding subgraphs. Also, the total number of relations (# rel.) and entities (# ent.) are
listed.

2-node3-node4-node#q- #rel. #ent.

a
pairs
Train
5,769 34,118 11,333 51,220 131,775 263,792
Test
1,955 11,272 3,847 17,074 44,035 87,786
Val.

2,008 11,276 3,790 17,074 43,932 87,840

7.5.1 Statistics

The numbers of 2-node, 3-node, and 4-node based questions, question-answer pairs,
relations, and entities in each separation are exhibited in Table 7.9.

The majority of questions in each subset has 3 nodes, followed by 2-node and 4-node
questions. As the number of nodes in the subgraph increases, the number of questions
decreases, which is expected as subgraphs with more nodes are likely to be less common
or more complex. This also aligns with the analysis from the existing biomedical QA
datasets. The distribution of questions across different node counts is consistent across
subsets, indicating that the dataset is well-balanced in terms of subgraph complexity
across training, testing, and validation sets. This will ensure representative sampling
during different stages of developing a model, such as training and testing.

7.6 Ethical Statement and Acknowledgement

All subjects gave their informed consent for inclusion before they participated in the
study. This project was supported by the Ministry of Research and Education within the
SifoLIFE project RESCUE-MATE (project number 13N16836), and by the Federal Ministry
for Economic Affairs and Climate Action of Germany in the project CoyPu (project number
01MK21007G). We utilized two NVIDIA RTX A5000 graphics cards with 24GB of RAM,
kindly provided by the NVIDIA Academic Hardware Grant Program.

7.7 Conclusion and Future Work

In this paper, we introduced a novel approach for addressing the challenge of generating
high-quality question-answer pairs for BloKGQA systems. Leveraging PLMs and the
PrimeKG, we devised a methodology to automatically construct a large-scale BioKGQA
dataset. Our approach resulted in the creation of PrimeKGQA, a benchmarking resource
comprising 83999 question-answer pairs alongside their corresponding SPARQL queries.
This is so far the largest dataset in BioKGQA and is 1000 factors more than the second
biggest dataset in this domain. Through a rigorous evaluation process involving both
automatic metrics and manual annotations by domain experts, we established novel
standards tailored specifically for assessing the linguistic correctness and semantic faith-
fulness of the generated questions. This ensures that PrimeKGQA serves as a reliable
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benchmark for evaluating the performance of KGQA systems in the biomedical domain.
On top, the dataset generation framework is training-free, adaptable to other domains,
and supports evolving KGs, making it suitable for automatic dataset generation across
various fields for automatic dataset generation.

While our work represents a significant step forward in addressing the dearth of large-
scale BioKGQA datasets, several avenues for future research and improvement remain:
Refined Question Generation, i.e., investigating methodologies to refine the generated
questions, enabling examination of the output in desired dimensions and facilitating post-
editing strategies for error correction. Application-oriented Evaluation, i.e., conducting
current KGQA systems using PrimeKGQA to assess their effectiveness in supporting
real-world biomedical tasks, such as clinical decision support and drug discovery.
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8.1 Summary

This dissertation has explored the domain of biomedical knowledge graph question
answering from two complementary perspectives: the development of datasets and the
design of information extraction systems. The contributions directly address Research
Questions 1 and 2 formulated in the Chapter 1.

8.1.1 BioKGQA Dataset

In response to the motivation outlined in Chapter 1, we explored and reviewed methods for
effectively leveraging structured resources in combination with LLMs in chapter 3 and 7. To
tackle the challenge of generating high-quality biomedical KGQA data. We first examined
existing research on active KGQA datasets, then manually created a KGQA dataset to
study the process and characteristics of real-world datasets. Building on these findings,
we designed a training-free, generalizable framework for KGQA dataset generation that
is compatible with evolving KGs and scalable to other domains.
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Research Question 1

How to generate KGQA datasets that exhibit a natural linguistic style and reflect a
realistic distribution of both simple and complex questions?

In Chapter 3, we present a large-scale analysis of KGQA datasets, systems, and
demonstrations. By surveying 100 publications and 98 systems over the past decade,
we developed an open, centralized leaderboard for KGQA benchmarks’, providing the
first systematic meta-analysis of evaluation practices in this domain. From a dataset
perspective, we examined factors contributing to inconsistencies in reported results,
including differences in underlying knowledge graphs (e.g., DBpedia, Wikidata), dataset
size, question complexity, and multilingual coverage. We focus on four widely used
benchmarks representing both manual and automatic creation: QALD series: Manually
created, multilingual datasets. QALD-8 contains 219 training and 42 test pairs, while
QALD-9 offers 558 questions over DBpedia, each paired with a SPARQL query, answer
URI, and answer type. LC-QuAD series: Automatically generated datasets with 5,000
(v1.0) and 30,000 (v2.0) question—SPARQL pairs over DBpedia, widely adopted for QA
system development. Our comparison shows that most systems achieve consistent scores
across publications, with standard deviations typically below 1%, thanks to an available
evaluation, ongoing support for the KG endpoint, and a clear separation of the test
and train set.

