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Abstract

One of the primary uses of the Internet remains the search for accurate information and the
exploration of new or unfamiliar topics. Search engines and related applications, which
retrieve relevant documents such as web pages in response to user queries, have long
been central to information retrieval research. However, the information need of users is
often more complex and requires the integration of information from multiple sources, for
instance, to search for cost-effective car offers or to answer factual questions such as "Which

museums are located in Paderborn?".

This thesis investigates the task of question answering (QA). Recent advances in large lan-
guage models (LLMs) trained on vast textual corpora have transformed this field. Although
LLMs represent the current state of the art, they are prone to hallucinations, generating
responses that are not always factually correct or grounded in reliable information. This
limitation is especially problematic given the widespread availability of misinformation

online.

To address this issue, a promising strategy is to ground LLM predictions in trusted knowledge
sources such as text corpora, databases, or knowledge graphs (KGs). In this retrieval-
augmented generation (RAG) paradigm, external information is retrieved and provided to the
model to improve factual accuracy. When specifically leveraging knowledge graphs, this task
is referred to as Knowledge Graph Question Answering (KGQA). This task can be solved by
applying a semantic parsing approach to translate natural language questions into executable
SPARQL queries. In this context, this thesis explores the application of neural entity linking
approaches for question answering over knowledge graphs (KGQA). We develop methods
for contextual augmentation, absent keyphrase extraction, and robust retrieval to enhance
entity, relation, and type linking (ERL) and analyze how ERL performance affects overall
KGQA effectiveness.



Vi

Zusammenfassung

Eine der zentralen Anwendungen des Internets besteht weiterhin in der gezielten Suche
nach korrekten Informationen und der Erkundung neuer oder bislang unbekannter Themen.
In diesem Zusammenhang spielen Suchmaschinen und verwandte Anwendungen, die als
Antwort auf Benutzeranfragen relevante Dokumente, wie beispielsweise Webseiten abrufen,
seit Langem eine zentrale Rolle in der Forschung. Das Informationsbediirfnis der Nutzenden
ist jedoch hiufig komplexer und erfordert die Integration von Informationen aus mehreren
Quellen, etwa bei der Ermittlung des giinstigsten Angebots fiir ein Auto oder bei der

Beantwortung faktischer Fragen wie "Welche Museen befinden sich in Paderborn?"

Diese Arbeit beschéftigt sich mit dem Forschungsbereich Question Answering. Jiing-
ste Fortschritte im Zusammenhang der Entwicklung groSSer Sprachmodelle (Large Lan-
guage Models, LLMs), die auf umfangreichen Textkorpora trainiert werden, haben dieses
Forschungsfeld grundlegend verdandert. Obwohl LLMs den aktuellen Stand der Technik
darstellen, neigen sie zu Halluzinationen, das heiSSt, sie erzeugen Antworten, die nicht
immer faktisch korrekt oder auf verlidsslichem Wissen beruhen. Diese Einschriankung ist

besonders problematisch angesichts der weit verbreiteten Desinformation im Internet.

Zur Bewiltigung dieses Problems bietet das anreichern von LLM prompts durch Informatio-
nen aus vertrauenswiirdigen Wissensquellen, wie Textkorpora, Datenbanken oder Wissens-
graphen (Knowledge Graphs, KGs), einen vielversprechenden Ansatz. In diesem Retrieval-
Augmented-Generation (RAG)-Paradigma werden zunichst Information aus Wissensquellen
abgerufen und dem Modell als zusétzlicher Input zur Verfiigung gestellt, um die faktische
Genauigkeit zu verbessern. Im Fall von Wissensgraphen wird diese Aufgabe als Question
Answering iiber Wissensgraphen bezeichnet (KGQA). Um Fragen basierend auf den In-
formationen eines Wissensgraphen zu beantworten, konnen Semantic Parsing Verfahren
angewandt werden, welche eine natiirlichsparachliche Frage in eine ausfithrbare SPARQL
Query iibersetzen. In diesem Kontext konzentriert sich die Arbeit auf die Erforschung und
Anwendung von neuronalen Entity Linking Verfahren, fiir das Forschungsthema Question
Answering liber Wissensgraphen (KGQA). Es werden Methoden zur kontextuellen Er-
weiterung, zur Extraktion fehlender Schliisselworter und zum robusten Retrieval entwickelt,
um die Identifikation von Entititen, Relationen und Typen (ERL) zu verbessern. Dariiber

hinaus wird analysiert, wie ERL die Gesamtleistung von KGQA-Systemen beeinflusst.
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1.1

Introduction

In recent years, artificial intelligence (AI) has become increasingly popular and is currently
a main focus in research and industry. Within the context of Al, this thesis explores the
application of neural entity linking approaches for question answering over knowledge
graphs (KGQA). KGQA is a vital task for enabling more accurate and efficient access to
structured information. Our work is centered around the development of semantic parsing
systems, which is one of the leading methods in this research field. Overall, this thesis
comprises 11 chapters. Chapter 1 motivates the research conducted in this thesis, introduces
research questions, and summarizes the contributions. Chapters 2 and 3 introduce the
prerequisites for our research and summarize related works, respectively. Chapters 4-10
present the research contributions in detail. Finally, Chapter 11 summarizes the thesis and

discusses future research directions.

Motivation

A recent study by Kemp (2026) shows that ’finding information’ remains the primary
purpose for people worldwide to use the internet, and that search engines and web portals
are still the third most frequently used type of website or app, behind chat and messaging
systems and social networks. Another study shows that manual search engines and social
media are still the most commonly used platforms for searching information (Hedges, 2024).
In traditional search systems, users submit queries containing only a few keywords to find
information for tasks such as initial searches, fact-finding, or navigation (Fishkin, 2017;
Heitzman, 2025). However, more complex applications, such as finding and comparing
product information or answering complex questions, require combining information from
multiple sources. For instance, to decide on a particular product, users may start with
an initial search by using a traditional search engine, then collect product information
from shopping platforms like Amazon, and read reviews in social networks for further
comparison (Heitzman, 2025).

In recent years, Al chatbots trained on data from various online sources, like ChatGPT!,

have become increasingly popular, as they can support users in solving complex tasks that

"https://chatgpt.com/
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go beyond traditional keyword searches for finding specific information. In this context, a
survey by Garrel and Mayer (2023) shows that students at German universities use Al-based
tools to clarify questions, explain subject-specific concepts, conduct literature reviews, and

translate texts.

An essential task in Al chatbots is question answering (QA). Unlike traditional search
engines, which apply information retrieval (IR) to extract relevant documents or passages
for a query from an underlying set of documents, question answering aims to generate an
answer for a natural language query directly (Zhang et al., 2023). Question answering is
a complex task, as it often requires combining information from multiple documents or
passages. In recent years, generative Al tools based on decoder-based large language models
(LLMs), such as ChatGPT, have enabled significant progress in this research field, as they
can learn from diverse data sources during training (Brown et al., 2020). However, since
these frameworks tend to hallucination (Huang et al., 2025), it cannot be guaranteed that the
predicted answers are accurate. To mitigate this, techniques such as retrieval-augmented
generation (RAG) have been proposed, which retrieve data from diverse knowledge sources
at inference time and incorporate this knowledge into the generative LLLM to predict the
final answer (Lewis et al., 2020b). The underlying knowledge sources of RAG systems

QA System Retrieval Index Text Corpus
[
Query Document
Question Embedding Embeddings —
User —>» Query Proc i —
I
A
Prompt -

LLM

I — |
= p=—4d
Response Relevant

Documents

Figure 1.1: RAG-based Question Answering

are often large unstructured text corpora. For the retrieval step, the textual knowledge is
usually indexed into modern vector databases such as Croma? or Faiss (Johnson et al.,
2019), which enables retrieving relevant documents based on text embeddings generated by
LLM-based encoder models such as BERT (Devlin et al., 2019). This allows for matching
based on semantic similarity, as illustrated in Figure 1.1. Overall, RAG-based QA systems
have consistently improved the performance of LLMs on the question answering task over
unstructured datasets (Lewis et al., 2020b; Siriwardhana et al., 2023)

2https://www.trychroma.com/
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Unlike unstructured sources, QA systems can also leverage information from structured
knowledge sources, such as relational databases (Shi et al., 2025) or knowledge graphs
(KGs) (Lan et al., 2021). Benchmarks in this domain often provide additional challenges,
such as complex, multi-hop questions and aggregate queries (Sen et al., 2022; Usbeck
et al., 2023), which are still difficult for RAG-based QA systems (Zhuang et al., 2024).
In general, the literature distinguishes between two approaches to question answering on
structured sources: retrieval-based approaches and semantic parsing (Zhang et al., 2025).
Retrieval-based QA utilize retrieval techniques to leverage knowledge from structured
sources. Afterward, ranking and generation approaches are applied to generate the final
answer (Zhang et al., 2025). The drawback of this approach is that the decision process
that leads to an answer being returned is usually not transparent to the user. Furthermore,
aggregation functions, such as counting answers or summing solutions, are hard to imple-
ment. In contrast, semantic parsing approaches convert questions into logical forms such
as database or graph queries that can be executed on databases or triple stores to generate
answers (Perez-Beltrachini et al., 2023). The advantage of these approaches is that the
query can be displayed to the user, providing an explanation of the underlying logic used
to generate the answer. Additionally, common query languages enable the application of

aggregation functions.

In this thesis, we focus primarily on question answering over knowledge graphs (KGQA).
KGs represent real-world data as graphs, where nodes denote entities and edges describe
relations between them (Hogan et al., 2021). Knowledge graphs can be assembled from
heterogeneous data sources such as natural language texts or relational databases. A popular
example of a knowledge graph is DBpedia (Auer et al., 2007), which is automatically derived
from Wikipedia leveraging its link structure and structured information, such as infoboxes.
KGs can vary in structure and granularity, making it challenging to search for specific
information, since this requires knowledge of the KG’s structure and its internal identifiers.
To extract knowledge from KGs, knowledge graph question answering (KGQA) systems
can provide an easy to use access point (Wu et al., 2019), since they enable users to query
KGs without the need to understand the underlying structure. KGQA remains a challenging
task, as multiple interconnected steps are required to extract relevant information from the
KG, and questions can vary in complexity. The literature distinguishes between simple
and complex questions, where simple questions involve only a single fact from the KG.
In contrast, complex questions may involve multiple entities in the query, use compound
relations, or require traversing multiple hops in the KG (Lan et al., 2021). For example,
answering a question such as "Who are the grandchildren of Helmut Kohl?" requires first
finding the children of the query entity ("Helmut Kohl") and subsequently identifying the

children of those individuals. Furthermore, some queries demand filtering, for example:
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"Find mountains higher than 3.000 meters in Austria”. Other queries may require finding

maximum values across a set of entities, e.g., extracting the largest city in a country.

One major challenge for KGQA is identifying entities within the query and mapping them to
the KG, which is usually one of the initial stages in a KGQA pipeline. In this context, Entity
linking (EL) is the task of finding entity mentions in natural language texts and linking them
to a target knowledge source (Ling et al., 2015). EL is generally approached in two steps:
named entity recognition (NER), also called mention detection, and entity disambiguation
(ED) (Sevgili et al., 2022). The goal of named entity recognition is to identify and classify
textual spans referring to entities such as people, locations, and organizations (Yadav and
Bethard, 2018). Early systems primary focused on the application of rules to annotate
texts (Petasis et al., 2001). In contrast, modern approaches use neural network-based
methods, especially various forms of recurrent neural networks (RNNs) (Yadav and Bethard,
2018), and more recently, LLMs (Wang et al., 2025).

Entity disambiguation (ED) is the second step in an EL system. It connects the entity
mentions found in the NER step to identifiers in a knowledge graph. The first part of ED is
usually candidate generation that extracts a set of candidate entities from the KG (Sevgili
et al., 2022). For this purpose, textual representations of entities must be generated, for
example, by utilizing entity labels or their corresponding surface forms. These represen-
tations can be further extended by adding descriptions, alternative names, synonyms, and
abbreviations, which cover more possible entity matches (Sevgili et al., 2022). Candidate
generation can be solved using classical or neural IR methods (Moussallem et al., 2018;
Zhang et al., 2022c). Finally, the disambiguation step selects a candidate entity for each
entity mention by leveraging the local KG context of the candidate entities, which may
consist of interlinked entities or connected types. Early approaches applied graph-based
disambiguation algorithms (Moussallem et al., 2018), while neural methods employ machine
learning-based rerankers leveraging LM encoder models (Wu et al., 2020a) or generative
models that align candidates with entity mentions (Zhang et al., 2022c).

For KGQA, it is essential to extract not only entities but also relations from the KG. One
major challenge is that relations are often not directly expressed in the input question.
For example, a question such as "Which museums exist in New York" does not directly
mention relations such as "type" and "location”. Another challenge in KGQA comes from
the annotation guidelines commonly used for NER datasets.> These guidelines usually
define entities as mentions that have a proper name. However, in KGQA, many questions
additionally require linking mentions representing KG types (e.g., the term "museums" in

the previous example), which fall outside the standard definition of named entities.

3See, for instance: https://zenodo.org/records/4574199 and https://aclanthology.o
rg/attachments/2024.1lrec-main.1262.0ptionalSupplementaryMaterial.pdf.
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1.2

The goal of this thesis is to investigate neural entity linking for question answering. Neu-
ral approaches have shown significant improvements over traditional methods in recent
years (Sevgili et al., 2022). In particular, LLM-based approaches achieve better performance
on the classical entity linking task, as they leverage rich contextual information acquired
during pretraining (Wu et al., 2020a). One goal of this thesis is to effectively extract entities
and relations from knowledge graphs for given questions. To achieve this, we propose a
new concept of LLM-based contextual augmentation, which expands the input context and
entity mentions to resolve ambiguity. However, fine-tuning and deploying an LLM for each
step in a KGQA pipeline requires substantial computing resources. Especially at inference
time, running several LLMs in parallel increases cost and latency. To mitigate this, we show
that a single LLM can be jointly fine-tuned for both mention detection and disambiguation.
Furthermore, we will demonstrate that an LLLM can be jointly trained to generate queries for
multiple KGs.

LLM-based retrieval systems are essential components for KGQA systems. However, their
performance is usually limited to the domain or scope of the documents seen during training.
To make retrieval more robust, we explore noise injection during training as a simple but
effective way to improve model generalization. Another goal is to compare traditional
question answering systems, which primarily use rules and templates for query generation,
with modern LLM-based query generation approaches. To this end, we implement systems
for both paradigms and evaluate their performance. Finally, we extend classical entity
linking with keyphrase extraction, enabling the model to capture not only entities but also
relations and types—elements usually not covered by standard entity linking systems. We
also compare the performance of traditional and neural entity and relation linking (ERL)
pipelines on the KGQA task.

Research Questions and Contributions

Knowledge extraction and query generation are two essential components in KGQA frame-
works. The output of the knowledge extraction step is commonly used as input for query
generation. The primary focus of this thesis is to evaluate how the knowledge extraction
performance influences query generation. Consequently, we distribute the research questions

into two challenges: Knowledge extraction for KGQA and query generation.
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Challenge |: Knowledge Extraction for KGQA

A key difficulty in predicting entities and relations in questions is that these elements are
often implicitly mentioned. To solve this problem, we formulate the following research

question:

Research Question 1 (RQ;)

What methods can be used to predict knowledge that is implicit rather than explicitly
expressed in questions?

To answer this question, we present a framework that predicts absent keyphrases by linking
present keyphrases in the form of n-grams to KGs to extract additional information. Fur-
thermore, we propose the concept of contextual augmentation for entity linking to enrich
the context and improve the system’s disambiguation performance. For this, we answer the
research question:

Research Question 2 (RQ>)

How can LLLM-based augmentation enhance the performance of entity linking sys-

tems?

We answer this question by implementing a framework for contextual augmentation and
evaluating it against state-of-the-art entity linking methods. Afterward, we adapt this
concept to augment the context of questions to predict additional information, such as absent
entities, relations, and types. We then evaluate different pipelines, especially dense-retrieval,
autoregressive entity linking, and the traditional ED framework MAG (Moussallem et al.,
2018), to assess the performance on extracting knowledge for questions, to answer the
research question:

Research Question 3 (RQ3)

How can LLM-based entity linking approaches improve the performance for extract-
ing KG-knowledge for questions?

Furthermore, we implement several LLM-based end-to-end knowledge extraction pipelines,
evaluating them against each other as well as traditional approaches for entity and relation
linking.
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1.2.2 Challenge II: Query Generation

Fine-tuning LLMs is currently one of the leading approaches to translate questions into
queries (Banerjee et al., 2022). Howeyver, tuning a separate LLM for each dataset and KG is

resource-intensive and time-consuming. To improve this, we answer the question:

Research Question 4 (RQy)

Can LLMs be jointly fine-tuned for query generation for multiple KGs, and how do
these models perform compared to models trained for single KGs?

In contrast to fine-tuning methods, traditional KGQA systems often use templates for query
prediction. Therefore, another goal of this thesis is to compare LLM-based query prediction

approaches with template-based approaches to answer the research question:

Research Question 5 (RQs)

How well can traditional template-based question answering approaches perform on
the KGQA task compared to LLM-based approaches?

Query generation approaches depend on the output of the previous knowledge extraction
step, therefore their performance is closely tied to the quality of that output. To investigate

this, we answer the following research question:

Research Question 6 (RQg)

How does the performance of knowledge extraction frameworks influence the per-

formance of query prediction?

We answer this question by evaluating a fine-tuning-based query generation approach that
uses the output of the knowledge extraction pipeline from RQ3 as input. The evaluation
focuses on measuring query prediction performance on the end-to-end KGQA task.

1.3 Thesis Outline

* Chapter 2 presents the relevant background knowledge about the topics of entity
linking and knowledge graph question answering. Additionally, all technologies used
for the approaches and experiments in the follow-up sections are introduced and

described.

1.3 Thesis Outline



* Chapter 3 describes the relevant state of the art in the research fields of knowledge
graph question answering and entity linking. Furthermore, related work to the

previously described research questions is summarized.

* Chapter 4 describes an approach for LLM-based contextual augmentation in entity
linking, as well as the training of joint autoregressive models for NER and ED
tasks. The results show that contextual augmentation can improve entity linking
performance, especially on out-of-domain datasets. We further demonstrate that a
jointly trained model can achieve performance comparable to end-to-end models.
Finally, the results show that an LLM-based augmentation strategy performs better
when NER and ED steps are separated.

* Chapter 5 presents our results on noisy optimization of encoder-based LMs for the
ranking and retrieval tasks, which are helpful for candidate generation of entity linking
systems. The results show that noisy optimization can improve the performance of

fine-tuned neural ranking approaches.

* Chapter 6 presents our approach for present and absent keyphrase extraction based
on LLMs and knowledge graphs. The results show that LLMs can effectively predict
keyphrases and that linking those keywords to KGs to extract additional information

can improve performance in absent keyphrase extraction.

» Chapter 7 presents our approach for joint query prediction on multiple KGs. Our
UniQ-Gen approach combines the training data for different KGs and trains a joint
model for both graphs. Furthermore, it also introduces the output from entity and
relation linking systems into the training data. Our experimental results indicate
that presenting this information can improve the robustness of the query generation
process. The results also show that a joint fine-tuned model performs as well as

specialized models for single KGs.

* Chapter 8 presents our baseline end-to-end KGQA system based on isomorphic graph
patterns named TeBaQA. It applies a template-based approach for query generation,
using supervised template classification, a rule-based method for filling templates
with KG resources, and an algorithm to rank candidate queries. TeBaQA can partly
outperform traditional rule-based approaches. In the context of this thesis, it serves as

a baseline model for identifying weaknesses in traditional systems.

» Chapter 9 investigates the influence of different entity and relation linking systems
on the performance of KGQA systems. The results show that neural LLM-based
approaches achieve better performance on entity and relation linking for questions

and, ultimately, for KGQA systems.
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* Chapter 10 evaluates how queries can enhance the performance of answer verbaliza-
tion during fine-tuning of LLMs, which is an application of semantic parsing-based
KGQA systems. The results show that introducing entities and relations into the LLM

input can improve the performance of answer verbalization approaches.

¢ Chapter 11 summarizes the main results of the thesis and discusses future research

directions.

1.4 Publications

The chapters 4 to 10 are mainly based on the following research papers published at interna-

tional peer-reviewed conferences:

1. Daniel Vollmers, Rricha Jalota, Diego Moussallem, Hardik Topiwala, Axel-Cyrille
Ngonga Ngomo, and Ricardo Usbeck. 2021. Knowledge graph question answering

using graph-pattern isomorphism, pages 103—117. IOS Press

2. Hamada M. Zahera, Daniel Vollmers, Mohamed Ahmed Sherif, and Axel-
Cyrille Ngonga Ngomo. 2022. MultPAX: Keyphrase extraction using language
models and knowledge graphs. In The Semantic Web — ISWC 2022, pages 303-318,
Cham. Springer International Publishing

3. Daniel Vollmers, Parth Sharma, Hamada M. Zahera, and Axel-Cyrille Ngonga Ngomo.
2024. Enhancing answers verbalization using large language models. In Proceedings
of the 20th International Conference on Semantic Systems, 17-19 September 2024,
Amsterdam, The Netherlands. SEMANTICS 2024

4. Daniel Vollmers, Nikit Srivastava, Hamada M. Zahera, Diego Moussallem, and Axel-
Cyrille Ngonga Ngomo. 2025b. UniQ-Gen: Unified query generation across multiple
knowledge graphs. In Knowledge Engineering and Knowledge Management, pages
174-189, Cham. Springer Nature Switzerland

5. Daniel Vollmers, Hamada Zahera, Diego Moussallem, and Axel-Cyrille
Ngonga Ngomo. 2025c. Contextual augmentation for entity linking using
large language models. In Proceedings of the 31st International Conference on
Computational Linguistics, pages 8535-8545, Abu Dhabi, UAE. Association for

Computational Linguistics
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2025a. Evaluation of entity and relation linking for question answering over knowl-
edge graphs. In Proceedings of the 13th Knowledge Capture Conference 2025, K-
CAP 25, pages 211-214, New York, NY, USA. Association for Computing Machin-
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this thesis:
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mark curator. In Semantic Systems. The Power of Al and Knowledge Graphs, pages

343-358, Cham. Springer International Publishing

. Umair Qudus, Michael Réder, Daniel Vollmers, and Axel-Cyrille Ngonga Ngomo.

2024. ExPrompt: Augmenting prompts using examples as modern baseline for
stance classification. In Proceedings of the 33rd ACM International Conference on
Information and Knowledge Management, CIKM ’24, pages 3994-3999, New York,
NY, USA. Association for Computing Machinery
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2.1

Background

This chapter discusses the most important prerequisites relevant for this thesis from the
research fields of NLP and knowledge graphs. In the first step, basic NLP tasks are
introduced as a foundation for more complex tasks, such as entity linking. Afterward,
we provide an introduction to neural networks and LLMs, which build the backbone of
most current state-of-the-art NLP approaches. Next, we introduce knowledge graphs and

according KG-querying approaches, since KGs serve as the data model for all the methods

described in this thesis. This includes the definition of KGs and the SPARQL query language.

Additionally, we describe core tasks for knowledge graph question answering, including
information retrieval, entity linking, keyphrase extraction, and semantic parsing. Finally,

relevant evaluation measures are summarized.

Basic Natural Language Processing Tasks

Natural language processing is the task of learning, understanding, and producing human
language content by employing computational technologies (Hirschberg and Manning,
2015). Initially, researchers employed symbolic approaches by developing vocabularies and
rules that can be leveraged by computers. However, this rule-based paradigm proved to
be a challenging task due to the ambiguity and context-dependent interpretation of human
language. Additionally, increases in computing power and the availability of large linguistic
corpora shifted NLP toward statistical modeling (Hirschberg and Manning, 2015). The NLP

research field covers a wide range of tasks that involve different units of human language.

For instance, text-to-speech aims to synthesize natural speech from text (Tan et al., 2021)
and is an essential component in modern speech assistants. Other tasks are purely text-based,
such as text summarization, automatic machine translation, and question answering. Many
NLP tasks serve as subtasks for larger systems (Khurana et al., 2023). For instance, a
speech assistant can use a question answering system to answer user questions, leveraging
a text-to-speech system to process the QA system’s answers and generate audio output.
However, the QA system itself will use different subtasks, such as information retrieval or
entity linking. We will describe the question answering task in Section 2.4.3 and the subtask

entity linking and retrieval in the Sections 2.4.1 and 2.4.2, which are the primary focus of
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this thesis. In the following, we focus on basic NLP tasks and techniques that form the
foundation for the higher-level NLP tasks addressed in this thesis.

Tokenization To process natural language texts, they are commonly split into smaller units
called tokens. A widely used technique segments text based on whitespace and punctuation,
yielding an ordered sequence of tokens referred to as unigrams. This process, known
as whitespace tokenization, retains the original textual order. In some NLP applications,
these unigrams can also be combined into larger units consisting of n unigrams, denoted
as n-grams. In particular, text similarity measures like BLEU (Section 2.5) use n-grams to

better capture the context of word usages (Papineni et al., 2002).

Machine learning approaches typically require a finite input vocabulary to segment the
input into processable units (Sennrich et al., 2016). This vocabulary can be obtained from a
training corpus by applying a whitespace tokenizer to each text in the corpus and generating
the input vocabulary V;, from all generated tokens. Afterward, a unique ID is assigned to
each token of Vj,. This approach has two significant drawbacks: First, at inference time,
sequences may contain tokens that are not part of the vocabulary. This can be handled
by mapping these words to special unknown tokens. Second, for a large corpus, this can
result in a vast vocabulary, especially when a large training corpus is used. To mitigate
these problems, tokenization approaches were developed that apply a subword segmentation
algorithm. This method, called byte-pair encoding (BPE) (Sennrich et al., 2016), breaks
words into smaller subword units. The vocabulary is constructed by iteratively merging
frequent character pairs from the corpus until the desired vocabulary size is reached (Zouhar
et al., 2023). This method alleviates the out-of-vocabulary issue, as rare words can be
segmented into individual characters. A related method is the WordPiece algorithm used in
BERT (Devlin et al., 2019). The approach is similar to BPE, but it applies a different strategy
to select a pair for merging. Instead of merging the most frequent pair, it prefers pairs where
the individual parts are less frequent in the vocabulary. For this, a score is computed by

dividing the frequency of a pair by the product of the frequencies of its components.

Part-of-Speech Tagging Part-of-speech tagging (PoS) is the task of assigning each word
in a sequence to one unique grammatical category (Machado and Ruiz, 2024). The most
commonly set of PoS tags for English are defined by the Penn Treebank (Taylor et al., 2003).
PoS tagging lays the foundation for many feature engineering approaches, as it is enables to
derive statistical features from an input text, such as the number of nouns or verbs, or to
identify numerical information. PoS tagging can be solved by sequence-to-sequence ma-
chine learning approaches on a tokenized sentence as described in Section 2.2 (Kanakaraddi
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and Nandyal, 2018). In this thesis, PoS tagging is used to extract features from questions

for query-template predictions in Chapter 8.

Lemmatizing Lemmatization is the process of determining a base or dictionary form
(lemma) for a given surface form (Kanerva et al., 2019). For example, the verbs am, are,
and is would be mapped to the word be. Lemmatization normalizes morphological variants
by mapping different grammatical forms of a word to a single dictionary headword (Kanis
and Skorkovskd, 2010). This technique can help obtain more precise word usage statistics,
for example, in a traditional information retrieval system. A related task is stemming, which

reduces words to their base form (Samir and Lahbib, 2018).

Due to the ambiguity of languages, the lemmas or stems of words depend on their con-
text, so that, in addition to rule-based approaches that rely on linguistic resources such as
WordNet (Miller, 1994), sequence-to-sequence approaches can also be used for lemmatiza-
tion (Kanerva et al., 2019). In the context of this thesis, lemmatization is used alongside

PoS tagging to extract features for predicting query templates.

Text Classification Tasks Text classification assigns labels to various textual units, such
as sentences or documents, and powers diverse applications like spam detection and text
analysis (Minaee et al., 2021). More specifically, for an input text S, the goal is to predict a
single class ¢ € C, where C is the set of classes. To address this task, deep-learning-based
neural network approaches, as described in Section 2.2.1, can be used to predict a probability
for each class ¢ € C for an input sequence S. In our work, text classification is used to select

query templates for input questions within Chapter 8.

Sequence-to-Sequence Tasks NLP tasks that require predicting an output sequence,
like the PoS-tagging task mentioned before, are usually tackled by sequence-to-sequence
machine learning models (Sutskever et al., 2014). These models transform an input sequence,
such as the words within a natural language text, into another output sequence. More
specifically, a function F is learned for an input sequence S consisting of n tokens (71, ...,#,) €
Vi, that generates a new sequence S’ of m tokens (#),...,t,,) € Vou, where Vj, and V,,, are
the input and output vocabularies, respectively. For instance, in the PoS task, V,,, is the set
of PoS tags, and the input and target sequences have the same length. For other tasks, such
as text summarization, V,,,, can be the same as V;,,, but the target sequences likely have a

different length than the input.

2.1 Basic Natural Language Processing Tasks
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Text and Word Representation Most machine learning approaches require text to be
mapped into a continuous vector representation. An early approach for this is one hot
encoding, which generates an encoding vector for each token in the sequence of the form
X; € RVl and each word in Vj, is represented by one unique vector, such that the according
entry of a word i is set to 1, all others are set to 0 (Naseem et al., 2020). As an alternative
a bag-of-words model (BoW) generates a single encoding vector of size |V;,|, where the
entries are the number of occurrences of the word in the input sequence (Verdonck et al.,
2021). This encoding represents an unordered collection of words. It does not capture the
word order of sequences, so it is mainly used for text classification. Another approach
in this context is term frequency-inverted document frequency (TF-IDF), which is often
used in information retrieval systems. We will further discuss information retrieval in
Section 2.4.1.

Both models have two major drawbacks: their outputs are large, sparse vectors with many
zeros, and the vector representations do not capture the semantic and syntactic meaning
of words (Naseem et al., 2020). To address these issues, Mikolov et al. (2013) introduced
learned word representations, known as Word-2-Vec, to capture the syntactic and semantic

meaning of words based on their context of use.

There are two variants of this model: continuous bag of words (CBOW) and skip-gram.
Continuous bag of words tries to predict a main word based on its context, while skip-gram
tries to predict the context words based on the main word. Both models apply shallow neural
networks to learn vector representations, such that words with similar contexts appear close
to each other in the vector space (Verdonck et al., 2021). In the literature, there also exist
extensions of these models, such as FastText (Bojanowski et al., 2017), which uses subwords
instead of embedding single words. Relying on subwords reduces training time because the
vocabulary is smaller. Another extension is GloVe, which leverages co-occurrence statistics

from the words in the corpus to compute embedding vectors (Pennington et al., 2014).

Language Models and Neural Networks

Machine learning approaches build the backbone of most current NLP systems. Early
approaches used sequence-to-sequence machine learning models such as hidden Markov
models (HMMs) (Rabiner and Juang, 1986) or conditional random fields (CRFs) (Lafferty
et al., 2001) to process sequences; furthermore, classification approaches such as random
forests or decision trees were commonly used for text classification tasks (Islam et al.,
2019). Today, neural networks are used for the majority of current NLP systems. In the

following, we introduce basic neural network architectures: feed-forward networks (FFNs)
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and recurrent neural networks (RNNs). FFNs are also part of Transformer architecture as
presented in Section 2.2.4. RNNs, especially encoder-decoder networks, lay the foundation
and central intuition for the development of Transformer-based models; thus, we provide a

brief description of RNNs and the encoder-decoder architecture in this section.

Neural Networks

The neural networks considered in this thesis consist of a set of layers of neurons. The first
layer is usually called the input layer, and the last layer is called the output layer. The layers
between these two are hidden layers (Schmidhuber, 2014). A simple yet important type of
neural network is the feed-forward neural network, where the information flows in only one

direction (Schmidhuber, 2014). An input layer X; with n neurons can be represented as a

Feed Forward Network Multilayer Perceptron
Input Hidden Output Input Hidden Output
Layer Layer Layer Layer Layer Layer

el R

Figure 2.1: Basic Neural Network Architectures

vector such as X; € R". In a hidden layer, the following computation is applied to compute
the output state hp;ggen:
hhiagen = 9 (XiWia + ba). (2.1)

Where W4 € R *d is a weight matrix with i inputs from the previous layer and d own
neurons, by € R? is a bias vector, and an activation ¢ is a function as presented below. This
computation generates the output vector hy;q4e,, Which is applied in follow-up layers. Note
that this computation assumes that layers are fully connected; in that case, the feed-forward
network is often called a multilayer perceptron. For sparse connectivity, unused connections
can be disabled by setting corresponding weights in W; ;4 to zero. The last layer is usually
denoted as the output layer h,,. These basic form of neural networks is described in

Figure 2.1.

2.2 Language Models and Neural Networks
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The activation function ¢ determines the output of a neuron by applying a non-linear
transformation to its weighted input. When no activation is applied, this is usually called a

linear projection, which is often used to change the dimensionality of vectors.

An activation function should fulfill multiple properties to enable learning in neural networks,
such as differentiability, low computational complexity, and non-linearity (Dubey et al.,

2021). The following functions are common choices for activation:

sinh(x) 2
= =1-—=— 2.2
tanh(x) cosh(x) ex 41’ 2.2)
1
sigmoid(x) = e (2.3)
e
ReLu(x) = max(0,x), (2.4)

GELU (x) =x- ;—i-erf[x/\@} ~ 0.5x(1 4 Tanh(\/2/7 - (x+0.044715x%))), (2.5)

GeGLU (x) = x - sigmoid(x) + GELU (x) , (2.6)
GLU (x) = sigmoid(xW +b) ® (xV +¢), (2.7)
Swishg (x) = x - sigmoid (Bx) = ﬁ, (2.3)
SwiGlu(x) = Swish(xW +b) @ (xV +¢). 2.9

Tanh, sigmoid, and ReLu (Nair and Hinton, 2010) are relatively simple functions that are
built upon by more complex functions such as GLU or GeGLU (Dauphin et al., 2017;
Shazeer, 2020). Notably, ReLU is not differentiable at 0. In practice, the derivative
at 0 is conventionally set to either O or 1, which does not significantly impair training.
GeLu (Hendrycks and Gimpel, 2023) uses the Gaussian error function (erf), which is
computed with the approximation presented above. More complex functions, such as
GeGlu, are combinations of usually two error functions. The functions GLU and SwiGlu
also contain learnable parameters (W,V,b, and c¢). Finally, SwiGlu (Shazeer, 2020) is a
variation of GLU that applies the Swish function (Ramachandran et al., 2017) instead of
sigmoid. Swish contains the parameter 3, which can be fixed or trainable. For further details

on activation functions, we refer to the literature (Dubey et al., 2021).

During the training phase, the neural network’s parameters must be updated. For this, the
difference between the predicted and expected outputs of the model has to be estimated.
These functions are commonly denoted as loss functions. The choice of the loss function
is crucial for model performance and highly depends on the task the model is trained on.

A loss function must fulfill different properties such as convexity, differentiability, and
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robustness. The standard loss function for the majority of tasks solved within this thesis is

the categorical cross-entropy loss Z¢g (Mao et al., 2023), which is computed as:

1 C
ZLcE = - Y Y vijlog(p). (2.10)

i=1j=1

Here n is the number of samples within a batch, C the number of classes, y; ; € 0, 1€,
). ;jyi,j are the one hot representations of the correct classes, and p;; is the predicted
probability distribution for the sample i over the classes C. The objective of this loss function
is to heavily penalize low-confidence predictions for the correct class. The parameter
optimization is executed by gradient-based algorithms, which usually apply variations of
the stochastic gradient descent (SGD) algorithm (Robbins, 1951) that updates a parameter
0 based on a pre-defined learning rate ¢ and the gradient g,, which is computed by back-
propagation (Rumelhart et al., 1986), at time step ¢, such as:

g = VegLoss(6,_1), with (2.11)
9[ == 9,;,1 - OCgt . (212)

Modern optimization algorithms still set up on SGD. The most commonly used variant is
the Adam optimizer (Kingma and Ba, 2015), which enables the computation of individual

learning rates for different parameters.

