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RESUME

L’acces a l'information est un besoin humain fondamental. Dans le monde actuel axé sur
les données, la croissance exponentielle de 'information a créé une demande critique pour
des systemes capables de récupérer efficacement des données pertinentes. Les systémes de
recherche d’information (Information Retrieval, IR) et les systémes de recommandation ont
émergé comme des solutions clés, permettant aux utilisateurs d’accéder a du contenu per-
tinent et de recevoir des recommandations personnalisées. Cette these vise a améliorer ces
systemes en abordant deux défis majeurs : améliorer I'explicabilité des systemes de recom-
mandation et optimiser le re-rank dans les systemes IR a I’aide de modeles de langage avancés
(Large Language Models, LLMs).

La premieére partie de cette thése met ’accent sur 'importance de I'explicabilité dans les sys-
temes de recommandation pour renforcer la confiance des utilisateurs, leur satisfaction et leur
prise de décision. Elle présente un systeme de recommandation explicable innovant développé
pour un partenaire aérien, qui génere non seulement des recommandations personnalisées de
destinations, mais fournit également des explications claires basées sur des caractéristiques
pour chaque suggestion. En mettant en avant la transparence et l'explicabilité, ce systeme
permet aux utilisateurs de comprendre les raisons derriere ses recommandations, comblant

ainsi le fossé entre des algorithmes complexes et la compréhension des utilisateurs.

La deuxieme partie de cette theése explore les problemes de classement dans les systemes
IR, ou l'efficacité des résultats classés affecte directement la satisfaction des utilisateurs et
les performances du systeme. Les LLMs ont suscité un grand intérét en raison de leurs
puissantes capacités de compréhension et de génération de texte. Des études récentes ont
exploité les LLMs pour le re-classement de passages en mode zéro-shot dans les systemes IR,
utilisant diverses approches, notamment les méthodes pointwise et listwise. Dans ’approche
pointwise, le LLM génere un score de pertinence pour chaque passage par rapport a la requéte,
indépendamment des autres passages. En revanche, dans ’approche listwise, le LLM génere
une liste classée des étiquettes de documents en fonction de leur pertinence par rapport a la

requéte.

Cette these propose une étape préliminaire de filtrage basée sur un LLM en mode pointwise
pour identifier les passages pertinents et non pertinents avant le processus de re-classement,
dans le but d’améliorer les performances des re-rankers listwise dans les systemes IR. Cette
approche repose sur une technique avancée de conception de prompts appelée Plan-and-Solve.

De plus, cette these conduit une étude empirique pour examiner le role de la cohérence interne
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(self-consistency) et de 'élicitation de confiance dans I'amélioration des performances des re-
rankers pointwise basés sur les LLMs, en affinant la pertinence et la précision des résultats

classés.

Nous constatons qu’en utilisant un petit nombre de scores de pertinence générés par des
humains, associés aux scores de pertinence générés par les LLMs, il est possible d’éliminer
efficacement les passages non pertinents avant le re-classement. Nos expériences montrent
également que ce filtrage préliminaire basé sur un LLM en mode pointwise permet au LLM
d’améliorer ses performances dans les taches de re-classement en mode zéro-shot. En outre,
nos résultats révelent que ’élicitation de confiance peut améliorer les performances des re-
rankers pointwise basés sur les LLMs en mode zéro-shot. Notamment, la fréquence brute des
réponses d'un LLM dans le re-classement pointwise est moins utile que les scores de confiance

obtenus a partir de ces réponses.
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ABSTRACT

Access to information is a fundamental human need. In today’s data-driven world, the expo-
nential growth of information has created a critical demand for systems that can efficiently
retrieve relevant data. Information Retrieval (IR) systems and Recommender Systems have
emerged as key solutions, enabling users to access relevant content and receive personalized
recommendations. This thesis aims to improve these systems by addressing two major chal-
lenges: enhancing explainability in recommender systems and improving re-ranking in IR

systems using Large Language Models (LLMs).

The first part of this thesis focuses on the importance of explainability in recommender
systems to improve user trust, satisfaction, and decision-making. It introduces a novel ex-
plainable recommender system developed for an airline partner, which not only generates
personalized destination recommendations but also provides clear, feature-based explana-
tions for each suggestion. By prioritizing transparency and explainability, the system allows
users to understand the rationale behind its recommendations, thereby bridging the gap

between complex algorithms and user comprehension.

The second part of this thesis explores ranking problems in IR systems, where the effective-
ness of the ranked results directly affects user satisfaction and system performance. LLMs
have gained significant attention for their strong text understanding and generation capabil-
ities. Recent studies have leveraged LLMs for zero-shot passage re-ranking in IR systems,
employing various methods, including pointwise and listwise approaches. In the pointwise
approach, the LLM generates a relevance score for each passage concerning the query, re-
gardless of the other passages. In contrast, in the listwise approach, the LLM generates a
ranked list of document labels based on their relevance to the query. This thesis proposes
an LLM-based pointwise pre-filtering step to identify relevant and non-relevant passages be-
fore the re-ranking process, aiming to enhance the performance of listwise re-rankers in IR
systems. This approach is based on the advanced prompt engineering technique known as
Plan-and-Solve. Additionally, this thesis conducts an empirical study to investigate the role
of self-consistency and confidence elicitation in improving the performance of LLM-based

pointwise re-rankers by refining the relevance and accuracy of ranked results.

We find that by using a small number of human-generated relevance scores, coupled with
LLM relevance scoring, it is effectively possible to filter out irrelevant passages before re-
ranking. Our experiments also show that this LLM-based pointwise pre-filtering then allows

the LLM to perform better at zero-shot re-ranking tasks. In addition, our results reveal that
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confidence elicitation can enhance the performance of LLM-based pointwise zero-shot passage
re-rankers. Notably, the raw frequency of answers from an LLM in pointwise re-ranking is

less useful than the confidence scores elicited from them.
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CHAPTER 1 INTRODUCTION

Access to information is a fundamental human need in daily life. In a fast-paced, data-driven
world, the volume of information available to individuals has grown exponentially. This
rise in information has created a demand for efficient systems that enable users to retrieve
relevant data quickly and accurately. To address this need, numerous Information Retrieval
(IR) systems have been developed, each designed to bridge the gap between the query of
a user and the information repository [1]. The core functionality of an IR system lies in
its ability to determine the relevance of a piece of content—be it text, images, audio, or
video—to a user-issued query. By doing so, these systems ensure that users can efficiently

access the most pertinent data to fulfill their informational needs.

Among the wide array of applications enabled by IR systems, recommender systems [2]
stand out as critical tools for personalizing the user experience. By analyzing user behavior,
preferences, and historical interactions, recommender systems generate suggestions tailored
to individual users. These systems have become widespread, serving as the backbone of
platforms such as e-commerce websites [3], tourism [4], and job matching applications [5].
Their primary goal is to assist users in navigating vast collections of items, whether these
are products, media content, or potential travel destinations, by providing a curated list of

recommendations.

Over the years, many research has focused on advancing recommender systems, resulting in
the development of various specialized models tailored to specific domains and objectives. A
significant emerging trend within this field is the focus on Explainability. As users become
increasingly conscious of the decisions made by automated systems, there is a growing demand
for transparency and accountability. Explainable Recommender Systems [2] address this need
by providing users with clear and interpretable explanations of why certain recommendations
were made. These explanations enhance user trust, facilitate informed decision-making, and

improve the overall user experience.

To achieve explainability, different methodologies have been incorporated into the design of
recommender systems [2]. These approaches ensure that the internal processes and outputs of
the system are interpretable, offering users insights into how their preferences and behaviors
influenced the recommendations. In this thesis, Chapter 4 is dedicated to designing and im-
plementing an explainable recommender system for an airline partner. The proposed system
not only generates personalized destination recommendations but also provides feature-based

explanations to clarify its decisions. Additionally, the system highlights the importance of



a re-ranking module, leading us to consider its critical role in improving the relevance and
ordering of recommendations to the users. A well-designed recommender system should pro-
vide a ranked list of items that best align with the preferences, history, and explicit requests
of the users. Despite its importance, ranking remains a challenging problem due to the need

to balance various factors such as accuracy, diversity, and computational efficiency.

The problem of ranking is fundamental to IR systems [6]. In ranking tasks, a ranking model
(or function) is employed to generate an ordered list from a given set of objects, where the
relative order of objects reflects their degrees of relevance, preference, or importance, depend-
ing on the specific application. With the recent advancements in LLMs [7], new methods
have emerged to address ranking problems in IR systems. LLMs, based on the Transformer
architecture [8], demonstrate significant capabilities in understanding and generating natural
language, making them highly effective for tasks that require deep semantic understanding,

such as re-ranking in IR systems.

Consequently, researchers have been exploring the integration of LLMs as zero-shot re-
rankers [9-12], leveraging their ability to refine initial retrieval results by considering nuanced
semantic relationships and contextual details. The use of LLMs in zero-shot ranking tasks
can generally be categorized into four main approaches: Pointwise [9,13], Listwise [10, 14],
Pairwise [12], and Setwise [11].

Pointwise approaches focus on evaluating individual passage in relation to a query. Two
popular pointwise methods include generation-based and likelihood-based approaches. In the
generation-based approach, an LLM determines relevance through a “yes/no” task, ranking
documents based on the likelihood of generating a “yes” response [15,16]. Likelihood-based
approaches, such as Query Likelihood Modeling (QLM) [13], involve an LLM generating a
relevant query for a document and ranking documents based on the likelihood of reproducing

that query.

In contrast, listwise approaches [10] consider a list of candidate documents in relation to a
given query. In this approach, the LLM is asked to generate a ranked list of documents based

on their relevance to the query.

In Chapter 5, a novel pointwise pre-filtering step is proposed, which uses a LLM to identify
relevant and non-relevant passages before they are passed to a listwise re-ranker. The pre-
filtering step aims to reduce the number of irrelevant passages sent to the LLM, thereby
enhancing the overall performance of the re-ranker. This method is based on the Plan-and-
Solve [17] prompt engineering technique, which guides the LLM by introducing a planning

stage before the solving process.



Furthermore, Chapter 6 presents an empirical study to investigate the role of self-consistency
and confidence elicitation in LLM-based pointwise re-rankers. This chapter investigates the
effect of self-consistency [18], which involves sampling multiple and diverse reasoning paths
and selecting the most consistent answer, on LLM-based pointwise re-rankers. Additionally,
the impact of confidence elicitation [19], the process of estimating the confidence of LLM in

its responses without model fine-tuning or accessing internal information, is also evaluated.

1.1 Thesis Organization

The structure of this thesis is as follows:

e Chapter 2
This chapter provides foundational concepts and definitions related to Information

Retrieval and recommender systems.

o Chapter 3
This chapter surveys recent advancements in IR and recommender systems, focusing
on explainability and the role of LLMs in ranking tasks. State-of-the-art techniques

and their limitations are discussed to identify gaps in the existing research.

e Chapter 4
In this chapter, the design and implementation of an explainable recommender system
for an airline partner are presented. The system provides feature-based explanations

for its recommendations which make them more transparent and clear.

e Chapter 5
This chapter introduces a new pre-filtering step, before re-rankers, to enhance the
performance of IR systems. The proposed method employs planning and devising

prompting techniques to refine the ranking process.

o Chapter 6
This chapter explores the role of confidence elicitation and self-consistency in pointwise
approaches for LLM-based re-ranking. Through empirical studies, the impact of these
techniques on ranking effectiveness is evaluated, and strategies for further improvement

are proposed.

In summary, this thesis contributes to advancing IR and recommender systems by integrating

explainability into recommender systems and leveraging the capabilities of LLMs for improv-



ing re-ranking tasks. These contributions aim to enhance user satisfaction, transparency, and

trust in modern information systems.



CHAPTER 2 BACKGROUND

In this chapter, we introduce the foundational concepts and techniques commonly employed
in Information Retrieval (IR) systems. First, we provide an overview of the core principles
that define IR, including its typical architecture and how components interact within the
system. Then, we explain fundamental metrics and datasets to evaluate the efficiency of
the IR systems. Finally, we describe two widely used ranking algorithms, TF-IDF (Term
Frequency-Inverse Document Frequency) and BM25, which play a crucial role in evaluating
and ranking document relevance. These algorithms serve as primary tools in IR, forming the

basis for determining how well a document matches a user query.

2.1 Core Definitions in IR Systems

All of the definitions in this section are taken from the study [20].

Information retrieval involves finding content—typically unstructured text documents—that
meets a specific information need within large collections of data, generally stored on com-

puter systems.
An information need refers to the subject that the user wants to learn more about.

In IR systems, documents refers to the different units that have been selected for the retrieval
system. These could be single memos or sections of a book. The group of documents used
for retrieval will be called the (document) collection. It is also commonly known as a corpus,

which is a collection of texts.

A query represents the attempt of the user to communicate their information needs to the

computer.

A document is considered relevant if the user believes it holds valuable information related

to their specific information need.

The vector space model represents a set of documents as vectors within a common vec-
tor space. This model is essential for various information retrieval tasks, including scoring

documents in response to a query, classifying documents, and clustering documents.

A standard method for measuring the similarity between two documents d; and dsy is to
compute the cosine similarity of their vector representations V (dy) and V (dy). This is defined

as:



sim(dl, dg) =

I

V(dy) - V(dy)
|V (d))||V (da)]

where the numerator V(dy) - V(dy) denotes the dot product (or inner product) of the vectors
V(dy) and V(d,), and the denominator represents the product of their Euclidean lengths.
The dot product & - i of two vectors is calculated as M, a;1;, where M is the number of
components in the vectors. For a document d with vector representation V(d) consisting of

components V;(d), ..., Va(d), the Euclidean length of d is given by:

The denominator in the cosine similarity formula normalizes the vectors V(d;) and V (dy) to

unit vectors, making the similarity score independent of vector length.

2.2 Metrics and Datasets for Evaluating IR Systems

Two fundamental metrics for evaluating the effectiveness of an IR system are precision and
recall. These metrics are first defined for the case where an IR system returns a set of

documents in response to a query.

Precision (P) is the fraction of retrieved documents that are relevant to the query, calculated

as:

#(relevant items retrieved)

Precision = = P(relevant|retrieved).

# (retrieved items)

Recall (R) is the fraction of all relevant documents that have been retrieved, defined as:

Recall = #(relevant items retrieved)

= P(retrieved|relevant).
#(relevant items) ( |relevant)

For a clearer understanding, we can organize retrieval outcomes in a contingency table:

Relevant Nonrelevant

Retrieved True Positives (tp) | False Positives (fp)

Not Retrieved | False Negatives (fn) | True Negatives (tn)

With this, precision and recall can also be expressed as:



_tp
Ctp+ fp
__tp
Ctp+fn

A single measure that balances precision and recall is the F-measure, defined as the weighted

harmonic mean of precision P and recall R. The formula for the F-measure is given by:

| (32 +1)PR , 1-a ;
= h = 1 d
Ir(-al~ ppigr “hoe F=g acld]and (00

F =

The measures such as precision, recall, and the F-measure assess retrieval effectiveness based
on unordered sets of documents. However, to evaluate ranked retrieval results—common in
modern search engines—we need different metrics that consider document order. One such
metric is Normalized Discounted Cumulative Gain (NDCG), which is particularly useful in

ranking scenarios with non-binary relevance levels.

NDCG is evaluated over the top k search results. For a set of queries @, let R(j,d) denote
the relevance score assigned to document d for query j. Then, NDCG is then calculated as

follows:

QI k 2R(] m) __ 1
NDCG(Q, k)
@ = G127 2 gy

where Zj; is a normalization factor ensuring that the ideal ranking for query j yields an
NDCG of 1. If fewer than k documents are retrieved for a query, the summation is adjusted

to cover only the available documents.

Several benchmark datasets are extensively used to evaluate the performance of IR systems.
Key datasets include the TREC 2019/2020 Deep Learning Tracks and the BEIR benchmark,

each designed to address distinct IR challenges and encourage innovative solutions.

TREC 2019/2020 Deep Learning Tracks The Deep Learning tracks organized by
TREC in 2019 and 2020 have become foundational in the evaluation of large-scale IR sys-
tems, particularly for document and passage ranking tasks. These tracks received significant
attention from the IR community, attracting widespread participation. Participants were
tasked with ranking documents and passages independently, with separate judgment pools

and performance metrics for each task. Notably, the organizers provided an initial ranked



list for reranking, allowing participants to focus exclusively on developing re-ranking models

if desired.

The datasets for TREC DL contain small query sets with four-point scaled relevance judg-
ments, enabling fine-grained evaluation of ranking systems. In TREC DL 2019 [21], the
dataset included 43 queries with an average of 215.4 judgments per query for passage rank-
ing and 378.1 for document ranking. The 2020 track [22] expanded to 54 queries for passage
ranking with 210.9 average judgments per query and 45 queries for document ranking with

an average of 202.2 judgments per query.

BEIR Benchmark The BEIR dataset 23] is a comprehensive and diverse benchmark
designed to assess IR systems across a wide range of retrieval tasks and domains. Some

commonly used retrieval tasks in BEIR include:

e Covid: Focuses on retrieving scientific articles relevant to COVID-19-related queries.
o NFCorpus: A biomedical dataset.

o Touche: An argument retrieval dataset.

o DBpedia: Tasked with retrieving relevant entities from the extensive DBpedia corpus.
o SciFact: Designed for claim verification.

o Signal: Tasked with retrieving relevant tweets for a given news title.

o News: A task focused on retrieving news articles that correspond to particular news

headlines.

« Robust04: Evaluates poorly performing or challenging topics.

2.3 TF-IDF Technique

In the field of IR, Term Frequency-Inverse Document Frequency (TF-IDF) is a foundational
technique widely recognized for its effectiveness in determining the significance of words
within a document collection. TF-IDF plays a crucial role in identifying terms that hold
particular relevance in individual documents by measuring how often a word appears in a
document relative to its frequency across the entire corpus. Discussing TF-IDF in this thesis
is essential because it provides a baseline approach to text vectorization, allowing us to

convert text data into numerical vectors that represent the importance of each word. This



method forms a foundational comparison point for exploring more advanced natural language
processing techniques, highlighting both the strengths and limitations of traditional feature

extraction in comparison to newer methods.

Term Frequency (tf) refers to a weighting method where each term in a document is assigned
a weight based on the number of times it appears in that document. This method seeks
to calculate a score reflecting the relationship between a query term t and a document d
through the weight of ¢ in d. The most straightforward approach is to set the weight equal to
the frequency of term t in document d. This weighting method is known as term frequency,

denoted as t f; 4, where the subscripts represent the term and the document, respectively [20].

The following definitions for this section are adapted from the study by Manning et al. [20].

tft.q = the count of occurrences of query term ¢ in document d

Document Frequency (df) is a technique for adjusting the importance of terms that appear
frequently across many documents in a collection, which often have low discriminative power
in relevance assessments. Instead of directly scaling term weights by collection frequency
(the total number of times a term appears across all documents), it is more common to
apply df. Document Frequency specifically refers to the count of documents containing a
particular term, allowing us to reduce the term’s weight based on how broadly it appears,

thus improving relevance evaluations.

df; = the number of documents in the collection that contain a term ¢

Inverse Document Frequency (idf) serves to adjust the weight of a term based on its occur-
rence across a collection of documents. Let N represent the total number of documents, and

the idf for a term t is defined as follows:

This formulation indicates that terms that appear infrequently across the documents will

have a higher idf score, whereas commonly occurring terms will gain a lower idf value.

