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Abstract

Abstract

The digital transformation has greatly increased the amount of data, particularly text

generated across various fields, including the public sector and digital media. Infor-

mation such as political campaigns, media reports, citizen feedback, and press releases

is now commonly shared on digital platforms. Politicians, government agencies, busi-

nesses, and citizens use these platforms to express their views, strategies, goals, and

policies. Analyzing this data can provide valuable insights into public opinion, ongoing

policy discussions, business strategies, and socio-political dynamics.

However, the sheer volume of data makes traditional manual analysis or early compu-

tational methods impractical, highlighting the need for more efficient automated app-

roaches from Natural Language Processing (NLP), particularly Large Language Models

(LLMs), to manage, analyze, and summarize this information. In the course of this

work, document-based learning has seen a landmark advance with the progress of gen-

erative Artificial Intelligence (AI) and the availability of engines and models that are

revolutionizing NLP.

Despite significant adoption and investment in the private sector, academia, and high-

resource fields, LLMs are less utilized in low-resource fields and the public sector due to

constraints such as lack of labeled data, and insufficient budget allocation for Machine

Learning (ML) infrastructure and training. In this Thesis, which was developed during

a transition time of fast development of LLMs, we study ways of adapting the most up

to date models to novel scenarios in order to both achieve efficiency and understanding

of how to adapt LLMs to applications.

To achieve this, this Thesis adapts LLMs to applications in the public sector and dig-

ital media. The main approaches developed include: applying weak supervision by

leveraging synthetic labels generated by other LLMs to fine-tune models for classify-

ing news articles related to Economic Policy Uncertainty (EPU); proposing LLM-based

methods for classifying citizen feedback into different categories, as well as for sum-

marization and question answering of citizen feedback; adapting LLMs for automating

the handling and navigation of public documents by incorporating strategies such as

Retrieval Augmented Generation (RAG), LLM agents; and developing techniques for

hallucination detection in these domains.
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Chapter 1

Introduction

1.1 Motivation

The digital transformation has led to a substantial increase in data generation across

various fields, much of which is unstructured and largely textual [SHB+24]. Text is

fundamental to human communication, and it is widely used by politicians and gov-

ernment bodies for activities such as policy discussions, campaigns, legislation, press

releases, and peace negotiation, to name a few [JPV+21]. In the context of govern-

ment, citizens frequently share their views or feedback on digital platforms, primarily

through text, and many official government processes are documented in textual form

[KEJM20]. Analyzing these texts can enhance our understanding of citizen feedback,

track policy trends, assess government action impacts, and improve access to extensive

government document repositories [DVCA23].

In economics and business, text is frequently used in product reviews, public com-

pany filings, economic reports, and business news articles, providing opportunities to

gain insights into consumer behavior, asset price movements, and stock market trends

[GKT19]. Similarly, in sociology, text analysis is an effective method for discovering

communication patterns that reflect social relationships, power dynamics, and collec-

tive behaviors. By examining text in various communication forms, such as social me-

dia posts, interviews, or political speeches, researchers can better understand group

dynamics, trends, public discourse, and the evolution of social roles [XCC+20].

The value of text data in understanding human behavior, society, and thought has in

the past led to an extensive manual analysis by social scientists, businesses, academia,

and governments. However, the digital revolution has caused the volume of text data to

grow exponentially, far exceeding the capacity of traditional manual methods [GS13].

To address this, automated techniques from Natural Language Processing are now used

1



1. INTRODUCTION 1.1 Motivation

to manage the increasing data volume.

NLP has received increasing attention in recent years, particularly with the develop-

ment of LLMs. The release of OpenAI’s Chat Generative Pre-trained Transformer (Chat-

GPT) showcased their capabilities, driving widespread interest. These models excel

in tasks such as question answering, summarization, text classification, and machine

translation, achieving performance close to human levels [Ope23, TMS+23]. While

the private sector has rapidly embraced and invested in NLP, its adoption in the public

sector and low-resource settings remains limited. This is largely due to the need for

fine-tuning or additional training with domain-specific data, which is often scarce and

expensive to acquire in the areas of interest in this Thesis [DPHZ23].

This Thesis studies the employment of automated NLP methods, particularly LLMs, for

analyzing digital media and unstructured data in the public sector, focusing on the

efficient adaptation of LLMs in these contexts. In order to support applications with

considerably less resources in terms of data and computing power than those of big

companies, many questions on current LLMs need to be asked and answered, some of

which this work aims to tackle. In this context, the main research questions approached

in this Thesis are:

1. How can the latest advancements in LLMs be effectively leveraged in fields with

constrained data availability and limited computational resources?

2. Can we use cost-effective labeling sources, like synthetic labels, to fine-tune LLMs

for downstream tasks instead of relying on human labels?

3. How can LLMs enhance the analysis and use of unstructured citizen feedback in

government organizations?

4. Can LLMs be used as language assistants to process and streamline questions from

government documents and websites?

5. What are the main issues faced by AI professionals in adapting current models to

particular applications reliably?

To address these questions, this Thesis focuses on three applications. The first applica-

tion utilizes LLMs for economic monitoring by classifying news articles related to EPU,

improving upon Baker et al.’s (2016) keyword-based approach, which often results in

a high number of false positives [BBD16]. To enhance cost-effectiveness, this Thesis

proposes a weakly supervised learning approach where training labels are generated

by other LLMs instead of human annotators. Additionally, it proposes methods for

identifying different types of EPU in news articles using multi-label and hierarchical

classification.
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The second application focuses on analyzing citizen feedback, much of which is un-

structured text data that often remains unanalyzed despite its potential value. To ad-

dress this, this Thesis proposes methods for analyzing real citizen interactions in a

government organization, initially using topic models and later integrating automated

approaches for classification, summarization, and question answering based on LLMs.

These techniques improve the efficiency of analysis and responses to citizen concerns.

The third application involves adapting LLMs for summarizing and processing gov-

ernment documents, including press releases, policies, and procedural guidelines. Al-

though these documents are publicly accessible, navigating them to extract relevant

information can be challenging. This Thesis proposes leveraging LLMs to automate

document retrieval and summarization through RAG and LLM agents, reducing halluci-

nation rates to ensure accuracy in these applications. Additionally, it develops methods

for detecting hallucinations in LLM-generated responses to prevent misinformation and

implements intelligent chatbots using RAG and LLM agents to facilitate citizen inquiries

about government documents. These applications are summarized in the next section

and discussed in detail in the subsequent chapters of the Thesis.

1.2 Contributions

This Thesis focuses on the efficient and reliable adaptation of current LLMs for appli-

cations in digital media and the public sector. The contributions, which are detailed in

the Thesis chapters, are summarized below.

• The first contribution of this Thesis is the development of a cost-effective and scal-

able approach for classifying news articles related to EPU using LLMs fine-tuned

with weak supervision techniques. This method reduces reliance on costly and

time-consuming human-labeled data by generating synthetic labels from other

LLMs. By efficiently classifying news articles, it improves accuracy compared to

baseline methods. Additionally, beyond binary classification, this Thesis proposes

methods for identifying different types of EPU in news articles using multi-label

and hierarchical classification. This contribution is discussed in detail in chapter

4.

• The second contribution of this Thesis is the development and evaluation of meth-

ods using LLMs to analyze unstructured citizen feedback data, demonstrated

through a case study from the Uganda Revenue Authority (URA). It introduces

a dataset of real citizen feedback, which is valuable for building and testing ML

models in the public sector, where labeled datasets are often scarce. This work

also adapts and evaluates LLMs for classifying citizen feedback into multiple cate-
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gories. Additionally, this Thesis assesses both prompting and fine-tuning approac-

hes using generative LLMs for question answering and summarization of citizen

feedback. This contribution is discussed in detail in chapter 5.

• The third contribution of this Thesis is the development and evaluation of gen-

erative LLMs for the public sector, focusing on their use as language assistants

to efficiently answer common questions from citizens and government officials

who would otherwise spend considerable time searching through documents for

information. This work involves developing and extensively evaluating RAG sys-

tems and their components for government document processing. Additionally,

LLM agents are adapted to integrate real-time information from online govern-

ment sources, ensuring responses are based on the most up-to-date data. This

Thesis also assesses the effectiveness of multimodal LLMs in handling documents

that contain both text and images. To support training and evaluation in this do-

main, multiple datasets are created, including text and vision instruction tuning

datasets, and datasets designed for evaluating LLM agents and RAG systems. This

contribution is detailed in chapter 6.

• The fourth contribution of this Thesis is the development and evaluation of meth-

ods for detecting hallucinations in LLM outputs. The first proposed approach uti-

lizes hallucination and faithfulness scores to identify hallucinations in responses

from RAG systems and LLM agents using prompt-based techniques. Additionally,

this Thesis proposes a weakly supervised distillation learning approach that en-

hances prompt-based hallucination classifiers by fine-tuning smaller LLMs using

labels generated by more capable LLMs. This method reduces inference costs and

processing time while serving as a cost-effective alternative to human annotation,

which can be expensive and difficult to obtain. This contribution is detailed in

chapter 7.

1.3 Publications and Submissions

Certain aspects of the work presented in this Thesis are discussed in the following

manuscripts and publications.

• Paul Trust, Ahmed Zahran, and Rosane Minghim: Understanding the Influence
of News on Society Decision Making: Application to Economic Policy Uncertainty,

Neural Computing and Applications, 35:14929–14945, 2023.

Paul Trust and Rosane Minghim: Text Classification in the Age of Large Language
Models, Machine Learning and Knowledge Extraction, 6:2688-2721, 2024.
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• Paul Trust, Rosane Minghim: Weakly Supervised Distillation Learning for Halluci-
nation Detection, In preparation for submission.

• Paul Trust, Kizito Omala, and Rosane Minghim: Leveraging Topic Modeling and
Large Language Models to Enhance Analysis of Government Citizen Feedback, In

preparation for submission.

• Paul Trust, Kizito Omala, and Rosane Minghim: Large Language Models for En-
hanced Interaction with Government Data Repositories, In preparation for submis-

sion.

The following publications originate from the research conducted during this PhD study

but are not presented in this Thesis.

• Paul Trust, and Rosane Minghim: Query-Focused Submodular Demonstration
Selection for In-Context Learning in Large Language Models, In Proceedings of

the 2023 31st Irish Conference on Artificial Intelligence and Cognitive Science

(AICS), pages 1-8, 2023.

• Paul Trust, Provia Kadusabe, Haseeb Younis, Rosane Minghim, and Evangelos

Milios, Ahmed Zahran: Unsupervised Natural Language Premise Selection in Mathe-
matical Text using Sentence-MPNet, In Proceedings of TextGraphs-16: Graph-based

Methods for Natural Language Processing COLING, pages 119–123, 2022.

• Paul Trust, Rosane Minghim, Evangelos Milios, and Kadusabe Provia: Gated
Graph Neural Networks for Causal Event Classification from Social-Political News
Articles, In Proceedings of the 5th Workshop on Challenges and Applications of

Automated Extraction of Socio-political Events from Text (CASE), EMNLP, pages

85–90, 2022.

• Haseeb Younis, Paul Trust, and Rosane Minghim: Understanding High Dimen-
sional Spaces through Visual Means Employing Multidimensional Projections, Inter-

national Journal on Engineering, Science and Technology (IJonEST), 4:170-179,

2022.

1.4 Thesis Structure

Chapter 1 presents the motivation for this Thesis, emphasizing the importance of NLP

and LLM in managing large datasets, particularly in the public sector and in digital

media. It discusses our contributions, highlighting the relevance of each method. This

chapter also establishes a foundation for the Thesis by describing the research back-

ground, objectives, and the organization of the upcoming chapters.
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Chapter 2 reviews the evolution of language models from simple n-grams to advanced

systems like Generative Pre-trained Transformer-4 (GPT-4). This chapter covers key

topics relevant to this Thesis, including traditional methods, word representations, deep

learning architectures, transformers, instruction tuning and preference alignment.

Chapter 3 reviews the literature to identify gaps and outline tasks and proposed meth-

ods in this Thesis. It provides the rationale for our approaches and places our work

within the context of the current State of The Art (SoTA).

Chapter 4 presents a cost-effective and scalable approach for classifying news articles

concerning EPU. This method employs pre-trained LLMs that are fine-tuned using weak

supervision techniques and also discusses multi-label and hierarchical classification to

detect different types of EPU.

Chapter 5 presents and assesses advanced LLM-based methods for analyzing unstruc-

tured citizen feedback data. The proposed approaches involve adapting LLM techniques

for classification, summarization, and question answering.

Chapter 6 presents and assesses conversational generative LLMs for public sector use,

utilizing RAG and LLM agents to efficiently respond to inquiries. It also proposes and

evaluates multimodal LLMs that combine text and images.

Chapter 7 introduces and assesses hallucination detection techniques, incorporating

both hallucination and faithfulness scores, alongside a weakly supervised distillation

learning method.

Chapter 8 summarizes the key findings from the experiments and results, highlighting

the conclusions drawn from this Thesis. Additionally, it identifies potential directions

for future work, inspired by the studies and methodologies conducted throughout this

Thesis.

In the next chapters, starting with chapter 2, the contents of this Thesis are discussed

in detail.
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Chapter 2

Language Models: Background and
Evolution

This chapter reviews the evolution of language models, beginning with simple n-gram

approaches and progressing to advanced systems such as GPT-4, which were rapidly

evolving during the period in which the work conducted in this Thesis was done. The

discussion of these methods is essential not only because several are applied through-

out the Thesis, but also to provide context for the choices made in the design and

implementation of the approaches used.

Section 2.1 covers traditional language modeling techniques, followed by section 2.2,

which discusses different word representations. Traditional ML methods are presented

in section 2.3, while sections 2.4 and 2.5 cover deep learning approaches based on feed-

forward neural networks and Recurrent Neural Network (RNN) architectures and their

variants. Section 2.7 discusses attention mechanisms and the transformer architecture

that underlies many recent advances in NLP.

Section 2.8 discusses pre-training techniques used to equip LLMs with parametric

knowledge, followed by section 2.9, which covers fine-tuning and prompting strate-

gies. Section 2.10 focuses on how language models are adapted to reflect human

preferences using post fine-tuning methods such as Reinforcement Learning from

Human Feedback (RLHF) and instruction tuning. Section 2.11 presents (RAG) and the

use of LLM agents, while section 2.12 discusses multimodal LLMs and general purpose

AI. A summary of the techniques discussed in this chapter is provided in Table 2.1.
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Table 2.1: A high-level overview of techniques discussed in chapter 2.1

Category Technique Main idea Models

Representation

Count-based 2.2.2 Word frequency for docu-
ment representation

BoW, TF-IDF [Aiz03]

Static embeddings 2.2.3 Fixed dense word vectors
capturing semantics

Word2Vec [MSC+13],
Doc2Vec [LM14], Glove
[PSM14], Fasttext [BGJM17]

Contextualized embeddings
2.8

Context-sensitive embed-
dings for words

BERT [DCLT19], RoBERTa
[LOG+19], SBERT [RG19]

Traditional NLP
Traditional ML 2.3 Classical ML methods Logistic Regression [Bis06],

SVM [CV95], Decision Trees
[Qui86], Random Forests
[Bre01]

Deep Learning 2.5 Neural networks for NLP RNN [GBC16], GRU
[JZS15], LSTM [HS97]

LLMs

Transformer 2.7 Foundational architecture
on which modern LLM are
based.

Transformer [VSP+17]

Encoder-only 2.8.1 Masked language modeling
pre-training

BERT [DCLT19], RoBERTa
[LOG+19], ELECTRA
[CLLM20], XLNeT
[YDY+19]

Decoder-only 2.8.2 Next-token prediction pre-
training

GPT-2, GPT-3 [BMR+20],
GPT-4 [Ope23], BLOOM
[SFA+22], OPT [ZRG+22]

Encoder-decoder 2.8.3 Encoder-decoder pre-
training

T5 [RSR+20], BART
[LLG+20]

Multimodal LLMs 2.12 Multiple data modalities
(text, image, video, audio)

GPT-4-Vision, LLAMA3-
Vision, Gemini

LLM Adaptation

Prompting 2.9 Adaption via language in-
structions

Few-shot [DLD+24], CoT
[WWS+22], ToT [YYZ+24b]

Fine-tuning 2.9 Domain-specific adaptation Pre-trained LLMs [DCLT19]

Instruction tuning 2.10.1 Instruction following Falcon [AAA+23], Mistral
[JSM+23], Dolly [CHM+23]

Preference Alignment 2.10.2 Human preference align-
ment

LLAMA [GTDS+24], In-
structGPT [ZSW+19],
Claude [Ant24]

RAG 2.11 External knowledge at infer-
ence from vector databases

Embeddings, LLMs
[XCG+24]

LLM Agents 2.11 External tools and structured
reasoning

ReACT [YZY+23]
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EVOLUTION 2.1 Traditional Language Modeling

2.1 Traditional Language Modeling

Language modeling is a fundamental task in NLP and involves predicting the proba-

bility of word sequences in a language. These models act as probability distributions

over sequences of tokens, enabling them to differentiate between more and less likely

sequences based on their likelihood of occurrence. This capability allows Language

Models (LMs) to understand the grammatical and linguistic complexities of languages.

An LM assigns a probability p(x1, x2, ..., xn) to each sequence of tokens x1, x2, ..., xn from

a vocabulary V .

This probability serves as an indicator of the sequence’s plausibility. The primary goal

is to assess the likelihood of a sequence of n words, treated as a joint event, where each

xi is a random variable. The joint probability p(x1, x2, ..., xn) can be decomposed into a

series of conditional probabilities using chain rule shown in Equation 2.1.

p(x1, x2, ..., xn) =
n∏

i=1
p(xi|x1, ..., xi−1) (2.1)

In this model, p(xi|x1, ..., xi−1) represents the probability of the word xi appearing after

the preceding sequence of words.

Earlier approaches in NLP calculated the probability p(x1, x2, . . . , xn) using simpler

models known as n-gram LMs. An n-gram represents a sequence of n consecutive

words. For instance, in the sentence: "Paul is going to school", the examples of n-grams

include: the uni-gram ("Paul"), bi-gram ("Paul is"), and tri-gram ("Paul is going").

The goal of an n-gram LM is to calculate the probability of a word xi given its preceding

context. For example, the probability of the word: "school" following the phrase: "Paul

is going to" is estimated using relative frequency counts shown in Equation 2.2. This

involves analyzing a large corpus and dividing the number of occurrences of the phrase:

"Paul is going to school" by the number of times: "Paul is going to" appears.

p(school|Paul is going to) = Count (Paul is going to school)
Count (Paul is going to)

(2.2)

As sequences become longer, counting the frequency of each word following every

possible long sequence becomes increasingly challenging. This difficulty arises because

language is inherently creative, and many specific contexts may have never occurred

together before.

Instead of computing the probability of a word given the entire history, it can be ap-

proximated by considering only the last few words. For instance, the bi-gram model

approximates the probability of a word given all previous words p(xn|x1:n−1) by using
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only the conditional probability of the preceding word p(xn|xn−1). In other words, in-

stead of calculating: p(school|Paul is going to) in our example, we approximate it with:

p(school|to). By doing this, we are making a Markov assumption. Markov models are

a type of probabilistic model that rely on the assumption that the likelihood of a future

event can be determined based solely on recent events, without needing to account for

distant past occurrences.

This can be extended from the bi-gram model, which considers one previous word, to

a tri-gram model that considers two previous words, and further to an n-gram model

that looks n − 1 words into the past. For an n-gram, the probability of a word given its

entire context is approximated using Equation 2.3 where Ng denotes the n-gram size.

p(xn|x1:n−1) ≈ p(xn|xn−Ng+1:n−1) (2.3)

For the bi-gram assumption where Ng = 2, Equation 2.3 simplifies to Equation 2.4.

p(xn|x1:n−1) ≈ p(xn|xn−1) (2.4)

The probabilities of bi-grams or n-grams can be estimated by obtaining counts from the

corpus and normalizing them to range between 0 and 1.

Although n-gram models are important in language modeling, they encounter signifi-

cant difficulties, especially with data sparsity and memory usage. As the length of the

n-grams increases, their occurrence in the training data diminishes, which impacts the

model’s ability to accurately predict infrequent sequences. Furthermore, n-gram mod-

els often require considerable memory to store the frequency counts of all observed

sequences, and this need increases as the corpus expands. These challenges have led

to the development of more advanced NLP methods designed to overcome these prob-

lems, which will be discussed next.

2.2 Document Representation

In language modeling and various other ML applications, a crucial pre-processing step

involves converting text into a numerical format, as ML models cannot directly inter-

pret raw text. The choice of word representation is crucial, as it significantly influences

the model’s effectiveness on downstream tasks. Word representations were initially

predominantly sparse and count-based, focusing on word frequencies, sometimes with

normalization. These count-based representations are high-dimensional and often fail

to capture the semantic relationships between words and documents effectively. Re-

cently, there has been a shift towards dense, real-valued word representations, which
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offer improved semantic representation and understanding [JM09].

This shift towards dense, semantic, and contextualized word representations is rooted

in linguistic theories. For instance, J.R. Firth (1957) emphasized the importance of con-

text in understanding word meanings, encapsulated in his famous assertion: "You shall

know a word by the company it keeps" [Fir57]. This perspective also aligns with Lud-

wig Wittgenstein’s view that a word’s meaning is tied to its usage in language [BM19]

and Zellig Harris’s emphasis on the distributional properties of language for thorough

description [Har54]. These theories highlight the importance of context in defining

meaning and have inspired the development of modern word representations that are

both semantically rich and context-sensitive. The word representations derived from

these approaches are known as embeddings and can be either static, assigning fixed

vectors to each word, or contextualized, representing words based on the context they

are used.

2.2.1 One-hot Vector Encoder Representations

One-hot vector encoding [JM09] is the most basic method for representing words and is

the basis for more sophisticated word representations. In this approach, every word in

the vocabulary is assigned a distinct vector in which one element is set to 1 to indicate

the word’s presence, while all other elements are set to 0. The vector’s length matches

the vocabulary size, so if there are n words in the vocabulary, each word is represented

by a vector with n dimensions. For example, in a vocabulary consisting of the words:

{novel, book, magazine}, the one-hot encoded vector for "novel", would be [1, 0, 0], for

"book", it would be [0, 1, 0], and for "magazine", it would be [0, 0, 1]. Mathematically, if

xi is the i-th word in the vocabulary, its one-hot vector vi is defined in Equation 2.5.

vi[j] =

1 if j = i,

0 otherwise
(2.5)

where j ranges from 1 to n words in the vocabulary. This representation, while straight-

forward and easy to implement, results in very sparse and high-dimensional vectors,

especially in large vocabularies. It also does not capture any semantic relationships

between words, as each word is equidistant from every other word in this space. For

example, the cosine similarity between "novel" [1, 0, 0] and "magazine" [0, 0, 1] would be

0, indicating they are completely unrelated, which is inaccurate.
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2.2.2 Count-based Word Representations

This section reviews improved representations over one-hot vectors that represent

words by their frequency in a document. The basic example of these approaches is

the Bag of words (BoW) representation [JM09]. In the BoW method, a text (such as a

sentence or document) is represented as an unordered set of words, where word order

and grammar are disregarded, but word multiplicity is preserved. Each document is

transformed into a fixed-length vector, where the length corresponds to the vocabulary

size, and each element reflects the Term Frequency (TF (xi, d)), which is frequency of

i-th word xi in the document d.

While the BoW model improves representation over one-hot vector encoding, it tends to

overemphasize common words that frequently appear across various texts (stop words)

but does little to distinguish between different documents.

Term Frequency Inverse Document Frequency (TF-IDF) [Aiz03] is an improvement of

BoW that addresses some of its limitations by assigning weights to words based on

their distribution across a corpus. Words that appear in all documents are given lower

weights, while words that appear more frequently in one document and less frequently

in others are assigned higher weights. This weighting scheme helps to minimize the

impact of commonly occurring words that appear in all documents from having a sig-

nificant weight like in the BoW model.

TF-IDF accomplishes this by combining two measures: TF and Inverse Document Fre-

quency (IDF). IDF is calculated as the logarithm of the number of documents in the

corpus divided by the number of documents where the specific word appears shown in

Equation 2.6.

IDF(xi, Nd) = log
(

Total number of documents (Nd)
Number of documents with word xi

)
(2.6)

The TF-IDF metric is then calculated as the product of the two terms as shown in Equa-

tion 2.7

TF-IDF(xi, d, Nd) = TF(xi, d) × IDF(xi, Nd) (2.7)

Though TF-IDF reduces the prominence of common terms and highlights distinctive

features of documents, it has some limitations. It cannot capture word context or se-

mantic relationships, struggles with words that have multiple meanings (polysemy),

and assumes that rarer words are more important. Moreover, the method often pro-

duces high-dimensional representations since the matrix size is equal to the vocabulary

size. These limitations have prompted the development of more sophisticated mod-

els like Word to Vector (Word2Vec) [MCCD13], which offer dense, real-valued vector

representations that capture deeper linguistic relationships. These representations are
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discussed next.

2.2.3 Static Dense Embeddings

This section describes static dense embeddings starting with Word2Vec, which provide

a more compact and efficient form of representation with dimensions typically ranging

from 50 to 5000. Unlike sparse vectors that are predominantly filled with zeros, dense

embeddings consist of real-valued numbers, including negative values, and though less

interpretable, they have demonstrated superior performance in various NLP tasks.

2.2.3.1 Word2Vec

Word2Vec, developed by Mikolov et al. (2013) [MSC+13], uses large text datasets

to generate word embeddings that capture both syntactic and semantic relationships.

It represents words in a dense vector space, placing semantically related words and

those that frequently appear together in similar contexts close to each other. One of

the model’s strengths is its ability to perform vector arithmetic to reflect semantic con-

cepts. For example, the Equation: vector(“King”)−vector(“Man”)+vector(“Woman”)
typically results in a vector close to “Queen", demonstrating how Word2Vec captures

complex linguistic relationships within a multi-dimensional space.

The Word2Vec model represents each word in a given vocabulary as a low-dimensional

vector, much smaller than the vocabulary size. It learns these vector values by analyz-

ing word distributions within a short context window, typically around 1 to 4 words.

Word2Vec comes in two variants based on pre-training objectives: Continuous Bag of

Words (CBOW) and Skip-Gram. The Skip-Gram model predicts the surrounding context

words given a target (center) word within a defined context window. Conversely, the

CBOW model predicts the target (center) word using the surrounding context words,

essentially performing the inverse operation of Skip-Gram.

Since the mathematical formulations of both variants are highly similar, only the Skip-

Gram model is described here. It maximizes the log-likelihood of accurately predicting

context words given the target word for a sequence of words: x1, x2, . . . , xn. The objec-

tive function for this process is shown in Equation 2.8.

Objective = 1
n

n∑
t=1

∑
−Cw≤j≤Cw,j ̸=0

log p(xt+j|xt) (2.8)

In Equation 2.8, xt denotes the target word, xt+j are the context words within a Cw-

word window around the target, and n represents the total number of words in the cor-

pus. The probability p(xt+j|xt) is calculated using the softmax function. This structure
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allows the Skip-Gram model to effectively learn word embeddings by relating target

words to their respective contexts in the corpus.

Both CBOW and Skip-Gram models use negative sampling to efficiently approximate

softmax calculations, particularly when dealing with large vocabularies. Word2Vec has

been successfully pre-trained on large datasets like Google News and Twitter, which

contain billions of words. The resulting word embedding matrix vectors from this pre-

training can be used as initial word representations for various NLP tasks, greatly en-

hancing the performance of those downstream applications.

2.2.3.2 Word2Vec Improvements

Word2Vec is effective in generating word vectors but often struggles to capture the full

semantic meaning and structure of longer texts. To overcome this limitation, Document

to Vector (Doc2Vec) [LM14] extends Word2Vec by creating vector representations for

entire sentences or documents rather than just individual words. This allows it to gener-

ate fixed-length vectors from variable-length texts, such as sentences, paragraphs, and

full documents. In the Doc2Vec model, both words and paragraphs are assigned unique

vectors. The paragraph vectors are combined with word vectors and averaged to pre-

dict the next word in a given context, incorporating information from both individual

words and the overall paragraph.

Beyond Doc2Vec, several improvements to Word2Vec have been introduced, includ-

ing Global Vectors for Word Representation (GloVe) [PSM14] and FastText [BGJM17].

While Word2Vec captures only local context, GloVe enhances word embeddings by in-

corporating both global and local contexts using a global log-bilinear regression model

that combines matrix factorization with local context window methods. However, both

Word2Vec and GloVe struggle with word morphology, as they assign distinct vectors to

each word, making them less effective for languages with large vocabularies and rare

words. FastText [BGJM17] addresses this limitation by representing words as collec-

tions of character n-grams, allowing it to generate embeddings for unseen words and

making it more efficient for large corpora.

Although models like Word2Vec, GloVe, and FastText have their advantages, they share

a significant limitation: they produce the same vector for a word, regardless of its

meaning in different contexts. For example, a word "fly" in the sentences: "The fly bit

me" and "Peter and John fly the airplane" would have identical vectors, missing the

context-specific meanings. This limitation has prompted the development of contextu-

alized word embeddings, which create dynamic embeddings based on the word’s usage

context, that are often extracted from pre-trained LLMs described in section 2.7.
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2.3 Traditional Machine Learning Approaches

Before the widespread adoption of neural networks in NLP, most NLP tasks primarily

used statistical methods and traditional ML techniques. These approaches heavily rely

on feature-based learning to perform various NLP tasks. The development of traditional

ML methods in NLP spans from simpler linear models to more advanced tree-based and

ensemble methods, which are discussed next [Bis06, MRS08, JM09].