Recurrent Neural Networks

As described before, a sequence-to-sequence model predicts an output for each single
element of the input sequence based on its vector representations X;. To implement a neural
network for sequences, the prediction of a single token usually depends on the predictions
of surrounding tokens. Simple FFN model cannot capture these dependencies (Morteza-
pour Shiri et al., 2024). To solve this, recurrent neural networks RNNs played a crucial role
for early neural sequence-to-sequence models. These models represent the context C; of
the word s; as a hidden state H;. For computing the hidden state H;, it leverages the hidden
state H;_; calculated from the previous word s;_; and the word s; itself as illustrated in
Figure 2.2. Formally, given a weight matrix Wy, € R?*" and a hidden-state-to-hidden-state
matrix Wy, € R"*" where h denotes the number of hidden units and d the number of inputs.

For an input vector X; € R?, a hidden state H; is computed as:

Hi=¢(XWypn+H— Wy +by), (2.13)
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where ¢ is an activation function and by, € R'™" a bias parameter (Schmidt, 2019). The

output O, € R!Vou! for a word is computed as:
Ot - (P(Htwh,o + br}) 3 (214)

where W, , € R [Vou| (Schmidt, 2019). Using this form of neural networks, the hidden

O¢1 O, Ot41
Wh’g Wh,o Wh,o
| | |
—Wu,ug—> H —Wu > H; —Wa g H; —Wyag>
Wz,h Wz,h Wx,h
| | |
X X Xt

Figure 2.2: Recurrent Neural Network

state H, is recursively updated by the previous words. This vanilla implementation of RNNs
has two main drawbacks: First, the hidden states are computed only based on the earlier
words, while later words in the sequence are not considered. This can be easily solved
by computing the hidden states bi-directionally from both sides of the sequence. Second,
training RNNs is difficult in practice, since at training time for very long sequences and
a vast set of layers, gradients of parameters can get extremely small or large, which leads
to the problem that layers in the beginning of the networks only get minor updates (in
case of small gradients) or the optimization is unstable (in case of large gradients). This
problem is commonly known as the vanished ore exploding gradient problem (Bengio et al.,
1994; Pascanu et al., 2012). At inference time, this leads to the problem that the recursively
computed hidden states lose the information from earlier words within the sequence. To
partly solve this problem, LSTMs became popular, which use gated cells to control the flow
of information within the model (Hochreiter and Schmidhuber, 1997; Schmidt, 2019).

Encoder-Decoder Architecture

The above-described implementation of RNNs computes an output for each single word;

thus, only output sequences with the same size as the input sequence can be predicted. This
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makes them impractical for tasks like machine translation or text summarization, where
the length of the output sequence can be different from the length of the input sequence.
To solve this, the encoder-decoder architecture became important (Cho et al., 2014). This
architecture consists of two components: an encoder and a decoder, where the encoder
compresses the input into a latent representation, and the decoder reconstructs or generates
the target sequence. In the classical architecture, an RNN is used, but unlike the classical
architecture, it only computes the hidden states Hy, ..., H, without predicting outputs. In
the following, we denote the encoder’s last hidden state as HE,. The decoder applies HE,,
as input for the first decoder state HDy, and computes the output token by token. For this,
two special tokens for the start and end of the output sequence have to be introduced. We
describe these tokens as ¢t — start and t — end, where t — start is used as input for HDy, such

that HDy can be computed as:
HDo = ¢(X;—starsWep + HE, Wy, + by,) (2.15)

where X;_ 4 1s the embedding of ¢ — start. Afterward, O;_g 4, can be computed. The
follow-up decoding steps use the outputs of the previous decoding steps, HD;_ and O,_1,
as inputs. This process is repeated until the model predicts the token # — end. Obviously,
this architecture is heavily affected by the vanished and exploding gradient problem for
long sequences, since, in addition to the encoder component, which uses n recurrences
like the classical sequence-to-sequence model, an additional decoder is used, which even
introduces more layers and recurrences (Bahdanau et al., 2014). Furthermore, compress-
ing the entire input sequence into a single vector HE, creates an information bottleneck,
particularly problematic for long sequences. To address this, the attention mechanism was
developed, enabling the decoder to attend to all hidden states computed during the encoding
process (Bahdanau et al., 2014). Attention also underpins state-of-the-art Transformer
models, which form the foundation for most of the approaches used in this thesis. We
describe the Transformer architecture, including attention and common adaptations, in the

follow-up section.

Large Language Models

The Transformer architecture is the foundation of all current state-of-the-art language models.
The architecture from Vaswani et al. (2017) is an encoder-decoder model. Unlike previous
approaches, it does not use a recurrent neural network but relies entirely on attention. The

architecture is presented in Figure 2.3.

The encoder is a stack of layers, where each layer consists of two sub-layers. The first

sub-layer contains the attention mechanism, commonly called self-attention, since the
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Figure 2.3: The Transformer architecture based on Vaswani et al. (2017).

attention scores are computed over a single sequence. The second layer is a position-wise

fully connected feed-forward layer, which applies two linear transformations and uses ReLu
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activation. Additionally, a residual connection is used to bypass the inputs around both

sub-layers.

The decoder layer additionally contains a third sub-layer that computes attention over the
encoder’s output, usually denoted as cross-attention. Additionally, masking is applied in the
self-attention step and the outputs are offset by one position. The offset and the masking
ensure that predictions for a position i only depend on the known outputs at positions less
than i (Vaswani et al., 2017). The FFN network is already introduced in Section 2.2.1.
Finally, to predict outputs, a linear projection is applied together with the softmax function
to predict the output vector o € RVo«l. For a vector v € RX softmax is defined as:
e'i

softmax(v); = m ) (2.16)
The two major innovations of Transformer are the multi-head attention mechanism and the
introduction of positional encodings instead of recurrences. These components are presented
in the follow-up paragraphs. Furthermore, we will describe commonly used variations of

these components.

Attention The core part of Transformer is the attention mechanism presented in Figure 2.4
The inputs are three matrices that are usually called Qery, Key, and Value. It applies dot-
product attention with the scaling factor v/d, where dj, denotes the dimensionality of queries
and values. The masking is optional and only applied in the decoder as described before.

The overall attention can be described by the following equation (Vaswani et al., 2017):

. )<

Attention(Q,K,V) = softmax< i > V. (2.17)
Instead of applying a single attention function, Transformer uses multiple heads, which
allow the model to attend to information from different subspaces at different positions
(Figure 2.4). To achieve this, the queries, keys, and values are linearly projected h times by
parameter matrices W € R%mwder*d Where h describes the number of heads. Afterward, the
scaled dot-product attention is applied to all these projections. The outputs from all heads
are concatenated and finally projected again with WO € R dmoaet (Vaswani et al., 2017),

which can be formalized as follows:

MultiHead(Q,K,V) = Concat (head,, ..., head,)W?, (2.18)
where head; = Attention(QW2, KWX VW) (2.19)

For a memory-efficient implementation, Dao et al. (2022) describe Flash Attention, which

distributes queries, keys, and values into blocks such that the attention output can be
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Figure 2.4: Transformer Attention based on Vaswani et al. (2017).

computed over each of these blocks instead of the whole attention matrix. This computation
prevents the need to write and read large matrices between the high-bandwidth RAM and
the static volatile SRAM of the GPU. The intuition behind this method requires a deeper
understanding of computer hardware; thus, we refer the reader to the literature (Dao et al.,
2022).

In recent years, many variations of the attention mechanism have been implemented. In the

following, we will summarize a few of them.

* Approximate Attention based on Locality Sensitive Hashing (LSH-Attention):

Since Softmax is dominated by the largest elements, Kitaev et al. (2020) suggest that
it is sufficient to compute the attention for each query ¢g; € Q only with the closest
keys in K. For this they propose to apply locality sensitive hashing, so that queries
and keys can be hashed into hash-buckets, such that close vectors share the same
bucket with a high probability and that the buckets have a similar size. The attention
for a single query ¢g; can be computed as:

0i=Y exp(qik;—z(i,P))v; with P, = {j:i> j}, (2.20)
JER
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where P; is the set that the query ¢ at position i attends and z denotes the partition
function. Since the buckets should have similar sizes, it is ensured that the hash-
function h(q;) = h(k;) holds. Additionally, queries are sorted by bucket number and
within each bucket by position. After sorting, the queries are batched into chunks,
with m consecutive queries, and the attention for a query is computed against each of

the other queries in the chunk and one chunk before (Kitaev et al., 2020).

¢ Sliding Window Attention: Sliding window attention employs a fixed-sized window
of attention of size w around each token. Attention is computed to 0.5w tokens on
both sides (Beltagy et al., 2020). This attention mechanism exploits the stacked-layer
architecture of transformer models, such that in each layer k, tokens from the input
layer can be accessed with a maximum distance of w-n (Jiang et al., 2023). To give an
example: with window size w = 256 and 8 layers, each token can theoretically access
information from tokens with a maximum distance of 256 - 8 = 2048 positions. This
architecture reduces the quadratic complexity of the attention function to O(n x w),
where n is the length of the input sequence. To balance between efficiency and
representation performance, different values for w can be used for each layer.

It is further possible to delate the sliding window, such that w contains gaps of size d.
Additionally, some parts of the model, such as the first token of the sequence, which is
often used for sequence classification (Devlin et al., 2019), can be set to full attention,

such that it attends to all tokens in the sequence and vice versa (Beltagy et al., 2020).

* Multi-Query Attention and Grouped-Query Attention: Each query head uses
linear projections for queries, keys, and values. Unlike in multi-query attention, only
one projection is used for queries and values (Shazeer, 2019). In a more general
form, the queries are distributed equally into g groups, which share a single key and
value head. Overall, this technique can reduce the memory bandwidth of the attention
function, while the overall performance and speed can be balanced over the number
of groups (Ainslie et al., 2023). Furthermore, Ainslie et al. (2023) have shown that it
is possible to uptrain a multi-head attention model to a multi-query attention model

by applying mean pooling on the key and value heads.

Positional Encodings Since Transformer does not use recurrence, the order of the po-
sitions of a token has to be embedded to represent the order of the tokens in the input
sequence (Vaswani et al., 2017). The original transformer model applies the sine and cosine
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functions with different frequencies for fixed positional encodings (Vaswani et al., 2017)

as:

PE (1052i) = sin(pos/lOOOOZi/dm""ef) and (2.21)
PE pos 2i1) = €05(pos /100007 dnodet) (2.22)

where pos denotes the position and i the dimension in the encoding vector. Sinusoids with
different wavelengths represent the dimensions in the position encoding vector. Sine and
Cosine functions are used alternately for even and odd dimensions. The wavelengths form a
geometric progression, such that for a fixed offset k the encoding of the position PE ;.
can be represented as a linear function of PE,,. To generate the sequential input, the
token embedding is concatenated with the corresponding positional embedding for the first

transformer layer (Vaswani et al., 2017).

With the evolution of LLMs, relative positional embeddings also became popular (Raffel
et al., 2020), which consider the pairwise relationships between input tokens (Shaw et al.,
2018). In the following, we adapt the notations of Su et al. (2024b). The computation of

th

query vector of the m!” position g,, and the key and value vectors of the n” position k, and

vy, in the original transformer can be described as:

qm = fq (xmam) ) (2.23)
kn = fi(xn, 1), (2.24)
and v, = f,(x,,n), (2.25)

where x; is the i token embedding, and m and n the positional embedding for the m'" and n'"
position. fg, fi, and f, are the corresponding linear layers of the attention head implemented
by weight matrices W,, Wi, and W,. Given that, the attention score a,, , between the m'™ and
n'" tokens (including the softmax function) and the attention output o,, for the m'" token are

computed as:

exp(“)
mn = ———4— and (2.26)
Z]*l exp( LdJ )
N
Om =Y, AmnVn- (2.27)
n=1
The term q%kn can be decomposed into:
Gmkn = X0 W, Wik + X3 W] Wepy + ph W, Wex + ph W, Wipy (2.28)
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with absolute positional encodings p,, and p,. In the literature, there exist different options
to replace the absolute positional encoding by modifying the last three terms of the previous
equation, e.g, by replacing p, by a relative encoding p/,_, and introducing learnable
vectors (Su et al., 2024b). In this thesis, we apply the T5 model (Raffel et al., 2020) for
fine-tuning, which omits the second and third term, and introduce different projection
matrices U, and Uy, and a trainable bias b; ; (Su et al., 2024b):

qhkn = xEWI Wix, + pLUT Upn + by . (2.29)

However, with the development of larger LLLMs and the introduction of chatbots, efficient
memory management within the inference phase became an important topic. To address
this, Kwon et al. (2023) developed PageAttention, which partitions the keys and values into
separate KV blocks, requiring that the encoding of a token does not change while generating
new tokens, which does not hold for relative positional encodings. For this, Su et al. (2024b)
introduced rotary positional encodings, which combine absolute and relative positional
encoding by a rotation matrix and incorporate the explicit relative position dependency in
the self-attention formulation. Su et al. (2024b) define the rotary matrix for d dimensions

and a position m as:

cosmB; —sinmb, 0 0 0 0
sinmB; cosm0,; 0 0 0 0
0 0 cosmB, —sinmb6, 0 0
Rd&m = 0 0 sinmB, cosmb, 0 0
0 0 0 0 o+ cosmby,  —sinmby ),
0 0 0 0 o+ sinm6y,  cosmby)y

(2.30)

The parameters @ are set to {6; = 10000~ 2(=d)/dmoder } with i € [1,...,dpoger /2], which is

similar to the absolute positional encodings. The term g’ k, can be calculated as:
Gk = (RG W) (RE , Wix) = x" WRS Wik, (2.31)

with R4

O,n—m

= (R§,,) RG,, (Suetal., 2024b).
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LLM Implementations

In recent years, a huge set of (large) LMs has been developed, which all apply the transformer
architecture. Unlike the original paper, many state-of-the-art LLLMs use only the encoder
or the decoder of the original transformer model. A transformer-based encoder is usually
used to generate text-based embeddings, which can, for example, be used to calculate text
similarity (Reimers and Gurevych, 2019). In contrast, decoder models like GPT (Radford
and Narasimhan, 2018) have become popular for generative Al applications such as chatbots
and question answering. In the following, we present the LL.Ms used throughout this

thesis.

BERT (Devlin et al., 2019) BERT is an encoder-only language model pretrained on two
tasks. The first task is masked language modeling (MLM), where the model learns to
predict masked tokens from a bidirectional context. During training, 15% of the tokens are
replaced by a special [Mask] token, and the goal is to predict the correct tokens for these
masked tokens. The other task is next-sentence prediction, in which the model predicts
the next sentence from a set of candidate sentences for an input sentence. For the input
representation, an additional segment embedding is introduced, enabling splitting input
texts into multiple segments, such as sentences. The segments are separated by a special
[SEP] token. For the input representation, the token, segment, and position embeddings are
concatenated. BERT also prepends a [CLS] token at the beginning of each sequence, which
is used to aggregate sequential representations for the next sentence prediction task. The
pretraining on the next sentence prediction task makes it useful for retrieval and ranking

applications, as described in Section 2.4.1.

Text-to-Text Transfer Transformer (T5) (Raffel et al., 2020) TS5 is an encoder-decoder
language model, commonly used as a fine-tuned model for multiple downstream sequence-
to-sequence NLP tasks, such as question answering, sentence completion, and sentiment
analysis. The pretraining dataset is generated from Common Crawl data'. T5 applies some
modifications compared to the original transformer model. Instead of absolute positional
encoding, a simplified version of relative positional encodings is used, as described in the
previous section. Additionally, in layer normalization, activations are only rescaled, and an

additive bias is added, and the layer normalization is placed outside the residual path.

BART (Lewis et al., 2020a) BART is an encoder-decoder LM which can be fine-tuned

for various downstream tasks such as sequence classification, token classification, sequence

"https://commoncrawl.org/
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generation, and machine translation. Similar to BERT, it is pretrained on token masking,
but also applies other pretraining tasks, in particular, token deletion, text infilling, sentence
permutation, and document rotation. BART mainly follows the original Transformer
architecture, but uses GeLU instead of ReLU activation. Two different versions of the model
were trained. The smaller model uses six layers in the encoder and decoder, while the larger

model uses 12 layers in both.

Generative Pretrained Transformer (GPT) GPT is a family of LLMs developed by
OpenAlI” since 2018. All GPT models are decoder-only models. Released between 2018
and 2024, the GPT family has grown from 117M parameters (GPT-1) to over 1 trillion
parameters (GPT-4). The vocabulary is generated using byte-pair encoding. Compared to
the original transformer architecture, the GELU activation function is applied. From GPT-2

onward, trained positional encodings were introduced. The size of the different models

and the maximum context windows were increased with each new generation of GPT.

GPT-1 (Radford and Narasimhan, 2018) and GPT-2 (Radford et al., 2019) were pretrained
on the language modeling task, such that the model can be fine-tuned to specific tasks
afterward. With GPT-3 (Brown et al., 2020), in-context learning was introduced where the
models learns to solve a task by learning from a small set of example prompts. GPT-3.5 is
an improved version of GPT, which applies reinforcement learning from human preferences,
so that the model can be refined based on human feedback. GPT-4 (OpenAl et al., 2024)
enabled the processing of images, and the context size was increased. In GPT-57, the context

window was extended, and the reasoning and code-writing capabilities were improved.

LlaMA (Touvron et al., 2023) Similar to GPT, LIaMA is a decoder-based generative
LLM developed by Meta. Unlike GPT, it is trained only on publicly available data. In its
architecture, normalization is computed only on the input of each transformer sub-layer,
not on its outputs. It applies the SwigGLU activation function instead of ReL.U and uses
rotary positional embeddings instead of absolute positional embeddings. For tokenization,
byte-pair encoding is applied. Meanwhile, three versions of LIaMA were developed, with

model sizes ranging from 7 B to 64 B parameters.

Gemma (Team et al., 2024) Gemma is a family of lightweight models developed by
Google, which are also used to create the Gemini models. Gemma offers models ranging
from 2B to 27B parameters, designed for efficiency on consumer hardware. For small-scale
models, multi-query attention is applied. Similar to LIaMA, rotary positional encodings

2https://openai.com/de-DE/
3https://openai.com/de-DE/gpt-5/

2.2 Language Models and Neural Networks

27


https://openai.com/de-DE/
https://openai.com/de-DE/gpt-5/

2.3

28

are used. The activation function is the GeGLU activation function. The newest version of

Gemma“*can handle up to 128k context tokens.

Knowledge Graphs and Querying

A Knowledge Graph (KG) can be defined as a graph of data intended to accumulate and
convey knowledge of the real world (Hogan et al., 2021). Its nodes represent entities of
interest and edges represent relations between these entities (Hogan et al., 2021). In this
context, a data graph conforms to a graph-based data model. In practice, various graph
data models are used, including directed edge-label graphs, where edges are directed and
labeled; heterogeneous graphs, where the source and target nodes of an edge can have
different types; and property graphs, which allow property-value pairs, where target nodes
can be labels. Furthermore, multiple graphs can be combined into one graph dataset. The
standard data model for KGs is the Resource Description Framework (RDF)>. RDF provides
a standardized framework for knowledge representation, enabling interoperability across
different KG systems. It defines three different types of nodes: IRIs, literals, and blank
nodes (Hogan et al., 2021). IRIs must follow the definition of Internationalized Resource
Identifiers.® Literals are values such as strings and numbers that are not represented by IRIs.
Literals consist of a lexical form in Unicode and a datatype represented as an IRI. A String
can have an additional language tag. For instance, the string "Albert Einstein"@en has
lexical form "Albert Einstein", datatype "xsd:string"”, and language tag "en”. Blank nodes
are resources that are not further defined by an IRI. They have only a local scope within a
file or an RDF graph. IRIs, blank nodes, and literals are pairwise disjoint sets.’

In an RDF Graph, statements about resources are described in the form of RDF triples in
the form <subject> <predicate> <object>. For example, in Figure 2.5, the statement
<Leonardo da Vinci> <notable work> <Mona Lisa> describes the relationship between the
two nodes "Leonardo da Vinci" and "Mona Lisa". More formally, let R denote the set of
IRIs, B the set of blank nodes, and L the set of literals. A knowledge graph consists of a set
of triples G = {(s,p,0) C (RUB) x Rx (RUBUL)}.

4https://deepmind.google/models/gemma/gemma—3/
Shttps://www.w3.org/TR/rdf1ll-concepts/
Shttps://www.ietf.org/rfc/rfc3987.txt
"https://www.w3.0rg/TR/2014/REC-rdfll-concepts—20140225/
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The resources R, properties Pg literals Lg and blank nodes Bg within a KG G can be
described by the following sets:

RG = {s|(s,p,0) € Gand s € R} U{o|(s,p,0) € G and 0 € R}, (2.32)
P; = {p|(s,p,0) € Gand p € R}, (2.33)
B = {s|(s,p,0) € Band s € B} U{0|(s,p,0) € G and 0 € B}, (2.34)
L ={o|(s,p,0) e Gando € L}. (2.35)

The nodes in a graph G are usually organized into groups called classes, and nodes within
the groups are called instances of this class. The set of classes Cg in G is a subset of the

resources Rg within a graph: Cg C Rg. Cg and Fg are usually described by a vocabulary.

For this, the RDF Schema provides a basic vocabulary for modeling RDF data.

Table 2.1: RDF Schema

Class/Property Identifier Description
Class rdfs:Resource  Superclass of all resources R
Class rdfs:Class Class of all Classes in Cg
Class rdfs:Literal Class of all Literals Lg
Class rdfs:Datatype  Class of all datatypes for the Literals in Lg
Class rdf:Property Class of all properties Pg
Property rdfs:range Objects targeted with a property are instance
of one or more classes
Property rdfs:domain Subjects using this property are instance
of one or more classes
Property rdfs:label Human-readable version of a resource name
Property rdf:type A resource is an instance of a class

We summarize some essential classes and relations in table 2.1. An ontology often defines
the vocabulary used within a graph. To this end, the Web Ontology Language provides the
vocabulary for building these ontologies. RDF graphs can be encoded with the N-triples® or
the Turtle’ text format or as XML documents. The goal of KGQA is to answer questions on
RDF Graphs. For example, on the graph in Figure 2.5, the question "Where was Leonardo
da Vinci educated?" can be answered by traversing the directed edge "educated at”. In a
semantic parsing KGQA system, this can be achieved by translating a given text question
into a formal query. To this end, a query language is needed that can be executed on a graph
database, such as a triple store. For KGs, SPARQL is the most widely used query language.
In the following, we provide a brief description of the most relevant features used in KGQA

benchmarks for semantic parsing.

8https://www.w3.org/TR/n-triples/
https://www.w3.org/TR/turtle/
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Figure 2.5: Knowledge Graph
SPARQL

The SPARQL query language is designed to query data, stored in RDF graphs.'® Thus,
it supports querying over conjunctions and disjunctions of graph patterns, including ag-
gregations and subqueries. The result set is a table, where each column corresponds to a
variable defined in the SELECT clause of the query. Alternatively, an ASK query produces a
boolean result. In the following, we describe essential characteristics of the SPARQL query

language.

A basic graph pattern contains triple patterns, which are the same as RDF triples, except
that they can contain variables for the subject, predicate, and object. A query with a single
triple pattern can be formulated as follows:
SELECT ?result WHERE {
<https://dbpedia.org/resource/Germany>

<http://dbpedia.org/ontology/currency> ?result.
}

10The descriptions in this section are based on the following web document: https: //www.w3.org/TR/
sparglll-query/
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In this query, the SELECT clause describes the variables to be displayed in the results, and
the WHERE clause contains the graph pattern to match against the graph data. The term
?result defines a variable. IRIs start with the character "<" and end with ">". The object of
a triple in RDF can be a literal, a URI, or a blank node. Consequently, a SPARQL query
can also contain literals (we omit the description of blank node queries here, as these are
not used in the KGQA benchmarks selected for our experiments). To shorten URIs in the
graph pattern, prefixes can be defined. The usage of literals and prefixes is presented in the
following example:
PREFIX rdfs: <http://www.w3.0rg/2000/01/rdf-schema#>

SELECT ?result WHERE {

?result rdfs:label "John Doe"(@en.

Instead of a single basic graph pattern, a graph pattern can also contain multiple groups
of graph patterns delimited by braces ({group_1},{group_2}), enabling the introduction of
optional and alternative patterns. An optional pattern is left-associative and allows adding
information to the result set if it is available in the graph.
SELECT ?person 2date WHERE (
?person rdf:type dbo:Person:

OPTIONAL{
?person dbo:deathDate ?date

Alternatives can be used, to combine multiple graph patterns, E.g in the query below all
persons, who are born in Austria or Germany would match the triple pattern:
SELECT ?person WHERE {
{?person dbo:birthPlace dbo:Germany}

UNION
{?person dbo:birthPlace dbo:Austria}

Filters can be used to restrict the results of graph patterns. Filters always apply for the whole
group, where they are defined. Filters can also be defined as graph patterns, using the terms
EXISTS and NOT EXISTS. For instance, the following query contains two filters to query
people who were born after 1989 and are still alive:
SELECT ?person WHERE {
?person dbo:birthDate ?date

FILTER (?date = "1989-01-01"""xsd:date)
FILTER NOT EXISTS {?person dbo:deathDate ?death}
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SPARQL also allows the usage of property paths, which describe the path between two
nodes in a graph. For example, the query:

?SELECT ?person, ?2country WHERE {

?person dbo:birthPlace/dbo:country ?country

applies a path sequence with two hops to extract a person’s country of birth. Other path
expressions allow describing alternative paths "|" or matching paths multiple times, like ""
for zero or more and "+" for one or more matches of a path. Paths are not allowed to contain
variables. Another useful feature is aggregation, for example COUNT, MIN, MAX, and
AVG. Aggregates can be calculated for the entire result set, or results can be grouped into
one or more groups so that the aggregation function is computed for each group separately.
Aggregations can also be used in the SELECT part of the query; for example, to count
results. Furthermore, the HAVING keyword can be used to apply filters on aggregations. As
an example, the following query finds persons with more than two grandchildren:
SELECT DISTINCT ?parent WHERE {
?parent dbo:child ?childl.

?childl dbo:child ?child2.

}
GROUP BY ?parent
HAVING ( COUNT (?child2) > 2 )

The SPARQL Algebra defines the semantics of the SPARQL query execution. An algebraic
expression is formed by parsing the SPARQL string into a syntax tree. The following two
listings show a SPARQL query with the corresponding algebraic expression in the ARQ
algebra, which is used by the Apache Jena RDF framework.'!

SPARQL-Query
PREFIX wd: <http://www.wikidata.org/entity/>
PREFIX wdt: <http://www.wikidata.org/prop/direct/>

SELECT DISTINCT <?result

WHERE

{
wd:0696071 wdt:P50 2author .
?author wdt :P800 “?result
?result wdt:P921 wd:Q016003532
FILTER ( ?result != wd:069071 )

ARQ-Algebra
(base <http://example/base/>
(prefix ((wd: <http://www.wikidata.org/entity/>)

Uhttps://jena.apache.org/documentation/query/algebra.html
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(wdt: <http://www.wikidata.org/prop/direct/>))
(distinct

(project (?result)

(filter (!= ?result wd:Q69071)

(bgp

(triple wd:0696071 wdt:P50 ?author)

(triple ?author wdt:P800 ?result)

(triple ?result wdt:P921 wd:Q016003532)

))))))

Execution of SPARQL Queries Query engines that execute SPARQL queries are usually
called triple stores. Popular implementations are, for example, Virtuoso'?, Fuseki'® and
the tensor-based triple store Tentris'# (Bigerl et al., 2020). In addition, also popular RDF
frameworks such as Apache Jena'> and RDFLib'® are capable of indexing RDF graphs
and executing SPARQL queries. These SPARQL engines first translate a query into an
algebraic expression by mapping it to algebraic symbols. The translation process is carried
out iteratively by replacing graph patterns with operators in the appropriate algebra. Finally,
the algebraic expression is evaluated on a dataset, using the semantics of the introduced
operators, to generate a result set. We omit these details here, since the goal of this thesis is
only the generation of SPARQL query strings and refer to the according literature (Cyganiak,
2005; Pérez et al., 2009).!7

Knowledge Graphs for KGQA

In this thesis, we apply the knowledge graphs Wikidata, DBpedia, and Freebase for our

experiments on KGQA, which are presented in the upcoming paragraphs.

DBpedia DBpedia (Auer et al., 2007) is a knowledge graph that is automatically generated
from Wikipedia'®, by leveraging extraction frameworks. In the early stages of the project,
RDF data was extracted mainly from the structured elements of Wikipedia, such as infoboxes,
and from links between DBpedia pages or to external web pages. Later, the DBpedia
ontology was introduced, enabling the mapping of infobox terms to improve data quality.

Furthermore, additional extractors were introduced, for example, to extract person data or

2nttps://virtuoso.openlinksw.com/
Bhttps://jena.apache.org/documentation/fuseki2/
Bhttps://tentris.io/

Bhttps://jena.apache.org/

6https://github.com/RDFLib/rdflib
Thttps://www.w3.0rg/2001/sw/DataAccess/rq23/rq24-algebra.html
Bhttps://en.wikipedia.org/wiki/Main_Page
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to process disambiguation pages (Lehmann et al., 2015b). DBpedia is available in many
languages. The data is provided as RDF dumps'® and regular releases are published over
the DBpedia Databus platform (Hofer et al., 2020). Furthermore, a public triple store is
available, which can be accessed via SPARQL query language.?’

Freebase Freebase (Bollacker et al., 2008) was a publicly available knowledge graph
for storing human knowledge, launched by Metaweb in 2007 (later Metaweb was acquired
by Google). Similar to Wikidata, it was collaboratively maintained. The Freebase project
was stopped in 2016. However, the latest data is still available.?! Despite discontinuation,
Freebase remains important for benchmarking. Currently, the data is still used as a KG
for benchmarking datasets like WebQuestions (Berant et al., 2013) and GrailQA (Gu et al.,
2021) in the domain of KGQA.

Wikidata Wikidata (Vrandeci¢ and Krotzsch, 2014) is an open KG which is operated by
the Wikimedia Foundation.?” Different from DBpedia, it is not automatically generated.
Instead, the data and the schema are developed and controlled by the community, similar
to Wikipedia. As of 2026, Wikidata contains around 120 million items and is actively
maintained by thousands of contributors worldwide.?® In the beginning, the primary purpose
of Wikidata was to support Wikipedia’s development, especially to enrich articles with
data (Vrandeci¢ and Krotzsch, 2014). In later years, Wikidata was also used to support other
Wikimedia projects. Furthermore, after the Freebase project ended, the data was migrated
into Wikidata (Vrandeci¢ et al., 2023). Meanwhile, Wikidata is used as a knowledge
source in a wide range of research domains, such as NLP, the Semantic Web, and machine

learning.

Core Tasks in Knowledge Graph Question
Answering
In this section, we describe core tasks for the KGQA problem, including ranking and

retrieval, which are core techniques in many entity linking systems (Wu et al., 2020a; Zhang
et al., 2022c). Afterward, we describe the entity linking and key phrase extraction tasks, the

Yhttp://dev.dbpedia.org/Download_DBpedia
Onttps://dbpedia.org/spargl
2lnttps://developers.google.com/freebase
2nttps://wikimediafoundation.org/

23https ://www.wikidata.org/wiki/Wikidata:Statistics
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main components used in this thesis to extract relevant knowledge from the KG. Finally, we

describe semantic parsing as the main KGQA approach studied in this thesis.

Information Retrieval

Manning et al. (2008) defines information retrieval (IR) as the task of finding material
(usually documents) of an unstructured nature (usually text) that satisfies an information
need from within large collections (usually stored on computers). The input of a text-based
IR system is a query consisting of a sequence of words w1y, ...w, and the goal is to extract
a set of documents D’ from a text corpus D, such that for each d € D' the probability
P(d | g,D) is maximized (Ramos, 2003).

Traditional Approaches In the literature, various approaches exist for solving this prob-
lem. An early but still popular approach is TF-IDF (term frequency-inverse document
frequency) (Baeza-Yates and Ribeiro-Neto, 1999), which calculates the TF-IDF score for a
word w and a document d as follows:

wg=TF, - IDF,, ;= fya- log(‘D|> . (2.36)

/ / 7 f w,D

Here, f,, 4 is defined as the number of times a word w appears in the document d. The term
fw,p describes the number how many documents of the corpus D contain the word w and |D|
describes the size of the corpus. This weighting scheme gives higher scores to terms that are
frequent in a document but rare across the corpus. Finally, for a given query ¢ consisting of

words w;, a document d can be scored by calculating the sum over all w; 4 (Ramos, 2003):

score = Zw,"d . (2.37)

In practice, there exist many variations of TF-IDF. A popular extension is the BM25 (Robert-
son et al., 1994) algorithm. BM25 improves upon TF-IDF by addressing two issues: (1)
diminishing returns for term frequency (saturation), and (2) normalization over the document

length. BM25 applies the following scoring function:

Swa ki +1

‘ieldL :
Frathki-(1=b+b- et

BM25 =Y IDF, - (2.38)

fieldLen
avgFieldLen

to the average document length and applies the scaling parameter b. If the document

The expression 1 —b+b- calculates the relative length of a document compared

length is larger than the average score, the final score for the document is decreased, if
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it is smaller than the average length, the score is increased.”* Additionally frequency
saturation is applied, so that the an increase of f,, 4 only effects the score until a saturation
is reached. This is controlled by the parameter k. Lower values for k| lead to a quicker
saturation, higher values to a slower saturation.> In all these approaches, the input text
has to be segmented into words. To this end, a whitespace tokenizer can be applied as
already described in Section 2.1. A drawback of these approaches is that queries and
documents are only compared at the word level, which is not always sufficient, as queries
and documents can contain synonyms such as skill and competence that cannot be mapped
directly. Additionally, it is possible that words in a query do not exactly match the terms in
a document, even when there is a connection; for example, the terms index and search-index
refer to the same concept. To solve this, often synonym dictionaries and weak matching
approaches are applied.

Neural Approaches In recent years, neural approaches for information retrieval have
become increasingly popular. They apply neural network architectures to represent queries
and documents. Especially the introduction of encoder-based language models such as
BERT (Devlin et al., 2019) led to the development of neural IR approaches that outperform
traditional systems (Nogueira and Cho, 2019), as these approaches are capable of capturing
the contexts of terms in queries and documents, enabling the handling of synonyms and

ambiguous terms. LLM-based information retrieval is usually implemented as a two-stage

Bi-Encoder
LM-Encoder
Query —>

Tokenizer

Document—»

Encoder

Figure 2.6: LM-based Bi-Encoder

approach: a retrieval step (also referred to as first-stage retrieval), followed by a re-ranking
step (Guo et al., 2022). In the retrieval step, the task is to extract the top n documents from

the entire document corpus D. In this context, n is usually set to 30, 100, or even 1.000

Mnttps://www.elastic.co/blog/practical-bm25-part-2-the-bm25-algorithm-a
nd-its-variables

Bhttps://www.elastic.co/guide/en/elasticsearch/qguide/current/pluggable-s
imilarites.html
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documents. This step is usually solved with a bi-encoder module (Peng et al., 2022). This
bi-encoder generates an embedding for the query and document independently by applying
an encoder-based LM. The workflow is described in Figure 2.6. For a given document d
and a query ¢, g and d are tokenized. Afterward, the tokenized sequences Q,,x and D, are
independently encoded by the LM using a Query-Encoder and a Document-Encoder. Both
functions apply an LLM-based encoder model to generate sequence embeddings Q7 and Dr
for all input tokens in Q7. and D;,;. Both functions can be the same, but can also append
additional tokens, or perform a transformation on the input tensors before generating Qr
and Dy. More formal, for a an encoder model F and the tokenized query sequence Qr,x of

length [, and D7, of length /4, the sequence embeddings Q7 and Dy are computed as
Or = F(Qrok) and Dy = F(Dryy) - (2.39)

The results are sequence embeddings of size l; X dyoqe for Q7 and Iy X dyge for Dy. For
computing scores, a single-vector representation is required. For this, a pooling function is
applied to generate the embeddings of QOg,,;, and Dg,,;. To represent the whole sequence,
BERT’s pooling mechanism is applied, which performs a linear projection on the [CLS]

token embedding. (see Section 2.2.5). The query embedding Qg and the document

embedding is computed as:
Qemp = O, W and Dgyp = D, W, (2.40)

where W € Rmodet < dmodel of QOr and Dr. Furthermore, additional dense layers can be included
in the pooling step to compute additional features. The final score is obtained by computing
the dot Product between Qr and Dy

Score = Qgmp - Demp - (2.41)

This architecture enables generating document embeddings offline. Thus, at inference time,
only the query embeddings need to be computed, and documents can be retrieved using
k-nearest neighbors (KNN) on the document embeddings computed offline (Peng et al.,
2022).