The tf-idf weighting scheme combines the concepts of term frequency and inverse document
frequency to create a composite weight for each term in every document. The weight assigned

to term ¢ in document d is defined as follows:
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tfidfy.a = tfiq X idfy.

This means that ¢fidf: 4 achieves the highest value when term ¢ appears frequently within
a limited number of documents, thus providing significant discriminating power for those
documents. Conversely, the weight is lower when the term appears less often in a document
or when it is common across many documents, resulting in a diminished relevance signal.

Finally, the weight reaches its lowest point when the term is found in nearly all documents.

2.4 BM25 Algorithm

The BM25 algorithm is a probabilistic retrieval model used to rank documents based on
their relevance to a query [24]. It builds upon the Okapi BM11 [25] algorithm, adding key
improvements that make it effective in balancing term frequency, inverse document frequency,
and document length normalization to produce a relevance score for a document given a
query. BM25 assumes that relevant and non-relevant documents follow different statistical
distributions, an idea grounded in the probabilistic retrieval framework. In this thesis, we
use BM25 as the initial retriever in the information retrieval pipeline. Its primary role is to
retrieve an initial set of passages relevant to a given query, serving as the first phase in the

retrieval process.
The key components of BM25 are as follows:

Term Frequency (tf): BM25 uses a modified term frequency, f(¢, D), to represent the number
of times a term ¢ appears in a document D. Unlike simple term frequency, BM25 accounts
for saturation effects to prevent overly high tf values from disproportionately influencing the

relevance score.

Inverse Document Frequency (IDF): Inverse document frequency, or IDF, assesses the rarity
of a term across the entire corpus. BM25 assigns higher importance to rare terms and lower

importance to common terms. IDF is calculated as:

IDF(t) = log (N —n) +0.5 1)

n(t) + 0.5

where:

e N is the total number of documents in the corpus.

o n(t) is the number of documents containing the term ¢.
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Document Length Normalization: To address potential biases from varying document lengths,
BM25 includes a normalization factor. Longer documents may inherently contain more in-
stances of a term, which can lead to overestimation of relevance. Document length normal-
ization is achieved by dividing the term frequency by the document’s length and applying a

normalization factor.

Query Term Saturation: BM25 further includes a saturation function to moderate the effect of
very high term frequencies on relevance scores. Excessively high frequencies often correspond

to less informative terms, and thus, this function reduces their impact.

The BM25 relevance score for a document D with respect to a query () is defined as:

i D)
BM2S(D. Q) = 2 IDF() - (1—b+b- 20

avgdl

where:

t is a term in the query Q).

f(t, D) represents the frequency of term ¢ in document D.

|D| is the length of document D in terms of the number of words.

avgdl is the average document length in the corpus.

ki and b are hyperparameters:

— ki (typically in the range [1.2, 2.0]) controls term frequency saturation.

— b (typically around 0.75) controls the effect of document length normalization.

The combination of term frequency saturation, document length normalization, and inverse
document frequency weighting in BM25 effectively captures the relevance of a document to

a query, making it a popular choice in modern information retrieval systems.
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CHAPTER 3 LITERATURE REVIEW

Information Retrieval (IR) and Recommender Systems are the central themes of this thesis.
This chapter organizes the related work to highlight how each area contributes to the devel-
opment of our methods and the motivations for this study. We begin by reviewing research on
recommender systems, with a particular focus on explainable recommender systems, which
informs our approach to enhancing transparency and interpretability in recommendation
models. Next, we explore advancements in word embedding techniques, as these are integral
to the content-based destination recommender system we develop. We then discuss various
keyword and keyphrase extraction methods, which we apply to extract features from the de-
scriptions of popular destinations for our airline partner. These extracted features are used

to justify and explain the recommendations produced by our system.

Subsequently, we investigate research involving Large Language Models (LLMs), reviewing
studies on prompt engineering, methods to enhance prompts, and strategies aimed at im-

proving the reliability and consistency of LLM-generated responses.

Finally, we examine research on ranking models in IR systems, exploring the approaches
proposed for each in the literature. We conclude by studying recent advancements in lever-
aging LLMs and evaluating their impact on the effectiveness of LLM-based re-rankers in IR

systems, which is one of the primary goals of this thesis.

3.1 Recommender Systems

Prior work has demonstrated that Recommender Systems play a critical role in addressing
the challenge of information overload, enhancing the online experiences of users by filtering
vast amounts of data to present relevant content [26]. These systems provide personalized
recommendations that cater to individual user preferences across a wide range of domains,
including tourism [4, 27|, entertainment [28], e-commerce [3,29], and job matching [5, 30].
Studies indicate that by offering suggestions aligned with interests of users, recommender
systems help users make more efficient and effective decisions, especially within human-
centered online services like e-commerce platforms and social media sites [2]. Over the past
few decades, advances in recommendation systems have yielded substantial benefits, including

economic gains, time savings, and social impact [2].

Existing recommendation models are typically classified into three categories: collaborative

filtering (CF) recommender systems, content-based recommender systems; and hybrid rec-
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ommender systems, depending on the types of input data they leverage [31].

Collaborative filtering (CF) This recommender system model is one of the most exten-
sively studied techniques, predicts user preferences by identifying patterns in user behavior,
such as purchase histories or ratings, to anticipate future interactions. Previous research
highlights Matrix Factorization (MF) as a prominent CF method that learns representations
of users and items based on user-item interactions alone [32,33]. MF-based models embed
unique user and item identities into continuous vector spaces, enabling efficient calculation

of matching scores in recommendation systems [34,35].

Content-based This type of recommender systems leverage additional contextual infor-
mation, such as user demographics or item descriptions, to enhance recommendation quality.
Studies have shown that including textual information, for example, refines how these systems

represent users and items, thereby improving the relevance of recommendations [36,37].

Hybrid This category of recommender systems aims to overcome the limitations of indi-
vidual techniques by combining multiple approaches. Previous work shows that the most
effective hybrid methods often integrate collaborative filtering with content-based filtering,
achieving improved accuracy and robustness in recommendation quality [38]. Through this
integration, hybrid models address challenges unique to each technique while leveraging their

strengths to deliver more tailored recommendations.

As part of this thesis, we develop a content-based recommender system for the most popular
destinations offered by our airline partner, using detailed descriptions and information about

each location.

3.2 [Explainable Recommender Systems

Prior research defines explainability as the ability of a system to provide transparent, un-
derstandable explanations for its decisions, particularly beneficial in recommendation mod-
els [39]. In recommender systems, the integration of explainability has led to the development
of explainable recommendation models, which not only suggest items but also clarify the why
behind each recommendation [2]. Studies have shown that explainable recommendation sys-
tems improve user trust, satisfaction, and the overall effectiveness of recommendations by
offering clear justifications for each suggestion [40]. This additional layer of interpretability
allows users to better understand and interact with the system, while system designers benefit

from enhanced tools for diagnosing, debugging, and optimizing recommendation algorithms.
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Recent work highlights that explainable recommender systems represent a promising inter-
section of explainable Al and recommendation technologies, ultimately aiming to improve

the trustworthiness of these systems [2].

Existing literature categorizes explainable recommendation models based on two primary

taxonomies: the taxonomy for models and the taxonomy for evaluations [2].

Explainable recommendation models are categorized according to the following two main

criteria:

e Producing explanations: Models may employ either intrinsic or post-hoc explanation
techniques. In model-intrinsic approaches, explanations stem from the internal logic
of a model, offering interpretability directly from its structure. Many recent studies
have emphasized the effectiveness of intrinsic explanations as key components within
recommendation frameworks [41]. Post-hoc techniques, on the other hand, are model-
agnostic and generate explanations by analyzing only the inputs and outputs of the
model, treating it as a black box [42,43]. Prior work demonstrates that post-hoc
explanations are often more versatile and well-suited for complex deep recommender

systems, where interpreting millions of parameters directly is infeasible [44].

o Presenting explanations: Explanations can be presented in structured or unstructured
formats. Structured explanations, often visualized through frameworks like graphs or
knowledge graphs, offer well-organized, logic-driven insights into recommendations [45,
46]. Conversely, unstructured explanations provide simpler, user-friendly summaries
or ratings directly from the recommendation model. Studies indicate that structured
approaches better clarify user-item relationships, while unstructured methods, focusing
on ease of understanding, support users in interpreting recommendations on a more

intuitive level [47].

Evaluating the effectiveness of explainable recommendation systems is another focus of re-

lated research, with two main evaluation criteria emerging [2]:

o Evaluation Perspectives:Research highlights that perspectives such as Effectiveness,
Transparency, and Scrutability are essential for evaluating explainable recommendation
systems [48-50]. Studies show that these dimensions enable a holistic assessment of how

well explanations improve the user experience and system transparency [2].

o Evaluation form: Evaluation methodologies in prior studies have typically fallen into
four categories: Quantitative Metrics, Case Studies, Real-World Performance, and Ab-

lation Studies. Quantitative metrics provide measurable assessments of explainability,
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while case studies evaluate how well explanations align with human reasoning [2]. Real-
world performance measures the practical impact of explanations on user interactions,
and ablation studies examine the contribution of specific algorithmic components to
the clarity and effectiveness of recommendations. These varied evaluation methods al-
low researchers to rigorously assess and refine explainable recommendation systems, as

demonstrated in recent comprehensive studies [2].

As part of this thesis, we implement an explainable recommender system by leveraging post-
hoc techniques and presenting explanations in an unstructured text format. For evaluation,
we conducted a case study by consulting experts at the airline company to gather feedback

on the results of our recommender system.

3.2.1 Feature-based Explanation

Feature-based explanations have closely aligned with content-based recommendation ap-
proaches in prior works. Content-based recommendation systems generate recommendations
by matching user profiles to item attributes and features from potential choices, as noted in
previous studies [51-53]. These recommendations are generally straightforward to explain

due to their reliance on item features.

In different applications, content-based recommendations leverage item features to enhance
personalization. For instance, the study in movie recommendations highlight features like
genres, cast members, or directors, while book recommendations often consider genre, price,
or authorship to align with user preferences. Research has demonstrated that presenting
users with relevant item attributes that resonate with their preferences is a typical approach

to feature-based recommendation explanations [40].

Some prior work has emphasized using specific item features to create recommendations and
explanations. For example, Vig et al. [54] used movie tags as key features, presenting these
features to help users understand why particular movies were recommended. This approach
not only explained the relevance of movies to users but also enhanced their engagement with
the system. Ferwerda et al. [52] conducted a user study that demonstrated a significant cor-

relation between explanations and increased user trust and satisfaction in recommendations.

Studies have also explored different explanatory styles for presenting content features. Hou
et al. [55] employed radar charts to illustrate the rationale behind item recommendations,
showing both why specific items were recommended and why others were not. This approach
provided users with clear visual cues about the relevance of each recommendation, enhancing

their understanding and interaction with the system.
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The primary goal of our airline partner project is to explain and recommend destinations
to customers based on common features of the suggested cities. Therefore, we implement a

feature-based explanation in this thesis.

3.2.2 Post Hoc Explainable Recommendation

Prior work has shown that when recommendation systems are too complex to provide clear
explanations, post-hoc or model-agnostic techniques offer an effective solution by generating
explanations separately from the recommendation model itself [55]. These techniques employ
independent models to clarify recommendations after they have been made, hence the term

post-hoc.

For instance, in many e-commerce platforms, recommendations are generated through sophis-
ticated hybrid models, but explanations are often based on simple statistical insights, such
as "70% of your friends purchased this item." Research has demonstrated that data mining
methods, like frequent itemset mining and association rule mining, can create templates for
such explanations, and the most suitable template is selected using post-hoc statistics like
maximum confidence. Although these explanations are generated independently, studies af-
firm that they remain accurate, leveraging real data rather than the recommendation model
itself [55].

Singh et al. [56] examined post-hoc explanations within learning-to-rank algorithms for web
search, aiming to interpret decisions from a model-agnostic standpoint. They trained a
black-box ranker and then applied the generated ranking labels as a training dataset for an
interpretable tree-based model. This tree-based approach, acting as a post-hoc explanation
tool, provided insight into ranking decisions in a point-wise manner. Additionally, Peake
et al. [57] demonstrated a point-wise model for post-hoc explanations, while Singh’s further
work offered a pair-wise post-hoc explanation approach, addressing different explanation

requirements in ranking contexts.

In the broader machine learning field, model-agnostic explanations often use simpler mod-
els to approximate the behavior of complex models locally, helping clarify decision-making
processes around specific instances [40]. Ribeiro et al. [58] introduced LIME (Local Inter-
pretable Model-agnostic Explanation), which leverages sparse linear models to approximate
complex classifiers locally, identifying the features that most influence predictions. Building
on this approach, Singh et al. [59] adapted LIME to ranking models by reformatting the task
as a binary classification over query-document pairs, using linear SVM models to interpret
relevance scores. Here, the model coefficients reveal words within documents that strongly

indicate relevance.
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Cheng et al. [60] advanced the mathematical foundations for post-hoc explanations in recom-
mendation systems through influence analysis. By using influence functions, which measure
the impact of individual training points on model predictions, they developed Fast Influence
Analysis (FIA), a method that interprets predictions by tracing back to influential user-item
interactions in training data. Their work demonstrated how past interactions shape latent
factor model predictions, providing neighbor-style explanations by highlighting the most im-

pactful interactions for each recommendation.

We use complex deep learning-based models to develop the destination recommender system,
which makes it challenging to provide transparent explanations for its recommendations. To
offer users clear explanations, we leverage different models rather than relying solely on
the initial recommender system. Thus, in this thesis, we implement post-hoc techniques to

improve transparency in recommender systems.

3.2.3 Evaluating Explainable Recommendations: A Case Study Approach

As demonstrated by previous studies, case studies are commonly used as a qualitative analysis
method in explainable recommendation research, providing valuable insights into the ratio-
nale and effectiveness of explanation models. By offering concrete examples, case studies en-
able researchers to illustrate the explanation generation process, allowing users to intuitively
evaluate its validity. These studies often include comparisons of explanations generated by
different models to highlight when and why the proposed approach is effective, as well as
its limitations. Such comparative analysis deepens understanding of strengths and weak-
nesses of each model, particularly since explanations are designed for human interpretation,
which involves logical reasoning, intuition, and other subjective factors. As a result, concrete

examples can enhance the credibility and trustworthiness of explanations [2,40].

For example, Chen et al. [61] used case studies to clarify sequential recommendations, finding
that many sequential recommendation patterns align with user behavior categories, such as
"one-to-multiple" or "one-to-one." "One-to-multiple" refers to cases where a series of follow-up
purchases stems from a single item, while "one-to-one" indicates that each purchase is trig-
gered by the prior one. This study highlighted how these patterns aid users in understanding

the reasoning behind recommended items and how these items relate to past purchases.

In another study, Hou et al. [55] applied case studies to evaluate user preferences, item quality,
and the explainability of hotel recommendations. They introduced a metric called Satisfac-
tion Degree on Aspects (SDA) to measure user satisfaction across various item attributes
and conducted case studies to demonstrate how their model interprets and justifies recom-

mendations, illustrating its approach to aligning recommendations with user preferences.
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To evaluate the results of our recommender system, we conducted a case study with some
experts at the airline company. For specific destinations, we provided recommendations from
our model along with explanations and asked the expert to assess the accuracy of these

suggested cities and their common features that could be proposed to customers.

3.3 Word Embedding

Prior research has revealed that word embedding, a continuous or distributed representation,
serves as a foundational element in neural models of text semantics [62,63]. In this technique,
words are encoded as dense vectors within a multi-dimensional space, where the spatial
proximity of vector representations reflects semantic similarity, enabling neural models to

capture semantic relationships between words effectively [64].

This thesis employs the following word embedding techniques to represent the descriptions
of each destination in the development of a content-based destination recommender system

and for the keyword matching process:

Word2Vec Model Mikolov et al. [65] introduced Word2Vec, a set of neural network-
based model architectures designed to generate word embeddings from large-scale text data.
Word2Vec relies on distributed representations to capture semantic word similarity by pro-
jecting words into a continuous vector space. Two primary architectures within Word2Vec,
Continuous Bag-of-Words (CBOW) and Skip-Gram, are effective in capturing semantic re-

lationships between words:

o« CBOW Model: This model predicts a target word based on the context of surrounding

words.

o Skip-Gram Model: In contrast, the Skip-Gram model takes a target word and predicts

its context words.

GloVe: Global Vectors for Word Embedding Pennington et al. [66] introduced GloVe
(Global Vectors), an unsupervised learning algorithm that generates word vector representa-
tions based on global word co-occurrence statistics from a corpus. GloVe builds embeddings
by analyzing the frequency with which word pairs co-occur within a context window, cap-
turing both global and local statistical information. By combining matrix factorization for

global context with local context windows, GloVe captures word semantics comprehensively.
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BERT: Bidirectional Encoder Representations from Transformers Devlin et al. [67]
proposed BERT (Bidirectional Encoder Representations from Transformers), a pre-trained
language model architecture that generates context-aware embeddings by analyzing sentences
bidirectionally. Unlike Word2Vec or GloVe, which produce static word representations, BERT
generates context-dependent embeddings that vary based on a context of a word within a
sentence. The BERT architecture includes multiple layers of a bidirectional transformer en-
coder equipped with multi-head self-attention, allowing tokens to attend to various positions

in the sequence and capture nuanced contextual information.

3.4 Keyword Extraction

The studies [68-70] defined keyword extraction as the automated process used to identify
and extract the most significant words and phrases within a given text. The challenge of effi-
ciently identifying relevant keywords from documents has a long history and is foundational
to many applications across different fields. Solutions for keyword extraction significantly en-
hance tasks such as text summarization, clustering, thesaurus construction, opinion analysis,
classification, query expansion, recommendation systems, data visualization, information re-
trieval, indexing, and digital libraries [71]. Generally, approaches to keyword extraction fall
into two main categories: keyword assignment and keyword extraction. keyword assignment
is related to a multi-label text classification problem in which a document is assigned with
keywords from a predefined set or controlled vocabulary, often consisting of a dictionary or
thesaurus relevant to the domain of the document. keyword extraction approach directly re-
trieves keywords from the document itself. This can be achieved through either unsupervised

methods or Unsupervised approaches [68].