Logistic Regression: Logistic regression [Bis06] is one of the earliest ML models used

in NLP, particularly for binary and multiclass classification tasks. Unlike linear regres-

sion, which predicts continuous values, logistic regression predicts the probability of a

discrete class label y given an input feature vector x. For binary classification, it applies

the sigmoid function, which maps any real-valued input to a probability between 0 and

1, as defined in Equation 2.9.

P (y|x) = 1
1 + e−(w·x+b) (2.9)

Here, w is the weight vector, x represents the input feature vector, and b is the bias

term. For multiclass classification, logistic regression applies the softmax function to

produce a probability distribution over multiple classes. Logistic regression is computa-

tionally efficient, interpretable, and works well when there is a linear decision boundary

between classes.

Support Vector Machines (SVM): SVM [CV95] is an ML algorithm designed for clas-

sification by identifying an optimal hyperplane that maximizes the margin between

different classes. This margin represents the distance between the closest data points

from each class, known as support vectors. SVMs are particularly effective in high-

dimensional feature spaces and can be applied to both linear and non-linear classifi-

cation problems. For a dataset with feature vectors x and corresponding labels y, the

objective of an SVM is to determine a hyperplane that best separates the classes by

maximizing the margin. The optimization problem is formulated as shown in Equation

2.10.

min
w,b

1
2∥w∥2 subject to yi(wT · xi + b) ≥ 1, ∀i (2.10)

where w is the weight vector and b is the bias term. To handle non-linearly separable

data, SVMs utilize kernel functions like Radial Basis Function (RBF) kernel [Joa98],

which transform input data into a higher-dimensional space where a linear separation

is possible.

Decision Trees: Decision trees [Qui86] perform classification by constructing a hierar-

chical structure where each internal node represents a feature, branches define decision
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rules, and leaf nodes correspond to class labels. The classification process begins at the

root node, where the input data is evaluated against a feature-based condition. Based

on the outcome, the data follows a specific branch to the next node, where another de-

cision is made. This process continues until the data reaches a leaf node, which assigns

the final class label. To determine the best feature for splitting at each node, decision

trees use criteria such as Gini impurity, which measures how well a split separates the

classes. The Gini impurity is defined by Equation 2.11.

Gini Impurity = 1 −
Nc∑
i=1

p2
i (2.11)

where pi represents the proportion of samples belonging to class i, and Nc is the total

number of classes. A lower Gini impurity value indicates that a node contains more

homogeneous class distributions, leading to better classification accuracy.

Random Forests: Random forests [Bre01] perform classification by combining multi-

ple decision trees to improve generalization and reduce overfitting. Instead of relying

on a single decision tree, a random forest builds an ensemble of trees, each trained on a

randomly sampled subset of the training data with replacement (bootstrapping). Dur-

ing classification, each tree independently predicts a class label, and the final decision

is made through majority voting defined in Equation 2.12.

ŷ = mode({ŷ1, ŷ2, . . . , ŷNtr}) (2.12)

where ŷi denotes the predicted class label from the i-th tree, and Ntr represents the

total number of trees in the forest.

Gradient Boosting Machines (GBM): GBM [Fri01] performs classification by itera-

tively building models that correct the errors of previous ones. Unlike random forests,

which train models independently, GBM constructs an ensemble of weak learners in a

sequential manner, optimizing a loss function using gradient descent. At each iteration

i, the model is updated using Equation 2.13.

Fi(x) = Fi−1(x) + γhi(x) (2.13)

Here, x denotes the input feature vector, Fi(x) is the prediction of the model at it-

eration i, and Fi−1(x) is the prediction from the previous iteration. The term hi(x)
represents the weak learner trained to approximate the residual errors, typically by fit-

ting the negative gradient of the loss function, and γ is the learning rate that controls

the contribution of the new learner to the overall model. This iterative process enables
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the GBM model to progressively reduce classification error. Variants such as XGBoost,

LightGBM, and CatBoost are widely used in NLP tasks.

Traditional ML models discussed so far contributed significantly to early NLP develop-

ments but are limited by their heavy reliance on manual feature engineering. Deep

learning architectures, including feed-forward networks, RNNs, and transformers, per-

form joint feature engineering with learning, reducing the reliance on manually crafted

features by learning text representations directly from raw data [VSP+17]. These app-

roaches are discussed next.

2.4 Feed-forward Neural Networks

Feed-forward neural networks [GBC16] are fundamental building blocks to the devel-

opment of advanced neural architectures. Originally inspired by a simplified model of

human neurons, they became essential in developing NLP systems in the early days.

These networks are structured hierarchically with an input layer, several hidden layers,

and an output layer with information flowing uni-directionally without loops. Neurons

within these networks process real-valued numerical inputs by performing a weighted

sum of the inputs plus a bias term, a computation that can be represented mathemati-

cally in Equation 2.14.

z =
∑

i

(wixi) + b (2.14)

z = w · x + b (2.15)

Where xi represents the i-th input, wi denotes the corresponding weight for the i-th

input, b is the bias, x is the input vector, and w is the weight vector.

In neural networks, the linear output z is not used directly. Instead, it is passed through

a non-linear function σ known as the activation function. Early neural networks com-

monly used the sigmoid function as their non-linear activation function given by Equa-

tion 2.16.

f(z) = σ(z) = 1
1 + e−z

(2.16)

In some respects, the tanh function, defined in Equation 2.17, is preferred to the sig-

moid function due to its output range from −1 to +1, smooth differentiability, and

improved ability to normalize extreme values toward the mean [GBC16].

f(z) = tanh(z) = ez − e−z

ez + e−z
(2.17)

Despite its advantages, the tanh function, like the sigmoid, can lead to saturation with
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large input values, causing outputs to approach 1 and derivatives to near 0. This leads

to the vanishing gradient problem during training, where the error signal becomes sig-

nificantly reduced as small gradients are propagated through the network. To address

this, many networks use the Rectified Linear Unit (ReLU) and its variants, which miti-

gate or eliminate these issues shown in Equation 2.18.

f(z) = ReLU(z) = max(0, z) (2.18)

The ReLU function sets negative inputs to zero while maintaining a constant derivative

of 1 for positive values, thereby avoiding the saturation problem typical of sigmoid

and tanh functions. This characteristic significantly enhances the convergence speed of

learning algorithms and prevents the gradients from vanishing.

Once the activation function is selected, the next step is training the neural network

for a specific task. Back propagation is a commonly used algorithm for training feed-

forward neural networks, utilizing the chain rule from calculus to efficiently compute

gradients and adjust the network’s weights and biases. This process minimizes the

difference between the network’s predicted outputs and the actual target values.

Feed-forward neural networks have limitations in NLP applications due to the absence

of parameter sharing and their inability to consider the sequential nature of text. Since

each node learns parameters independently, the model requires a large number of pa-

rameters to be trained. These challenges have driven the development of more ad-

vanced architectures, such as Recurrent Neural Network (RNN) and transformers, wh-

ich are designed to better capture the structure and dependencies in text, and are

discussed next.

2.5 Recurrent Neural Networks

RNNs are designed to process sequential data by utilizing cycles within their connec-

tions to maintain a form of memory. These networks save the output from one layer

and reuse it as input for the next, creating a loop that allows for the dynamic han-

dling of temporal sequences. This cyclical nature means that the current state depends

on both the previous state and the current input, enabling the network to remember

past information. RNNs are particularly effective for modeling text because each word

or character in a sequence can influence the subsequent ones. By sharing parameters

across hidden layers, RNNs manage to learn efficiently with fewer parameters [GBC16].

In an RNN, the update of the hidden state at a given time step t represented by ht,

relies on the previous hidden state ht−1 and the current input xt. This relationship is
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mathematically represented by the Equation 2.19.

ht = σ(Whhht−1 + Whxxt) (2.19)

The matrices Whh and Whx represent the weights applied to the previous hidden state

and current input respectively, while σ is a non-linear activation function like tanh or

ReLU. The predicted output at each time step, ŷt, is computed using Equation 2.20.

ŷt = softmax(Uht) (2.20)

The hidden state ht is multiplied by the weight matrix U and then passed through a

softmax function, transforming the weighted hidden state into a probability distribution

over the possible outputs.

Although RNNs are designed to use information from all previous hidden states, they

often struggle to capture long-term dependencies due to exploding and vanishing gra-

dients. Methods like gradient clipping [Mik12] can mitigate exploding gradients, but

vanishing gradients remain a significant challenge. Gated RNNs such as Long Short

Term Memory (LSTM) [HS97], address this issue by using gates and cells to decide

which information to retain or forget when processing long sequences.

LSTM consists of several components that regulate the flow of information. The forget

gate determines which past information should be discarded, allowing the model to

remove irrelevant details. The input gate decides which new information should be

added to the memory cell, ensuring that only relevant updates are stored. The cell

state acts as a long-term memory, preserving useful information across time steps. The

output gate controls what information from the updated cell state should be passed to

the next hidden state, influencing the model’s final decision. These mechanisms enable

LSTMs to effectively handle long-term dependencies and reduce the vanishing gradient

problem.

Several alternatives and extensions to LSTMs have been proposed, with Gated Recur-

rent Unit (GRU) [JZS15] being a popular choice. GRUs simplify the more complex

LSTM units by using two gates instead of three and combining the cell state and hid-

den state into one. This streamlined design reduces computational load and simplifies

training, making GRUs faster and less resource-intensive. Despite their simplicity, GRUs

are generally reported to perform as well as LSTMs in most practical tasks.
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2.6 Sequence to sequence Models

Many applications in NLP involve transforming an input sequence into a different out-

put sequence. For instance, in machine translation, the task is to translate text from a

source language into a target language. Similarly, in summarization, the goal is to pro-

duce a concise version of a longer text. These problems are typically addressed using

models known as sequence-to-sequence or encoder-decoder models. In these models,

one neural network, typically an RNN, encodes the input sequence, and a second net-

work decodes this information to generate the output sequence as shown in Figure

2.1.

Early approaches represent the entire input sequence using a single context vector c =
hTx, where hTx denotes the final hidden state produced by the encoder RNN, which is

a function of the previous hidden state and the current input. The decoder then uses

this fixed-length context vector c, along with previously generated outputs, to predict

the target sequence, as shown in Equation 2.21.

p(yi | y1:i−1, x) = g(yi−1, si, c) (2.21)

where yi is the i-th word in the output sequence, x is the input sequence, y1:i−1 repre-

sents all previously predicted words, si is the decoder’s hidden state at step i, and g is

a nonlinear function like a feed-forward neural network that outputs the probability of

the output.

A major limitation of using a fixed-length context vector c shown in Figure 2.1 (Infor-

mation bottleneck) is that it must encompass all essential information from the source

text, as the decoder relies solely on it for interpretation. In longer sentences, important

details from earlier parts may not be fully captured by this context vector, leading to

information loss and decreased model effectiveness [BCB15].
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Figure 2.1: Attention in RNNs [BCB15]

The attention mechanism addresses the bottleneck problem by enabling the decoder

to access all the encoder’s hidden states, rather than just the final one. It improves

the encoder-decoder framework by calculating a dynamic context vector ci at each

decoding step, integrating information from the full set of encoder hidden states, as

shown in Equation 2.22 and Figure 2.1.

p(yi | y1:i−1, x) = g(yi−1, si, ci) (2.22)

The context vector at each step is calculated as a weighted sum of the encoder hidden

states of length Tx, with a strong emphasis on the parts that surround or influence the

i-th output word, as shown in Equation 2.23.

ci =
Tx∑

j=1
αijhj (2.23)

These attention weights αij are then normalized with a softmax function, as shown in

Equation 2.24.

Efficient Adaptation of Large Language Models
for Digital Media and Government
Applications

21 Paul Trust



2. LANGUAGE MODELS: BACKGROUND AND

EVOLUTION 2.7 Transformers

αij = exp(eij)∑Tx
k=1 exp(eik)

(2.24)

where eij = a(si−1, hj) denotes an alignment model that evaluates how well the encoder

hidden state at position j corresponds to the decoder state at position i. By allowing

the decoder to focus on different parts of the input for each output word, the attention

mechanism effectively reduces the bottleneck caused by the fixed-length context vector.

2.7 Transformers

Attention significantly improves the performance of RNNs in various applications. But

the inherent sequential nature of RNNs even with attention remains a major limitation.

Outputs at a future time step can only be computed after all the previous outputs have

been computed, restricting the potential for parallel processing. This sequential depen-

dency slows down both training and inference, a challenge that becomes even more

pronounced when LLMs are trained with modern NLP datasets that contain billions of

tokens. To address the limitations of recurrence, a transformer [VSP+17] exclusively

utilizes an attention mechanism to capture global dependencies between inputs and

outputs.
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Figure 2.2: Overview of the components of the transformer architecture [VSP+17]

The original transformer model shown in Figure 2.2 is based on an encoder-decoder

architecture. The encoder converts an input sequence representation into a sequence

of continuous representations. The decoder then generates an output sequence from

these representations. The encoder consists of N identical layers stacked on top of

each other. Each layer has sub-layers: a multi-head self-attention mechanism and a

position-wise feed-forward network. Residual connections are used around each sub-

layer, followed by layer normalization.

Similarly, the decoder consists of N identical layers, each containing sub-layers like

the encoder, along with an extra sub-layer that performs multi-head attention over the

encoder’s output. In the decoder, the self-attention sub-layer is modified with masking

to prevent positions from attending to future positions.

Self-attention is an essential component in transformers for representing how words

in a sequence influence the current input. It works by taking a query and looking up

information in a key-value store, selecting the values of the keys that are most similar

to the query. Each input token in self-attention has three roles: as a “query" focusing on

the current input, as a “key" for comparison, and as a “value" for computing the output.
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Transformers use weight matrices Q, K, and V to project an input token xi into these

roles. For a token xi in the sequence, the query qi is defined as: qi = Qxi, then key is

defined as: ki = Kxi and the value is defined: vi = V xi.

The contextual representation of each xi is obtained as a weighted sum of the sequence

values defined by Equation 2.25, for a sequence of n tokens.

hi =
n∑

j=1
αijvj (2.25)

where αij are attention weights that represent the strength of contribution of each

vj. These attention weights are determined by the affinities between the keys and the

query, calculated using Equation 2.26.

αij = exp(qT
i kj)∑n

j′ =1 exp(qT
i kj′ ) (2.26)

This process evaluates the significance of various tokens in representing xi within a

given context, employing different perspectives of xi for the key, query, and value roles.

Instead of computing a single output at a time step i where the output yi is computed

independently, the entire process is parallelized using efficient matrix multiplications.

This is done by packing the input embedding matrices of n tokens and model dimension

d from the input sequences into a single matrix X ∈ Rn×d and simultaneously comput-

ing the necessary query-key comparisons through matrix multiplication. Each row of

X represents the embedding of one token of the input, with transformers for the most

recent LLMs supporting input lengths of even up to millions of tokens.

In attention calculations, the dot product can result in large values, causing the softmax

function to have very small gradients. To mitigate this, the original transformer scales

the dot product by 1/
√

dk, where dk is the dimension of the keys and KT is the transpose

of K.

Attention(Q, K, V ) = softmax(QKT

√
dk

)V (2.27)

To optimize GPU parallel processing, QKT computes scores for all keys and values,

including future tokens. Masked attention is then applied to zero out the attention

weights for future tokens, ensuring each token attends only to previous or current

tokens, preserving the autoregressive nature and preventing information leakage, as

shown in Equation 2.28.

αij,masked =

αij if j ≤ i

0 otherwise
(2.28)
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Words in a sentence can have multiple simultaneous relationships, so transformers use

a multi-head self-attention where different heads of the same depth with each having

its own set of parameters learn different aspects of input relationships as shown in

Equation 2.29.

headi = Attention(QW Q
i , KW K

i , V W v
i )[VSP+17] (2.29)

The matrix W Q
i is the query projection matrix that transforms input embeddings into

query representations. The matrix W K
i is the key projection matrix that encodes input

features for relevance computation. The matrix W V
i is the value projection matrix

that represents the actual content to be aggregated. The matrix W O is the output

projection matrix that combines the outputs of multiple attention heads into a single

representation.

These heads’ outputs are concatenated (Concat) for the final multi-head attention out-

put calculated in Equation 2.30.

MultiHead(Q, K, V ) = Concat(headi, ...headh)W 0 (2.30)

To completely eliminate recurrence, transformers had to solve the problem of capturing

input positions. Unlike RNNs, which inherently account for token order due to their

sequential nature, transformers do not naturally understand the relative or absolute

positions of tokens, as their attention mechanism does not consider this. To address

this, transformers incorporate positional encodings into word embeddings, providing

the model with information about token positions.

The attention mechanism in a transformer computes a weighted sum of value vectors

without introducing explicit non-linearities. To enable the model to learn complex pat-

terns, transformers apply a feed-forward network independently to each position after

the attention mechanism, introducing the necessary element-wise non-linear transfor-

mations.

For efficient learning, transformers also use layer normalization and residual connec-

tions [BKH16]. Layer normalization stabilizes the distribution of activations within a

layer, providing more uniform inputs for subsequent layers. This is done by computing

and normalizing the mean and variance of a layer’s activations. Residual connection

simply adds the input of a layer to the output of that layer which allows information to

pass directly from a lower layer to a higher layer, bypassing intermediate layers, which

makes it easier to train deeper networks.
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2.8 Pre-training

The introduction of transformers in NLP has established a new learning paradigm called

pre-train and fine-tune, where models are not built from scratch but instead undergo

extensive pre-training on large text corpora containing billions of tokens. This process

allows models to learn complex linguistic structures and knowledge, which can then be

transferred to specific tasks during fine-tuning. By leveraging pre-trained weights, these

models start with a strong foundation in language, reducing the amount of data needed

for task-specific adaptation. Pre-trained LLMs are typically categorized based on their

self-supervised pre-training objectives such as Masked Language Modeling (MLM) and

Next Token Prediction (NTP), and are also classified into encoder-only, decoder-only,

and encoder-decoder architectures [LYF+23].

A synonymous term for these models is foundation models, which refers to models

trained on a broad range of data, often using large-scale self-supervision, and are

adaptable to a wide range of tasks [BHA+21]. While pre-trained LLMs fall under this

category, foundation models also include those trained on different modalities such as

vision, audio, video or multimodal architectures that can process multiple modalities

simultaneously.

2.8.1 Encoder-only Language Models

The objective of language modeling, which involves predicting the next token in a se-

quence, typically processes text in a single direction from left to right. While effective

for many tasks, this approach can be limiting when future tokens provide important

contextual information for interpreting the current tokens being processed. Bidirec-

tional encoders, also known as encoder-only models, address this limitation by using

encoder attention layers to analyze all words in a sentence including future tokens

simultaneously.

They achieve this through the MLM pre-training objective, which differs from the tra-

ditional language modeling objective. Instead, MLM focus on predicting missing words

within a sentence. For instance, rather than completing the sentence: "Peter loves ...",

an MLM objective might require predicting the missing word in the sentence: "Peter

..... mangoes", which ensures a deeper semantic understanding of the sentence. These

models are particularly effective for tasks that require a comprehensive understanding

of entire sequences like classification, extractive question answering, and named entity

recognition.

A prominent example of encoder-only models is the Bidirectional Encoder Representa-

tions from Transformers (BERT) [DCLT19]. The pre-training process of BERT involves
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masking 15% of the input tokens, where 80% of these are replaced with a [MASK] to-

ken, 10% are substituted with a random token, and the remaining 10% are unchanged.

The primary objective is to accurately predict the original tokens at these masked posi-

tions using a bidirectional encoder. Additionally, BERT incorporates the Next Sentence

Prediction (NSP) objective, which requires the model to determine whether two sen-

tences appeared consecutively in the corpus. BERT was pre-trained on a large corpus,

which includes the 800-million-word BooksCorpus [ZKZ+15] and the 2.5 billion-word

English Wikipedia dataset.

The success of BERT inspired the development of several extensions and variants such

as: Robustly Optimized BERT Pretraining Approach (RoBERTa) [LOG+19], Efficiently

Learning an Encoder that Classifies Token Replacements Accurately (ELECTRA)

[CLLM20] and Extra Long Network (XLNeT) [YDY+19] among others. RoBERTa

[LOG+19] introduces several improvements without changing BERT’s underlying

architecture. Key improvements include extended training duration with larger batch

sizes and increased data. Unlike BERT, which emphasizes the NSP objective, RoBERTa’s

experiments showed that removing the NSP does not impact the model’s performance.

Additionally, RoBERTa adopts dynamic masking, generating a new masking pattern for

each sequence during training, unlike BERT’s static masking approach that reuses the

same pattern across all epochs.

ELECTRA [CLLM20] proposes a pre-training method that uses replaced token detec-

tion, which differs from the MLM objective used in BERT. In this approach, the input

text is corrupted with plausible alternatives generated by a small network, and a dis-

criminator is trained to identify whether each token in the input text is original or

replaced. This method addresses the mismatch of the [MASK] tokens between pre-

training and fine-tuning observed with BERT.

XLNeT [YDY+19] uses a permutation language modeling approach to combine the

strengths of autoregressive and masked language models. XLNeT is based on the idea

that for a sequence of length n, there are n! possible ways to order the autoregressive

factorization orderings. By sharing model parameters across all these different order-

ings, XLNeT gathers information from all positions in the sequence, allowing it to learn

from the full context on both sides of each token.

2.8.2 Decoder-only Language Models

While encoder-only LLMs excel in tasks requiring a complete understanding of input

sequences [DCLT19], they are less effective for generation tasks. In contrast, decoder-

only models, also known as autoregressive models excel in generation tasks. They use

attention layers at each stage to access only the words positioned before the current
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word in the sequence using the NTP objective. Representative examples of decoder-

only models include: the GPT series (GPT-1, GPT-2, GPT-3, GPT-4) [Ope23] and

many SoTA LLMs like BigScience Large Open-science Open-access Multilingual Lan-

guage Model (BLOOM) [SFA+22], LLAMA [TMS+23], and Open Pretrained Trans-

former (OPT) [ZRG+22].

GPT-1 [RNSS18] is the first version of the GPT models and laid a foundation for most

modern LLMs. This model follows a two-stage training process: generative pre-training

and fine-tuning on downstream tasks. In the pre-training stage, the model learns lan-

guage patterns and contextual relationships by predicting the likelihood of the next

token in a given sequence on a large corpus. The pre-training dataset includes the

BooksCorpus and a 1-billion-word benchmark dataset. The model architecture con-

sists of a 12-layer, decoder-only transformer with 768-dimensional hidden states and

12 attention heads.

GPT-2 [RWC+19] was proposed as an improvement upon GPT-1 by using the same

transformer architecture but at a larger scale, incorporating more layers and attention

heads. It increases the parameters from 117 million in GPT-1 to 1.5 billion. The vocab-

ulary size is expanded to 50,257, and the context size is increased from 512 to 1,024

tokens. The pre-training dataset, WebText is much larger including 8 million documents

and 40 GB of text from diverse internet sources, excluding Wikipedia. GPT-2 demon-

strates early abilities to learn tasks without explicit supervision after pre-training.

GPT-3 [BMR+20] is an autoregressive language model with 175 billion parameters, ten

times more than any previous LLM. It was trained on a vast and diverse dataset, includ-

ing several curated high-quality datasets like an expanded WebText, Books1, Books2,

and English Wikipedia. The final dataset mix included 41 shards of Common Crawl

data from 2016 to 2019, totaling 45TB of compressed plaintext before filtering and

570GB after filtering. Unlike previous pre-trained language models that required extra

fine-tuning, GPT-3 demonstrates emergent abilities of in-context learning, performing

tasks with just human instructions or a few demonstration examples added to the con-

text with no parameter updates. GPT-3 was reported to achieve SoTA performance

across all benchmarks, surpassing any language model before it.

Unlike GPT-1 and GPT-2, GPT-3’s pre-trained parameters were not released to the

open-source community and could only be accessed via their API. However, several

open-source models were published after GPT-3, achieving comparable performance.

One notable example is the OPT [ZRG+22] released by Meta. OPT is open-source and

includes a wide range of models with parameters ranging from 125 million to 175

billion, reported to achieve performance comparable to GPT-3 while requiring only

one-seventh of its carbon footprint to develop [ZRG+22]. The pre-training corpus for
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OPT comprised around 180 billion tokens, including datasets from those used to train

RoBERTa [LOG+19], the Pile [GBB+20], and PushShift.io Reddit [BZK+20].

Another pre-trained language model is BLOOM [SFA+22], a decoder-only multilingual

transformer with its largest version having 176 billion parameters. BLOOM was trained

on the Responsible Open-science Open-access Text Sources (ROOTS) corpus, a dataset

composed of hundreds of sources in 46 natural languages and 13 programming lan-

guages. There other hundreds of pre-trained models which can be accessed on the

Huggingface platform.

2.8.3 Encoder-Decoder Language Models

These models combine the strengths of encoders and decoders using an encoder-

decoder architecture. In this setup, the encoder’s attention layers can access the entire

input sequence, whereas the decoder’s attention is limited to preceding tokens. The

decoder generates output from left to right, conditioned on the encoder’s output,

using a fully-connected attention mask. Popular models in this category include: Text-

to-Text Transfer Transformer (T5) [RSR+20] and Bidirectional and Auto-Regressive

Transformer (BART) [LLG+20].

T5 [RSR+20] is a text-to-text transformer model that leverages transfer learning for

NLP tasks through a unified framework, converting tasks like translation, classification,

summarization, and question answering into a format where both the input and output

are text strings. T5 uses an encoder to process the input text into hidden representa-

tions, which the decoder then uses to generate the output text. It was pre-trained on the

Colossal Clean Crawled Corpus (C4) dataset, a large cleaned version of the Common

Crawl corpus, using a denoising objective to learn to generate missing or corrupted

parts of the input text. This unified framework and extensive pre-training was reported

to enable T5 to achieve SoTA performance across various NLP benchmarks.

BART [LLG+20] is a denoising autoencoder designed for pre-training sequence-to-

sequence models. It corrupts text using various noising techniques and then trains the

model to reconstruct the original text. BART’s architecture combines a bidirectional en-

coder, similar to BERT, which processes the entire input text to understand the context,

and a left-to-right autoregressive decoder, like GPT, which generates or reconstructs

text based on the encoder’s understanding. During pre-training, noise is added to the

input, such as shuffling sentences or replacing spans of text with a mask token, and

the model is trained to restore the original sequence. BART was pre-trained on a large

dataset, including BookCorpus, Wikipedia, CC-News, OpenWebText, and Stories, which

was reported to be highly effective for both text generation and comprehension tasks.
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2.9 Fine-tuning and Prompting

After pre-training, which enables LLMs to capture patterns and generalizations from

large text corpora, they can be adapted for specific applications through fine-tuning on

domain-specific datasets. Fine-tuning involves training the model on a labeled data rel-

evant to the target task while retaining its general linguistic knowledge obtained during

pre-training. The process starts by loading the pre-trained model weights and making

necessary modifications, such as adding a classification layer for text classification. The

model parameters are then optimized using loss functions to minimize the difference

between predictions and actual labels. Unlike traditional ML or deep learning mod-

els that learn from scratch, fine-tuned LLMs leverage pre-existing knowledge, allowing

them to learn new tasks efficiently with significantly less data compared to training a

model from scratch [DCLT19].

As the scale of data and parameters increase during pre-training, as seen in models

like GPT-3 with billions of parameters, LLMs develop an emergent ability known as in-

context learning [BMR+20]. This ability allows LLMs to perform various tasks during

inference without requiring explicit re-training. Instead of fine-tuning for each specific

task, prompting enables zero-shot learning, where the model completes tasks based

solely on natural language instructions. A prompt serves as a structured text input that

guides the model to perform a specific task. For instance, sentiment analysis can be

conducted by providing a straightforward prompt shown in Figure 2.4 using simple

human written instructions.

Prompt for Sentiment Classification

What i s the sent iment of the t e x t provided

Text : I l i k e d t h i s movie !

Sentiment :

Figure 2.3: Zero-shot prompt template for sentiment classification

The process of optimizing prompts to enhance LLM outputs is known as prompt engi-

neering, which typically involves iterative testing of different phrasings and structures

to improve accuracy. Beyond basic instructions, few-shot prompting incorporates a

small number of demonstration examples within the prompt, helping the model to

better understand the task structure. Unlike traditional training methods, few-shot

prompting does not modify the model’s parameters but relies solely on the information

provided in the prompt during inference. For instance, in sentiment analysis, few-shot
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prompting may include labeled examples before the actual input query as in Figure 2.4.

In-context learning prompt for sentiment classification

What i s the sent iment of the t e x t provided

Text : The movie was awesome

Sentiment : P o s i t i v e

Text : This i s the worst movie I have ever seen

Sentiment : Negat ive

Text : I l i k e d t h i s movie !

Sentiment :

Figure 2.4: Few-shot prompt template for sentiment classification

Various improvements have been introduced to enhance prompting techniques, with

Chain of Thought (CoT) and Tree of Thought (ToT) prompting being among the most

common methods for improving the reasoning capabilities of LLMs. CoT prompting en-

courages step-by-step reasoning, either explicitly or through few-shot demonstrations

that include intermediate explanations. This structured approach helps the model build

logical reasoning chains before generating a final response, often allowing it to identify

and correct errors [WWS+22]. ToT further enhances LLM problem solving by struc-

turing reasoning in a tree-like format. Unlike CoT, which follows a linear sequence,

ToT enables models to explore multiple reasoning paths, assess different solutions, and

backtrack when necessary [YYZ+24b].

2.10 Language Model Alignment

Prompting makes LLMs highly versatile and adaptable, as they only require instruc-

tions, not new datasets, to perform tasks. However, LLMs are originally trained to

predict the next token during pre-training, but now they are expected to follow user

instructions and satisfy human preferences through these prompts. This creates a mis-

match between the original training objective (NTP) and the new requirement (human

instructions and preferences). This section describes techniques like instruction tuning

and preference alignment, which aim to reduce this mismatch.