In the second step, usually called re-ranking, the goal is to order the documents extracted
by the retrieval step by assigning final scores. To this end, a cross-encoder architecture is

applied.

Unlike the bi-encoder , the cross-encoder concatenates the input sequences from queries
and documents. After tokenization, the joint tokens Jr,; are encoded by the LM-Encoder.
Similar to the bi-encoder, a pooling step is applied to generate the embedding of the [CLS]
token. The formal computation of Jg,,;, is the same as that of Dg,,;, and Qg,,; in the bi-
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Figure 2.7: LM-based Cross-Encoder

Query

Docume

encoder . Since only a single vector is computed, a different scoring mechanism is required.

For this, a linear projection is used to obtain a scalar value as the final cross-encoder score:
Score = Jgu Wy, (2.42)

where W, € Rémodei*1 ig the linear layer as described in Figure 2.7.

In general, cross-encoders achieve a higher accuracy compared to bi-encoders at the cost of
a higher complexity, as they have to execute forward passes for all query document pairs
at inference time, while bi-encoders only have to compute embeddings for input queries,
since document embeddings can be precomputed, reducing retrieval to a nearest-neighbor
search (Chiu and Shinzato, 2022; Peng et al., 2022). Further details about the training
process of the presented neural ranking models are presented in Chapter 5.

Entity Linking and Keyphrase Extraction

The entity linking task traditionally involves two main steps: (I) named entity recognition
and (II) entity disambiguation, as described in the following sections. The goal is first to
annotate entities such as persons, locations, and organizations in an input document and, in
a second step, to link those entities to identifiers in a KG. The set of target entities Eg of
classical entity linking systems is usually the set of resources R of a knowledge graph G
without the set of classes Cg:

Ec =R\ Cg. (2.43)

Named Entity Recognition (NER) Named entity recognition identifies and extracts
entity mentions (e.g., people, organizations, locations) from text. Given a document
D = (11,2, ,1), consisting of k tokens from the input vocabulary Vj,, the goal is to
identify a subset of tokens M = mj,my,--- ,m; representing entity mentions. The NER
function maps D to a list of entity mention spans M (Sevgili et al., 2022):

NER:C — M". (2.44)
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In practice, this problem is modeled as a sequence-to-sequence task as described in Sec-
tion 2.1, meaning that for an input document D, a new sequence with the same length is
predicted. The output vocabulary V,,, = {B,I, 0} contains the tags from the BIO-tagging
scheme, where B denotes that a token is the beginning of a named entity, / denotes that a
token is inside an entity, and O that a token is outside of an entity (Keraghel et al., 2024).
For example, for the token sequence "North,Rine,-, Westphalia,is,a, state,in, Germany" the

sequence "B,1,1,1,0,0,0,0,B" is the target output sequence.

In the next step, the entity mentions can be extracted from the original sequence based on the
predicted output sequence, such as [North, Rine, -, Westphalia] and [Germany]. Finally, for
each mention, an entity type is predicted. Among others, common named entity types are
Location (LOC),Person (PER),and Organization (ORG). In our example, the
type Location (LOC) would be annotated for both entity mentions. Popular supervised
approaches for the NER task include traditional sequence-to-sequence machine learning
models such as hidden Markov models (HMMSs), conditional random fields (CRFs), and
LSTMs. However, with the rise of Transformer-based LLMs, LLM-based approaches
became the leading approach for NER (Keraghel et al., 2024).

Entity Disambiguation (ED) Entity disambiguation is the task of resolving any potential
ambiguities of entity mentions extracted by a NER system, by linking each mention m;
to the correct entity e; in a knowledge graph, using similarity measures and contextual

information (Sevgili et al., 2022):
ED: [(my,---,m,)] — (e1,---,e,) with (e1,--- ,e,) € Eg. (2.45)

For example, the entity mention "North Rhine-Westphalia” can be mapped to the Wikidata
entity wd : 011 98 and the mention Germany to wd : 01 83. This process is usually solved
as a two-step approach, as described in Figure 2.8. In a first step, a set of candidate entity
links is extracted from a retrieval index by applying IR. The retrieval index contains all
entities represented in verbalized form, for instance, by composing documents from entity
surface forms and textual descriptions. In a second step, a final disambiguation maps
each candidate mention to one of the candidate entities. In practice, ED is a challenging
task because each step depends on the output of previous ones; the process fails if the
correct entity is missing from the candidate set or if the provided context is insufficient for

disambiguation.

End-to-End Entity Linking Alternative approaches describe EL as an end-to-end task
by omitting the NER step. This joint modeling avoids error propagation from the NER

component to disambiguation. These frameworks are usually separated into a retrieval and a
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Figure 2.8: Entity Disambiguation

reading phase, such that the retrieval step extracts candidate entities directly from the input
sequence. Afterward, the reader identifies mentions in the original input sequence for each
candidate and applies re-ranking to obtain the final mention-entity mapping (Zhang et al.,
2022c).

As an alternative, the reader can also apply a generative LLM, which takes the candidates
and the original sequence as input and predicts a new sequence with annotated entities,
including links (De Cao et al., 2021).

Keyphrase Extraction A related task to NER is keyphrase extraction, where the goal is
to generate a set of keyphrases K = {k;,k, ...,k } that describe an input document D (Hasan
and Ng, 2014). Unlike NER, keyphrase prediction is not limited to extracting phrases
from the text; it also includes the generation of phrases that do not necessarily appear
verbatim in the source text, which is often denoted as keyphrase generation. For instance,
the abbreviation "NRW" is a valid keyword for the input text "North Rhine-Westphalia is
a state in Germany". Keyphrase extraction also plays a vital role in information retrieval,
as keywords can serve as a summary of the text, helping retrieve documents by removing
many filler words and unimportant information from the query. Keyphrase extraction is
usually solved in two steps: in the first, a list of candidate keyphrases is generated, and in
the second step, these candidate keyphrases are ranked using supervised or unsupervised
ranking approaches (Hasan and Ng, 2014). In this thesis, we show that the disambiguation
process of an EL system can also be applied to keyphrases rather than mentions to extract

additional information. We will further discuss this in Chapter 6.
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2.4.3 Semantic Parsing

A semantic parsing KGQA system answers natural language user questions on a KG by
translating the input question into an executable query (Lan et al., 2021). Semantic parsing
requires translating the input query into the target query language, e.g, SPARQL (Section
2.3.1). This translation is challenging because: (1) questions are often ambiguous, (2) the
formal query language is complex, and (3) the mapping requires understanding both natural
language and graph structure. The expressiveness of SPARQL enables answering various
types of questions, such as factoid questions with a single answer, and those that require one
or multiple hops through the KG. Other queries can extract one or more entities or literals
from the KG that satisfy specific restrictions to answer questions such as "Which Bundesliga
teams are located in Bavaria?". Furthermore, certain queries are boolean questions that
require a binary response, such as true or false. This can comprise one or multiple facts in
the KG. Finally, aggregate queries enable answering questions that require counting, such
as "How many Oscars has Leonardo DiCaprio received?", as well as superlative queries,

such as "What is the highest building in Europe?".

In general, semantic parsing involves the four steps presented in Figure 2.9: Question
processing, knowledge extraction, query generation, and answer generation, potentially
followed by an optional verbalization step. The question processing step employs NLP
techniques such as keyphrase extraction, named entity recognition, and answer type detection
to the input question (Lan et al., 2021). The knowledge extraction step retrieves the relevant
information from the KG based on the output from the query processing step. It includes
entities, relations, and types as described in Section 2.4.4. Other options include extracting
complete triples from the KG to generate a subgraph or retrieving triple patterns with the

support of a triple store.

In the query generation step, one or multiple candidate queries are generated. These queries
are executed on a triple store to retrieve answers. In cases of multiple queries, this also
includes an answer-ranking step. For the query generation step, we will utilize two different
approaches in this thesis. The first approach applies text classification to map queries to a
set of predefined query templates and is presented in Chapter 8. The other approach is a

sequence-to-sequence approach based on fine-tuned LLMs and is described in Chapter 7.

Within a QA system, an additional verbalization step can be applied to enhance a natural
interaction with the user. We discuss verbalization approaches in detail in the Chapters 3
and 10.

As described in Figure 2.9, output from one of the steps is not only used in the follow-up
processing step, but can also be forwarded to steps later in the pipeline. This forwarding is
especially useful to provide further context for different processing steps.
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Figure 2.9: Knowledge Graph Question Answering Process

KG information is usually provided in two forms: In a triple store and as a retrieval
index. The retrieval index is used to store literal information from the set L; of a KG G,
as introduced in Section 2.3. This enables the application of entity linking and retrieval
techniques to map textual information from questions to G. The triple store is a graph
database, as described in Section 2.3.1, used to execute the final queries, but can also be

used to extract triples or query patterns during the knowledge extraction step.

Knowledge Extraction for Semantic Parsing

The primary focus of this thesis is the implementation of the query processing and the
knowledge extraction step, and evaluating the influence of these two steps on the rest of
the KGQA pipeline. Figure 2.10 shows a possible connection between the input question,

the KG, and the expected output query for the example question "Which other paintings
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Mona Lisa Question: Which other paintings were
(wd:Q12418) created by the painter of the Mona Lisa?

University of Florence
(wd:Q820887)

e

educated at (wdt:P69)

notable work
(wdt:P800)

Leonardo
da Vinc|
(wd:Q762)

notable work
(wdt:P800)

notable work
(wdt:P800)

birth place
(wdt:P19)

SELECT WHERE {
?painter wdt:P800 wd:Q12418
?painter wdt:P800 .
FILTER (?answer != wd:Q12418)

Vinci -
(wd:Q82884)

Figure 2.10: KGQA Challenge

were created by the painter of the Mona Lisa?". To answer this question, two hops have to

be executed. Here, the entity "Mona Lisa" describes the query entity. The query entity is

directly mentioned in the input question and can be extracted by an entity linking system.

The edge "notable work" between the entities "Mona Lisa"” and "Leonardo Da Vinci"
describes the edge for the first hop represented by the first triple pattern in the query. The
second hop applies the same edge to find the other "notable works" for "Leonardo da Vinci"
as described by the second triple pattern. Finally, a filter is applied to ensure that the query

entity "Mona Lisa" is excluded from the result set.

The small example already shows that the resources that have to be extracted from the KG
are not always explicitly mentioned in the input question. This, and the fact that questions
are usually relatively short texts with only a small amount of context, make knowledge
extraction for semantic parsing a challenging task. Importantly, classical entity linking
focuses only on entities mentioned explicitly in a text. However, KGQA requires linking
to properties and types that are often implicit, posing additional challenges. The classical
definition of entity linking is limited to entities mentioned explicitly in an input sequence,

and the target entities of the disambiguation step are limited to the set E,, which does not
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include the set of classes Cg and properties P of a knowledge graph G as described in
Section 2.3. Consequently, traditional EL-disambiguation approaches have to be updated to
extract KG resources from the sets R¢ for additional type extraction and from Pg for property
extraction, which are usually denoted as relations in this context. This combined task is
referred to as joint entity and relation linking (ERL) (Dubey et al., 2018). Additionally, we
will adapt LLM-based keyphrase extraction methods to address the challenge of extracting
implicitly mentioned KG resources and properties within the ERL task.

Evaluation Metrics

In this section, we present performance metrics used for evaluating entity linking, ranking,
and question answering approaches. Furthermore, we present measurements for evaluating

text similarity, which are important for the evaluation of answer verbalization approaches.

Precision, recall, and F1 (Powers, 2011) measures are commonly used for evaluating entity
linking and question answering approaches. These measures are computed based on a

two-class confusion matrix:

True Values
Correct False
= True False
2 Correct o .
k> Positive (TP)  Positive (FP)
=
£
= False True
False ) .
Negative(FN) Negative(TN)

The precision is defined as:
TP
Precision = ———— 2.46
recision = - TFP (2.40)
and measures the fraction of all correctly predicted instances among all predicted instances.

The recall is defined as:
TP

TP+FN

and measures the fraction of all correctly predicted instances among all correct instances.

Recall =

Finally, F1 measure is defined as the harmonic mean of the precision and recall:

Precision - Recall
Fl1 =2

. ) 2.47
Precision + Recall ( )

F1 balances precision and recall, giving equal weight to both. It is particularly useful when

classes are imbalanced.
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In the context of entity linking, there exist two different ways to compute these measures.
Firstly, in the micro setup, these measures are calculated across all entities in the dataset in
a single step. In the macro setup, scores are calculated per document, and the final score is
computed as the average of all individual document scores. Micro-averaging is preferred
for imbalanced datasets where the overall performance is important. Macro-averaging is
preferred when all instances should be treated equally, regardless of frequency. Furthermore,
many papers report scores only for entities in the target KG (in-wiki). In this case, the scores
are denoted as In-KG scores (Roder et al., 2018).

The definitions of macro- and micro-scores are similar across the KGQA tasks. Here, the
instances used for scoring are the gold answers from the KGQA datasets and the predicted
answers from the KGQA systems. For some datasets from the QALD Challenges?®, it
is common to also report the F1 score specifically for those questions where the KGQA
system generated an answer. This metric is referred to as the QALD F1 score (Usbeck et al.,
2019).

For ranking algorithms, the task is to extract the top n documents from a text corpus. To this
end, in addition to the previously described scores, the MRR score can be computed, which
is defined as:

MRR =1 i 1 , (2.48)

di=ri

where d is the set of queries and r; is the rank of the first relevant document of the i —th
query (Schwartz, 2021). This measure focuses on the rank rather than the number of
correctly or incorrectly extracted documents, as the rank plays a crucial role in information
retrieval. MRR heavily weights top-ranked documents in the prediction. A top-ranked
document contributes with a value of 1.0, while a document at position 10 only contributes

with a value of 0.1.

In the context of automatic evaluation for text generation, generated outputs are compared
against ground-truth references from a benchmark. To this end, we employ the BLEU and
METEOR scores, which are described below.

Bilingual Evaluation Understudy (BLEU) (Papineni et al., 2002) : This metric mea-
sures the n-gram overlap between generated sentences and ground-truth references. The
BLEU metric also includes a brevity penalty based on the lengths of the reference and
generated sentences, penalizing when the generated text is shorter than the reference text.
The brevity penalty is calculated over the whole corpus to avoid penalizing shorter sentences.
The BLEU score ranges from O to 1, where 1 is the best score, indicating that the reference

and generated text are identical.

nttps: //www.nliwod.org/challenge
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Formally, for a sentence s and a set of reference sentences C, BLEU first calculates the
modified n-gram precision, based on the set of matched n-grams R between s and all
sentences in C:

pn — ZRGC ZV!ER Countdip (n) . (249)

Y rec Lner Count (n)

Here, the Count,;,() function counts an n-gram in the candidate sequence only as many

times as it appears in the reference sequence. The brevity penalty is calculated based on the

length of a candidate sentence /; and a reference sentence /, as:

1, if Iy > I,
BP = (2.50)
et <L,

Finally, BLEU is calculated as:

N
BLEU:BP-exp(an-log(pn)> ) (2.51)
n=1

with N denoting the maximum n-gram length of N and w,, as positive weights summing to
1 (Papineni et al., 2002).

Metric for Evaluation of Translation with Explicit Ordering (METEOR) The METEOR
score was introduced by Banerjee and Lavie (2005) and evaluates the similarity between
the hypothesis (i.e., generated text) and the reference text by considering chunks of text.
Unlike other metrics, METEOR can incorporate semantic similarity, accounting for similar
words rather than just exact matches. Different from BLEU, METEOR emphasizes recall
over precision (9:1 ratio), making it more lenient toward verbosity but stricter on omissions.
METEOR calculates the harmonic mean of precision and recall and counts exact word
matches between the hypothesis and the reference. Additionally, it penalizes incorrect
word order, as the order of words in a sentence is essential for grammatical correctness
and meaning. In the first step, METEOR calculates an alignment between the unigrams in
the candidate and the reference texts. This is done in multiple stages that apply different
processing pipelines, starting with exact matches and then applying stemming and synonym
identification. After alignment is complete, the unigram precision P and recall R are

calculated. The harmonic mean between P and R is calculated as:

10PR

—_— 2.52
R+9P 2.52)

mean —
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To take into account longer matches, the fewest possible number of chunks in the candidate
sequence is calculated, and a penalty is computed. The penalty and final METEOR scores
are computed as:

#chunks 3
Penalty = 0.5- ( ) d 2.53
enaty #unigrams_matched n ( )
METEOR = Feqn - (1 — Penalty) . (2.54)
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3.1

3.1.1

State of the Art

This chapter summarizes the related work in all research areas with respect to our research
questions. The first part outlines current developments in knowledge extraction, provid-
ing the methodological basis for retrieving relevant information from a KG for question
answering. This includes information retrieval, entity linking, and keyphrase extraction. In
the second part, we describe the state of the art in question answering, primarily semantic
parsing approaches. This includes traditional approaches and neural LLM-based approaches.

Furthermore, we describe multi-KG query generation and verbalization approaches.

Knowledge Extraction

In this section, we describe the state of the art of the core technologies used in this thesis for
extracting KG knowledge for question answering. These concepts were already introduced
in section 2.4 and comprise the topics information retrieval, entity linking, and keyphrase

extraction.

Information Retrieval and Noise-driven Optimization

The goal of information retrieval is to retrieve a set of relevant documents from a large
corpus given an input query, as introduced in Section 2.4.1. Traditional retrieval systems
rely on term-based retrieval approaches, such as TF-IDF and BM25. These techniques are
also implemented in many popular search frameworks such as Apache Lucene (Bialecki
etal., 2012) and Elasticsearch!. Traditional term-based retrieval techniques have drawbacks,
such as polysemy, synonymy, and lexical gaps (Hambarde and Proenga, 2023), limiting their
performance. These limitations encouraged the development of neural approaches, which
are the primary focus of this thesis. Within this section, we describe the state of the art in the
area of neural ranking and retrieval. Furthermore, we summarize noise-driven optimization
methods, since one goal of this thesis is to investigate, if these methods can improve the

robustness of neural retrieval and ranking approaches as described in chapter 5.

https://www.elastic.co/

49


https://www.elastic.co/

50

Neural Ranking and Retrieval Recent advancements in the development of LL.Ms have
significantly contributed to the area of information retrieval, which is commonly distributed
into a retrieval and re-ranking stage (Hambarde and Proenca, 2023) as already discussed
within section 2.4.1. For instance, Reimers and Gurevych (2019) introduced Sentence-BERT,
a model that generates semantically meaningful sentence embeddings using a Siamese net-
work structure, enabling efficient semantic similarity comparisons and clustering. The
effectiveness of fine-tuning BERT for passage re-ranking, achieving state-of-the-art results
on the MS MARCO passage retrieval task, has been demonstrated by Nogueira and Cho
(2019). Wang et al. (2022) proposed ES, a family of text embeddings trained through
contrastive learning on a large-scale text pair dataset, achieving strong performance in tasks
requiring single-vector text representations. More recently, Déjean et al. (2024) explored
the comparative strengths of cross-encoder rerankers and large language models (LLMs),
shedding light on trade-offs between efficiency and ranking effectiveness in different re-
trieval settings. Since the development of Large Language Models (LLMs) is currently
dominated by decoder-based architectures like GPT, Ma et al. (2024) proposed a two-stage
IR framework, fine-tuning bi-encoder and cross-encoder variants of LLaMA. Instead of
using a prepended [CLS] token for the sequence representation, they use the embedding of
the last token because LLaMA uses an unidirectional attention mechanism. Unlike classical
indexing-based approaches, a new branch of approaches aims to train LLMs directly to
predict identifiers (Chen et al., 2022; Tay et al., 2022), which requires representing docu-
ment identifiers so they can be memorized by LLMs. For re-ranking, also unsupervised
prompt-based approaches were developed (Zhu et al., 2025). For instance, Sun et al. (2023)
prompts an LLM to rank documents given an input query.

These information retrieval methods also play a crucial role in entity linking. For instance,
Zhang et al. (2022c¢) introduced EntQA, which reformulates entity linking as a question
answering problem, combining dense retrieval and reading comprehension to enhance men-
tion disambiguation. Similarly, Wu et al. (2020b) proposed a dense retrieval-based entity
linking approach that improves ranking precision by leveraging powerful transformer-based
encoders. While most of these works focus on incorporating sophisticated architectures
to train more effective ranking models, considering the loss landscape to achieve better

generalization is relatively underexplored.

Noise-driven Optimization. Adding noise to the gradient descent approach has been widely
explored in the literature for its ability to enhance optimization in non-convex settings by
introducing noise into the gradient descent process (Jin et al., 2017, 2021; Polyak and
Tsybakov, 1990; Smith et al., 2020; Zhou et al., 2019). For instance, Smith et al. (2020)
demonstrated that the noise inherent in SGD helps converge to minima with lower curvature,
leading to better generalization. Similar findings were reported by Zhang et al. (2019a),
who empirically demonstrated that the tendency of SGD to find flatter minima is inherently
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linked to its stochastic nature. Moreover, the work of Bradley and Gomez-Uribe (2021)
has established a connection between the level of noise in SGD (influenced by factors such
as batch size and learning rate) and its ability to find flat minima, thereby improving the
generalization of models. Jin et al. (2017) demonstrated that escaping saddle points can be
achieved by discretizing Langevin dynamics (Fogedby, 1994), where noise contributes to
diffusion. Zhou et al. (2019) further showed that parameter perturbations during optimization
help escape spurious local minima in non-convex settings. Adding noise before gradient
computation, initially used for smoothing non-smooth convex objectives (Nesterov and
Spokoiny, 2017; Polyak and Tsybakov, 1990), has also shown promise in non-convex
scenarios by biasing optimization toward flatter minima, which enhances generalization (Liu
etal.,2021a; Orvieto et al., 2022). The link between flat minima and better generalization has
been extensively highlighted by Keskar et al. (2017) and Chaudhari et al. (2019). However,
traditional methods rely on uncorrelated perturbations, which may hinder convergence or
result in suboptimal optimization paths. Anticorrelated noise has emerged as a promising

alternative, further biasing optimization towards flatter minima (Orvieto et al., 2022).

Although a vast amount of work has been done exploring the usage of introducing noise
to the gradient descent approach, either in parameters or in labels, most of the work has
focused on vision-related tasks. This approach has been relatively less explored in the NLP

domain.

Entity Linking

Entity linking typically involves two phases: named entity recognition and entity disam-
biguation, as described in Section 2.4.2. During the NER phase, many existing approaches
use standard named entity recognition to identify relevant spans in text. In the disambigua-
tion phase, candidate entities are generated from a knowledge graph and linked to their
most appropriate matches, often using information retrieval approaches as described earlier.
In the literature, many entity linking systems focus only on the disambiguation phase by
relying on existing named entity spans, while others describe end-to-end pipelines. In the

following, we describe state-of-the-art approaches from both of these research directions.

Disambiguation Approaches Traditional non-neural approaches, such as MAG (Mous-
sallem et al., 2018), rely on pre-built indices for effective entity disambiguation. For
example, MAG employs five specialized indices (surface forms, personal names, rare
references, acronyms, and contextual information) to retrieve candidate entities. To refine
the candidate set, MAG applies an additional rule-based filtering step. Finally, MAG gener-
ates a subgraph based on the retrieved candidates and applies the HITS (Kleinberg, 1999)

3.1 Knowledge Extraction
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algorithm to compute the final entity annotations. In contrast, DoSeR (Zwicklbauer et al.,
2016) incorporates text-based retrieval with surface forms, a Word2Vec embedding model,
and a priori probabilities derived from occurrence frequencies. For candidate generation,
it employs a similar candidate-expansion strategy to MAG. Other approaches, such as
Mulang et al. (2020), introduce context information to the input sequence in the form of
verbalized triples extracted from the knowledge graph. Meanwhile, Raiman and Raiman
(2018) incorporates type information into the disambiguation process to improve accuracy.
Moreover, BLINK (Wu et al., 2020a) adopts an embedding-centric approach to candidate
generation, employing a bi-encoder to generate representations for both candidates and
mentions. Entity search within the index is executed through KNN-Search based on context
embedding vectors. Other methods, similar to BLINK, such as Lai et al. (2022), combine
text-based retrieval with deep neural embedding models for entity disambiguation.

Alternatively, Parravicini et al. (2019) propose an embedding-based approach, where node
embeddings, derived using the word2vec algorithm, assess vertex similarity. This method
involves evaluating candidates using tuples, where each tuple associates a candidate entity
with its corresponding mentions in the document. A global similarity score, calculated from
these node embeddings, determines the score for each tuple. In contrast, some approaches
use re-ranker models to compute embeddings, taking into account both the mention’s context
and candidate entities. These models employ a feedforward layer to re-rank candidates (Lai
et al., 2022; Wu et al., 2020a). Lastly, Xin et al. (2024) introduced the first framework
relying on LLM-based context augmentation for entity disambiguation, focusing solely on
enhancing the context of entity mentions without addressing NER. This method, however,

is computationally intensive because it requires augmenting each mention individually.

End-to-End Entity Linking Unlike the traditional two-step entity linking pipeline, recent
approaches omit the NER step and directly extract or annotate entity candidates from the
target KG. These approaches often employ fine-tuned autoregressive models (Zhang et al.,
2022c). An early work from Kolitsas et al. (2018) integrates word and entity embeddings
based on Word2Vec and and an LSTM (Hochreiter and Schmidhuber, 1997) to incorporate
contextual information to predict mention-entity pairs. Furthermore, van Hulst et al. (2020)

introduced an approach that predicts coherence scores to align entity annotations.

Different from these early methods, modern entity linking methods mainly apply fine-tuned
LLMs for this task. For instance, the GENRE framework (De Cao et al., 2021) leverages a
fine-tuned BART model for autoregressive annotation of input sequences, using an offline
prefix trie derived from Wikipedia titles and applies constrained decoding to reduce the
search space. In contrast, EntQA (Zhang et al., 2022c) uses a vector-based search index
similar to BLINK to identify entities within the input sequence. During the disambiguation
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phase, it computes candidate spans for each entity and selects the highest-scored candidate
for linking. Our work presented in chapter 4 differs from these methods by addressing the
entire entity linking pipeline, including NER. It introduces an LLM-based augmentation

approach to improve entity disambiguation, particularly on out-of-domain datasets.

Keyphrase Extraction

In this thesis, we use unsupervised approaches to extract keyphrases and implicitly men-
tioned KG resources from questions, which can also be denoted as absent-keyphrase extrac-
tion. Consequently, we summarize the state of the art in these two research directions.

Unsupervised Keyphrase Extraction Several approaches have recently been developed
for extracting keyphrases in an unsupervised setting without the need for annotated data. For
example, statistical approaches such as TF-IDF and YAKE (Campos et al., 2020) compute
statistical features (e.g., word frequencies and co-occurrences) to find meaningful words as
candidates for present keyphrases. Moreover, graph-based approaches like TextRank (Mihal-
cea and Tarau, 2004) construct a graph representation of text, where words are represented
as nodes and their co-occurrences as edges. Thereafter, a node ranking algorithm (e.g.,
PageRank) is used to sort words and return top-k words as candidate keyphrases. Bougouin
et al. (2013) proposed TopicRank, a graph-based approach similar to TextRank. In the first
step, candidate phrases are clustered into topics and then ranked based on their importance

in the document.

Recent studies have demonstrated that embedding-based models can achieve significant
results in extracting keyphrases. For example, the EmbedRank (Bennani-Smires et al., 2018)
approach uses part-of-speech tags to extract potential keyphrases from an input document.
Furthermore, EmbedRank uses a pretrained embedding model to represent both phrases and
an input document as low-dimensional vectors. Candidate keyphrases are ranked based on
their cosine similarity scores with the document’s embedding vector. Although pretrained
language models have shown promising performances for extracting present keyphrases,
they have failed to generate absent keyphrases from their lexical corpus. Furthermore, Liang
et al. (2021) noted that embedding-based models ignore local information within a document.
Accordingly, they developed a jointly trained model to incorporate both global and local
document context. In the global view, their approach represents candidate keyphrases and
the input document as low-dimensional vectors in a single semantic space. After that, the
similarity between each candidate keyphrase and the document is computed. In the local

context, the authors built a graph structure based on the document context, where nodes
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represent phrases and edges represent their similarities. Finally, the output keyphrases are

ranked based on this global and local information.

Absent Keyphrase Extraction Many previous approaches rely on sequence-to-sequence
models with an encoder-decoder architecture to generate absent keyphrases (Chen et al.,
2019). By doing so, sequence-to-sequence models can decode not only keyphrases that
appear in source text, but also those that may be absent, i.e. keyphrases that are not explicitly
mentioned in the text. However, additional mechanisms need to be integrated to improve
the generation of absent keyphrases. For example, Ye et al. (2021) applied a graph neural
network (GNN) to capture knowledge from related references in scholarly publications. A
neural topic model is employed by Wang et al. (2019) to expand the context of the decoding
component to generate more absent keyphrases.

It is noteworthy that Zhao et al. (2021) achieved significant results in extracting keyphrases
by dividing this task into two sub-tasks: Present keyphrase extraction and absent keyphrase
generation. Furthermore, the authors propose a multitask approach to select, guide, and
generate keyphrases. In the select module, the authors use a BILSTM to predict whether a
sentence has a keyphrase or not. Then, a guider network is employed to leverage attention
information and memorize the selector’s predictions. Finally, this information is fed to a
generator network to generate absent keyphrases by selecting words from both the source
text and a predefined vocabulary. In addition to these fully-supervised approaches, some
unsupervised methods have achieved promising results in generating keyphrases without
the need for labeled data. Shen et al. (2022) observed that many keyphrases absent from an
input document appeared in other related documents. Therefore, they constructed a phrase
bank of all keyphrases in a corpus. Then, they identified present keyphrases in relevant
documents as candidates for absent keyphrases for the input document. In addition, they
employed present keyphrases as silver labels to train a sequence-to-sequence model. Finally,
all keyphrases (both present and absent) were ranked based on their lexical and semantic

similarity to an input document.

Knowledge Graph Question Answering

The second part of our research focuses on the KGQA task. For KGQA there exist two
different kind of approaches namely retrieval-based approaches and semantic parsing (Wu
et al., 2019). Retrieval-based approaches first retrieve the relevant context in form of a
subgraph (Ding et al., 2024) and try to answer input questions based on the extracted context.
In contrast, semantic parsing approaches convert an input question into an executable query,

which is then run against a triple store to retrieve the final answer. This thesis mainly
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targets semantic parsing, thus we focus on query generation approaches within this section.
Additionally, this thesis aims to compare classical and LLM-based KGQA approaches
and to develop a method for generating queries across multiple knowledge graphs. As an
application of semantic parsing KGQA, we also target the use case of answer verbalization,
which can enable a more human-like interaction with users. Consequently, we summarize

related works for all these research directions within this section.

Traditional Approaches

Traditional approaches often rely on rule-based processing pipelines to generate SPARQL
queries. An early rule-based approach is gAnswer2 (Zou et al., 2014), which treats se-
mantic parsing as a subgraph-matching problem. Also following the rule-based paradigm,
QAnswer (Diefenbach et al., 2020) utilizes the semantics embedded in the underlying
KG (DBpedia and Wikidata) and employs a combinatorial approach to create SPARQL
queries from natural language questions. QAnswer produces an extensive set of candidate
SPARQL queries, which necessitates learning an effective ranking model from large-scale
training datasets. Commonly both approaches try to utilize the structure of the KG for
query generation. In contrast to this approach, other popular approaches rely on SPARQL
templates for query generation. One example is the approach of Hao et al. (2018), which
introduced a pattern-revising QA system for answering simple questions. It relies on pattern
extraction and joint fact selection, enhanced by relation detection, to rank candidate subject-
relation pairs. NEQA (Abujabal et al., 2018) is a template-based KGQA system, which
uses a continuous learning paradigm to answer questions from unseen domains. Apart from
using a similarity-based approach for template matching, it also relies on user feedback to
improve over time. Since it relies on active learning of sub-parts, it may miss the semantic
connections between question parts. Also, since many templates are learned, it can fail
to generalize well to other domains or KB structures. Another approach from Zheng
and Zhang (2019) uses structural query patterns, a coarse-granular version of SPARQL
basic graph patterns, which are later augmented with different query forms and thus can
also generate SPARQL query modifiers. The closest work to our approach, as presented
in Chapter 8, is the one by Athreya et al. (2020). By using a tree-based RNN to learn
templates directly from LC-QuAD v1, the system becomes closely coupled to its specific
SPARQL structures, thereby limiting its generalizability to different KGs or datasets. Next
to supervised learning approaches, unsupervised and traditional approaches have also been
developed. An example for these branch of approaches is QAMP (Vakulenko et al., 2019),
which implements an unsupervised message-passing system that uses a simple approach to

information extraction. QAMP outperforms QAnswer on LC-QuAD v1.
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Overall, traditional approaches lack performance compare to modern LLM-based ap-
proaches. One of the main shortcomings is the adaption to new datasets and KGs, since
this often requires to update rule-based pipelines. Furthermore, questions often include a
lot of implicit information, which makes the extraction of KG resources challenging for

traditional term-based retrieval pipelines.

LLM-based approaches

In recent years, LLM-based approaches have become the leading technology for question
answering over knowledge graphs. In general, there are two different kinds of approaches,
namely fine-tuning and prompting with generative LLMs, which are described below. Works
based on fine-tuning, such as the approaches of Borroto et al. (2021) and Banerjee et al.
(2022) treat the query generation problem as a translation problem. The task is to translate a
natural language question into a SPARQL query. As inputs, these models use the question
itself, along with linked knowledge such as entities and relations from the knowledge
graph (Banerjee et al., 2022). The target of the query prediction is usually a SPARQL query.
Flipped relations are a common problem in query generation, since entities can be placed
either at the head or the tail of a triple pattern. Su et al. (2024a) solves this problem by
applying triplet-order-sensitive pretraining. Another limitation is the reliance of benchmarks
on predefined templates for query construction, which hinders the ability of fine-tuned
models to generalize to novel query structures. To mitigate this, Diallo and Zouaq (2025)
augment natural language questions with structured semantic information, by applying a

frame detection approach, to improve generalization.

Other approaches iteratively predict and rank queries as S-expressions (Shu et al., 2022; Ye
et al., 2022). For example, the RnG-KBQA (Ye et al., 2022) framework combines ranking
and query generation to predict queries. Unlike translation-based approaches for Wikidata
question answering, candidate queries are generated and introduced into the generation
model. Other approaches, such as Pangu (Gu et al., 2023), construct queries by iteratively
extending and ranking a set of query sub-plans. These models share the characteristic of
computing a large number of sub-plans, which demand significant resources in terms of

GPU memory and time, making an end-to-end implementation usually unavailable.

As an alternative to fine-tuning, large generative LLLMs enable query generation via prompt-
ing. In this context, techniques such as retrieval-augmented generation are used to extract
knowledge from the KG. A popular approach in this context is to retrieve similar queries
from the benchmark’s training split and incorporate them as examples into the prompt. This
enables the LLM to leverage these patterns to generate a query with a similar structure.