The baseline and fundamental method in unsupervised approaches is TF-IDF [72], which
calculates keyword importance by comparing a term’s frequency within a document to its
overall frequency in a larger corpus. While effective and easy to implement, TF-IDF depends
on access to a large corpus may not always be feasible. To overcome such limitations, alterna-
tive approaches have been developed. RAKE (Rapid Automatic Keyword Extraction) [70],
for instance, identifies keywords by analyzing term co-occurrence patterns and frequency,
producing a score based on the degree of connectivity and frequency of terms within a doc-
ument. TextRank, another widely used algorithm, constructs an undirected term graph,
linking terms that co-occur within a set word window. A ranking algorithm is then ap-
plied to prioritize terms based on their interconnectedness in the graph. Building on these
foundational models, recent advancements like TopicRank [69] and PositionRank [73] have

introduced new methodologies for incorporating contextual and positional information. Top-
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icRank clusters terms into topic groups, allowing for topic-based ranking to capture broader
document themes, while PositionRank factors in a term’s position and frequency within a
document to adjust its ranking dynamically, enhancing extraction in scholarly texts. Graph-
based unsupervised approaches have further evolved with techniques like TopicalPageRank
and CiteTextRank, which leverage topic distributions, often learned from external sources
such as Wikipedia, to measure term importance relative to document topics [74]. More recent
embedding-based methods use pre-trained word embeddings to determine keyword relevance.
For instance, PositionRank [73] uses embeddings to assign edge weights in a word graph, run-
ning a weighted PageRank algorithm to calculate final scores for terms based on both local

and global term relations.

One of the earliest attempts to automate keyword extraction as a supervised binary classifica-
tion task was introduced by Turney [75] with the development of GenEx, a custom-designed
algorithm that outperformed traditional models like decision trees. Among the most widely
used supervised systems is KEA [76], which applies the Naive Bayes algorithm and lever-
ages two core features—TF-IDF and a term’s first occurrence position—to classify terms as
keywords or non-keywords. Building on this, Hulth [77] proposed a system that incorpo-
rates linguistic features such as part-of-speech (PoS) tags, combining them with traditional
statistical features like term frequency and position. This additional linguistic information
is then processed through a supervised rule-induction model using bagging, enhancing key-
word identification accuracy. Several supervised approaches have refined these foundational
models. Medelyan and Witten [78], for example, introduced enhancements to KEA, while
CeKE [79], developed by Caragea et al., integrates citation network information, enriching
keyword predictions by considering contextual relationships in academic literature. More re-
cent work has employed neural network models, with Meng et al. [80] applying deep learning
for scientific text keyword prediction and Gollapalli and Li [81] treating keyword extraction
as a sequence tagging problem. Comprehensive overviews of these methods and related re-
search are provided by Hasan and Ng [82] and Papagiannopoulou and Tsoumakas [83], who

offer in-depth reviews of supervised keyword extraction methodologies and advancements.

The following two keyword extraction methods are leveraged in this thesis to extract key-
words from each destination description, enhancing the explainability of the destination rec-

ommender system and justifying the recommendations make by our model:

YAKE! The study by Campos et al. [68] introduced YAKE! (Yet Another Keyword Ex-
tractor), a lightweight, statistical, unsupervised algorithm designed for automatic keyword
extraction from single documents without the need for external corpora or training. The

algorithm follows five main steps: (1) text pre-processing for candidate term identification,
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transforming the document into a machine-readable format to improve candidate identifi-
cation; (2) extraction of statistical features from individual terms; (3) computation of a
heuristic term score that reflects term importance; (4) generation of candidate keywords via
n-gram construction and scoring of each candidate; and (5) deduplication and ranking based
on a similarity measure, which filters out overlapping or redundant keywords. YAKE! is
corpus-independent and suitable for various domains and languages, as it does not rely on
external resources such as WordNet, Wikipedia, or language-specific tools beyond a static
stopword list. Uniquely, YAKE! can extract keywords containing interior stopwords (e.g.,
“Game of Thrones”) with greater precision than conventional methods. Its linear scalabil-
ity in document length, term frequency independence, and open-source availability further

enhance its accessibility and versatility for keyword extraction tasks.

KeyBERT KeyBERT, introduced by Grootendorst [84], is a simple and efficient keyword
extraction method that leverages BERT embeddings to generate keywords and keyphrases
that closely represent the content of a document. Unlike traditional keyword extraction
techniques, KeyBERT focuses on identifying the most contextually relevant keywords by
assessing semantic similarity. The process begins by generating document embeddings with
BERT to obtain a comprehensive representation of the document. Next, word embeddings
are created for candidate N-grams within the text. Using cosine similarity, KeyBERT then
calculates the similarity between each candidate N-gram and the document embedding to
identify the most representative keywords and phrases. This straightforward yet powerful
approach allows for the extraction of high-quality keywords that align closely with the main

content of the document.

3.5 Keyphrases Extraction

Based on the prior studies [85,86], keyphrase extraction is the task of selecting phrases that
capture the main topics of a document. Keyphrases highlight the most important topics of
a document and enable concise summarization. As shown in previous studies, keyphrases
are essential for various downstream applications, such as classification [87], clustering [88],
summarization [89], and document recommendation [90]. Additionally, keyphrases enhance
information retrieval capabilities by supporting semantic search, faceted search [91], query

expansion [92], and interactive document retrieval [93].

In prior research, keyphrases have been classified into two main types: extractive and abstrac-
tive. Extractive keyphrases are directly drawn from the text, whereas abstractive keyphrases

are generated and may not be explicitly present within the document. These types are often



22

referred to as present and absent keyphrases, respectively [82]. Automated keyphrase iden-
tification methods are designed to identify extractive keyphrases within the document or to

generate abstractive phrases that encapsulate the text’s primary content effectively [94].

The following keyphrase extraction method is used in this thesis to extract keyphrases from
each destination description, improving the explainability of the results generated by the

destination recommender system:

Keyphrase Extraction Model: distilbert-inspec The model is a specialized, fine-
tuned version of DistilBERT [95], optimized for keyphrase extraction on the Inspec dataset.
Keyphrase extraction models are transformer models fine-tuned as a token classification prob-
lem where each word in the document is classified as being part of a keyphrase or not. It
is designed to capture keyphrases that convey the main topics of scientific and technical
documents, this model offers a concise summarization capability. By utilizing the efficient
architecture of DistilBERT, it provides a balance between computational efficiency and accu-
racy, making it suitable for resource-constrained environments. Unlike traditional rule-based
or statistical methods, this transformer-based model leverages contextual embeddings to
enhance term significance within a document, allowing for more relevant keyphrase extrac-
tion [96].

3.6 Large Language Models

As demonstrated by previous studies, Large Language Models (LLMs), primarily based on
Transformer architectures [8], represent a breakthrough in language modeling, incorporat-
ing vast parameter sets—often reaching hundreds of billions [7]. These models, trained on
extensive textual datasets [97], exhibit remarkable capabilities in both understanding and
generating natural language, advancing the field in previously unachievable ways. Research
on widely recognized LLMs such as GPT-3 [98], PaLM [99], Mixtral [100], and LLaMA [101]
has highlighted their ability to handle complex queries and execute a broad range of linguistic

tasks, underpinned by emergent capabilities that arise with model scale.

Existing studies suggest that increasing the scale of LLMs—by expanding model size or
augmenting training data—Ileads to enhanced performance across various applications, an
insight consistent with the scaling law [102]. For example, larger models like GPT-3, with
175 billion parameters, have been shown to surpass smaller predecessors such as GPT-2 (with
1.5 billion parameters), exhibiting unique skills like few-shot in-context learning [7]. As a
result, the term large language models has come to signify these high-capacity, pre-trained

models.
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Research has further explored the use of LLMs in conversational Al, particularly with models
like ChatGPT, which is fine-tuned from the GPT series to deliver human-like responses
and interactions [7]. This shift toward conversational agents reflects the broader historical
evolution from task-specific statistical models to flexible, task-agnostic models, which now
leverage contextual understanding for better adaptability. LLMs are thereby considered
general-purpose models with unparalleled scope in task performance, reshaping the field of

natural language processing.

LLMs have been applied across multiple domains, influencing areas such as information re-
trieval, where studies show that Al-driven systems—Iike enhanced search engines and chat-
bots—are transforming information access [1]. In multimodal settings, vision-language mod-
els are expanding the possibilities for cross-domain interaction [103,104]. Current research
highlights the integration of LLM-driven features in commercial applications, such as Mi-
crosoft 365’s Copilot and the plugin architecture in ChatGPT, underscoring the growing

ecosystem of LLM technology and its substantial impact across industries.

3.6.1 Prompting

Prior work [105] has established prompting as the primary method for leveraging LLMs in
solving various tasks. Studies indicate that the quality of prompt design can significantly
influence the performance of LLMs on specific tasks. The process of manually designing
effective prompts, referred to as prompt engineering, has been shown to play a crucial role

in eliciting targeted responses from LLMs across a range of applications [106,107].

Key Ingredients Existing research identifies four core components that enhance the ef-
fectiveness of prompts for LLMs: task description, input data, contextual information, and

prompt style [7].

o Task Description. Prior work emphasizes that a clear task description provides neces-
sary guidance for the LLM, typically expressed in natural language. Studies show that
adding keywords to specify input or output formats enhances clarity, which in turn

helps the model respond more effectively to the prompt.

o Input Data. Researchers have demonstrated that descriptions of input data can vary
depending on complexity; specialized data, like tables or knowledge graphs, may require
formatting adjustments. For example, prior studies suggest linearizing structured data
into sequences [108] or using programming-like syntax to improve compatibility with

LLMs, which can facilitate accurate responses.



24

o Contextual Information. Existing studies also point to the inclusion of relevant sup-
plementary information, such as retrieved documents in question answering tasks, as
a way to boost response quality [109]. Evidence suggests that providing clear exam-
ples within prompts helps models understand and execute complex tasks with higher

accuracy.

o Prompt Style. Research indicates that tailoring prompt style to fit the specific LLM
improves task performance, with studies showing that approaches like using direc-
tive language (“Let us think step by step” [110]) or contextualizing prompts for spe-
cific expertise can enhance reasoning. For chat-based LLMs, breaking down complex
prompts into manageable sub-tasks within a multi-turn conversation has also proven
effective [111].

Design Principles Building on these core components, researchers have proposed several

design principles to improve prompt efficacy for diverse tasks.

o Expressing the Task Goal Clearly. Studies recommend unambiguous task descriptions
to reduce misinterpretation, enhancing model responses [112]. Effective prompts often
outline specific task objectives, including input-output requirements (e.g., “Generate a
concise summary of a document”) and constraints (e.g., “summary length should not

exceed 50 words”).

o Decomposing into Sub-Tasks. Research suggests that complex tasks are more manage-
able when broken into sequential sub-tasks, allowing LLMs to address each component
individually. For instance, one study highlights the effectiveness of listing sub-tasks in a

structured, itemized format, enabling more accurate completion of intricate tasks [113].

o Providing Few-Shot Demonstrations. Prior studies on in-context learning demonstrate
that including a few examples within the prompt can help LLMs map inputs to desired
outputs effectively. Evidence shows that these few-shot demonstrations, which con-
sist of input-output pairs, improve the LLM’s performance on complex tasks without

additional training.

o Utilizing Model-Friendly Formats. Research indicates that certain formats are better
aligned with LLM training data, leading to improved understanding. Studies suggest
using symbols such as ### or """ to segment instructions from context. Additionally,
for challenging tasks, translating the prompt to English has been shown to yield better

results due to the predominance of English data in LLM training sets.
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3.6.2 Chain-of-Thought Prompting

Chain-of-Thought (CoT) prompting has emerged as an advanced strategy for enhancing
the reasoning abilities of LLMs in complex tasks. Prior studies demonstrate its effective-
ness across domains such as arithmetic reasoning [114], commonsense reasoning [115], and
symbolic reasoning [116]. Unlike standard in-context learning (ICL), which typically uses
simple input-output pairs, CoT prompting introduces intermediate reasoning steps, creating
a structured pathway that links inputs to outputs. Research shows that this sequence of
reasoning steps helps guide LLMs through the logical processes needed to achieve accurate

responses [116,117].

In foundational CoT prompting work, each demonstration pair (input, output) is expanded
to include a reasoning sequence, represented as (input, CoT, output), where CoT stands for
the chain of intermediate steps linking input to output [116]. These studies indicate that
presenting LLMs with such structured demonstrations enables the model to replicate this
reasoning process with new inputs. Although manually annotated CoTs are typically needed
due to their complexity, simple cues, like “Let’s think step by step” [110], have been shown to
prompt models to generate reasoning sequences on their own. Variations of these prompts,
such as “Take a deep breath and work on this problem step-by-step” [118], have further
enhanced model performance by encouraging more detailed reasoning. CoTs are usually
produced as natural language sequences. However, for tasks that demand high precision
and logical accuracy, recent studies reveal that code-based CoTs can be more effective [119].
Additionally, research has explored dynamically switching between text and code formats
for CoTs, allowing models to combine the readability of text with the structure of code for

improved outcomes in tasks requiring detailed reasoning [120].

3.6.3 Enhanced CoT Generation

To address the issues of incorrectness and instability in the generation of CoT by LLMs, var-
ious enhanced CoT generation methods have been developed [18,121]. These methods typi-
cally fall into two categories: sampling-based and verification-based techniques, both aiming
to improve the quality of CoT generation. Since this thesis focuses on the self-consistency [18]
concept, a subcategory of sampling-based methods, we will limit our discussion to sampling-

based approaches.

LLMs often exhibit instability during inference, which can lead to unfaithful reasoning
steps [7]. To address this issue, recent research has explored alternative decoding strate-

gies beyond traditional greedy methods. One widely adopted approach is self-consistency,
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introduced by [18]. Rather than generating a single reasoning path, self-consistency samples
multiple reasoning paths during inference. After generating several potential solutions, the
method performs an ensemble over the corresponding answers and selects the most consistent
one through a majority voting process. While this approach reduces errors, it can still be
lead to wrong answers if most paths are mislead. An alternative method [122] refines this
process by selecting the £ most complex reasoning paths, as more detailed reasoning paths
usually have better results. Multi-path CoT Reasoning (MCR) [123] further enhances this
by referencing reasoning steps from other paths during generation, creating across multiple

reasoning paths to generate the final answer.

3.6.4 Planning for Complex Task Solving

Prompting with ICL and CoT reasoning has emerged as a versatile approach for handling a
variety of language-based tasks. Despite its flexibility, this approach encounters challenges
with more complex tasks, such as mathematical reasoning [124] and multi-hop question an-
swering [125]. To address these limitations, prompt-based planning has been introduced,
offering a method for decomposing intricate tasks into manageable subtasks and establishing

a structured plan of actions to guide task completion.

Prompt-based planning generally involves three core components: a task planner, a plan
executor, and an environment . The task planner, which is played by LLMs, is responsible
for generating a comprehensive plan to tackle the target task. The plan can be presented
in various forms, e.g., an action sequence in the form of natural language [126] or an ex-
ecutable program written in programming language [127]. Then, the plan executor, the
second component, is tasked with carrying out the actions defined in the plan. It can be
implemented by models like LLMs for textual tasks [17] or by tools like code interpreters for
coding tasks [128]. The environment, which forms the third component, refers to where the
plan executor carries out the actions, which can be set differently according to specific tasks,
e.g., the LLM itself [129] or an external virtual world like Minecraft [130].

In text-based approaches, LLMs generate plans as natural language sequences that outline
actions for the plan executor to follow in solving complex tasks. Here, LLMs can be di-
rectly prompted to create a sequence of actions. For example, Plan-and-Solve [17] uses
specific instructions like “devise a plan” to prompt the LLM for zero-shot planning, while
elfplanning [131] adds demonstrations within the prompt to guide the LLM through ICL,

encouraging a step-by-step planning process.

In this thesis, we leverage the plan-and-solve prompting approach to guide LLMs in gener-

ating relevance scores for passages concerning a query within IR systems.



27

3.6.5 Self-Consistency in ranking task

LLMs demonstrate positional bias in how they use context. This particularly affects listwise
ranking. The study by [132] proposes Permutation Self-Consistency, a decoding strategy
aimed at improving the quality, consistency, and prompt-order invariance of LLM. The idea
behind this strategy is to marginalize different list orders in the prompt, generating an order-
independent ranking with reduced positional bias. Their findings reveal that while self-
consistency does not generalize to listwise ranking, permutation self-consistency enhances
listwise ranking in LLMs. In this thesis, we examine the impact of self-consistency on the
quality of the relevance scores generated for each document in relation to the query, within

the context of pointwise ranking by LLMs.

3.6.6 Confidence Elicitation in LLMs

Confidence elicitation refers to the process of estimating the confidence of a LLM in its

responses without requiring model fine-tuning or access to internal workings [19].

Within this context [133] introduced the concept of verbalized confidence, which prompts
LLMs to explicitly express their confidence in predictions. However, their approach primar-
ily focuses on fine-tuning models on specific datasets where confidence is available, leaving the
model’s ability to generate confidence in a zero-shot setting largely unexplored. The external
calibrator proposed by [134], relies on internal model representations, which are frequently
inaccessible. The two other works [19,135] are mainly focused on the use of prompting strate-
gies in confidence elicitation. Studies [19], have empirically evaluated the capacity of LLMs
to express uncertainty, revealing gaps in the models’ ability to provide reliable confidence
estimates. This research shows that while LLMs are capable of generating confidence scores,
these are often poorly calibrated, especially in scenarios involving high uncertainty. This the-
sis investigates the impact of confidence elicitation within the context of pointwise ranking
by LLMs.

In this thesis, we leverage LLMs to address ranking tasks within IR systems, aiming to im-
prove the relevance and accuracy of retrieved information. We introduce innovative prompt
designs that incorporate advanced techniques, including COT reasoning, self-consistency,
and confidence elicitation. These techniques work together to enhance the decision-making
capabilities of LLMs, enabling more nuanced interpretations of query relevance. By imple-
menting COT reasoning, we facilitate a step-by-step approach to complex queries, breaking
down reasoning tasks to improve accuracy. The self-consistency mechanism helps validate

outputs by aggregating multiple model responses, leading to more reliable and robust results.
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Additionally, confidence elicitation enables the model to assess the certainty of its predic-
tions, providing a confidence measure that can be used to rank outputs more effectively.
Collectively, these prompt engineering strategies advance the performance of IR systems,

contributing to more precise and contextually relevant information retrieval.

3.7 Ranking Models in IR Systems

Ranking plays a fundamental role across diverse applications in IR, including document
retrieval [136], collaborative filtering [137], key term extraction [138], sentiment analysis [139],
and product rating [140]. In these tasks, models or functions are developed to generate
ranked lists where object order reflects relevance, preference, or significance based on specific

application contexts. Among these, document retrieval has gained particular attention [6].

Three main categories of ranking models have been widely studied and proven effective:
probabilistic retrieval methods, Learning to Rank (LTR) methods, and deep learning-based

methods.

Bag-of-Words Retrieval

Traditional bag-of-words (BOW) methods, such as BM25 and TF-IDF, have been founda-
tional for document retrieval, representing queries and documents as sets of words [24,25,141].
Research in this area has focused on advanced term-weighting techniques to assess relevance
by measuring term overlap. This approach enables efficient retrieval at scale across large

document collections.

However, BOW methods exhibit limitations due to their reliance on exact term matches,
which restricts their ability to retrieve semantically relevant documents when query terms are
absent. This issue, known as the vocabulary mismatch problem, has been well-documented [142],
prompting the development of more sophisticated models that capture deeper semantic re-

lationships.