2.10.1 Instruction Tuning

Instruction tuning enhances an LLM’s ability to follow instructions by applying super-

vised fine-tuning to a pre-trained model across multiple tasks. This process involves
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training the model on a dataset of instruction-response pairs, where each instruction

has a clearly defined correct response. While the model continues to predict the next

token as in pre-training, instruction tuning introduces an additional constraint of ensur-

ing the generated response aligns with the given instruction. This approach improves

the model’s accuracy and contextual understanding, enabling it to produce more rele-

vant and precise responses across various tasks [SWR+21].

Instruction tuning has led to the development of instruction-tuned LLMs, which are

significantly more effective at following user instructions compared to standard pre-

trained models. Prominent models in this category include: Fine-tuned LAnguage Net-

T5 (FLAN-T5) [CHL+24], Falcon [AAA+23], Mistral [JSM+23], and Dolly [CHM+23].

FLAN-T5 is based on the T5 architecture, and was fine-tuned using the FLAN dataset,

which is composed of data points formatted into a template of an instruction, an input,

and an output across multiple NLP tasks [LHV+23]. This fine-tuning was shown to

significantly enhances its capabilities, enabling it to outperform the original T5 model

and achieve performance comparable to larger models like Pathways Language Model

(PaLM) [CND+23] in few-shot learning scenarios, and excelling across multiple evalu-

ation benchmarks.

Falcon [AAA+23] is an LLM available in multiple parameter sizes, including 7B, 40B,

and 180B. It is designed as a causal decoder-only model and trained on a diverse, high-

quality dataset primarily sourced from web data. The largest variant, Falcon-180B, has

been trained on over 3.5 trillion tokens. It was shown to outperform models such as

PaLM while also surpassing the performance of models like LLAMA2. Furthermore,

Falcon-180B was reported to achieve performance comparable to PaLM-2-Large while

maintaining lower pre-training and inference costs.

Mistral [JSM+23] offers two categories of LLMs: open-weight models (Mistral-7B,

Mixtral-8x7B, Mixtral-8x22B) and optimized commercial models. The open-weight

models, available under the Apache2 license, can be fine-tuned for various downstream

tasks. Mistral-7B was reported to surpass the 13 billion-parameter LLAMA2 across all

benchmarks and also outperforming the 34 billion-parameter LLAMA1 in reasoning,

language understanding and code generation. It incorporates grouped query attention

for faster inference and sliding window attention to efficiently handle variable sequence

lengths.

Dolly [CHM+23] is an instruction following LLM built on the Pythia-12B model

[BSA+23]. It is fine-tuned on approximately 15,000 instruction-response pairs which

covers various tasks such as: brainstorming, classification, question answering, text

generation, information extraction, and summarization [CHM+23]. While not a

SoTA model, Dolly-12B was reported to demonstrate strong instruction-following
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capabilities. Smaller variants include: Dolly-7B and and Dolly-3B.

2.10.2 Preference Alignment

Although instruction tuning enhances LLMs’ ability to respond to user queries, there

remains a gap between the model’s objective of generating responses and the goal of

aligning with human preferences in those responses. This discrepancy raises the chal-

lenge of explicitly training models to better reflect user preferences. A common solution

to this issue is to further refine LLMs using RLHF after instruction tuning [OWJ+22].

RLHF improves an LLM’s alignment with human preferences through a three-step pro-

cess. The first step is supervised instruction tuning, similar to the approach discussed in

section 2.10.1. In this phase, labelers provide desired responses for various instructions,

which are used to fine-tune the pre-trained LLM. This produces an instruction-tuned

model capable of following user instructions, though not fully optimized for human

preferences.

The second step involves training a reward model, which plays a crucial role in the

final stage of refinement. To build the reward model, comparison data is collected

by generating responses to sampled prompts using different models or configurations

of the same model. Human labelers then rank these responses based on how well

they align with the given prompt, selecting the preferred and less preferred responses.

These rankings are then used to train a reward model that assigns a scalar reward to

each response, guiding further optimization of the LLM.

The final step in the RLHF optimizes the instruction-tuned model using reinforcement

learning. A prompt is sampled from the dataset, and the model being aligned (policy)

generates a response, which is then evaluated by the reward model. The assigned

reward is used to update the policy through reinforcement learning algorithms such as

proximal policy optimization [SWD+17].

However, as training progresses, the model’s outputs may diverge from the intended re-

sponses, sometimes generating incoherent text while still receiving high rewards from

the reward model. To prevent excessive deviation, a penalty is applied to keep the

updated model aligned with the original instruction-tuned version. A common method

for this is the Kullback-Leibler divergence penalty, which regulates the difference be-

tween the newly trained model and the original instruction-tuned model, ensuring that

responses remain consistent and meaningful.

InstructGPT [OWJ+22] models from OpenAI, trained using this approach, demonstrate

significant improvements over GPT-3, with human evaluations showing that labelers

consistently prefer InstructGPT outputs. Despite having 100 times fewer parameters,
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the 1.3 billion-parameter InstructGPT model is favored over the 175 billion-parameter

GPT-3. In addition to improved response quality, InstructGPT exhibits greater truth-

fulness and a reduced tendency to generate toxic content. This training method has

influenced the development of modern LLMs such as ChatGPT [Ope22] and GPT-4

[Ope23]. While specific training details for these models remain undisclosed, their

technical reports indicate that RLHF was incorporated into their training process. Other

LLMs shaped by this approach include: LLAMA [TMS+23] and Claude3 [Ant24] among

others

LLAMA [TMS+23] is a series of LLMs created by Meta with three versions so far:

LLAMA1, LLAMA2, and LLAMA3 ranging from 7 billion to 70 billion parameters.

LLAMA1 was the first iteration pre-trained with NTP having parameters between 7

billion to 65 billion. LLAMA2 improved on LLAMA1 enhancing chat capabilities and

following instructions better with extra instruction tuning and RLHF. LLAMA3 is the

latest version with 8 billion and 70 billion parameters. These models are much better

than LLAMA2, and trained on a high quality dataset with 15 trillion tokens which is 7
times larger than the one used to train LLAMA2.

Claude3 [Ant24] is a family of LLMs trained by Anthropic: Claude3-Opus, Claude3-

Sonnet, and Claude3-Haiku. Claude3-Opus is the most capable, combining skills and

speed, while Claude3-Sonnet offers a balance of abilities, and Claude3-Haiku is the

fastest and least expensive. These models are reported to have advanced language and

vision capabilities, strong performance in reasoning, and coding benchmarks.

RLHF is a complex and sometimes unstable training process because it first requires fit-

ting a reward model to represent human preferences, then using reinforcement learn-

ing to maximize this estimated reward without deviating too much from the original

instruction-tuned model. Direct Preference Optimization (DPO) [RSM+23] simplifies

this by optimizing a language model to follow human preferences without the need for

explicit reward modeling or reinforcement learning. DPO combines reward modeling

and preference alignment into a single step through a simple classification objective

based on maximum likelihood, fitting an implicit reward model.

Collecting data for instruction tuning and preference alignment from humans is ex-

pensive and time consuming, so an alternative is to use other LLMs to generate this

data. The Zephyr model from Huggingface [TBL+23] is an example of a model aligned

purely with AI feedback. Instead of humans providing responses, an LLM simulates

user-assistant interactions to create synthetic instruction and output datasets. Similarly,

preference data is generated using multiple models, with GPT-4 ranking the responses

instead of human evaluators. Zephyr’s performance was reported to surpass all other 7-

billion parameter models at the time and even outperformed the LLAMA2-70B model,

Efficient Adaptation of Large Language Models
for Digital Media and Government
Applications

34 Paul Trust



2. LANGUAGE MODELS: BACKGROUND AND

EVOLUTION

2.11 Retrieval Augmented Generation and
Language Model Agents

which was trained with human feedback.

A major limitation of LLMs, even after instruction tuning and preference alignment, is

that their knowledge is confined to the data available during training. As a result, they

require updates for new information. Given the continuous generation of new data,

frequently updating large-scale models is impractical, especially for billion-parameter

LLMs. To address this, non-parametric approaches such as RAG [LSC+22] and LLM

agents [YZY+23] have gained popularity for integrating new knowledge during infer-

ence. These methods retrieve external information from databases and search engines,

incorporating it into prompts to provide updated responses without the need for model

re-training.

2.11 Retrieval Augmented Generation and Language

Model Agents

LLMs often generate responses based on learned probabilities rather than factual data,

leading to issues such as hallucinations, outdated knowledge, and unverifiable rea-

soning. RAG mitigates these challenges by incorporating a retrieval system that dy-

namically fetches relevant data, ensuring that generated responses are more accurate,

reliable, and contextually relevant.

RAG consists of two main components: a retriever and a generator. The retriever

identifies and retrieves external documents or data to enhance the model’s responses

using different retrieval methods. Traditional term-based techniques, such as keyword

search and Best Matching 25 (BM25) [RZ+09], locate documents containing specific

terms, while more advanced embedding-based retrieval methods convert both queries

and documents into vector representations, allowing the system to retrieve semantically

similar information. Some implementations combine term-based and embedding-based

retrieval to balance efficiency and accuracy. Once relevant documents are retrieved,

they are ranked based on relevance to the query and passed to the generator, often as

context within a prompt.

The generator, usually an LLM, integrates the retrieved information with the user query

to produce a final response. To enhance response quality, additional processing tech-

niques are often applied. Query processing methods, such as query rewriting and

expansion, help refine ambiguous or incomplete inputs, improving retrieval accuracy.

However, the effectiveness of RAG-based models depends significantly on the quality

of the documents stored in the vector database, which must be regularly updated with

new information to maintain relevance and ensure accurate responses.
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LLM agents extend capabilities of RAG by enabling models to access information be-

yond documents in the databases. The foundational approach to LLM agents was in-

troduced through the Reasoning + Acting (ReACT) framework [YZY+23], which in-

tegrates reasoning techniques such as CoT and ToT with real-time interaction using

external tools. These tools can include search engines, APIs, calculators, and user-

defined utilities, in addition to the vector databases used in RAG. A key feature of LLM

agents is their structured approach to task execution. When given a query, the agent

first analyzes the problem, then formulates a step-by-step plan, and then determines

the necessary tools for execution. Throughout this process, the agent continuously

evaluates its progress, verifying each step before proceeding, which enhances accuracy.

Despite their advantages, deploying LLM agents presents challenges, particularly in

reducing errors and inefficiencies. Since these agents often function autonomously,

mistakes in planning, tool execution, or reasoning can accumulate, leading to incorrect

outputs. Ensuring robustness requires careful system design, continuous monitoring,

and mechanisms to dynamically correct errors.

2.12 Multimodality and General Purpose Language

Models

Multimodal AI models have become a crucial advancement in AI, bridging different

types of data and enabling machines to process and interpret multiple modalities si-

multaneously. Traditional ML models and even recent pre-trained models primarily op-

erate within a single modality, such as language, vision, or audio, limiting their ability

to generate complex, context-rich responses. However, human cognition is inherently

multimodal, as we process language, visual information, and auditory cues simultane-

ously to understand our environment. To develop AI systems that function effectively

in real-world applications, integrating multiple data types has become essential.

One of the earliest multimodal models is Contrastive Language Image Pretraining

(CLIP). CLIP was trained on a large dataset of image-text pairs, enabling it to associate

textual descriptions with corresponding images using contrastive learning [RKH+21].

Unlike earlier vision models that relied on labeled datasets with predefined categories,

CLIP mapped both text and image embeddings into a shared embedding space,

allowing it to generalize across a broad range of visual concepts. This capability

enabled zero-shot classification, allowing the model to recognize objects and concepts

it had never encountered during training.

Another prominent multimodal model is DALLE, which was designed to generate im-

ages from textual descriptions. Unlike CLIP, which focused on understanding and clas-
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sifying existing images, DALLE was trained to create entirely new visual content based

on linguistic input [RDN+22]. Building on these advancements, Flamingo [ADL+22]

introduced an open ended text generation framework that combined both text and im-

age processing. Instead of using separate pipelines for handling text and visual data,

Flamingo integrated a vision encoder similar to CLIP for image processing, combined

with CLIP for generating textual outputs, enhancing its ability to understand and re-

spond to multimodal inputs.

Current SoTA LLMs, such as GPT-4, have introduced multimodal variants like GPT-4-

Vision, an extension that enhances text generation with advanced multimodal reason-

ing capabilities [Ope23]. Similarly, the latest versions of other LLM families, including

LLAMA, Qwen [YYZ+24a], and Gemini [TAB+23], support multimodal processing.

As multimodal AI continues to progress, researchers are exploring new techniques to

incorporate additional data types, including video, audio, and three dimensional rep-

resentations. The shift from single modality models to integrated multimodal systems,

combined with prompt driven interactions in natural language, is gradually transform-

ing these models from specialized tools into flexible, general purpose AI systems. These

advancements enable AI to perform a wider range of tasks across multiple domains

without the need for separate training for each application.

This chapter presented the essential concepts in ML and NLP necessary to understand

the context of the work described in this Thesis. In chapter 3, a review of the literature

associated with the contributions of the Thesis is presented.
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Chapter 3

Related Work

This chapter provides a detailed review of existing research on the adaptation of ML

and LLMs in government and public sector document processing. It is organized in

three main sections. Section 3.1 reviews studies on classifying EPU in news articles,

covering approaches from traditional keyword based methods to LLM techniques. It

also highlights key limitations in existing research.

Section 3.2 reviews the use of LLMs and ML techniques for analyzing citizen feedback

in various government applications and automating customer ticket processing. The

methods discussed include: unsupervised ML, traditional ML, deep learning, and LLM

based approaches. Additionally, it identifies gaps in existing research, highlighting the

need for further study and serving as a motivation for the research conducted in this

Thesis.

Section 3.3 reviews studies on applying LLMs and NLP to process public sector docu-

ments across various domains including political discourse, legislative proposals, pol-

icy briefs, and press releases. It discusses relevant works in areas such as fine-tuning

LLMs for government applications, leveraging RAG and LLM agents with government

documents, and tackling hallucinations in LLM generated responses. The section also

identifies research gaps in using LLMs for government document processing, some of

which serve as motivation for this Thesis.

3.1 Weakly Supervised Learning for Predicting Eco-

nomic Policy Uncertainty from News Articles

With technological advancements, an increasing share of human interactions, commu-

nication, and cultural activities is being recorded as digital text. This includes social

media posts, news articles, and transcripts of spoken exchanges in political, legal, and
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economic contexts. Analyzing these digital records provides valuable insights into the

relationship between language use, human behaviors, and social structures. However,

the rapid growth of digital content has made manual analysis impractical, limiting scal-

ability and efficiency while struggling to meet time constraints.

The rapidly progressing field of text-as-data utilizes computational methods to analyze

unstructured digital text collections [GKT19]. This approach has found applications

across various disciplines including sociology, economics, and political science [GS13].

In economics, for example, textual data has been applied on varied data sources such as

newspaper articles [BBD16], central bank communications [R+19], financial earnings

calls [KS19], and social media data [Ind20], providing valuable insights into social

processes.

One prominent example of a text-as-data application is the EPU index proposed by

Baker et al. (2016). This index was constructed by extracting news articles that con-

tained keywords related to economy, policy, and uncertainty as a proportion of all news

articles published within a certain time frame. The resulting index has proven to be

useful for extracting economic signals from text data. However, the methodology of

keyword searches used in the identification stage is less rigorous and prone to a high

count of false positives [BBD16].

Automating the detection of EPU-related news articles is the most efficient way to

minimize the count of false positives. Due to the significance of this application, sev-

eral studies have applied unsupervised ML models including topic modeling, alongside

other ML techniques to enhance detection accuracy. This section reviews relevant re-

search that has contributed to improving EPU classification, categorized into unsuper-

vised ML techniques, traditional ML approaches, deep learning, and LLM techniques,

summarized in Table 3.1 and discussed next.

Table 3.1: A table summarizing relevant studies on automated methods for EPU classi-
fication

Category Relevant Works
Unsupervised ML [AGHOS20], [XRWW23], [AG17], [WYZG24],

[MBMSC23], [KYZ21], [NO20], [AGDGP23], [JFS23],
[BBD16]

Traditional ML [LSL22], [TND+18], [Sad22], [WLZF22]
Deep Learning & LLMs [RTMS24], [CHY24], [QCDD21], [KTOM20],

[CHLS24], [AGS24], [YHPC24], [ISO25]

Unsupervised ML Approaches: Most EPU detection methods have utilized unsuper-

vised learning techniques to identify news articles related to EPU. The earliest and most

widely used approach, introduced by Baker et al. (2016), relies on keyword matching
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for classification. Building on this, alternative approaches have been proposed to en-

hance the detection process. For instance, Kaveh et al. (2021) constructed an EPU index

by leveraging a word embedding representation space to refine keyword selection for

EPU detection in news articles. Nyman and Ormerod (2020) further expanded the orig-

inal uncertainty keyword list proposed by Baker et al. (2016) using nearest neighbor

embeddings and examined the Granger causality between their expanded keyword set

and the existing EPU index [NO20].

While keyword-based methods offer a simple and interpretable solution, they often

suffer from high false positive rates and limited semantic understanding. To overcome

these limitations, topic modeling techniques have been proposed as a more robust alter-

native for uncovering latent themes related to EPU. Relevant studies include: Azqueta

et al. (2020), who applied topic models to construct EPU indices for European countries

[AG17, AGHOS20, AGDGP23].

Wang et al. (2024) used Latent Dirichlet Allocation (LDA) to extract themes from news-

papers articles and constructed the Chinese EPU index from them [WYZG24]. Miranda

et al. (2023) implemented topic modeling with semantic clustering based on word

embeddings to detect EPU in digital news [MBMSC23]. Jiang et al. (2023) applied

BERTopic and regularized linear models to predict EPU using social media data from

Reddit [JFS23]. Xu et al. (2023) utilized an unsupervised approach combining princi-

pal component analysis and random matrix theory to construct EPU indices [XRWW23].

Although topic modeling captures latent semantic structures, its unsupervised nature

limits classification accuracy compared to supervised learning. To improve precision

and reliability in EPU detection, traditional ML methods using labeled data have been

developed.

Traditional ML Approaches: Relevant studies in this category include: Lolić et al.

(2022) who applied ML techniques: linear regression, random forests, GBM, decision

trees, extreme gradient boosting, and their ensembles for EPU classification [LSL22].

Tobback et al. (2018) used SVM to classify news articles related to EPU from Belgian

news sources [TND+18]. Sadorsky (2022) employed various ML models such as ran-

dom forests, extremely randomized trees, GBM, and Naïve Bayes for EPU classification

[Sad22]. Wang et al. (2022) utilized neural networks, GBM, a dictionary-based ap-

proach, and ensemble classifiers, to classify EPU in Chinese news articles [WLZF22].

The reliance of traditional ML on manual feature engineering and limited capacity to

capture complex language patterns has motivated a shift towards deep learning models

and LLMs for more advanced text understanding.

Deep Learning & LLM Approaches: Representative studies include: Rao et al. (2024)

who used LSTMs, GRUs, and multi-layer perceptrons to classify EPU in news articles
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[RTMS24]. Chen et al. (2024) applied word embeddings based on Skip-Gram along

with GRU, Convolution Neural Network (CNN), and capsule networks for EPU classi-

fication tasks [CHY24]. Qureshi et al. (2021) utilized BERT models, keyword extrac-

tion algorithms, and a combination of RoBERTa and sentence transformers to extract

and classify EPU related keywords [QCDD21]. Keith et al. (2020) combined keyword

matching, supervised ML techniques (logistic regression with BoW and BERT embed-

dings), and prevalence estimation techniques such as probabilistic classify and count,

and implicit likelihood to classify news articles related to EPU [KTOM20].

Chang et al. (2024) leveraged BERT to classify trade policy uncertainty based on

texts from management discussion sections of annual reports from Chinese public firms

[CHLS24]. Audrino et al. (2024) adapted various LLMs, including GPT-4, LLAMA, and

Zephyr-7B for EPU classification [AGS24]. Yeh et al. (2024) applied LLMs such as GPT-

3.5-Turbo, GPT-4, and Claude3 to generate keywords for EPU classification [YHPC24].

Ito et al. (2024) fine-tuned LLMs to detect EPU, contributing to the development of

Japan’s monetary policy index for the period between 2015 and 2016 [ISO25]. Al-

though these methods also used LLMs like the approaches proposed in this Thesis,

their reliance on costly human-curated labels limits their applicability.

Research Gap: Numerous previous studies discussed focused on unsupervised ML app-

roaches, primarily using topic models and keyword matching. While these methods are

simple and do not require training, they are less effective than supervised ML tech-

niques. In contrast, supervised ML methods, including traditional ML and deep learn-

ing, rely on human-curated datasets, making them less scalable. Constructing a new

index for a different year, country, or region requires training new models and generat-

ing new labeled datasets, which is resource-intensive. Furthermore, prior research has

been limited to binary classification, identifying only whether an article contains EPU

or not, with no existing studies attempting to classify specific types of EPU within an

article.

In this Thesis, chapter 4 presents our proposal to use LLMs for classifying news arti-

cles containing EPU. Instead of relying on human-curated datasets, which are costly

to obtain, it proposes a weakly supervised learning approach. LLMs are leveraged to

generate training labels or directly classify news articles through prompting. The labels

obtained via prompting can either serve as the final classification labels or be refined

using ensemble aggregation techniques with multiple LLMs to reduce label noise. Fur-

thermore, this Thesis proposes extending beyond binary classification by adapting LLMs

for multi-label and hierarchical classification of EPU-related news articles, an aspect not

previously explored in existing research.
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3.2 Citizen Feedback Analysis with Large Language

Models

Across various government sectors such as defense, transportation, finance, and health

care, a shared challenge arises: extracting actionable insights from the extensive

datasets they gather to inform decisions and improve service delivery. Central to this

data is citizen feedback, whether sourced from suggestion boxes, online surveys, or

social media. This type of feedback offers a valuable perspective to enable government

agencies to understand citizens’ concerns and viewpoints [MR18]. By understanding

these insights, agencies can better tailor their products and services to align with public

needs and expectations [Kow20, SM22].

Traditional methods for collecting feedback such as surveys, town hall meetings, and

suggestion boxes are resource intensive, time consuming, and costly. Large scale sur-

veys require substantial investment making them infrequent for many government

agencies. Furthermore, even when these efforts are undertaken, the focus is mainly

on structured data, often neglecting the valuable insights that could be extracted from

unstructured textual feedback [KEJM20].

The vast resource provided by the digital revolution offer public agencies with a valu-

able opportunity to make informed decisions without relying solely on traditional sur-

veys. For instance, government agencies providing online services can integrate feed-

back forms into their digital interactions or websites. Additionally, they can extract

valuable insights from public commentary on platforms like X and Facebook [MH12,

Har12, Fel14, SC15, KS16].

These resources hold the potential to improve and optimize services. However, much of

this data is unstructured, primarily in text form, making manual analysis impractical,

while conventional analytical methods often struggle with its complexity and high di-

mensionality [BAD+12]. In such cases, automated approaches, particularly from NLP,

are being utilized to analyze and derive insights from these large datasets.

There is relatively limited research on citizen feedback, particularly using real-world

data, as such data is often not publicly available or may not be collected at all. Most

existing studies rely on data from public platforms. Although this Thesis focuses on

citizen feedback, our review also includes research on a related area: analyzing cus-

tomer complaints in the private sector, which is a more developed area. To structure

the discussion, the Thesis categorizes related work into unsupervised ML, traditional

ML, deep learning, and LLM approaches, summarized in Table 3.2 and described next.

Unsupervised ML approaches: Unsupervised ML techniques have been widely ap-
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Table 3.2: Citizen feedback and customer support relevant works

Category Relevant Works
Unsupervised ML [FB16], [Kow20], [KZYY18], [KYP+21], [FSLRJ24]
Traditional ML [TMT+25], [AT14], [HHI21], [VT24], [SAP+24],

[AZFSK22], [GVPP22], [WMS22], [TB24], [SM22],
[FK14], [FBR+19], [YAKMS24]

Deep Learning [MLL+21], [MZW18], [ASN+23], [DMG23]
LLMs [ZMS+23], [LBJ23], [Eng24], [PŞAS24], [BPC+24],

[BKYSG21], [WM24], [APG+23], [FSL22], [DSB21],
[FSLRJ24], [SVCR24], [KDJ+24], [PYC+24], [XCG+24]

plied to analyze and extract patterns from large-scale citizen feedback and complaint

datasets. Among these techniques, topic modeling has been the most commonly used

approach. Relevant studies in this category include: Forte and Brazdil (2016) who ana-

lyzed sentiment polarity in customer service feedback from a major Portuguese telecom-

munications company using a lexicon-based approach enhanced with domain-specific

terms and rules [FB16]. Kowalski (2020) explored the use of topic modeling to extract

insights from citizen comments on public services, demonstrating how such methods

enable real-time performance measurement of public sentiment regarding general prac-

tice services in England [Kow20].

Kalyoncu et al. (2018) used LDA to analyze customer complaints in Turkey’s mobile

network sector, developing an interactive visualization tool to help operators under-

stand subscribers’ concerns [KZYY18]. Kim et al. (2021) proposed a dynamic topic

modeling approach to forecast public demand trends based on 160,000 civic queries

submitted through a smart city participation platform in Seoul [KYP+21]. Fu et al.

(2024) utilized LLMs and topic models, specifically ChatGPT, to analyze public feed-

back topics collected from online submissions in New Zealand [FSLRJ24]. In addition

to uncovering patterns and themes within feedback using unsupervised ML techniques,

classification of this text data is essential for efficient re-routing to the appropriate

personnel or departments. We next discuss relevant works employing traditional ML

approaches for this task.

Traditional ML Approaches: Studies in this category include: Taha et al. (2025)

who developed a web-based smart ticketing system integrating Random Forests and

GBM to categorize and prioritize customer inquiries, significantly reducing response

times [TMT+25]. Altintas and Tantug (2014) proposed an automated ticket classifica-

tion framework using SVM, Naïve Bayes, and K-Nearest Neighbors (KNN), achieving

improvements in ticket assignment efficiency [AT14]. Similarly, Harun et al. (2021)

designed a supervised learning model to classify helpdesk support queries using SVM

and Naïve Bayes, effectively reducing misclassification rates in ticket routing [HHI21].
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Several other studies have focused on refining classification methodologies. Varghese

and Tian (2024) proposed a knowledge-graph embedding ranking system to enhance

support ticket resolution [VT24]. Sunil et al. (2024) applied TF-IDF vectorization

and Word2Vec embeddings with a logistic regression model for customer complaint

classification [SAP+24]. Ali et al. (2022) conducted a comparative analysis of five ML

classifiers, including SVM, Naïve Bayes, Decision Trees, Random Forests, and KNN,

identifying SVM as the most effective approach for multi-class text classification in

customer service systems [AZFSK22].

Gandla et al. (2022) applied logistic regression, Decision Trees, and SVM to build an

ML-based ticket classification system, improving ticket tagging and incident manage-

ment [GVPP22]. Wahba et al. (2022) proposed a hybrid SVM model that integrated

handcrafted rules to enhance classification accuracy, particularly in datasets with over-

lapping ticket categories [WMS22]. Truss and Boehm (2024) examined the use of Auto-

mated Machine Learning (AutoML) for ticket classification, making AI-driven solutions

more accessible to non-experts [TB24]. Sangil and Maceda (2022) utilized NLP and

association analysis to assess citizen feedback on local government initiatives [SM22].

Fauzan and Khodra (2014) employed learning-to-rank models for classifying govern-

ment complaint texts [FK14]. Filgueiras et al. (2019) applied multiple ML classifiers to

analyze citizen complaints related to economic and food safety regulations [FBR+19].

Yiugit et al. (2024) conducted sentiment classification on municipal service reviews us-

ing an SVM to assess corporate reputation [YAKMS24]. As previously noted, traditional

ML models, although interpretable, typically rely on manual feature engineering and

often underperform compared to deep learning methods, which automatically extract

features and utilize deep architectures to learn complex patterns. This motivates the

use of deep learning approaches for this task, with relevant studies discussed next.

Deep Learning Approaches: Relevant studies in this category include: Meng et al.

(2021) who proposed a hierarchical deep learning model that integrates word- and

character-level representations for classifying customer service tickets in the power sec-

tor, significantly outperforming traditional ML models [MLL+21]. Molino et al. (2018)

proposed a ticket classification system utilizing CNN and RNN architectures to enhance

the accuracy and efficiency of automated customer support responses [MZW18]. Air-

langga et al. (2023) applied LSTM and GRU models to analyze citizen feedback on

Jakarta’s government services, demonstrating deep learning’s superiority over tradi-

tional methods [ASN+23].

Dashdorj et al. (2023) developed a Mongolian-language feedback classification system

using LLM and CNN models, showcasing the potential of deep learning for low-resource

language processing [DMG23]. The deep learning methods discussed in this section
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train models from scratch, but the introduction of transfer learning and pre-training

has motivated the use of pre-trained LLMs, which start from pre-trained weights and

require significantly less data through fine-tuning or prompting. Techniques in this

category adopted for citizen feedback are discussed next.

LLM approaches: Relevant studies in this category include: Zangari et al. (2023) who

developed a BERT-based ticket classification system, demonstrating that transformer

models significantly improve classification accuracy [ZMS+23]. Liu et al. (2023) pro-

posed "Ticket-BERT", a fine-tuned version of BERT specifically designed for incident

ticket categorization [LBJ23]. Engelbrechtsmuller (2024) compared fine-tuned GPT-2

and BERT models for ticket classification in an IT helpdesk environment, finding that

GPT-2 outperformed BERT in four out of five classification tasks [Eng24].