An early approach in this direction from Kovriguina et al. (2023) uses a set of guiding
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examples and augment these examples with subgraph information. However, their results
show that this approach does not outperform existing fine-tuning approaches. One of
the state-of-the-art approaches in the area of prompt-based query generation from Zahera
et al. (2024) applies the chain-of-thought technique. It generates prompts based on the
KG context, which includes entities, relations, and an example query retrieved from the
training data. To find similar question-query pairs k-means clustering is used to group
similar questions into clusters, based on LLM-based text embeddings. At inference time,
each cluster is represented by a single question-query pair and the most similar example is
chosen as input for the prompt. More recently Walter and Bast (2025) developed a zero-shot
SPARQL generation framework for question answering. It provides multiple functions for
the interaction between the LLM and the KG, which includes searching for entities, relations,
objects, or triples, but also for finding similar queries as discussed earlier. Furthermore, also
the introduction of feedback is investigated. Their results show impressive improvements
for the SPARQL generation task. However, these kind of technique also requires many

LLM calls, which makes it slower compared to most fine-tuning-based approaches.

Query Generation on Multiple Knowledge Graphs

Since the inception of the semantic web, various methods have been developed for semantic
parsing across multiple or interlinked knowledge graphs. One early method, PowerAqua
by Lopez et al. (2006), uses semantic similarity between ontology terms and user queries
to generate query triples, which are used by an inference engine to retrieve answers. The
updated version of Lopez et al. (2012) works on large KGs like DBpedia® but struggles with
scalability, performance, and effectiveness, especially with large-scale data, complex queries,
and the integration of data from different ontologies, requiring significant effort for updates
and maintenance. SINA, introduced by Shekarpour and Auer (2014), is a data-semantics-
aware keyword search approach that converts natural language and keyword queries into
SPARQL queries to access interlinked KGs in the Linked Open Data Cloud?. It uses a
hidden Markov model for query disambiguation and resource identification, leveraging the
topology of linked data to construct federated SPARQL queries for information retrieval
from multiple KGs. However, this process is computationally complex, and the keyword-
based approach can overlook the question’s syntax. Another approach by Zhang et al.
(2016) employs a rule-based method to handle queries across multiple KGs by identifying
resources, forming triple patterns, aligning variables, and performing joint inference to

create accurate SPARQL queries. However, string matching for entity linking can lead to

Zhttps://www.dbpedia.org/
3https://lod-cloud.net/
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mismatches and missed entities, since it cannot disambiguate similar names or accurately

handle naming variations.

Similar to single KG sematic parsing, more recent approaches adapted neural networks for
multi-KG query generation. For instance MULTIQUE (Bhutani et al., 2020) uses neural
networks for semantic parsing to handle complex queries by combining curated and extracted
KGs. These approaches rely heavily on textual data, making it challenging to manage and
computationally expensive to extract relevant information on demand. Neelam et al. (2022)
introduced SYGMA, which streamlines query generation through KG-agnostic Question
Understanding and KG-specific Question Mapping & Reasoning. It uses abstract meaning
representation to generate a KG-agnostic lambda expression based on the transformer model.
This expression is refined with specific KB details before being converted into a SPARQL
query using a rule-based system. SYGMA’s modular design aids generalization but is
sensitive to individual module performance, particularly relation linking. Another popular
approach to deal with multiple isolated datasets is to apply federated learning (Zhang et al.,
2022b; Zhu et al., 2023). Following this idea, Chen et al. (2021) present an approach
for federate learning over heterogeneous question answering datasets. The core idea is
to first learn local models for each individual dataset and then learn a global model by
aggregating the local model updates, such that training data does not need to be uploaded to
a global server, which preserves the privacy of training data. With the development of larger
LLMs also RAG-based approaches became popular for question answering on multiple
KGs. Specifically, Emonet et al. (2025) developed an RAG-based approach for federated
query generation across multiple SPARQL endpoints, leveraging indexed metadata and

exemplary queries retrieved from the respective sources.

Answer Verbalization

To verbalize answers from KGQA systems, common approaches consider an encoder-
decoder architecture. For example, the VOGUE framework (Kacupaj et al., 2021b) takes
inputs from both the question and the logical form via a dual-encoder model. These inputs
are then combined via cross-attention, and a hybrid decoder generates the final natural-
language sequence. Recent text generation methods use pretrained language models like
T5 (Raffel et al., 2020) and BART (Lewis et al., 2020a) for various NLP tasks. For instance,
Montella et al. (2022) applied transfer learning with pretrained models such as TS5 and
BART to verbalize answers from KGQA systems, using questions and answers as inputs.
They also applied a masking technique to improve the generalization of test datasets. Their
results indicate that transfer learning improves answer verbalization performance compared
to the VOGUE model.
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Contextual Augmentation for
Entity Linking using Large
Language Models

This chapter contributes to the following research questions:

* RQ: What methods can be used to predict knowledge that is implicit rather than

explicitly expressed in questions?

* RQy: How can LLM-based augmentation enhance the performance of entity linking

systems?

In this context, an LLM-based contextual augmentation approach for expanding entity
mentions is implemented and evaluated. Additionally, a joint model for NER and ED is
developed and evaluated against an alternative end-to-end model. The content is based on
our work Vollmers et al. (2025¢), where the author designed, implemented, and evaluated

the approach and co-wrote the corresponding paper.

Overview

Entity linking (EL), as introduced in Section 2.4.2, is an essential step in the pipeline of most
KGQA systems, enabling linking entities mentioned in the question to KGs. An important

challenge in linking entities for KGQA is that questions are usually short texts containing

only one or two entities. At the same time, state-of-the-art EL systems such as De Cao et al.

(2021) and Zhang et al. (2022c) rely on the context of an entity mention to generate a vector
representation of the entity mention or the input sequence. The problem of a short context
window is that traditional methods often struggle to handle long-tail entities, such as rare or
polysemous entities, making it difficult to accurately disambiguate them when there is only

minimal contextual information in the input sequence (Jiang et al., 2021).

For example, consider the entity "Jaguar"”. In a general context, "Jaguar" could refer to the
animal, the car brand, or even a sports team. However, in a domain-specific context, such
as a biology research paper, "Jaguar” would most likely refer to the animal. Traditional

methods often struggle with such nuances, leading to frequent disambiguation errors. For
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instance, in the sentence "Angelina met her partner Brad and her father Jon in AK", the
use of first names alone introduces significant ambiguity, complicating the entity linking

process.

In this chapter, we propose an LLM-based augmentation strategy to enrich the context
of entity mentions to improve the disambiguation performance. Our approach expands
entity mentions by prompting the LLM to extend them to their canonical Wikipedia titles,
thereby replacing ambiguous entity spans with more explicit, linkable ones. For example,
the spans "Angelina”, "Brad" and "Jon" should be expanded to "Angelina Jolie", "Brad
Pitt" and "Jon Voight”. Additionally, our strategy replaces abbreviations such as "AK" for
the state of Alaska with the full name "Alaska". To link entities in out-of-domain datasets,
we use an autoregressive model (De Cao et al., 2021) that generates entity names token
by token based on context. This approach allows the model to adapt to new or unseen
entities by leveraging surrounding text, thereby improving the accuracy of identifying
and linking entities absent from the training data. We conducted several experiments on
different benchmarks to evaluate the performance of our approach against various baselines.
Specifically, we experimented with two models: an end-to-end model that directly links
entities and a traditional two-step approach that first identifies entity spans, before applying

the disambiguation step.

At this stage, we evaluate the augmentation approach on the classical entity linking setup
described in Section 2.4.2 and on traditional entity linking datasets. In a later step, we will
combine the augmentation with keyphrase generation and neural ranking to implement an

effective linking approach for questions.

The evaluation results for the classical EL setup demonstrate that our approach significantly
outperforms baselines by a large margin across the benchmarking datasets. We summarize

the main contributions in this chapter as follows:

* We propose an LLM-based entity linking approach that leverages zero-shot prompting,

achieving state-of-the-art results across most out-of-domain evaluation datasets.

* We evaluate different LLM-based augmentation strategies for entity linking and

compare their effectiveness across the two-step and end-to-end approaches.

* We evaluate the performance of a joint entity recognition and disambiguation model

and compare it with end-to-end EL models.

» We make our source code and fine-tuned models publicly available on GitHub.!

11’1ttps ://github.com/dice—-group/AugmentedEL
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Figure 4.1: The architecture of our approach, including joint fine-tuning and LLM-based
augmentation.

Approach

This section outlines our approach for entity linking using a fine-tuned TS5 model and
contextual augmentation using LLMs. In this chapter we use the classical task definition
of entity linking as described in Section 2.4.2. First, we provide a description of our ap-

proach with the main components, including: Named Entity Recognition (NER),
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LLM-based Augmentation,Entity Disambiguation (ED), andthe Joint
Fine-tuning of (NER&ED). Afterward, we describe our strategy to mitigate LLM
hallucination and the ablations of our approach to assess the performance of LLM-based

augmentation. The architecture of our approach can be derived from Figure 4.1.

Architecture

We employ the T5 model as the foundation architecture in our approach and fine-tune
it on NER and ED tasks. This joint fine-tuning enables our model to leverage shared
knowledge across both tasks, thereby improving overall performance. The following

sections summarize the main components of our approach.

Named Entity Recognition We use the T5 model with a transformer architecture to
capture contextual information from both preceding and succeeding text. Furthermore, the
T5 model treats the NER task as a text-to-text problem, where both the input and the output
are sequences of text. Initially, the input text is tokenized and processed by the model’s
encoder, which generates contextual embeddings based on surrounding words. The decoder

then uses these embeddings to produce an output sequence with entity tags.

In our approach, we fine-tune the T5 model on annotated datasets with entity annotations,
enabling it to learn accurate tagging based on context. For instance, the sentence "Angelina
met her partner Brad and her father Jon in AK" is transformed into "[BEGIN_ENT]
Angelina [END_ENT] met her partner [BEGIN_ENT] Brad [END_ENT] and her father
[BEGIN_ENT] Jon [END_ENT] in [BEGIN_ENT] AK [END_ENT]".

In this output, "Angelina”, "Brad", "Jon", and "AK" are recognized as entities and marked

with an annotation tag.

LLM-based Augmentation To further augment the NER process, we employ the LlaMA-
3 model to perform contextual augmentation on mention spans and expand on the entities
detected by the NER step. The core idea is to replace ambiguous or incomplete entity
mentions with more precise and recognizable forms, such as full names or specific titles.
This is achieved by prompting the LlaMA-3 model to generate these extended forms based
on the given context. Our prompt includes a structured input with the entity mention and its
surrounding context. For example, consider the entity mention "Angelina” in the sentence:
"Angelina met her partner Brad and her father Jon in AK." . We prompt the LIaMA-3

model to expand entity mentions as follows:
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LLM Prompt

Expand the following entity mention ’Angelina’ and
abbreviations ’AK’ based on the context:

context: "Angelina met her partner Brad and her father
Jon in AK."

In response, the LlaMA-3 model expands the entities (e.g., "Angelina"—: "Angelina Jolie"
and for the abbreviation "AK"— "Alaska". This approach allows us to replace ambiguous
mentions with their more specific counterparts, thereby improving the ability of the model

to link entities in the follow-up entity disambiguation step.

Entity Disambiguation Entity disambiguation is crucial for resolving ambiguities when
multiple entities share the same name. In our approach, the T5 model addresses this by
encoding the context around an entity mention and producing a representation that captures
both semantic (e.g., word meaning) and syntactic (e.g., sentence structure) information to
determine the correct entity based on the surrounding text. Then, it decodes this representa-
tion to predict the correct entity from a set of candidates, using attention mechanisms to
focus on relevant parts of the input text. Formally, given a context C, the model generates
an output sequence 7 with entity mentions m € M" and their corresponding URIs e € E",
represented by their titles in a target knowledge graph. The output structure is defined as:

[BEGIN_ENT] m [END_ENT][title(e)], @.1n
where m € M" denotes an entity mention and e € E” represents the associate URI.

Unlike traditional methods, our approach is unique in that it leverages a single T5 model to
perform NER and ED in sequence. First, the TS5 model generates an intermediate sequence
I for NER:

I = [BEGIN_ENT] m [END_ENT]|m € M". 4.2)

Afterward, it predicts the target output based on the NER step’s output. At inference time,
the target output is expanded by our augmentation strategy as presented in section 4.2.1.

Jointly Fine-tuning (NER & ED) To fine-tune the T5 model for both NER and entity
disambiguation, we create two distinct training sets: one for NER and another for disam-
biguation. For the NER task, the input is a text sequence without annotations, appended with
the suffix "target_ner". The target sequence is the same text with annotated entity mentions,

as detailed in Section 4.2.1. For the disambiguation task, the input is a text sequence with
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annotated entities, appended with the suffix "target_el", and the target sequence includes

the corresponding Wikipedia entity labels, as described in section 4.2.1.

We combine the NER and disambiguation samples into a single dataset and jointly fine-tune
the model for both tasks. Additionally, we integrate the NER and entity disambiguation
tasks within a unified framework (see Figure 4.1). This integration enhances the robustness
and accuracy of our approach for identifying and disambiguating entities, thereby improving

entity linking performance.

Mitigating LLMs Hallucination

During our implementation, we found that LLM hallucination is a critical problem, es-
pecially in the augmentation and disambiguation phase. In the disambiguation step, the
LLM model occasionally predicts labels that do not exist in Wikipedia. To avoid this,
we generated a dictionary that maps all Wikipedia titles to their URIs. By applying this
dictionary, we can omit all annotations that do not have an exact match in the dictionary. In
the augmentation step, hallucination occurs when the LLM model provides augmentations
for spans that do not exist in the sequence or are not annotated by the NER step. To avoid
misleading expansions, we only consider those spans for expansion that precisely match one
of the annotated spans from the NER step. Unlike the augmentation and disambiguation

steps, we did not encounter problems with hallucination in the NER step.

Ablations

We conducted various ablations of our model to evaluate the impact of augmentation in

different setups of EL models, as follows:

End-to-End Foundational Model Recent studies focus on developing entity linking mod-
els that omit the mention detection step and directly predict the entity set (De Cao et al.,
2021; Zhang et al., 2022c¢). In the end-to-end (E2E) approach, an expanded set of entities is
used to compute E” for the context C directly.

To set up the end-to-end approach, we trained our TS5 model to directly predict the target
sequence T from the input context C. This approach aligns with the experimental setup
of De Cao et al. (2021) for end-to-end entity linking. However, our implementation uses
the T5-base model rather than the BART model. We selected the T5-base model due to its

superior performance without requiring a prefix trie. Additionally, we use an augmentation
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strategy with two inference steps for the model: first, the model identifies entity mentions
to be expanded, then performs final entity disambiguation. After the first step, we extract
entity mentions from the output sequence, ignoring the predicted titles. Subsequently, we
use the same LLLM prompt, as presented in Section 4.2.1, to find possible expansions. To
integrate these expansions into the sequence, we replace mentions with their expanded forms,

omitting the tags used to annotate entity mentions, similar to the foundational model.

NER Augmentation To improve the performance of our Entity linking system, we intro-
duce an LLM prompt to find additional entity spans in the input texts. We use the following
instructions to guide the LLLM in finding accurate entity spans from the input text:

LLM Prompt

Please generate one list with all entities from the
following text in JSON format, excluding numbers. Do
not format the json output:

context: "Angelina met her partner Brad and her father
Jon in AK."

We then apply a regular expression, similar to the first expansion strategy, to extract the new
entity spans. Since we cannot rely on specified indices in the LLM output, we only consider
spans that exactly match the original input sequence. To avoid overlapping annotations,
we order the newly extracted spans by length in descending order and add expansions only

where no surrounding annotation is present.

Alternative NER Approaches We conducted experiments using the state-of-the-art NER
framework Flair (Akbik et al., 2019) for the mention detection step. Additionally, we
experimented with a hybrid approach that employs an end-to-end foundational model for

mention detection and then introduces those entities into the disambiguation step.

Experiments

We conducted our experiments to answer RQ,: How can LLM-based augmentation enhance
the performance of entity linking systems?. The experiments also contribute to RQ;: What
methods can be used to predict knowledge that is implicit rather than explicitly expressed in
questions?. This is because contextual augmentation is used to predict additional implicit
knowledge about entities. For a detailed analysis, we divide this question into the following

subquestions:
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S1 How well does the presented approach perform compared to state-of-the-art baselines?
S, How does the LLM-based augmentation impact foundational models?

S3 Which augmentation strategy works best?

Experimental Setup

We fine-tuned the TS5 model as a foundational model on the KILT dataset. The fine-tuning
was conducted on four NVIDIA A100 GPUs, each with 40GB of memory, for one week.
Following this, we further trained the model on the AIDA-train dataset for up to 125 epochs
with an early stopping strategy. We used the AIDA-test-A split as the development set. We
chose the base version of the T5 model since its size is comparable to the models used
by baseline approaches. The TS5 implementation was obtained from Hugging Face?. Our
training setup mirrors that of the baseline approaches; no additional datasets were used
for further training. The end-to-end foundational model, as detailed in Section 4.3, was
trained under the same conditions. For inference, we deployed the foundational model and
the LLM for the augmentation strategy on a separate machine equipped with two NVIDIA
H100 GPUs. This setup enabled the use of large models such as LlaMA-3 with 70 billion

parameters.

Evaluation

We conducted our experiments using the GERBIL framework (Rdder et al., 2018), which
benchmarks entity linking on various datasets. We configured an A2KB experiment and
integrated our approach as a web service. We report the InKG micro-F1 scores, a standard
metric in the literature. This metric considers only entities with a corresponding link in the
target knowledge graph, thereby excluding out-of-wiki entities from the evaluation (Roder
et al., 2018). For our baseline experiments, we focused only on approaches evaluated in
an end-to-end setup, including NER. This inclusion is critical, as NER output significantly

affects entity disambiguation performance.

Datasets

To measure the performance on the end-to-end entity linking task, we rely on commonly
used datasets from the literature (De Cao et al., 2021; Zhang et al., 2022c). These datasets

2https://huggingface.co/docs/transformers/model_doc/t5

Chapter 4 Contextual Augmentation for Entity Linking using Large Language
Models


https://huggingface.co/docs/transformers/model_doc/t5

444

Table 4.1: Dataset Statistics

Dataset #InKG entities #Docs
AIDA-test-B 4,485 230
Der 201 183
KORE 50 139 48
MSNBC 737 20
N3-Reuters-128 626 115
N3-RSS-500 515 425
OKE-2015 481 100
OKE-2016 221 55

are: AIDA-test-B (Hoffart et al., 2011) (AIDA), Derczynski (Derczynski et al., 2015)
(DER), KORE 50 (Hoffart et al., 2012) (K50), MSNBC, NS3-Reuters-128, NS3-Reuters-
500 (Roder et al., 2014) (R-128,R-500), and the OKE challenge datasets OKE-2015 and
OKE-2016 (Nuzzolese et al., 2015). Table 4.1 provides detailed statistics of these datasets,
including the number of entities that have a corresponding entry in the knowledge graph
(#InKG entities) and the number of documents (#Docs). The AIDA-test-B dataset contains
the largest number of entities with corresponding entries in the knowledge graph. Given
that our models are trained on the AIDA-train dataset, AIDA-test-B serves as an in-domain
dataset. All other datasets are considered out-of-domain. As knowledge source, we used the
2019-Wikidata-dump from the KILT dataset’, which is commonly used by state-of-the-art

entity linking systems.

Comparison to Baseline Approaches (S;)

In this section, we compare the performance of our model against state-of-the-art baselines
across various datasets. We obtained the baseline scores from Zhang et al. (2022c). Our
evaluation focuses on three setups that demonstrate the most stable results: the foundational
T5 model with entity span expansion (T5(ygg£p)), @ combination of the T5 model with
the Flair framework for NER (Flair & T5gp)), and an end-to-end TS ablation model
(Section 4.3) with span expansion (E2E T5).

Table 4.2 reports the evaluation results across all datasets. Unlike traditional entity linking
systems such as Hoffart et al. (2011) and van Hulst et al. (2020), which use separate
components for span detection and entity disambiguation, our models do not generate
candidate entity sets. Instead, we use the fine-tuned T5 models with LLM-augmentation

for entity expansions for contextual information. Our model achieves the best performance

3https://github.com/facebookresearch/KILT
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Table 4.2: Performance comparison against baseline approaches using InKG micro F1
(S1). TS gp) is fine-tuned for Entity disambiguation, while T5 \gr+Ep) 1s jointly
fine-tuned for both NER and disambiguation. The best result is highlighted in
bold.

(a) Results on AIDA, MSNBC, Der, and K50

Approach AIDA MSNBC Der K50
Hoffart et al. (2011) 72.8 65.1 326 554
Steinmetz and Sack (2013) 42.3 30.9 26.5 46.8
Moro et al. (2014) 48.5 39.7 29.8 559
Kolitsas et al. (2018) 82.4 72.4 341 352
van Hulst et al. (2020) 80.5 72.4 41.1 50.7
De Cao et al. (2021) 83.7 73.7 54.1 60.7
Zhang et al. (2022c¢) 85.8 72.1 529 64.5
Flair & TS5 gp) 71.4 61.3 51.6 72.7
T5 (NER+ED) 71.6 69.3 55.7 70.6
E2E T5 69.0 64.2 537 643

(b) Results on R-128, R-500, OKE 2015, OKE 2016, and Average

Approach R-128 R-500 OKE 2015 OKE 2016 | Avg.
Hoffart et al. (2011) 46.4 424 63.1 0.00 47.2
Steinmetz and Sack (2013)  18.1 20.5 46.2 46.4 34.7
Moro et al. (2014) 23.0 29.1 41.9 37.7 38.2
Kolitsas et al. (2018) 50.3 38.2 61.9 52.7 534
van Hulst et al. (2020) 49.9 35.0 63.1 58.3 56.4
De Cao et al. (2021) 46.7 40.3 56.1 50.0 58.2
Zhang et al. (2022¢) 54.1 41.9 61.1 51.3 60.5
Flair & TS5 gp) 54.5 56.3 66.6 61.5 62.0
T5(NER+ED) 51.7 56.6 59.4 58.5 61.7
E2E T5 51.9 57.3 61.6 58.4 60.1

on all datasets except from AIDA and MSNBC. On the MSNBC dataset, our model’s
performance is comparable to the state of the art. However, we observed a performance
drop on the in-domain AIDA-test-B dataset compared to the baselines. Interestingly, the
expansion strategy is less effective on the AIDA and MSNBC datasets. This might be
because our foundational models were trained on the AIDA data, so the expansion did
not provide substantial new contextual information for the input sequences. The MSNBC
dataset, which includes 20 news articles, is similar to the in-domain AIDA-test-B dataset.
The other datasets often contain much shorter texts with fewer entities and are not exclusively

based on news articles.
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Our findings indicate that the greater the difference between a dataset and our training data,
the better our model performs relative to the baselines. Notably, on the highly ambiguous
KORE 50 dataset, our joint mention detection and disambiguation strategy improves the F1
score by over 6 percentage points, increasing to an 8-point gain when integrated with the
third-party Flair NER framework.

Evaluation of Foundational Models (S,)

To address this question, we evaluated the performance of various foundational models,
especially TS5, and investigate how our LLM-based augmentation strategy affects their
performance. We employ the LlaMA-3 model for entity expansion (e.g., "Angelina” to

"Angelina Jolie") to facilitate entity disambiguation, as described in Section 4.4.6.

Table 4.3 reports the evaluation results for this experiment. We employed the same models
as in the previous section, along with the mixed foundational model (Mixed Model) pre-
sented in 4.3. By analyzing the results of both the foundational models and those enhanced
with our expansion strategy, we observed significant improvements on most out-of-domain
datasets. The augmented version of the traditional setup, which separates mention detection
and evaluation, outperforms the augmented end-to-end model on five out of eight datasets.
For the other three datasets, the performance difference between the two setups was neg-
ligible. However, without augmentation, the end-to-end model generally performs better
than the traditional setup. This finding suggests that our LLM-based entity expansion is
particularly effective with a traditional setup for disambiguating and enables linking entities

to knowledge graphs more accurately.

Evaluation of Augmentation Strategies (S3)

Table 4.4 shows the results for the two augmentation strategies —mention expansion and
NER expansion— for both the foundational model (T5ngr+Ep)) and the combination of
Flair and the foundational model (Flair & TS(ED)). As previously described, the mention
expansion consistently improves the performance of the entity linking system. Conversely,
the NER expansion strategy shows variable efficacy across some datasets. While it enhances
performance on some datasets, it underperforms relative to standalone mention expansion
on others. This variation in performance may originate from differences in annotation
strategies across datasets. On the Der dataset, results are notably inconsistent. The NER
expansion strategy identifies more entities than are accounted for in the benchmark, which

degrades performance relative to the foundational model and other strategies.
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Table 4.3: Comparison of different foundational models (S;). The first four rows present
the results when no augmentation strategy is applied. The other rows present
results when the entity expansion strategy (Section 4.2.1) is applied. The best
result is highlighted in bold.

(a) Results on AIDA, MSNBC, Der, and K50

Model AIDA MSNBC Der K50
Flair & T5gp) 735 670 488 500
T5(NER+ED) 674 615 539 50.0
E2E T5 630 630 504 49.6
Mixed Model 668 619 535 485
Flair & T5gp) aug. 714 613 516 727
T5(NER+ED) AUE- 716 693 557 706
E2E T5 aug. 69.0 642 537 643

Mixed Model aug. 69.0 63.1 55.0 69.6

(b) Results on R-128, R-500, OKE 2015, OKE 2016, and Average

Model R-128 R-500 OKE 2015 OKE 2016 | Avg.
Flair & T5(gp) 410 551 58.9 55.0 56.2
TS (NER+ED) 476 552 55.9 56.0 56.0
E2E T5 49.1 568 56.1 56.5 56.1
Mixed Model 492 553 56.8 50.0 55.2
Flair & T5(gp) aug. 545 56.3 66.6 61.5 62.0
TS (NER+ED) 2UE- 517 566 59.4 58.5 61.7
E2E T5 aug. 519 573 61.6 58.4 60.1
Mixed Model aug. 523  58.1 60.6 53.5 60.2

To further explore this issue, we conducted an additional experiment using only the LLM
expansion strategy for entity extraction, labeled as "LLM-only" in Table 4.4. The results
indicate that the LL.M-only strategy performs well on short texts in the KORE 50 dataset
but underperforms on other datasets when not combined with the TS5 model. We retain
the T5 model for predicting final identifiers, since using mention expansion alone led to

hallucinations, making many predicted identifiers untraceable in the title dictionary.

Comparison of Different LLM Models

As an additional experiment, we evaluated which LLM models perform best for our ex-
pansion strategy on entity mentions. We evaluated models of various sizes to assess the
impact of parameter scale on performance. The LlaMA-3 model with 70 billion parameters

performed best among all other models. Our results demonstrate that the effectiveness of
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Table 4.4: Evaluation of different augmentation strategies (S3). Models with NER-exp
use both NER and mention expansion, whereas other models use only mention

expansion. The best result is highlighted in bold.

(a) Results on AIDA, MSNBC, Der, and K50

Model AIDA MSNBC Der K50
TS (NER+ED) 71.6 693 557 706
TS (NER+ED)> NER-exp 68.0 703 374 69.3
Flair & T5gp) 714 613 516 727
Flair & T5(gp), NER-exp. 674 570  37.1 761
LLM-only 637 626 364 75.1

(b) Results on R-128, R-500, OKE 2015, OKE 2016, and Average

Model R-128 R-500 OKE 2015 OKE 2016 | Avg.
T5 (NER+ED) 51.7 566 59.4 585 61.7
T5 (NeR+ED)> NER-exp 53.0 454 44.6 57.4 55.7
Flair & T5gp) 545 563 66.6 61.5 62.0
Flair & T5(gp), NER-exp. 517 46.5 62.8 61.2 575
LLM-only 493 473 61.7 59.6 57.0

Table 4.5: Comparison of different models for the expansion. The best result is highlighted

in bold.

(a) Results on AIDA, MSNBC, Der, and K50

Model AIDA MSNBC Der K50
LlaMA-370B  71.6 69.3 55.7 170.6
LlaMA-3 8B 69.6 67.7 532 533
LlaMA-270B  70.2 68.1 515 579
LlaMA-2 7B 70.3 70.0 53.0 515
Mistral 70.7 67.5 542 483

(b) Results on R-128, R-500, OKE 2015, OKE 2016, and Average

Model R-128 R-500 OKE 2015 OKE 2016 | Avg.
LlaMA-370B  51.7 56.6 59.4 58.5 61.7
LlaMA-3 8B 48.1 54.7 53.5 49.1 56.2
LlaMA-270B  48.2 57.4 57.2 50.5 57.6
LlaMA-2 7B 47.7 54.7 55.6 54.3 57.1
Mistral 47.6 56.1 56.1 56.1 57.1

the expansion strategy scales with the number of model parameters. The Mistral and the
LIaMA-3 model with 8 billion parameters achieve similar performance. The main reason

for the difference in performance is that the larger models produce more stable outputs than
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the smaller ones. In the larger models, the JSON output usually has quite similar formatting
across all documents. In comparison, in the smaller models, the JSON output was slightly
different from document to document, making it hard to extract the expansions from the
output. Furthermore, the output was not always complete, as some entities were missing,

especially in larger sequences.

Limitations

Similar to the approach of De Cao et al. (2021), we use Wikipedia as the main knowledge
source, where unique titles facilitate entity identification. However, many knowledge
graphs, such as Wikidata (Vrandeci¢ and Krotzsch, 2014) do not provide unique entity
labels. Existing benchmarks and training datasets are also based on Wikipedia, making
text-based features sufficient for efficient entity linking. However, within knowledge graphs,
the graph-based structure is crucial for disambiguation. For instance, the German state
of Berlin and the city of Berlin share the same label but are distinct entities, making
interconnected entities crucial for disambiguation. The current benchmarking datasets used
for evaluation are outdated and do not address newer challenges, such as predicting rare
entities. Additionally, it is unclear to what extent these datasets have been included in the
training data of current LLMs. Therefore, future research should focus on developing new

datasets that also address the limitations of modern LLMs.

Conclusion

In this chapter, we presented our approach for entity linking using a jointly fine-tuned
model and LLM-based contextual augmentation. In particular, our approach employs a
fine-tuned TS model that integrates NER and disambiguation tasks into a unified framework,
reducing resource demands compared to separate models for each task. Although this setup
may slightly degrade performance, our experiments showed that the resulting performance
loss is marginal, mainly due to unseen entities. Furthermore, our approach leverages
the LlaMA-3-70B model to expand entity mentions with contextual augmentation. The
evaluation results demonstrate that LLM-based augmentation significantly improves the
performance on out-of-domain datasets, achieving state-of-the-art results compared to
traditional two-step methods (i.e., entity recognition and disambiguation). Our experiment
with different-sized LLMs has shown that larger LLLMs perform better than smaller ones for
context augmentation, producing more consistent output with fewer variations. Evaluating

LLM-based disambiguation strategies for rare entities remains a key area for future research.
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This task necessitates the development of new benchmark datasets, as current resources

primarily target well-known entities.

In the context of this thesis, we will apply the introduced techniques for contextual aug-
mentation to expand the context of questions. Since semantic parsing for KGs also requires
predicting knowledge that is not explicitly mentioned in a question (Section 2.4.3), we
will also introduce techniques to improve the robustness of retrieving information from the
KG and apply LLMs to predict terms from the KG in the form of keyphrases, to extract

additional knowledge, which can be used as additional context for a question.

4.6 Conclusion
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5.1

Evaluating Noisy Optimization
in Fine-tuning LMs for Neural
Ranking

This chapter describes an approach for improving the robustness of neural retrieval and
ranking methods introduced in Section 2.4.1. In the context of this thesis, this approach
is employed to implement knowledge extraction pipelines, which are used to answer the

following research questions:

* RQ: What methods can be used to predict knowledge that is implicit rather than

explicitly expressed in questions?

* RQs: How can LLM-based entity linking approaches improve the performance for

extracting KG-knowledge for questions?

To improve the robustness of LM-based encoder models, noise is introduced into the model
parameters during the fine-tuning process. Different noise injection strategies are applied
to the parameters of the model to evaluate whether they can improve its robustness. The
content is based on Vollmers et al. (2026), where the author co-designed, implemented, and

co-evaluated the approach and co-wrote the corresponding research paper.

Overview

As presented in Chapter 2, ranking models are an essential component within KGQA and
entity linking systems, especially for retrieving candidate entities or relations from a KG.
In Section 2.4.1, we have introduced two popular neural ranking architectures, namely
bi-encoder and cross-encoder. Existing research has primarily focused on improving these
neural architectures (Yamada et al., 2020), leveraging zero-shot learning (Sil et al., 2018),
and incorporating external features like entity types and priors (Fang et al., 2019; Ganea
and Hofmann, 2017; Zhang et al., 2020). However, less attention is paid to the optimization
techniques used during training to fine-tune the models. More specifically, adaptive optimiz-

ers like Adam often face challenges such as local minima and saddle points, particularly in

75



76

high-dimensional, sparse, and imbalanced datasets, leading to suboptimal rankings (Kun-
stner et al., 2024). This can essentially reduce the model’s overall effectiveness. In this
chapter, we explore noise injection into model parameters, building upon existing work that
utilizes this technique to improve generalization (Jin et al., 2017, 2021; Liu et al., 2021a;
Orvieto et al., 2022, 2023; Polyak and Tsybakov, 1990; Zhou et al., 2019). Essentially,
our goal is to address saddle point issues and achieve faster convergence towards better-
generalized models by applying noise injection to the parameters during fine-tuning of
the ranking models. The role of noise in the optimization step, particularly in stochastic
gradient descent (SGD) (Robbins, 1951), has been a subject of extensive study, particularly
in its impact on generalization (Jin et al., 2017, 2021; Polyak and Tsybakov, 1990; Zhou
et al., 2019). It is widely recognized that the intrinsic stochastic noise in SGD, arising from
minibatch sampling, tends to guide the optimization process towards flatter minima, which
are generally associated with better generalization performance. A recent work by Orvieto
et al. (2023) proved that noise injection during optimization can lead to better performance
in vision models. Although such techniques have been extensively explored in the ML
domain (Liu et al., 2021a; Orvieto et al., 2022), to the best of our knowledge, they have not

yet been applied to information retrieval, particularly for ranking models.

In this chapter, we study the effect of injecting noise into the parameters of bi-encoder and
cross-encoder models during fine-tuning to improve ranking task performance. More
specifically, we inject noise into the model parameters after the backpropagation step but
prior to the weight update. To this end, we first introduce the formal notion of parameter-
level noise injection by considering three distinct approaches: (i) uncorrelated noise, (ii)
anticorrelated noise based on previously added noise, and (iii) anticorrelated noise leveraging
the loss gradient. We introduce an algorithm that incorporates these noise injection strategies
directly into the parameter optimization process. Additionally, for ranking tasks, we study
the effect of noise injection on the pairwise loss, in addition to applying noise injection and
using cross-entropy loss. To this end, we also formally show that adding Gaussian noise to
the parameters of the model in the optimization step, while considering pairwise loss, can

work as an explicit regularization.

Apart from theoretical studies and formalizations, we perform extensive evaluation by
applying our noise injection on the model parameters while optimizing them with the Adam
optimizer (Kingma and Ba, 2015). To this end, we conduct an extensive evaluation to
demonstrate the effectiveness of noise injection for ranking models, considering both the
cross-entropy and pairwise losses. Our evaluations suggest that introducing noise into
the optimization process can accelerate convergence and help avoid overfitting. Most
importantly, we find that noise injection leads to substantial improvement in terms of recall.

Our contribution in this work can be summarized as follows.
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* We formalize three different noise injection approaches for the Adam optimizer used

in ranking models.

* We introduce noise injection approaches that leverage pairwise ranking loss, specifi-
cally adapted to ranking tasks.

* We empirically evaluate several noise injection approaches for the Adam optimizer

across bi-encoder and cross-encoder models trained on four ranking datasets.

* We give a comparative analysis showing the effectiveness of different noise injection

approaches.