Learning to Rank (LTR)

LTR methods advance beyond traditional BOW approaches by using machine learning to
rank documents based on learned features and signals [?7,6,143]. Rather than relying solely
on term frequencies or document lengths, these methods automatically learn model param-
eters from user interaction logs, which capture behavioral patterns such as clicks and query

reformulations.
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LTR approaches can be categorized into three primary types:

Pointwise Approach Pointwise LTR methods rank individual documents by defining a
loss function at the document level. Previous research categorizes pointwise approaches into

regression-based, classification-based, and ordinal regression-based models [144,145].

Pairwise Approach Pairwise methods use document pairs as training data, formalizing
the task as pairwise classification. Studies have developed models like Ranking SVM [146],
RankBoost [147], and RankNet [148] to predict the relative ordering between pairs of docu-

ments, yielding substantial improvements in rank precision.

Listwise Approach Listwise LTR methods consider entire lists of documents as training
instances, optimizing a loss function over the list. Techniques such as ListNet [149], RankCo-
sine [150], and StructRank [151] exemplify this category. More recent research has explored
optimizing directly for IR metrics, as in AdaRank [152] and SoftRank [153], highlighting the

flexibility of listwise models for ranking tasks.

Deep Learning-Based Methods

Recent advances in deep learning have demonstrated strong performance across many natural
language processing tasks, including named entity recognition [154], sentiment analysis [155],
and semantic similarity [156]. This capability has extended to document ranking models,
where deep learning methods offer the advantage of automatically learning complex language

patterns.

Deep neural networks (DNNs) have become the foundation for many deep learning-based
ranking models, as highlighted by recent literature [157]. Unlike LTR methods that depend
on hand-engineered features, DNNs derive high-level representations directly from raw text,
enabling them to perform “soft matching” between queries and documents. This allows
retrieval to occur in a continuous vector space, supporting nuanced comparisons that go

beyond exact term matching.

Despite their strengths, deep learning-based ranking models face notable challenges. Studies
have shown that their effectiveness improvements over LTR models are sometimes incremen-
tal. Moreover, DNN models are generally computationally demanding and require substantial
amounts of training data, which limits their performance in zero-shot or few-shot scenarios.
Additionally, the high computational cost of soft matching remains a barrier for large-scale

retrieval applications [158].
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3.7.1 Ranking with LLMs

Recently, extensive research has been conducted on the effectiveness of LLMs under zero-shot

settings in document ranking in IR tasks, yielding impressive results [9,10,12,14,15].

The methodologies for using LLMs in zero-shot ranking tasks can generally be divided into
four main approaches: Pointwise [9, 13, 15], Listwise [10, 14], Pairwise [12], and Setwise [11].
These approaches use various prompting strategies to guide the LLM in generating a relevance

estimation for each candidate document.

Pointwise

Prior work has explored pointwise ranking through two main prompting techniques: generation-
based and likelihood-based approaches. Liang et al. [15] and Nogueira et al. [16] used a
generation-based method where the LLM is prompted to determine relevance through a
“yes/no” task, ranking documents based on the normalized likelihood of generating a “yes”
response. Sachan et al. [13] further extended this by employing query likelihood modeling
(QLM), where an LLM, prompted with a document, generates a relevant query, and the
model ranks documents based on the likelihood of reproducing this query. Zhuang et al. [9]
introduced a fine-grained pointwise approach, incorporating relevance labels such as “Highly
Relevant,” “Somewhat Relevant,” and “Not Relevant” rather than a binary choice. This
allows the model to better differentiate between documents with varying levels of relevance

to the query, leading to more accurate rankings.

Listwise

Previous studies on listwise ranking [10,14] have demonstrated that the primary objective of
the listwise approach is to directly rank a list of documents for a given query, producing a
ranked list of document labels based on their relevance to the query. In these studies, both
the query and a list of documents are directly input into a prompt. Due to prompt length
constraints in LLMs, a sliding window method is employed, re-ranking a subset of documents

within each window iteration.

Pairwise

Pairwise ranking methods have also shown promise in zero-shot LLM applications [12]. Qin
et al. demonstrated the effectiveness of presenting LLMs with a query and document pairs,

instructing them to identify which document is more relevant. This pairwise approach ranks
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documents by iteratively comparing pairs based on their relative relevance, resulting in an

ordered document list.

Setwise

Recent work by Zhuang et al. [11] introduced the setwise ranking method for LLMs. By
prompting an LLM with a query and a set of candidate documents, the model selects the
most relevant document from the set. This approach reduces the number of comparisons
needed by applying sorting algorithms, such as heap sort, which efficiently rank documents
by to comparing more than two documents at each step, thereby reducing the total number

of comparisons and speeding up the sorting process.

In this thesis, we introduce novel techniques and prompt designs for LLMs aimed at enhanc-
ing the ranking performance within IR pipelines. Our approach leverages multiple strategies,
including CoT prompting, Plan-and-Solve prompting, self-consistency prompting, and confi-
dence elicitation to derive more accurate relevance scores and rank the passages accordingly.
Specifically, our pipeline begins with a BoW retrieval method, such as BM25, serving as the
initial retriever to generate a ranked list of relevant passages. We then add a LLM-based
pointwise pre-filtering step, before the re-ranker, to decrease the number of irrelevant passages
before passing to the re-ranker. Furthermore, we conduct an empirical study to investigate
the role of self-consistency and confidence elicitation in LLM-based pointwise re-rankers. The
use of advanced prompting techniques such as CoT and plan-and-solve facilitates a structured
reasoning process within the LLM, while self-consistency prompting enables us to improve
the robustness and reliability of relevance scores by running the model multiple times for
each query-passage pair. Additionally, confidence elicitation techniques allow the LLM to
express uncertainty levels associated with each relevance decision, providing deeper insights

into the ranking rationale of the model.



32

CHAPTER 4 ENHANCING THE PERFORMANCE OF A DESTINATION
RECOMMENDER SYSTEM FOR AN AIRLINE PARTNER USING
FEATURE EXPLAINABILITY AND KEYWORD EXTRACTION

4.1 Introduction

In the past, the destination recommender system of our airline partner operated with a limited
scope and lacked the level of explainability that modern recommender systems offer. The
system primarily relied on basic heuristics, such as analyzing a travel history of customers
or identifying similar customer profiles, to generate recommendations. While this approach
did provide suggestions based on some level of historical patterns, it had several significant

limitations.

One of the primary issues with the previous system was its lack of personalization. Rather
than offering truly individualized recommendations, the system would often recommend a
common set of destinations to groups of customers with similar travel histories, without con-
sidering the unique characteristics and preferences of each individual. As a result, customers
were often presented with recommendations that didn’t fully align with their specific travel

interests or goals, diminishing the overall value and relevance of the suggestions.

More critically, the old system lacked explainability. It could not provide clear or meaningful
reasons why particular destinations were recommended to each customer. As travel decisions
are often influenced by a variety of personal factors—such as preferred climate, activities,
culture, or entertainment options—the absence of an explanation for why certain cities were
recommended left many customers feeling uncertain about the relevance of these suggestions.
This lack of transparency hindered the ability of our airline partner to build trust with their
customers, as they were unable to communicate the specific attributes or experiences that

might make a destination an appealing choice.

The limitations of this approach became increasingly apparent as customer expectations
evolved. Modern travelers, particularly those engaging with advanced technology in other
areas of their lives, now expect personalized, data-driven recommendations that feel aligned
to their unique interests. They are also more likely to engage with and trust recommendations

when given clear explanations of why each destination is a good match for their preferences.

In light of these issues, our airline partner recognized the need to enhance its destination rec-
ommender system to offer not only greater personalization but also robust explainability. The

goal was to develop a system capable of identifying and highlighting the key characteristics of
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each destination—such as natural features, cultural events, or entertainment options—that

align with the individual interests of travelers.

4.2 Preliminary Experiment

Before starting the development phase of the destination recommender system at the airline
company, we consulted with experts from the customer loyalty team to understand their
expectations and opinions about the new system. The following statements are paraphrased

from informal interviews with two experts working at the industrial partner:
1- What are your expectations from Recommender Systems?

My main expectation for the recommender system is that it should be flexible enough to
address specific business needs. Its primary objectives include detecting similarities between
cities for targeted marketing, providing explainability, and establishing a mathematical frame-
work to leverage individual customer activities. This will enable us to offer personalized
recommendations or to segment customers based on their travel interests and make tailored

recommendations to each segment.

I expect the system to accurately identify key attributes and characteristics of each city
we serve and to compare these characteristics across cities, identifying those with the most
similarity. It should be intelligent in its comparisons, providing diverse recommendations
based on distinct features. For example, a city similar to "Cancun" could include other beach

destinations or cities known for vibrant nightlife, even if they lack beaches.

Additionally, I anticipate that the system will rely on the latest technologies and integrate
data from various sources to precisely capture unique traits of each city. This includes
using advanced NLP models, such as deep learning models like BERT or count-based models
like TF-IDF, and exploring creative data sources (e.g., web scraping, Al-driven tools like
ChatGPT). It is also essential that the system is rigorously tested to remove any biases that

could skew recommendations.

Beyond using cutting-edge technology and high-quality data, the model should be adaptable,
continually evolving as new data sources and cities are added. This ongoing evolution will
ensure it remains relevant and aligned with recent customer trends and changes in destina-
tions. Therefore, the model should be regularly reviewed, with new data sources evaluated
for meaningful improvements. Finally, as a versatile tool, the model is expected to serve
marketing as well as other organizational needs, supporting various teams to address their

business objectives.

2- Which performance indicators are important for you when considering Recommender Sys-
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tems 7

Evaluating a content-based recommender system can be challenging, as some results may
appear subjective. Initially, I recommend building an expert panel to assess if the recom-
mendations of the system align well with expected results. However, the key metric of success
will come from real-world testing with customers. We should conduct controlled experiments,
comparing customer engagement across three groups: those using the new model, those with

the old model, and those receiving random recommendations.

By tracking customer engagement and booking rates, we can assess if the new model drives
higher interaction and conversion compared to the old model and random recommendations.
This setup will allow us to statistically measure the differences between groups and determine

the effectiveness of the new model.
3- What are your preferences when considering Recommender Systems?

I prefer a flexible model that can continuously adapt to the latest customer trends and changes
in destinations. The model should be efficient, providing timely results without long delays,
which makes using pre-trained models like BERT or GloVe crucial. Personalization is also a
high priority: the model should offer explainable, individualized recommendations based on
recent activity of each customer. This personalized approach is essential to enhancing the

overall customer experience.

4.3 Approach

In response to the objective of our airline partner to develop a destination recommender sys-
tem that combines personalized suggestions with robust explainability, we propose a content-
based, feature-driven recommendation model. This system is designed to overcome the limi-
tations of the previous heuristic-based approach by leveraging advanced techniques that offer
a higher degree of personalization and provide transparent explanations for each recommen-
dation. By focusing on both the individual characteristics of each destination and the unique
preferences of each traveler, this model aims to increase customer engagement, satisfaction,

and trust in the recommendation process.

Our approach centers on a content-based recommendation model due to its alignment with
the requirements of the airline partner for transparency and adaptability. The model will
operate by analyzing the features of destinations (such as climate, local attractions, cul-
tural events, and entertainment options) and matching them with the recent travel histories
and stated preferences of individual customers. This method will not only identify relevant

destination attributes but also serve as the basis for post-hoc explainability, an essential



35

component for meeting the expert expectations outlined by the customer loyalty team at the

airline company.

To achieve the required level of personalization and flexibility, we integrate the latest em-
bedding models, particularly those based on deep learning, such as BERT and similar
transformer-based architectures. These embeddings capture semantic relationships between
destinations and facilitate comparisons based on a wide array of destination features. How-
ever, because these advanced models are inherently complex and may lack direct inter-
pretability, we implement a post-hoc explainability layer. This layer translates the underlying
data into clear, understandable reasons for each recommendation, ensuring customers receive

transparent explanations as to why a specific destination has been suggested.

Given that the customer loyalty team of the industrial partner has emphasized the impor-
tance of certain touristic keywords for marketing and communication purposes, we incorpo-
rate keyword and keyphrase extraction techniques to broaden the scope of relevant features.
By employing a range of extraction methods, we identify key attributes that resonate with
each destination and align with experts’ expectations. To further refine these results, we also
explore synonyms and related terms, expanding the analysis beyond exact keyword matches.
This comprehensive approach will ensure the model remains flexible, relevant, and able to
adapt as the preferences of customers evolve. To ensure the accuracy and relevance of the
recommender system, we have weekly sessions with experts from the customer loyalty team.
These sessions allow us to assess the effectiveness of the recommendations in meeting expec-
tations of experts for personalization, explainability, and alignment with customer interests.
During these meetings, the experts review the recommended destinations and the feature-

based explanations provided for each suggestion, offering their feedback.

4.3.1 Dataset

To develop a robust content-based recommender system, we need comprehensive, contextual
data about destinations of the airline company. For this purpose, we collected data for the
200 most popular destinations of that company, using a range of reliable and diverse sources

to capture the unique characteristics of each location. These sources include:

o Wikipedia: A free, widely-used online encyclopedia maintained by a community of
volunteers. It provides comprehensive information about destinations, covering aspects

such as history, culture, landmarks, and climate.!

"https://en.wikipedia.org/wiki/Main_Page


https://en.wikipedia.org/wiki/Main_Page
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o Wikitravel: A global, community-driven travel guide that offers detailed, practical
travel information. Wikitravel entries are structured to give insights into local attrac-

tions, dining, nightlife, and other travel tips.?

o ChatGPT: For each destination, we used ChatGPT to generate additional contextual
information, providing a broad overview of the unique features of each city. This
includes notable attractions, cultural highlights, and potential travel experiences that

align with customer interests.

« Internal Excel File (Destination Guides): This internal dataset, provided by the airline
partner, contains information about each destination, created by teams in that com-
pany. It includes key destination details that are specifically relevant to customers of

the company based on business objectives.

« Air Canada Vacations: This website offers a variety of vacation packages that combine
flights, hotels, cruises, tours, and car rentals. Information from Air Canada Vacations

highlights popular travel packages and top-rated activities.?

« Viator: A global booking platform for tours, activities, and travel experiences, Viator
provides detailed information on various activities available in each destination. This
platform is a valuable source for understanding the types of experiences customers
might seek, enhancing the ability of the recommender system to match customers with

relevant travel options.*

By combining data from these diverse sources, we ensure that the recommender system has

a rich foundation to capture the unique attributes of each destination.

4.3.2 Developing the Destination Recommender System

To build an effective destination recommender system, we utilized various embedding meth-
ods to convert data for each destination into vector representations, enabling the model to
interpret and compare textual information. We experimented with three different embedding

models, each with unique characteristics:

o TF-IDF Vectorizer: This feature extraction technique, available in the scikit-learn li-

brary,® converts raw text documents into a matrix of TF-IDF features. TF-IDF helps

’https://wikitravel.org/en/Main_Page
3https://vacations.aircanada.com
‘https://www.viator.com/en-CA/
Shttps://scikit-learn.org/stable/


https://wikitravel.org/en/Main_Page
https://vacations.aircanada.com
https://www.viator.com/en-CA/
https://scikit-learn.org/stable/
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highlight the importance of words in each document, making it suitable for identifying

key terms associated with each destination.%

e en_core_web_lg: This is the largest English language model in the spaCy library,” with
a size of 788 MB. It uses GloVe word embeddings, which capture semantic relationships
between words and are well-suited for understanding general language patterns relevant

to travel and destination descriptions.®

o all-mpnet-base-v2: Developed by Sentence-Transformers,” this model, based on the
BERT architecture, maps sentences and paragraphs into a 768-dimensional dense vector
space. It is designed for tasks like clustering and semantic search, making it highly
effective for capturing nuanced semantic relationships between destinations based on

their descriptions.'?

Using these models, we embed the textual data for each destination and then computed
similarity scores by applying cosine similarity. This approach allows us to quantify how
closely related two destinations are, based on their contextual attributes, which is essential

for making accurate and meaningful recommendations.

4.3.3 Expert-Defined Touristic Keywords

The experts in customer loyalty team at our airline partner have provided a list of essential
and commonly keywords to be incorporated when recommending destinations to customers.
These keywords reflect the different of a destination that are likely to resonate with interests

and preferences of travelers.

The keyword list encompasses various themes, including activities, attractions, and cultural

elements. Figure 4.1 presents a keyword cloud illustrating these terms.

To ensure the suggestions of the recommender system align with these keywords, we need to
justify the recommendations based on their presence in each description of the destinations.
In the following, we apply keyword and keyphrase extraction techniques to detect these terms
within the destination content, providing a foundation for interpretable and keyword-relevant

recommendations.

Shttps://scikit-learn.org/1.5/modules/generated/sklearn.feature_extraction.text.
TfidfVectorizer.html
"https://spacy.io
8https://spacy.io/models/en#en_core_web_lg
https://www.sbert.net
Onttps://huggingface.co/sentence-transformers/all-mpnet-base-v2
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Figure 4.1 Touristic keywords defined by experts

4.3.4 Feature Explainability Techniques

To implement feature explainability and makeing the results of our destination recommender
system more transparent, we employ various keyword and keyphrase extraction techniques,
ranging from statistical approaches to more advanced transformer-based methods. Specifi-
cally, we implement YAKE! [68], a statistical extraction technique, and KeyBERT [84], a pre-
trained language model-based approach using BERT. Additionally, we incorporate a multi-
word phrase extraction technique that leverages transformer models, specifically ‘keyphrase-
extraction-distilbert-inspec’ [96], to capture keyphrases that capture multiple words, thus

providing more contextually rich information.

Implementation of YAKE! We configure the following parameters for the YAKE! im-

plementation:

» language = "en": Specifies the language of the text.
e max_ngram_size = 3: Sets the maximum length of n-grams for keyword extraction.

o deduplication_ threshold = 0.5: Controls the deduplication limit, helping to avoid

repetitive terms.

o numOfKeywords = 40: Specifies the number of keywords or keyphrases to extract.

These parameters are optimized to capture relevant phrases up to trigrams, balancing detail

with briefness in keyword lists.

Implementation of KeyBERT For our KeyBERT setup, we use the following configu-

rations:
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o model = "all-mpnet-base-v2": Embedding model to represent documents and words.

o keyphrase ngram_range = (1, 2): Defines the n-gram range for extracted keyphrases,

allowing both unigrams and bigrams.

o use_mmr = True: Activates Maximum Marginal Relevance (MMR) to ensure diversity

in extracted keywords.

e top_n = 40: Specifies the number of keywords or keyphrases to extract.

The length of the extracted keywords can be customized by adjusting the ngram parameter in
both of the above techniques. After testing different values, we found that limiting n-grams
to a length of 2-3 produces more accurate and contextually relevant phrases, enhancing the

overall interpretability of the extracted features.

Implementation of Transformer-Based Keyphrase Extraction In additionto YAKE!
and KeyBERT, we use a dedicated keyphrase extraction model, keyphrase-extraction-distilbert-
inspec, that operates on multi-word phrases. Unlike the previous techniques, this approach
is specifically tuned for extracting phrases, and it does not require extensive parameter tun-
ing. Instead, we use the default settings of the model, which are optimized for identifying

significant keyphrases in various contexts.