Paket et al. (2024) investigated LLM-based ticket classification using fine-tuned BERT

models, demonstrating their effectiveness in multilingual IT support systems [PŞAS24].

Bonechi et al. (2024) compared BERT-based models with traditional ML techniques

including SVM classifiers, concluding that BERT consistently achieved higher classifica-

tion accuracy in banking customer service applications [BPC+24].

Bannihatti et al. (2021) proposed SupportNet, a BERT-based model designed for sum-

marizing customer support tickets and extracting key information, leading to improved

response efficiency [BKYSG21]. Wulf and Meierhofer (2024) investigated the use of

LLMs in automating technical customer service, integrating RAG to enhance text re-

trieval and classification [WM24]. Arici et al. (2023) utilized GPT-4 to automate

ticket assignment in an Italian IT service application, optimizing the allocation process

[APG+23].

Feng et al. (2022) proposed TaDaa, a deep-learning-based system fine-tuned with

BERT, Distilled BERT (DistilBERT), and RoBERTa to enhance ticket classification accu-

racy and response times [FSL22]. Dong et al. (2021) implemented a semi-supervised

learning approach by combining BERT and A Lite BERT (ALBERT) to classify customer

contact intents with minimal labeled data [DSB21]. Fu et al. (2024) further validated

the effectiveness of LLMs by comparing ChatGPT’s classification performance against

traditional NLP techniques in analyzing citizen feedback [FSLRJ24].

In another application, Subbarao et al. (2024) trained deep neural networks on a

dialogue-based dataset for ticket resolution, demonstrating the effectiveness of LLMs in

conversational AI applications [SVCR24]. Koukal et al. (2024) explored ticket category

balancing strategies for fine-tuned BERT models [KDJ+24]. Xu et al. (2024) integrated

knowledge graphs with RAG to enhance customer service question answering, reduc-

ing ticket resolution times [XCG+24]. The research conducted in this Thesis mainly

utilized LLMs for analysis of citizen feedback, and the research gaps in the reviewed
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LLM approaches are discussed next.

Research Gap: Most of the reviewed research on unsupervised learning for analyzing

customer and citizen complaints primarily relies on topic modeling techniques such

as LDA and BERTopic. However, these methods do not account for the relationship

between metadata and the discovered topics. This Thesis addresses this gap by con-

ducting an extensive statistical and unstructured analysis to uncover hidden patterns in

citizen feedback using real complaint data from a government organization. Addition-

ally, it incorporates Structural Topic Model (STM) to analyze textual feedback alongside

metadata, providing deeper insights into citizen inquiries.

Several reviewed studies have also utilized traditional ML approaches for classifying

and analyzing customer complaints and citizen feedback. Among those that incorpo-

rated LLMs, most have focused on fine-tuning earlier pre-trained models such as BERT,

RoBERTa, and GPT-2. This Thesis builds on this related work by adapting the latest

LLMs, including LLAMA, and comparing their performance with traditional ML meth-

ods and earlier LLMs used in prior studies for predicting categories and subcategories

of citizen feedback.

Existing research on prompt-based approaches has primarily relied on zero-shot

prompting, often using closed-source LLMs such as GPT-4. However, no prior work has

explored the use of open-source LLMs for prompting, despite potential concerns about

data privacy, security, and dependence on external APIs in government applications.

This Thesis proposes the adaptation and use of open-source LLMs that can be hosted

locally, ensuring greater control over data.

Additionally, unlike previous studies that focus solely on zero-shot prompting, this The-

sis incorporates few-shot prompting to assess its impact on classification performance.

While most studies emphasize classification and citizen feedback analysis, this Thesis

extends the scope by proposing and evaluating LLMs for summarization and question

answering in citizen feedback processing.

3.3 Large Language Models for Analysis of Public Sec-

tor Document Repositories

Beyond citizen feedback, complaints, and general communication, text is widely used

across the public sector. Politicians and government entities communicate their goals

and perspectives through written text on digital platforms including campaigns, de-

bates, and policy announcements. Additionally, government agencies oversee vast

collections of documents such as legislative proposals, policy briefs, administrative
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records, and historical archives, which are primarily written in text format or a combi-

nation of text and images [JM23].

To enhance transparency and improve accessibility, many government agencies have

transitioned their services online, and also have their policies, regulations, and proce-

dural guidelines available on their official websites [AMGCM20]. Citizens often rely on

these digital platforms to access information on various government services and an-

nouncements. However, the sheer volume of online documents makes manual search-

ing and navigation inefficient and time-consuming. A more effective solution involves

leveraging automated techniques to extract key insights from this vast amount of infor-

mation.

LLMs have recently shown great potential in analyzing extensive document collections

and supporting a wide range of document processing tasks such as QA, summariza-

tion, and classification among others [BMR+20, DCLT19]. This potential has prompted

significant investment from the private sector, resulting in their incorporation into

various tools and products, enhancing customer engagement and boosting efficiency

[TMS+23, Ope23]. In the public sector, however, adoption of LLMs has been more

gradual despite of their potential.

The deployment of LLMs in the public sector can significantly change the way citizens

engage with the government and the way the government attends to citizen demands.

These capabilities make LLMs highly valuable for the public sector. Table 3.3 provides

an overview of related studies on the use of LLMs and NLP for document processing in

government and the public sector. Related work is categorized into fine-tuning, RAG,

LLM agents, and prompting, along with related studies on hallucination and reliability.

Table 3.3: Related work on applying LLMs in public sector and government applications

Category Relevant Work
Fine-tuning [dPPdGC+24], [GTDS+24], [PMF+23], [CGTB24],

[HkLX+24], [KB24]
RAG, Agents, and Prompts [MKK+23], [PAT+24], [PSMT24], [FBH23], [KFFB24],

[AADH+22], [Lin23], [YTK24]
Hallucinations & Reliability [Dai24], [JPWK23], [SHB+24], [AM19], [CGH24]

Fine-tuning Approaches: Several studies have used fine-tuning approaches for LLMs

to enhance their applicability in government and administrative tasks. Relevant studies

include: Han et al. (2024) who proposed a domain-specific LLM trained on government

service counseling data collected from Beijing’s official websites, significantly improving

the accuracy of automated citizen support [HkLX+24]. Paiva et al. (2024) fine-tuned

LLAMA2 and Mistral models through continued pre-training on Portuguese government

texts, demonstrating improved product identification in textual purchase descriptions
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[dPPdGC+24]. Gesnouin et al. (2024) introduced LLaMandement, a fine-tuned model

developed by the French government to summarize legislative proposals, improving

efficiency in processing parliamentary session documents [GTDS+24].

Peña et al. (2023) applied LLMs, including RoBERTa and GPT-2, to classify Spanish par-

liamentary documents into 30 different topics, showing their effectiveness in processing

domain-specific legislative data [PMF+23]. Caudron et al. (2024) investigated domain

adaptation of BERT and RoBERTa for clustering pledges on the transition pathway for

tourism in the European public sector, revealing enhancements in interpretability and

usability [CGTB24].

Kleiman and Barbosa (2024) explored the use of a chatbot, ChatPGD trained on curated

government documents to assist with the management and performance program in

Brazil, demonstrating improved response times and effectiveness [KB24]. Fine-tuning

approaches discussed in this section often require continuous model training as new

data becomes available, which demands significant hardware resources. Next, we dis-

cuss non-parametric methods such as RAG and LLM agents that update LLM knowledge

at inference without requiring retraining.

RAG, Agents, and Prompting: Relevant studies in this category include: Mamalis et al.

(2023) who investigated augmenting GPT-3.5-Turbo with the Scottish Open Statistics

Portal to enable real-time statistical queries, assessing its effectiveness in open govern-

ment data retrieval [MKK+23]. Pereira et al. (2024) introduced INACIA, a system inte-

grating LLMs into the Brazilian federal court of accounts for automated case analysis,

information extraction, and legal plausibility assessment [PAT+24]. Papageorgiou et al.

(2024) proposed a modular RAG-based architecture for deploying LLM-powered virtual

assistants in e-government, ensuring scalability and ethical compliance while utilizing

Organisation for Economic Co-operation and Development (OECD) documents for ex-

perimentation [PSMT24].

Følstad and Bjerkreim (2023) analyzed 2,663 chatbot dialogues from Norwegian

municipalities and identified patterns of user interaction that contributed to utility-

oriented responses and improved chatbot efficiency [FBH23]. Kurian et al. (2024)

developed GovInfoHub, an RNN-based chatbot trained on government schemes,

insurance policies, and identity card details to provide structured, real-time assistance

for citizens [KFFB24]. Alhalabi et al. (2022) introduced an AI-driven M-Government

mobile application in the United Arab Emirates, integrating Telegram support to

improve accessibility and streamline various government services [AADH+22].

Lin (2023) conducted a comparative study on Guangdong Province’s government chat-

bots and ChatGPT concluding that chatbots remain in the exploratory phase, with

opportunities for optimization [Lin23]. Yun et al. (2024) surveyed 128 government
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officials in Korea regarding AI adoption in e-government, revealing AI’s potential to

improve efficiency and responsiveness in administrative tasks [YTK24]. The studies

discussed so far on RAG and LLM agents focus on reducing hallucination by augment-

ing LLMs with updated information. Despite this, LLMs can still produce hallucinations

which are outputs with errors or incorrect information. We next review approaches that

have identified or attempted to mitigate these challenges for government applications.

Hallucinations and Reliability: Relevant studies include: Dai (2024) who conducted

a survey on LLM applications in smart government, emphasizing the necessity of reg-

ulated AI applications and robust data protection policies to mitigate misinformation

risks [Dai24]. Jiang et al. (2023) performed a systematic review of NLP adoption in

governments, highlighting the limited empirical studies on AI reliability [JPWK23].

Straub et al. (2024) examined AI-driven automation in the United Kingdom gov-

ernment, estimating that 84% of bureaucratic transactions could be automated,

but warning of potential hallucinations in AI-driven decision-making [SHB+24].

Al-Mushayt (2019) proposed deep learning models based on multi-layer perceptrons

for e-government automation, identifying challenges in AI reliability and accuracy

[AM19]. Chen and Gasco-Hernandez (2024) conducted an empirical study on AI

chatbot deployments in the United States of America state government, finding that

the lack of empirical chatbot evaluations has hindered understanding of chatbot

effectiveness and the impact of hallucinations in real-world applications [CGH24].

None of the reviewed studies implement hallucination detection for public sector

chatbots, unlike the work presented in this Thesis.

Research Gap: While previous studies on fine-tuning LLMs have used public sector

documents, none have specifically focused on government services, procedural details,

and press releases, which are the key areas covered in this Thesis. Additionally, there

is a lack of open-source, curated datasets available for training and evaluating LLMs in

this domain. Some related works have explored the use of agents and RAG, but their

applications were limited to specific documents, and no detailed evaluation of RAG

components was conducted.

Moreover, past research has primarily focused on text-only LLMs, even though gov-

ernment documents often contain both text and images. Another major challenge in

using LLMs in the public sector is the issue of hallucinations, where models generate

incorrect or misleading information. While previous studies acknowledge this problem,

none have empirically measured hallucination rates in this domain or systematically

evaluated methods for detecting them.

To address these gaps, chapter 6 of this Thesis uses both unimodal (text-only) and

multimodal (vision-language) LLMs to process public sector documents. The datasets
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were collected from publicly available Irish government sources, including the official

government publications portal, health information services, citizens information, and

the central statistics office. This Thesis contributes by creating large-scale datasets for

training and evaluating LLMs in the government sector, including instruction-answer

examples, a multimodal dataset with vision-language samples, and datasets with dif-

ferent LLM responses to human-curated questions, along with a human evaluation of

these responses.

In addition to creating datasets, this Thesis develops and evaluates RAG systems by

testing various components and hyper-parameters, including chunk size, embedding

models, generation models, and chunk overlap. Unlike previous studies that focused

only on text-based models, this research evaluates and adapts multimodal LLMs for

government documents that include both text and images. Additionally, while earlier

research has implemented LLM agents, this Thesis conducts a detailed evaluation of

their effectiveness in using different tools, with a human-curated dataset created to

assess their performance in government applications. Finally, in chapter 7, this Thesis

goes beyond simply recognizing hallucinations as a challenge. Instead, it conducts an

empirical evaluation of different hallucination detection methods and develops datasets

specifically designed to measure hallucination rates in LLM responses.

The next chapters, starting with chapter 4, discuss the methodology and results of

the proposed approaches aimed at addressing the identified gaps in the literature and

answering the research questions raised in this Thesis.
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Chapter 4

Weakly Supervised Learning for
Predicting Economic Policy
Uncertainty from News Articles

This chapter describes the adaptation of LLMs for economic monitoring in the public

sector to automatically determine whether an article discusses EPU and to identify its

specific type. Previous studies either rely on keywords, which often result in a high

count of false positives, or use ML approaches that require a large number of quality

human labeled data that is costly and time consuming to acquire. This chapter pro-

poses approaches based on weak supervision techniques, using generative LLMs to cre-

ate synthetic labels through prompting, making the approach both cost-effective and

scalable. Additionally, it discusses the proposed methods and results for multi-label

and hierarchical classification of articles related to EPU. Some of the experiments and

methodologies discussed in this chapter were published in the Springer Nature Journal

Neural Computing and Applications, in an article titled: Understanding the Influence of
News on Society Decision Making: Application to Economic Policy Uncertainty.

4.1 Methodology

This section describes the methodology used for analyzing and classifying news articles

related to EPU. The process begins with EPU classification, where weakly supervised la-

bels generated by LLMs are compared with human annotated labels. Next, multi-label

text classification is applied to identify different types of EPU present in the articles,

with labels assigned only to articles classified as EPU-related. Since this classifica-

tion follows a hierarchical structure, additional experiments are conducted to assess

whether incorporating this hierarchy enhances classification performance.
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4. WEAKLY SUPERVISED LEARNING FOR

PREDICTING ECONOMIC POLICY

UNCERTAINTY FROM NEWS ARTICLES 4.1 Methodology

4.1.1 Weakly supervised EPU classification

This chapter starts by discussing the weakly supervised approach used for EPU classifi-

cation. We consider a dataset DU of n unlabeled data points: DU = {xi}n
i=1. The goal

of text classification is to assign each data point xi to a label yi where each label yi

belongs to one of m possible classes: C = {c1, . . . , cm}, resulting in a labeled dataset:

D = {(xi, yi)}n
i=1. Unlike traditional supervised learning, which relies on large volumes

of human labeled data, weak supervision relies on synthetic labels generated by LLMs

to train the classifiers. However, a human labeled dataset is used during evaluation to

accurately assess the model’s performance.

We formulate the EPU classification as a binary classification task with two target

classes: C = {"No EPU", "EPU"}. The proposed approach comprises three main stages.

In the initial stage, LLMs are used to generate labels via prompting, guided by instruc-

tions embedded in the prompt illustrated in Figure 4.1. This prompt design is inspired

by the annotation guidelines developed by Baker et al. (2016) for human annotators

[BBD16].

While the work by Paul et al. (2023) [TZM23], which this chapter builds on employed

multiple labeling functions such as keyword lookups and semantic similarity, the results

presented here are based solely on LLM-based prompting. A single prompt (Figure 4.1)

is used to encode the labeling logic, serving as a soft rule-based alternative that simpli-

fies the process and leverages recent advances in LLM capabilities.

As a result, a label matrix is automatically constructed, where each news article receives

multiple weak labels from k LLMs represented as: λ = {λ1, . . . , λk}. For a given LLM λj,

the output is λj(xi) ∈ {0, 1}, where 1 corresponds to an “EPU" label and 0 corresponds

to a “No EPU" label. Since different LLMs may assign different labels to the same input

xi, the second stage focuses on aggregating the k generated synthetic labels to produce

a less noisy single label. To accomplish this, various ensemble methods are employed

which are detailed in Section 4.1.1.1.
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Label Generation Prompt

Given a news a r t i c l e or passage , determine whether i t d i s c u s s e s Economic
P o l i c y Uncer ta in ty (EPU) .

I f i t does , c l a s s i f y i t as EPU=1; otherwise , c l a s s i f y i t as EPU=0.

C l a s s i f i c a t i o n C r i t e r i a :
1 . General Economic Uncer ta in ty

− The a r t i c l e must mention unce r t a in t y about economic cond i t i ons
( examples inc lude ; job market f l u c t u a t i o n s , i n f l a t i o n concerns ,
r e c e s s i o n f e a r s ) .

− I f the a r t i c l e only d i s c u s s e s genera l economic unce r t a in t y but does
not l i n k i t to government po l i cy , c l a s s i f y as EPU=0.

2 . Po l i cy−Related Economic Uncer ta in ty
− The a r t i c l e must e x p l i c i t l y connect economic unce r t a in t y to
government p o l i c y ac t ions , dec i s ions , or i n a c t i o n s .

− Mentions of economic p o l i c y unce r t a in t y in the past , present , or
fu tu re a l l q u a l i f y f o r EPU=1.

Further I n d i c a t o r s f o r EPU=1 C l a s s i f i c a t i o n :
The a r t i c l e should d i s c u s s unce r t a in t y r e l a t e d to p o l i c y d e c i s i o n s in any

of the fo l lowing areas :
− Monetary p o l i c y ( examples inc lude ; c e n t r a l bank ac t ions , i n t e r e s t
ra te s , money supply )

− F i s c a l p o l i c y ( examples inc lude ; government spending , tax reforms )
− Regula t ions ( examples inc lude ; labor laws , environmental p o l i c i e s ,
f i n a n c i a l r e g u l a t i o n s )

− Trade p o l i c y ( examples inc lude ; t a r i f f s , t rade agreements ,
export / import r e s t r i c t i o n s )

− Government l eade r sh ip unce r t a in t y ( examples inc lude ; e l e c t i o n s ,
p o l i t i c a l c o n f l i c t s )

− Sovereign debt and currency s t a b i l i t y ( examples inc lude ; exchange
ra t e p o l i c i e s , f o r e i gn r e s e r v e s )

− Nat iona l s e c u r i t y and te r ro r i sm ( i f l inked to economic unce r t a in t y )
− S o c i a l s a f e t y nets and en t i t l ement programs ( examples inc lude ;
welfare , hea l thca re p o l i c i e s )

Figure 4.1: EPU label generation prompt

4.1.1.1 Weak Label Aggregation

In this stage, various aggregation methods including: Data Programming (DP), Majority

Vote, Worker Agreement with Aggregate (WAWA), and the Dawid-Skene model, are

used to consolidate multiple noisy labels generated by different LLMs into a single

label.
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• Majority Vote: Majority Vote [Pen46] is a simple yet powerful model often used

in ensemble learning techniques. Consider a setting with k classifiers in our case

the output of k LLMs on the same input text, each providing a vote for one of the

possible classes ci ∈ C in a classification task. The Majority Vote is determined by

aggregating these votes and selecting the class with the highest number of votes.

If we let vjci
to be a binary indicator where vjci

= 1 if classifier λj votes for class

ci, and vjci
= 0 otherwise. The total number of votes for class ci is then given by:

Vci
= ∑k

j=1 vjci
. The predicted class ŷ is the one with the maximum Vci

shown in

Equation 4.1.

ŷ = arg max
ci

Vci
(4.1)

This method is based on the idea that combining outputs from multiple classifiers

can produce more accurate results, especially when each classifier brings different

and complementary strengths to the task.

• DP: DP [RDSW+16] is an aggregation method that assigns a noisy label to each

news article in an unsupervised learning manner. The outputs generated by LLMs

through prompting can be viewed as multiple annotators labeling the same ar-

ticle, similar to a crowd-sourcing setup [MKBH21]. These labels may contain

conflicts and correlations, even when assigned by domain experts.

Instead of a simple Majority Vote, DP employs a probabilistic framework to cap-

ture the structure and relationships within the label matrix. The probabilistic

model Pθ(Λ, Y ) is defined as the joint probability of the LLMs’ outputs (label

matrix) Λ and the latent (unobserved) true class labels Y . The label matrix is

encoded using a factor model with three factor types representing conflicts, cor-

relations, and propensity (instances where LLMs generate valid labels).

The generative model is expressed in Equation 4.2.

Pθ(Λ, Y ) = Z−1
θ exp(

n∑
i=1

θT ϕi(Λi, yi)) (4.2)

where Zθ is the normalizing constant, ϕi(Λi, yi) represents the concatenated fea-

ture vector derived from all LLM outputs for a given sample news article xi, and θ

denotes the parameter vector. The estimate of the true parameter denoted as θ̂, is

obtained by minimizing the negative marginal likelihood using the observed label

matrix Λ, relying solely on the patterns of agreement and disagreement within Λ
since the true labels are unavailable.

The estimated parameters are then used to produce probabilistic noisy labels:
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Ŷ = Pθ̂(Y | Λ), which can optionally serve as training labels for downstream

models.

• WAWA: The WAWA algorithm [UPT24] aggregates noisy labels through a three-

step process. It begins by determining the Majority Vote label for each task. Then,

it assesses each worker’s skill by measuring the proportion of their responses that

align with the Majority Vote. Finally, it computes a weighted Majority Vote, where

the weights are derived from these skill estimates. The algorithm is based on the

premise that responses agreeing with the Majority Vote are more likely to be

accurate, and that a worker’s reliability can be inferred from the consistency of

their answers with the majority.

• Dawid-Skene: The Dawid-Skene aggregation model [DS79] is a probabilistic

method used to estimate the expertise level of workers (in this case LLMs) in a

crowd-sourcing environment. This model evaluates the reliability of each worker

by constructing a confusion matrix that captures the probability of correctly or

incorrectly labeling. The confusion matrix provides insight into how consistently

a worker assigns labels in a classification problem.

In addition to individual worker reliability, Dawid-Skene incorporates a prior class

probability vector, which represents the likelihood of each class occurring before

considering the responses provided by workers. Since the true label of a task

is unknown, it is treated as a latent variable that the model seeks to estimate.

The probability of a task belonging to a specific class is influenced by the prior

probabilities and the observed responses from workers. The optimization of these

parameters, including the prior class probabilities, worker confusion matrices,

and latent variables representing true labels, is achieved using the expectation

maximization algorithm.

4.1.1.2 Discriminative Model

The aggregated labels were used to fine-tune pre-trained LLMs: BERT and RoBERTa,

and to train an LSTM model. For pre-trained LLMs, this was achieved by adding a feed-

forward neural network and a classification head to the last layers while keeping the

other pre-trained layers frozen to facilitate adaptation to our downstream EPU classifi-

cation task.

For an LSTM, the news article text was first tokenized and converted into sequences of

integers. These sequences were then mapped into dense vector representations using

an embedding layer, which captures semantic relationships between words. Initially,

these embeddings are randomly initialized with a uniform distribution and are pro-

gressively updated during training. The transformed embeddings are then fed into the
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LSTM layers, which learns to identify sequential dependencies and contextual relation-

ships within the text.

For both LLMs and an LSTM, the final layer consists of a dense network with a softmax

function, which assigns the text to the appropriate EPU category. The training process

optimizes the model by minimizing the expected loss over noisy labels formulated in

Equation 4.3 [RDSW+16].

θ̂ = arg min
θ

n∑
i=1

Eŷi∼Ŷ [L(hθ(xi), ŷi)] (4.3)

where θ̂ represents the estimated model parameters, n is the number of training ex-

amples, E denotes expectation, L is the expected loss with respect to Ŷ , hθ(xi) is the

output predicted by the discriminative model, xi is a training instance, and ŷi is the

corresponding noisy probabilistic label from Ŷ .

4.1.1.3 Multi-label Classification for EPU Articles

For articles positive for EPU, this section discusses the methodology used to identify

specific subcategories, with their class distribution detailed in Table 4.1. In contrast to

the binary EPU classification task, where each article receives a single label, the subcat-

egories here may simultaneously belong to multiple classes selected from a predefined

set: {a, b, . . . , p}. Each article is a multi-hot vector si, indicating the presence or absence

of each corresponding subcategory.

In this section, experiments relied solely on human labeled data rather than synthetic

labels. This decision stemmed from the absence of detailed guidelines in the labeling

guide for assigning multiple labels to news articles, unlike the case with EPU classifica-

tion. Consequently, it was challenging to develop clear and effective instructions for a

reliable prompt-based method comparable to that used in EPU classification.

We used the same models as in EPU classification: BERT, RoBERTa, and LSTM. The

text processing approach remained similar to that used for EPU classification, but the

subcategories were converted into multi-hot vectors, denoted as si. Both models were

trained using binary CE loss across all subcategories defined in Equation 4.4.

Lmulti(si, ŝi) = − 1
n

n∑
i=1

m∑
j=1

[
sij log(ŝij) + (1 − sij) log

(
1 − ŝij

)]
(4.4)

where sij represents the true label for subcategory j of instance i, where 1 indicates

that the article belongs to subcategory j and 0 indicates it does not. The term ŝij is the

predicted probability that the article belongs to subcategory j, outputted by the model.
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4.1.1.4 Hierarchical Classification for EPU Articles

Beyond multi-label classification, we performed hierarchical classification, where the

classification task follows a structured dependency between an article’s general classi-

fication as EPU-related and its assignment to multiple subcategories. Unlike standard

multi-label classification, where labels are treated as independent, hierarchical classi-

fication ensures that subcategories are only assigned when an article is identified as

EPU-related.

The dataset is now structured as: {(xi, yi, si)}n
i=1, where xi represents a news article,

yi ∈ {0, 1} is a binary label indicating whether the article discusses EPU, and si is

a multi-hot vector indicating the presence or absence of multiple subcategories. We

experimented with various hierarchical classification approaches: basic summation,

masking, weighted, and a two-stage, discussed next.

• Basic Summation: A single model is trained to predict both yi and si simultane-

ously. It consists of a shared encoder followed by two classification heads: one for

binary EPU classification and another for multi-label subcategory classification.

For a given input text xi, the model processes it through the shared encoder and

applies separate linear classifiers for each prediction. The loss function used for

training is defined in Equation 4.5.

Lbasic(yi, ŷi, si, ŝi) = Lbinary(yi, ŷi) + Lmulti(si, ŝi), (4.5)

where Lmulti is a mult-label loss, and Lbinary is a binary CE loss for predicting yi

defined in Equation 4.6.

Lbinary(yi, ŷi) = − 1
n

n∑
i=1

[
yi log ŷi + (1 − yi) log(1 − ŷi)

]
(4.6)

• Masking: To enforce dependency constraints between binary and multi-label clas-

sification, this approach incorporates a masking mechanism. The loss function for

subcategory prediction is applied only when yi = 1, that is when the article is

classified as EPU-related. The modified loss function is defined in Equation 4.7.

Lmasking(yi, ŷi, si, ŝi) = Lbinary(yi, ŷi) + 1[yi = 1] · Lmulti(si, ŝi), (4.7)

where 1[yi = 1] is an indicator function that applies the multi-label loss only to

articles classified as EPU.

• Weighted: Building upon the masking-based approach, this method further mod-
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ifies the multi-label loss by introducing a weighting scheme to handle cases where

articles are mistakenly classified as non-EPU but contain some subcategory infor-

mation. Instead of completely ignoring subcategory loss for yi = 0, different

penalty weights are assigned for false positives and false negatives. The weighted

loss function LW is defined in Equation 4.8.

LW(yi, ŷi, si, ŝi) = Lbinary(yi, ŷi)+λpos1[yi = 1]Lmulti(si, ŝi)+λneg1[yi = 0]Lmulti(si, ŝi)
(4.8)

where λpos and λneg are hyperparameters controlling the relative penalty for sub-

category errors when yi is 1 versus 0.

• Two-stage: Instead of jointly predicting yi and si, this approach separates the

task into two stages: binary classification and multi-stage classification, trained

separately unlike in the masking approach.

Binary Classification Stage: The first stage is a binary classifier trained solely on

predicting whether an article discusses EPU. The model is optimized using the CE

loss Lbinary(yi, ŷi) defined in Equation 4.6.

Multi-Label Classification Stage: After training the binary classifier, its predicted

labels ŷi are used to select articles for the second-stage multi-label classifier, which

is applied only to samples where ŷi = 1. The loss function Lmulti(si, ŝi) is the same

as in standard multi-label classification but limited to this filtered subset.

4.1.2 Data

We used a dataset of 12, 000 news articles provided by Baker et al. (2016), selected

from USA news articles that included the terms “economy” and “uncertainty”. Domain

experts assigned binary labels to these articles based on whether they discussed EPU.

Among these, 4939 were identified as related to EPU. These articles were then classified

into one or more multi-label subcategories, which explains why the total count in the

class distribution shown in Table 4.1 is 6037 instead of 4939, as some articles fall into

multiple subcategories.

The subcategories include: government spending (entitlement programs, social safety

nets, welfare programs), trade policy (tariffs, quotas, trade rules), financial regulation

(banking and equity markets), energy and environmental regulation (natural resources,

commodities), sovereign debt (exchange rate policy, foreign reserves), political conflict

and leadership changes (elections, governance crises), and legal policy (judicial deci-

sions, regulatory changes). Further details about the dataset can be obtained from the
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authors’ website1 [BBD16].

Table 4.1: Distribution of subcategories for news articles describing EPU

Subcategory Count

Other policy matters that do not fit into pre-defined categories 1176

Political conflict and leadership changes 827

National security and terrorism 820

Trade policy (tariffs, quota, trade rules) 712

Taxes 659

Monetary policy 372

Government spending 367

Energy & environmental regulation, natural resources and com-

modities

187

Competition policy 182

Labor regulations 166

Legal policy 164

Sovereign Debt, exchange rate policy, foreign reserves 127

Fiscal policy 125

Financial regulation (including banking and equity markets) 100

Entitlement programs, social safety net, welfare programs 46

Health care programs and regulations 7

Grand Total 6037

4.1.3 Experimental Setup and Evaluation

All experiments were conducted in Python with BERT and RoBERTa being implemented

using the Huggingface Transformer library 2. LSTM [HS97] was implemented using the

Keras library 3 [Ket17].