These findings directly address the challenge of creating a benchmark dataset in
bioKGQA. Beyond linguistic naturalness, datasets should foster reproducibility and con-
sistent reporting. The analysis suggests that research outcomes depend less on whether
datasets are manual or automatic, and more on the standardization of evaluation tools
and the rigor of publication practices.

Built on the findings from Chapter 4, we generate KGQA datasets using both man-
ual and automatic approaches, partially addressing RQ 1. We introduce QALD 10—a
multilingual, complex KGQA dataset designed for realistic and challenging evaluations.
Questions were collected from humans to ensure realistic linguistic usage. They were
annotated against Wikidata before being verified.

To capture question characteristics and complexity, QALD-10 was analyzed across
features such as the number of triple patterns, join operators, join vertex degree, and
SPARQL modifiers (e.g., LIMIT, ORDER BY, GROUP BY). Modifier occurrences and structural
complexity were examined using the mean and standard deviation of the three query
features. QALD-10 exhibits high variation across these features, indicating more diverse
and complex queries, while the mean number of triple patterns remains between 1 and
2—consistent across datasets. These patterns provide guidance for generating KGQA
datasets that reflect realistic question structures.

We address biomedical KGQA in chapter 7 by introducing PrimeKGQA, a large-
scale dataset automatically constructed from PrimeKG—the largest precision medicine
KG. PrimeKGQA comprises 85,368 question—-answer pairs with corresponding SPARQL
queries, covering diverse biomedical concepts and varying complexity levels, making it
the largest BioKGQA dataset to date and a robust benchmark for knowledge-driven
biomedical systems.

We designed a training-free, generalizable framework for KGQA dataset generation,
compatible with evolving KGs and scalable to other domains. Subgraphs of varying
complexity were sampled based on network motifs (graph structures) (Yan et al., 2024),
converted into SPARQL queries to retrieve answers, and then paired with questions

1. https://kgqa.github.io/leaderboard/
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generated by a PLM. The quality of both the framework and the dataset was validated
through automatic and manual evaluations, demonstrating its effectiveness.

8.1.2 Information Extraction for bioKGQA

Chapter 6 and 5 address the motivation outlined in Chapter 1. To tackle the associated
challenges, we explored existing and emerging methods for integrating LLMs with struc-
tured biomedical knowledge to support robust and interpretable systems for information
extraction (IE) and KGQA. We conducted a comprehensive review of neural-symbolic
IE methods, examining the sources of extra information and how they are incorporated
into training and inference frameworks. Additionally, we evaluated the effectiveness of
leveraging KG information as a pre-training objective in entity linking (EL) tasks.

Research Question 2

How to enhance information extraction of bioKGQA systems?

Existing neural-symbolic RE methods can be grouped into two categories based
on how symbolic information is incorporated. First, symbolic knowledge can enhance
distant supervision by using ontologies to mine or refine textual labels. Second, symbolic
information can be directly integrated during training and inference to improve RE
performance. External information is not only concatenated with text but also used to
generate constraints applied during both training and inference. Symbolic knowledge
in these methods includes KGs, prior meta-information, inferred logical rules, linguistic
cues, temporal data, and commonsense knowledge.

Among those methods, KG information is the most commonly used extra knowledge,
including attributes, synonyms, descriptions, etc. Some of them include enhancing the
representation of the input via concatenating word embeddings and embeddings of
subjects, objects, and relations. While some work adds the KG as part of the pre-training
objectives, or uses the KG info in the prompt.

In chapter 5, we introduce a novel framework for pre-training generative LLMs
using a corpus derived from a KG. Our evaluations, however, did not demonstrate a
substantial benefit from incorporating synonym, description, or relational information.
This preliminary work highlights the challenges of leveraging semantic knowledge in
LLMs and suggests avenues for further research in scientific document processing.

We focused on enhancing bioEL by integrating linearized triples and synonym infor-
mation. Unexpectedly, these additions resulted in only marginal gains in EL performance,
emphasizing the inherent complexity of biomedical EL tasks. Future research could
explore more effective strategies to inject KG knowledge into LLMs, such as utilizing
the graph structure via Graph Neural Networks (GNNs) instead of relying solely on
linearized representations.