Combining Extraction Results After applying each method, we merge the outputs from
YAKE! KeyBERT, and the DistilBERT keyphrase extraction model to create a compre-
hensive list of keywords and keyphrases. This aggregated list is used for each destination,

providing a nuanced, multi-faceted representation of important terms.

Mapping Extracted Keywords to Desired Keywords One challenge that arises is
mapping the extracted keywords to a predefined list of desired keywords identified by do-
main experts. To address this, we employ the word2vec_sample model, a pre-trained word
embedding model based on a dataset of 100 billion words from Google News, representing
each word in a 300-dimensional space. For each keyword in our list, we retrieve the top
10 semantically similar words using the word2vec. The purpose of using this model here is
to broaden the search for keywords by including similar words, so that the analysis is not
limited to just exact matches of the specified keywords. This way, if a keyword like beach is
in the list of expert-defined keywords but is not directly found in the text data, we can still

detect related concepts like shore, coast, or sand.

The following step-by-step actions are as follows:
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o Keyword Similarity Mapping: For each expert-defined keyword, we use Word2Vec to
find words with similar meanings or associations. This creates a dictionary of each

keyword and its set of similar words.

o Text Matching: When processing the text and description for each destination, we
check for occurrences of both the exact keywords and their similar words. If a similar
word appears in the city text, it is considered a match for the original keyword, and

the keyword is added to the list of features for that destination.

o Outcome: We save the matched keyword (not the similar word itself) as the feature
associated with the destination. This allows us to capture the expert-defined concepts

even when they appear in slightly different forms in the text.

This approach helps ensure that the main concepts or features of each city are captured more

accurately, even if the exact terms from the keywords list are not present in the text data.

4.4 Experimental Results

In this section, we present an in-depth analysis of the results obtained from various models
and techniques used in developing an explainable destination recommender system. We de-
tail the performance of each approach, moving progressively from simpler models to more
complex ones to highlight the strengths and limitations of each in providing relevant, person-
alized travel recommendations. Our aim is to demonstrate how these models contribute to

improving the quality of recommendations, ultimately enhancing the overall user experience.

4.4.1 Recommendation System Results

The following subsections showcase the recommendation results from the content-based rec-
ommender system. Tables 4.1, 4.2, and 4.3 illustrate the top recommended cities for three
sample input cities—Zurich, Paris, and Tokyo—generated using the TF-IDF, en_ core_web_ lg,
and BERT models, respectively. By comparing the results across models, we analyze the de-
gree of relevance and similarity of the recommendations to the main city based on varying

levels of model sophistication.

The results in tables 4.1, 4.2, and 4.3 reveal notable differences in the relevance and diversity
of the recommended cities across models. With the TF-IDF approach, recommendations
are generally related to cities that share certain textual characteristics with the main city.

However, the en_core_web_1lg model, which leverages more sophisticated word embeddings,



Table 4.1 Recommended cities for three different cities based on Tf-Idf approach.

Main City | Recommended Cities

Zurich Geneva, Hamilton (Ontario), Sault Ste. Marie (On-
tario), Greater Sudbury, Munich, Bogota, Kingston
(Ontario), Regina (Saskatchewan), Milwaukee

Paris Rome, Lisbon, Santiago, Mexico City, Madrid, Milan,
Athens, Brussels, Sao Paulo

Tokyo Seoul, Osaka, Copenhagen, Washington D.C., Warsaw,

Doha, Beijing, Budapest, Bogota

Main City | Recommended Cities

Zurich Copenhagen, Budapest, Vienna, Frankfurt, Munich,
Reykjavik, Amsterdam, Warsaw, Milan

Paris Geneva, Lyon, Montréal, Rio de Janeiro, Barcelona,
Mexico City, Brussels, Bogota, Santiago

Tokyo Seoul, Shanghai, Osaka, Reykjavik, Beijing, Vienna,

New Delhi, London, Istanbul

Table 4.3 Recommended cities for three different cities based on BERT model.

Main City | Recommended Cities

Zurich Geneva, Vienna, Frankfurt, Nice, Paris, Shanghai, Brus-
sels, Amsterdam, Rome

Paris New York City, Lyon, New Orleans, Montréal, Las Ve-
gas, Nice, Chicago, Algiers, London

Tokyo Osaka, Honolulu, Beijing, New York City, Seoul, San

Francisco, Portland (Oregon), Shanghai, Washington,
D.C.
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Table 4.2 Recommended cities for three different cities based on en_ core_web_ lg model.
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offers improved relevance by identifying deeper connections based on linguistic and semantic

similarities.

Finally, the BERT model, a more advanced transformer-based model, provides recommenda-
tions that exhibit a greater understanding of contextual nuances, leading to highly relevant
and culturally or geographically similar cities. For instance, the recommendations for Tokyo
with BERT include cities like Seoul and Osaka, which are culturally aligned and geograph-
ically proximate. This progression highlights that as the models become more advanced,
the quality of recommendations improves, aligning more closely with implicit expectations

of users based on historical travel patterns.

4.4.2 Feature Explainability Results

As discussed in the previous section, we employ three different keyword and keyphrase ex-
traction techniques to enhance the explainability of our destination recommender system.
The techniques—YAKE!, KeyBERT, and keyphrase-extraction-distilbert-inspec—allow us
to identify distinctive phrases and features that characterize each recommended city. This
level of explainability provides users with insights into why a particular city is recommended,

based on its unique attributes, landmarks, or cultural highlights.

Tables 4.4, 4.5, and 4.6 present the extracted keywords and keyphrases for three main
cities—Zurich, Paris, and Tokyo—demonstrating the results for each technique and showcas-

ing how each approach captures the essence of these cities from different perspectives.

Table 4.4 Keyphrases for three different cities by YAKE!

City | Keyphrase

Zurich | Swiss National Museum, Zurich Film Festival, Zurich
Tram Museum, Lake Ziirich

Paris | Paris Fashion Week, Eiffel Tower, Musée Picasso Paris,
Louvre Museum

Tokyo | Tokyo National Museum, Tokyo Metro Ginza, Tokyo
Tower Aquarium, Tokyo Imperial Palace

The results from each technique provide meaningful and contextually relevant features for
each city, reflecting the specific cultural and historical attributes associated with each desti-

nation.
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Table 4.5 Keyphrases for three different cities by KeyBERT

City | Keyphrase

Zurich | Zurich heritage, European artworks, Romanesque archi-
tecture, BolteLang Galerie

Paris | Landmarks Eiffel, Iconic Louvre, Parisian skyline,
Grands Boulevards

Tokyo | Tokyo temples, Shinto architecture, Museum Shinjuku,
Landmarks imperial

Table 4.6 Keyphrases for three different cities by keyphrase-extraction-distilbert-inspec

City | Keyphrase

Zurich | Antique shops, Art galleries, Historic buildings, Magnif-
icent Lake Zurich

Paris | Art museum, City of lights, Eiffel Tower, Louvre Mu-
seum

Tokyo | Ancient temples, Art galleries, Imperial history, Memo-
rable shopping

For instance, YAKE! highlights key events and iconic landmarks such as "Zurich Film Festival"
and "Tokyo Imperial Palace," while KeyBERT captures architectural and cultural elements,
such as "Romanesque architecture" for Zurich and "Shinto architecture" for Tokyo. The
keyphrase-extraction-distilbert-inspec model, however, appears to produce a more
diverse set of keyphrases that encompasses broader aspects of each city, capturing not only
landmarks but also experiences and general characteristics such as "City of lights" for Paris

and "Ancient temples" for Tokyo.

By employing these keyword and keyphrase extraction techniques, we enhance the trans-
parency of the recommendation system, offering users insights into the unique characteristics
of each recommended destination, thereby making the recommendation process more inter-

pretable and trustworthy.
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4.4.3 Keyword Matching Results

In this section, we present the results of the keyword matching process, aimed at expand-
ing our initial set of keywords by identifying and incorporating similar terms. Using the
Word2Vec model, we matched each keyword from our core list with semantically related
words, effectively enhancing the flexibility and coverage of the recommender system. This
approach ensures that the recommender can recognize and connect broader user queries and

descriptions to destinations more accurately.

Table 4.7 demonstrates this process by listing five example keywords from our expert-curated

list along with five semantically similar words generated by the Word2Vec model.

Table 4.7 Main features and their matched features.

Main Feature | Matched Features

Sea Ocean, seas, oceans, waters, coastal

Art Printmaking, Art, arts, paintings, artist
Beach Beaches, seashore, Beach, shoreline, seaside
Music Jazz, Music, songs, musicians, tunes

Entertainment | Entertainments, music, amusements, gaming, leisure

This keyword expansion process significantly broadens the original list by incorporating syn-

non

onyms and closely related terms. For instance, expanding "Sea' to include "ocean," "waters,"
and "coastal" enables the system to better accommodate variations in user terminology and
regional language differences. Similarly, mapping "Art" to terms like "printmaking" and
"paintings" allows the system to understand a interest of users in various art forms even if

they do not specify "art" directly.

By setting the model parameter that controls the number of related keywords generated,
experts can adjust the number of the keyword matching to meet different objectives. For
instance, a broader selection may enhance recommendation flexibility, while a narrower set
may yield more specific matches. This flexibility enables our recommender system to provide
more accurate and contextually relevant destination suggestions, tailored to user preferences

expressed in a variety of ways.
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4.4.4 The Final Results of the Post Hoc Approach

Our post hoc explainable recommender system provides transparency into the destination
recommendation process by highlighting key features associated with each recommended
city. This approach is designed to recommend cities similar to a given main city and then
justify the recommendations by extracting keywords and keyphrases that characterize these
cities. We evaluated our approach for 200 of the most popular destinations offered by our
airline partner, although only a subset of these results was presented in the thesis and related

presentations due to space and time constraints.

Tables 4.8, 4.9, and 4.10 illustrate the top 3 recommended cities for three main cities—Zurich,

Paris, and Tokyo—along with the top 10 features that make these cities similar.

Table 4.8 Zurich and recommended cities with features.

Main City Features

Zurich Nature, lake, hiking, museums, art, architecture, cul-
ture, food, shopping, festivals

Recommended Cities | Features

Geneva Lake, nature, hiking, museums, art, culture, luxury,
safety, transportation, climate

Vienna Architecture, museums, art, culture, music, festivals,
luxury, safety, transportation, food

Frankfurt Skyscrapers, architecture, museums, culture, trans-
portation, shopping, festivals, food, climate, safety

The system consistently identifies both relevant cities and relevant features across cities. For
example, attributes of Zurich like nature, lake activities, and cultural richness align it with
cities like Geneva and Vienna, while focus of Paris is on art, luxury, and cultural landmarks
matches it with cities such as Lyon and Montréal. Meanwhile, modern amenities and outdoor

activities of Tokyo are reflected in cities like Osaka and Seoul.

The results demonstrate the usefulness of the system in identifying relevant cities based
on shared features, highlighting the key attributes that make one city similar to another.
For instance, appeal of Zurich lies in the rich natural landscapes, such as lakes and hiking
opportunities, alongside the cultural offerings like museums and art, which position it as

similar to cities like Geneva and Vienna. These cities share a combination of natural beauty



Table 4.9 Paris and recommended cities with features.

Main City

Features

Paris

art, architecture, museum, culture, luxury, food, shop-
ping, theater, festival, music

Recommended Cities

Features

Lyon art, architecture, food, culture, museum, theater, festi-
val, luxury, nature, skyscraper

Montréal art, architecture, food, culture, museum, festival, the-
ater, music, shopping, luxury

Brussels art, architecture, food, culture, museum, theater, festi-
val, luxury, shopping, geography

Table 4.10 Tokyo and recommended cities with features.
Main City Features
Tokyo Hotel, beach, hiking, subway, shopping, architecture,

art, port, downtown, surf

Recommended Cities

Features

Osaka

Hotel, hiking, subway, shopping, sea, climate, art, down-
town, island, surf

Seoul Hotel, hiking, ski, shopping, sea, architecture, art, port,
resort, downtown
Shanghai Hotel, subway, shopping, sea, architecture, climate, art,

resort, downtown, island
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and cultural heritage, emphasizing features such as scenic views, outdoor activities, and a

strong presence of art and history.

Similarly, Paris, renowned for its cultural landmarks, art, luxury, and culinary delights, finds
strong parallels with cities like Lyon and Montréal. Both Lyon and Montréal, like Paris, offer
a rich mix of art, architecture, and food, along with a reputation for luxury and cultural
festivals, making them fitting recommendations for travelers seeking a similar experience.

The system highlights the importance of specific attributes such as art, theater, and festival
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scenes in drawing comparisons between these cities. Meanwhile, modern urban infrastructure
of Tokyo, combined with outdoor activities like hiking and surfing, positions it as similar to
Osaka and Seoul, two cities with a comparable blend of contemporary amenities and nature-
based experiences. The shared features between these cities, such as transportation networks,
shopping districts, and coastal attractions, underline the ability of the system to recommend

destinations that are similar to each other,

4.5 Evaluation of Results by Experts

To evaluate the effectiveness of our explainable destination recommender system, we con-
duct weekly review sessions with experts from customer loyalty team at the airline company.
These experts provide valuable insights by comparing the recommended cities and associated
features with the recommendations produce by existing recommender system of the company,
which only considers city similarity without explainability. Given their expertise in customer
preferences and destination characteristics, the experts are able to assess not only the accu-
racy of the recommended cities but also the relevance and quality of the explainable features

for each recommendation.

For a systematic evaluation of the recommended cities, we conduct a case study using the
precision@k metric, a standard measure for evaluating recommender systems. Precision@k

reflects the proportion of relevant items within the top-k recommendations, calculated as:

o number of recommended items @k that are relevant
Precision@k =

number of recommended items @Qk

In consultation with domain experts, we set k = 10 and considered a recommendation relevant
if it aligns with the assessments of experts regarding suitable cities for each main city. We
find that our content-based recommender system improved precision, raising it from 4/10 in

the current system to 7/10, as confirmed by the evaluations of the experts.

Based on the rating of the experts, among the various models we employ, only the results
generated by the en_core_web_lg and BERT models are accurate enough for use, whereas
the results from TF-IDF are considered less accurate, aligning with our initial expectations.
Therefore, our precision@k evaluation focuses exclusively on the comparison between the
en_core_web_lg and BERT models. Tables 4.11 and 4.12 present the comparative evaluation
results for two main cities, Paris and Tokyo, highlighting how our proposed recommendation

cities align more closely with the judgments of the experts.

Through these evaluations, we observe that the content-based recommendations of our sys-
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Table 4.11 Paris and recommended cities comparison with precision

Main City | Recommended Cities and Precision@k

Paris [‘Boston’, ‘Rome’, ‘Vienna’, ‘New York’,
‘Newark’, ‘London’, ‘London’, ‘Toronto’,
‘Toronto’, ‘Seoul’]

Precision@k: 4/10

Paris [‘New York City’, ‘Lyon’, ‘New Orleans’,
‘Montréal’, ‘Las Vegas’, ‘Nice’, ‘Chicago’,
‘Algiers’, ‘London’, ‘Brussels’]

Precision@k: 7/10

Paris [‘Geneva’, ‘Lyon’, ‘Montréal’, ‘Rio de
Janeiro’, ‘Barcelona’, ‘Mexico City’,
‘Brussels’, ‘Bogota’, ‘Santiago’, ‘Lisbon’]
Precision@k: 7/10

tem generally aligned better with the assessments of the experts. For instance, for Paris,
the proposed system recommended cities like Lyon and Montréal, which share cultural and
lifestyle similarities with Paris, unlike the current recommendation system that included less
relevant cities. Similarly, recommendations for Tokyo included culturally and geographically
related cities like Seoul and Osaka, which better matched the views of the experts on des-
tination similarity. This evaluation confirms the potential of our explainable recommender
system to enhance user satisfaction by providing recommendations that are both accurate

and interpretable, thereby improving the quality of destination recommendation.

In our case study, we dedicate a portion to validating the features extracted for each main
city and the recommended cities. Experts in customer loyalty team at the airline company
assess these features, determining their meaningfulness, accuracy, and practical usability.
They found the extracted features beneficial not only for recommendation purposes but also
for engaging with customers in targeted marketing campaigns. For instance, by focusing on
specific features such as art, culture, and luxury, the experts believe these insights could
help craft personalized emails suggesting destinations that resonate with travel histories of
the customers. This approach allows for tailored recommendations that enhance customer

engagement, leveraging known preferences and interests of travelers.

The alignment between the features identified for "Paris" and the corresponding features
for recommended cities such as Lyon, Montréal, and Brussels (see Table 4.9) met expert

expectations. For example, the attributes for Paris—art, architecture, museums, culture,
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Table 4.12 Tokyo and recommended cities comparison with precision

Main City | Recommended Cities and Precision@k

Tokyo [‘Tokyo’, ‘Osaka’, ‘Vienna’, ‘London’,
‘London’, ‘New York’, ‘Newark’, ‘Toronto’,
‘Toronto’, ‘Seoul’]

Precision@k: 4/10

Tokyo [‘Osaka’, ‘Honolulu’, ‘Beijing’, ‘New York
City’, ‘Seoul’, ‘San Francisco’, ‘Portland’,
‘Shanghai’, ‘Washington,D.C.’, ‘London’]
Precision@k: 7/10

Tokyo [‘Seoul’, ‘Shanghai’, ‘Osaka’, ‘Reykjavik’,
‘Beijing’, ‘Vienna’, ‘New Delhi’, ‘London’,
‘Istanbul’, ‘Hong Kong’]

Precision@k: 7/10

and luxury—are similarly prominent in Lyon, Montréal, and Brussels. Each of these cities
shares characteristics like an emphasis on culture, food, and festivals, which are popular
aspects of Paris. This alignment, seen in the close match of features across recommended
cities, reveal the ability of the proposed recommender system to capture the essence of each

destination accurately.

4.6 Limitations

The proposed explainable destination recommender system faces some limitations. The re-
liance of the system on a predefined list of keywords can sometimes oversimplify city de-
scriptions. Cities are complex and multi-faceted, and a limited set of keywords may not
fully capture their unique qualities. For instance, a city known for both modern and histor-
ical architecture might lose this depth if it is grouped with cities sharing only one of these
features. This limitation may impact the relevance of recommendations for users with di-
verse interests. Additionally, the performance of the system depends on the quality of the
data sources used. If certain cities are better documented in these sources, the recommen-
dations might favor these well-documented locations, limiting variety. Expert evaluations,
while insightful, are subjective and may not perfectly match the preferences of every traveler.
Moreover, the evaluation relies on Precision@k, which assesses relevance but not diversity
or novelty—important factors in creating engaging recommendations. A more balanced ap-

proach with metrics like recall or user satisfaction would give a fuller picture. Finally, the
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lack of a re-ranking step limits the ability of the system to prioritize the most relevant cities
and features. Adding a re-ranking component could enhance the accuracy by refining the
results based on user preferences, improving the overall personalization and relevance of the
recommendations. Another limitation lies in the lack of LLMs in this experiment. Inte-
grating LLMs could enhance the quality of recommendations by enabling deeper contextual

understanding and better capturing nuanced aspects of cities.