* Our code is publicly available.!

5.2 Methodology

In our work, we insert noise into the model parameters immediately after backpropagation,
but prior to the weight update during training. Specifically, given a training sample x(*),
the model first predicts an output (), and let us assume the original output is y. After
computing the loss L($1),y) = $() — y()the gradient of the loss is computed, i.e., the
backpropagation step is applied. Thereafter, we insert the noise into the parameters. This
noise herein is added before updating the parameters using the moment estimates, allowing
us to perturb the parameter space. After inserting the noise, the Adam optimizer is applied
to update the model parameters. However, this update is now performed considering the
noise-injected parameters, thereby allowing the optimizer to explore parameter regions it
might not have otherwise encountered. As mentioned in previous work (Orvieto et al., 2023),
this approach can escape from sharp minima and guide the training trajectory toward flatter,

more generalizable solutions. Next, we formalize different noise injection strategies.

Noise Injection In our work, we inject noise by perturbing the parameters of the encoder
components, namely, the query and candidate encoders in a dual bi-encoder as introduced
by Wu et al. (2020a), and the shared language model in ES (Wang et al., 2022). For the
cross-encoder model, we consider the parameters of both the language model and the scoring
function. To this end, the parameters of a ranking model, including the encoder and the
scoring function, are denoted as 6,.> Herein, we consider three different types of noise

injection approaches: (i) uncorrelated noise, (ii) anticorrelated noise using the previous

https://github.com/dice-group/RobustRanking
ZNote that, for simplicity, we write language model while describing noise injection mechanism for the rest of
the paper.
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term, and (iii) anticorrelated noise using the gradient. Each of these is discussed in detail

below.

Uncorrelated Noise Injection In this case, a standard Gaussian distribution is used to
generate noise with mean zero and standard deviation 1 (which in this case is an identity
vector I), therefore, the distribution is defined as ¢(0,I). After generating the noise, it is
added to the parameters during the optimization step. Consider the noise generated through
a Gaussian distribution as & for the parameters of the language model and the feed-forward
network, respectively. Formally,

0 =6+ ¢, (5.1)

where & is the learning rate. Herein, the learning rate scales the noise in line with the step

sizes in the optimization.

Anticorrelated to Previous Noise Unlike standard Gaussian noise, which is independent
across iterations, anticorrelated noise integrates historical noise information, allowing for

more advanced perturbations during training. More formally,

0 =0+& (—oy-€ ' +e), (5.2)

where o; = ol dynamically adjusts based on the gradient norm, & ~ ¢(0,1) is

%

1+[Vq,
the Gaussian noise term at iteration ¢, and 8; 71, is noise from the previous iteration. The
hyperparameter ¢ controls the influence of past noise. By modulating the impact of noise
based on previous iterations, this method can help the optimizer avoid sharp minima and
explore flatter regions of the loss landscape, promoting better generalization. In practice, the
choice of o is crucial: too high a value may overly dampen the noise, limiting exploration,
while too low a value might not sufficiently leverage the anticorrelated structure, resembling

more random perturbations akin to Gaussian noise.

Anticorrelated to Gradient In this method, the noise is directly anticorrelated to the
gradient of the loss function, acting as an adaptive regularizer. By aligning the noise
structure with the gradient information, the model can balance stability during steep descent

with exploration as it approaches flatter regions of the loss landscape. Formally,

6/ =6,+& (—Bi-Vo(L)+e), (5.3)

where ff; = % dynamically adjusts the anticorrelation strength based on the gradient
(4
norm, and f is a hyperparameter controlling the overall scale of anticorrelated noise. The

dynamic nature of f3; introduces an adaptive mechanism that reduces noise when the gradient
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is large and increases noise when the gradient is small. Specifically, when ||V, (L)|| is large
(i.e., during steep descent), B; becomes small, minimizing the impact of anticorrelated noise.
When ||V, (L)|| is small (i.e., near convergence or in flat regions), f3; increases, emphasizes
anticorrelated noise, promoting exploration and helping the model escape shallow minima
or flat regions that may hinder optimization. The primary objective of introducing f is
to scale the gradient’s influence, not to adaptively scale the noise. In steep regions (large
gradients), it prevents huge steps, while in flatter regions (small gradients), it enhances
noise for exploration, ensuring stable optimization. Note that the two anticorrelated noise
approaches discussed above are shown to be escaping the local minima of the loss landscape
by Orvieto et al. (2022). However, their study focused on deep learning models using
SGD as the optimization method, whereas we consider encoder models with the Adam

optimizer.

Noise Injection in Training Loop Algorithm 1 outlines our overall noise injection ap-
proach to the Adam optimizer. In each epoch, for a given training example (x(i), y(i)), the
loss is computed from the prediction (). After that, the backpropagation is applied by
computing the gradients of the loss. After sampling Gaussian noise & either, uncorrelated
or anticorrelated noise & is added to the gradient of the parameters. Thereafter, parameters
0, are updated using the Adam optimizer, incorporating gradients and noise scaled by the
adaptively adjusted learning rate £. Herein & depends on the approach, for instance, for
uncorrelated noise, §; = g, while for anticorrelated gradient noise, & = —f; - Vg, (L) + &.
After the noise addition is complete, the Adam optimizer is applied using the first and

second moment estimates.

Algorithm 1: Training loop with noise injection for Document Ranking

Input: Initial parameters 6;; Training data X,Y; Learning rate &;; Number of epochs
num_epochs

Output: Updated parameters 6; after training

Initialize : Parameters 6,

for each epoch do

for each training sample (x,y)) e (X,Y) do

Get Prediction for x(: $() = ¥(x(); g));

Compute loss: L($1),y@)) = 50 — (),

Calculate the gradient of the loss (Backpropagation):;

ALED y D)
VG,(L) — (}aely ),
Sample Gaussian noise: & ~ ¢(0,1);
Add noise to parameters:;
6, 6,— (z;‘[ : (VQI(L) + 5[);

Update parameters using Adam

rgturn 0, (final learned parameters)

5.2 Methodology
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Experiments

In this chapter, we aim to investigate whether the noise injection to the Adam optimizer can
help to improve the performance of different types of ranking and retrieval models on diverse
datasets and tasks, especially entity ranking for KGQA. The experiments in this chapter
contribute to RQ;: What methods can be used to predict knowledge that is implicit rather
than explicitly expressed in questions?, since neural retrieval can help to find additional
knowledge in KGs. Additionally, they contribute to RQ3: How can LLM-based entity
linking approaches improve the performance for extracting KG-knowledge for questions?,
because neural retrieval is a submodule of neural entity linking frameworks. Specifically,

we answer the following subquestions:
S1 Does noise injection help in improving the performance of neural ranking models?

S, Which noise injection strategy among the three presented in Section 5.2 performs the
best?

Sz Can noise injection lead to faster convergence and reduce overfitting?

We first describe benchmarking datasets and our evaluation setup, and afterward answer

these subquestions and provide a detailed discussion.

Datasets

For our evaluation, we apply datasets that provide a sufficient amount of training data
to investigate the influence of introducing noise in the optimization. Overall, we used
four datasets for the evaluation (three for the entity ranking task and one for document
ranking), which are described below. The AIDA (Hoffart et al., 2011) dataset is widely
used in the NLP community for evaluating entity linking frameworks. The documents
in the dataset are news articles, and entities, linked to Wikipedia. To keep the same data
for all experiments, we linked all entities to Wikidata, by applying the according links
provided by Wikidata. Furthermore, we investigate the performance on shorter sequences,
especially questions. For this reason, we used the knowledge graph question answering
datasets LC-QuAD 2.0 (Dubey et al., 2019) and Mintaka (Sen et al., 2022). LC-QuAD 2.0
is a semi-automatically generated dataset. For generating question-query pairs, the authors
rely on pairs of question-query templates, generated by crowd workers and automatically
filled with entities and relations from Wikidata (Vrandeci¢ and Krotzsch, 2014). Mintaka is
fully generated by crowd workers and already provides question entities, which are used as
target entities in our experiments. The entities from the LC-QuAD datasets are extracted
from the provided SPARQL queries. All questions are linked to the Wikidata. For the
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document ranking task, we apply the popular MS MARCO (Craswell et al., 2021) dataset,
which is widely used to evaluate NLP tasks such as question answering, passage ranking,

and document ranking.? Table 5.1 presents some statistics about these datasets.

Table 5.1: Dataset Statistics

Dataset #Documents #Train #Test
Entities Queries Queries
LC-QuAD 2.0 26,164 23,601 5,976
Mintaka 8,381 13,937 3,991
AIDA 3,072 964 216

MS MARCO 3,213,835 367,013 5,193

Training and Evaluation Setup

For our experiment, we evaluated three models: two apply the bi-encoder architecture and
one applies the cross-encoder architecture. Both bi-encoder models, i.e., ES (Wang et al.,
2022) and dual bi-encoder (Wu et al., 2020a), rely on BERT (Devlin et al., 2019). ES uses
one encoder model for the query and the documents, and is already pretrained on the ranking
task. For the second model, which we term the dual bi-encoder, we use an architecture
that applies two encoder models, where one is used to encode queries and one is used to
encode documents. This model uses BERT as a foundational model for both the query and
document encoders. For the cross-encoder, we use BERT as well. All foundational BERT
models share the same architecture, i.e., the number of parameters remains the same. For
this, we use the version from Hugging Face* as BERT implementation and apply in-batch
negative sampling (Wu et al., 2020a) during training. We trained these models on a server
with 128 GB of RAM and an NVIDIA RTX H100 GPU with 80 GB of RAM. Instead of
switching to hard negatives, we indexed all entities into a Faiss index (Douze et al., 2025)
at each half-epoch to extract hard negatives. Furthermore, during training, considering the
AIDA, Mintaka, and LC-QuAD datasets, we generated each batch including the documents
with high-scoring documents for each query. Herein, we maintained the in-batch strategy
throughout training, with random negatives used in the first half-epoch. We trained the
model for ten epochs using the default learning rate and parameters for the dual bi-encoder
and E5 models. For the evaluation of the biencoder models, the document embeddings are
generated by the model and indexed by applying the Faiss framework.

3https://microsoft.github.io/msmarco/
“https://huggingface.co/docs/transformers/model_doc/bert, https://huggin
gface.co/intfloat/e5-base-v2
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For the MS MARCO dataset, we apply a similar strategy. However, instead of applying all
documents to compute the hard negatives, we randomly selected 10,000 negative documents
from the entire corpus each time we re-indexed the Faiss index. For each query in the
training batch, we selected up to four negatives from the index and one positive document.
We used two queries per batch and kept the in-batch training strategy for the other datasets
as well. Similar to bi-encoder models, we trained the cross-encoder model for 10 epochs
with 1000 optimization steps per epoch. Since the main objective of this work is to evaluate
the influence of noise on optimization, we had to fine-tune and evaluate a large set of models.
For this reason, we decided to evaluate the model on a split of 125,000 randomly selected

documents from the whole MS MARCO document corpus.

For evaluating and training cross-encoder models, we used a fine-tuned model of ES without
noisy optimization to compute negatives. For all queries, we generated 100 negative samples
for each in both the training and test sets. At training time, we selected 14 negatives per
sample, plus one positive, to generate a candidate set of 15 for each query. The negatives
are randomly selected from the precomputed negative set. For evaluation, we used all 100
negatives for each query.

Analysis of the Effectiveness of Noise Injection (S;)

In Tables 5.2, 5.3, and 5.4 we present the results of various noise injection strategies on
the two different bi-encoder models ES and dual bi-encoder and the cross-encoder model
across the datasets, MS MARCO, LC-QuAD 2.0, Mintaka, and AIDA.> Herein, we also
compute the statistical significance of the results. This was computed by comparing per-
query MRR and Recall scores of each noise-injection variant against the No Noise baseline
using a paired two-tailed t-test (Lehmann, 1992). Herein, we see that E5 demonstrates
consistent performance improvements with noise injection (Table 5.2). For instance, with
cross-entropy loss, the anticorrelated noise using the gradient (Anti-Grad) yields the best
MRR and recall on MS MARCO, Mintaka, and AIDA, while the anticorrelated noise using
the previous noise term (Anti-Prev) achieves the best results on the LC-QuAD dataset. We
see a similar trend considering the pairwise ranking loss as well, whereas Anti-Prev achieves
more statistically significant improvements. Therefore, our results indicate the overall
effectiveness of noise injection into the Adam optimizer across diverse datasets for the ES
model. The dual bi-encoder model, which contains more parameters than E5, shows greater
sensitivity to noise injection (Table 5.3). For instance, we observe that Gaussian noise yields
the best MRR and recall in MS MARCO and in AIDA, whereas Anti-Grad performs best
on the LC-QuAD and Mintaka datasets. The effectiveness of noise injection can also be

SDue to the brevity, we denote the corresponding datasets in the tables as MS MARCO, LC-QuAD, Mintaka,
Aida respectively.
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Table 5.2: MRR and recall results evaluated on four ranking datasets using the E5 architec-
ture, comparing models trained without noise and with various noise injection
strategies. Bolded values indicate the best performance for each dataset. Signifi-
cance columns report statistical significance against the No Noise baseline (*:
p <0.05, **: p <0.01, n.s.: not significant). LF signifies loss functions: cross
entropy (CE) and pairwise loss (PR)

(a) MRR Results

LF | Approach | MS MARCO LC-QuAD Mintaka Aida | Significance

No Noise 0.6423 0.8767 0.2672  0.3049 -
CE Gaussian 0.6327 0.8761 0.2675 0.2971 n.s.
Anti-Grad 0.6708 0.8972 0.2704  0.3072 *
Anti-Prev 0.6534 0.8972 0.2651  0.3034 n.s.
No Noise 0.7456 0.8841 0.2948  0.3009 -
PR Gaussian 0.7566 0.8896 0.2895  0.3035 n.s.
Anti-Grad 0.7332 0.9000 0.2939  0.3022 *
Anti-Prev 0.7582 0.9056 0.3001  0.3028 ok

(b) Recall Results

LF ‘ Approach | MS MARCO LC-QuAD Mintaka Aida | Significance

No Noise 0.8475 0.8719 0.3658  0.1668 -
CE Gaussian 0.8406 0.8725 0.3688  0.1622 n.s.
Anti-Grad 0.8658 0.8835 0.3808 0.1674 *
Anti-Prev 0.8565 0.8836 0.3628  0.1638 n.s.
No Noise 0.8867 0.8888 0.4016  0.1653 -
PR Gaussian 0.8675 0.8841 0.3903  0.1651 n.s.
Anti-Grad 0.8772 0.8990 0.4000 0.1681 *
Anti-Prev 0.8852 0.8943 0.4109 0.1668 o

observed in both the cross-entropy and pairwise ranking losses. Herein, we see that both
Anti-Grad and Gaussian noise injection approaches achieve statistically significant results.
Cross-encoder models, on the other hand, already achieve very high recalls and MRRs on the
LC-QuAD, Mintaka, and Aida datasets. Therefore, we do not see a substantial improvement
over the results after injecting noise into the parameters. However, on the largest dataset,
i.e., on MS MARCO, the effect of noise becomes quite prominent. Here, we see that noise
injection leads to an almost ~5% improvement in recall over the no-noise setting. This trend
is observed considering both the cross-entropy and pairwise ranking loss. Thus, the findings
of the evaluation have led us to the observation that the effectiveness of noise injection

depends on the ranking model and the dataset it is trained on. To investigate this further,
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Table 5.3: MRR and recall of the Dual Bi-Encoder model. The evaluation setup is the
same as in table 5.2

(a) MRR Results

LF ‘ Approach | MS MARCO LC-QuAD Mintaka Aida | Significance

No Noise 0.6479 0.9491 0.4594  0.4414 —
CE Gaussian 0.6712 0.9481 0.4625 0.4635 *
Anti-Grad 0.6643 0.9513 0.4642 0.4633 *
Anti-Prev 0.6555 0.9500 0.4496  0.4553 I.s.
No Noise 0.8001 0.9401 0.4771  0.4615 -
PR Gaussian 0.8331 0.9432 0.4955 0.4866 *%
Anti-Grad 0.8305 0.9572 0.4994  0.4872 ok
Anti-Prev 0.8220 0.9571 0.4801  0.4785 *

(b) Recall Results

LF | Approach | MS MARCO LC-QuAD Mintaka Aida | Significance
PP g

No Noise 0.8329 0.9369 0.5725 0.2794 -
CE Gaussian 0.8529 0.9363 0.5752  0.2882 *
Anti-Grad 0.8458 0.9372 0.5783  0.2832 *
Anti-Prev 0.8406 0.9361 0.5745  0.2828 n.s.
No Noise 0.9019 0.9388 0.5898  0.3001 -
PR Gaussian 0.9223 0.9388 0.5883  0.3112 *
Anti-Grad 0.9189 0.9388 0.5993 0.3106 *
Anti-Prev 0.9208 0.9418 0.5805  0.3194 *

we observe a ~2-3% performance gain for bi-encoder models and an almost ~5% gain
for the cross-encoder on the MS MARCO dataset. This suggests that introducing noise
allows the Adam optimizer to generalize better as the dataset size increases. Furthermore,
we observe that the model size, measured by the number of parameters, also affects the
noise injection. In particular, we see that the dual bi-encoder, which has more parameters
than ES5, achieves better generalization. For the cross-encoder model, the results show
substantial improvement from noise injection into the optimization process. To this end, we
observe that on the MS MARCO dataset, noise injection can lead to an almost ~5% gain in
performance. Note that on other datasets, such as Aida, Mintaka, and LC-QuAD, the noise
injection does not significantly improve performance. Nonetheless, on those datasets, the
cross-encoder model already achieves very high recalls and MRRs; therefore, the room for
further improvement through noise injection is limited. This suggests a diminishing returns
effect, where performance gains from regularization techniques such as noise injection are

more pronounced when the base model underperforms. In contrast, when the model already

Chapter 5 Evaluating Noisy Optimization in Fine-tuning LMs for Neural Rank-
ing



5.3.4

Table 5.4: MRR and recall of the Cross-Encoder model. The evaluation setup is the same
as in table 5.2

(a) MRR Results

LF ‘ Approach | MS MARCO LC-QuAD Mintaka Aida | Significance

No Noise 0.0441 0.9731 0.9362 0.9941 -
CE Gaussian 0.0532 0.9720 0.9392 0.9937 *
Anti-Grad 0.0643 0.9739 0.9368 0.9938 *ok
Anti-Prev 0.0614 0.9749 0.9364  0.9956 * ok
No Noise 0.0891 0.9881 0.9415  0.9993 -
PR Gaussian 0.0922 0.9817 09511 0.9944 *
Anti-Grad 0.0800 0.9800 0.9416  0.9941 n.s.
Anti-Prev 0.0777 0.9818 09413  0.9961 n.s.

(b) Recall Results

LF ‘ Approach | MS MARCO LC-QuAD Mintaka Aida | Significance

No Noise 0.1541 0.9818 0.9992 09174 -
CE Gaussian 0.1785 0.9816 0.9992 0.9168 n.s.
Anti-Grad 0.1962 0.9812 0.9992 0.9158 *
Anti-Prev 0.2017 0.9816 0.9992 0.9183 ok
No Noise 0.1672 0.9900 0.9994  0.9245 -
PR Gaussian 0.1809 0.9922 0.9992  0.9308 *
Anti-Grad 0.2005 0.9876 0.9992  0.9215 *
Anti-Prev 0.2173 0.9887 0.9995 0.9201 ok

achieves near-optimal performance, additional regularization contributes only marginal
benefits, aligning with existing literature (Arpit et al., 2017; Patrini et al., 2017). Overall,
our results indicate that models like dual bi-encoders and cross-encoders benefit more from
noise injection when their baseline performance leaves room for improved generalization;

otherwise, noise injection does not lead to substantial improvements in recall and MRR.

Comparison of Noise Injection Strategies (S»)

Considering the Tables 5.2, 5.3, and 5.4, we observe that the anticorrelated noise injection ap-
proaches perform better than the Gaussian noise injection approach. Specifically, Anti-Prev
often shows better statistical significance across both cross-entropy and pairwise ranking
losses. However, Anti-Grad performs on par with Anti-Prev and is most effective when ap-
plied to the cross-entropy loss. More specifically, Anti-Prev leverages the noise added in the
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Figure 5.1: Recall@10 over epochs for different datasets using ES-encoder under various
noise injection strategies.

previous iteration to inject a new noise term that is anticorrelated. This introduces a form of
temporal regularization, creating stable noise injection during training. Unlike independent
Gaussian noise or gradient-based noise, this can help in maintaining smooth optimization
trajectories, especially in overparameterized models like cross-encoders. Therefore, we ob-
serve that in the cross-encoder model, Anti-Prev consistently yields statistically significant
results compared to other approaches, considering the MS MARCO dataset. This further
indicates that Anti-Prev is particularly effective when the model has already learned strong
representations and only needs regularized fine-tuning to avoid overfitting. On the other
hand, the effectiveness of Anti-Grad stems from its dynamic adaptation to the optimization
landscape. In particular, this can be attributed to the ability to adjust noise based on the loss
by (i) reducing noise during steep descents where the gradient magnitude is large, ensuring

that the optimizer follows the correct direction for faster convergence, and (ii) increasing
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Figure 5.2: Recall @10 over epochs for the dual Bi-encoder model across four datasets
under various noise injection strategies.

noise in flatter regions or near convergence, which helps the model escape saddle points
or shallow local minima that might otherwise trap traditional optimizers. Therefore, such
adaptability makes Anti-Grad perform better than injecting uncorrelated noise. Considering
these outcomes, we observe that anticorrelated noise injection approaches, i.e., Anti-Grad
and Anti-Prev, perform better than the uncorrelated noise injection approaches, considering
both the cross-entropy and pairwise ranking loss. In Section 5.4, we provide a detailed

discussion on which noise injection strategy is useful for specific models and datasets.

Influence of Noise Injection on Convergence (Ss)

The Figures 5.1, 5.2, and 5.3 show the stability and convergence behavior of noise injection

strategies for ES, dual bi-encoder, and cross-encoder models, considering the cross-entropy
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Figure 5.3: Recall@10 over epochs for the Cross-encoder model across four datasets
under various noise injection strategies.

loss.® Among the bi-encoder models, ES exhibits increased stability and faster convergence
when noise is introduced (Figure 5.1), particularly with the anti-grad strategy, whereas
dual bi-encoder, with its greater model complexity, shows varying sensitivity to different
noise types (Figure 5.2). In the cross-encoder model, we observe that noise injection leads
to faster convergence and helps mitigate overfitting. More specifically, for the ES model,
trained on the largest dataset MS MARCO, we observe that anti-grad noise leads to rapid
and steady convergence, achieving peak performance at epoch 5 with minimal fluctuations
thereafter (Figure 5.1a). In the dual bi-encoder, Gaussian noise provides the most stable
performance on MS MARCO (Figure 5.2a). Without noise, the training requires at least
8-9 epochs to achieve the best results for both ranking models. To this end, we find that the

Note that, when using pairwise ranking loss, we observe a similar trend in the result. Therefore, due to
brevity, we only report the results considering cross-entropy loss.
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cross-encoder benefits significantly from noise injection. More specifically, as shown in
Figure 5.3a, when trained on the MS MARCO dataset, the cross-encoder model achieves
higher recall with noise injection and converges faster with the Anti-Prev approach. Most
importantly, noise injection approaches can mitigate overfitting, which is prevalent when
using the noise-free approach. Specifically, we see that after the sixth epoch, the recall
value drops considerably when no noise injection is used; however, when noise injection is
used, the model stabilizes and does not overfit. Considering the LC-QuAD dataset, both
Anti-Grad and Anti-Prev maintain stable recall and MRR after epoch 4, indicating that
anticorrelated noise helps the model converge faster across both bi-encoder models. Apart
from these two large ranking datasets, we also see a similar trend in the Mintaka and AIDA
datasets. For both of these two datasets, Anti-Grad outperforms all the other approaches
by converging within four to five epochs in both E5 and bi-encoder. Note that, since the
cross-encoder already achieves a high recalls, as discussed before, the performance gain
in terms of faster convergence is not substantial. Nonetheless, our results suggest that an
adaptive noise strategy such as Anti-Grad is particularly effective in datasets of moderate
complexity, providing both performance gains and faster convergence. Overall, our results
show that noise injection accelerates early-stage convergence for the bi-encoder models,
yielding noticeable gains in recall across all datasets. For the cross-encoder model, noise
injection not only leads to much higher recall and faster convergence, but also helps reduce
overfitting.

Optimal Noise Injection per Model and Dataset

Table 5.5: Best noise injection approach per dataset-model combination.

Model MS MARCO LC-QuAD Mintaka Aida

E5 Anti-Prev Anti-Prev  Anti-Prev  Anti-Grad
Bi-Encoder Gaussian Anti-Grad  Anti-Grad Anti-Grad
Cross-Encoder Gaussian Anti-Prev Gaussian  Anti-Prev

When comparing results across loss functions, we find that different noise injection ap-
proaches work differently for models and datasets. For the ES model, Anti-Prev consistently
yields the highest MRR on MS MARCO , LC-QuAD, and Mintaka, suggesting that stabi-
lizing updates across training steps helps this architecture maintain ranking consistency,
more specifically in structured or moderately noisy datasets. However, in the case of Aida,
Anti-Grad performs the best, likely due to its ability to actively counteract misleading gradi-
ents in entity-centric retrieval. In the bi-Encoder setting, Gaussian noise is optimal for MS

MARCO, indicating that noise injection can help avoid overfitting in large, diverse datasets.

5.4 Optimal Noise Injection per Model and Dataset
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In contrast, Anti-Grad dominates LC-QuAD, Mintaka, and Aida, reflecting the benefits of
gradient correction in smaller, more structured collections. For the Cross-Encoder, Gaussian
noise performs better on MS MARCO and Mintaka. At the same time, Anti-Prev is superior
on LC-QuAD and Aida, where stable, incremental parameter updates appear to preserve

fine-grained semantic alignment better.

Conclusion

In this work, we have studied the use of noise injection in the Adam optimizer to improve
the performance and convergence speed of ranking models. By incorporating noise into
model parameters during training through different strategies, we demonstrated that noise
can act as an effective regularizer, helping the model escape saddle points and converge
to flatter minima. Our experimental results across four different ranking datasets and two
different ranking frameworks (bi-encoder and cross-encoder) consistently showed that
noise-enhanced Adam optimization leads to faster convergence and mitigates the overfitting
problem. These findings indicate that noise injection is a promising strategy for improving

the training of ranking models in information retrieval.

While our work has provided valuable insights into the benefits of noise injection for ranking,
several research directions remain to be explored. For instance, using an adaptive strategy,
the level of noise and the hyperparameters (related to the anticorrelated approaches) can be
adjusted. More specifically, a Bayesian learning strategy could be used therein to select the
optimal noise injection parameters. Moreover, the effect of noise could be further studied
to determine an optimal bound on model complexity and dataset size beyond which the
effect might diminish. Therefore, we envisage that a notion of balanced perturbation needs
to be further studied, which can help to determine optimal noise levels and methods for
dynamically adjusting perturbations based on training dynamics, loss curvature, model
metrics, and datasets. Finally, we envisage exploring the role of curriculum-based noise
scheduling, where noise intensity is adapted to the model’s confidence. Additionally,
integrating such techniques while considering contrastive learning objectives may offer

further improvements.

Chapter 5 Evaluating Noisy Optimization in Fine-tuning LMs for Neural Rank-
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Keyphrase Extraction using
Language Models and
Knowledge Graphs

This chapter addresses research question RQ;: What methods can be used to predict
knowledge that is implicit rather than explicitly expressed in questions?. In this chapter, we
first present the framework MultPAX (Zahera et al., 2022) for present and absent keyphrase
extraction, which applies entity disambiguation to link present keyphrases to KGs for
extracting additional information as absent keyphrases. For this thesis, we will modify this
approach to predict absent knowledge through contextual augmentation and by applying the
ED approach presented in this chapter to link this absent knowledge to a KG. The author of
this thesis co-designed, co-implemented, and co-wrote the corresponding paper.

Overview

Formulating search queries that return complete yet relevant results remains a common chal-
lenge in complex search scenarios (Gabin and Parapar, 2025). To this end, keyphrases are
an important feature to enhance the performance of IR systems (Boudin et al., 2020). How-
ever, in a KGQA system, queries are natural language questions, so automatic keyphrase
extraction can enhance the performance of knowledge extraction from KGs. In the litera-
ture, keyphrase extraction is divided into two sub-tasks: (i) detecting present keyphrases
(PKE) that appear in a document, and (ii) generating absent keyphrases (AKG) that do not
appear in the original document, but are essential for downstream applications (e.g., text
summarization, indexing) (Ray Chowdhury et al., 2022). Table 6.1 shows an example of
extracting present and absent keyphrases from an input text. The capability to extract absent
keyphrases is crucial for a KGQA system, since entities and relations are often mentioned

implicitly in questions as already presented in Section 2.4.3.

Consequently, the goal of this chapter is to develop an approach to extract present keyphrases
for textual input and generate relevant absent keyphrases that do not appear in the input text.
We describe our MultPAX approach for keyphrase extraction introduced in 2022. MultPAX

reduces the effort required to develop a keyphrase model by employing pre-computed

91



92

Table 6.1: Anexample of present and absent keyphrase extraction from Inspec dataset. The
predicted present keyphrases are in italic, and the absent ones are highlighted
in gray.

"This paper shows the importance that management plays
in the protection of information and in the planning to han-
dle a security breach when a theft of information happens.
Input Text Recent thefts of information that have hit major compa-
nies have caused concern. These thefts were caused by
companies’ inability to determine risks associated with
the protection of their data, and these companies lack of
planning to properly manage a security breach when it
occurs.” quoted from (Polstra 111, 2005)

Ground-truth security breach, risk analysis, management issue, theft of
Keyphrases information

Predicted security breach, theft of information,
Keyphrases security management , security risk ,

data management

resources. In particular, we use pre-trained language models to extract present keyphrases
and knowledge graphs (KGs) to generate absent keyphrases. MultPAX processes of the
following pipeline: i) We tokenize an input document into n-gram phrases and embed
both (document and n-gram phrases) as low-dimensional vectors into one semantic space.
Then, we extract the top-k phrases that are close to the document’s vector as candidates
for present keyphrases. ii) We then link the extracted present keyphrases to find additional
related terms (e.g., synonyms, hypernyms) from external KGs (e.g., DBpedia, BabelNet).
For this purpose, we developed a new version of the MAG framework (Moussallem et al.,
2017), which is optimized for linking keywords and extracting related terms. iii) Finally,
we rank all keyphrases (i.e., present and absent) based on their semantic similarity to the
input document. The top-k phrases are returned as the final keyphrases output. In the
second step, we adapt this approach for keyphrase extraction from questions to enhance KG
resource extraction for KGQA. To evaluate the performance of MultPAX, we conducted
several experiments across four benchmark datasets, comparing our system against different
approaches. The evaluation results show that our approach significantly outperforms the
state-of-the-art baselines with a significance t-test p < 0.041 and F1-score up to 0.535.

The main contributions in this paper can be summarized as follows:

* We propose an unsupervised multitask framework that is capable of predicting absent

keyphrases based on present keyphrases.

Chapter 6 Keyphrase Extraction using Language Models and Knowledge
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* We leverage knowledge graphs for keyphrase generation without the need to create

keyphrase vocabularies or phrase banks.

* We introduce an embedding-based F1 metric that assesses the semantic similarity
between generated and ground-truth keyphrases, moving beyond traditional exact-

matching scores.

* We conducted several experiments across four benchmark datasets. The evaluation

results show that our approach is more accurate compared to state-of-the-art baselines.

6.2 Approach

6.2.1

In this section, we present our approach for extracting present and absent keyphrases.
Figure 6.1 depicts the architecture of our MultPAX framework, including three com-
ponents: i) Present Keyphrase Extraction (PKE), ii) Absent Keyphrase
Generation (AKGQG), and iii)) Keyphrases Semantic Matching. The main con-
tribution of the author is the approach for absent keyphrase generation, which is the main

focus of this chapter.

Problem Formulation

Let D be an input document with |S| sentences; each sentence s € S is a sequence of |s]|
tokens T = {t1,2,- -+ ,#|y }. Our goal is to build a keyphrase model that not only extracts
present keyphrases YP = {y{ yb, -+, y‘py,,‘} but also generates absent keyphrases Y =
595+, y‘“yu‘} that are relevant to D by leveraging knowledge graphs such as DBpedia
and BabelNet (Navigli and Ponzetto, 2012).

Following previous works (Gollapalli et al., 2017; Sahrawat et al., 2020), we divide the
task of keyphrase extraction into two sub-tasks: Present Keyphrase Extraction
(PKE) and Absent Keyphrase Generation (AKG). Furthermore, we define the
computation of final keyphrases as a Semantic Matching task. First, we consider PKE
as a ranking problem, where candidate phrases are extracted and then ranked based on their
similarities to the input document (see Section 6.2.2). Second, we formulate AKE as a
linking problem to infer relevant information from external knowledge graphs. For this task,
we employ an unsupervised entity linker (Shen et al., 2014) that maps a present keyphrase
(Y'?) to its corresponding entity in a knowledge graph (i.e., DBpedia, BabelNet) and then
gets relevant terms (e.g., from dct:subject, gold:hypernym properties) as candidates for

6.2 Approach

93



YN

=\

Disambiguati
Algorithm

Graph-based
Algorithm

‘Breadth-First-Search

)

<

—
Architecture of MAG

Preprocessing
searchByAcronym
searchByLabel
SearchByStem

Candidate
Generation

\
N 4
/

\

)
X
<
5
K] ® —~
4 Z 3 g
S O —> - > Q
8 2 g > g
2 i = ©OE
g 23 “ S
™
£ © s> ——= &
sl 5 g o 2
=

3 b} c EXRS —
X } — w T3 =) )
€ Q 2 3 0
2 [aa] s < = o
'2\ - " J £ s

= s
= & &
w € X
g - —~ <
s - = =gl g’ ¢
.g c £ saseiyd o w > 2
7] (ﬁg weib-N ° . <
g o @ 9 . g
% 2 2 )
. s I} L> T X
] = = B
s 14 o
< w I a
3 o
= o B
2 i)
X
=
€
@
(7]
2
[

Ep

- E,\‘ Disaster Tweets

-

BERT

EA e EOEEER
Architecture of BERT

(o]
(—
&

Ey
\
yd

Figure 6.1: The architecture of MultPAX framework with three components: Present
Keyphrase Extraction, Absent Keyphrase Generation and
Semantic Matching.

absent keyphrases. Finally, all keyphrases Y” UY“ are ranked based on their similarities to

D, and the top-k keyphrases are returned as the final output.

6.2.2 Present Keyphrase Extraction (PKE)

Since the absent keyphrase extraction is based on the present keyphrase extraction, we

briefly describe the present keyphrase extraction here. This step first preprocesses the
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document to extract n-grams as potential keyphrase candidates. Then BERT is applied to
generate embedding vectors for all candidate keyphrases and the input document. Finally,
the cosine-distance between all keyphrase embeddings and the document embedding is
computed, so that the keyphrases can be ranked according to their similarity with the input
document, and the top k keyphrases with the highest similarity are selected as the set of

present keyphrases Y?. For all details, we refer to Zahera et al. (2022).

Keyphrase Linking and Absent Keyphrase Generation (AKG)

To obtain absent keyphrases, we first link all present keyphrases Y? to a knowledge graph
and get additional surface forms (i.e., strings that could be synonyms or alternative names).
We consider the DBpedia knowledge graph since it provides surface forms for a wide
range of common entities. For entity linking, we follow a similar approach to the MAG
framework (Moussallem et al., 2017).