8.2 Limitations and Future Work

In chapter 3, we presented a novel community resource to track advances in KGQA
research. This platform serves as a central leaderboard to ensure that the community
remains aligned. However, due to its current design, all datasets and systems must still
be manually added, which requires considerable effort and time for maintenance. As
a potential direction for future work, we propose the use of LLM-based workflows to
streamline the process of adding and updating entries, thereby reducing manual overhead
and ensuring the leaderboard remains current (Singh et al., 2024).
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8.2. Limitations and Future Work

In addition, multiple leaderboards currently exist for individual datasets, and it would
be valuable to explore automated synchronization between the KGQA leaderboard and
other reporting platforms. Moreover, the current evaluations are primarily based on
reported results in the literature, without direct analysis of the actual models or datasets.
Future work should incorporate improved evaluation metrics applied directly to models,
source code, or platform-based evaluations, thereby enabling more comprehensive and
in-depth analyses of QA system capabilities.

For chapter 4, we created a multilingual KGQA dataset through manual construction
based on Wikidata. The dataset currently covers English, German, Chinese, and Russian,
which are relatively well-studied languages. A promising future direction would be to
extend this work to low-resource languages or specialized domains, such as the biomedical
domain, to foster greater inclusiveness. Moreover, as the KGQA community increasingly
adopts logical forms in place of SPARQL queries, it would be worthwhile to incorporate
logical representations into the dataset in future iterations.

For chapter 5, our work focused on integrating linearized triples and synonym
information into biomedical entity linking. However, contrary to expectations, the
inclusion of these elements resulted in only minimal performance improvements. Future
research should investigate which types of knowledge are actually learned during the
process, as well as analyze error cases before and after training to identify potential
areas for improvement. Based on the findings, a possible extension is to develop more
sophisticated methods for instructing LLMs to learn from external knowledge, ensuring
efficient injection that benefits downstream tasks. For example, instead of relying solely
on linearized representations, KG information could be incorporated by leveraging graph
structures through Graph Neural Networks, an adapter (Chen et al., 2022) architecture that
injects knowledge without changing the model parameter, RAG pipeline (Gao et al., 2023),
which injects knowledge with linking, enabling the development of multiple enhanced
approaches, etc. Moreover, our experiments were limited to BART, an encoder—decoder-
based language model, and have not been extended to larger and more widely used LLMs
such as Mixtral or LLama. Exploring these models could reveal different behaviors and
benefits at larger scales. A comparative study that examines not only encoder—decoder
models but also encoder-only and decoder-only architectures could provide valuable
insights for future research on injecting knowledge into LLMs.

For chapter 6, which reviewed existing neuro-symbolic relation extraction methods,
the continued exploration of such approaches holds promise for developing more robust,
interpretable, and generalizable RE models. In our study, we focused on a structural analy-
sis rather than a direct performance comparison. Consequently, we are unable to provide
quantitative comparisons in terms of extensibility, performance gains, or other empirical
measures. Future work should therefore combine both structural and performance-based
evaluations to enable a more comprehensive assessment. Moreover, the establishment of
standardized evaluation criteria for these methods is essential—encompassing not only
performance, but also extensibility, reproducibility, and other key aspects (Schimmler
et al., 2023).

In the chapter 7, we introduced a novel approach to address the challenge of generating
high-quality question-answer pairs for BioKGQA systems. Leveraging large language
models and PrimeKG, we devised a methodology to automatically construct a large-scale
BioKGQA dataset. Our approach resulted in the creation of PrimeKGQA, a benchmark-
ing resource comprising 83,999 question-answer pairs along with their corresponding
SPARQL queries. Through rigorous evaluation using both automatic metrics and manual
annotations by domain experts, we established novel standards specifically designed to
assess the linguistic correctness and semantic faithfulness of generated questions. This
ensures that PrimeKGQA serves as a reliable benchmark for evaluating the performance of
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8. Conclusion

KGOQA systems in the biomedical domain. Additionally, our dataset generation framework
is training-free, adaptable to other domains, and compatible with evolving knowledge
graphs, making it suitable for automatic dataset generation across diverse fields.

While our work from chapter 7 represents a significant step forward in addressing
the lack of large-scale BioKGQA datasets, several avenues for future research remain. As
indicated by the manual evaluation, the quality of the dataset is still far from perfect. Future
work could focus on refining the generated questions, enabling analysis along specific
dimensions, and supporting post-editing strategies for error correction. Additionally,
evaluating current KGQA systems using PrimeKGQA to measure their effectiveness in
real-world biomedical tasks, such as clinical decision support and drug discovery, could
provide practical insights and guide further improvements. Another promising direction is
to explore richer integration of knowledge graph information, potentially leveraging graph-
structured representations and advanced LLMs, to enhance downstream task performance.

From a broader perspective, the contributions of this dissertation to BioKGQA research
could be further strengthened by establishing experimental baselines for BioKGQA sys-
tems. This could involve exploring information retrieval-based or query translation-based
approaches. Developing a demonstration system would also provide tangible benefits to
the community by allowing users to interact with and evaluate the methods. Additionally,
with the growing popularity of agent-based methods for complex tasks, investigating
how LLM-based agents can decompose and solve complex BioKGQA questions represents
a promising direction for future research.
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