4.7 Conclusion

In conclusion, this chapter presents an explainable destination recommender system aimed
at providing users with personalized and meaningful destination suggestions based on feature
extraction. By identifying key features that define each city, the system delivers recommen-
dations aligned with the preferences of users, with a focus on transparency so users can
understand the rationale behind each suggestion. Expert evaluations highlight the effective-
ness of the system in offering relevant travel recommendations, though certain limitations
remain, such as the risk of oversimplifying complex city characteristics and relying heavily

on specific data sources, which may impact the diversity and accuracy of recommendations.

In the following chapters, we explore advanced information retrieval techniques, particularly
ranking models, to retrieve highly relevant data from large corpora. These methods can
enhance recommender systems by enabling models that incorporate nuanced ranking strate-
gies. Additionally, we propose prompt engineering techniques designed to directly optimize
recommendations. These prompting techniques leverage the power of LLMs to improve rec-
ommendation precision and adapt to diverse user contexts, potentially overcoming some of

the limitations observed in this chapter.
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CHAPTER 5 RE-RANKING STEP BY STEP: INVESTIGATING
PRE-FILTERING FOR RE-RANKING WITH LARGE LANGUAGE
MODELS

5.1 Pre-Filtering Step in Information Retrieval Pipeline

LLMs have revolutionized natural language processing (NLP) tasks with their zero-shot ca-
pabilities, achieving significant advances across a range of applications, including IR and
passage ranking [100,159]. These models, such as GPT-4 and Mixtral, are pretrained on ex-
tensive and diverse text data, their responses are increasingly human-like and closely aligned
with human intentions [1]. Consequently, they are increasingly integrated into IR systems to

enhance query-passage matching and ranking tasks.

A typical information retrieval system comprises multiple components organized into a pro-
cessing pipeline. This pipeline features two primary stages: the retriever and the reranker [160].
While the retriever selects the most relevant passages from a large-scale corpus, the re-ranker
focuses on re-ordering (i.e., re-ranking) the candidate passages, using their relevance. Al-
though this two-stage architecture is widely used, multi-stage or cascade ranking approaches
have a longer history in retrieval system design [161]. Based on these architectures, each

component can thus be optimized for its given task.

The advent of LLMs has brought notable advancements to the IR pipeline. Research in this
field, if we broadly include transformer-based models like BERT, has primarily concentrated
on applying such models as dense or sparse retrievers in the first stage of the pipeline [1].
However, if we limit the term LLM to refer specifically to highly parameterized, decoder-only
or encoder-decoder transformers, there has actually been more initial focus on employing
them in the re-ranking stage—especially in zero-shot settings—than in retrieval. Recent
studies on zero-shot re-ranking with LLMs, for example, have shown substantial perfor-
mance improvements [10]. Existing approaches for zero-shot re-ranking with LLMSs include
Pointwise [13,15], Pairwise [12], Setwise [11], and Listwise [10, 14] methods. Each approach
uses specific prompting techniques to generate relevance estimates, improving the quality of

re-ranking.

Despite these advancements, one challenge remains: even with advanced models, some pas-
sages retrieved by initial retrievers, such as BM25 [24], may still be irrelevant to the query.

This results in inefficiencies and limits ranking performance.

In this chapter, we propose a novel LLM-based pointwise pre-filtering method that filters out
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irrelevant passages before they are given to the re-ranker. We design a pointwise prompting
strategy which instructs the open-source LLM to generate a relevance score for each passage
based on its relevance to the given query in the range of 0 to 1. Then, using a sample of
generated scores, we establish a specific threshold for passage filtering. Using this threshold
we can then pre-filter any new passage. Passages that exceed this threshold are retained as
relevant passages and forwarded to the re-ranker, while those falling below the threshold are
discarded. By implementing this straightforward process, only relevant passages are passed
to the ranker, reducing the overall number of passages in the ranker. To investigate the

usefulness of our proposed approach we focus on the following two research questions:

RQ1: Can existing human-labeled relevance scores (i.e., qrels) be used to help LLMs

filter out irrelevant passages?

RQ2: Does filtering out irrelevant passages before re-ranking improve the results of an
LLM re-ranker?

To answer RQ1 we investigate prompting Mixtral-8x7B-Instruct (with 4-bit quantization) to
assign a quantitative value to the relevance of passages retrieved by BM25. We then leverage
human-labeled relevance scores (i.e., qrels in the TREC and BEIR datasets), to determine a
relevance value below which passages should be deemed irrelevant (i.e., a relevance threshold).
We evaluate our approach on three datasets (TREC-DL2019, TREC-DL2020, and four BEIR
tasks) and find that it is generally possible to find a threshold value—using F1 score-that
maximizes the relevance of the retrieved passages. We also find that this threshold value

(0.3) appears mostly stable across all of the tested datasets.

To answer RQ2, we investigate the use of a pre-filtering step—to filter out irrelevant passages—
before re-ranking passages with Mixtral-8x7B-Instruct (loaded with 4-bit quantization). Again,
we evaluate our approach on three datasets (TREC-DL2019, TREC-DL2020, and four BEIR
tasks) and find that the use of a pre-filtering step significantly improves the resulting re-
ranking of passages. Indeed, after using our pre-filtering step, a limited model such as
Mixtral-8x7B-Instruct (loaded with 4-bit quantization) can become competitive with— and

in one case surpass—much larger, and resource intensive, models such as GPT-4.

5.2 LLM-based Pre-Filtering

In this section, we propose a new pointwise LLM-based pre-filtering step to score passages
based on their relevance to the query and filter out irrelevant passages before any re-ranking

is conducted. Below, we explain the significance of this step, describe the prompting strategy
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used for generating relevance scores in the pointwise manner, outline the process of analyzing

the generated scores, and explain how we set the thresholds.

Our proposed pre-filtering step is straightforward yet efficient. The main goal of this step
is to filter irrelevant passages before passing them to a re-ranker, thus decreasing the total
number of passages that require re-ranking. After the initial retrieval stage (e.g., based on
BM25 [24]) retrieves a set of passages for a given query, each passage is evaluated by an
LLM-based filter to determine its relevance to the query. This pointwise filter, using the
language understanding capabilities of LLMs, assigns a relevance score to each passage (e.g.,
from 0 to 1 where 0 denotes a completely irrelevant passage, and 1 denotes a fully relevant
one). Then, a threshold is set based on both the qrels and these scores. Passages with
scores at or above the threshold are passed to the re-ranker, while those with scores below
the threshold are discarded. Using the pre-filtering step, the number of irrelevant passages
that can misguide the re-ranker decreases, leading to improved performance for the re-ranker.

Figure 5.1 illustrates the role of the pre-filtering step in the information retrieval pipeline.

5.2.1 Pointwise Prompt Design for Score Generation

To design our pointwise prompt, we use two well-known prompting methods:
Chain-of-Thought (CoT) [110,116]: This method allows LLMs to produce interme-
diate reasoning steps explicitly before generating the final answer.

Plan-and-Solve (PS) [17]: This method consists of designing a plan to divide a task

into smaller subtasks and then carrying out the subtasks according to the plan.

Our proposed zero-shot prompt is a combination of both of these reasoning methods:

1 will provide you with num passages along with a query. Each passage has an alphabet
label next to it. Generate the relevance score for the passages concerning the query. The
relevance score is a number from 0-1 based on how relevant you think the passage is to
the query. Grasp and understand both the query and the passages before score generation.
Then, based on your understanding and analysis quantify the relevance between the

passage and the query. Give the rationale before answering.

Passage: {passage}
Query: {query}

In the first part of the prompt, we devise a plan for the LLM to understand both the query and

the passage, and then, based on its analysis, generate a relevance score. In the second part,
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Top-K LLM-based Passages
passages pre-filtering  above the
step threshold

Query —> | Retriever | —> ! —> | [—> D —> Re-ranker

Figure 5.1 The role of the pre-filtering step in the information retrieval pipeline.

we include a sentence asking the LLM to explain the rationale behind the score generation.
By designing this plan and instructing the LLM to provide a rationale before responding, its
understanding of the query and the passage is incrementally enhanced. Our manual analysis
of multiple different prompts led us to believe that this step-by-step approach results in the

generation of more accurate relevance scores.

5.2.2 Analyzing Relevance Scores

To give context to the relevancy scores generated by LLMs for the passages, they should be
compared with an existing baseline. In our experiments, we make use of the relevancy levels
in the query relevance judgments (qrels) file for each passage. These relevancy levels have
somewhat similar interpretations across different datasets; however, details can be different.
In all cases, higher scores indicate greater relevance between the query and the passage.
However, the interpretation of a level [1] score differs: in some datasets, a score of [1] is
considered relevant; in others, irrelevant; and in some others, it is interpreted as partially
relevant. We categorize the datasets based on the the interpretation of a level [1] score as

follows:

« Datasets where a relevancy level of [1] is interpreted as either relevant (e.g., Touche [23])
or partially relevant (e.g., Covid [23]), a relevancy level of [1] or higher is considered

relevant.

» Datasets where a relevancy level of [1] is interpreted as not relevant (e.g., TREC-DL19,
TREC-DL20 [21,22]), a relevancy level of [1] or lower is considered irrelevant. In these

datasets the nDCG scores use a gain value of 1 for related passages.
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5.2.3 Setting a Relevance Threshold

Since the scores generated by LLMs are decimal numbers between 0 and 1, we convert these
scores to be comparable with the integers that represent relevancy levels. Thus, we set a

threshold to replace the decimal scores with the following values:

1, if the score at the threshold
Spre = ¢ 1, if the score above the threshold (5.1)
0, if the score below the threshold

Where passages with a relevancy score at or above this threshold are considered relevant and
assigned a score of 1, while those below the threshold are given a score of 0. Next, the four
elements of the confusion matrix—true negatives, true positives, false positives, and false
negatives—are calculated. This is done by comparing the Sy, for each passage with the
relevancy levels in the qrels file. Since not all passages in each dataset have relevancy levels
assigned, we only use the passages with relevancy levels in the qrels file to compute these
four elements. After the threshold value is selected, even passages without relevancy levels
can then be considered, as the LLM can still generate scores for them, and their scores can
thus be replaced based on the previously defined threshold. Based on these values, Precision,
Recall, and F1 Score are computed for each threshold and the threshold with the highest F1

Score is selected.

In the context of IR systems, these elements are defined as follows:

True Negative (TIN): Both the qrels files and the LLM classify the passage as irrel-

evant.
True Positive (TP): Both the qrels files and the LLM classify the passage as relevant.

False Positive (FP): The grels files classify the passage as irrelevant, but the LLM

classifies it as relevant.

False Negative (FN): The qrels files classify the passage as relevant, but the LLM

classifies it as irrelevant.

We initially select the threshold value randomly within the predefined range of 0 to 1. Our
analysis indicates that, when evaluating thresholds beyond the initial value, it is sufficient
to compare the F1 scores obtained for slightly higher and slightly lower thresholds. This
approach effectively captures the trend across other potential threshold values, enabling the

identification of the optimal threshold.
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5.3 The Advantages of Pre-Filtering

In IR systems, the primary objective is to retrieve information that fully or partially matches
queries of the users. While identifying both relevant and irrelevant passages is important,
minimizing false negatives (FNs)—unretrieved relevant documents—is particularly critical,
as these cannot be recovered later in the pipeline. To address this, our approach focuses on
optimizing the F1 score by adjusting the retrieval threshold to increase true positives (TPs)
and true negatives (TNs) while reducing FNs. Although reducing false positives (FPs), or
non-relevant documents, is also a goal of our approach, they are less problematic, as they

can be deprioritized by the re-ranker later in the pipeline.

By removing irrelevant passages, the total number of initial passages sent to the final re-
ranker, and consequently the number of calls to LLM during the re-ranking phase, will

decrease. This enhancement will improve the accuracy of the re-ranking step.
Figure 5.2 illustrates the effect of the threshold on retaining or discarding passages.

We test our proposed approach using an open-source LLM (i.e., Mixtral) which is easily
accessible for both academic research and industry applications. Since this is an open-source
model, there is no need for commercial LLM APIs, which can be expensive and may not
satisfy some data privacy concerns. Furthermore, our experiments show that our approach
allows smaller, more limited models, to remain competitive with much more demanding
models. This can allow resource-constrained situations to still make use of state-of-the-
art re-ranking. Our pre-filtering step is designed based on Zero-Shot prompting and thus
eliminates the need to retrain or fine-tune the LLM. The complexity of our method is linear,
O(n), and by discarding irrelevant passages, it reduces the number of LLM inferences required
in the final re-ranking step. Since access to model logits is typically restricted with closed-
source LLMs, we focused on leveraging the generation capabilities of the models instead.
This approach allows us to work flexibly with both open- and closed-source LLMs and also
aligns with our goal of enhancing model interpretability and performance. Table 5.1 presents

properties of different re-ranking methods with LLMs.

5.4 Passage Re-Ranking with LLMs

After filtering out irrelevant passages, i.e., passages below the threshold, any LLM re-ranking
method—Listwise, Pairwise, and Setwise—is applicable. For our experiments, we use Listwise
prompting [10], which employs an instructional permutation generation method combined
with a sliding window strategy to directly output a ranked list of candidate passages. In

Listwise prompting, the LLMs receive a prompt with a given query, a list of candidate
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Threshold = 0.3

P1 P2 5 P3
Score =0 Score = 0.1 Score = 0.4
P4 P5 P6
Score =0.2 Score =0 : Score = 0.5
P7 P8 i P9
Score = 0.15 Score = 0.25 : Score = 0.6
discard ; keep

Figure 5.2 The effect of the threshold on the number of passages.

passages, and an instruction to generate a ranked list of passage labels based on their relevance

to the query.

Due to the input length limitations of LLMs, it is not possible to include all candidate passages
in a single prompt. To handle this issue, this approach uses a sliding window method which
involves ranking a window of candidate passages, starting from the bottom of the original
ranking list and moving upwards. This process can be repeated multiple times to achieve an
improved final ranking. We select this approach as the final re-ranking step for two reasons;
(1) this approach strikes a middle ground between efficiency and effectiveness, and (2) this
method enables the use of early stopping mechanisms that focus specifically on the top-K

rankings, enhancing efficiency.

5.5 Experimental Results of LLMs

5.5.1 Datasets

Consistent with previous related research [10-12], our experiments are conducted on two
well-established benchmark datasets in information retrieval research. These benchmark
datasets include TREC-DL [21,22] and BEIR [23].

TREC

TREC is a widely used benchmark dataset in information retrieval studies. To allow compar-
ison with prior work, we use the test sets of the 2019 and 2020 competitions: TREC-DL2019



o8

Table 5.1 Properties of different re-ranking methods with LLMs. #LLM calls: the number of
LLM API Calls in the worst case. Logits: access to the LLM’s logits is required. Batching:
batch inference is allowed. Generate: Token generation is required. N: the number of passages
to re-rank. K: the number of top-k relevant passages to find. c¢: the number of compared
passages at each step. N’: the number of filtered passages, which is often much smaller than
the initial N, and in the worst case, it is equal to N.

Methods #LLMcalls Logits Batching Generate
Pointwise O(N) X X

Listwise O(K % N) X
Pairwise(all pairs)  O(N?) X X X
Pairwise(heap sort) O(K xlog, N) x x
Pairwise(bubble O(K % N) X X
sort)

Setwise(heap sort)  O(K #log, N) X

Setwise(bubble o(K+(2))  x

sort)

Pre-Filtering O(N)+O(K «N") X X

and TREC-DL2020. Both datasets are human-labeled and contain 43 and 54 queries, re-
spectively. Fach dataset is derived from the MS MARCO v1 passage corpus, which contains
8.8 million passages, with more comprehensive labeling. Based on the interpretation of the
relevancy scores in the qrels files of these datasets, while passages with the relevancy level
of [1] are considered irrelevant, they contribute positively to the nDCG score. Therefore,
for these datasets, we conduct our experiment in two different scenarios with two different
thresholds: (i) Considering passages with a relevancy level of [1] as relevant. (ii) Considering

passages with a relevancy level of [1] as irrelevant.

BEIR

BEIR consists of diverse retrieval tasks and domains. Due to limited resources, we could
not run our experiments on all of the BEIR tasks. Therefore, we choose to concentrate on
four tasks in BEIR to evaluate the models:(i) Covid retrieves scientific articles addressing
queries related to COVID-19. (ii) Touche is a dataset that focuses on argument retrieval for
controversial questions. (iii) Signal is a data collection of retrieved tweets for news articles.
(iv) News is a dataset that focuses on relevant news articles based on news headlines. In all
of these four datasets, passages with the relevancy level of [1] are interpreted as relevant or
partially relevant. Thus, we run our experiment only in one scenario with one threshold for

these datasets: Considering passages with a relevancy level of [1] as relevant.
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5.5.2 Implementation and Metrics

To enable fair and direct comparison with prior works, our experiments are conducted using
the top 100 passages retrieved by BM25, serving as the first-stage retriever through Pyserini!
with its default settings. We evaluate the effectiveness of approaches using the NDCG@10
metric, which is the official evaluation metric for the datasets used. As one of the main
goals of this chapter is to investigate the effects of open-source LLMs on re-ranking tasks,
we employ the open-source language model Mixtral-8x7B-Instruct-v0.1 [100], which has 46.7
billion parameters, for both the LLM-based pre-filtering and re-ranking steps. Due to the
input length limitations of LLMs, we divide the initial list of passages into smaller chunks for
the pre-filtering step, each containing 5 elements, before processing them with the LLM. We
use b elements as it provides a balance between computational efficiency and effectiveness.
For the re-ranking step, we implement the sliding window strategy introduced by Sun et

al. [10], with a window size of 10 and a step size of 5.

We carry out our experiment on a Google Cloud a2-highgpu-1g machine equipped with a
single NVIDIA A100 40GB GPU with 40 GB of memory, and 12 vCPUs. Due to resource
constraints, the LLM is loaded with 4-bit quantization. Using these resources, we conducted
our experiments separately for each group of datasets using the methodology presented in
Section 5.2.

5.5.3 Setting the Threshold Values

As discussed in Section 5.2.3, our approach depends on threshold values. For all four tasks
in the BEIR benchmark, we set a single threshold by considering passages with a relevancy
level of [1] as relevant. Our analysis determines that 0.3 is the optimal threshold for BEIR,

as it yields the highest F'1 score compared to other values.

For both datasets in the TREC benchmark, we set two thresholds: one by considering pas-
sages with a relevancy level of [1] as relevant, and another by considering passages with
a relevancy level of [1] as irrelevant. Here, we find that a threshold of 0.3 is once again
optimal, similar to its performance on the BEIR dataset, as it achieves the highest F1 score

compared to other values.

Our evaluation of these threshold values answers our first research question (RQ1). We find
that qrels can be used to determine a threshold value that can effectively help our chosen LLM
filter out irrelevant passages. Also, we find that the threshold 0.3 is stable for our LLM across

all datasets. This implies that future datasets need not necessarily have expert judgement (or

Thttps://github.com/castorini/pyserini
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grels) to use our approach in a useful fashion. The use of a previously determined threshold

may be sufficient to obtain decent pre-filtering power.