MAG extracts entity links using two steps: candidate generation and candidate disambigua-
tion. In the candidate generation step, MAG aims to find candidate links (Cy,...,C,) for
premarked entities in the search index (Moussallem et al., 2017). To this end, MAG uses
acronyms and labels in a knowledge graph to map premarked entity spans from the input
text to candidate entities. Furthermore, MAG also relies on the concise bounded description
(CBD)! of the entities in a knowledge graph by comparing the context of the entity spans
in the input document and the CBD of an entity in a knowledge graph (Moussallem et al.,
2017). We keep the candidate generation step from MAG and apply it to the extracted
keyphrases from the PKE component. In the candidate disambiguation step, MAG generates
a local graph including all candidate entities from a knowledge graph using breadth-first
search. Then, MAG applies the HITS ranking algorithm (Kleinberg, 1999) to jointly rank
the candidate links for all entities in the local graph. HITS ranks the nodes in a directed
graph based on incoming and outgoing edges. Authorities are nodes that carry important
information, while hubs are nodes that point to many authority nodes. So the authority score
of a node n is calculated based on the hub scores of the nodes that have a directed edge to n,
while the hub score of 7 is calculated based on the authority scores of the nodes linked by

n (Kleinberg, 1999). Formally, HITS calculates the authority score a,, for the node p as

ap = Z hy. 6.1)

q:(q,p)€G

lhttps ://www.w3.0rg/Submission/CBD/
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where h, is the hub-score for the node ¢, given that a directed edge from node ¢ to node p

exists in the graph G. The hub-score &, for a node p is calculated as

hy= Y aq (6.2)
q:(q,p)€G
where a, is the authority-score for a node ¢, which is linked by node p (Kleinberg, 1999).

aq and h), are initialized randomly and updated iteratively until convergence.

In contrast to MAG, we not only link present keyphrases, but also extract related terms for
each linked keyphrase from a knowledge graph. Furthermore, we extract the top-ranked
candidates for each entity and n nodes with the highest authority scores in the local graph,
since their surface forms could serve as candidates for absent keyphrases. In our approach,
we use BabelNet to find hypernyms for the present keyphrases, in addition to the surface

forms from DBpedia.

Keyphrases Semantic Matching

In the last component, we aim to identify top-k relevant keyphrases (present and absent),
we set k = {5,10,20} in our experiments. We regard this task as a semantic textual simi-
larity (Majumder et al., 2016). To match similarities between a document D and candidate
keyphrases, we embed them into one semantic space using a pre-trained embedding model.
Then we employ cosine distance to find top-k nearest keyphrases (H;) to the document’s

vector Hp and return as final keyphrase predictions. Formally,

H;-Hp
Cos(H; Hp) = ———M——. 6.3
os(Hi ) = T < 11ED] ©3

where H; donates the embedding vector of candidate keyphrase (present yf’ or absent y{ ),

and Hp represents the embedding vector of the input document.

Experiments

In this chapter, we conduct experiments on the keyphrase extraction task, which is relevant
for the following research question: RQ;: What methods can be used to predict knowledge
that is implicit rather than explicitly expressed in questions? To investigate how absent

knowledge can be predicted from text, we answer the following subquestions:

Chapter 6 Keyphrase Extraction using Language Models and Knowledge
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Table 6.2: Statistics about the datasets (#Doc: number of documents, #Test: size of test set,
#Avg. KP: average keyphrase per document, #Ratio%: percentage of absent

keyphrase per dataset).
Dataset #Doc #Test Avg. Ratio %
KP
Inspec 2k 500 7.65 37.7%
Krapivin 2.3k 460 3.03 15.3%
SemEval2010 144 100 7.15 11.3%
NUS 211 211 2.71 17.8%

S;. How good does the absent keyphrase generation approach based on the MAG-
framework perform against baseline approaches, and are the existing exact-matching

metrics (Precision, Recall, and F1-score) suitable for evaluating absent keyphrases?

S,. To what extent does the absent keyphrase generation contribute to the overall perfor-
mance of MultPAX?

6.3.1 Experimental Setup

Datasets In our experiments, we used four benchmark datasets of English documents,
namely, Inspec (Hulth, 2003), SemEval2010 (Kim et al., 2010), Krapivin (Krapivin and
Marchese, 2009), and NUS (Nguyen and Kan, 2007). Table 6.2 provides a statistical
overview of each dataset, including the total number of documents (#Doc.), the number of
documents in the evaluation set (#Test), average keyphrases per document (Avg. KP), and

the ratio of absent keyphrases in each dataset (Ratio%).

Baselines We compared our approach against the following baselines for extracting

keyphrases:

* TextRank (Mihalcea and Tarau, 2004) is an unsupervised approach that constructs
a graph representation of a document, where nodes represent phrases and edges are
computed based on lexical similarity. Further, TextRank uses the PageRank algorithm

to extract present keyphrases.

* YAKE (Campos et al., 2020) is a simple unsupervised method that automatically
extracts keywords based on statistical features, such as word co-occurrence and

frequency.

6.3 Experiments
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* EmbedRank (Bennani-Smires et al., 2018) is an unsupervised method that employs
word embeddings to identify relevant words to a document as candidate keyphrases.
Furthermore, EmbedRank utilizes the Maximum Marginal Relevance algorithm to

increase the diversity of the extracted keyphrases.

* Supervised-CopyRNN (Meng et al., 2017) is a supervised baseline that trains a
sequence-to-sequence model with a copy mechanism on KP20K dataset (Meng et al.,
2017). We used this approach as a baseline for present keyphrases extraction as well
as absent keyphrase generation to compare the performance of the copy mechanism.

* AutoKeyGen (Shen et al., 2022) is an unsupervised approach that constructs a phrase
bank by combining keyphrases from all documents into a corpus. Then, AutoKey-
Gen considers lexical- and semantic-level similarities for selecting top candidate

keyphrases (present and absent) for each input document.

Evaluation Metrics We evaluated our approach using the following metrics: Precision,
recall, and F1, as introduced in Section 2.5, between predicted and gold keyphrases. To this
end, we select the top-k ranked keyphrases Y., = (y1,. .., Ymin (kv‘Y‘)) and compare with the
top-k ranked keyphrases in the ground-truth set. We set k = {5, 10} for present keyphrases
and k = {10,20} for absent ones in our experiments. Following previous works (Shen
et al., 2022; Ye and Wang, 2018), we use the Porter Stemmer from the NLTK library2
v3.7 to compute exact-matching between the top-k predicted (Y;) and the ground-truth
(Y#°!'d) keyphrases. Although the exact-matching metric has been widely used in the
literature (Liang et al., 2021), there is still room for improvement in the evaluation of absent
keyphrases based on semantic similarity. Hence, we propose a semantic-based matching to
evaluate the performance of generated absent keyphrases in Section 6.3.2. To provide an
overview of the results of the present keyphrase extraction, Table 6.3 shows the results of
the present keyphrase extraction. The results outperform the baseline approaches on most

datasets.

Hyperparameters We performed a grid search to optimize the hyperparameters of our
approach. We found that the following values yield the best F1 Scores. In the PKE
component, we tokenized the input text into phrases of two to four n-grams. Further, we
considered the top-10 ranked phrases as candidates for the present keyphrases. The full
setup of our experiments is available at the GitHub repository.®> For the baseline methods,
the hyperparameters were set as specified in their original papers. In the MAG framework,

we adapted the extraction of common entities to cover a larger set of entity types. In

Zhttps://www.nltk.org/index.html
3https://github.com/dice-group/MultPAX
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Table 6.3: Evaluation results of present keyphrases prediction on Inspec, SemEval2010,
F1@k-scores are reported based on exact-
matching between the predicted and groundtruth keyphrases. Best results

Krapivin, and NUS datasets.

are reported in bold.

(a) Results on Inspec and SemEval2010

Model Inspec SemEval2010

Fl@5 Fl@10 Fl@5 Fl@10
TextRank 0.263 0.279 0.183 0.181
YAKE 0.027 0.038 0.050 0.242
EmbedRank 0.295 0.344 0.108 0.145
Supervised-CopyRNN 0.292 0.336 0.291 0.296
AutoKeyGen 0.303 0.345 0.187 0.240
MultPAX 0.371 0.210 0.449 0.255
(b) Results on Krapivin and NUS
Model Krapivin NUS

Fl1@5 Fl1@10 Fl@5 Fl@10
TextRank 0.148 0.139 0.187 0.195
YAKE 0.013 0.020 0.013 0.020
EmbedRank 0.131 0.138 0.103 0.134
Supervised-CopyRNN 0.302 0.252 0.342 0.317
AutoKeyGen 0.171 0.155 0.218 0.233
MultPAX 0.384 0.334 0.535 0.344

addition, we set the other hyperparameter values with the standard configuration of the

MAG framework.*

Absent Keyphrase Evaluation (S;)

We conduct further experiments to evaluate the performance of our approach against two
baselines (namely, CopyRNN and AutoKeyGen) in generating absent keyphrases. Following
previous work (Shen et al., 2022), we use the Recall metric (R@10, R@20) based on exact-
matching for the performance evaluation as shown in Table 6.4. Since we used the same
experimental setup of CopyRNN and AutoKeyGen approaches, we obtained the evaluation
results from their papers (Meng et al., 2017; Shen et al., 2022).

“https://github.com/dice-group/AGDISTIS/blob/master/src/main/resources/c

onfig/agdistis.properties
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Table 6.4: Absent keyphrases evaluation (in terms of R@10, R@20). All results are
reported based on exact-matching between the predicted and groundtruth
keyphrases, except the last row shows recall results based on semantic-
matching.

(a) Results on Inspec and SemEval2010

Model Inspec SemEval2010

R@10 R@20 R@10 R@20
Supervised-CopyRNN 0.051 0.068 0.049 0.057
AutoKeyGen-Bank 0.015 0.017 0.007 0.009
AutoKeyGen-Full 0.017 0.021 0.010 0.011
MultPA X exact-Matching 0.079 0.080 - -
MultPAXsemantic-Matching 0.696 0.584 - -
(b) Results on Krapivin and NUS
Model Krapivin NUS

R@10 R@20 R@10 R@20
Supervised-CopyRNN 0.116 0.142 0.078 0.10
AutoKeyGen-Bank 0.031 0.041 0.021 0.026
AutoKeyGen-Full 0.033 0.054 0.024 0.032
MultPA X exact-Matching - - 0.017 0.017
MultPAXemantic-Matching - - 0.608 0.669

Regarding S, we can clearly see that all approaches perform poorly when exact matching be-
tween predicted and ground-truth keyphrases is considered. For example, if two keyphrases
are semantically similar, e.g., "disaster relief organization" and "crisis responses institute",
these keyphrases will not be considered as a match using the existing metrics. Hence, we
found that such metrics are unsuitable for evaluating absent keyphrases. We propose an
improved evaluation metric based on the semantic-matching. Formally, let Y be predicted
keyphrases; Y8° is ground-truth keyphrases. We first embed each keyphrase in Y and
Y4 Then, we use cosine distance to compute similarities between the embedding of each
keyphrase in Y and Y5°“. We set a threshold (> 0.5) for similarities scores to consider
semantic-matching between Y and Y¢°/¢_ The last two rows in Table 6.4 show the evaluation
results of R@10 and R@20 based on semantic-matching compared to exact-matching in
absent keyphrase extraction.

The AutoKeyGen baseline demonstrates competitive performance in generating absent
keyphrases on the NUS dataset. However, the keyphrases generated by AutoKeyGen are
limited to those from the phrase bank of each dataset. In contrast, our approach leverages
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public knowledge graphs (such as DBpedia and BabelNet) to obtain relevant phrases as

candidates for absent keyphrases.

Limitations In our experiment, we used the MAG framework to connect present keyphrases
to DBpedia knowledge graph (see Section 6.2.3). In the SemEval2010 and Krapivin datasets,
we were unable to link present keyphrases due to the lack of coverage for these keyphrases
in the DBpedia knowledge graph. That is why the last two rows of Table 6.4 show missing
values for these datasets. In our future work, we plan to integrate additional knowledge
graphs (e.g., YAGO and Wikidata) to expand entity linking coverage within the MAG

framework.

Ablation Study (S,)

To answer S,, we analyzed the impact of each component of our framework on the overall
performance. For this purpose, we set up four variants of our framework. The first variant
MultPAX-PKE was dedicated to only extracting present keyphrases, i.e., no absent keyphrase
generation and thus no linking with knowledge graphs. We also created two variants of
MultPAX with the purpose of evaluating the generation of absent keyphrases, namely
MultPAX-AKEpgpedia and MultPAX-AKEg;peiNet. Furthermore, we configured the MAG
framework to link present keyphrases only with DBpedia in case of MultPAX-AKEpgpedias
and only with BabelNet for MultPAX-AKEgpeinet- Finally, we benchmarked the entire

framework MultPAXg, as our fourth variant.

Table 6.5 reports the evaluation results of each component in terms of semantic-matching
F1@5, and F1@10 on the Inspec dataset, since it contains the highest ratio of absent
keyphrases among the benchmark datasets. We can see that the performance of MultPAX-
PKE is improved when linking with knowledge graphs, e.g., MultPAX-AKEpppedia Outper-
forms MultPAX-PKE by +0.41 in F1@10. In addition, we noticed that our approach could
retrieve more terms from DBpedia than BabelNet, since DBpedia contains a larger seman-
tic ontology (approximately 3.5 million instances) extracted from Wikipedia information
boxes. Finally, our MultPAX-g,;; showed an improved performance with F1-scores (0.911
in F1@5, 0.763 in F1@10) when incorporating both knowledge graphs (i.e., DBpedia and
BabelNet) compared with individual variants. These findings conclude that each component
of MultPAX contributes to the overall performance of our framework and answers our last

research question Q3.
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Table 6.5: Ablation Study of MultPAX framework on Inspec dataset. F1 @k-scores are
reported based on semantic-matching between the predicted and Ground-truth

keyphrases.
MultPAX-Variant F1@5 F1@10
MultPAX-PKE 0.892 0.686
MultPAX-AKERapelNet 0.907 0.701
MultPAX-AKEpBpedia 0.911 0.727
MultPAXEy 0.911 0.763

6.4 Conclusion
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This chapter presents MultPAX framework, a multitask approach for extracting present
and absent keyphrases, including three components: i) Present Keyphrase Extraction, ii)
Absent Keyphrases Generation, and iii) Keyphrases Semantic Matching. In our approach,
we employ a pre-trained language model (Bert) and the knowledge graphs DBpedia and
BabelNet for the extraction of absent keyphrases. Our experiments show that KGs proved
to be valuable resources for generating keyphrases that are absent, especially in short texts.
In our future work, we plan to apply a bootstrapped approach for keyphrase extraction from
DBpedia abstracts to find more relevant terms. In particular, we intend to apply MultPAX
recursively on the abstracts of DBpedia entities. In addition, we will experiment with other
knowledge graphs (e.g., YAGO and Wikidata) to extend the coverage of entity links in the
MAG framework.

In the context of this thesis, we will adapt the idea to predict keyphrases for the contextual
augmentation of questions, inspired by our contextual augmentation approach for entities
from Chapter 4. With the improvements of large, generative language models over the
last years, applying generative LLLMs for keyphrase prediction became increasingly popu-
lar (Maragheh et al., 2023; Song et al., 2024). The benefit of this approach is that instead
of predicting scores for n-grams for present keyphrases extraction, generative LLMs are
capable of expanding the context of an input text to predict additional information, such as
absent keyphrases or alternative terminology (Gabin and Parapar, 2025). Furthermore, we
will use the presented MAG-based approach for linking extracted keyphrases from questions
and compare it with modern dense-retrieval and autoregressive linking approaches. We will

describe the details of this adaptation in Chapter 9.

Chapter 6 Keyphrase Extraction using Language Models and Knowledge
Graphs



7.1

UniQ-Gen: Unified Query
Generation across Multiple
Knowledge Graphs

This chapter contributes to the following research questions:

* RQy: Can LLMs be jointly fine-tuned for query generation for multiple KGs, and

how do these models perform compared to models trained for single KGs?

* RQg: How does the performance of knowledge extraction frameworks influence the

performance of query prediction?

To answer Question 4, we jointly fine-tune TS5 on data from two different KGs, namely
Wikidata and Freebase, and compare the performance of these jointly trained models with
individual models on multiple benchmarks. In the context of Question 6, we investigate to
what extent incorporating outputs from knowledge extraction models into the training data
improves model performance for end-to-end query generation. The content of this chapter
is based on the paper Vollmers et al. (2025b), where the author designed, implemented, and

evaluated the corresponding approach and co-wrote the corresponding paper.

Overview

Large language models (LLMs) have recently shown significant performance in various

NLP tasks, including answering questions on knowledge graphs (KGQA) (Tan et al., 2023).

These models are often fine-tuned on a domain-specific dataset (e.g., QALD-9) to convert
natural text to corresponding logical forms, such as SPARQL queries (Banerjee et al.,
2022) or S-Expressions (Ye et al., 2022). However, training or fine-tuning LLMs is a
resource-intensive process that requires substantial computational resources, such as GPU
hours (Yin et al., 2024). Current approaches typically train or fine-tune an LLM on a single
domain-specific dataset or knowledge graph (Banerjee et al., 2022). However, these methods
require further tuning when applied to new domains or knowledge graphs. This is due to
the fact that knowledge graphs (e.g., Freebase, Wikidata, and DBpedia) exhibit significant

variances in data representation. For instance, DBpedia represents "The Alps Mountains"
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Which countries are the Alps mountains located in?

N
- ™

Query Generation Query Generation
(Wikidata) (Freebase)
Y
SELECT ?country WHERE {
SELECT ?country WHERE { ?alps fb:type.object.name "Alps"@en .
wd:Q1286 wdt:P17 2country. ?alp fb:location.mountain_range.mountains ?mountain.
} ?mountain fb:ns/location.location.containedby ?country .

}

Figure 7.1: An example of two individual models for generating SPARQL queries across
different knowledge graphs.

with semantic identifiers like dbr : Alps, while Wikidata uses numerical identifiers such
as wd : 01 286. Furthermore, answering one and the same question on different KGs may
require completely different query structures, as presented in Figure 7.1. Moreover, Freebase
hierarchically organizes semantic relations between entities, unlike the structures in other
knowledge graphs. These differences pose challenges for developing systems compatible
with multiple knowledge graphs. Each knowledge graph requires different entity linking
and query generation components. Consequently, adapting to these differences requires

retraining or fine-tuning LL.Ms to ensure effective performance.

In this chapter, we propose a unified approach to fine-tune a single large language model
for generating SPARQL queries across different knowledge graphs. Our approach involves
fine-tuning a single LLM across multiple knowledge graphs rather than training separate
models for each graph. To achieve this, we combine training data from multiple knowledge
graphs into a single dataset. We hypothesize that joint fine-tuning of a single LLM enables
better generalization across different data representations and structures. As a result, a single
model for multiple KGs significantly reduces the resource requirements in a productive
environment, since only one model needs to be deployed rather than multiple models for
different KGs. To evaluate the performance of our approach, we compare models tailored to
each knowledge graph with our unified model. In our experiments, we use two different
knowledge graphs (Wikidata and Freebase) that differ significantly in the structure of
SPARQL queries. Furthermore, we extract relevant information (e.g., entities, relations,

types) from the knowledge graph and investigate which information has the greatest impact

Chapter 7 UniQ-Gen: Unified Query Generation across Multiple Knowledge
Graphs


dbr:Alps
wd:Q1286

7.2

7.2.1

on query generation performance. The evaluation results demonstrate that our approach
achieves performance comparable to, or even surpassing, single KG models, reducing the
need to train or fine-tune a separate model for each knowledge graph. We summarize the

main contributions of this chapter as follows:

* We propose a unified approach for generating SPARQL queries for multiple knowl-
edge graphs.

* Our approach achieves performance equivalent to or better than that of individual
models (tailored to each KG), eliminating the need for separate training or fine-tuning
an LLM for each KG.

* Incorporating relevant information (e.g., entities, relations, and types) within the LLM
prompt improves the performance of SPARQL query generation.

* The source code and datasets used in our experiments are publicly available.'

Approach

Figure 7.2 shows an overview of the approach (UniQ-Gen) for generating SPARQL queries
for multiple knowledge graphs (e.g., Wikidata and Freebase) using a jointly trained model.
We achieve this by fine-tuning the TS5 (Raffel et al., 2020) model on a mixed dataset,
containing training examples of (natural questions, SPARQL-for-Freebase) and (question,
SPARQL-for-Wikidata) pairs. In this way, the fine-tuned T5 model learns how to generate
SPARQL queries for both graphs, rather than fine-tuning two separate models for each
graph. Accordingly, we reduce the computational and maintenance costs associated with
fine-tuning and managing separate models for each knowledge graph. The following
sections describe the details of each module in our approach, including Entity and

Relation Linking (ERL) and Query Generation.

Entity and Relation Linking (ERL)

The ERL process involves three main tasks: named entity recognition (NER), entity disam-
biguation (ED), and entity linking (EL). Named entity recognition identifies and classifies
entity spans within the text (Nadeau and Sekine, 2007), while entity disambiguation asso-
ciates these spans with corresponding entities in the target KG. First, we extract relevant

information (e.g., entities, relations, and types) from the input question. Notably, this

"https://github.com/dice-group/KATRINA

7.2 Approach

105


https://github.com/dice-group/KATRINA

106

Input Question Which countries are the Alps mountains located in?
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[ NER ] [ Which countries are the Alps mountains located in? ] E
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Figure 7.2: Our approach (UniQ-Gen) for generating SPARQL queries using one model
for multiple knowledge graphs.

process differs between Wikidata and Freebase due to their distinct structures and the way

information is represented.

ERL on Wikidata Many question answering approaches rely on pre-built frameworks,
such as DBpedia Spotlight (Mendes et al., 2011), which generally yield satisfactory results,
due to the significant resources required to develop an efficient linking system. However,
these frameworks often struggle to identify and categorize relations and types. For instance,
in a query like "Which mountains are located in the US?", a typical NER framework would
only recognize "US" as an entity. For accurate query generation, it is essential to also link
the term "mountains” to the knowledge graph. Additionally, these frameworks usually fail
to predict relationships between entities, a critical factor for enhancing QA system accuracy.

To address these limitations, we employ the following methods:
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Question: Which countries are the Alps mountains located in? [SEP]
Entities: : : ,[SEP]

Relations: located in: P138 [SEP]

Target Knowledge Graph: Wikidata.

Figure 7.3: An example input for generating SPARQL query with Wikidata.

e Entity Recognition, Disambiguation, and Linking: We use Flair (Akbik et al., 2019),
a state-of-the-art framework that employs an LSTM network with contextual string
embeddings to recognize and classify entity mentions within text. For entity disam-
biguation, we use GENRE (De Cao et al., 2021), which applies an autoregressive
transformer architecture based on the pre-trained BART model with constrained
decoding and beam search to predict Wikipedia titles. We link these titles to Wikidata
using a dictionary, assuming each entity has a unique label that maps to a single
Wikipedia title.

* Linking Relations, Types, and Additional Entities: We use a fine-tuned T5 model
to link types, relations, and additional entities that are not directly mapped to spans
in the input sequence. For example, in the question "Which is the highest moun-
tain in the US?", the relation "is located in" is needed but not directly present in
the text. We extend target labels to include relations, e.g., "Who is the spouse of

Obama?[SEP Jentities: Barack Obama, relations: spouse".

We combine the outputs of these methods and use a dictionary to map Wikidata labels to
their URISs, assuming each label is unique within the knowledge graph. These outputs are
then used as input for the Query Generation module, as shown in Figure 7.2. The
input includes the question, entities, relations, and the target knowledge graph. All are

concatenated using a separation token, "/SEP]" as shown in Figure 7.3.

ERL on Freebase Many types and relations in Freebase share identical labels due to its
hierarchical ontology, making pre-built methods (e.g., Flair) for ERL in Wikidata inadequate.
Therefore, we adapt existing methods for extracting knowledge from Freebase as follows:

» Entity Recognition, Disambiguation, and Linking: Our approach aligns with the
RNG-KGQA framework (Ye et al., 2022), employing a BERT-NER model to detect
entity mentions accurately within the text. For entity disambiguation, we use a pre-
trained BERT-based model that leverages relation information linked with each entity,

thereby improving the ranking of the target entity. For entity linking, our approach
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Table 7.1: Training Samples

Question Entities Relations Target SPARQL

Is Kevin Costner owner wd:011930
of Fielders Stadium? wd:05447154

wdt :P1830 wikidata ASK

how many hadrons are ~ physics.hadron, physics.particle. freebase SELECT
in the family meson? m.04_rh family COUNT
What periodical litera-

i d:Q0188920 dt:P2813
tu.re does Delta Air wd:Q wdt wikidata SELECT
Lines use as a wd:01002697 wdt :P31

moutpiece?

matches mentions to surface forms in the Freebase KG, ranks them by popularity, and
retains the top 5 candidates. The ranking model employed is a cross-encoder model,

as described in Equation 7.1.

Type and Relation Linking: Our approach follows the schema retrieval method from
the TIARA Framework (Shu et al., 2022), using a cross-encoder ranker to rank
relations and types from the Freebase ontology. The score for question (x) and a

schema (c) is computed as:
s(x,c) = Linear(BertCLS([x;c])) (7.1)

where BertCLS represents the CLS token from a BERT-encoder (Shu et al., 2022).
We use the top-5 relations and types as input for our query generation model.

7.2.2 Query Generation
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In this module, we employ the T5 model for query generation, as it has demonstrated
promising results for this task (Banerjee et al., 2022; Ye et al., 2022). In particular, we
fine-tune the T5 model on diverse training datasets containing SPARQL queries from two
knowledge graphs (Wikidata and Freebase). Table 7.1 shows some training examples of the
dataset used to fine-tune the T5 model, including examples for question-to-SPARQL (,,ikidara)
and question-to-SPARQL (£,cpase)- An example includes: an input question, the (entities,
relations, and types), a target KG (e.g., Wikidata), and the ground-truth SPARQL query.
During the training phase, these samples are combined into a single dataset and shuffled,
and the T5 model is trained to generate SPARQL queries from input questions and target
KGs. This process involves fine-tuning the model to accurately map the linguistic structures
of the questions to the target KG.
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Language models often struggle with special tokens such as "{"” and "}", which are integral
to SPARQL queries. To address this issue, we replace these tokens in the target strings
as follows: "{" with "_cbo_" and "}" with "_cbc_". We normalize variables by replacing
the leading "?"-token. For example, a variable like "?uri" is replaced with "_var_<id>",
or "_result_<id>" if it is a part of the result set. Here, "<id>" represents a number, as a
query can contain multiple variables. During the T5 model’s inference, we revert these
substitutions to generate a valid SPARQL query. For variables, we only replace the leading
underscore with the "?"-token. Note that types are included under the entity tag to shorten
the input string, as entities and types are used similarly in SPARQL queries. For Freebase,
the approach is the same, except that the string "target: Freebase" is appended at the end of

the input string.

Experiments

The experiments in this chapter answer RQq4: Can LLMs be jointly fine-tuned for query
generation for multiple KGs, and how do these models perform compared to models trained
for single KGs?, and contribute to RQg: How does the performance of knowledge extraction
frameworks influence the performance of query prediction?. Concretely, we answer the

following subquestions:

* S;: How well does our unified model perform compared to individual language

models, trained on single knowledge graphs, for SPARQL query generation?
* S,: How does our unified model perform compared to state-of-the-art baselines?

* S3: What is the impact of incorporating knowledge such as entities, relations, and

types on the performance of the query generation models?

* S4: How does integrating knowledge from different resource extraction frameworks

into the training datasets affect the performance of query generation models?

Datasets

In our experiments, we use different benchmark datasets, namely, LC-QuAD 2.0 (Dubey
et al., 2019), and QALD-10 (Usbeck et al., 2023) on the Wikidata knowledge graph and
GrailQA (Gu et al., 2021) on the Freebase knowledge graph. We briefly describe these

datasets as follows:

7.3 Experiments

109



7.3.2

7.3.3

110

* LC-QuAD 2.0 (Dubey et al., 2019) was already introduced in Section 5.3.1 The
dataset is divided into a training subset with around 24k questions and a test set with

6k questions.

* QALD-10 (Usbeck et al., 2023) this dataset is manually annotated with 394 question-
query pairs across different languages. For training purposes, it applies updated
version of the QALD-9 dataset (Usbeck et al., 2018a), referred to as QALD-9-
plus (Perevalov et al., 2022). As the dataset is relatively small, we initially trained
our model on the LC-QuAD 2.0 dataset as a pre-trained (i.e., foundation) model,
then fine-tuned it on the QALD-9-plus dataset, following the same training strategy
as Zhou et al. (2021).

* GrailQA (Gu et al., 2021) This dataset is a large, crowdsourced collection for
the Freebase KG, containing around 64k questions. The dataset provides not only
SPARQL queries but also contains S-expressions as alternative logical representations.
The dataset is divided into a training split with 44K questions, a development split
with 6k, and a test split with 13k.

Experiment Setup

In our experiments, we used Nvidia H100 GPUs for efficient model training. The T5-base
model serves as a foundation model, as it is widely used in query generation research.
This further ensures comparability with other methodologies. Each model is trained for a
maximum of 50 epochs, with early stopping to mitigate overfitting. For our unified model,
we combine the LC-QuAD 2.0 (Gu et al., 2021) and GrailQA (Dubey et al., 2019) datasets.
Despite GrailQA containing approximately 20k more questions than LC-QuAD 2.0, our
experiments show no significant impact on performance, indicating that data balancing
is unnecessary. For the QALD-9-plus dataset, we fine-tuned our pretrained LC-QuAD
and Freebase model. We supplemented the training data with an equivalent number of
randomly selected entries from the GrailQA dataset to match the volume of the QALD-9-
plus dataset.

Evaluation

We evaluated the performance of SPARQL query generation using the GERBIL-QA frame-
work (Usbeck et al., 2019). This framework is well-established, compatible with different
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Table 7.2: Comparison of joint and single KG models S;.

Dataset Experiment Precision Recall F1 QALDF1
Gold Resources Joint 0.88 0.87 0.88 0.92
LC-QuAD Gold Resource.s LC-QuAD 0.88 0.88 0.89 0.92
End-to-End Joint 0.47 047 047 0.62
End-to-End LC-QuAD 0.42 043 042 0.59
Gold Resources Joint 0.51 059 0.54 0.67
GrailQA Gold Resource's Grail QA 0.54 0.62 0.57 0.68
End-to-End Joint 0.30 034 0.31 0.49
End-to-End Grail QA 0.30 034 0,31 0.49
Gold Resources Joint 0.49 049 049 0.64
QALD-10 Gold Resource. QALD-10 0.47 047 047 0.62
End-to-End Joint 0.44 045 044 0.60
End-to-End QALD-10 0.45 045 045 0.61

benchmark datasets, and provides multiple evaluation metrics, including micro-F1, macro-
F1, and QALD F1, which are used in the QALD challenge.” We adapted the same evaluation
setting of Usbeck et al. (2019), and also include metrics such as macro-precision, macro-
recall, macro-F1, and QALD F1. The macro-F1 score is calculated per question and is
computed as the arithmetic mean of the per-question scores. For clarity, we refer to macro-
precision, macro-recall, and macro-F1, as precision, recall, and F1, respectively. We set up
the Virtuoso Triple Store for Freebase following instructions from the GrailQA repository>,
and for Wikidata, we used the official Triple Store.* Each query is generated regardless
of whether the triple store returns an empty result set. We did not verify the correctness
of the generated queries; therefore, improperly formatted queries return an empty result
set. Finally, we compiled all outputs into a QALD-formatted JSON file. We submitted it
using the ‘upload result file’ function in the GERBIL-QA framework to calculate the final

results.

Comparison of Unified Model and Single KG models (S;)

To answer this question, we implement two variants of the model: the first is a unified model
that is fine-tuned on a heterogeneous dataset of SPARQL queries for Wikidata and Freebase.
The other variants are single models tailored for Freebase and Wikidata, trained only on the

training subsets for the respective KGs.

2https://www.nliwod.org/challenge
3https://github.com/dki-lab/GrailQa
“https://query.wikidata.org/
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We conducted two experiments using these models. The first one, referred to as the gold-
resource experiment, involved evaluating the models using high-quality input data derived
from the test splits. This evaluation process consists of extracting entities, types, and
relations from the test split, then incorporating them as additional information into the
model’s input. In contrast, the second experiment, referred to as the end-to-end experiment,
used knowledge from our ERL module as direct input to the model. The results are
presented in Table 7.2. Our analysis on the GrailQA dataset shows that in the end-to-end
configuration, the unified model performs equivalently to the single KG models. Conversely,
in the gold-resource setup, the performance disparity between the unified and single KG
models is minimal. Similarly, on the LC-QuAD dataset, the end-to-end performance of the
unified model surpasses the single KG model. For the GrailQA dataset, the difference in
performance between models trained and evaluated using gold resources is negligible. On
the QALD-10 dataset, the unified model’s performance with gold-resource input slightly
outperforms the single KG model. In the end-to-end experiment, the single KG model
achieves a 1% higher F-Measure than the unified model, though this difference is marginal,
consistent with results from other datasets. Overall, the results show that the unified model

performs comparable to that of single KG models across all experiments.

Comparison with Baseline Models (S»)

Results on Wikipedia Datasets We conducted two experiments on the LC-QuAD 2.0
dataset to compare the performance with state-of-the-art baselines in SPARQL query
generation (Table 7.3). First, we evaluated the performance of our system using gold
entities and relations as inputs. Remarkably, the performance of our approach aligns with
that of Banerjee et al. (2022), which also uses the T5-small model. This similarity in
performance can be attributed to the shared inputs, despite our study employing a unified
model across multiple KGs. In an end-to-end setup, our unified model outperforms the
model by Tan et al. (2023) on the macro-F1 score. For additional comparison, we refer
to the results from the KGQA-leaderboard.”> Furthermore, on the QALD-10 dataset, our
approach achieves state-of-the-art results on the QALD F1 measure. Across all Wikipedia

datasets, our unified model achieves results comparable to those of single models.

Results on the Freebase (GrailQA) Dataset In the next step, we compare our results
with the baseline models on the GrailQA dataset (Table 7.4). It is important to note that the
evaluation script used by GrailQA differs from ours, as it assesses queries in S-expressions
rather than SPARQL. To evaluate on the Gerbil-QA dataset, we included only systems

Shttps://github.com/KGQA/leaderboard/
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Table 7.3: Comparison with baselines on Wikidata datasets S,.

(a) Results on the QALD-10 Dataset

Approach QALDF1
Borroto et al. (2021) 0.59
Diefenbach et al. (2020) 0.58
Shivashankar et al. (2022) 0.49
Baramiia et al. (2022) 0.43
Joint Model End-to-End 0.60
Single KG Model End-to-End 0.61

(b) End-to-end Results on the
LC-QuAD 2.0 Dataset

Approach

F1

GPT-3.5 (Tan et al., 2023) 0.39
ChatGPT (Tan et al., 2023) 0.42

Joint Model End-to-End 0.46
Single KG Model End-to-End  0.42

(c) Results on the LC-QuAD Dataset with Gold Knowledge

Approach

QALD F1

Banerjee et al. (2022) (T5 base)
Banerjee et al. (2022) (TS5 small)
Banerjee et al. (2022) (PGN-BERT)

0.91
0.92
0.86

Joint Model Gold Knowledge
Single KG Model Gold Knowledge

0.92
0.92

Table 7.4: Comparison with baselines on the GrailQA dataset S;.

Approach Precision Recall F1 QALDF1

Shu et al. (2022) 0.59 0.71  0.62 0.71
Shu and Yu (2024) 0.59 0.71  0.62 0.71
Gu et al. (2023) 0.64 0.79  0.68 0.72
Gu and Su (2022) 0.62 0.79  0.67 0.71
Joint Model End-to-End 0.30 0.34  0.31 0.49
Joint Model Gold 0.51 0.59 0.54 0.67

that provide results in a format compatible with QALD. Our findings indicate that the
results are not as strong as those achieved by the baseline models. This is mainly because
the GrailQA dataset focuses on queries that require detailed knowledge of the Freebase
structure, especially its hierarchical ontology. Existing methods usually generate and rank
subqueries, enabling learning of the knowledge graph structure. However, these methods are
resource-intensive, as they need to generate and rank a large set of queries, resulting in slow

processing (Gu and Su, 2022; Shu et al., 2022), which may not be suitable for production

environments.
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Table 7.5: Comparison of different input data Ss.