For the hyperparameters, the maximum text length was set to 512 tokens, the Adam

optimizer was used, with a learning rate of 1 × 10−3, a batch size of 50, and training

was performed over 10 epochs. All model experiments were conducted on a single

A100 40GB GPU machine.

For synthetic label generation, we primarily utilized generative LLMs, specifically open-

source models from the LLAMA, Mistral, and Qwen families, using the prompt shown in

Figure 4.1. The selected models represented the SoTA at the time of the experiments,

that we could perfom inference on with the hardware that was available to us. The
1https://www.policyuncertainty.com
2https://huggingface.co/
3https://keras.io/
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specific versions used in the experiments include: Mistral-24B, Qwen2-7B, LLAMA3-

8B, Mistral3-7B, and Qwen2-14B.

Binary classification performance was evaluated using accuracy, F1 , Geometric Mean

(GM), Area Under the Curve (AUC), and Area Under the Precision Recall Curve

(AUPRC). Accuracy represents the overall proportion of correctly classified instances.

F1 is the harmonic mean of precision and recall. GM accounts for both sensitivity and

specificity, suitable under class imbalance setting. AUC measures the model’s ability to

distinguish between classes across different threshold settings, while AUPRC assesses

precision-recall trade-offs, making it particularly relevant for imbalanced data.

Multi-label classification performance was further assessed using Exact Match Ratio

(EMR) and Label Ranking Precision (LRP) [ZZ13]. EMR calculates the percentage of

instances where the predicted set of labels exactly matches the true set. LRP evaluates

how well the model ranks correct labels higher than incorrect ones, focusing on the

order of label relevance rather than requiring an exact match.

In addition to classification metrics, we used Cohen’s Kappa (CK) and Matthews Cor-

relation Coefficient (MCC) to measure the correlation and agreement of different label

generators with humans. CK [HF03] evaluates the level of agreement between the

predicted and actual labels while accounting for the possibility of random agreement.

MCC [CJ23], on the other hand, provides a balanced measure of correlation between

predictions and ground truth, even when class distributions are uneven by considering

all elements of the confusion matrix.

The code, datasets, and hyperparameters referenced in this chapter are available

in the GitHub repository: https://github.com/TrustPaul/Weak-supervision-in-
Economic-Policy-Uncertanity.

4.2 Results and Discussion

This section presents the results of the various experiments for binary EPU classification,

as well as multi-label and hierarchical classification.
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Table 4.2: Evaluation metrics (CK and MCC) for different label generators for the binary
EPU classification task

Label Generator CK MCC

Majority Vote -0.0121 -0.0139

WAWA -0.0011 -0.0013

Mistral3-7B 0.0460 0.0553

LLAMA3-8B 0.2970 0.3058

Qwen2-14B 0.2849 0.3486

Qwen2-7B 0.2849 0.3486

Mistral-24B 0.3537 0.3766

DP 0.4156 0.4156

Dawid-Skene 0.4813 0.4908

Analysis of Different Label Generators: Table 4.2 presents evaluation metrics (MCC

and CK) comparing the performance of models of different label generators. The evalu-

ation includes individual LLMs such as Mistral-24B, Qwen2-14B, Qwen2-7B, LLAMA3-

8B, and Mistral3-7B, as well as aggregation methods like Dawid-Skene, WAWA, and

Majority Vote. Dawid-Skene achieved the highest correlation with human labels, with

an MCC of 0.4908 and a CK of 0.4813, followed by the DP method, which obtained an

MCC and CK of 0.4156.

Among individual LLMs, Mistral-24B showed the strongest correlation with human la-

bels (MCC = 0.3766, CK = 0.3537), while Majority Vote had the lowest correlation.

These results indicate that proper aggregation or the use of more effective models leads

to higher agreement with human labels, and the high values of MCC and CK observed

especially by top methods like Dawid-Skene, DP and Mistral-24B suggest that these

labels can be reliably used for training other LLMs for this task.
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Table 4.3: Performance evaluation metrics (F1, accuracy and GM) for different label
generators for the binary EPU classification task

Label Generator Accuracy F1 GM

Mistral3-7B 42.06 27.36 41.29

Majority Vote 55.25 46.65 49.44

WAWA 55.41 47.69 49.95

LLAMA3-8B 64.15 42.85 56.09

Qwen2-14B 68.89 61.46 62.85

Qwen2-7B 68.89 61.46 62.85

Dawid-Skene 75.01 49.30 63.12

Mistral-24B 70.72 66.80 66.61

DP 71.83 70.78 70.77

Beyond correlation and agreement metrics, classification performance is of greater in-

terest for this task. Table 4.3 therefore presents the performance of various data gen-

erators without additional training. For LLMs, this corresponds to zero-shot prompting

performance. DP achieved the highest performance results, with a GM of 70.77% and

an F1 score of 70.78%, followed by Mistral-24B, which obtained a GM of 66.61% and

an F1 score of 66.80%. The lowest performance was observed with Mistral3-7B and the

Majority Vote method. Based on these results, labels generated by DP were selected as

synthetic labels for training other models.

The findings indicate that ensembling improves performance, but the choice of ag-

gregation method significantly impacts the outcome. The zero-shot performance of

LLMs like Mistral-24B suggests that sufficiently large and high-performing models can

achieve reasonable classification results through prompting alone. However, even in

cases where zero-shot prompting performs well, achieving such results requires models

with at least 7 billion parameters, which come with significant inference costs. There-

fore, it remains beneficial to use labels generated by these LLMs or aggregation meth-

ods in a distillation process to train smaller models, such as BERT, which offer lower

training and inference costs.

Fine-tuning results for binary classification of EPU: Table 4.4 presents the perfor-

mance of different models along with their training data sources, which include human-

labeled data and weak supervision (WS) where labels are generated through aggrega-

tion. The models compared are LSTM, BERT, and RoBERTa.

In general, models perform better when trained on human labeled data. This is partic-

ularly evident with BERT, which achieves an F1 score of 74.66% and a GM of 73.77%
when trained on human labeled data, compared to an F1 score of 71.92% and a GM
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of 71.66% when trained on synthetic labels. A similar trend is observed with RoBERTa,

which performs almost as well as BERT but achieves slightly higher F1 and GM scores

when trained on synthetic data. LSTM has the lowest performance on both datasets,

showing only minor differences in F1 and GM scores between human labeled and syn-

thetic data.

Table 4.4: Performance comparison of different models and datasets on EPU binary
classification. Dataset WS in the case means that labels generated by DP were used to
train the respective model

Dataset Model Accuracy F1 GM AUC AUPRC

Human BERT 75.99 74.66 73.77 0.8423 0.7750

Human RoBERTa 74.97 73.54 72.59 0.8440 0.7833

Human LSTM 63.41 60.79 58.96 0.6452 0.5352

WS DP 71.83 70.78 70.55 0.7338 0.6654

WS LSTM 63.46 62.10 61.66 0.6482 0.5359

WS BERT 71.93 71.33 71.83 0.7859 0.6877

WS RoBERTa 73.03 71.92 71.66 0.7936 0.7114

The results in Table 4.4 further reveal that models trained on synthetically generated

data such as RoBERTa, outperform the zero-shot prompting performance of the LLM

used to generate the synthetic data. RoBERTa achieves a higher GM and F1 score than

DP and also exceeds the best zero-shot prompting LLM: Mistral-24B, in terms of GM

(71.66% versus 66.61%).

Although the performance of zero-shot prompting and aggregation methods is close to

that of fine-tuned models, the competitive results are mainly achieved using extremely

large LLMs, as previously noted. Despite this, using LLMs to generate synthetic la-

bels for training smaller models remains a promising approach, as human annotation

is costly and time-consuming, making synthetic data generation a more efficient and

scalable alternative.
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Figure 4.2: Receiver Operating Curves (ROC) curves for different models for binary
EPU classification task. WS in the case means that labels generated by DP were used to
train the respective model.

In addition to the classification metrics in Table 4.4, Figure 4.2 presents the ROC curves

for different models. The trends in the ROC align with those observed in the F1 and

GM scores. Models trained on human labeled data generally achieve higher AUC values,

with both RoBERTa and BERT reaching approximately 0.84. In contrast, LSTM shows

consistently lower AUC values, with little difference between models trained on weak

supervision and those trained on human labeled data.

Table 4.5: Performance metrics for different models on the multi-label text classification
task

Model EMR LRP AUPRC AUC

LSTM 58.15 75.40 0.0466 0.5931
BERT 61.70 83.70 0.1634 0.7727
RoBERTa 60.43 83.78 0.1676 0.7930

Multi-Label Text Classification: For EPU binary classification, articles identified as

positive for EPU were further assigned to 16 multi-label categories, with the class distri-

bution detailed in Table 4.1. For multi-label classification, only human labeled data was
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used for fine-tuning. The models evaluated include: RoBERTa, BERT, and LSTM, as-

sessed using multi-label evaluation metrics such as EMR, LRP, AUC, and AUPRC shown

in Table 4.5.

In terms of EMR, all three models exhibited comparable performance, with BERT

achieving the highest score. LSTM recorded an EMR of 58.15%, while BERT and

RoBERTa attained 61.70% and 60.43%, respectively. For the LRP metric, BERT and

RoBERTa performed similarly, both reaching approximately 83.70%, whereas LSTM

had a lower LRP score of 75.40%.

The AUPRC values were generally low across all models, with RoBERTa obtaining the

highest AUPRC and LSTM the lowest. In terms of AUC, RoBERTa achieved the highest

value of 0.7930, while LSTM had the lowest at 0.5931. These results indicate that pre-

trained LLMs such as BERT and RoBERTa perform better in multi-label classification

compared to LSTM. However, their performance is significantly lower than in binary

classification, which is expected since multi-label classification is a more complex task.

Table 4.6: Performance evaluation of various models and hierarchical strategies on the
binary EPU classification task

Model Hierarchical Strategy Accuracy F1 AUC AUPRC GM

BERT

basic 74.81 74.33 83.86 0.7727 74.54

masking 74.72 74.30 84.16 0.7724 74.58

two-stage 74.64 74.33 83.80 0.7641 74.80

weighted 75.62 74.88 83.93 0.7741 74.90

RoBERTa

basic 76.03 75.48 84.68 0.7895 75.60

masking 76.19 75.59 84.81 0.7905 75.66

two-stage 76.15 75.40 84.81 0.7891 75.41

weighted 75.91 75.22 84.15 0.7801 75.25

LSTM

basic 61.62 58.66 61.93 0.5069 59.08

masking 62.31 57.93 61.03 0.5023 59.21

two-stage 61.86 57.95 59.18 0.4644 58.89

weighted 62.15 56.15 60.56 0.4967 58.88

Hierarchical EPU Classification: Since the task was hierarchical, where articles clas-

sified as EPU could be further assigned to 16 multi-label categories, we investigated

multiple strategies for hierarchical text classification. Details on these methods are

provided in Section 4.1.1.4 of the methodology.

The strategies include a basic approach, where the model predicts both binary and
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multi-label classifications simultaneously, a masking approach, where multi-label pre-

dictions are made only for articles classified as EPU, a weighted approach, which applies

an additional loss penalty for misclassifying articles as not containing EPU, and a two-

stage approach, where two models are trained separately, one for binary classification

and another for multi-label classification.

Table 4.6 presents the binary EPU classification results for different models across these

approaches. Overall, performance differences among the four methods are minimal

across all models and evaluation metrics. Among the models, RoBERTa achieved the

highest GM of 75.66% using the masking approach. BERT performed best with the two-

stage approach, reaching a GM of 74.80%. For LSTM, the highest GM was obtained

using the masking approach.

Table 4.7: Performance evaluation of various models and hierarchical strategies on
multi-label classification task

Model Hierarchical Strategy EMR AUPRC AUC LRP

BERT

basic 59.45 0.0702 0.7080 74.41

masking 59.45 0.0811 0.7189 74.10

two-stage 61.94 0.1974 0.7526 81.21

weighted 59.45 0.0678 0.7046 73.53

RoBERTa

basic 59.45 0.0765 0.7070 74.39

masking 59.45 0.0963 0.7219 75.22

two-stage 61.66 0.2231 0.7745 81.02

weighted 59.45 0.0679 0.6999 73.48

LSTM

basic 59.45 0.0395 0.5879 68.48

masking 59.45 0.0399 0.5807 67.55

two-stage 59.25 0.0599 0.5919 67.77

weighted 59.45 0.0377 0.5620 66.90

Hierarchical Multi-label Text Classification: Table 4.7 presents the EMR, LRP,

AUPRC, and AUC metrics for the three models across the four hierarchical approaches.

The EMR values remain nearly identical across all approaches. For LRP, the best

performance is achieved by BERT using the two-stage approach, followed by RoBERTa

again under the same approach with an LRP of 81.02%. LSTM has consistently lower

LRP values overall, but its best result is obtained with the basic approach at 68.48%.

RoBERTa achieves the highest AUC value of 0.7745 using the two-stage approach.
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4.3 Conclusion

In this chapter, we assessed the application of LLMs in the public sector, focusing on

economic monitoring by using news articles as indicators to measure EPU levels. This

approach was inspired by the research of Baker et al. (2016), which highlighted its

potential for developing indices to quantify EPU across different regions and countries.

However, their method relied on keyword matching, leading to a high rate of false

positives. Despite this limitation, their study provided valuable datasets for both EPU

classification and multi-label categorization of news articles identified as discussing

EPU, which were essential for evaluating ML models on this task.

Prior research primarily focused on binary EPU classification, where the goal was simply

to determine whether an article contained EPU-related content or not. Through our

experiments, we extended this by evaluating and developing classifiers for multi-label

classification, testing various approaches, and finding that fine-tuned pre-trained LLMs

outperformed other methods. Additionally, while earlier studies improved on keyword-

based methods by employing either unsupervised ML techniques or supervised ML with

human labeled data, this chapter assessed the potential of weakly supervised learning.

Instead of relying on human annotators, we leveraged other LLMs to generate labels.

The results showed that extremely large LLMs, such as Mistral-24B, could produce high

quality labels in a zero-shot setting using prompting. Furthermore, we observed that

aggregation techniques enhance model performance and reduce noise in generated

labels, with DP and Dawid-Skene emerging as the most effective methods.

Although classifiers trained on human-labeled data achieved the highest performance,

the difference in accuracy between these models and those trained on LLM generated

labels was relatively small. However, since human annotation is a time consuming and

resource intensive process, using LLM generated data provides a cost-effective alterna-

tive for developing EPU classifiers.

Given the hierarchical nature of the classification task, we also tested methods that take

advantage of this structure. The two-stage approach, where models are trained sepa-

rately for binary and multi-label classification, showed the best performance. However,

the differences in performance among all the methods studied were minimal.

In the next chapter (chapter 5), the application of LLMs to citizen-generated data, such

as feedback and complaints, is presented for tasks including classification, summariza-

tion, and question answering.
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Chapter 5

Large Language Models for Citizen
Feedback Data

With increased digital adoption by citizens and government agencies, it has become

more convenient for citizens to share their concerns and feedback, and for government

institutions to collect this information efficiently. However, much of the feedback is un-

structured, making manual analysis time consuming and ineffective. This chapter eval-

uates the potential of automated NLP methods, including traditional ML techniques,

topic modeling, and LLMs for categorizing, summarizing, and answering questions re-

lated to unstructured citizen feedback.

The chapter uses real-world citizen feedback data from URA. URA is a government

institution established in 1991, responsible for tax collection and compliance in Uganda

[ATJA23]. This chapter is based on the manuscript: Leveraging Topic Modeling and Large
Language Models to Enhance Analysis of Government Citizen Feedback.

5.1 Methodology

This section describes the proposed methods for analyzing citizen feedback with an

overview shown in Figure 5.1.
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Figure 5.1: Overview of the citizen feedback analysis process, including classification,
statistical and descriptive analysis, summarization, and question answering.

5.1.1 Data

The collected dataset includes citizen feedback, inquiries, and complaints gathered

from URA through various channels such as calls, emails, intranet, and reports. Feed-

back received in non-digital formats was processed and stored as text. To ensure pri-

vacy, all personally identifiable information or any details that could link individuals to

specific data were anonymized or removed by URA.

The dataset comprises 12,558 documents, each annotated by URA staff with relevant

categories, summaries, and responses to the submitted inquiries. The distribution of

categories is shown in Table 5.1 respectively.

The distribution of categories shows that most frequent inquiries involve registration,

access control, and motor vehicle registration.
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Table 5.1: Class distribution of categories. Categories with less 40 observations were
combined into “Rare categories"

Categories Number of tickets

Registration 3480

Access control 2749

Unclassified 1500

Motor vehicle registration 1051

Assessments 977

Returns 918

Other portal functionalities 367

Payments 355

Taxpayer accounting 341

Data change 224

Objection and appeals 208

Rare categories 122

NTR 73

DMS 52

Debt collection 51

Stamp duty 48

Audit 42

Grand total 12558

5.1.2 Topic Modeling for User Feedback

To understand statistical patterns and visual mappings in the collected textual feedback,

count-based methods: n-grams, word distributions, frequency plots, and word clouds

were first used. These methods provided valuable insights but were limited in capturing

deeper relationships within the text. Therefore, we extended our analysis by using topic

modeling approaches, specifically LDA [BNJ03], BERTopic [Gro22], and STM [RST19].

LDA is a probabilistic generative model that identifies hidden topics within a collection

of documents. It assumes that each document is a mixture of multiple topics, and each

topic is characterized by a probability distribution over words. In the LDA framework,

each topic u is associated with a distribution over the vocabulary, denoted as ϕu, which

is drawn from a Dirichlet distribution with parameters β as shown in Equation 5.1.

ϕu ∼ Dirichlet(β) (5.1)
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Similarly, each document xi is assumed to follow a topic distribution, denoted as θxi
,

which is drawn from a Dirichlet distribution with parameters α, as shown in Equation

5.2.

θxi
∼ Dirichlet(α) (5.2)

For each word in a document, LDA follows a two-step process. First, a topic assign-

ment zxi,j is sampled from a multinomial distribution parameterized by θxi
as shown in

Equation 5.3.

zxi,j ∼ Multinomial(θxi
) (5.3)

Once the topic is chosen, the actual word wxi,j is sampled from the multinomial distri-

bution associated with the selected topic ϕzxi,j
shown in Equation 5.4.

wxi,j ∼ Multinomial(ϕzxi,j
) (5.4)

The parameters α and β are hyperparameters that control the distribution of topics in

documents and words in topics respectively. To estimate the latent variables and infer

the topic structure from the data, techniques such as variational inference and Gibbs

sampling are commonly employed [BNJ03].

BERTopic enhances traditional topic models by utilizing contextualized embeddings

that capture more meaningful semantic relationships between words. It begins by con-

verting each document into a dense vector representation using models like sentence-

BERT [RG19]. These vectors are then reduced in dimensionality through methods

like Uniform Manifold Approximation and Projection, and clustered using Hierarchical

Density-Based Spatial Clustering of Applications with Noise. Each cluster corresponds

to a unique topic. To identify the key terms for each topic, BERTopic applies a modified

version of TF-IDF called c-TF-IDF.

In BERTopic, the TF-IDF formula is modified to work with clusters by combining all

documents within a cluster into one large document. This approach allows the TF-IDF

calculation to reflect the importance of terms at the cluster level rather than individual

documents. The transformation from documents to clusters is illustrated in Equation

5.5.

Wt,b = TF t,b · log
(

1 + A

TF t

)
(5.5)

Here, Wt,b is the weight of term t in cluster b, and TF t,b is the term frequency of term
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t in that cluster. The parameter A represents the average number of words per cluster,

while TF t is the total frequency of term t across all clusters. This method highlights

terms that are more frequent within a specific cluster and less common across others,

resulting in clearer and more interpretable topic representations.

STM allows the inclusion of metadata into the prior distributions for document-topic

and topic-word proportions. For our case, metadata includes the category of feedback,

the date it was received, whether it was resolved upon initiation, and the receiving

channel, among other factors. STM starts by assigning each document a distribution of

topics, where this distribution is influenced by the document’s metadata. This relation-

ship is modeled using a logistic-normal generalized linear model based on a vector of

document covariates Xxi
shown in Equation 5.6.

θxi
|Xxi

γ, Σ ∼ LogisticNormal(µ = Xxi
γ, Σ) (5.6)

where γ is a matrix of coefficients and Σ is the covariance matrix, and µ is the mean of

the multivariate normal distribution.

After determining the topical prevalence, STM then assigns words to topics based on

these document-level topic distributions (Equations 5.7 and 5.8).

zxi,q|θxi
∼ Multinomial(θxi

) (5.7)

In this context, zxi,q represents the topic assigned to word q in document xi, which is

drawn from the topic distribution θxi
. The next step involves assigning words to topics

given the topic assignment, using a word distribution specific to each topic.

wxi,q|zxi,q, βxi,u=zxi,q ∼ Multinomial(βxi,u=zxi,q) (5.8)

In Equation 5.8, wxi,q represents the observed word, while βxi,u refers to the word

distribution for topic u. These steps illustrate how STM integrates document metadata

into the topic modeling process, accounting for the effects of covariates on both the

topic distributions and the specific words within each topic.

5.1.3 Machine Learning for User Generated Feedback

For ML experiments, we consider a training dataset consisting of n labeled examples,

represented as: D = {(xi, yi)}n
i=1, where each instance comprises an input-output pair.

In the context of this chapter, xi denotes the collected textual feedback, while yi repre-
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sents the corresponding target output which could be: a category, summary, or response

to xi.

The objective is to develop a model capable of accurately predicting the target output

ytest for a new test input xtest coming from the same distribution as the training data-

set. This section discusses the methodologies used to train models for classification,

summarization, and question answering using the collected feedback data.

5.1.3.1 Classification

For the classification experiments, the main objective was to assign each piece of textual

feedback to the most probable category. The distribution of categories was presented in

Table 5.1. During classification, categories with fewer than 40 examples were merged

into “Rare categories" category to ensure sufficient representation across training and

testing splits.

Traditional ML techniques were trained from scratch, with their methodology described

in section 2.3, while LLMs were fine-tuned starting from pre-trained weights. The

collected dataset had an uneven distribution of categories, necessitating strategies to

mitigate class imbalance during training and fine-tuning.

To address class imbalance in this chapter, we used undersampling, oversampling, and

cost-sensitive learning. Undersampling reduces the number of samples in the majority

class to match the minority class, while oversampling increases the number of samples

in underrepresented classes to create a more balanced dataset [JK19]. For cost-sensitive

learning, we used weighted CE loss [ZWM19], which assigns different weights to each

class based on its frequency.

Fine-tuning for category classification: Fine-tuning was conducted on pre-trained

LLMs using full 16-bit precision. The models were initialized with pre-trained weights

θ0 and further trained on the collected dataset using supervised learning. The objective

of fine-tuning was to optimize the model by minimizing the weighted CE loss, updating

the pre-trained parameters θ0 to task-specific parameters θ. The corresponding loss

function is provided in Equation 5.9.

Lweighted CE(y, ŷ) = − 1
n

n∑
i=1

nc∑
c=1

wc · yi,c · log(ŷi,c) (5.9)

Here, n is the total number of training examples, nc is the number of possible categories,

yi,c is a binary indicator that takes the value 1 if class c is the correct category for input

xi and 0 otherwise, and ŷi,c is the predicted probability for class c, obtained via softmax

over model logits. The class weight wc is determined based on the frequency fc of class
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c in the dataset defined in Equation 5.10.

wc = n

nc · fc

(5.10)

Fine-tuning iteratively updates θ0 through backpropagation and gradient-based opti-

mization techniques, allowing the model to retain existing knowledge while adapting

to the category classification task.

Prompting for category classification: For category classification, a natural language

prompt was created to define the classification task and outline the relevant categories

for a given text. In the zero-shot prompting approach, no demonstration examples were

provided, as shown in the template in Figure 5.2.

Zero-shot classification prompting template

You have been given a piece of citizen feedback. Assign the feedback to the most

appropriate category from the predefined list based on its main issue.

{List of predefined categories}

Text: {text}

Category:

Figure 5.2: Template for classification with zero-shot prompting. The variables in
brackets are replaced with actual values at inference

In the few-shot prompting approach, demonstration examples were incorporated into

the prompt, as illustrated in Figure 5.3. These examples were selected based on their

semantic similarity to the input text. Experiments were conducted with different num-

bers of demonstration examples, ranging from 1 to 50. Despite the inclusion of these

examples, there were no updates to the model parameters.
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Few-shot classification prompting template

You have been given a piece of citizen feedback. Your task is to categorize the

feedback into one of the predefined categories given below.

{List of predefined categories}

To help you understand the classification criteria, you will first see a few demon-

stration examples illustrating how the feedback should be categorized.

Below are the demonstration examples that serve as a reference for assigning

categories:

{Demonstration examples with text and expected category}

Now, using these examples as guidance, classify the following feedback into the

most appropriate single category.

Text: {text}

Category:

Figure 5.3: Template for classification with few-shot prompting. The variables in brack-
ets are replaced with actual values at inference

The few-shot prompt template including a set of demonstration examples is represented

as: Ic = {IP , s(x1, y1), . . . , s(xr, yr)}, where s(xr, yr) denotes the r-th demonstration ex-

ample pair and IP represents a natural language description of the task. The objective

was to guide the LLM in selecting the most probable category by determining the op-

tion with the highest probability score based on the provided instructions Ic defined in

Equation 5.11.

ŷi = arg max
yi

Pθ(yi | Ic, xi) (5.11)

5.1.3.2 Summarizing and Question Answering

This section describes the methodology used to evaluate the effectiveness of LLMs in

automating the summarization and question answering of citizen feedback. LLMs were

applied to both tasks using prompting and fine-tuning techniques. The instruction tem-

plates for these tasks are shown in Figures 5.4 and 5.5. In these templates, the expected

summary or response was not included during prompting. The inference process fol-

lows a similar approach to the one used in the classification task described in section

5.1.3.1, with the key distinction being that instead of assigning categories, the model

generates summaries or relevant answers to the input text.

For fine-tuning, supervised instruction tuning was used to adapt generative LLMs for

summarization and question answering tasks. Instruction tuning is a form of fine-tuning

that involves continued pre-training on a dataset formatted as instruction-response
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pairs while maintaining the same training objective used during pre-training, specif-

ically NTP. Although this objective remains self-supervised, it differs from the original

NTP because the LLM is additionally constrained to generate correct response to the

given instruction as it generates the next token [ZDL+23].

The initial step in instruction tuning involved structuring the dataset into instruction-

response pairs using predefined templates. In this chapter, similar templates to those

used in prompting were applied, with distinction that the expected output is included

in the prompt for this case. As illustrated in Figure 5.4 for the summarization task, both

the input text and its corresponding summary were provided to the LLM.

Summarization Template

You are provided with text containing textual citizen feedback

Summarize the text capturing the main points

Text: {text}

Summary: {summary}

Figure 5.4: A prompt template for instruction tuning language models in summariza-
tion tasks, where text in {brackets} is replaced with actual feedback, and summaries
are substituted with expert-curated summaries

The same approach used for the summarization task was applied to the question-

answering dataset. The dataset was structured into question-answer pairs following

the template shown in Figure 5.5.

Question Answering Template

Answer the question based on the provided information.

Question: {question}

Answer: {answer}

Figure 5.5: A prompt template for instruction tuning language models in question-
answering tasks, where {question} is replaced with user queries and {answer} with
model-generated or expert-provided responses.

The final processed dataset comprises instruction-response pairs, where each pair Ii

is a single concatenated sequence that includes the instruction, input text, and the

corresponding expected response. The supervised instruction tuning loss function LSIT

is defined in Equation 5.12 [ZDL+23].
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LSIT (Ii, Ri) = − 1
n

n∑
i=1

Ti∑
t=1

log Pθ(Ri,t | Ii, Ri,<t) (5.12)

where θ denotes the parameters of the language model, Ti is the length of the response

sequence, Ri,t is the token at position t in the response, and Ri,<t represents the se-

quence of tokens preceding position t.

The models selected for this task were within the 7 billion parameter range; however,

the available GPU hardware was not sufficient to support fine tuning LLMs at the stan-

dard 16 bit precision. To overcome this constraint, we employed a parameter efficient

fine-tuning technique known as QLoRA [DPHZ23], which combines low rank adapta-

tion, approximating weight matrices using lower rank representations to reduce the

number of trainable parameters, with 4 bit precision quantization, enabling compres-

sion of model weight updates instead of using the typical 16 bit format. This method

strikes a balance between computational efficiency and model performance, reducing

GPU memory requirements by over four times while incurring only minimal accuracy

loss.

5.1.3.3 Training and Implementation Details

For experiments, we implemented various LLMs, selecting a mix of earlier pre-trained

models, generative and discriminative LLMs, as well as modern versions of top perform-

ing models such as LLAMA and Qwen families. The decision to use smaller versions of

LLAMA and Qwen was driven by the need to fine-tune all models in 16-bit precision

for a fair comparison while being constrained by hardware limitations that prevented

fine-tuning models larger than 3 billion parameters in 16-bit precision.

The models used for classification include: BERT, RoBERTa, DistilBERT, DistilRoBERTa,

OPT-125M, OPT-350M, Qwen2-3B, Qwen2-0.5B, LLAMA3-1B, and LLAMA3-3B. Addi-

tionally, traditional ML models, including Decision Trees, Random Forests, GBM, and

SVM, were implemented using the Scikit-Learn library [PVG+11].