5.5.4 Minimum Number of Required Qrels

To establish a robust threshold for filtering irrelevant passages, we identify a stable value
of 0.3 across all datasets, yielding comparable performance to prior benchmarks. However,
our approach relies on the complete qrels file for each dataset, which may not be feasible in
real-world scenarios due to the scarcity of labeled data. Therefore, we conducted an empirical
study on the DL19 dataset to determine the minimum number of qrels required to achieve

competitive results, particularly focusing on F1 scores and NDCG@10.

The DL19 dataset contains 43 queries, and we retrieve 100 passages per query using BM25,
resulting in 4300 passages. Among these, only 2257 passages have relevance labels in the
qrels file. We thus discard the remaining 2043 passages. We then partitioned the labeled
dataset into two subsets: 80% for training to determine the optimal threshold and 20% for

testing its effectiveness.

To simulate scenarios with limited labeled data, we experimented with various sample sizes
starting at 20 and incrementally increasing to the full dataset size. For each sample size
presented in Table 5.2, we used random sampling without replacement, repeated the exper-
iments 10 times, and averaged the results to ensure consistency. The goal is to evaluate
the effect of sample size on the F1 score and NDCG@10. The results are summarized in
Table 5.2:

Table 5.2 Empirical study results on DL19 to find the minimum number of required labeled
samples.

Sample Size Threshold F1 Score Precision Recall NDCG@10

20 0.182 0.921 0.908 0.939 45.28
40 0.308 0.881 0.880 0.885 44.44
80 0.308 0.860 0.850 0.873 44.44
100 0.250 0.872 0.849 0.897 44.54
Half 0.220 0.861 0.829 0.896 44.54
All 0.200 0.861 0.827 0.897 45.28

The results indicate the following key findings:

« Stability of NDCG@10: The NDCG@10 values remain mostly consistent across all sam-
ple sizes, with negligible variations. This demonstrates that even a small subset of qrels

is sufficient to identify a robust threshold for filtering irrelevant passages effectively.
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o Small Sample Effectiveness: As few as 20 labeled samples achieve high F1 scores (0.921),
indicating that a minimal amount of labeled data can yield reliable thresholds for

filtering.

While using the entire qrels file ensures optimal performance, our findings suggest that a small
percentage of labeled data is enough for determining effective thresholds. This significantly

reduces the need for annotations in real-world applications while maintaining performance.

5.5.5 Results on Benchmarks

To situate our results, we compare our approach with state-of-the-art supervised and unsu-

pervised passage re-ranking techniques.

The supervised baselines are as follows: monoBERT [162]: A BERT-large based cross-
encoder re-ranker, trained using the MS MARCO dataset. monoT5 [163]: A sequence-to-
sequence re-ranker that uses T to calculate the relevance scores using pointwise ranking loss.
RankT5 [164]: A re-ranker that employs T5 and uses listwise ranking loss. Cohere Rerank?:
A passage reranking API named rerank-english-v2.0, developed by Cohere?, which does not
explain the architecture or training method of the model. The unsupervised LLM-based
baselines include: Unsupervied Passage Re-ranker (UPR) [13]: The pointwise approach with
instructional query generation. Relevance Generation (RG) [15]: The pointwise approach
that generates relevance judgments for a given query and candidate items. RankGPT [10]:
The listwise approach generates a ranked list of passage labels based on their relevance to
the query. We also compare our results to Mixtral-8x7B-Instruct without our pre-filtering
step to show the improvement obtained through our pre-filtering.

Table 5.3 presents the evaluation results obtained from the TREC and BEIR datasets. Re-
sults show that: (i): The pre-filtering method can achieve the best results on the Signal and
Touche datasets for NDCG@10, even outperforming commercial solutions (e.g., GPT-4). (ii):
The pre-filtering method outperforms all other methods, other than BM25, for the Touche
dataset. (iii): Pre-filtering achieves an average improvement of 7.2% in nDCG@10 on all
datasets compared to our baseline without pre-filtering. These results answer our RQ2, and

show that pre-filtering irrelevant passages before re-ranking improves its overall results.

2https://txt.cohere.com/rerank/
3https://cohere.com /rerank
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Table 5.3 Results (nDCG@10) on TREC and BEIR datasets by re-ranking top 100 documents
retrieved by BM25.

Methods Threshold DL19 DL20 Covid Touche Signal News
BM25 NA 50.58 47.96 59.47 44.22 33.05 39.52
Supervised
monoBERT (340M) NA 70.50 67.28 70.01 31.75 31.44 44.62
monoT5 (220M) NA 71.48 66.99 78.34 30.82 31.67 46.83
monoT5 (3B) NA 71.83 68.89 80.71 3241 32.55 48.49
RankT5 (3B) NA 72.95 69.63 82.00 37.62 31.80 48.15
Cohere Rerank-v2 NA 73.22 67.08 81.81 3251 29.60 47.59
Unsupervised LLM-based
UPR (FLAN-T5-XXL) NA 62.00 60.34 72.64 21.56 30.81 42.99
RG (FLAN-UL2) NA 64.61 65.39 70.22 24.67 29.68 43.78
RankGPT (gpt-3.5-turbo) NA 65.80 62.91 76.67 36.18 32.12 48.85
RankGPT (gpt-4) NA 75.59 70.56 85.51 38.57 34.40 52.89

Pre-Filtering Step
PF (Mixtral-8x7B-Instruct) 0.3 69.39 64.42 81.64 43.94 37.09 51.20
Baseline Without Pre-Filtering Step
Mixtral-8x7B-Instruct NA 60.88 55.85 66.48 43.1  35.68 47.16

5.6 Limitations

The limitations of this work include the threshold-setting process, where the initial threshold
value is selected randomly. Based on this value, the F1 score is computed to find the optimized
threshold. Although the threshold introduced in this chapter is derived from analysis and the
results reveal their effectiveness, these thresholds are dependent on the dataset and might
differ for different datasets. Additionally, our approach depends heavily on the qgrels files
and the interpretation of relevance levels for the dataset. We conduct an empirical study
to determine the minimum number of labeled passages required, specifically on the DL19
dataset. However, the generalizability of these findings needs to be further investigated.
As the pre-filtering step is an intermediate step in the information retrieval pipeline, its
effectiveness is closely related to other elements in the pipeline, such as the retriever and
re-ranker. Due to hardware constraints, particularly GPUs, we only ran our experiments on
four datasets (Covid, News, Signal, Touche) instead of the eight datasets used in BEIR, which
are referenced in similar works. We also tested our experiments on other open-source models,
such as Llama-2-13b, but while the approach did provide improvements over non-prefiltered

results, the results were not comparable to the current state-of-the-art.
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5.7 Conclusion

In this chapter, we conduct a study on the use of a pointwise pre-filtering step before passage
re-ranking with LLMs. We introduce a novel approach to further exploit the power of LLMs
in IR passage ranking. Our experiments on three benchmarks (TREC-DL2019, TREC-
DL2020, and four BEIR tasks) show that using our approach, smaller LLMs (i.e., Mixtral-
8x7B-Instruct with 4-bit quantization), can be made competitive with much larger models.
While our approach does require some expert input, we also show that the amount of input
needed can be small, and furthermore, that the thresholds used appear to be effective across

multiple benchmarks.
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CHAPTER 6 ARTICLE 1 AN EMPIRICAL STUDY OF
SELF-CONSISTENCY AND CONFIDENCE ELICITATION IN LLM-BASED
POINTWISE RE-RANKING Baharan Nouriinanloo , Maxime Lamothe
Submitted to ACL ARR 2024 on October 16 2024

This chapter was submitted for review to NAACL 2025 as an article bearing the title of "[An
Empirical Study of Self-Consistency and Confidence Elicitation in LLM-Based Pointwise Re-
Ranking|". For this article, the main author designed and implemented the approaches, con-
ducted experiments, analyzed results to identify limitations and propose improvements, per-
formed literature reviews to contextualize the research, and authored key sections on method-

ology, results, and contributions.

6.1 LLM-based Poinwise Re-Ranking Problems

LLMs such as GPT-4 [159] and Mixtral [100] have shown significant capabilities across a range
of NLP tasks, including zero-shot document re-ranking in IR systems. Recent studies have
demonstrated that LLMs can achieve impressive results in zero-shot settings for document
ranking [9,10,12,14,15]. However, despite the advances in using LLMs for re-ranking, point-
wise zero-shot approaches often underperform compared to other ranking methods, partly

due to their inherent limitations in generating accurate relevance scores.

Methods for zero-shot document ranking with LLMs can generally be classified into four
primary approaches: Pointwise [9, 13, 15], Listwise [10, 14|, Pairwise [12], and Setwise [11].
Each of these approaches leverages different prompting strategies to help the LLM estimate

relevance scores for candidate documents.

The initial efforts in zero-shot ranking with LLMs primarily adopted a pointwise approach,
in which each document is scored independently in relation to a query, and documents are
ranked according to their individual scores [13,15]. However, this method often yields lower
retrieval performance, as the generated relevance scores are sometimes inaccurate, leading to

suboptimal rankings [11,165].

While recent advancements in self-consistency [18] and confidence elicitation [19] in LLMs
have demonstrated significant improvements in model reliability and decision-making, these
techniques have yet to be fully explored in the context of pointwise re-ranking. Self-consistency,
as proposed in [18], enhances answer quality by sampling diverse reasoning paths and select-

ing the most consistent output, rather than relying on a single, potentially biased answer.
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Confidence elicitation, as shown in [19], allows LLMs to express the confidence level of their
responses, which has been shown to improve the reliability of decision-making in other ap-

plications.

This thesis aims to empirically investigate the effect of incorporating self-consistency and
confidence elicitation into pointwise zero-shot document re-ranking with LLMs. Specifically,
we explore whether these techniques can enhance the accuracy and reliability of pointwise re-
ranking approaches by refining the generated relevance scores and leveraging the confidence
levels of LLMs.

In our experimental setup, we first prompt the LLM to generate a relevance label and corre-
sponding confidence score for each document in relation to the query. We apply temperature
sampling to introduce diversity in the generated outputs by running multiple iterations at

different temperature settings. The study addresses two main research questions:

RQ1: What is the impact of confidence elicitation on pointwise zero-shot LLM-based

document rankers?

RQ2: What is the impact of self-consistency when considering confidence on pointwise

zero-shot LLM-based document rankers?

To answer the first question, we run our prompt across six different temperatures ([0, 0.2, 0.4,
0.6, 0.7, 0.8]) to investigate the role of confidence elicitation on generated relevance labels in a
pointwise approach under varying temperature settings. For the second question, we generate
multiple answers for each passage by running the LLM under two different configurations:
(i): using five different temperatures ([0, 0.2, 0.4, 0.6, 0.8]), and (ii): running the LLM five
times at a constant temperature of 0.7. As we generate multiple answers for each document,
we employ three different aggregation methods to compute the final relevance score: (1)

Averaging Approach, (2) Weighted Average Approach, and (3) Majority Vote Approach.

Figure 6.1 illustrates a sample of generated relevance labels and confidence scores for a

document concerning the query in our method.

Our experiments use three re-ranking datasets: TREC-DL2019, TREC-DL2020 [21, 22],
and the Touche subset of the BEIR benchmark [23], leveraging the Mixtral-8x7B-Instruct

model [100] with 4-bit quantization for computational efficiency.

6.2 Study Design

In this section, we present the details necessary to replicate our study. We concentrate on

the datasets, prompts, and general experimental setup that we used to answer both of our
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Passage: {passage}

Query: {query}

LLM
temperature temperature
0.7 [0.0, 0.2, 0.4, 0.6, 0.8]
Highly Relevant, 95% Highly Relevant, 90%
Highly Relevant, 90% Highly Relevant, 90%
Highly Relevant, 95% Highly Relevant, 90%
Perfectly Relevant, 90% Highly Relevant, 90%
Highly Relevant, 90% Highly Relevant, 90%

Figure 6.1 A sample of generated scores for a document concerning the query.

research questions.

6.2.1 Datasets

To be consistent with previous research in pointwise zero-shot document re-rankers that
use LLMs [9,13,15], our experiments are conducted using two widely recognized benchmark
datasets in the field of information retrieval. These benchmark datasets include TREC-
DL [21,22] and BEIR [23].

TREC: TREC is a widely used benchmark in information retrieval studies [13, 15, 132].
To allow comparison with prior work [13,15], we use the test sets of the 2019 and 2020
competitions: TREC-DL2019 and TREC-DL2020. Both datasets are human-labeled and
contain 43 and 54 queries, respectively. These datasets are constructed using the MS MARCO
v1 passage corpus, which consists of 8.8 million passages and includes dense human relevance

annotations for each of the 43 and 54 queries.

BEIR: The BEIR dataset consists of diverse retrieval tasks and domains. While we aim
to compare our results to prior work through BEIR, due to limited resources, we focus our
experiments on a single task within the BEIR benchmark: the Touche dataset. We select

Touche for two primary reasons: (1) Touche has the least queries in the BEIR dataset,



67

thus reducing the compute needed; (2) Touche appears to be the only dataset in BEIR for
which LLM have difficulty improving over the original BM25 ranking [12], thus presenting
a challenge. Touche is a dataset with 49 queries and focuses on argument retrieval for
controversial questions. Touche is constructed from the args.me corpus, which consists of

387k arguments.

6.2.2 Prompt Design

The quality of LLM answers is affected by the prompt used to elicit the answer [165]. In this
chapter, we aim to empirically study the effect of confidence elicitation and self-consistency on
pointwise zero-shot document re-rankers. Because we elicit the same question with different
settings (e.g., temperature changes), changes in prompts could present a confounding factor
for our results. Therefore, we aim to isolate the impact that different prompts might have
on our study. Thus, to answer our research questions, we designed a single prompt based
on insights from recent works [9,19, 165], aiming to optimize the effectiveness of generated

scores in pointwise re-ranking.

Our confidence elicitation instruction prompts the LLM to select a relevance label from the

four available relevance labels and to provide its confidence level.

N

T will provide you with a passage along with a query. Please classify the passage concerning
its relevance to the query in one of these categories “Perfectly Relevant”, “Highly Relevant”,
“Somewhat Relevant”, or “Not Relevant”. Provide your answer and your confidence in the
following format:

“Answer and Confidence (0-100): [ONLY the category; not a complete sentence], [Your
confidence level, please only include the numerical number in the range of 0-100]%”

Note: The confidence indicates how likely you think your answer is true.

Passage: {passage}
Query: {query}

As highlighted by [9], some passages may not directly answer a query but can still contain
useful information. Therefore, classifying passages using only binary categories like "Yes" or
"No" may be insufficient. To address this limitation, they incorporate fine-grained relevance
labels into the prompt, enabling the LLM ranker to better distinguish between documents
with varying levels of relevance to the query. Building on their approach, we designed our

prompt to classify passages into four categories: 'Perfectly Relevant," "Highly Relevant,"
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"Somewhat Relevant," and "Not Relevant." According to their findings, this more nuanced
approach allows LLMs to distinguish between partially relevant documents and those that

are either fully relevant or irrelevant.

According to [165], while no single prompt wording guarantees optimal effectiveness, certain
factors can influence performance. These factors include tone words, evidence ordering, and
the position of evidence within the prompt. While the goal of this study is to empirically
study the effect of confidence elicitation and self-consistence, and not to produce the best
possible prompt for zero-shot document re-ranking, we still aim to leverage state-of-the-art

techniques. Thus, we account for these factors in our prompt design.

Additionally, [19] explore prompting strategies to elicit verbalized confidence in LLM re-
sponses. Following their proposed prompt structure, we explicitly instruct the LLM to pro-

vide both its answer and a confidence score. This is achieved by adding the instruction:

"Provide your answer and your confidence,” followed by: "Note: The confidence indicates

how likely you think your answer is true."

This ensures that the LLM not only generates a relevance score for a passage concerning the

query but also expresses its confidence in its response.

6.2.3 Implementation and Metrics

First-stage Retriever Our experiments concentrate on the use of LLM as re-rankers.
Therefore, our experiments first rely on a first-stage retriever to extract potentially relevant
passages, which then require re-ranking. Similarly to prior works [13,15], we use BM25 [24],

as our first-stage retriever through Pyserini! with its default settings.

Choice of LLM In our experiments, we employ the open-source language model Mixtral-
8x7B-Instruct-v0.1 [100], which has 46.7 billion parameters with 4-bit quantization. While
our experiments would benefit from being run on multiple models, resource constraints limit
us to a single small model. We chose Mixtral-8x7B-Instruct-v0.1 with 4bit quantization
because it is a ‘recent’ general-purpose model, can run on our current hardware, and allows
us to study the effect of temperature. Furthermore, as a smaller open-weight model, our

results can also showcase how competitive these models can be.

Relevance Score Generation Given a query and relevant passages obtained through our

first-stage retriever, we prompt the LLM to provide a relevance label alongside a confidence

Thttps://github.com/castorini/pyserini
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score. These labels are categorized as: “Perfectly Relevant,” “Highly Relevant,” “Somewhat
Relevant,” and “Not Relevant.” To facilitate further analysis, we map these labels to numeric
values: 3 for “Perfectly Relevant,” 2 for “Highly Relevant,” 1 for “Somewhat Relevant,” and
0 for “Not Relevant”. We then re-rank the initial list based on the results produced given

the requirements of each research question.

Evaluation Metrics Based on prior works, we re-rank the top 100 passages retrieved to
evaluate our experiments [13,15]. We then evaluate the effectiveness of our experiments using
the NDCG@10 metric, the official evaluation metric for TREC and BEIR.

Comparison Baselines To compare our results with previous findings, the following base-

lines are considered:

Unsupervised passage Re-ranker (UPR) [13]: A pointwise approach based on query genera-

tion, see Section 3 for more details.

Relevance Generation (RG) [15]: A pointwise approach dependent on relevance generation,

see Section 3 for more details.

Rating Scale 0-to-k Relevance Generation (RG-S(0, k)) [9]: A pointwise approach based on
Fine-Grained Relevance Labels. Since only the RG-S(0, k) results on the BEIR dataset have

been published [9], we use this benchmark solely for Touche results.

6.3 Results

In this section, we present the results of the empirical experiments that we conducted to
answer our two research questions. To investigate the impact of confidence elicitation and
self-consistency on pointwise zero-shot document rankers using LLMs we address each of
our research questions as follows: We first describe the motivation behind each research
question; we then present the approach used to answer the RQ; finally, we present our results

and discuss the implications of our findings for each RQ.

6.3.1 RQ1: What is the impact of confidence elicitation on pointwise zero-shot

LLM-based document rankers?
Motivation

Many research studies have leveraged LLMs as pointwise zero-shot document rankers [9,13,

15]. However, despite these efforts, prior research has shown that pointwise methods provide
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lower effectiveness compared to other LLM-based zero-shot rankers [165].