Dataset Experiment Precision Recall F1 QALDF1
Baseline 0.37 037 0.37 0.53
LC-QuAD Gold Entities & Gold Types 0.70 0.71  0.71 0.81
Gold Resources 0.88 0.87 0.88 0.92
Baseline 0.20 0.24 0.21 0.39
GrailQA Gold Entities & Gold Types 0.33 0.40 0.35 0.54
Gold Resources 0.51 0.59 0.54 0.67

Influence of KG Knowledge on the Model Performance (S;)

To answer this question, we conducted experiments on extensive datasets, LC-QuAD 2.0 and
GrailQA, to ensure that the models are trained on a sufficient number of entities and relations.
We carried out three experiments for each knowledge graph: i) The first experiment, referred
to as a baseline experiment, uses only the question as input. ii) The second experiment
includes additional information, such as entities and types, as well as the question as input.
iii) The third experiment is referred to as a gold-resource experiment, where entities, types,

and relations are included with the question as an input.

Table 7.5 shows the evaluation results of all experiments, indicating that the model’s perfor-
mance improved with the additional information (entities, relations, and types). Specifically,
adding entities and types led to a significant performance boost. While relations improve per-
formance, less noticeable than entities. Overall, the LC-QuAD dataset demonstrates better
results (F-measure of 0.88), with the additional information. In contrast, the GrailQA dataset
reaches an F-measure of only 0.54. Therefore, future research should focus on providing

more detailed information, including the structural aspects of knowledge graphs.

Experiments with Different Training Data (S,)

Typically, training data is enriched with additional information by adding gold-resource
entities and relations from the target SPARQL queries. This method often causes the model
to duplicate the input information without distinguishing between relevant and irrelevant
data. We address this issue by extracting relevant information from our ERL modules and
incorporating it into the training data. To investigate the influence of this method on query
generation, we conducted several experiments per dataset, training the model once on the
dataset’s gold-resource information and once with additional knowledge-extraction inputs.
Afterward, we conducted the same experiments as in Section 7.3.4, evaluating the models

with both gold input and in an end-to-end setup.
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Table 7.6: Comparison of different training setups Sy.

Dataset Experiment Precision Recall F1 QALDF1

Gold Resources 0.88 0.87 0.88 0.92

LC-QuAD Gold Resources inc. ERL 0.84 085 084 0.90

End-to-End 0.46 046 046 0.60

End-to-End inc. ERL 0.47 047 047 0.62

Gold Resources 0.33 040 0.35 0.54

) Gold Resources inc. ERL 0.51 0.59 0.54 0.67
GrailQA

End-to-End 0.12 0.15 0.12 0.26

End-to-End inc. ERL 0.30 034 0.31 0.49

Gold Resources 0.48 049 048 0.64

QALD-10 Gold Resources inc. ERL 0.49 049 0.49 0.64

End-to-End model 0.27 0.28 0.28 0.43

End-to-End inc. ERL 0.44 0.45 0.44 0.60

Our findings presented in Table 7.6 indicate that including relevant information improves the
model performance across all datt’asets in the end-to-end setup. However, on the LC-QuAD
dataset, the performance improvement is minimal compared to training with gold-standard
data. On the GrailQA dataset, we achieve a significant improvement, increasing the F1
QALD score from 0.26 to 0.49. Similarly, on the QALD dataset, the model’s performance
improved from 0.43 to 0.6. These variations in performance across datasets can be attributed
to different ERL methods used to link data. For instance, entity mentions in LC-QuAD
closely align with those in the Wikidata, whereas QALD-10 shows greater ambiguity. For
example, the question: "Do the princes William and Harry share the same mother?", where
the entities are referred to only by their first names. In the evaluation setup, with gold-
resource information, we observe a performance improvement only on the GrailQA dataset.
This is not surprising, as incorporating gold information can introduce noise into the model

inputs.

Conclusion

This paper presents UniQ-Gen, a unified approach for fine-tuning a joint model to generate
SPARQL queries across different knowledge graphs. Our results demonstrate that training a
unified model on multiple heterogeneous datasets (e.g., including samples from Wikidata
and Freebase) achieves performance comparable to that of single models for individual KGs,
eliminating the need for separate models for each graph. Moreover, incorporating additional

information such as entities, relations, and types significantly enhances the performance
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of query generation models. While there are many effective solutions for entity linking,
accurate and efficient relation linking remains a challenge in knowledge graph question
answering. However, our one-shot query generation approach lacks the incorporation of
structural information about the KG. In our future work, we address this limitation by
incorporating structural information (e.g., hierarchical relationships among entities) into our
unified model. Furthermore, we will also adapt our approach to handle structural differences
between knowledge graphs by integrating KG-specific structural knowledge. In the next
chapter, we will compare the fine-tuning approach against a traditional query generation
approach 8. Afterward, we will implement different knowledge extraction pipelines based
on the frameworks presented in Chapters 4-6. Additionally, we will apply the knowledge
extraction approach on Wikidata presented in Section 7.2.1 for the Wikidata KG, and

fine-tune models for each knowledge extraction pipeline (Chapter 9).
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Knowledge Graph Question
Answering using
Graph-Pattern Isomorphism

This chapter addresses research question RQs: How well can traditional template-based
question answering approaches perform on the KGQA task compared to LLM-based ap-
proaches?. To answer this question, we will introduce the traditional template-based QA
system TeBaQA as a baseline and evaluate it on the KGQA task, comparing it with the
previously implemented fine-tuning-based approach. The content is based on our work
Vollmers et al. (2021), where the author co-designed, co-implemented, and evaluated the

approach and co-wrote the corresponding paper.

Overview

Modern state-of-the-art LLMs achieve a significant performance in generating valid logical
queries (Banerjee et al., 2022). However, for traditional KGQA systems, generating queries
is a challenging problem. To this end, a common approach is to utilize query templates
(alias graph patterns) with placeholders for relations and entities. The placeholders are then
filled with entities and relations extracted from a given natural language question (Abujabal
et al., 2018; Hoffner et al., 2017; Unger et al., 2012) to generate a SPARQL query, which is
finally executed. Semantic parsing assumes that a template can be constructed or selected to
represent the internal structure of a natural language question. Thus, the KGQA task can be
reduced to finding a matching template and filling it with entities and relations extracted

from the question.

The performance of KGQA systems based on this approach depends heavily on the query
templates implemented, which in turn depend on the question’s complexity and the KG’s
topology. Consequently, costly hand-crafted templates designed for a particular KG cannot

be easily adapted to a new domain.

In this chapter, we present the TeBaQA KGQA engine. TeBaQA reduces the effort required

for manual template generation by learning templates from existing KGQA benchmarks.

We rely on learning templates based on isomorphic basic graph patterns.
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The goal of TeBaQA is to employ machine learning and feature engineering to learn to
classify natural language questions into isomorphic basic graph pattern classes. At execution
time, TeBaQA uses this classification to map a question to a basic graph pattern, i.e., a
template, which it can fill and augment with semantic information to create the correct
SPARQL query.

TeBaQA achieves state-of-the-art performance partially compared to other traditional KGQA
systems without any manual effort. In contrast to existing solutions, TeBaQA can be easily
ported to a new domain using only benchmark datasets, as evidenced by our evaluation
across different KGs and train-test splits. We use a best-effort to work with the data at hand
instead of either (i) requiring a resource-intensive dataset creation and annotation process to
train deep neural networks or (ii) hand-crafting mapping rules for a particular domain. Our

contributions can be summarized as follows:

* We present TeBaQA, a QA engine that learns templates from benchmarks based on

isomorphic basic graph patterns.

* We describe a greedy yet effective ranking approach for query templates that aims to

identify the best-matching template for a given input query.

¢ We evaluate TeBaQA on several standard KGQA benchmark datasets and unveil

choke points and future research directions.

* The code is publicly available.'

Approach

TeBaQA is based on isomorphic graph patterns that can be extracted across different
SPARQL queries and used as templates for our KGQA approach. Figure 8.1 provides an

overview of TeBaQA'’s architecture and its five main stages:

First, all questions run through a Preprocessing stage to remove semantically irrelevant
words and create a set of meaningful n-grams. The Graph—-Isomorphism Detection
and Template Classification phase uses the training sets to train a classifier
based on a natural language question and a SPARQL query by analyzing the basic graph
pattern for graph isomorphisms. The main idea is that structurally identical SPARQL queries
represent syntactically similar questions. At runtime, a question is classified into a ranked

IThe code is available at https://github.com/dice-group/TeBaQA and a demo of TeBaQA
over encyclopedic data can be found at https://tebaga.demos.dice-research.org/. We
also provide an online appendix which contains more details about our algorithms and their evaluations at
https://github.com/dice-group/TeBaQA/blob/master/TeBaQA_appendix.pdf.

Chapter 8 Knowledge Graph Question Answering using Graph-Pattern Iso-
morphism


https://github.com/dice-group/TeBaQA
https://tebaqa.demos.dice-research.org/
https://github.com/dice-group/TeBaQA/blob/master/TeBaQA_appendix.pdf

8.2.1

list of SPARQL templates. While Information Extraction, TeBaQA extracts all
critical information, such as entities, relations, and classes, from the question and determines
the answer type based on a KG-agnostic set of indexes. In the Query Building phase,
the extracted information is inserted into the top templates, the SPARQL query type is
determined, and query modifiers are added. The resulting SPARQL queries are executed,
and their answers are compared with the expected answer type. The subsequent ranking is
based on a combination of all information, the natural language question, and the returned

answers.

In the following, we present each of these steps in more detail. We use DBpedia (Lehmann

et al., 2015a) as a reference KG for the sake of simplicity in our description.

e @

4
| Question |
Preprocessing

Knowledge
Graph

v

Entity Index Relation Index Class Index

SNe——

Templates/
Classifier

Graph-lsomorphism

Detection \ Template Classifier Query Building
over Isomorphic (Query Type,
Graphs Modifiers) \ Ranking
)

Question
TeBaQA | Preprocessing |

Figure 8.1: The TeBaQA architecture on the running example.

Question Preprocessing

There are often words that do not contribute any information to the answer to natural
language questions. Thus, we distinguish semantically relevant and irrelevant n-grams.
Irrelevant n-grams can lead to errors that could propagate through the architecture. An
example of this is the entity dbr: The_The?. If the word "The" were to be wrongly
associated with this entity every time "the” occurs in a question, the system’s performance
would decrease severely. However, irrelevant words are sometimes part of entities, e.g.,
dbr:The_Two_Towers, so we cannot always filter these words. For this reason, we

combine up to six neighboring words from the question to n-grams and remove all n-grams

2dbr: is a prefix which stands for http://dbpedia.org/resource/
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that contain stop words only. To identify irrelevant words, we provide a stop word list
that contains the most common words of a particular language that are highly unlikely
to add semantic value to the sentence. Additionally, TeBaQA distinguishes relevant and
irrelevant n-grams using part-of-speech (POS) tags. Only n-grams beginning with JJ, NN,
or vB POS-tags are considered relevant. After this preprocessing step, TeBaQA maps the

remaining n-grams to entities from DBpedia in the information extraction step.

Graph-lsomorphism Detection and Template Classification

TeBaQA classifies a question to determine which isomorphic basic graph pattern (BGP)
it belongs to. Since SPARQL is a graph-based query language (Pérez et al., 2009), the
structural equality of two SPARQL queries can be determined using an isomorphism. At
runtime, TeBaQA can classify incoming questions to find the correct query templates, in

which later semantic information can be inserted at runtime.

SPARQL BGP Isomorphism to Create Template Classes Using the training datasets,
TeBaQA generates one basic graph pattern for each given question and its correspond-
ing SPARQL query, see Figure 8.2. Subsequently, all isomorphic SPARQL queries are
grouped into the same class. Now, each class contains semantically distinct natural language
questions but structurally similar SPARQL queries.

@ —<pred>—>: 9uri | @ —<pred>—>: Turi \.—<pred2>—>
L — ~ -
1o oY 15
(3) 1 7uri .—<pred>—> ORES .—<pred>—>(<ent>] ®) (<ent>]
- ’ ~ T ,\ I

<pred2> <pred2> <pred3> <pred>
¥

' ' -
L2 '.—<pred>—> @ <pred>—>|' ?child ll—<pred2>—>: uri |
R A ~N—=
T

<pred2>

) =T
| uri @ | 2uri — <pred>—>| <ent>
7/

P— ~ ==

Figure 8.2: All basic graph patterns used as classes for QALD-8 and QALD-9, which
later become templates. Note that the depicted templates contain more than
five examples in the training dataset. Our running example, "Who was the
doctoral advisor of Albert Einstein?" belongs to template (1).

Theorem 1 (Isomorphism of labeled graphs) Two labeled graphs are isomorphic when
a 1:1 relationship and a surjective function are present between the nodes of the graphs,
wherein the node labels, edge labels, and neighborhood relationships are preserved by the

mapping (Gervasi and Kumar, 2006).
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Question Features and Classification Next, TeBaQA trains a classifier that uses all
questions of an isomorphism class as input to calculate features for this class. A feature
vector holds all the information required to make a reliable statement about which question

belongs to which class. The features can be seen in Table 8.1.

Table 8.1: Features to map a question to an isomorphic basic graph pattern.

Feature Type Description

QuestionWord Nominal Adds the question word (e.g. Who, What, Give) as
a feature.

EntityPerson Boolean Checks the named entity tags of the sentence to see

if any persons are mentioned in it.
NumberOfToken Numeric Stores the number of tokens separated by spaces
excluding punctuation.
QueryResourceType Nominal Categorizes the question based on a list of subject
areas, e.g., film, music, book or city.

Noun Numeric Aggregates the number of nouns.

Number Numeric Indicates how often numbers occur in the question.
Verb Numeric Aggregates the number of verbs.

Adjective Numeric Aggregates the number of adjectives.

Comperative Boolean Indicates whether comparative adjectives or adverbs

are included in the sentence.

TripleCandidates Numerical Estimates how many SPARQL triples are needed to
answer the question based on the number of verbs,
adjectives, and related nouns.

The features can be divided into semantic and syntactic features. QuestionWord, EntityPer-
son, and QueryResourceType form the group of semantic features and represent particular
content aspects of the question, e.g., persons or specific topics that are mentioned in the

question. All other features describe the structure of the question.

Note that other features were investigated, but they did not improve the model’s recognition
rate. We report these features to aid future research in this area: 1) Cultural Categories:
Mainly included music and movies, e.g., "Who is the singer on the album The Dark Side of
the Moon?" and 2) Geographical entities: Questions in which countries or cities occur, as

well as where questions, e.g., "In which country is Mecca located?"

Using the features above, it is possible to represent the question "Who was the doctoral

advisor of Albert Einstein?" with the following vector:

<Who, Person ,8 ,dbo: Person,1,0,1,0,NoComperative,l>
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TeBaQA trains a statistical classifier using the described features extracted from the input
question and the isomorphic basic graph patterns as class labels. A feature vector’s target
class can be determined by generating the basic graph pattern for the corresponding SPARQL
query and assigning the class, which represents this pattern. An evaluation can be found in
Section 8.3.2.

Information Extraction

TeBaQA identifies entities, classes, and relations to fill the placeholders of a particular
SPARQL template. Since questions are shorter than typical texts, semantic entity linking
tools such as DBpedia Spotlight (Daiber et al., 2013) or MAG (Moussallem et al., 2017)
do not perform well due to the lack of semantic context. For example, in "Who was
the doctoral advisor of Albert Einstein?", the word "Einstein" has to be linked to dbr :
Albert_Einstein and not to any other person with that name. For this reason, we
apply a KB-agnostic, index-based approach to identify candidate entities, relations, and

classes. TeBaQA uses three indexes that are created at runtime.

Entity Index The entity index contains all entities from the target knowledge graph. To
map an n-gram from the preprocessing step to an entity, TeBaQA queries against the index’s
label field. The index contains information about entities, relations, and classes connected
to the entity at hand.

Relation Index and Class Index These two indices contain all OWL classes and rela-
tions from a KG. The indexes map n-grams to relations and classes in the KB’s ontolo-

gies.TeBaQA additionally indexes hypernyms and synonyms for all relations and classes.>

Consider the question "Who was the doctoral mentor of Einstein?". DBpedia contains only
the relation dbo: doctoralAdvisor® and not dbp:mentor>. Through the synonym
"advisor" of "mentor", the relation dbo : doctoralAdvisor can be determined. This
example highlights the lexical and semantic gap between natural language and knowledge
graphs.

3The dictionary can be found at ht tps: //github.com/dice-group/NLIWOD/tree/master/qga
.annotation/src/main/resources which was previously used by (Singh et al., 2018)

4dbo: stands for http://dbpedia.org/ontology/

Sdbp: stands for http://dbpedia.org/property/
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Disambiguation By querying the indexes for an n-gram, we get candidates for entities,
relations, and classes, whose labels contain all tokens of the n-gram. Since a candidate’s
label may contain more tokens than the n-gram, we apply a Levenshtein distance filter of

0.8 to the candidates. All remaining candidates are used to fill a given template.

Query Building

Template Filling To fill the templates, we provide information about connected entities
and relations for the found entities from the entity index. For the triples in a template, there

are two cases:

1.) The triple contains one placeholder for an entity and one placeholder for a relation. In this
case, we resort to only the connected relation information from the entity index. An entity
candidate e and a relation candidate p are combined to a triple < e, p,?7v > or <?v, p,e > if
the set of connected relations S(e) of the entity e contains p and if the connected n-grams

do not contain each other.

2.) The triple contains only one placeholder for a relation p’. This case only occurs when
at least one triple in the template matches case 1. We can utilize these triples to generate
matching triples for the given triple. Thus, we query the entity index and search for a set
of entities S(¢’) connected with the entity e by the relation p. All connected relations from
the entities in S(¢’) in the set of relation candidates and whose n-grams do not cover the

n-grams of e and p are candidates for p'.

Each candidate SPARQL query is checked for consistency with the ontology. In general,
there are query patterns that do not contain variables. This case only occurs in ask queries
like "Did Socrates influence Aristotle?”. We ignore this case to keep simplicity and be aware
of the performance impact. To summarize, TeBaQA creates several candidate SPARQL

queries per template and thus per question.

Query Modifiers and Query Types To translate a question into a semantically equivalent
SPARQL query, it is often not enough to recognize the entities, relations or classes in the
question and insert them into a SPARQL query. For example, the question "How many
children did Benjamin Franklin have?" asks for the number of children and not the concrete
list. Thus, we apply a rule-based look-up to add query modifiers and choose a query type.
The supported modifiers are COUNT, if the question contains keywords like "How many" or
"How much", Filter (?x<?y), if we identify comparatives and ORDER BY [ASC (?x) | DESC
(?x)] LIMIT 1, if the question contains superlatives. Additionally, we support ASK-type

questions when keywords such as "Is"” or "Are” are identified.
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Note that the templates and their respective basic graph patterns neither contain information
about the query type nor about query modifiers. Thus, TeBaQA generates one SPARQL
query per candidate SPARQL query for each recognized cross-product of query type and
modifier. The outcome is a list of executable queries for each input question.

Ranking

Since the conciseness of an answer plays a decisive role in QA, in contrast to full-text search
engines, only the answer that corresponds best to the user’s intention should be returned.
Thus, all generated SPARQL queries and their corresponding answers are ranked. This
ranking is carried out in two steps. First, we filter by 1) the expected answer type of the
question in comparison to the actual answer type of the query and by 2) the cardinality of

the result set. Second, TeBaQA ranks the quality of the remaining SPARQL queries.

Answer Type and Cardinality Check For certain types of answer sets, only those that
match the question’s expected answer type are considered for the next ranking step. We
empirically analyzed the benchmark datasets and derived a rule-based system for the most

common expected answer type and their distinguishing features.

* Temporal questions usually begin with the question word "When", e.g., "When was
the Battle of Gettysburg?". TeBaQA expects a date as the answer type.

* Decision questions mostly start with a form of "Be”, "Do" or "Have". The possible

answer type is boolean.

* Questions that begin with "How much" or "How many" can be answered with numbers.
This also includes questions that begin with a combination of the question word "How"”

and a subsequent adjective, such as "How large is the Empire State Building?"

If none of the above rules apply to a question, the result set’s cardinality is checked. There
are two cases: First, when several answers are needed to answer a question fully, consider
"Which ingredients do I need for carrot cake?", if only one answer is found for this question,
it can be assumed that it is either wrong or incomplete. Second, when there is only one
answer to a question, e.g., "In which UK city are the headquarters of the MI6?", an answer

consisting of several entities would not be correct.

To recognize which query type (ASK or SELECT) a question belongs to, the first noun or
the first compound noun after the question word is checked. If they occur in the singular
form, a single answer is needed to answer the question. For the above question "In which UK
city are the headquarters of the M16?", the compound noun would be "UK city". Since both
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words occur in the singular, it is assumed that only a single answer is required. If the first
noun or group of nouns occurs in the plural, this indicates that the question requires multiple
answers. In the question "Which ingredients do I need for carrot cake?" the decisive word

"ingredients" is in the plural.

However, the question type may not be recognized correctly. For instance, if the question is
grammatically correct but contains words with identical singular and plural forms, such as
"news", we cannot determine the correct answer type. These issues will be tackled in future

research.

Once the question type and answer type have been determined, all answers whose type or

cardinality do not match the question will be discarded.

Quality Ranking For the remaining SPARQL queries, TeBaQA calculates a rating based
on the sum of the individual scores of the bindings B and the input question phrase. A
binding B is the mapping of entities, relations, and classes to placeholders contained in one
SPARQL query g. To compute the relatedness factor r, the following factors are taken into

account:

* Annotation Density: The annotation density measures that the more words from
the sentence are linked to an entity, class, or relation, the more likely it is that
it corresponds to the intention of the user. For the question "What is the alma

mater of the chancellor of Germany Angela Merkel?", one candidate query may

apply the binding dbr : Angela, while another query applies the binding dbr :

Angela_Merkel. The former refers only to the word "Angela”. The latter refers to

two words of the sentence: "Angela Merkel" and covers longer parts of the phrase.

* Syntactic Similarity: The syntactic similarity is an indicator of how similar an
n-gram of the sentence and the associated binding are. For example, in the question
"Who is the author of the interpretation of dreams?" the n-gram "the interpretation
of dreams" can be linked with dbr: The_Interpretation_of_Dreams or
dbr:Great_Book_of_Interpretation_of_Dreams among others. The
former has a smaller Levenshtein distance and a greater syntactic similarity with the

selected n-gram.

We cover both aspects with the following formulas:
rating = Z r(B, phrase) (8.1)
Beg

r(entity, phrase) = |words(phrase)| — levenshtein_ratio(label (B), phrase) (8.2)
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After all entities, classes, and relations used in a query have been evaluated and summed up,
the rating is corrected down by 30% if more than 50 results are returned by the query, based

on empirical observations in the datasets.

Experiments

In this chapter, we address RQs: How well can traditional template-based question an-
swering approaches perform for the KGQA task compared to LLM-based approaches?. We

answer the following subquestions:
* S;: How well is the performance of the template classification approach?

* S»: How well does the approach perform compared to state-of-the-art traditional

approaches and fine-tuning-based approaches?

* S3: How good is the query generation performance compared to fine-tuning ap-

proaches?

Datasets

We performed the evaluation on the 8th and 9th Question Answering over Linked Data
challenge training datasets (QALD-8 train (Usbeck et al., 2018b) and QALD-9 train (Usbeck
et al., 2018a)), which contain 220 (QALD-8) and 408 (QALD-9) heterogeneous training
questions. Additionally, we evaluated on the two LC-QuAD (Dubey et al., 2019; Trivedi
et al., 2017) datasets with 4000 train and 1000 test questions and 24.000 train and 6.000 test
questions, respectively. Across datasets, the questions vary in complexity, as they include
comparatives, superlatives, and temporal aggregations. An example of a simple question
is "How tall is Amazon Eve?". A more complex example is "How many companies were
founded in the same year as Google?", since it involves temporal aggregation ("the same
year"). We created separate instances of TeBaQA for each training dataset and evaluated

each instance on its corresponding test dataset.

Classification Evaluation (S)

For the QALD-8 and QALD-9 datasets, eight classes were identified for each dataset, as
shown in Figure 8.2. For LC-QuAD v1 and LC-QuAD v2, TeBaQA identified 17 classes

for both datasets. Since the two LC-QuAD datasets were constructed to promote greater
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diversity, classification is more challenging. Note, we omitted classes with fewer than five
examples in the training dataset. We are aware that we are trading our overall performance

for classification accuracy.

To this end, we evaluated a variety of machine learning methods, which required questions to
be converted into feature vectors. In particular, we used the QALD-8 and QALD-9 training

datasets, along with 10-fold cross-validation, to evaluate the computed models. All duplicate

questions and questions without SPARQL queries were removed from the training datasets.

We tested multiple machine learning algorithms with the WEKA framework (Eibe et al.,
2016) on our training data using 10-fold cross-validation.® To achieve comparable results,
TeBaQA uses only the standard configuration of the algorithms. The macro-weighted F1
score for one fold in cross-validation is calculated from the classes’ F1 scores, weighted
according to the size of the class. After that, we calculated the average macro-weighted F1
score across all folds. On the QALD datasets, the algorithm RandomizableFilteredClassifier

achieves the highest F1 scores of 0.523964 (QALD-8) and 0.528875 (QALD-9), respectively.

On LC-QuAD vl, we achieve a template classification F1 score of 0.400464 and 0.425953
on LC-QuAD v2 using a MultilayerPerceptron. Consequently, we use the best-performing

classifiers for the end-to-end evaluation.

Similar experiments can be found in the work of Athreya et al. (2020). The authors use a
recurrent neural network, i.e., a tree-LSTM, to identify templates in LC-QuAD and achieve

an accuracy of 0.828 after manually merging several template classes.

Baseline Experiments (S,)

For evaluation, we used the fair benchmarking platform GERBIL, as already introduced in

the previous chapter, to ensure future reproducibility of the experiments.

Table 8.2 contains the results of selected question answering systems, measured against
the QALD-8 and the QALD-9 test benchmarks.” We focused on English questions only,
as all available QA systems support English at the time of these experiments. The macro
values for precision, recall, and F1 score were selected. The evaluation was performed with
GERBIL version 0.2.3 if possible. We always report the highest numbers if several papers
reported numbers and evaluation with GERBIL was not possible.

On the QALD-8 benchmark, TeBaQA achieved the best results in terms of F1 score by 5%
QALD F1 score. Our average time is significantly larger than that of the other reported

Shttps://www.cs.waikato.ac.nz/ml/weka/
"The links to our GERBIL-experiments can be found on our Github page: https://github.com/dic
e-group/TeBaQA/blob/master/README . md
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* indicates F1 score instead of QALD F1 score (Usbeck et al., 2019).

Table 8.2: Results of TeBaQA and other state-of-the-art QA systems for multiple datasets.
Numbers are taken from the corresponding papers.

- 0650 00 0Tr'0  TAQVNO-OT1 eIepIm G poum-our]
- LTTO 9¢1°0 Or1'0  TAQVNO-DT ®Iepnim vOrdaL
000°9¢ 00€°0 620 060  1AQvnO-O1 epaddd vOegaL
00S'T 091°0x 08¢0 0650  1AQVNO-OT ®epdgd s« (0TOT “T8 12 YyorqUJRI() JoMsuy Q)
0TL0 0€€ 0% 00S°0 0ST0  1AQvndO-O1 epaddd #%(610T “Te 10 oyua[myeA) JINVO
- €8¢°0x Y010 78¢°0  1aQvndO-O1 epadgd #(020T “'Te 10 npediuedes)) VOSN
6v0°S vLEO SYT0 1¥T0 6-A'IVO erpadgQ vOegaL
- €91°0+ IL¥'0 86+°0 6-A'TVO erpadgQ +%(6107) Sueyz pue Sudyz
P10°1 0020 911°0 L60°0 6-A'IVO eipadgQ (28107 “Te 39 392qs(]) WSSV
199°0 682°0 L9T°0 192°0 6-A'IVO erpadgQ (0Z0T “'& 12 yoequajaI(]) JoMsuy
- €ST 0% €0 ¥1€°0 6-A'TVO erpadgQ #(020T “Te 30 pedruedes)) VOSN
9L0°¢ (0[5 0] LTE0 €670 6-A'TVO erpadgQ (#10T “'Te 12 N07) IoMsuyS3
6120 001°0 €500 600 6-A'TVO erpadgQ (e8T0T “Te 32 ¥929s)) Uorq
066°8C 955°0 88%°0 9LY"0 8-A'TVO erpadgQ vOegaL
- 1970  €9%°0 65¥°0 8-A'TVO erpadgQ +x(6107) Sueyz pue Suayy
90 TIS0 08%°0 4540 8-A'TVO erpadgQ (0707 “Te 12 yoequajal(]) JMsuyQ
8¥SY orr0 125X0) LEEO 8-A'TVO erpadgQ (10T “Te 32 107) 10MSUY3
surdwiy, ‘5ay T @IVO I8y uoIspalg seeq ™ wR)SAS

systems, since the ranking mechanism is activated and then fires several SPARQL queries

after the initial null-retrieving query.
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On QALD-9, TeBaQA is in fourth place with a QALD F1 score of 0.37. This implies that
TeBaQA achieves comparable or partially better results than other semantic QA systems with
a wide margin of possible improvements, as shown in the ablation study. QALD-9 is a more
challenging benchmark than QALD-8, as it contains many questions that require complex
queries involving more than 2 triples. A more in-depth analysis shows that questions from
QALD-9 often require complex templates that are not present in the training queries or
receive only limited support in the training set (Gu et al., 2021). This mismatch leads
to a high number of misclassifications and explains the limited performance on QALD-9
compared to QALD-8 and, thus, its limited generalization abilities to unseen templates.
Although we are not outperforming the state-of-the-art systems on QALD-9, TeBaQA is a

novel research avenue with respect to learning from data.

On the LC-QuAD dataset, which contains the most complex questions, TeBaQA achieves
an F1 score of 0.30. We ran this benchmark only once in our system and had some errors
during runtime. We will further investigate the performance on LC-QuAD in our future
research. Note that we ran LC-QuAD only once through the system to test our independence
from the dataset, similar to the methodology of Wang et al. (2015).

Finally, we compare the performance of TeBaQA on the Wikidata KG against the fine-tuning
approach presented in Section 7 on the LC-QuAD v2 dataset. The results show that the
fine-tuning approach outperforms TeBaQA in the end-to-end setup. Note that most current
benchmarks use Wikidata rather than DBpedia as the KG, so we use Wikidata as the main
KG for query generation in this thesis. Wikidata contains many more triples than DBpedia,
which heavily affects the performance of the template-filling step in TeBaQA. Furthermore,
relation paths such as "wdt:P31/wdt:P279", which are frequently used in the QALD-9 plus
and QALD-10 benchmarks, are not covered in the extraction step for query templates. Due
to the relatively slow template-filling step, limited performance on the Wikidata KG, and
adaptation issues with relation paths, we decided to use a fine-tuning approach to investigate
the impact of knowledge extraction on the query generation performance. However, we
compare the performance on the query generation task under the condition of perfect entity
linking between TeBaQA and the fine-tuning approach in a ablation study, presented in
Section 8.3.4, for a more detailed evaluation.

Ablation Study (S3)

We conducted an ablation study to identify the modules of TeBaQA'’s pipeline that most
influence end-to-end performance. Since the number of possible entities is roughly a
magnitude larger than the number of relations, and for the sake of experimental time, we

omitted testing for perfect relation and class linking.
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Table 8.3: Ablation study for TeBaQA on the QALD-9 test benchmark.

QA System Precision Recall Avg. Time QALD F1 score
Perfect Classification 0.205 0.210 4.618 0.337
Perfect Classification + EL 0.407 0.407 0.355 0.578
Perfect Classification + Ranking 0.245 0.257 4.029 0.399
Perfect EL 0.301 0.317 0.713 0.473
Perfect EL + Ranking 0.302 0.320 0.653 0.477
Perfect Ranking 0.258 0.270 6.281 0.405
Perfect Classification + EL + Ranking 0.407 0.407 0.251 0.578
Fine-tuned T5 with Perfect EL 0.335 0.359 - 0.504

For the perfect classification experiment, the QALD F1 score is lower than that of the
overall system; see Table 8.2. Investigating the detailed outputs, TeBaQA selects the simpler
templates containing only one triple more often than the more complex templates because
they have more instances (i.e., support) in the QALD-9 training dataset. In many cases, a
simple query returns a result set that is a superset of the target result set, thereby decreasing

precision.

When TeBaQA fails to fill the correct complex template with the proper entities, the query
result set is often disjoint from the target result set. It is also reasonable that TeBaQA fails

to fill the more complex templates due to missing or incorrect entity links.

Still, there is a gap in the system that becomes evident when looking at the perfect classifi-
cation and ranking. Ranking is activated only if the perfect template, filled with semantic
information, returns no answer. That is, TeBaQA fails to find the correct modifiers or needs

to circle through other semantic information candidates.

When the perfect classification is combined with perfect entity linking, the results achieve
a QALD F1 score of 0.58, which would clearly outperform any other system. The same
happens if we add the perfect ranking. The results are the same in both cases because the

ranking is rarely triggered, since the perfect template is already filled in correctly.

The strongest single influence is the entity linking part, enabling TeBaQA to jump to 0.47

F1 score. We will tackle this challenging module in future work.

Regarding runtime, failing to find the perfect template and then iterating through the ranking,

i.e., querying the SPARQL endpoint often, increases the average time needed significantly.

Compared to the fine-tuning approach with perfect entity links, TeBaQA only outperforms
it when the perfect template is selected and perfectly linked entities are used, meaning
that predicting queries based on fine-tuning is more effective than template classification

Chapter 8 Knowledge Graph Question Answering using Graph-Pattern Iso-
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approaches. However, in current LLM-based chain-of-thought approaches for query genera-
tion, such as Zahera et al. (2024), introducing the structure of example queries for similar

questions remains a common technique to improve the prediction of valid queries.

Conclusion

We presented TeBaQA, a QA system that learns to map questions to SPARQL template map-
pings using basic graph pattern isomorphisms. TeBaQA significantly eases the domain/KB
adoption process for traditional KGQA systems as it relies only on a benchmark dataset at

its core.

While current state-of-the-art fine-tuning approaches outperform classical template-based
approaches, introducing the structure of queries from similar questions into LLMs became a
core component of LLM-based prompt engineering techniques for query generation (Walter
and Bast, 2025; Zahera et al., 2024). In future work, we will also compare unsupervised
prompt-based query generation, for example, based on RAG and chain-of-thought pipelines,

with fine-tuning-based query generation approaches.
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9.1

9.2

Evaluation of ERL for
Question Answering over
Knowledge Graphs

Overview

To conclude, we evaluate the introduced techniques for entity and relation linking on the
ERL and end-to-end KGQA task. To achieve this, we combine the LLM-based query
generation approach introduced in Chapter 7 with the methods for contextual augmentation,
dense retrieval, and keyphrase extraction to end-to-end KGQA pipelines. Additionally, we
set up baseline approaches based on non-LLM-based systems for further comparison. This

chapter addresses the following research questions:

* RQs: How can LLM-based entity linking approaches improve the performance for

extracting KG-knowledge for questions?

* RQqg: How does the performance of knowledge extraction frameworks influence the

performance of query prediction?

The evaluation consists of two steps: In the first step, we evaluate ERL performance on
KGQA datasets. In the second step, we assess performance on end-to-end KGQA using
the outputs of each ERL pipeline as inputs to a fine-tuned query generation model based
on T5. The content of this chapter is based on the paper Vollmers et al. (2025a), where the
author designed, implemented, and evaluated the corresponding approach and co-wrote the

corresponding paper.