For zero-shot and few-shot prompting category classification, the Qwen2-7B model was

chosen for its strong performance among the 7 billion parameter models available at the

time of this research. Its large context window of 1 million tokens made it particularly

suitable for testing with a larger number of few-shot examples, which would not have

been feasible with models that had smaller context limits.

For summarization and question answering we used 3 models: Zephyr-7B, LLAMA2-

7B, Mistral2-7B. These models were selected because they were SoTA among the 7
billion parameter models at the time of experiments. These models were fine-tuned
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with QloRA in 4-bit precision [DPHZ23].

For implementation, the fine-tuning process was primarily conducted using the Hug-

ging Face Transformers library, while prompting and few-shot prompting was carried

out using a combination of Langchain and Transformers. Experiments were conducted

on a single A100 40GB GPU machine hardware. The code, datasets, and hyperpa-

rameters referenced in this chapter are available in the GitHub repository: https:
//github.com/TrustPaul/citzen_feedback_analysis.

5.1.4 Evaluation Setup and Metrics

The performance of various models was evaluated using F1, accuracy, AUC, AUPRC

and GM detailed in section 4.1.3. To evaluate summarization and question answering

tasks, we utilized Recall Oriented Understudy for Gisting Evaluation (ROUGE) which

is specifically designed to evaluate automatic summarization and machine translation.

The ROUGE metric compares an automatically generated summary or translation with

one or more human-produced reference summaries or answers. It includes variants

such as ROUGE-1, ROUGE-2, and ROUGE-L, which measure unigram, bigram, and

longest common subsequence matches respectively with the reference text [Lin04].

Due to the abstractive nature of our summarization and question answering tasks, the

generated summary or answer may not always contain the same n-grams as the refer-

ence summary, even if it conveys a similar meaning. BERTScore was used which lever-

ages pre-trained contextual embeddings from BERT and calculates the cosine similarity

between words in the candidate and reference summaries or answers [ZKW+20].

5.2 Results and Discussion

This section presents the results and discussion of the proposed approaches applied to

citizen feedback data from URA.
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5.2.1 Statistical and Descriptive Analysis

(a) A word cloud whose occurrences in the
text is more than 50 times.

(b) A word cloud whose occurrences in the
text is more than 500 times.

Figure 5.6: Word plots that summarize key words in the textual feedback

We utilized frequency based methods for the descriptive and statistical analysis of tex-

tual feedback to uncover common patterns and topics. Our first discussion involves

word clouds that highlights the most prevalent terms in the dataset. Figure 5.6b is a

word cloud for terms that appear more than 500 times, while Figure 5.6a presents a

word cloud for terms occurring over 50 times. The word size in each cloud is propor-

tional to their frequency in the dataset.

The frequent appearance of terms such as “locked", “password", and “unlock" reflects

common client concerns like system access issues. Similarly, terms like “tax", “number",

and “tin" likely pertain to inquiries about processing and acquiring Tax Identification

Number (TIN).

5.2.2 Topic modeling results

To analyze word distributions beyond basic word frequencies, topic models were ap-

plied for a detailed statistical analysis, details about the methodology are provided in

section 5.1.2.
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Figure 5.7: Diagnostic values to determine the optimal number of topics

Determining the optimal number of topics: Before applying topic models, a key hy-

perparameter that must be determined is the number of topics. Figure 5.7 presents

several diagnostic metrics such as: held-out likelihood, residuals, semantic coherence,

and lower bounds to estimate the optimal number of topics for our data. The held-out

likelihood increases with the number of topics and levels off around 25, while residu-

als decrease as the number of topics grows from 5, stabilizing around 15, suggesting

diminishing improvements in model accuracy beyond this point.

Semantic coherence peaks at 10 topics and declines afterward, indicating that topics

become less coherent and meaningful beyond this point. Although the lower bound

continues to rise, relying on it solely may lead to less interpretable topics. After review-

ing all the metrics, the optimal number of topics is more likely to be between 10 and

15, balancing semantic coherence and model fit. We chose to fit a 13-topic model.
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Figure 5.8: Distribution of words within topics

Topic distributions: Figure 5.8 presents the top 13 topics identified using STM with

metadata included. In the discussion, we use one or two words to label topics for easy

followup during the discussion. The most prevalent topic is Topic 8: Business Pay-

ments & Taxes which relates to business payments and tax issues, with key terms such

as “business", “company", and “pay". The second most prevalent is Topic 4: Account

Access & Credentials which focuses on account access and credential issues, with top

words like “login", “unlock", and “account". Topic 7: Vehicle Transfers & Taxes pertains

to vehicle transfers and associated taxes, while Topic 12: Account Changes revolves

around account changes highlighted by terms such as “email", “account", and “change".

Topic 2: Tax Return & Filing is primarily concerned with tax returns and income filings,

and Topic 6: Password Reset & Requests covers password resets and service requests.

The remaining topics cover various issues, including references and approvals (Topic

5: Application & Submission), Value Added Tax (VAT), payment certificates (Topic 11:

VAT), system errors and client tasks (Topic 3: System Errors & Tasks). The least dis-

cussed topics are Topic 1, which addresses registration, help and logbook issues, and

Topic 10: Amendments & Notices, which deals with amendments and due notices.
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Figure 5.9: Topics associated with inquiries that are resolved at initiation versus those
that are not.

Topics that are more likely to be resolved at initiation: In the next analysis, we

studied how metadata affects topic distributions and examine the differences across

treatment groups within the metadata. Figure 5.9 shows the differences between topics

more likely to be resolved at the initiation stage and those requiring further action. The

horizontal error bars in the graph represent difference in topic proportions for each

effect estimate, with the dashed vertical line at zero as a reference point for no effect.

Topics such as “Topic 1: Help & Registration", “Topic 6: Password Reset & Requests",

“Topic 8: Business Payments & Taxes", and “Topic 12: Account Access & Credentials"

show positive effects, indicating a higher likelihood of resolution at the initiation stage.

These topics are related to account access, password resets, and help requests, which

can often be resolved easily. On the other hand, topics such as “Topic 10: Amendments

& Notices", “Topic 9: TIN & Retrieval Issues", and “Topic 13: Forms & Penalties" have

estimates near zero or negative. This suggests that these inquiries are more likely

to require additional authorization, further information from the individual, or may

experience delays before being resolved.

Efficient Adaptation of Large Language Models
for Digital Media and Government
Applications

82 Paul Trust



5. LARGE LANGUAGE MODELS FOR CITIZEN

FEEDBACK DATA 5.2 Results and Discussion

Figure 5.10: Topics received from Large and Medium tax payers versus the rest of the
tax payers

Topics that are more associated with large and medium tax payers: Figure 5.10

highlights the differences in topics associated with large and medium taxpayers com-

pared to other taxpayers. Topics to the right of the zero line appear more frequently in

inquiries from large and medium taxpayers, while those on the left are more commonly

linked to other taxpayers. Topics such as “Topic 11: VAT" and “Topic 7: Vehicle Transfer

& Taxes" are more often associated with large and medium taxpayers, who typically

raise tax-related concerns rather than issues like password resets.

In contrast, topics like “Topic 8: Business Payments & Taxes", “Topic 9: TIN & Retrieval

Issues", and “Topic 12: Account Changes" tend to be more associated with other tax-

payers. Some topics such as “Topic 1: Help & Registration" and “Topic 2: Tax Return &

Filing", are equally likely to come from either large and medium taxpayers or other tax

payers.
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Figure 5.11: Topics handled by Kampala and Entebbe Stations versus the rest of the
stations

Topics that are more likely to come from capital city locations (Kampala and En-

tebbe): Figure 5.11 illustrates the differences in citizen feedback topics received from

the Kampala and Entebbe stations (capital city stations) compared to other locations.

Topics positioned to the right of the zero line are more likely to have originated from

Kampala and Entebbe, while those on the left are more associated with other stations.

Most topics cluster near the center, indicating that the issues received at Kampala and

Entebbe stations are generally similar to those handled at other stations.

While close to the center, topics like “Topic 1: Help & Registration" and “Topic 5: Appli-

cation & Submission" are slightly more likely to be received from Kampala and Entebbe.

In contrast, “Topic 4: Account Access & Credentials" and “Topic 8: Business Payments &

Taxes" appear more frequently at other stations. Topics such as “Topic 3: System Errors

& Tasks" and “Topic 13: Forms & Penalties" show minimal differences, suggesting these

issues are equally likely to come from any station.

5.2.3 Classification of citizen feedback

This section discusses the results of the proposed ML techniques for automatically clas-

sifying feedback into predefined categories, with their class distributions presented in

Table 5.1.
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5.2.3.1 Citizen Feedback Classification

In Table 5.2, we present the average performance of different models across various

class imbalance handling strategies for category prediction. This task involves a larger

number of classes, with 17 categories, as detailed in Table 5.1. The categories also

have an imbalanced distribution, we implemented multiple strategies to address this

issue, including undersampling, oversampling, and applying weighted CE loss functions

during training and fine-tuning.

Table 5.2: Evaluation metrics: F1, GM, AUC, AUPRC of different Models for category
prediction. FS in this table means Few-shot

Model Accuracy F1 GM AUC AUPRC

Decision Trees 65.61±7.69 53.52±5.09 73.36±0.69 0.5049±0.0013 0.1199±0.0062

Random Forests 78.04±4.12 66.21±3.62 79.95±4.57 0.5854±0.0117 0.1890±0.0089

GBM 76.83±5.14 67.67±3.58 82.03±2.50 0.5427±0.0187 0.1686±0.0106

SVM 79.26±5.79 70.37±4.70 82.56±2.21 0.5721±0.0156 0.1928±0.0113

OPT-125M 82.86±2.71 73.79±2.47 84.73±0.98 0.9620±0.0067 0.7879±0.0161

DistilBERT 83.35±2.01 74.08±1.51 84.87±0.77 0.9634±0.0057 0.7885±0.0112

DistilRoBERTa 83.04±2.31 74.23±2.34 85.13±0.65 0.9593±0.0071 0.7795±0.0082

RoBERTa 83.20±2.17 74.23±1.45 85.44±1.19 0.9593±0.0096 0.7924±0.0088

OPT-350M 83.42±2.54 74.46±1.32 85.24±1.16 0.9577±0.0077 0.7892±0.0193

BERT 83.34±2.48 74.71±2.02 85.84±1.19 0.9606±0.0067 0.7978±0.0114

Qwen2-7B-Prompt 30.50±0.38 33.77±0.72 33.95±1.02 – –

Qwen2-7B-FS 44.62±0.38 61.64±0.72 57.53±1.02 – –

LLAMA3-1B 85.85±0.38 76.10±0.72 84.85±1.02 0.9746±0.0005 0.8280±0.0067

Qwen2-0.5B 84.72±0.37 75.68±0.98 85.56±0.62 0.9709±0.0018 0.8240±0.0065

Qwen2-3B 87.30±0.27 78.92±0.67 88.13±0.63 0.9564±0.0067 0.8057±0.0148

LLAMA3-3B 87.68±0.49 79.81±1.58 88.51±0.62 0.9541±0.0082 0.8084±0.0284

In terms of F1 score, the fine-tuned LLAMA3-3B achieved the highest score at 79.81%,

followed by LLAMA3-1B with 76.10%. Among earlier pre-trained LLMs, OPT-125M per-

formed best with an F1 score of 73.79%, followed by OPT-350M (74.46%) and RoBERTa

(74.23%). Among traditional ML models, SVM achieved the highest F1 score at 70.37%,

followed by GBM (67.67%), while Decision Trees performed the worst with 53.52%. The

lowest overall performance was observed in the zero-shot version of Qwen2-7B, which

achieved an F1 score of 33.77%, followed by its few-shot version with 61.64%.

For GM, LLAMA3-3B achieved the highest value at 85.51%, closely followed by LLAMA3-

1B with 85.40%. Among earlier pre-trained LLMs, RoBERTa performed well with a GM
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of 84.15%, followed by BERT (84.11%) and DistilRoBERTa (84.87%). Among traditional

ML models, SVM had the highest GM at 82.56%, followed by GBM (82.03%), while

Decision Trees had the lowest GM within this category at 73.36%. The zero-shot version

of Qwen2-7B again showed the weakest performance, with a GM of just 33.95%.

Figure 5.12: Box plots showing different strategies to handle class imbalance for cate-
gory classification

Figure 5.12 is a box plot showing the results of various class imbalance handling strate-

gies, measured using GM, during model training or fine-tuning. In this graph, "Custom"

represents models trained with standard CE loss function without specific class imbal-

ance adjustments, while the "Weighted" approach refers to the use of a weighted CE

loss.

Undersampling achieved both the highest maximum and median GM, while the

weighted and oversampling approaches had almost the same median values. The

custom training method showed the lowest median. Overall, applying strategies to

address class imbalance led to improved performance on average.
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Figure 5.13: Line graphs showing how number of demonstration examples varies with
GM

For the few-shot category classification task, we used the Qwen2-7B model, one of

the top-performing models in the 7-billion parameter family, with few-shot examples

ranging from 1 to 50. Figure 5.13 shows the GM under two conditions: one considering

only valid outputs and another treating invalid outputs as incorrect. It is essential to

distinguish between incorrect and invalid outputs; incorrect outputs are valid responses

that are factually wrong, while invalid outputs do not follow the expected format or

structure.

The first observation is that these graphs differ significantly, indicating that the model

produces a large number of invalid outputs. This is expected, as category classification

involves a much higher number of classes compared to category classification, making

it more challenging for the model to generate valid responses.

In this task, increasing the number of demonstration examples leads to a noticeable im-

provement in performance, particularly between 1 and 10 examples, where some fluc-

tuations are observed but the overall trend remains positive. However, after reaching

20 examples, the performance levels off in both graphs, indicating diminishing returns.

This pattern suggests that while few-shot learning provides substantial gains initially,

adding more examples beyond a certain point does not yield further improvement.
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5.2.3.2 Citizen Feedback Summarization

In addition to classifying the collected feedback, summarizing it is a crucial task. Feed-

back can often be lengthy and unclear, making it challenging for the recipient to process

efficiently. Providing a precise summary helps streamline the response process, allow-

ing quicker and more effective communication.

For this task, we utilized the LLMs: Zephyr-7B, Mistral2-7B, and LLAMA2-7B. Since

these are generative models, the focus was on abstractive summarization, where the

summary is generated in a way that captures the essence of the content without directly

extracting specific sections from the original text.

Table 5.3: ROUGE and BERTScore metrics for prompting and fine-tuning approaches
across models for summarization.

Adaptation Model
ROUGE Scores

BERTScore
ROUGE-1 ROUGE-2 ROUGE-L ROUGE-Lsum

Prompting Zephyr-7B 0.1195 0.0355 0.1115 0.1117 0.7087
Prompting LLAMA2-7B 0.1433 0.0501 0.1327 0.1334 0.7369
Prompting Mistral2-7B 0.1705 0.0617 0.1576 0.1577 0.7482

Fine-tuning Zephyr-7B 0.1866 0.0703 0.1777 0.1780 0.7270
Fine-tuning LLAMA2-7B 0.1515 0.0562 0.1408 0.1415 0.7398
Fine-tuning Mistral2-7B 0.3055 0.1248 0.2856 0.2856 0.7771

Table 5.3 presents the summarization performance of the evaluated models using

ROUGE and BERTScore metrics. The fine-tuned models consistently outperformed

their prompt-based counterparts. On average, fine-tuning achieved a ROUGE-1 score

of 0.2145 compared to 0.1444 from prompting, and a ROUGE-L score of 0.2014 versus

0.1340 from prompting.

The best performing model was the fine-tuned Mistral2-7B, achieving a ROUGE-1 score

of 0.3055, ROUGE-L of 0.2856, and a BERTScore 0.7771. For BERTScore, this was fol-

lowed by LLAMA2-7B 0.7398 and Zephyr-7B 0.7270. In terms of ROUGE-Lsum scores,

Zephyr-7B ranked second with 0.1780, followed by LLAMA2-7B with 0.1415.

Among the prompt-based models, Mistral2-7B performed the best, obtaining a ROUGE-

1 score of 0.1705, ROUGE-L of 0.1576, and a BERTScore of 0.7482. In the BERTScore

evaluation, LLAMA2-7B was the second best performing model with 0.7369, followed

by Zephyr-7B with 0.7087. These results indicate that fine-tuning significantly enhances

summarization performance compared to using prompting alone.

Table 5.4 presents the results for the question answering task. Among the fine-tuned

models, Mistral2-7B demonstrated the highest overall performance, achieving a

ROUGE-1 score of 0.2142, ROUGE-2 of 0.0608, ROUGE-L of 0.1549, and ROUGE-Lsum
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Table 5.4: ROUGE and BERTScore metrics for prompting and fine-tuning approaches
across models for Question Answering

Adaptation Model
ROUGE Scores

BERTScore
ROUGE -1 ROUGE -2 ROUGE -L ROUGE-Lsum

Prompting Zephyr-7B 0.1904 0.0376 0.1318 0.1482 0.7413
Prompting LLAMA2-7B 0.1944 0.0339 0.1326 0.1571 0.7473
Prompting Mistral2-7B 0.1935 0.0365 0.1351 0.1539 0.7487

Fine-tuning Zephyr-7B 0.2187 0.0697 0.1657 0.1841 0.7468
Fine-tuning LLAMA2-7B 0.1951 0.0324 0.1316 0.1567 0.7463
Fine-tuning Mistral2-7B 0.2142 0.0608 0.1549 0.1753 0.7556

of 0.1753. It also recorded the highest BERTScore of 0.7556. Zephyr-7B closely fol-

lowed, attaining the highest ROUGE-1 score of 0.2187, along with ROUGE-2 of 0.0697,

ROUGE-L of 0.1657, ROUGE-Lsum of 0.1841, and a BERTScore of 0.7468. Although

fine-tuned LLAMA2-7B had slightly lower ROUGE scores, it remained competitive with

a BERTScore of 0.7463.

Among the prompt-based models, Zephyr-7B achieved the best results with a ROUGE-1

score of 0.1904, ROUGE-2 of 0.0376, ROUGE-L of 0.1318, ROUGE-Lsum of 0.1482, and

a BERTScore of 0.7413. LLAMA2-7B followed closely, recording a BERTScore of 0.7473,

while Mistral2-7B achieved 0.7487. These findings reinforce that fine-tuning improves

question answering performance, following a similar pattern observed in summariza-

tion tasks.

5.3 Conclusion

In this chapter, the focus was on analyzing citizen generated data, in contrast to chapter

4, which examined news articles. We assessed the potential of LLMs in classification,

summarization, and question answering for citizen feedback. The key takeaway from

the classification experiments is that pre-trained LLMs such as BERT and RoBERTa still

outperform traditional ML techniques like SVM, GBM, Decision Trees, and Random

Forests. The latest generative LLMs from the Qwen and LLAMA families achieved the

best results.

Unlike in chapter 4, where LLMs demonstrated reasonable zero-shot performance on

news data, their performance on citizen feedback was significantly lower. This dis-

crepancy may be attributed to the private nature of the citizen data, which is unlikely

to have been included in pre-training, unlike news articles. The inclusion of a few

demonstration examples in the prompts significantly improved performance, with gains

plateauing as more examples were added. The high accuracy achieved through fine-
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tuning indicates that LLMs can be effectively deployed for classifying citizen feedback.

For question answering and summarization, fine-tuning remained the more effective

approach, though the performance gap between prompting and fine-tuning was smal-

ler than in classification. In the next chapter 6, the focus will be on non-parametric

methods to enhance LLM knowledge, specifically RAG and LLM agents, as alternatives

to fine-tuning. These approaches improve the accuracy of LLM responses by integrating

relevant context from documents or external tools within prompts.
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Chapter 6

Large Language Models for Enhanced
Interaction with Government Data
Repositories

In the modern digital landscape, government agencies handle vast amounts of digi-

tal documents from citizens while also publishing information about their services and

policies online to improve transparency and public engagement. However, the sheer

volume of content can be overwhelming for both citizens searching for information

and government employees processing these documents. This chapter evaluates the

potential of unimodal and multimodal LLMs, RAG, and LLM agents in automating the

navigation and management of this extensive information. Additionally, it creates uni-

modal and multimodal datasets for training and evaluating LLMs in this domain, along

with datasets specifically designed to assess the performance of RAG systems and LLM

agents. This chapter is based on the manuscript: Augmenting Large Language Models
for Enhanced Interaction with Government Data Repositories.

6.1 Methods

In this chapter, the objective is to leverage LLMs to generate a response y for a given

user query x. Language models represent probability distributions over probable se-

quences of tokens. For generative LLMs, this probability is typically modeled through

the NTP objective, where each generated token is conditioned on the preceding tokens

and the user query shown in Equation 6.1.

p(y|x) =
n∏

i=1
pθ(yi|y1, ..., yi−1, x) (6.1)
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Figure 6.1: An overview pipeline that combines RAG and LLM agents

During prediction, the LLM utilizes the parametric knowledge stored in its parame-

ters θ, which is acquired during pre-training and can be further refined through post-

training methods such as instruction tuning and preference alignment [TMS+23].

When factual questions fall outside the knowledge encoded in θ, the model often gener-

ates incorrect responses known as hallucinations, regardless of its parametric size. The

conventional approach to updating θ requires re-training the model with new data, a

process that is computationally expensive [DCLT19]. This chapter instead adapts RAG

and LLM agents, which are non-parametric approaches that update the knowledge en-

coded in θ at inference without requiring re-training.

These methods were applied to tasks: question answering, summarization, and the

development of intelligent chatbots that can provide information and answer queries

related to documents from three Irish government websites: the official Irish govern-

ment portal (IRISH), the Citizens Information website, and the HSE information site.

Additionally, the chatbots can process and generate responses based on documents up-

loaded by users.

The process begins with extracting documents from the three websites and dividing

them into smaller, manageable chunks. Different chunk sizes, ranging from 100 to

2000 tokens, were tested with overlaps of 0, 100, and 200 tokens. The assumption is

that introducing overlaps helps maintain continuity, particularly when a document is

split at a point where the next section contains critical information. The same chunking

method is also applied to user-uploaded documents to ensure consistency in processing.

The chunked documents: {d1, ..., dm} are converted into embedding representations,
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denoted as E(di) for each document. Multiple embedding models are evaluated bal-

ancing SoTA performance and computational efficiency, and they include: albert-small-

v2, msmacro-distilbert-dot-v5, all-mpnet-base-v2, all-distilroberta-v1, and bge-base-en-

v1.5.

These embeddings, along with their corresponding text and any extra information,

are stored in a vector database to enable efficient retrieval of relevant information for

answering queries. This chapter utilizes Chroma and Facebook AI Similarity Search

(FAISS) as vector databases, chosen for their speed and open-source availability. Al-

though the main objective is to retrieve the original text rather than the embeddings,

pre-computing and storing embeddings in advance significantly reduces computational

overhead during inference compared to generating them dynamically.

For a user query x, the retriever seeks to find and return the most relevant documents

from the vector database. The process begins by pre-processing the query. This involves

refining unclear or misspelled queries and breaking very long queries into smaller seg-

ments to improve both the relevance and quality of the retrieved results [MGH+23].

After pre-processing, the query is converted into its embedding representation E(x),
which is produced using the same embedding models that were applied to the docu-

ments in the vector database. This ensures consistency between the query and docu-

ment embeddings.

This chapter primarily used similarity search retrieval, which selects documents most

similar to the query in the embedding space, but also tested alternative retrieval meth-

ods including Max Marginal Relevance Retriever [XXL+15] and SVM Retriever [CV95].

The Max Marginal Relevance Retriever selects examples by balancing similarity to the

query while ensuring diversity. It identifies embeddings with the highest cosine sim-

ilarity to the query and iteratively adds them while penalizing those too similar to

previously selected examples. The SVM Retriever applies an SVM to rank and retrieve

the top k document chunks based on their relevance to the query.

For similarity search retrieval, the similarity (S(di, x)) between document di and query

x is measured using the cosine similarity metric, denoted as cos in Equation 6.2. The

top k documents with the highest cosine similarity to the user query are chosen.

S(di, x) = cos(E(di), E(x)) (6.2)

In addition to retrieving the top k documents during the retrieval process, this chap-

ter optionally applies re-ranking to further refine the selection and remove redundant

documents. Re-ranking is aimed to improve the relevance of the retrieved document

chunks by reassessing their importance. For example, if 4 document chunks are re-
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quired, the system initially retrieves the top 20 and then re-ranks them to identify the

most relevant 4, ensuring that the most crucial information is prioritized. Re-ranking is

performed only on the top k retrieved documents rather than the entire dataset because

it is computationally more intensive than the initial retrieval stage. Limiting re-ranking

to only top k documents balances efficiency while improving the accuracy of the final

selection.

Contextualized Late Interaction over BERT (ColBERT) [SKSF+22] is used as a re-ranker.

ColBERT is a late-interaction dual encoder that enhances re-ranking by computing fine-

grained interactions between query tokens and document tokens. Unlike traditional

models that merge token vectors into a single representation, ColBERT retains per-

token representations, allowing for more precise similarity calculations and improving

the relevance of retrieved documents.

The re-ranking process in ColBERT involves encoding both the query x and

each document di, where the tokenized inputs are fed to the ColBERT en-

coder to obtain token-level embeddings. The query embeddings are denoted

as: E(x) = {E(x1), E(x2), . . . , E(xNx)} and the document embeddings as:

E(di) = {E(di1), E(di2), . . . , E(diNd
)}, where Nx and Nd represent the number of

tokens in the query and document, respectively. For each token in the query, the model

computes the Maximum Cosine Similarity (MaxSim) with any token in the document

using the Equation 6.3.

MaxSim(E(xj), E(di)) = max
g

cos(E(xj), E(dig)) (6.3)

where cos(E(xj), E(dig)) represents the cosine similarity between the j-th query token

embedding and the g-th document token embedding. The final relevance score S(x, di)
between the query and the document is obtained by summing the maximum similarities

across all query tokens shown in Equation 6.4.

S(x, di) =
Nx∑
j=1

MaxSim(E(xj), E(di)) (6.4)

By using this token-level late interaction mechanism, ColBERT improves document

ranking by capturing detailed semantic relationships between query and document to-

kens, resulting in more precise retrieval and ranking of relevant documents.

RAG utilizes the top documents with the highest similarity scores or those refined by the

re-ranker as context, incorporating them into the prompt provided to the LLM during

predictions. Consequently, the prediction for the user query x is influenced by the

retrieved context denoted as Rk. Thus, the updated probability decomposition for the
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LLM, conditioned on the retrieved k documents, is given in Equation 6.5.

p(y|x, Rk) =
n∏

i=1
pθ(yi|y1, ..., yi−1, x, Rk) (6.5)

For implementation, we utilized the prompt in Figure 6.2 within our RAG framework.

In this prompt, "context" represents the top k documents obtained from the retrieval

process, while "question" corresponds to the query of interest

Retrieval-Augmented Generation Prompt

Use the following pieces of context to answer the question at the end.

If you don’t know the answer, just say that you don’t know don’t try to make up

an answer.

Context: {context}

Question: {question}

Answer:

Figure 6.2: RAG Prompt template where the values in brackets (context and question)
are replaced with actual values at inference.

6.1.1 Tool Augmented Generation

Since the RAG system requires downloading and indexing documents before LLM gen-

eration, this approach may not be sustainable in the long term. To overcome this limi-

tation, this chapter further employs tool augmented LLMs by utilizing LLM agents that

can access real-time information through search engines, following the framework pro-

posed by Yao et al. (2023) [YZY+23].

When a user submits a query, the LLM first evaluates whether it needs to use external

tools to generate a response or if it can rely solely on its parametric knowledge. To

facilitate structured reasoning while interacting with these tools, the prompt shown in

Figure 6.3 was utilized. The LLM agent had access to two tools: a search engine tool

powered by the DuckDuckGo search API, selected for its free accessibility, and a vector

database tool for retrieving relevant information from the vector database. The prompt

was adapted from a conversational react description agent used in Langchain, guiding

the LLM in systematically deciding whether to use a tool, either the vector database or

the search API, to acquire necessary information.

Additionally, the prompt instructs the model to organize its output into distinct stages,

including thought, action, observation, and final answer, ensuring a structured and

logical reasoning process. This iterative approach continues until the agent generates
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a well informed and relevant response to the user’s query. By following this structured

reasoning framework, the LLM agent can dynamically assess when and how to use

external tools, improving response accuracy and relevance while maintaining a clear

decision making process.
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Tool Augmented Generation Prompt

You are InformationGPT , a language model tha t answers ques t ions by
consu l t i ng your own knowledge , Government documents about p o l i c i e s
and s e r v i c e s , and , i f necessary , performing on l ine searches .

Your dec i s i on process f o r each ques t ion should be :
1 . Check your own knowledge f i r s t .

− I f you are con f iden t you can answer without any ex t e rna l
informat ion , answer immediately without us ing any t o o l s .

2 . I f you are not con f ident or need more d e t a i l s , consu l t the fo l lowing
t o o l s :

− vec tor_database_search : Searches f o r in format ion about government
s e r v i c e s , p o l i c i e s , and updates in a s p e c i a l i z e d vec to r database .

− DuckDuckGo Search : Searches in format ion on the i n t e r n e t out s ide the
vec to r database .

3 . Use the t o o l s in t h i s order :
1 . vec tor_database_search

− I f the database prov ides s u f f i c i e n t in format ion to answer ,
respond using tha t in format ion .
2 . DuckDuckGo Search

− Only use t h i s i f no re l e van t in format ion was found in the
vec tor_database_search .