In parallel, [133] introduced verbalized confidence, where LLMs are explicitly prompted to
express their confidence levels. Several studies have emphasized enabling LLMs to express
confidence in their responses [19, 135], as confidence expression is crucial for trustworthy

decision-making.

Despite the advancements in pointwise approaches, previous works have yet to include the
LLM’s confidence in generating relevance scores. This gap raises questions about how verbal-
ized confidence might affect the quality of generated relevance labels in zero-shot LLM-based
rankers. Therefore, this research question investigates the impact of incorporating verbalized

confidence into pointwise zero-shot LLM-based rankers.

Approach

In this RQ we rely on the datasets, prompt, and implementation and metrics presented in
Section 6.2.

We compare our results to prior approaches (See Section 6.2.3), to determine whether confi-

dence elicitation can provide competitive results.

However, because Mixtral is not well represented in related works, it can be difficult to
determine whether the results are related to confidence elicitation, or simply due to Mixtral’s
inherent ability with the re-ranking task. Therefore, as a sort of ablation study for RQ1,
we also create a base prompt, devoid of confidence elicitation. We then use this prompt to
identify a baseline performance for Mixtral, allowing us to study how much of the resulting
score is due to confidence elicitation, and how much should be expected based on Mixtral

alone.

To further investigate the impact of verbalized confidence we study the impact of temperature
on confidence elicitation. We use a temperature sampling strategy to generate multiple
outputs for each document in response to a query. Our temperature values, ranging from
0.0 to 0.8, include six levels: [0.0, 0.2, 0.4, 0.6, 0.7, 0.8], where 0.0 represents the most
deterministic setting and 0.8 represents the least deterministic. These temperatures are

chosen based on prior works that have studied the effect of temperature on LLM rankers [132].

Results and Findings

Our results for this research question are shown in Table 6.1. Overall, our results show that

Confidence Elicitation (CE) can provide substantial improvements over the base capabilities
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Table 6.1 Results (nDCG@10) on TREC and Touche based on RQ1.

Methods Temp DL19 DL20 Touche
BM25 - 50.58  47.96 44.22
Unsupervised pointwise LLM-based
UPR (FLAN-T5-XXL) - 62.00 60.34 21.56
RG (FLAN-T5-XXL) 0 64.48  62.58 22.10

UPR (FLAN-UL2) - 5895  60.02  23.68

RG (FLAN-UL2) 0 6461 65.39  24.67

RG-5(0, 4) - - - 27.57
RQ1 (Confidence Elicitation)

Confidence Elicitation 0 69.34 64.91 33.94

0.2 64.97 62.65 33.61
Mixtral-8x7B-Instruct 0.4 65.18 61.24 36.25
0.6 63.81  59.03 29.26
0.7 60.71  56.53 29.22
0.8 65.11  59.01 29.29

Baseline Without Confidence Elicitation
Mixtral-8x7B-Instruct 0 64.02 59.76 34.77

of our chosen LLM and that these results are in line with our comparison baselines. However,

the results of CE are inconsistent. We make the following observations:

Confidence elicitation can provide an improvement in re-ranking capabilities. Indeed, for
DL19 the results can take the base Mixtral from a middling performance, to better than any

of our comparison baselines.

Confidence elicitation is not a guarantee of best performance. For example, while it does
enhance the base Mixtral score in DL20, the improvement is not enough to outperform RG
(FLAN-UL2), no matter the temperature.

Confidence elicitation is temperature sensitive. For Touche, the best result is obtained with
confidence elicitation at a temperature of 0.4. All other temperatures present a decrease in

performance over the base Mixtral.

Our results show that it is generally worthwhile to consider confidence elicitation for pointwise
zero-shot LLM-based document re-ranking for low-temperature settings. While DL19 shows
the most improvement from CE at a temperature of 0 (generally regarded as a default setting),
DL20 also presents a large improvement at the same temperature. Indeed, only in the case
of Touche do the results over the base Mixtral decrease for a temperature of 0. Even in

the case of Touche, the resulting drop in performance is less than what is seen between our
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comparison baselines for Touche (i.e., less than 1 point).

However, our results also show that confidence elicitation suffers from a lack of stability.
By varying temperatures, we can see that the results of CE present non-monotonic trends
over all three datasets. In all three datasets, a temperature of 0 provides generally ‘good’
results. However, Touche shows the best results with a temperature of 0.4, while that same
temperature provides middling results for DLL19 and DL20. We further investigate the impact

of self-consistency and temperature on confidence elicitation in RQ?2.

Confidence elicitation can improve the performance of pointwise zero-shot LLM-based doc-

ument re-ranking, able to turn an average model into a pack leader. However, the process

is temperature sensitive, where the worst-case scenario can even decrease performance.

6.3.2 RQ2: What is the impact of self-consistency when considering confidence

on pointwise zero-shot LLM-based document rankers?
Motivation

LLMs exhibit instability during inference, which can lead to a lack of trustworthiness in
the generated reasoning steps [7]. One prominent solution is self-consistency, which involves
sampling multiple reasoning paths, performing an ensemble over the corresponding answers,

and selecting the most consistent one through a majority voting process [18].

While the study [132] introduces the concept of permutation self-consistency to address po-
sitional biases in LLMs during listwise ranking tasks, to the best of our knowledge, previous
studies have not yet explored the impact of self-consistency in the pointwise approach. Fur-
thermore, our first RQ shows that confidence elicitation can both improve document ranking
for pointwise zero-shot LLM-based rankers and is sensitive to temperature. Therefore, in
this research question, we investigate the effect of applying self-consistency within point-
wise zero-shot LLM-based rankers by generating multiple relevance scores per document and
aggregating these scores using three different methods. Throughout this process, we also
consider confidence elicitation. Through this approach, we aim to evaluate whether generat-
ing multiple answers, rather than relying on a single score, can enhance the performance of

pointwise re-ranking.

Approach

In this RQ we rely on the datasets, prompt, and implementation and metrics presented in
Section 6.2.
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To investigate the effect of self-consistency in pointwise zero-shot LLM-based rankers, we
conduct experiments using two temperature sampling strategies to generate diverse outputs
for aggregation over them. In the first approach, we employ five distinct temperature values
([0.0, 0.2, 0.4, 0.6, 0.8]) to rigorously assess the impact of temperature variation on generat-
ing pointwise relevance scores, similar to the method used in [132]. While their temperature
range was limited to 0 to 0.75, we extended it to 0.8 to keep temperatures with equal dis-
tances from each other. In the second strategy, following the approach in [18], we kept the
temperature constant at 0.7 to gather a diverse answer set. We run the LLM five times to
assess the consistency of the model’s outputs under identical conditions, while also capturing

the confidence levels.

To increase the robustness of the final relevance prediction we aim to mitigate potential biases
from individual inference runs by enabling multiple reasoning paths. To do so, the final
relevance score for each document, relative to the query, is calculated using three different
aggregation methods that consider both the relevance score and the verbalized confidence

score from each of the five LLM runs.

For the following three approaches s; is the relevance score, ¢; the confidence level for docu-
ment p from LLM result i, and n is the number of LLM responses for each document. These

three aggregation approaches are:

Averaging Approach: For each document, we compute the mean of both the relevance
scores and the confidence levels across the five LLM outputs. This method provides an
aggregate score that reflects the average relevance and confidence for the document, capturing

the overall judgment from the multiple LLM runs.

Average Score(p) = ! > s

n -

Average Confidence(p) = Ci

1 n
iz
Weighted Average Approach: For each document, we calculate a weighted average of the
relevance scores, where the weight of each score is determined by its corresponding confidence
level. This method accounts for both the relevance score and the confidence in that score,
giving more influence to highly confident predictions, resulting in a more nuanced aggregation

of relevance and confidence across the five LLM results.

n_ S; G
Weighted Average Score(p) = %
i=1Ci
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Majority Vote Approach: For each document, we identify the most frequent relevance
label from the five LLM outputs and select that as the final relevance label. We then compute
the mean confidence level of the predictions corresponding to the majority label. This method
emphasizes the consistency of the LLM’s output, ensuring that the most commonly predicted

relevance is chosen while also reflecting the associated confidence.

We use the same baselines as in RQ1 (See Section 6.2.3) to compare the results of this RQ.

Results and Findings

Table 6.2 Results (nDCG@10) on TREC and Touche datasets based on RQ2.

Methods DL19 DL20 Touche
BM25 50.58  47.96 44.22
Unsupervised pointwise LLM-based
UPR (FLAN-T5-XXL) 62.00 60.34 21.56
RG (FLAN-T5-XXL) 64.48  62.58 22.10
UPR (FLAN-UL2) 58.95  60.02 23.68
RG (FLAN-UL2) 64.61 65.39 24.67
RG-S(0, 4) - - 27.57

RQ2 (Self-Consistency along with Confidence Elicitation)
Different temperatures [0.0, 0.2, 0.4, 0.6, 0.8]

Averaging 65.95 61.46 24.74
Weighted Average 66.93  63.36 31.22
Majority Vote 64.64  58.77 23.89
Constant temperatures 0.7

Averaging 64.75  59.17 23.96
Weighted Average 67.56 61.88 28.09
Majority Vote 61.14  54.52 22.74

Baseline Without Confidence Elicitation
Mixtral-8x7B-Instruct ~ 64.02  59.76 34.77

Our results for this research question are shown in Table 6.2. Our results show that using
temperature-based self-consistency does have an impact on pointwise zero-shot LLM-based

document re-rankers. We make the following observations:

The Weighted Average method achieves the highest performance across both temperature sam-
pling strategies. It surpasses the other two approaches (Averaging and Majority Vote) on all

datasets.

Despite being introduced in previous work [18], the Majority Vote approach exhibits the lowest
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performance across all datasets, suggesting that it is less effective for pointwise re-rankers.

Our results show that the raw frequency of answers from an LLM in pointwise re-ranking
is not as useful as the confidence score one can elicit from them. Indeed, our results also
show that using confidence elicitation through an average aggregation method is better than
simply taking a majority vote. This is the case even when the exact same prompt is used.
This result is further cemented by the weighted average showing even better than average
results. This shows that factoring in the confidence of an LLM in its re-ranking task does

yield improvements over using the raw frequency of answers (e.g., Majority Vote).

Our results also show that our chosen LLM generally performs better when considering self-
consistency and confidence elicitation than the baseline LLM without confidence elicitation.
This is true of both DL19 and DL20 for self-consistency with constant temperature and
different temperatures. However, this is not the case for Touche, where the baseline LLM
without confidence elicitation provides better results. This shows that while LLM can provide
a confidence score that can help pointwise zero-shot LLM-based document re-rankers, these
scores are not necessarily trustworthy. If these confidence scores were stable and trustworthy,
we would expect the weighted average methods to provide results that are superior to the

baseline without confidence elicitation in all cases.

While prior work has shown that temperature changes have little effect on the quality of list-
wise re-ranking [132], our results show that they do affect pointwise re-ranking. While RQ1
showed that generally, low temperatures (0 for DL19 and DL 20, and 0.4 for Touche) could
provide high-quality results, RQ2 paints a bleaker picture. None of the best results from our
self-consistency experiments (i.e., RQ2) outperform the best temperature results from RQ1.
This shows that while confidence elicitation can improve pointwise zero-shot LLM-based
document re-ranking, the results are inconsistent. While temperature sampling can smooth

out the largest errors in re-ranking, it does not provide a guarantee of the best results.

Pointwise zero-shot LLM-based document rankers are inconsistent even when considering
confidence. While considering different temperatures and multiple queries through aggre-

gation can smooth out some errors, it does not provide the best possible results.

6.4 Limitations

The limitations of this work include several key challenges. First, our methodology involves
making multiple calls to LLMs, which demands substantial hardware resources, thereby in-
creasing the financial cost of experimentation. Additionally, the time required to run the

LLM multiple times is significant, making the process highly time-consuming. Due to re-
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source constraints, our experiments are conducted on only three ranking datasets. As a
result, the generalizability of our findings to other datasets remains uncertain, and it is
possible that results could vary under different dataset characteristics, such as document
length, query complexity, or topic domain. Expanding this study to include a wider variety
of datasets would provide a more comprehensive understanding of LLM performance in dif-
ferent contexts. Furthermore, we limited our investigation to a single LLM that was 4-bit
quantized to keep the experiments manageable with the available computing resources. The
impact of this reduction in precision may have influenced our results, meaning that using
a full-precision model or different quantization strategies could yield improved or more ac-
curate outcomes. Another key limitation of this study is that it exclusively examines the
re-ranking task. As such, the effectiveness of the re-ranking process is inherently bounded by

the quality of the initial passage retrieval stage, which in our case is conducted using BM25.

6.5 Conclusion

Recent studies have demonstrated the potential of LLM as document re-rankers. While
pointwise reranking approaches have been shown to underperform compared to other ap-
proaches, they remain needed for some applications. Several approaches have been proposed
to improve LLM prompting and indeed re-ranking. Through this empirical study, we show
that confidence elicitation can be useful for pointwise zero-shot LLM-based document re-
rankers and that it generally outperforms prompts without elicitation. We also show that
considering pointwise zero-shot LLM-based document re-ranking from multiple runs (with or
without different temperatures) can smooth out re-ranking errors and provide better results
than simple majority voting. While our results come with some caveats, we believe that the
understanding obtained through our study can help future pointwise LLM-based research

further improve over the state-of-the-art.
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CHAPTER 7 CONCLUSION

This thesis explores two closely related fields: Recommender Systems and Information Re-
trieval (IR), focusing on their methodologies, challenges, and advancements. In this chapter,
we provide a comprehensive conclusion to the thesis by summarizing its key contributions and
findings, identifying limitations, and proposing directions for future research. The chapter
begins with an overview of the works conducted, followed by a discussion of the limitations
that emerged during the research. Finally, it concludes with suggestions for future work,
aiming to address these limitations and further advance the state-of-the-art in Recommender

Systems and IR.

7.1 Summary of Works

This thesis has addressed two critical challenges in the fields of Recommender Systems and
Information Retrieval (IR): enhancing the explainability of recommender systems and im-
proving re-ranking performance in IR systems using Large Language Models (LLMs). In
Chapter 4, we developed an explainable recommender system for an airline partner, provid-
ing personalized destination recommendations with transparent, feature-based explanations
to the users. This system improves user trust and satisfaction by bridging the gap between
algorithmic complexity and user understanding. In Chapters 5 and 6, we explored rank-
ing challenges in IR systems, focusing on zero-shot passage re-ranking using LLMs. We
proposed a novel LLM-based pointwise pre-filtering step, before the re-ranker, to identify
relevant passages from non-relevant ones and remove the irrelevant ones before passing them
to the re-ranker, which enhances the performance of subsequent listwise re-ranking. Our ex-
periments demonstrated that incorporating a small set of human-generated relevance scores
with LLM relevance scoring improved filtering and re-ranking performance. Additionally, we
conduct an empirical study to investigate the roles of self-consistency and confidence elic-
itation in improving the effectiveness and accuracy of pointwise re-rankers. We find that
confidence elicitation can enhance the performance of pointwise zero-shot LLM-based pas-
sage re-ranking. We also find that the raw frequency of answers from an LLM in pointwise

re-ranking is not as useful as the confidence score one can elicit from them.
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7.2 Limitations

The destination recommender system presented in this thesis relies on a predefined list of
keywords, which can oversimplify city descriptions. Cities are inherently complex, and this
limitation may result in the loss of nuanced qualities, such as a city which is blend of modern
and historical architecture. This oversimplification can affect the relevance of recommen-
dations, particularly for users with diverse interests. Furthermore, the performance of the
system depends heavily on the quality of data sources. Cities with richer documentation
in these sources may dominate the recommendations, reducing diversity. Additionally, the
evaluation relies on subjective expert reviews and the Precision@k metric, which focuses on
relevance but overlooks diversity and novelty—essential factors for engaging recommenda-
tions. The lack of a re-ranking step further limits the ability of the system to personalize
recommendations based on user preferences. Finally, the exclusion of large language mod-
els (LLMs) from the experiments represents a missed opportunity to enhance contextual

understanding and capture nuanced city characteristics.

The proposed methods and experiments in ranking tasks in information retrieval experi-
ments also face challenges. The threshold-setting process introduces randomness, as the
initial threshold is selected arbitrarily and optimized based on the F'1 score. Furthermore,
these thresholds are dataset-dependent and may not generalize to other datasets. The heavy
reliance on qrels files and the interpretation of relevance levels further limit generalizabil-
ity. Resource constraints, particularly limited GPU availability, restricted experiments to
four datasets rather than the broader range typically used in similar studies. While im-
provements were observed with open-source models like Llama-2-13b, the results were not
comparable to the state-of-the-art. The quantization of the LLM to 4-bit precision, though
necessary to manage resources, may have affected outcomes, and future work could explore
the use of full-precision models or alternative quantization strategies. Additionally, regarding
the experiments in self-consistency and confidence elicitation, the methodology’s reliance on
multiple LLM calls demands substantial computational resources, resulting in high financial
and time costs. These constraints limited experiments to three ranking datasets, raising
concerns about the generalizability of findings to datasets with different characteristics, such
as document length or query complexity. Additionally, the study focuses solely on the re-
ranking task, making its effectiveness dependent on the quality of the initial passage retrieval

stage, conducted using BM25.
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7.3 Future Research

Building on the limitations identified in this study, several directions for future research arise
to enhance the performance and generalizability of the destination recommender system and

information retrieval experiments.

Future work can focus on reducing the reliance on predefined keywords by leveraging ad-
vanced natural language processing techniques, such as topic modeling or embeddings, to
capture the multi-faceted nature of cities more comprehensively. Incorporating large lan-
guage models (LLMs) into the system could further improve the contextual understanding
of city descriptions, enabling more personalized and nuanced recommendations. To address
the limitations of current evaluation methods, future studies could include additional met-
rics, such as recall, diversity, or user satisfaction, to provide a more holistic assessment of
recommendation quality. The inclusion of a re-ranking component based on user prefer-
ences could also enhance the ability of the system to prioritize the most relevant cities and
features, improving personalization and relevance. Additionally, expanding the dataset to

include under-documented cities could increase the diversity of recommendations.

In the context of ranking tasks in IR systems, future research could explore more robust
approaches to threshold-setting that are less reliant on arbitrary initial values. Adaptive or
data-driven threshold optimization methods could help generalize the findings across diverse
datasets. Further validation of the proposed methods on a broader range of datasets, in-
cluding those with varied query complexities and document lengths, would provide deeper
insights into their applicability. Expanding experiments to include a wider variety of LLMs
with different quantization strategies or full-precision models could offer a better under-
standing of the trade-offs between computational efficiency and performance. Additionally,
incorporating models beyond BM25 in the initial retrieval stage may enhance the overall
effectiveness of the re-ranking process. In addition, the pre-filtering step should be tested
with other methods such as setwise and pairwise ranking to investigate its performance on
different methods. Addressing resource constraints is critical for scaling these methodologies.
Finally, future work could investigate techniques to reduce the computational cost of multiple
LLM calls, such as leveraging more efficient inference strategies, distributed computing, or
pruning methods. Research on optimizing LLM performance for specific tasks or datasets

may also help manage resource demands while maintaining accuracy.
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