Approaches and Pipelines

In this section, we describe the approaches used to obtain results on the ERL and KGQA
tasks. We apply two classes of t'approaches: LLM-based methods that apply LLMs at
various stages of the ERL task, and non-LLM-based methods. In the following, we describe
these approaches in detail, beginning with the non-LLM-based approaches.
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Non-LLM-based Approaches

For the class of non-LLM-based methods, we apply three different approaches based on
popular EL frameworks. The first approach combines the systems Stanford NER (Finkel
et al., 2005), which leverages a linear-chain conditional random field (CRFs) (Lafferty et al.,
2001) for NER and MAG (Moussallem et al., 2017) as described in chapter 6 for ED. The
second system is DBpedia Spotlight (Mendes et al., 2011), an end-to-end entity linking
system for DBpedia that applies precomputed lexicalizations for entity disambiguation. To
link the predicted entities to Wikidata, we apply the owl : same—as links provided by
DBpedia. The last system is Falcon 2.0 (Sakor et al., 2020), which also offers relation linking,
using span detection for retrieval and triple-based candidate extraction for disambiguation.

Neural Approaches

To implement neural ranking pipelines, we combine the approaches for contextual aug-
mentation (chapter 4, dense retrieval 5, MAG, and the ERL approach from UniQ-Gen for
Wikidata 7.2.1 to different pipelines. The pipelines are implemented with the components

presented in the follow-up paragraphs.

Contextual Augmentation We adapt our contextual augmentation approach for questions.
Unlike the EL task in chapter 4, it is not necessary to map entities to spans in the input
sequence to predict entities and relations for questions. Thus, the NER step can be omitted,
and we use the following prompt to expand the context of questions:

LLM Prompt

Your task is to help to link Information from Questions
to Knowledge Graphs. Please generate a list with

all Entities, Relations, and Types for the following
Question. Please generate one list with all entities.

Do not format the JSON output.{question}

After executing the prompt on the LLM, we extract the predicted entities and relations from
the response and append all these terms at the end of each question to generate an augmented
question. However, we found that many of these predicted terms already perfectly match the
labels of entities and relations in the KG. So we mapped these terms directly to entity and
relation identifiers in Wikidata with a dictionary. To link the remaining terms, we introduce

the augmented question in the other components of the pipeline.
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Dense Retrieval We use the dense retrieval approach trained with noisy optimization
(Chapter 5) to retrieve entities and relations from augmented questions. To this end, we
use the Anti-Grad noise injection strategy, as it has shown the best performance on the
LC-QuAD 2 dataset. For the encoder, we choose the ES model (Wang et al., 2022), as
it can be trained faster while still achieving sufficient performance compared to a dual
bi-encoder model on LCQuAD. We modify the hard negative sampling strategy to scale
training efficiently; specifically, we increase the candidate pool by 100,000 entities after
each epoch, starting from an initial set of the same size. In the final two epochs, all entities
are used to compute global hard negatives. This follows the intuition that in early epochs,
random negatives are sufficient for training, and the difficulty of the ranking task should be
increased for each epoch by introducing harder negatives from an expanded subset of the
entity corpus. This saves time in the early stages of the training process. For the relations,
we fine-tune a separate bi-encoder model, also based on ES. We compute global negatives
after each epoch, which remains computationally feasible since Wikidata contains only
around 10,000 relations. Both models are trained for 20 epochs on the LC-QuAD v2 (Dubey
et al., 2019) training set. At inference time, we extract the top 5 entities and relations
from the indices, as our evaluation has shown that this number already provides a sufficient
recall (Table 9.1). We implement two versions of this pipeline: one that only applies dense
retrieval and one that uses the LLM-based filtering as described in the following. In both
cases, we also include the directly mapped entities before the filtering step.

MAG-based Retrieval As an alternative to dense retrieval, we use the MAG Frame-
work (Moussallem et al., 2018) to link the augmented terms to the KG. This process is
similar to the keyphrase linking approach presented in section 6. For this, we mark all
entities and relations in the augmented questions as entities, and extract entities and relations
using MAG. For this, we use a Wikidata Index. This index also contains nodes for each
relation in the Wikidata KG. By using these within the MAG HITS algorithm to predict
hub and authority scores, relations can be treated identically to entities. This enables the
adaptation of MAG for relation linking. Consistent with the dense retrieval approach, we
evaluate variants with and without filtering. In both cases, we augment the result set with

directly linked entities and relations prior to the filtering step.

LLM-based filtering To filter entities and relations, we use a joint prompt to exclude
irrelevant entities and relations introduced during augmentation and retrieval. For this, we

use the following prompt:
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LLM Prompt

Your task is to help to link Information from Questions
to Knowledge Graphs. From the following list of
entities: {entities}. And the following list of
relations: {relations}. Which of them are required
to write a SPARQL query to answer the question:
{sentence} Please return as few entities and relations
as possible. Please return only the IDs of the

entities and relations.

We apply this strategy instead of a cross-encoder because it does not need any costly fine-
tuning. Additionally, the number of required entities and relations is unknown for each
question, so it is not possible to set a fixed value for k that fits for each question. We use
this strategy in combination with the dense- and MAG-based retrieval approaches described

above.

UniQ-Gen Augmentation As an alternative strategy, we adapted the ERL approach of
the UniQ-Gen framework for Wikidata (see Section 7.2.1) by fine-tuning the T5 model
on augmented questions. Similar to the other pipelines, we merge the predictions from
the augmented TS5 model with those from Flair and Genre. For this approach, filtering is
not necessary, since the T5 model already shows a well-balanced performance between
precision and recall (see Table 9.1). Furthermore, explicitly adding directly linked entities
has been shown to be unnecessary, as the TS model inherently copies their labels into the

output sequence.

Query Generation

We fine-tune the TS model for query generation, in the same way as described in chapter 7.
Since it has been shown to be beneficial, we also incorporate predicted entities and relations
into the training process in addition to gold entities. Thus, we train one model for each
pipeline by first fine-tuning it on the LC-QuAD training dataset and subsequently fine-tuning
it on QALD-9 plus."
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We conducted several experiments on the question answering benchmarks QALD-9 plus,
QALD-10, and LC-QuAD 2.0, which were already presented in the chapters before. We
computed the micro-precision, micro-recall, and micro-F1 scores for ERL, and the macro-
precision, macro-recall, and macro-F1 scores, together with the QALD F1 score, for end-to-
end question answering on each dataset. The results are presented in the Tables 9.1 and 9.2.
We evaluated four traditional approaches (including their combined result sets) and six
neural pipelines by combining the previously introduced components. These experiments

directly answer the research questions mentioned in the beginning of this chapter:

* RQs: How can LLM-based entity linking approaches improve the performance for

extracting KG-knowledge for questions?

* RQg: How does the performance of knowledge extraction frameworks influence the

performance of query prediction?

Extraction of KG Knowledge for Questions (RQ3)

Results on Entities The results show that the neural approaches achieve higher F1 scores
and recall. The augmentation approach on the T5 model achieves the highest score on
all datasets. The primary advantage of the neural approaches lies in their significantly
higher recall, whereas some traditional pipelines maintain competitive precision. This is
because traditional approaches are usually capable of predicting entities when the KG labels
are similar to those in the query, but struggle to predict labels that are semantically more
distant from the query entities. Neural approaches are better at predicting these patterns.
Furthermore, the two approaches that apply the T5 framework are well balanced between
recall and precision compared to the other approaches. The dense retrieval approach achieves
high recall but low precision because it generates a fixed set of five entities, whereas fewer
entities are usually sufficient for query generation. The results show that the additional
filtering can remove many irrelevant entities while maintaining high recall across all datasets.
For the MAG augmentation approach, we observe the same effect, but the results are slightly
lower overall. For traditional approaches, we can improve the score by combining their

results, but neural approaches still achieve better performance.

Results on Relations Similar to entity linking, the neural approaches outperform the
only traditional approach (Falcon) on the relation linking task. Overall, the scores are

lower compared to the entity linking performance, due to higher ambiguity and the fact that
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Table 9.1: Entity Linking Results on KGQA Datasets

Dataset Approach F1 Precision Recall
DBpedia Spotlight 0.5275  0.6547  0.4417
Stanford & MAG 0.3746  0.6883  0.2573
Falcon 0.2945  0.4000  0.2330
Combined 04683  0.4263 0.5194
QALD 9 Un%Q—Gen 0.7170  0.8051  0.6463
UniQ-Gen Augmented 0.7537 0.7574  0.7500
MAG Augmented 0.1932  0.1103  0.7794
MAG Augmented & Filtered 0.5027 03966  0.6827
Augmented & Dense Retrieval 0.1870  0.1014  0.8431
Augmented & Dense Retrieval & Filtered 0.5301  0.4085  0.7549
DBpedia Spotlight 0.5955 0.6990 0.5187
Stanford & MAG 0.3962  0.7480  0.2695
Falcon 0.3251  0.3385  0.3127
Combined 0.4861  0.4006  0.6182
QALD 10 Un%Q—Gen 0.5702  0.5848  0.5562
UniQ-Gen Augmented 0.6921  0.7726  0.6268
MAG Augmented 0.2416  0.1425  0.7925
MAG Augmented & Filtered 0.5741  0.4659  0.7478
Augmented & Dense Retrieval 0.2258  0.1300  0.8602
Augmented & Dense Retrieval & Filtered 0.6032  0.4847  0.7983
DBpedia Spotlight 0.5473  0.5303  0.5655
Stanford & MAG 0.4496  0.7281  0.3252
Falcon 04971  0.6000  0.4243
Combined 0.5524  0.4454  0.7270
LC-QuAD Un%Q—Gen 0.6741  0.6740  0.6742
UniQ-Gen Augmented 0.7615  0.7713  0.7519
MAG Augmented 0.1860  0.1054  0.7866
MAG Augmented & Filtered 0.5354 04156  0.7523
Augmented & Dense Retrieval 0.1815 0.1014  0.8642

Augmented & Dense Retrieval Filtered 0.5821 0.4561 0.8042

relations are more often implicitly mentioned than entities. To this end, the results show
that the dense retrieval approach on augmented sequences in combination with filtering
has the best results on the QALD-9 and QALD-10 datasets. On LC-QuAD, the UniQ-Gen
approaches achieve the highest performance because, for training the TS model, the LC-
QuAD training data was used, which applies the same patterns to generate question-query
pairs as the according test split. For the other two datasets, the test split exhibits a more
pronounced difference to the training data; consequently, applying augmentation exerts

a greater influence on the final score, as previously noted in Section 4.4.4. Unlike the
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performance on entities, the results show a larger difference between recall and precision on

the QALD-9 and QALD-10 datasets for the two T5-based approaches.

Table 9.2: Relation Linking Results on KGQA Datasets

Dataset Approach F1 Precision Recall
Falcon 0.2268  0.4536  0.1512
UniQ-Gen 0.3257 09661  0.1959
UniQ-Gen Augmented 0.5815 0.6697  0.5139
QALD9 MAG Augmented 0.3940 03237  0.5035
MAG Augmented & Filtered 04794  0.5520 0.4236
Augmented & Dense Retrieval 0.3222  0.2143  0.6495
Augmented & Dense Retrieval & Filtered 0.5285  0.5313  0.5258
Falcon 0.2562 03762  0.1942
UniQ-Gen 0.4609  0.4672  0.4548
UniQ-Gen Augmented 0.4730  0.6015  0.3896
QALD 10 MAG Augmented 0.4404 03764  0.5308
MAG Augmented & Filtered 0.5209 0.5676  0.4813
Augmented & Dense Retrieval 0.3365 0.2238  0.6779
Augmented & Dense Retrieval & Filtered 0.5436  0.5285  0.5597
Falcon 0.3929  0.5116  0.3189
UniQ-Gen 0.8187  0.8223  0.8151
UniQ-Gen Augmented 0.8433 0.8729  0.8157
LC-QuAD MAG Augmented 0.3675  0.2982  0.4785
MAG Augmented Filtered 0.4795 05273  0.4397
Augmented & Dense Retrieval 0.3526  0.2303  0.7518
Augmented & Dense Retrieval & Filtered 0.6106  0.5882  0.6349

9.4.2 Influence of ERL Frameworks on Query Prediction (RQg)

Finally, we present the KGQA results for all ERL pipelines. The results in Table 9.3 show
that end-to-end pipelines utilizing neural entity linking significantly outperform traditional
approaches.! The best-performing pipeline varies across datasets. For QALD-9, the original
UniQ-Gen pipeline achieves the best performance, matching that of the augmentation and
dense retrieval pipeline without filtering. For QALD-10, the combination of augmentation,
dense retrieval, and filtering shows the best performance, and on LC-QuAD, the T5-based
augmentation approach performs best. In general, superior ERL performance directly
translates to higher overall KGQA scores. The results also show that recall exerts a greater

influence, as the query generation models are trained on predicted entities, making them

INote that the experiments in this section use an updated version of GERBIL, where the scoring function was

modified which leads to different results compared to those in the chapters 7 and 8
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Table 9.3: Question Answering Results on KGQA Datasets

Dataset Approach Precision Recall F1 QALDF1
DBpedia Spotlight 0.16 0.15 0.15 0.26
Stanford & MAG 0.16 0.15 0.15 0.26
Falcon 0.16 0.15 0.16 0.27
Combined 0.17 0.17  0.17 0.28
QALD-9 Un%Q—Gen 0.40 040  0.40 0.56
UniQ-Gen Augmented 0.36 0.37  0.39 0.50
MAG Augemented 0.26 026 0.27 0.39
MAG Augemented & Filtered 0.27 0.27 0.28 0.41
Augmented & Dense Retrieval 0.40 040 040 0.52
Augmented & DR & Filtered 0.32 0.33  0.32 0.45
DBpedia Spotlight 0.15 0.16 0.16 0,26
Stanford & MAG 0.11 0.11  0.11 0.20
Falcon 0.15 0.15 0.15 0.25
Combined 0.15 0.15 0.15 0.25
QALD-10 Un?Q—Gen 0.27 027 0.27 0.40
UniQ-Gen Augmented 0.22 0.22 0.22 0.33
MAG Augemented 0.22 022 0.22 0.33
MAG Augemented & Filtered 0.25 0.25 0.26 0.38
Augmented & Dense Retrieval 0.26 0.27  0.26 0.39
Augmented & DR & Filtered 0.29 0.31  0.29 0.43
DBpedia Spotlight 0.25 025 025 0.39
Stanford & MAG 0.22 023 022 0.35
Falcon 0.25 025 0.25 0.39
Combined 0.26 026 0.26 0.40
LC-QuAD Un%Q—Gen 0.45 045 045 0.60
UniQ-Gen Augmented 0.48 048 048 0.62
MAG Augemented 0.35 035 0.35 0.50
MAG Augemented & Filtered 0.32 032 0.33 0.48
Augmented & Dense Retrieval 0.40 0.40 040 0.55
Augmented & DR & Filtered 0.37 0.38 0.37 0.53

robust to noisy entity and relation inputs. Filtering entities and relations in the MAG-based
approach and the dense retrieval approach decreases the performance of the end-to-end
systems on the LC-QuAD and QALD-9 datasets, while improving results on QALD-
10. Both pipelines show low recall and high precision scores; nevertheless, they achieve

competitive results on the end-to-end task.
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9.5 Conclusion

In this chapter, we have evaluated several traditional and LLM-based ERL systems, incor-
porating prompt-based augmentation strategies across multiple KGQA benchmarks. Our
findings highlight the importance of recall-oriented linking as it has a substantial impact on
downstream performance. Furthermore, the contextual knowledge of LLMs can improve the
performance on ERL. For future work, we plan to leverage this knowledge to develop more
advanced query generation models, incorporating recent techniques such as chain-of-thought
prompting and retrieval-augmented generation. Additionally, integrating the structure of
knowledge graphs into query generation is crucial for enabling LLMs to select relations
more accurately. Future research should therefore focus on more sophisticated methods for

embedding this structural information within LLMs.
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10.1

Application: Enhancing
Answers Verbalization using
Large Language Models

As an application of semantic parsing, we present an LLM-based approach for answer

verbalization. In this application, we show that queries can enhance the verbalization of

answers in a KGQA system. This chapter is based on the paper Vollmers et al. (2024).

The author co-designed, co-implemented, and co-evaluated the approach and co-wrote the

corresponding paper.

Overview

Semantic parsing-based KGQA systems generate answers in the form of single entities, a
list of entities, or literals. However, in real-world applications of KGQA systems, such as
chatbots or speech assistants, users prefer a more natural form of interaction. Consequently,
there is a growing need to provide verbal explanations for the answers generated by KGQA
systems. By presenting answers in natural language, verbalization makes information more
accessible to a broader audience, including those who may not be familiar with linked data or
query languages used by KGQA systems (Kacupaj et al., 2021b, 2022). Current open source
KGOQA systems typically provide answers without verbalizing them in natural language (Fu
et al., 2020; Kacupaj et al., 2022). This lack of verbalization makes interactions with
users less natural than with voice assistants such as Siri and Alexa. Few studies have been
proposed to address this problem. For example, the VOGUE framework (Kacupaj et al.,
2021b) has been designed to generate natural language explanations for visual elements in
user interfaces. This allows Al systems to provide verbal descriptions and rationales for

graphical components, making the interaction more conversational.

To verbalize answers in KGQA, multiple inputs can be used, including guestions, and
answers. KGQA systems can produce various answer types, including single entities, lists
of entities, and literals such as numbers or text. Additionally, semantic parsing systems
generate a logical query, which can be crucial for answer verbalization. Furthermore, it is

possible to extract additional information, such as entity labels, from knowledge graphs. This
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Figure 10.1: The architecture of our verbalization model for generating natural language
answers.
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wide range of input sources and answer types makes it challenging to verbalize answers for
KGQA systems. Transfer learning of large language models (LLMs) has shown impressive
performance in text generation tasks, including query generation across structured and
unstructured inputs (Banerjee et al., 2022). In our study, we focus on fine-tuning different
LLMs, such as TS or BART, to address the challenges of answer verbalization. Furthermore,
we experiment with different inputs to assess the impact of logical form and answers on
the quality of the verbalized output. We summarize the main contributions of our study as

follows:

* Fine-tuning LLMs achieves significant results for answer verbalization in KGQA

systems.

* Incorporating additional information in the LLM input, such as logical forms or

triples, yields better verbalized answers.

* We provide the implementation of our approach and the datasets used in our experi-

ments on a GitHub repository.'

Approach

Figure 10.1 shows the architecture of our approach, including a fine-tuned encoder-decoder
model. Our approach takes a question, its answer, and a query from a KGQA system as
input. Further information, such as relevant triples, is included as alternative input. These
inputs are preprocessed to clean noisy data and tokenized to generate the token vector for
the language model. The following sections describe the preprocessing step and the large
language models used in our study.

https://github.com/dice-group/QAAnswerVerbalizer
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Our experiments incorporate two different forms of input for the verbalization model. In
both versions, we included the answer set and the input question. Additionally, we explore
using triples and SPARQL queries as additional inputs. In the case of SPARQL queries,
language models often encounter problems with special tokens such as { or /, which are
mapped to unknown tokens. Therefore, it is necessary to replace them with different tokens.

In particular, we apply the following replacements:
* A variable such as "?uri" is replaced by the string "var_uri".
o "{"and "}" are replaced by the strings. "brack_open" and "brack_close" respectively.

* The period "." is replaced by the string "sep_dot".

All SPARQL keywords are converted to lowercase.
* All prefixes are removed.

Listing 10.1: An example of input preprocessing

Question: What is the nationality of Aishath Saffa-?
Logical form: select distinct var_uri where brack_open
Aishath_Saffa nationality var_uri brack_close

Triple (s): Aishath Saffa nationality Maldives
Verbalization: Maldives i1s the nationality of Aishath Saffa.

In both approaches (queries and triples), we replace the URIs of entities and relations with
their labels from the KG. URIs consist of hashes or numeric identifiers that lack semantic
information. For example, we use the string input "Aishath Saffa” string in our model
for the DBpedia entity dbr:Aishath_Saffa. Listing 10.1 shows the output of the
preprocessing steps for the example question "What is the nationality of Aishath Saffa?".

Large Language Models

We experimented with three different pretrained models from the literature: TS5, BART, and
PEGASUS. T5 and BART are already introduced in Section 2.2.4. PEGASUS (Zhang et al.,
2019b) is originally designed for generating summaries of natural language texts, which is
similar to answer verbalization for KGQA systems. Answer verbalization can be treated as

a summarization task, where various inputs such as questions, answers, and logical forms
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shall be summarized into a short natural language text. In our experiments, we investigated
whether fine-tuning a summarization model can improve answer verbalization performance.
We trained two versions of LLMs: one model using triples as input and another model using
queries along with answers and input questions. All models were fine-tuned with an equal

number of epochs and input samples.’

Experiments

In this section, we describe the setup of our experiments, including datasets, baselines, and

evaluation metrics for answering the following additional research questions:

* A;: Does incorporating structured data from knowledge graphs, such as triples or

queries, improve the performance of LLMs in answer verbalization?

* A,: What types of inputs are most effective for generating natural language answers?

Datasets and Metrics

VQuAnDa (Verbalization QUestion ANswering DAtaset (Kacupaj et al., 2020)) is one of
the first datasets that contains natural language verbalizations for questions. It contains
5,000 examples, SPARQL queries for DBpedia, and their verbalizations. The dataset is
based on the large-scale complex question answering dataset (LC-QuAD v1 (Trivedi et al.,
2017)).

ParaQA (Kacupaj et al., 2021a) is formed using the verbalizations in VQuAnDa (Kacupaj
et al., 2020) and contains up to eight paraphrased verbalizations of the answer on the
DBpedia KG, along with the question and the SPARQL query. It contains 5,000 examples.

For evaluation, we use the well-established metrics BLEU and METEOR introduced in

chapter 2.5, for comparing our approach against the baseline methods.

Results

In this section, we present our results for answering both of our research questions. All

results are presented in Table 10.1.

2Training setup: https://github.com/dice-group/QAAnswerVerbalizer/blob/main/ar
gs.py
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Table 10.1: Comparison with baselines. The results of the baselines are taken from the
corresponding papers. The inputs to the models: Q represents the question,
LF represents Logical form/query, T represents Triples(s), and H represents
Hybrid, which is a combination of both LF and Q. The BLEU and METEOR
scores are reported. The scores are normalized on a scale of [0,100]. The
results of the baselines are extracted from Kacupaj et al. (2021b) for the
Transformer, BERT, and VOGUE models and from Montella et al. (2022) for
the TS and BART models.

Model BLEU METEOR
VQuAnDa ParaQA VQuAnDa ParaQA

Transformer (Q) 18.37 23.61 56.83 59.64
Transformer (LF) 23.18 28.01 60.17 63.75
BERT (Q) 22.78 26.12 59.28 62.59
BERT (LF) 26.48 30.31 65.92 65.92
VOGUE (H) 28.76 32.05 67.21 68.85
T5(Q) 39.07 30.62 67.70 59.81
BART (Q) 43.90 35.57 71.92 65.40
PEGASUS (Q+LF) 45.97 50.18 79.87 80.70
PEGASUS (Q+T) 45.26 48.48 80.24 81.97
BART (Q+LF) 4543 46.48 78.80 80.21
BART (Q+T) 43.02 47.32 78.57 80.98
T5 (Q+LF) 49.25 47.49 80.66 80.26
T5 (Q+T) 45.02 4591 79.55 79.87

Incorporating Structura Data from KGs in LLMs (A;): The evaluation results show
that incorporating structured knowledge, such as triples and queries, improves answer
verbalization performance across both datasets. Existing models in the literature use fine-
tuned LLMs for answer verbalization. In contrast, our approach includes triples or SPARQL
queries in the verbalization process, yielding better performance. Other models, such as
VOGUE, also use logical forms, but without using pre-trained LLMs such as TS5 or BART,

which contributes to the performance margin in the results.

Experiment with Different Forms of Input (A;): Our findings indicate that verbalizing
SPARQL queries rather than triples generally yields superior performance across datasets,
except for PARAQA, where the PEGASUS model achieved slightly better results. This
marginal difference may come from the fact that queries may contain aggregation functions.

These are not present in the KG itself but can improve the verbalization performance.
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10.4 Conclusion

In this study, we demonstrated that incorporating structural information into an LLM
significantly enhances the quality of answer verbalization in KGQA systems. Furthermore,
the results show that logical forms, such as SPARQL queries, often yield better results
than introducing triples. Our answer verbalization approach can be used as an extension
to any question answering model capable of producing logical forms, such as SPARQL
queries. Alternatively, triples can be applied in cases where no queries are available.
However, only a few KGQA datasets are available at the moment, mainly on DBpedia KG,
which include verbalizations, so extending existing KGQA datasets is necessary to improve
verbalizations across other KGs. On the other hand, using current interaction-based LLMs
such as LIaMA (Touvron et al., 2023) might also be an alternative for fine-tuning LLMs for

verbalization.
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11.1

Conclusion and Future Work

This chapter summarizes our findings in relation to the research questions and outlines
potential avenues for future work. We begin by highlighting our main contributions before

discussing future research directions.

Summary

In this thesis, we developed and evaluated neural entity linking approaches for knowledge
graph question answering. Most previous EL approaches address the classical entity linking
task, which identifies named entity spans in the input text and links these spans to entities
in the target KG (De Cao et al., 2021; Wu et al., 2020a; Zhang et al., 2022c). In contrast,
entity linking for KGQA imposes distinct requirements. First, it requires the extraction of
relations and types in addition to entities—a task typically not covered by classical entity
linking systems. Second, many entities, relations, and types are not explicitly mentioned in

questions, so they cannot be linked to a text span directly.

Within the KGQA literature, many systems evaluate query generation performance by either
assuming perfectly linked entities and relations (Banerjee et al., 2022; Su et al., 2024a) or by
relying on existing APIs to extract this information from the KG (Shivashankar et al., 2022)
Others, such as Diefenbach et al. (2020), use their own approach for entity and relation
linking by mapping n-grams from the question to the KG, which is similar to our traditional
approach, described in Chapter 8. However, the influence of these ERL approaches on the

performance of KGQA systems remains underexplored.

In this thesis, we developed techniques to address ERL challenges in the context of query
generation and evaluated them by analyzing the impact of the ERL performance on the
overall performance of a KGQA system. We further discuss our contributions with respect

to our research questions in the following sections.
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Contextual Augmentation for Entity Linking and Question
Answering

Our first contribution is the development of contextual augmentation approaches for entity
linking. In Chapter 4, we showed that contextual augmentation can improve the perfor-
mance of classical entity linking systems, especially on out-of-domain datasets with highly
ambiguous entities. Our results further show that contextual augmentation is more effective
at expanding predictions of entity mentions than at extracting additional mentions in the
NER step, as this can introduce hallucinations, especially in longer texts. These findings
directly answer RQ,: How can LLM-based augmentation enhance the performance of
entity linking systems?. For applying augmentation to natural language questions, we first
observed that it is not necessary to map entities to entity mentions first. This enables
predicting knowledge that is only implicitly mentioned in questions. Consequently, we
modified our prompt for augmentation to predict relevant KG terms from the input question
directly. Our results on entity and relation linking for questions presented in Chapter 9 show
that this augmentation strategy improves ERL performance on question answering datasets
over Wikidata. These findings contribute to answering RQ: What methods can be used to
predict knowledge that is implicit rather than explicitly expressed in questions? and RQj3:
How can LLM-based entity linking approaches improve the performance for extracting

KG-knowledge for questions?.

Noisy Optimization in Fine-tuning LMs for Neural Ranking

In KGQA systems, neural ranking approaches are critical for ranking candidate query
patterns (Ye et al., 2022) and generating entity linking candidates (Wu et al., 2020a). In
Chapter 5, we developed an approach to inject noise within the optimization process of cross-
and bi-encoder ranking models for retrieval and ranking. The results show that introducing
noise in the optimization process improves the robustness of ranking models. The trained
ranking models are used to extract present and absent knowledge from questions, thereby
contributing to RQ1 and RQ3. Furthermore, we used these neural ranking approaches in
combination with contextual augmentation to answer RQ6: How does the performance of

knowledge extraction frameworks influence the performance of query prediction?.
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11.1.4

Keyphrase Extraction using Language Models and Knowledge
Graphs

In Chapter 6, we demonstrate that explicit keyphrases extracted from input texts can be
linked to KGs using traditional entity linking systems such as MAG (Moussallem et al.,
2018). This process allows for the extraction of additional KG terms to facilitate the
generation of absent keyphrases. For KGQA, we adapted this approach by combining it
with contextual augmentation to extract explicitly and implicitly mentioned KG resources
from questions. This method contributes to RQ;. Our results in Chapter 9 further show that
combining MAG with contextual augmentation can improve ERL performance— specifically
in terms of recall-when compared to traditional neural ranking approaches. In the end-to-
end QA setup, this pipeline achieves better results than all traditional approaches. However,
neural disambiguation approaches achieve better results than MAG on both tasks. These
findings contribute to RQ», RQ3 and RQg.

UniQ-Gen: Unified Query Generation across Multiple
Knowledge Graphs

In Chapter 7, we showed how it is possible to fine-tune a single LLM to generate queries
across multiple knowledge graphs, achieving performance comparable to that of individually
trained models. To show this, we fine-tuned models in a pure query generation setup,
assuming gold entities and relations as input. Additionally, we conducted experiments in
an end-to-end setup with predicted entities and relations of an ERL system. The results
clearly show that in both setups, the joint model performs comparably to the individual
model across all datasets and both considered KGs. These findings directly answer RQy:
Can LLMs be jointly fine-tuned for query generation for multiple KGs, and how do these

models perform compared to models trained for single KGs?.

In addition, we observed that introducing output from ERL frameworks into the training
data for fine-tuning query generation models enhancing end-to-end query generation results.
This can be attributed to the fact that LLMs trained exclusively on gold KG resources tend
to merely copy the provided entities and relations from the input. This occurs because they
have only encountered relevant entities and relations during training. In practice, it is not
possible to guarantee that all KG resources extracted by ERL apply to the query prediction
step, meaning that query generation models must be robust to irrelevant entities. To this
end, introducing predicted knowledge into the training process can solve this problem, at
the cost of executing an additional preprocessing step on the training data. These findings
contribute to RQg.

111 Summary
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Knowledge Graph Question Answering using Graph-Pattern
Isomorphism

To compare traditional, non-LLM-based query generation approaches with current LLM-
based methods, we present our approach, TeBaQA, in Chapter 8. This approach uses graph
pattern isomorphism to identify frequent query templates and train a template classifier on
input questions from the training split of KGQA benchmarks. At inference time, a template
classifier is used to identify a matching query template for each input question. Entities,
relations, and types are extracted by extracting n-grams and applying a TF-IDF-based search

index. Finally, rule-based query ranking is applied to select the final query.

The results show that this approach achieved state-of-the-art results compared to other
traditional approaches on some datasets at the time of its release. However, compared to
TeBaQA, LLM-based KGQA pipelines consistently achieve superior results across most
query generation tasks. Furthermore, this approach is bound to templates that are well-
supported in the training data, whereas the LLM-based approach can learn rare templates
due to its few-shot capabilities. However, one key advantage of traditional systems is that
less or no training is required compared to LLM-based fine-tuning approaches. The findings
of this chapter answer RQs: How well can traditional template-based question answering

approaches perform on the KGQA task compared to LLM-based approaches?

Evaluation of ERL for Question Answering over Knowledge
Graphs

We conducted a joint evaluation of neural and traditional entity linking approaches as
described in Chapter 9. The results show that neural approaches outperform traditional
approaches on all datasets. The main advantage of neural systems is the vast amount of
context LLMs have seen during pre-training. Overall, the recall has been shown to be
crucial to KGQA system performance, making neural linking an essential component of
current KGQA systems. Furthermore, we demonstrated that contextual augmentation not
only enhances ERL performance of LLM-based systems on KGQA benchmarks but also
improves the efficacy of traditional ED systems like MAG (Moussallem et al., 2018). This
chapter answers RQ3 and RQj.
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11.2

Application: Enhancing Answers Verbalization using Large
Language Models

As an application of semantic parsing KGQA systems, we have shown that SPARQL queries
and RDF triples can enhance the performance of fine-tuned answer verbalization systems
(Chapter 10). Verbalization of answers can improve the user experience of dialogue-based
systems, such as chatbots or speech assistants. However, our fine-tuning approach is
primarily designed for a low-resource setup, where deploying large LLMs such as GPT is

not feasible.

Future Work

In this thesis, we focused on extracting relevant resources from KGs for semantic parsing-
based KGQA systems. Furthermore, we mostly rely on fine-tuning approaches for query
prediction. Recent research in NLP has shown that retrieval-augmented generation (RAG),
which applies retrieval techniques to inject knowledge from databases or text corpora, can
improve the performance of open-domain question answering (Fan et al., 2024), obviating
the need for extensive fine-tuning. However, for semantic parsing on KGs, the query
generation model must be aware of the underlying KG’s structure, which can be addressed
to a large extent by providing examples of question-query pairs to an LLM during fine-
tuning. Since vanilla LLM models are usually unaware of this structure, it must be presented
to the model via prompts, which necessitates extracting additional information beyond entity
and relation IDs, such as relevant subgraphs (Han et al., 2025). Generating subgraphs is
a complex task in itself, as it is infeasible to decide individually for each node in the KG
whether it should be part of the subgraph due to the immense graph size. Thus, subgraph
extraction approaches rely on iteratively ranking and expanding paths starting from the
entities mentioned in a question (Zhang et al., 2022a). This iterative approach either requires
implementing a graph ranking algorithm or applying LLMs for path ranking, both of which
are computationally expensive. Consequently, one goal for future work is to develop efficient
extraction techniques for graph-RAG pipelines.

Another research direction is to apply deep reinforcement learning on LLMs for KGQA.
Recent research has shown that reinforcement learning can improve the reasoning capabili-
ties of LLMs (DeepSeek-Al et al., 2025). Furthermore, GPT models apply this technique to
refine their outputs based on human feedback, as mentioned in Section 2.2.4. Following
this idea, Zhang and Zhao (2025) have recently developed an approach that applies rein-
forcement learning on KGs. However, their experiments are limited to the Hits@ 1-score on
entities. Additionally, their approach does not optimize the LLM itself, since it only uses

11.2 Future Work
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the LLM to guide the decision process while optimizing smaller Transformer and LSTM
models. In the future, it might be interesting to experiment to what extend it is possible to
apply reinforcement learning on LLMs to predict SPARQL queries in an unsupervised or
semi-supervised manner. One main benefit of this approach might be that datasets such as
Mintaka (Sen et al., 2022) can also be leveraged for training, even though they only provide

answers and question entities rather than SPARQL queries.

The field of hybrid question answering, which integrates information from diverse sources,
including images, text, knowledge graphs, and relational databases, represents a promising
avenue for future research. Recent studies have demonstrated the successful retrieval of
images from text (Liu et al., 2021b) and the efficacy of the Transformer architecture in
computer vision tasks (Dosovitskiy et al., 2021). Furthermore, GPT-4 has proven success-
ful at generating natural language text from images and producing images from textual
descriptions. Together with the development of RAG systems for structured and unstruc-
tured knowledge, advances in image processing might be used to incorporate information
extracted from images into QA systems. However, combining these approaches requires
integrating different methods and building complex pipelines. In this context, it might be
helpful to implement a scheduling system to determine in advance which knowledge sources

should be used to answer a specific user question.

Finally, another research direction is to improve the performance of retrieval systems on
knowledge graphs by leveraging graph structures. Currently, text-based dense retrieval
approaches mainly rely on textual descriptions of entities (Wu et al., 2020a; Zhang et al.,
2022c). However, leveraging the graph structure is challenging, since entities are often
included in large sets of triples, making it infeasible to include all of them in a textual
description. In particular, training such dense retrieval models requires a set of candidate
entities. Another problem is that entities in text are not always directly connected within
the KG, so obtaining a subgraph is a difficult task that would require training on its own,
described earlier. An option might be to leverage only the distances between candidate
entities extracted from the input text, while also incorporating information about traversed
edges. However, this leads to a loss of context, as intermediate entities along the path may
provide crucial evidence for the retrieval system. In this context, a future goal can be to
learn deep representations of paths within the KG by using Graph Transformers (Shehzad
et al., 2024).
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