− I f DuckDuckGo Search prov ides an answer , provide i t .
4 . I f ne i the r the vec to r database nor on l ine search y i e l d s a c l e a r

answer , say : I do not know .
Important :
− You can use more than one t o o l i f you need to confirm the informat ion

from mul t ip l e sources .
To use a tool , format your response as fo l l ows :
Thought : Do I need to use a t o o l ? Yes
Act ion : [ Search or Database ]
Act ion Input : [ input ]
Observat ion : [ r e s u l t ]
When responding to the Human, or i f no t o o l i s needed , use t h i s format :
Thought : Do I need to use a t o o l ? No
AI : [ your response here ]
Begin !
Prev ious conver sa t ion h i s t o r y :
{ c h a t _ h i s t o r y }
New input : { input }
{ agent_scratchpad }

Figure 6.3: Tool Augmented Generation Prompt for the LLM agent
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6.1.2 Data

This section describes the datasets, their sources, and the generation process used

throughout this chapter of the Thesis. While most experiments are based on text only

documents, some also include documents containing both text and images to evaluate

the capabilities of multimodal LLMs. Portions of these datasets were divided into docu-

ment chunks, with some serving as external knowledge stored in a vector database for

the RAG application described in section 6.1. Other chunks were used to create datasets

derived from both synthetic generation and human evaluations, supporting the training

and assessment of LLMs in this domain.

Text Data: Documents were collected from public IRISH government websites to create

training and evaluation datasets. Sources include: the official government publications

portal1, the HSE2, and the Citizens Information website3. These documents cover a

broad spectrum of topics, including government policies, procedures for obtaining of-

ficial documents, and press releases. The first application of these documents was to

segment them into manageable chunks and store them in a vector database, supple-

menting the context provided to LLMs in a RAG system.

The second application of these datasets involved creating instruction tuning datasets

comprising potential questions and answers that citizens might ask based on the pro-

vided information. To generate synthetic datasets, different LLMs were used. One set

of models generated questions, while another set generated answers to those questions.

This approach ensured diversity in both question formulation and response generation,

simulating a realistic range of citizen inquiries.

To minimize hallucinations, the dataset generation process required LLMs to derive

both questions and answers from specific document chunks rather than relying on their

parametric knowledge. Extracted text from government websites was provided as con-

text in the prompt, guiding the LLMs to generate factual responses based strictly on

the given content. The prompt used for this task is detailed in Figure 6.4. This process

resulted in a dataset containing approximately 800,000 question-answer pairs, along

with the corresponding source text. The generated responses were assessed based on

groundedness, relevance, and standalone quality with their description shown in Table

6.1.

A RAG evaluation dataset was created by developing a set of human curated questions.

These questions were designed so that some could be answered using documents stored

in the vector database. Different LLMs were used to generate responses by retrieving

1https://www.gov.ie/
2https://www.hse.ie/
3https://www.citizensinformation.ie
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relevant context from the vector database and incorporating it into the prompt. The

generated responses were then evaluated by a human to determine whether they ade-

quately addressed the question and if they were free from hallucinations.

A total of 260 curated questions were developed across IRISH government publications

and HSE documents. Each question was evaluated using three different models, re-

sulting in a total of 780 test examples. These datasets provide a test set for assessing

the performance of RAG applications, which currently lack widely available evaluation

sets.

Data Generation Prompt

Your task is to generate a factual question and provide an answer using the given

context.

The question should be answerable with a specific, concise piece of factual infor-

mation from the context.

Make sure the question is framed similarly to what users might ask in a search

engine.

Avoid phrases like “according to the passage” or “context” in your question.

Format your response as follows:

Output:

Fact-based question: (your fact-based question)

Answer: (your answer to the fact-based question)

Here is the context.

Context: {context}

Output:

Figure 6.4: Data Generation Prompt template, the context in brackets is replaced by
actual document chunks at inference.

Statistical Graphs: Some government websites contain highly multimodal informa-

tion, such as government reports that integrate extensive visual content alongside text.

To evaluate LLMs for processing such documents, we used reports from the CSO, which

feature a combination of textual data and numerous visual elements. The CSO is an

independent government agency responsible for collecting and disseminating statistical

data related to the Irish economy, society, and various activities. From the CSO web-

site, we collected charts along with their associated textual captions. These captions do

not summarize or interpret the charts; rather, they offer descriptive explanations of the

contents presented in the reports.

To create a visual instruction tuning dataset, we used these textual captions alongside
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text-based LLMs. For each caption, an LLM was prompted to generate relevant ques-

tions and answers based on the provided text, following the same methodology used

for text-based datasets, as shown in Figure 6.4. The key distinction in this process is

that each generated question-answer pair is explicitly linked to its corresponding chart

or report. For simplicity, we focused on single-page reports or charts. This resulted in

a dataset comprising 460 examples, including questions, answers, textual descriptions,

and associated visuals. This dataset provides a resource for training and evaluating

multimodal LLMs for government applications.

6.1.3 Evaluation of the Language Model Generation

In this chapter, generative LLMs are employed to generate responses that are typically

open-ended or abstractive in nature. A major challenge is ensuring the accuracy of these

outputs by filtering out wrong and misleading outputs. This is particularly difficult as

many applications lack definitive ground truth answers for direct comparison. Even

when reference answers are available, LLMs generate free-form text, where different

variations may convey the same meaning. Ideally, human reviewers would verify the

correctness and relevance of the generated responses. However, manual evaluation is

often impractical, especially in production environments where queries can originate

from multiple users simultaneously.

Similarity metrics such as: ROUGE [Lin04] and BLEU [PRWZ02] (see section 5.1.4 for

details), alongside LLM judges [ZCS+23] were used to evaluate different LLM outputs.

For LLM judge evaluation, models are prompted to determine whether the generated

response aligns with the given question, providing a binary “yes" or “no" judgment. In

some instances, LLMs assign a score between 1 and 5, based on how effectively the

response addresses the query, following the evaluation framework outlined in Figure

6.5.
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Answer Evaluation Prompt

Your role is to assess answers submitted by different language models and assign

them scores based on predefined criteria.

Included in this task are a directive (potentially containing an input), an answer

for assessment, an exemplary answer rated at a perfect score of 5, and detailed

scoring guidelines.

1. Offer specific critiques based on the provided scoring guidelines, avoiding

broad judgments.

2. Present a score, ranging from 1 to 5, strictly adhering to the provided scoring

guidelines.

3. Format your feedback as a JSON object with the following structure: ’score’: a

number between 1 and 5.

4. Exclude any introductory or concluding remarks and focus solely on delivering

the score.

The directive for evaluation:

instruction

Answer to assess:

{response}

Exemplary answer:

{reference_answer}

Evaluation Guidelines:

[Assess whether the answer aligns with the exemplary answer in terms of cor-

rectness, precision, and factual content.]

Score 1: The answer is entirely wrong, imprecise, and/or factually incorrect.

Score 2: The answer is predominantly wrong, imprecise, and/or factually incor-

rect.

Score 3: The answer shows partial correctness, precision, and factual content.

Score 4: The answer largely demonstrates correctness, precision, and factual

content.

Score 5: The answer perfectly aligns with correctness, precision, and factual con-

tent.

score:

Figure 6.5: Answer Evaluation Prompt, the values in brackets, response is replaced with
the actual answer generated by the model and reference_answer is replaced with the
ground truth for that question

To evaluate the usefulness of questions generated by LLMs during synthetic data gen-

eration, we focused on three key metrics: relevance, groundedness, and standalone.
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In the context of this chapter of the Thesis, groundedness assesses whether the ques-

tion can be answered from the given context. Relevance evaluates if the generated

questions or answers are relevant to users. Standalone determines if the question is

understandable without any context for someone with domain knowledge [ZCS+23].

These metrics are assessed through the prompts detailed in Table 6.1.

Table 6.1: Overview of the prompts used to evaluate the groundedness, relevance and
standalone of the generated questions.

Evaluation Criteria Prompt Description

Groundedness You will be given a context and a question.

Provide a “score” (1-5) on how well the question

can be answered with the context.

1 = not answerable, 5 = clearly answerable.

Your answer should be in json format: “score”:

(1-5).

No explanations needed.

Question: {question}

Context: {context}

Answer:

Relevance You will be given a question.

Provide a “score” (1-5) on how useful the ques-

tion is for understanding IRISH government ser-

vices.

1 = not useful, 5 = extremely useful.

Answer in json: “score”: (1-5).

No explanations needed.

Question: {question}

Answer:

Standalone You will be given a question.

Provide a “score” (1-5) on how context-

independent the question is.

1 = needs context, 5 = makes sense alone.

Answer in json: “score”: (1-5).

Question: {question}

Answer:

LLM agent and Tool Evaluation: To assess how LLMs interact with external tools, we

curated a tool evaluation dataset comprising of manually crafted questions related to

government services and documents, with a particular focus on current issues. Unlike
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the dataset used for RAG evaluation, this dataset includes a diverse set of question

types such as informational queries, numerical calculations, logical reasoning tasks, and

multi-step problems requiring operations like addition, data aggregation, or retrieving

details from multiple paragraphs within a single document or across different sections

of various documents.

Of the total questions, 63 could be answered using the documents stored in the vector

database, while another 63 required the search tool, since the relevant information was

not present in the vector database but could be obtained from the internet.

These questions were presented to the LLM with structured instructions, as illustrated

in Figure 6.3. The LLM was expected to follow a systematic approach: first assessing

whether the question could be answered using its internal knowledge, then retrieving

information from the vector database if necessary, and finally utilizing the search tool if

no relevant data was found. This process allowed us to capture the reasoning trajectory

of the LLM, including the sequence of actions taken, tools accessed, and their respective

outputs.

Tool usage was evaluated by a human reviewer who analyzed the steps taken by the

LLM agent to determine whether the appropriate tool was selected for each query. This

assessment was independent of whether the tool ultimately led to a correct answer; the

focus was solely on verifying if the LLM invoked the correct tool based on the query

requirements.

6.1.4 Implementation and Language Models Used

This chapter utilized both unimodal and multimodal LLMs, selected based on their

performance, model size, and the availability of detailed technical reports or research

papers describing their training process. Most of the open-source models used belong

to the LLAMA and Mistral families, as other open-source models available at the time

were primarily improvements or fine-tuned versions of these. For closed-source models,

OpenAI’s models and Gemini were primarily used due to their SoTA performance and

extensive adoption within the research community.

The specific versions of the models used in this research can be accessed via Hugging-

face for open-source models and through their respective websites for closed-source

models. These include: LLAMA2-7B, LLAMA2-13B, LLAMA3-8B, LLAMA3-70B, Zephyr-

7B, Mistral2-7B, Mistral3-7B, Mistral2-8X7B, LLAVA-7B, LLAVA-13B, Gemini, GPT-40-

mini, GPT-4, and GPT-3.5-Turbo.

The experiments and systems described in this chapter were implemented using Hug-

gingface Transformers, Langchain, and Streamlit. The LLMs referenced include mainly
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open-source models from the Huggingface platform, along with some closed-source

models from OpenAI used in tool-augmented language models. The source code and

data are available at the github page: https://github.com/TrustPaul/inter_convqa.

6.2 Results and Discussion

This section presents a discussion of results for various models including unimodal

and multimodal LLMs for processing government document publications. It discusses

the effectiveness of different LLM data generators used to create datasets from these

documents. Additionally, it analyzes the performance of RAG systems and LLM agents,

focusing on how different hyper-parameter configurations influence the accuracy of

LLM generated responses in this domain.

Table 6.2: Accuracy scores for different LLM data generators across relevance, ground-
edness, and standalone criteria.

Dataset LLM Data Generator Evaluation Criteria

Groundedness Relevance Standalone

CSO

Mistral2-7B 2.93 20.77 20.77

LLAMA3-8B 75.62 9.03 8.58

Mistral3-7B 4.51 45.37 46.28

HSE

Mistral2-7B 96.88 51.92 51.92

LLAMA3-8B 95.19 48.08 50.98

Mistral3-7B 83.65 65.35 65.12

IRISH

Mistral2-7B 82.00 51.33 52.67

LLAMA3-8B 76.67 52.35 50.00

Mistral3-7B 80.67 59.33 62.00

Accuracy of LLM Generators: Table 6.2 presents the accuracy scores for different LLM

data generators: Mistral2-7B, LLAMA3-8B, and Mistral3-7B across the CSO, HSE, and

IRISH government publications datasets. The generated questions and answers were

evaluated by LLM judges according to three criteria: relevance, groundedness, and

standalone quality, with detailed instructions provided in Table 6.1. Judges assigned

scores on a scale from 1 to 5 for each criterion, and prediction accuracy was defined

as the proportion of responses that received scores of 4 or 5 out of the total number of

responses.

On the CSO dataset, among the LLM data generators, Mistral3-7B achieved the highest

accuracy in relevance and standalone criteria, while LLAMA3-8B had the best score in

groundedness with an accuracy of 75.62%. On the HSE dataset, Mistral2-7B scored

highest in both groundedness and relevance, while Mistral3-7B led in the standalone
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category. For the IRISH dataset, Mistral2-7B had the highest accuracy in groundedness

and standalone, while LLAMA3-8B performed best in relevance.

Across all datasets, the accuracy scores were lower on the CSO dataset compared to

the others. This could be due to the questions being generated from image captions or

descriptions rather than standard text, which may lead to questions that do not reflect

typical information-seeking queries. As a result, the LLM judges may have assigned

lower scores. Among the evaluated metrics, the LLM data generators scored higher on

average in the groundedness criterion. Performance was more balanced across mod-

els in the relevance and standalone criteria. Overall, there was no single model that

consistently outperformed others across all metrics and datasets.

Table 6.3: Accuracy scores from human evaluations, LLM judge assessments, and sim-
ilarity metrics: ROUGE and BLEU for different RAG systems on the IRISH and HSE
datasets.

Dataset Model
Evaluators

Human LLAMA3-8B Mistral2-8X7B Mistral3-7B ROUGE BLEU

IRISH

LLAMA2-7B 79.58 50.32 94.57 98.08 0.5962 0.4564

LLAMA2-13B 90.21 67.74 97.60 95.20 0.7903 0.6615

Mistral2-7B 76.39 52.72 55.91 97.60 0.6111 0.4857

HSE

LLAMA2-7B 81.96 91.73 81.20 94.74 0.5511 0.3989

LLAMA2-13B 96.12 96.99 93.23 97.74 0.7816 0.6156

Mistral2-7B 88.72 96.99 93.98 95.49 0.6936 0.5361

Accuracy of different RAG Systems: For RAG evaluation, a combination of automated

and human evaluations were used to assess the performance of different RAG gener-

ation models: LLAMA2-7B, LLAMA2-13B, and Mistral2-7B. The automated evaluation

involved using LLM judges alongside similarity metrics: BLEU and ROUGE to com-

pare RAG generated responses with reference texts. For LLM judge-based assessments,

accuracy was determined following the same scoring method used for assessing LLM

generators but instead a different prompt shown in Figure 6.5 was used.

On the IRISH dataset, as shown in Table 6.3, LLAMA2-13B demonstrated the best over-

all performance across most evaluators. It achieved the highest human evaluation ac-

curacy of 90.21% and received top scores from two LLM judges: 67.74% from LLAMA3-

8B and 97.60% from Mistral2-8X7B. The only exception was Mistral3-7B, which rated

LLAMA2-7B slightly higher. LLAMA2-13B also achieved the highest similarity scores,

with a ROUGE score of 0.7903 and a BLEU score of 0.6615, indicating strong alignment

between its generated outputs and the reference answers.

Among the models with 7 billion parameters, LLAMA2-7B performed better than

Mistral2-7B in human evaluation, achieving an accuracy of 79.58% compared to
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76.39%, a difference of 3.19%. However, in similarity-based evaluations, Mistral2-7B

scored slightly higher, with a ROUGE score of 0.611 versus 0.5962 and a BLEU score of

0.4857 compared to 0.4564. In the LLM judge evaluation, LLAMA3-8B rated Mistral2-7B

higher at 52.72% compared to 50.32% for LLAMA2-7B, whereas Mistral2-8X7B showed

a preference for LLAMA2-7B, assigning it a score of 94.57% versus 55.91%. In contrast,

Mistral3-7B gave both models nearly identical scores, with ratings close to 98%.

A similar pattern was observed when the models were evaluated on the HSE data-

set, as shown in Table 6.3. LLAMA2-13B demonstrated the highest factual correctness,

achieving a human evaluation accuracy of 96.12%. Among the 7 billion parameter mod-

els, Mistral2-7B outperformed LLAMA2-7B for human evaluation with an accuracy of

88.72% compared to 81.96%. In terms of ROUGE and BLEU scores, LLAMA2-13B again

led with a ROUGE score of 0.7816 and a BLEU score of 0.6156, followed by Mistral2-7B

(ROUGE 0.6936, BLEU 0.5361), with LLAMA2-7B scoring the lowest.

For LLM judge evaluations, LLAMA2-13B consistently achieved the highest accuracy for

most of the evaluators. Among the 7 billion parameter models, Mistral2-7B received the

highest ratings from most LLM judges. LLAMA3-8B assigned Mistral2-7B an accuracy of

88.92% versus 81.96% for LLAMA2-7B, while Mistral2-8X7B rated Mistral2-7B at 93.98%
compared to 81.20% for LLAMA2-7B.

Overall, the models achieved higher accuracy when processing content from the HSE

website compared to the IRISH publications site. This difference in performance may

be related to the type of content on each platform. The IRISH website mainly features

public statements and updates that often include numerical figures, which can vary

over time and makes it harder for models to produce accurate responses. In contrast,

information from the HSE site is more factual and stable, even though it may be up-

dated occasionally. Because this type of health information tends to remain consistent

across time and place, it is likely that some of it is already captured in the models’

parametric knowledge, which helps improve their accuracy on this type of content.
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Figure 6.6: A bar graph showing the influence of an embedding model on RAG accuracy

Influence of the choice of an embeddings model: A wide range of embedding mod-

els are introduced regularly, making it essential to assess their influence on the per-

formance of downstream RAG systems. To investigate this, we conducted experiments

with different embedding models to determine their effect on LLM generation accuracy.

The findings illustrated in Figure 6.6, show that the choice of embedding model may

have a significant influence on performance.

We evaluated five embedding models: albert-small-v2, msmacro-distilbert-dot-v5, all-

mpnet-base-v2, all-distilroberta-v1, and bge-base-en-v1.5. The results showed clear

performance differences between the first three models and the last two. The bge-base-

en-v1.5 model achieved the highest average accuracy of 77.63%, nearly 40% higher

than the lowest performing model, albert-small-v2, which had an accuracy of 37.60%.

The second best performing model, all-distilroberta-v1, attained an accuracy of 75.11%,

followed by all-mpnet-base-v2 at 74.39%. These findings highlight the importance of se-

lecting the most suitable embedding model when designing RAG systems, as it directly

affects the accuracy of generated responses.
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Figure 6.7: A line graph showing the influence of the number documents in a context
on generation accuracy

Influence of the Number of document Chunks: One of the most critical hyper-

parameters in a RAG system is the number of document chunks, as these chunks inject

non-parametric knowledge into the LLM’s context. The number of chunks included in

the context is an essential consideration, as too few chunks may limit the available con-

text, while too many may exceed the model’s processing capabilities. Determining the

optimal number of document chunks is crucial for maximizing accuracy.

Figure 6.7 shows the relationship between generation accuracy and the number of

document chunks in the context. Our experiments tested chunk numbers ranging from

2 to 20, as beyond 20 exceeded the models’ maximum input length. The results show a

positive correlation between the number of document chunks and generation accuracy

up to a certain chunk number tested (20 chunks). The lowest accuracy (55.91%) was

observed with only 2 chunks in the context, while accuracy increased consistently as

more chunks were included, reaching its highest value with 20 chunks.

Nearly every 2-point increase in the number of chunks resulted in improved accuracy.

Further experiments with LLMs that support larger context windows would be valuable

to examine whether this trend continues, stabilizes, or declines at a certain point.
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Figure 6.8: A line graph showing the influence of number of re-rank documents on
generation accuracy

Influence of re-rank Number on Generation Accuracy: Instead of simply selecting

the top k documents for inclusion in the context, an alternative approach is to initially

retrieve more than k documents and then perform a re-ranking step to extract a more

refined subset of the top k. In Figure 6.8, we present the results of experiments de-

signed to evaluate whether this re-ranking strategy provides any improvements in RAG

generation accuracy.

Figure 6.8 is a line graph that shows how different re-rank numbers with a constant

k = 4 in the context affect generation accuracy. The accuracy value of 64.47% at 0
indicates that no re-ranking was applied, serving as our baseline observation. The

best accuracy of 70.01% which was obtained with re-ranking is approximately 6 points

higher than without re-ranking (64.47%).

The generation accuracy of the RAG system improves with higher re-rank numbers.

However, using a re-rank number of 10 to select 4 document chunks results in slightly

lower accuracy compared to not applying re-ranking (63.26% versus 64.47%). Overall,

increasing the re-rank number up to 30 leads to better generation accuracy, showing

that using a higher re-rank number can improve RAG system performance.
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Figure 6.9: A bar graph showing the influence of retrieval method on generation accu-
racy

Influence of the choice of the Retrieval Method: Different retrieval strategies are

used to retrieve document chunks for the RAG system. In this chapter, we compared

four methods: SVM Retriever, Max Marginal Relevance, Similarity Search, and Re-rank

to examine their influence on performance. Figure 6.9 shows a bar graph that presents

the performance differences among these methods.

The results show that Re-rank is the most effective, with an average generation accu-

racy of 67.18%, followed by Similarity Search at 64.04%. The SVM Retriever and Max

Marginal Relevance methods had lower accuracy, with 59.46% and 60.63% respectively,

both close to 60%.
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Figure 6.10: Line graphs showing the influence of Chunk Size and Overlap on genera-
tion accuracy

Influence Chunk Size and Overlap on Generation Accuracy: Before selecting docu-

ment chunks for inclusion in the context, the source document must first be divided

into smaller segments. In designing a RAG system, it is important to determine the

appropriate number of tokens for each chunk. Figure 6.10 presents our analysis of how

chunk size affects the accuracy of RAG outputs. We also examine the role of chunk

overlap, which refers to the number of tokens shared between two consecutive chunks.

The underlying assumption is that overlapping content may help preserve semantic

continuity between adjacent chunks.

The results in Figure 6.10 show that larger chunk sizes generally lead to lower gener-

ation accuracy. As chunk size increases from 100 to 2000 tokens, accuracy decreases

from 75% to 50%, suggesting that smaller chunks are more effective in RAG design. In

addition, greater chunk overlap, tested at 0, 100, and 200 tokens, appears to reduce

generation accuracy, particularly when chunk sizes are large.

Tool selection Accuracy: In Figure 6.11, we present the confusion matrix illustrat-

ing the performance of different LLMs in selecting the appropriate tools. This chapter

focuses on two tools: the vector database and the search engine. Additionally, the con-

fusion matrix includes a "no tool" label, which indicates cases where the LLM relied

solely on its internal parametric knowledge to generate an answer, even though exter-

nal information was required. It is important to note that these values reflect whether

the correct tool was invoked and do not assess whether the final response was accurate.

The values in the confusion matrix represent the actual number of documents in each

category, not accuracy scores. These counts were later converted into accuracy values,
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which are discussed next.

Among the four LLMs evaluated: LLAMA3-8B, LLAMA3-70B, Mistral3-7B, and GPT-40-

mini, LLAMA3-70B achieved the highest tool selection accuracy at 97.61%, followed by

GPT-40-mini and LLAMA3-8B, both with an accuracy of 90.48%. Mistral3-7B had the

lowest performance, achieving 64.29%. A closer examination of the confusion matrix

reveals that GPT-40-mini was the only model that frequently relied on its parametric

knowledge instead of consulting external tools when necessary. Specifically, it answered

ten questions using internal knowledge instead of retrieving information from the vec-

tor database and did the same for two questions that required the search engine. In

contrast, the other LLMs at least attempted to use a tool, even if they selected the

incorrect one.

Analyzing the predicted values for the vector database and search engine, all LLMs

demonstrated high accuracy when selecting the search engine as the correct tool. Even

the lowest-performing model, Mistral3-7B, correctly identified the search engine as the

appropriate tool in 60 out of 63 instances. However, for questions that required the

vector database, most models incorrectly defaulted to using the search engine, except

for GPT-40-mini, which relied on its internal parametric knowledge. These results sug-

gest that, given clear instructions, most LLMs can correctly select the appropriate tools.

However, this evaluation only considered two tools, which may have simplified the

selection process.
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Figure 6.11: Confusion matrix for different modes of tool selection. The values in the
confusion matrix and on the scale represent the number of documents.

Multimodal LLM Results: In addition to the RAG experiments, we evaluated the ability

of LLMs to process and answer questions based on government documents that include

both text and images. The results are based on experiments using multimodal LLMs

applied to reports from the CSO. These experiments used both open and closed source

models: GPT-4-Vision, Gemini, LLAVA-7B, and LLAVA-13B.

To assess the quality of the generated outputs, we employed LLM judges and applied

the same evaluation criteria that was used for assessing RAG responses. While the

generated responses were in text format, the inputs to these models could either be

text only or a combination of text and images.
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Table 6.4: Accuracy scores for different multimodal LLMs evaluated by humans and
different LLM judges.

Multimodal LLM
Evaluators

Human LLAMA3-8B Mistral2-8X7B Mistral3-7B

Gemini 83.26 92.10 81.47 81.70

LLAVA-7B 15.00 62.16 27.03 32.43

LLAVA-13B 21.60 61.80 27.19 32.13

GPT-4-Vision 91.61 99.09 99.55 98.87

Table 6.4 presents the performance of various multimodal LLMs, including accuracy

scores from human evaluations. Among all models, GPT-4-Vision achieved the high-

est performance, with a human evaluation accuracy of 91.61% and approximately 99%
accuracy from all the LLM judges. Gemini ranked second, receiving a human accu-

racy score of 83.26%, 92.10% from the LLAMA3-8B judge, and around 81% from both

Mistral2-8X7B and Mistral2-7B.

The LLAVA models were the lowest-performing multimodal LLMs in our experiments.

Although LLAVA represented the SoTA among open-source multimodal models at the

time, the results reveal a clear performance gap between open-source models like

LLAVA and closed-source models such as GPT-4-Vision and Gemini in multimodal docu-

ment understanding.

Table 6.5: Correlation and agreement metrics (MCC and CK) between different LLM
judges and the human evaluator

Dataset Model MCC CK

IRISH

LLAMA3-8B 0.4157 0.3717
Mistral2-8X7B 0.6264 0.6208

Mistral3-7B 0.4285 0.3904

HSE

LLAMA3-8B 0.0945 0.0873
Mistral2-8X7B 0.1199 0.1187
Mistral3-7B 0.1728 0.1545

Correlation of Different LLM judges with Human Evaluators: Table 6.5 shows the

correlation metrics (MCC and CK) among different LLM judges: LLAMA3-8B, Mistral2-

8X7B, and Mistral3-7B with human evaluations. On the IRISH dataset, Mistral2-8X7B

had the strongest alignment with human judgments, achieving an MCC of 0.6264 and a

CK of 0.6208. Both LLAMA3-8B and Mistral3-7B showed slightly lower but comparable

results.
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In contrast, correlation scores were lower on the HSE dataset. On this dataset, Mistral3-

7B performed best with an MCC of 0.1728 and a CK of 0.1545, while LLAMA3-8B had

the lowest agreement. These results suggest that LLM judges align more closely with

human evaluations on the IRISH dataset than on the HSE dataset.

To measure agreement among the LLM judges themselves, Krippendorff’s Alpha was

used, resulting in 0.5796 for the IRISH dataset and 0.4300 for the HSE dataset. The

moderate correlation with human evaluations and the relatively high agreement among

the judges indicate that these LLM judges can be used to evaluate outputs from other

LLMs.

6.3 Limitations

Many of our experiments and demonstrations used open-source models like those from

LLAMA and Mistral families. While these models may not match the performance of

proprietary ones like GPT-4, accessing the latter’s APIs can be expensive. Smaller ver-

sions of these models may also fail to produce desired outputs during interactions with

LLM agents. Given the rapidly evolving landscape of LLM and continuous updates,

the outputs and behaviors observed in this chapter may vary in future versions of the

models. Some of the evaluations in our experiments were conducted by other LLM

judges, which, while providing a proxy measure of system output accuracy, may not

fully replicate human evaluation.

Lastly, the models used for RAG, LLM agents, and LLM judges generate probabilistic

outputs, which can still be incorrect even when supplemented with external informa-

tion. Therefore, it is important to keep this in mind when relying on their outputs,

as they may contain errors or false information, and their accuracy should be further

verified.

6.4 Conclusion

This chapter examined the potential of SoTA LLMs, including ChatGPT, Mistral, and

LLAMA for summarization and question answering of public sector documents. Several

datasets were curated, either through human annotation or synthetic generation to as-

sess different LLM capabilities in this domain. Extensive experiments were conducted

to develop effective RAG systems for this application. The findings highlight that the

choice of embedding models, re-rankers, retrievers, and other RAG components sig-

nificantly impact performance. The integration of RAG substantially improved LLM

accuracy, with models like LLAMA2-13B achieving up to 90% generation accuracy.
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Earlier versions of LLMs faced challenges in following complex instructions and gener-

ating well-structured outputs when used as LLM agents. Recent models demonstrated

significant improvements in formatting responses and selecting the appropriate tools.

It is worth noting that this research was limited to evaluating only two tools in this

context: a vector database and a search tool.

A significant performance difference was observed between proprietary multimodal

LLMs, such as GPT-4 and Gemini, and open-source counterparts like LLAVA. Although

subsequent versions of open-source models might have narrowed this gap, closed-

source models demonstrated better performance during the evaluation period.

Although the methods applied in this chapter reduced hallucination rates and improved

LLMs’ ability to respond to queries beyond their parametric knowledge, the generated

answers remain probabilistic. Therefore, implementing output guardrails is necessary

to filter out potential hallucinations. These findings underscore the importance of fur-

ther research into hallucination detection techniques, which are the focus of chapter

7.
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Chapter 7

Hallucination Detection in Large
Language Model outputs

LLMs like ChatGPT are increasingly applied across various domains and applications.

However, they can produce confident yet incorrect responses, commonly referred to as

hallucinations, which pose significant risks in scenarios where their outputs are used

to make decisions in senstive applications. Methods such as RAG and LLM agents

reduce hallucination rates by incorporating external knowledge that was not part of

the model’s training data, as discussed in chapter 6. Despite improvements through

these techniques, hallucinations can still occur. Therefore, identifying LLM outputs

containing these hallucinations is essential to prevent the use and dissemination of

misleading outputs from LLMs.

The contributions of this chapter focus on the adaptation and evaluation of two meth-

ods for detecting hallucinations in LLM-generated outputs. The first approach adapts

and assesses the use of hallucination and faithfulness scores to classify hallucinations

in LLM responses generated by a RAG system for public sector documents. The sec-

ond approach proposes weakly supervised learning for hallucination detection in LLM

responses, where hallucination classifiers are trained using labels generated by other

LLMs instead of human annotators. This chapter is based on the manuscript: Weakly
Supervised Distillation Learning for Hallucination Detection.

7.1 Methodology

This section describes the methodology for two scenarios of hallucination detection

proposed in this chapter: scenario 1, based on hallucination and faithfulness scores,

and scenario 2, based on weakly supervised learning. Scenario 1 relies on RAG outputs

generated using the LLM RAG generators discussed in chapter 6, with hallucinations in
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LLM responses classified by a human annotator. Scenario 2 detects hallucinations from

LLM responses without using reference contexts, applying weakly supervised learning

on the Shared-task on Hallucinations and Related Observable Overgeneration Mistakes

(SHROOM) dataset [MZV+24]. The details of the datasets in both scenarios are pro-

vided in section 7.1.3, and the methodology is discussed next.

7.1.1 Hallucination and Faithfulness Scores for Hallucination De-

tection

In this subsection, we discuss the methodology for scenario 1, where the hallucination

score quantifies how much the LLM-generated response contradicts the given context,

while the faithfulness score evaluates whether the claims in the response can be verified

based on the provided information in the context.

To compute these scores, this chapter uses an automatic approach using LLM judges

with detailed instructions given to the judges described in two prompts. The first

prompt shown in Figure 7.1 is designed to guide the LLM judges to detect halluci-

nations by identifying contradictions in the generated response relative to the provided

context.

The LLM judge is given a question (or instructions given to the LLM), an LLM-generated

response, and a set of context sentences, which are derived by segmenting the context

used during RAG into individual sentences. The LLM judge then reviews each context

sentence independently to determine whether the generated response is consistent with

the given information. If the response aligns with the context, the LLM judge outputs

"Yes", otherwise it outputs "No".

Hallucination Score Prompt

Question: {QUESTION}

Answer: {MODEL_ANSWER}

Context (each sentence is a separate entry): {CONTEXT SENTENCES}

For each sentence in the context, decide whether the provided answer is consis-

tent with the sentence. Answer with “Yes” if the answer is consistent and “No” if

the answer contradicts the sentence.

Figure 7.1: Hallucination Score Prompt. Values in curly brackets are replaced with
actual values at inference.

The hallucination score is calculated by determining how often the LLM’s response
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contradicts the provided context. Let Nh be the total number of context sentences

extracted from the original context, and let Ch represent the number of sentences that

contradict the generated answer. A contradiction occurs when the LLM judge labels as

"No". The hallucination score is then calculated using Equation 7.1.

Hallucination Score = Ch

Nh

(7.1)

The hallucination score measures the proportion of context sentences that contradict

the generated responses. A higher hallucination score indicates a greater inconsistency

between the response and the context, reflecting a higher level of hallucination in the

LLM’s response.

The second prompt, shown in Figure 7.2, is used to evaluate the faithfulness of LLM

responses, which assesses whether the claims made in the generated answer are sup-

ported by the given context. The process consists of two steps: First, an LLM judge

extracts individual claims from the response of the LLM under evaluation. Then, it

evaluates each claim against the context and determines whether it is supported, con-

tradicted, or unverifiable. The LLM judge is instructed to respond with “Yes” if the

claim is supported by the context, “No” if it contradicts the context, and “Unverifiable”

if there is insufficient evidence.

Faithfulness Score Prompt

Context: {CONTEXT SENTENCES}

Extracted Claims from Answer: {CLAIMS}

For each claim, decide whether it is supported by the context. Answer with “Yes”

if the claim is supported by the context, “No” if the claim contradicts the context,

and “Unverifiable” if there is insufficient evidence.

Figure 7.2: Faithfulness Score Prompt. Values in curly brackets are replaced with actual
values at inference.

The faithfulness score quantifies the extent to which the claims in the LLM-generated

response are supported by the given context. Let Nf represent the total number of

claims extracted from the response, and let Cf denote the number of truthful claims. A

claim is considered truthful if it is explicitly supported by the context (when the LLM

judge outputs “Yes"). The faithfulness score is calculated using Equation 7.2.

Faithfulness Score = Cf

Nf

(7.2)
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The faithfulness score represents the proportion of claims in the response that align

with the provided context. A higher faithfulness score indicates that most claims are

supported by the context, suggesting that the model has produced a more reliable and

accurate response.

The hallucination and faithfulness scores provide complementary evaluations of LLM

outputs. The hallucination score detects contradictory information in a response, while

the faithfulness score assesses whether the claims made are accurate based on the given

context. A low hallucination score combined with a high faithfulness score indicates

that the model generates reliable responses with minimal factual inconsistencies.

7.1.2 Weakly Supervised Hallucination Detection

The hallucination and faithfulness scores (scenario 1) described in section 7.1.1 rely on

having access to a reference context to be used as a ground truth for verification. While

this assumption is true for RAG applications, it is not applicable to LLMs accessed via

APIs or those generating responses based entirely on their parametric knowledge, as

the ground truth context is not always available for verification.

This subsection describes the methodology for scenario 2, which develops and evaluates

classifiers that detect hallucinations in LLM-generated responses by directly classifying

the LLM response as hallucinated or not, without relying on reference contexts. Instead

of relying on human-curated datasets, this approach uses noisy labels generated by

other LLMs to create training labels for hallucination detection.

The hallucination detection for scenario 2 in this chapter is formulated as a binary clas-

sification task with two possible classes: C = {“Not Hallucination”, “Hallucination”}.

Since the dataset does not contain human curated labels, noisy labels are first gener-

ated using k LLMs, denoted as: λ = {λ1, . . . , λk}. This process follows a structured

prompt shown in Figure 7.3. The prompt contains detailed instructions outlining the

task for each model, including the original input, the correct (gold) answer, and the

LLM-generated response.

Each language model λj assigns a noisy label to each input xi, where λj(x) ∈ {0, 1}.

A label of 1 indicates that the input is hallucinated, while 0 indicates it is not. Given

the k synthetic labels produced by the k LLMs, a single, less noisy aggregated label is

computed, as different LLMs may label the same input xi differently. This is done using

ensemble methods: WAWA, Majority Vote, and Dawid Skene, described in detail in

section 4.1.1.1. Unlike the training data, which is labeled using LLMs, the test dataset

used for evaluation is labeled by human annotators.
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Hallucination Label Generation Prompt

Given the target task (Target), the input passed to the model for generation (In-

put), the intended reference "gold" text that the model ought to generate (True

answer) the actual model production (Generated Answer).

For task, DM means Definition modelling, MT means machine translation and PG

means paraphrase generation.

Task: {task}

Input: {source}

True Answer: {target}

Generated Answer: {model_answer}

Your task is to analyze each Generated Answer comparing it with the True An-

swer to the Input and determine whether it is hallucinated or non-hallucinated.

Hallucinated text often includes factual inaccuracies, irrelevant or loosely related

content to the given topic, fabrications of specific details, or unnecessary repeti-

tion.

Non-hallucinated text, on the other hand, should be coherent, relevant to the

given topic, factually accurate, and free from unnecessary repetition.

Choose from the following labels: [‘hallucination’, ‘not hallucination’]

Figure 7.3: Hallucination Label Generation Prompt. Values in curly brackets are re-
placed with actual values at inference.

7.1.3 Data

In this chapter, two datasets were used for the two scenarios of hallucination detection,

and the class distributions of their test sets are shown in Table 7.1. Both test sets were

labeled by human annotators.

Table 7.1: Class distribution of test datasets labeled by human annotators for the two
hallucination detection scenarios: scenario 1 (based on hallucination and faithfulness
scores) and scenario 2 (based on weakly supervised learning).

Dataset Not Hallucination Hallucination
RAG Responses (Scenario 1) 352 74
SHROOM (Scenario 2) 563 435

In scenario 1, the dataset consists of RAG generated responses from LLMs discussed

in chapter 6: LLAMA2-7B, LLAMA2-13B, and Mistral2-7B. These responses were eval-

uated by a human annotator to determine their accuracy and whether they contained

hallucinations or not. The dataset comprises a total of 142 data points for each of the

LLM RAG generators , all with human annotations. Among these, 113 responses from
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LLAMA2-7B were classified as not hallucinated, while 129 responses from LLAMA2-13B

and 110 from Mistral2-7B were also identified as not hallucinated.

In scenario 2, the dataset is the SHROOM [MZV+24], developed for hallucination de-

tection, that has questions spanning different NLP tasks: Definition Modeling (DM),

Machine Translation (MT) and Paragraph Generation (PG). It includes both develop-

ment and test sets. The training set consists of 30, 000 data points without human

annotations. To create labeled training data, we used LLMs to generate synthetic labels

for this dataset. In contrast, the test set contains human-annotated labels. It includes

999 instances, of which 563 are classified as non-hallucinated and 435 as hallucinated.

7.1.4 Experimental Setup and Metrics

This section describes the experimental setup for the two scenarios of hallucination de-

tection. For scenario 1 (the hallucination and faithfulness score approach) experiments,

LLM judges were selected from SoTA models within the 7B to 8B parameter range avail-

able at the time. The LLMs used are: LLAMA3-8B, Mistral3-7B, and Qwen2-7B. These

models were not fine-tuned for judging; all outputs were generated during inference

using prompting only.

For scenario 2 of hallucination detection (weakly supervised learning), the classifiers

were trained using a selection of models, including: Zephyr-7B, Mistral2-7B, BERT,

and RoBERTa. These models were chosen to provide a mix of smaller architectures

like BERT which provide faster inference while also assessing the effectiveness of large

LLMs like Zephyr-7B and Mistral2-7B, which were among the leading models in the 7B

category at the time of experimentation. Larger LLMs were not included in the training

phase due to hardware constraints.

For inference using prompting (scenario 2), which requires fewer computational re-

sources than fine-tuning, larger models were tested including: LLAMA2-13B, LLAMA2-

70B, and GPT-3.5-Turbo. GPT-3.5-Turbo was specifically chosen as a proprietary non-

open-source model known for its strong performance and cost-efficient inference. The

performance of experiments in both scenarios was assessed using F1 score, accuracy,

and GM, as detailed in section 4.1.3.

7.2 Results and Discussion

This section presents the results of the two hallucination detection approaches pro-

posed in this chapter: hallucination and faithfulness scores (scenario 1) and weakly

supervised learning (scenario 2).
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7.2.1 Hallucination and Faithfulness Scores for Hallucination De-

tection

This subsection presents the discussion of results for scenario 1. The hallucination

score, described in section 7.1.1, measures the proportion of context sentences that

contradict the generated response. The score ranges from 0 to 1; responses with a score

below 0.5 are predicted as not hallucinated, while those with a score of 0.5 or higher

are predicted as hallucinated.

The faithfulness score measures how many claims in the LLM response are supported

by the given context. A score above 0.5 means the response is considered faithful and

predicted as not hallucinated. For more details on how these scores are calculated, see

section 7.1.1. The performance metrics in Table 7.3 are calculated by comparing the

predicted class, based on the thresholds defined for the hallucination and faithfulness

scores, with the human-annotated labels.

Table 7.3: Performance metrics of different LLM judges for hallucination detection on
RAG responses

LLM RAG Generator LLM Judge Hallucination Scores Faithfulness Scores
Accuracy F1 GM Accuracy F1 GM

LLAMA2-13B
LLAMA3-8B 67.50 79.03 81.13 59.53 72.47 50.46
Mistral3-7B 79.29 88.00 83.82 95.48 97.67 42.81
Qwen2-7B 42.64 56.96 62.95 68.45 74.29 39.62

Mistral2-7B
LLAMA3-8B 63.48 74.76 76.86 79.34 91.77 64.61
Mistral3-7B 85.54 91.75 87.93 90.57 94.97 36.42
Qwen2-7B 52.58 64.55 68.54 63.73 73.64 38.26

LLAMA2-7B
LLAMA3-8B 56.91 69.99 73.38 57.79 70.87 36.31
Mistral3-7B 83.24 90.40 84.62 91.34 95.28 38.51
Qwen2-7B 21.97 26.54 34.10 62.31 71.88 47.43

Table 7.3 shows the evaluation results for different LLM RAG generators: LLAMA2-

13B, LLAMA2-7B, and Mistral2-7B. These models were evaluated by three LLM judges:

LLAMA3-8B, Mistral3-7B, and Qwen2-7B. The Hallucination Scores and Faithfulness

Scores columns represent two different approaches to hallucination detection, detailed

in section 7.1.1.

Using the hallucination score approach on LLAMA2-13B RAG responses, Mistral3-7B ac-

hieved the highest GM of 83.83%, followed by LLAMA3-8B with 81.13%, while Qwen2-

7B had the lowest with 62.95%. For the faithfulness score approach, LLAMA3-8B achi-

eved the highest GM of 50.46%, followed by Mistral3-7B with 42.81%, and Qwen2-7B

again the lowest. Although the differences are smaller for faithfulness, all GM values
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are clearly lower compared to those from the hallucination score.

On Mistral2-7B RAG responses, Mistral3-7B again achieved the highest GM on the hal-

lucination score approach at 87.93%, followed by LLAMA3-8B at 76.86%, and Qwen2-7B

at 68.54%. For the faithfulness score, LLAMA3-8B had the highest GM at 64.61%, sig-

nificantly outperforming Mistral3-7B and Qwen2-7B, which scored 36.42% and 38.26%
respectively.

On LLAMA2-7B RAG responses, using the hallucination score approach, Mistral3-7B

achieved the highest GM of 84.62%, followed by LLAMA3-8B at 73.38%, and Qwen2-7B

at 34.10%. In contrast, for the faithfulness score, Qwen2-7B performed best with a GM

of 47.43%, ahead of Mistral3-7B and LLAMA3-8B, which scored 38.51% and 36.31%,

respectively.

Among all LLM judges, Mistral3-7B consistently achieved the highest GM for the hallu-

cination score criteria across all RAG generators. In contrast, results for the faithfulness

score varied, with LLAMA3-8B obtaining the highest GM in two of the three cases.

Overall, the GM values for the faithfulness approach were lower compared to those of

the hallucination approach. This suggests that the hallucination score is more effec-

tive at detecting factual inconsistencies in LLM generated responses compared to the

faithfulness score.

This could be due to the differences in how the two scores are computed. In the faith-

fulness prompt, the model is first required to extract claims from the response and then

verify whether those claims are supported by the context. In contrast, the hallucination

score follows a more straightforward approach, where each sentence in the context is

directly checked for consistency with the response. This makes hallucination detection

a relatively simpler task compared to first identifying claims and then verifying their

validity.

7.2.2 Weakly Supervised Learning for Hallucination Detection

In this subsection, we present the results for scenario 2, which is based on the weakly

supervised hallucination detection approach. Model performance was evaluated ac-

cording to the adaptation method (prompting or fine-tuning), the type of training data

used, and the ensembling strategy applied. The methodology for this evaluation is

detailed in section 7.1.2, using the SHROOM dataset [MZV+24].
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Table 7.4: Comparison of different models for the hallucination detection task under
zero-shot learning with prompting

Model Method Aggregation Accuracy F1

LLAMA2-13B Prompting None 56.41 36.07

Zephyr-7B Prompting None 67.64 60.55

GPT-3.5-Turbo Prompting None 68.34 68.25

LLAMA2-70B Prompting None 75.45 75.35

Zero-shot Prompting: Table 7.4 presents a comparison of different LLMs and their

performance in detecting hallucinations using prompting in a zero-shot setting. The

results show that LLAMA2-70B performed best with an accuracy of 75.45%, followed

by GPT-3.5-Turbo at 68.34%, Zephyr-7B at 67.64%, and LLAMA2-13B with the lowest

accuracy of 56.41%. These results suggest that within the same model family, larger

models tend to achieve better hallucination detection accuracy when using prompting.

An example of this is the 19% accuracy difference between LLAMA2-70B and LLAMA2-

13B, which share the same architecture but differ in size (70 billion parameters versus

13 billion parameters). However, model size does not solely determine performance

across different model types. For instance, Zephyr-7B, with only 7 billion parameters,

outperforms LLAMA2-13B (67.64% versus 56.41%). This may be due to Zephyr-7B’s

additional tuning through direct preference optimization [TBL+23].

Table 7.5: Performance Measures for different Ensemble Techniques

Model Adaptation Technique Training Data Aggregation Accuracy F1

Ensemble Prompting None WAWA 73.45 70.94

Ensemble Prompting None Majority Vote 73.45 70.94

Ensemble Prompting None Dawid-Skene 75.65 75.65

Ensemble Techniques: The influence of different ensembling methods on downstream

performance was evaluated, with results shown in Table 7.5. Among the methods

tested, the Dawid-Skene approach achieved the highest accuracy at 75.65%, while ma-

jority vote and WAWA both reached an accuracy of 73.45%.

When comparing ensemble methods to individual model performance, the findings sug-

gest that ensembling leds to improved accuracy. However, for the best performing

model, LLAMA2-70B, the improvement was minimal, with accuracy increasing from

75.45% to 75.65%, a slight gain of only 0.2 percentage points.
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Table 7.6: Accuracy for different models across different generation tasks: MT, DM and
PG

Model Adaptation Technique MT DM PG Overall

LLAMA2-70B Prompting 82.09 74.87 74.87 75.45

GPT-3.5-Turbo Prompting 75.94 65.51 61.20 68.34

Zephyr-7B Prompting 82.62 51.34 69.60 67.64

RoBERTa Fine-tuning 74.33 66.31 62.40 68.34

Mistral2-7B Fine-tuning 83.96 78.07 74.40 79.17

Zephyr-7B Fine-tuning 85.03 78.07 73.60 79.36

Task Performance: Table 7.6 provides a comparative analysis of different model per-

formances for detecting hallucinations in the three tasks: DM, MT, and PG. The results

highlight variability in performance across these tasks for different models. Models

achieve the highest accuracy in the MT task at 85.03%, followed by DM at 78.07%, while

the lowest performance is observed in PG at 79.36%. Among the evaluated models,

LLAMA2-70B is the best performing model across all tasks when used in a prompting

setting.

In the MT task, LLAMA2-70B and Zephyr-7B show similar performance in the prompt-

ing setting, though Zephyr-7B experiences a drop in accuracy in the DM task. During

fine-tuning, Zephyr-7B and Mistral2-7B perform comparably in DM, while Zephyr-7B

outperforms Mistral2-7B in MT (85.03% versus 83.96%). On the other hand, Mistral2-

7B performs slightly better than Zephyr-7B in PG (74.40% versus 73.60%).
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Figure 7.4: Box plots illustrating the accuracy of fine-tuning and prompting adaptation
methods.

Prompting versus fine-tuning: Figure 7.4 shows that fine-tuning on weakly labeled

data improves model performance. Fine-tuned models achieved a median accuracy of

74.01%, surpassing the median accuracy of 70.98% for models that used only prompting.

From Table 7.6, the fine-tuned versions of Mistral2-7B and Zephyr-7B outperformed

models that relied solely on prompting, including LLAMA2-70B and LLAMA2-13B.

Zephyr-7B achieved the highest accuracy of 79.66% and an F1 score of 79.37%, wh-

ich is a 12% increase over its zero-shot prompting accuracy of 67.63%. The fine-tuned

Zephyr-7B also outperformed LLAMA2-70B, the top prompting model (79.66% versus

75.45%). These findings show that fine-tuning, even with weakly labeled data, can

enhance model performance beyond what is possible with prompting alone.
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Figure 7.5: Accuracy for Model fine-tuned on Data generated by different Hallucination
Label Generators

Hallucination Label Generator: We conducted additional evaluations to examine how

different hallucination label generators influence the performance of fine-tuned models.

Figure 7.5 shows the accuracy of models fine-tuned on data labeled by various gener-

ators. The lowest accuracy was observed with zero-shot prompting alone at 70.98%.

Accuracy slightly improved with labels from GPT-3.5-Turbo at 71.04%, followed by

Zephyr-7B at 72.64%. The best performance was achieved using labels generated by

an ensemble of models, reaching 75.75%. These results suggest that hallucination la-

bel generators with higher a zero-shot performance tend to produce training data that

leads to better fine-tuned models.

Even when a model generates its own training labels and is then fine-tuned on that data,

performance improves. For example, Zephyr-7B reaches 72.84% accuracy in a zero-

shot setting, but when fine-tuned on its self-generated labels, the accuracy increases to

76.85%, a gain of 4.01%. A similar trend is seen with Mistral2-7B, which, when trained

on labels from GPT-3.5-Turbo, performs better than GPT-3.5-Turbo itself (75.35% versus

68.33%). This improvement is likely due to the fine-tuning process helping the model

learn task-specific patterns, rather than relying on any extra information in the training

data.
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7.3 Conclusion

In this chapter, we analyzed two scenarios for hallucination detection: one designed for

scenarios where a source context is available, such as in RAG and LLM agents (scenario

1), and another that identifies hallucinations directly from LLM responses (scenario 2).

In scenario 1, we evaluated two scoring methods: the hallucination score, which checks

how many context sentences contradict the generated response, and the faithfulness

score, which measures how many claims in the response are supported by the con-

text. The results showed that the hallucination score was more effective at detecting

inconsistencies, even though both scores aim to identify the same problem using differ-

ent methods. Among the LLM judges evaluated, Mistral3-7B achieved the highest GM

across all LLM RAG generators using the hallucination score approach. However, in the

faithfulness score approach, LLAMA3-8B performed best in two out of the three LLM

RAG generator responses.

In the scenario 2, fine-tuning improved performance even when using noisy labels gen-

erated by other LLMs. One observation was that when an LLM generated training data

and was subsequently fine-tuned on the same data, its performance surpassed that of

its original zero-shot prompting. These findings suggest that weak labels from LLMs

can serve as a viable alternative for training hallucination classifiers, particularly when

human annotations are unavailable or expensive to obtain. However, even after fil-

tering out potential hallucinations, LLM responses must still be verified for accuracy,

especially in sensitive applications.
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Chapter 8

Conclusion and Future Work

The key contributions of this Thesis lie in the adaptation of LLMs for analyzing digital

media and government publication documents. The rapid growth of unstructured data

due to digital transformation raised the question of whether NLP advancements such as

LLMs, which have largely benefited the private sector, could also be effectively applied

in the public sector. Although public sector organizations have considerable resources,

they often allocate limited funding to ML training and infrastructure. This Thesis exa-

mined how LLMs can be implemented cost efficiently in these domains, the challenges

involved in their adoption, and potential solutions.

Three applications in the public sector were studied to address the research questions

raised in this Thesis. The first focused on classifying news articles to support the con-

struction of EPU index for monitoring economic trends. The second examined the

analysis of citizen feedback in a government organization, assessing the effectiveness of

LLMs in classification, summarization, and question answering. The third investigated

the use of LLMs for summarizing and responding to queries about extensive govern-

ment documents, adapting SoTA approaches such as RAG, LLM agents, and multimodal

LLMs. The conclusions derived from the experiments conducted in these applications

are discussed next.

8.1 Conclusions

Chapter 4 adapts LLMs in the public sector for economic monitoring, using news articles

as indicators to measure EPU. This chapter is focused on the identification stage, where

automated approaches based on LLMs are proposed for classifying news articles that

describe EPU and identifying different EPU categories. The experiments conducted in

the chapter aimed to address the second research objective: assessing whether cost

effective labeling sources such as synthetic labels, could be used to fine-tune LLMs for
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downstream tasks instead of relying on human annotations.

Experimental results showed that while models trained on human labeled data achi-

eved better classification performance, the difference in performance between these

models and those fine-tuned with LLM generated labels was relatively small. Given the

high cost and time constraints of human annotation, LLM generated data presents a

practical and cost-effective alternative for developing EPU classifiers.

Additionally, certain LLMs, particularly those with a large number of parameters, ex-

hibited strong zero-shot performance. However, their high inference costs make them

impractical for continuous deployment. A more feasible approach is to utilize these

models as label generators, producing training labels that can be used to fine-tune

smaller, more efficient models. Furthermore, aggregation techniques enhanced model

performance and reduced noise in the generated labels. These findings support the

research question by demonstrating that synthetic labels can provide a viable starting

point for adapting LLMs in this application.

Chapter 5 investigated automated methods for analyzing unstructured citizen feedback.

The approaches studied include unsupervised ML techniques such as topic models, to

identify patterns within the data. Additionally, the chapter evaluated ML techniques for

automatically classifying textual feedback into different categories, as well as generat-

ing summaries and answering questions related to citizen feedback. The experiments

conducted in this chapter aimed to address the third research question, which focused

on how LLMs can improve the processing and utilization of unstructured citizen feed-

back in government organizations.

For category citizen feedback classification, the results demonstrated that pre-trained

LLMs significantly outperformed traditional ML models, with the latest generative mod-

els from the Qwen and LLAMA LLM families achieving the highest performance. The

performance gap between fine-tuning and prompting was considerably large for classi-

fication tasks. However, for question answering and summarization, while fine-tuning

remained the more effective approach, the difference in performance between prompt-

ing and fine-tuning was smaller compared to classification. The high performance ac-

hieved by these LLMs indicates their effectiveness in classifying citizen feedback and

summarizing lengthy responses for better clarity. However, for question answering,

RAG or LLM agent-based approaches may be more suitable than fine-tuning, as ques-

tions are dynamic, making it challenging to encode all relevant information during

fine-tuning.

In chapter 6, various techniques including RAG, LLM agents, and multimodal LLMs,

were evaluated for their effectiveness in summarization and question answering of

public sector documents. Chapter 7 expands on this work by studying hallucination
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detection in LLM outputs using two approaches: one that verifies responses against a

reference context, and another that detects hallucinations based only on the LLM re-

sponses. The experiments conducted in these chapters aimed to address the research

questions: whether LLMs can function as language assistants to process and streamline

information retrieval from government documents and websites, and the primary chal-

lenges AI professionals encounter when adapting current models to specific applications

effectively.

Several datasets were curated through human annotation and synthetic generation to

evaluate different LLM capabilities in this domain. Extensive experiments were con-

ducted to develop effective RAG systems, revealing what choices of embedding models,

re-rankers, retrievers, and other RAG components significantly influence downstream

performance. The integration of RAG substantially enhanced LLM accuracy. Among the

multimodal LLMs assessed, a clear performance gap was observed between proprietary

models like GPT-4 and Gemini and open-source alternatives such as LLAVA. For tool use

selection, LLMs had a high detection accuracy on the choice of tool for a given question,

though the experiments conducted in this Thesis were only limited to two tools: vector

database and search tool.

Although the methods applied in this chapter reduced hallucination rates and improved

LLMs’ ability to respond to queries beyond their parametric knowledge, the generated

responses are still probabilistic and may contain errors. This remains one of the biggest

barriers to adoption of LLMs in these domains. To mitigate potential inaccuracies, im-

plementing output guardrails is essential. However, even after filtering hallucinations,

LLM generated responses must be verified for accuracy, particularly in sensitive appli-

cations where misinformation could have significant consequences.

8.2 Future Work

Chapter 6 evaluated multimodal LLMs for processing documents, particularly statistical

reports that combine visual and textual elements. However, this Thesis focused on pro-

cessing simple one-page or short multi-page reports without incorporating multimodal

information during retrieval. Future research could explore integrating visual compo-

nents into RAG systems, particularly at the retrieval stage, to enhance the selection of

relevant document chunks by considering both visual and textual content.

Additionally, in this Thesis, LLM agents were assessed based on their ability to select

appropriate tools. As their adoption grows, future research could extend beyond tool

selection to analyze the agent’s reasoning trajectory, evaluating whether the actions

taken were appropriate and whether the retrieved information was accurate. This could
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improve system reliability and facilitate debugging for more effective deployment.

In chapter 7, hallucination detection methods were evaluated, primarily leveraging

prompt-based techniques or fine-tuning with either human annotations or synthetic la-

bels. However, implementing these approaches in deployed applications can be costly

and time intensive, as they require additional LLM calls, increasing latency. Future

research could focus on detecting hallucinations directly from LLM outputs without re-

lying on external classifiers. This could involve analyzing token probabilities or internal

model states linked to hallucinations. Examining statistical differences in token distri-

bution between hallucinated and factual statements may offer insights into developing

automatic hallucination detection methods that directly utilize these distributional vari-

ations.

The models evaluated in this Thesis primarily consisted of traditional ML techniques,

pre-trained LLMs, and models that had undergone instruction tuning or preference

alignment. Towards the final stages of this Thesis, a new generation of reasoning-

focused models such as OpenAI’s o1 and Deepseek-R1 [GYZ+25] emerged. These

models integrate reinforcement learning techniques to enhance logical reasoning by

incorporating CoT processes even during pre-training, resulting in improved reasoning

abilities and overall performance compared to many models examined in this Thesis.

Future research could explore whether substituting the LLMs used in this Thesis with

these newer models yields substantial performance gains in the applications studied.
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